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A B S T R A C T   

Infrastructure-as-a-Service (IaaS) clouds not only have to meet business requirements but also need to consider 
other important metrics that influence the quality of service, such as performance, availability, and power 
consumption. In this paper, we present a Stochastic Activity Network (SAN) based analytical approach that 
simultaneously computes these metrics under a given load for IaaS cloud data centers. The model’s high-level 
abstraction of IaaS clouds allows us to evaluate different resource management strategies and features, 
including cloud federation and dispatching policies. In a first step, we model a single rack including its auton-
omous local manager responsible for scheduling IaaS requests onto available PMs. In a second step, we present a 
unified model that represents an entire data center, including an energy-aware central manager, to take 
advantage of structure-awareness for managing cloud resources in an optimized way. We introduce and evaluate 
several dispatching policies that can be used by the cloud central manager to demonstrate the applicability of the 
unified SAN model. The model is validated against the well-known CloudSim framework. Extended simulations 
are also conducted to apply the proposed model to a real-world IaaS cloud.   

1. Introduction 

Over the past two decades, cloud computing has continuously risen 
in popularity thanks to its convenient service access and efficient 
resource usage. It has been adopted in many scenarios, including social 
networks, scientific computation and business applications [1,2]. In this 
context, providers of Infrastructure-as-a-Service (IaaS) clouds offer 
computing resources in the form of virtual machines (VMs), on which 
users can run their own programs [3,4]. Virtualization comes with many 
advantages, such as isolation of distinct co-located workloads, enabling 
consolidation of multiple workloads onto fewer servers for an improved 
resource utilization [5]. Furthermore, virtualization facilitates resource 
management and supports cloud providers in attaining important goals, 
such as minimizing power consumption [6,7]. 

Service level agreements (SLAs) define the obligations and expecta-
tions between providers and clients in terms of quality of service (QoS) 
metrics and penalties incurred when violations of these expectations 
occur [6,8]. A non-fulfillment of an SLA because of a small additional 
service time can cause a significant revenue loss to cloud service pro-
viders [9]. On the other hand, it has been shown that the average 
resource utilization of a data center is typically around 30% meaning 
that many resources of a data center remain idle most of the time [9]. 
Therefore, precise modeling and evaluation of performance, which help 
system providers and managers in assessing the impact of resource 
allocation policies on the operation of the data center, and its costs and 
benefits are of great importance in cloud environments. 

Resources in cloud data centers are likely to become unavailable. 
Various reasons may cause a cloud resource to become unavailable, such 
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as power supply failure, software and hardware failure, and scheduled 
maintenance [10]. An hour of service unavailability costs the business 
sector over 108 thousand USD, and IT outages cause a revenue loss of 
more than USD 26.5 billion per year [11]. Failures of data center com-
ponents cause additional energy consumption because the workload 
needs to be recomputed after recovery [12]. Data center outages also 
compromise the most important asset of cloud providers: the trust of 
users in the cloud [11]. Therefore, a cloud system’s availability of ser-
vices and resources is one of the most critical factors of client satisfaction 
and thus needs to be taken into account when modeling such systems. 

In addition to performance and availability, the power consumption 
of cloud data centers is a topic that has recently received a lot of 
attention [13,14]. Assuming that currently known growth factors 
remain constant, the data centers’ electricity consumption of 286 TWh 
in 2016 is expected to grow to around 320 TWh by 2030 [15]. As de-
mand for computing and communication continues to grow, servers, 
networks, and data centers will consume more and more energy. Thus, 
concerns about power consumption of cloud infrastructures are 
growing. As an example, Amazon has announced the construction of a 
150 MW wind farm to power its cloud-based Amazon Web Services 
(AWS) data centers in 2015 [16]. Today, Amazon operates several wind 
and solar farms around the world capable of producing more than 
7.6 TWh of renewable energy annually, estimating to power all opera-
tions with 100% renewable energy by 2025 [17]. Therefore, the 
modeling and quantification of power consumption of cloud data center 
components, as well as the study of the impact of different resource 
management policies on power consumption, are important and can 
lead to improvements in energy efficiency and reduction in costs. 

The main methods to evaluate the performance of a complex com-
puter system, such as IaaS clouds, are based on measurement, simula-
tion, and analytical modeling [18–23]. Measurement-based evaluation 
needs extensive experimentation with different workloads and system 
configurations. This may be impractical due to the large size of cloud 
systems as well as time and budget constraints. A promising approach 
for such large systems is simulation-based modeling because the low 
overhead of simulation allows us to perform a statistically significant 
number of experiments for a wide range of cloud configurations. 
Moreover, simulation models can be used for sensitivity analysis, fore-
casting, bottleneck analysis, what-if analysis, and data center design 
optimization. What-if questions can be easily answered using simula-
tion, but it is time consuming to get a dependable answer. Applying 
analytical modeling to cloud computing can not only help providers to 
evaluate performance, dependability, and power related metrics under 
different situations but also prove valuable in terms of time and budget 
constraints. 

In this paper, we present an analytical model to evaluate the power 
consumption, availability, and performance of cloud systems. A cloud 
system is composed of a number of racks, and each rack is composed of 
several physical machines (PMs). To evaluate such a system, we first 
model a single rack, which includes the autonomous local manager 
responsible for scheduling IaaS requests onto available PMs in the rack. 
In order to save power, it is assumed that idle PMs of a rack are powered 
down whenever there are no waiting requests in the local queue of the 
rack. Applying the model of a single rack, a unified second order model 
is presented in a subsequent step to evaluate an IaaS cloud data center 
that encompasses the central resource manager of the cloud. This central 
manager is responsible for dispatching requests to the racks or submit-
ting them to federated clouds if the target racks are not able to host those 
requests. Afterwards, several dispatching policies that can be used by the 
cloud central manager are introduced, and evaluated based on different 
metrics. 

The formalism used in this paper, to model an IaaS cloud data center, 
is the stochastic activity network (SAN), which is a stochastic general-
ization of petri nets (PNs) [24,25] defined for modeling and analyzing 
distributed systems [26,27]. Using SANs features, the representation of 
timeliness, parallelism, degradable performance, and fault tolerance is 

achieved [28]. Applying the SAN formalism, we can graphically model 
various components of a complex system, and then relate them using 
input/output gates, basic elements of the SAN. In addition to the unique 
capabilities of that formalism, its supporting tool Möbius [29] is also one 
of the incentives that motivates system analyzer to use it. Both the 
atomic and composite SAN models are supported by the Möbius tool. 
After graphically modeling a system, one can apply one of the existing 
analytical solvers of the Möbius to assess the system under analysis, or 
use its simulation engine to conduct experiments on a real system and 
simulate wide ranges of situations. In addition to modeling the cloud 
system using SANs, we extend the well-known cloud simulator CloudSim 
[30] to support global, local, and federation queues, plus management 
events. The modified CloudSim is then used to cross-validate the pre-
sented models. 

The main contributions of this paper are summarized as follows.  

(i) We present a new analytical model for individual racks of an IaaS 
cloud. The model encompasses a significant level of detail of the 
system, such as PMs’ switching on and off, VM multiplexing, VM 
provisioning and serving, and failure/repair events of PMs.  

(ii) Using a layered approach, we present an analytical model for an 
IaaS cloud data center. This model is based on the single rack 
model and provides a high-level abstraction of the system, mak-
ing it possible to incorporate resource management strategies and 
features, including dispatching and federation policies.  

(iii) Taking advantage of the presented models, various dispatching 
policies are introduced and assessed in terms of performance, 
availability, and power consumption to demonstrate the appli-
cability of the presented models. 

The remainder of this paper is organized as follows. Section 2 pro-
vides a review on related work on cloud performance and dependability 
analysis. Section 3 introduces the reference architecture and description 
of the system. In Section 4, we present the models to analyze the power 
consumption, availability, and performance of a single rack as well as an 
entire data center; several dispatching policies are introduced and 
modeled using the presented SANs. Section 5 introduces various metrics 
that are computed by a steady-state analysis of our SANs for a cloud data 
center. Numerical results obtained from the presented model for a 
typical cloud configuration and a cross-validation against the CloudSim 
framework are provided in Section 6. Moreover, Möbius is used to 
simulate a realistic configuration of cloud data centers in Section 6. 
Finally, the conclusion and future research directions are provided in 
Section 7. 

2. Related work 

State-space Markovian techniques have been used by several studies 
to model cloud systems. To reduce the modeling complexity of large- 
scale cloud data centers and services, some of the presented models 
have adopted an interacting stochastic sub-modeling approach and used 
the fixed-point iteration method to resolve dependencies between sub- 
models. Ghosh et al. [31] have presented an analytical approach for 
the end-to-end analysis of an IaaS cloud system’s performability. Inter-
acting stochastic sub-models were exploited to separately design per-
formance, availability and performability sub-models. Pure 
performance analysis was provided assuming no failing resources. In the 
pure availability analysis, failures of PMs were considered. By assigning 
performance metrics as reward rates to the states of the availability 
model, the performability of the system was analyzed. Although the 
joint analysis of performance and availability has been addressed, power 
consumption of PMs was not considered in [31]. 

Ghosh et al. [32] have used the Markov reward approach to develop 
an analytical model for analyzing the trade-off between performance 
and power consumption in IaaS clouds. Similar to the models presented 
in [31], PMs were also grouped into three distinct pools. The VM 
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provisioning models, one for each pool, and the resource provisioning 
decision model are interacting sub-models based on continuous timed 
Markov chains (CTMC), designed to analytically solve the whole model 
using the fixed-point iteration technique. Unlike the approach proposed 
herein, failure and repair of PMs were not considered in [32]. The work 
presented in [31] was extended by introducing a monolithic model 
based on stochastic reward nets (SRNs) for IaaS clouds [33]. It discusses 
also how the interacting approach can decrease the model complexity 
both in execution time and storage space when compared to the 
monolithic analytic model. Failures and power consumption have not 
been taken into consideration in [33]. 

Liu et al. [34] have presented a monolithic analytical model based on 
SRNs for IaaS cloud data centers, where PMs were grouped into three 
distinct pools with different average repair times. To cope with the 
scalability problem, a decomposition technique was applied to approx-
imate the monolithic model using interactive sub-models, where each 
pool was modeled as a separate SRN-based sub-model and the in-
teractions among the sub-models were presented by an import graph. 
The cyclic dependencies among the sub-models were solved by 
exploiting the fixed-point iteration technique. Simulation was also 
exploited to investigate the sensitivity of large-scale data centers avail-
ability regarding repair policies and system input parameters. Mainly 
availability was well analyzed in [34], but performance and power 
consumption were not considered. 

Ghosh et al. [35] have presented a stochastic approach to evaluate 
the availability of an IaaS cloud in which failures were reduced through 
migration of physical machines among the three different pools referred 
above. Results obtained from the numerical analysis of the approximate 
and monolithic models were compared in terms of the size of the un-
derlying Markov chains, the downtime, the number of machines in each 
category, and the solution time. In contrast to the approach presented 
herein, the requests arrival and serving process were not considered in 
[35], being the work only focused on cloud availability. Khazaei et al. 
[36] have analyzed the steps for serving an IaaS request and the asso-
ciated delays. CTMCs were applied to model different modules of the 
system. The term supertask was used to refer to a set of requests that one 
user submits simultaneously, each of which for a single VM. The effect of 
the input parameters of the models on the response time and rejection 
probability were also investigated. In other research of the same authors, 
the rejection probability and the total delay of supertasks in an IaaS 
cloud, where live migration of VMs is allowed, have been evaluated 
[37]. They have proposed to divide the presented model into two 
interacting CTMC-based models, each of which corresponding to a 
different serving step in a cloud-based system. The models were then 
jointly solved to achieve the final solution. In contrast to [36,37], our 
proposed models deal with availability and power consumption. 

Ataie et al. [23] have proposed an SRN for a group of PMs, named a 
cluster, in an IaaS cloud data center. This SRN was then used to derive a 
monolithic model for the complete cloud data center. To overcome the 
limitations of the monolithic model in terms of scalability, two 
approximate SRN models have been proposed to evaluate the percent-
age of available PMs, the response time, and the power consumed by 
PMs. Results show that approximate models generate a state space 
smaller than the monolithic model, without sacrificing the accuracy of 
the output measures. Authors in [23] adopted a random policy to 
dispatch incoming requests among underlying clusters while smart 
dispatching policies are introduced herein. Moreover, power consump-
tion of network equipments and cooling systems were not considered in 
[23]. Entezari-Maleki et al. [18] have applied the SAN formalism to 
simultaneously model the application of the two methods, which are 
grouping virtualized servers in different power consumption pools and 
dynamic voltage and frequency scaling (DVFS), in order to save power 
within an IaaS cloud ecosystem. After modeling the system, performance 
measures such as the throughput and the blocking probability, together 
with the power consumption metric, were defined and evaluated. 
Furthermore, a sensitivity analysis of the variation of input parameters 

was conducted. Nevertheless, the approach proposed in [18] does not 
account for the behavior or failures/repairs of servers. Moreover, dis-
patching requests is not a concern in that work. However, the concept of 
DVFS modeled in [18] can be complementary to the work presented in 
this paper. 

Asadi et al. [38] have presented SRN-based analytical models to 
analyze the impact of process migration methods and resource alloca-
tion algorithms on the performance and power consumption of vir-
tualized systems. Processes, also named resource requesters, were 
categorized into three categories, according to their required resources. 
The resource allocation algorithms first-fit, best-fit, worst-fit, and 
random were used to allocate a computer to a process. Then, the impact 
of applying two process migration methods, power-aware and 
performance-aware, on power and performance was investigated. In 
contrast to the approach presented herein, availability of resources was 
not considered in [38]. Moreover, the hierarchical resource manage-
ment architecture considered herein is different from the one investi-
gated in [38]. 

Other approaches have been proposed for analyzing the cloud system 
behavior through queuing networks. Khazaei et al. [39] have modeled a 
cloud data center using a queuing system with single task arrivals and a 
buffer of finite capacity for tasks. The performance of the model was 
evaluated by using both analytical and approximate Markov chain 
models, allowing to compute the complete probability distribution of 
the response time and the number of tasks. Furthermore, the blocking 
probability and the probability of immediate service were evaluated. Xia 
et al. [19] have proposed a queuing network-based analytical frame-
work to model and evaluate cloud data centers that are enabled with 
dynamic voltage scaling (DVS) capability. Several energy- and 
performance-related metrics, including energy consumption rate and 
VM completion time were considered. The effectiveness of the proposed 
model was validated through a case study conducted on a sample data 
center. On the contrary, we choose SAN formalism for modeling which 
facilitates automated generation of Markov chains. Furthermore, avail-
ability was not taken into consideration neither in [39] nor in [19]. 

There exist other approaches that use hierarchical models to evaluate 
cloud environments according to different metrics. Qiu et al. [40] have 
proposed a hierarchical model for analyzing and evaluating three 
correlated measures of a large service in a cloud system, namely reli-
ability, performance, and power consumption. The proposed modeling 
method applies Markov models, queuing theory, and the Bayesian 
approach. Moreover, a profit optimization model was developed based 
on the proposed correlation model, and an additional parameter was 
introduced for evaluating and balancing the trade-off between power 
consumption and performance. Sousa et al. [41] have proposed a 
modeling strategy based on a hierarchical approach for planning the 
cloud infrastructure. They have employed state-space models, such as 
stochastic petri nets (SPNs), and combinatorial models, such as reli-
ability block diagrams, and combined them to represent the de-
pendencies between different components of the infrastructure of a 
cloud system. The proposed modeling strategy can be used to select the 
proper cloud infrastructure based on dependability and cost re-
quirements. Moreover, a stochastic model generator was implemented 
for providing the automatic generation of cost and dependability 
models. In contrast to our work, dispatching policies at rack level were 
not considered in [40,41]. In addition to modeling VMs in cloud envi-
ronments, mathematical models have been proposed for the analysis of 
other distributed systems or alternative virtualization approaches and 
runtime environments. Entezari-Maleki et al. [42] have presented a SAN 
model for an entire grid environment, for which the availability of both 
the resource management system and grid resources was investigated. 
Furthermore, the impact of different task scheduling algorithms on the 
grid availability was considered. However, performance and power 
consumption were not analyzed in [42]. Sebastio et al. [43] have pre-
sented non-state-space and state-space analytical models for analyzing 
container’s availability. Analytical and simulative solutions were 

E. Ataie et al.                                                                                                                                                                                                                                    



Sustainable Computing: Informatics and Systems 33 (2022) 100617

4

obtained for the developed models. An open-source software tool for 
evaluating the availability of a containerized system based on simula-
tion was also developed. 

A comparison of the related work discussed in this section is pre-
sented in Table 1. To summarize, only few approaches apply analytical 
models to simultaneously analyze power consumption, availability, and 
performance of cloud systems. In contrast to existing techniques, our 
approach enables data center designers to model and evaluate a layered 
structure of an IaaS cloud system containing many racks. It takes several 
aspects of real clouds into account that were not usually considered in 
previously presented approaches. In addition, the approach presented in 
this paper allows incorporating different resource management strate-
gies, including dispatching and federation policies, which increases the 
practical interest of the approach. 

3. System description 

In order to investigate a more realistic model of cloud systems, we 
consider a layered architecture in which two management layers are 
used by an IaaS cloud provider in a hierarchical arrangement. A similar 
structure was considered in [40,44–46,20]. A high-level representation 
of the architecture modeled in this work is shown in Fig. 1. In this ar-
chitecture, the cloud system has a main component, named Cloud Central 
Manager (CCM), responsible for monitoring and managing cloud re-
sources. The CCM receives VM requests from the users. The requests are 
submitted to the global queue of the CCM, which typically processes re-
quests in a first in first out (FIFO) order. According to the active resource 
allocation policy, the CCM chooses an autonomous group of PMs on top 
of which the requested VMs can be instantiated, and then dispatches the 
requests to the target group. In this work, a rack of servers comprises a 
group of PMs, however other groupings could be considered. Moreover, 
the runtime environment considered in the reference architecture is the 
VM, meaning that we do not investigate container-based systems or 
serverless computing. Different resource allocation policies, imple-
mented in the CCM of the cloud provider, affect performance, avail-
ability, and power consumption of the whole data center [47]. 

After a request has been dispatched by the CCM, it is moved into the 
local queue of the Local Manager (LM) of the target rack. If the local queue 
of the target LM is full, instead of dropping the request, it is put into a 
federation queue to be sent to the federated clouds. Cloud federation 
allows various clouds that belong to the same or different organizations 
to dynamically join each other in order to achieve a common goal, e.g. 
optimization of resource utilization [8]. The LMs can be treated as VM 
allocators. They decide the PM on which to provision a request, and then 

they send the request to the selected PM. We assume, in this paper, that 
the incoming VMs are individual. Therefore, groups of VMs are not 
herein considered. Through VM multiplexing, a cloud system can pro-
vide more virtual resources than the actual number of physical ones. 
This technique, common in modern systems, is implemented by allo-
cating multiple VMs to a single PM [48]. The virtual machine monitor 
(VMM) of each PM is responsible for allocating the required resources to 
each VM. We assume that each IaaS request can be served by a single 
VM. This is a common assumption in related work [8,31,32,36,47,49, 
50]. 

Idle PMs, hosting no provisioned VMs, can be switched to standby or 
off modes to save power. Usually, the power consumption of a standby 
PM is so low that it can be neglected; hence, we treat the standby mode as 
powered-off in the remainder of this paper. When the LM of a rack re-
ceives a request, the VM can be provisioned immediately if there is an 
available VM in the LM’s virtual resource pool, which means that there 
exists at least one powered-on PM in the rack with sufficient system 
resources. Otherwise, if there is a powered-off PM, the machine is first 
switched on before deploying the requested VM. If all PMs are fully 
occupied, the request has to wait until some tasks finish and the PMs 
release the associated VMs. The component of the LM which is respon-
sible for switching PMs to on and off modes is called power manager. 

Physical machines of a data center are failure-prone. The failure rate 
of a powered-off PM is typically smaller than that of a powered-on PM, i. 
e. the mean time between failure (MTBF) of a powered-off PM is larger 
than of a powered-on one. While the failure of a powered-off PM has no 
impact on running VMs, the failure of a powered-on PM causes both the 
available and provisioned VMs on that PM to fail. A failed VM should be 
restarted after its PM is repaired. However, when a provisioned VM fails, 
its associated request should be restarted on another VM available for 
hosting that request. Hence, the request corresponding to a failed pro-
visioned VM should be returned to the waiting queue of the LM to be 
processed later. 

Besides computing servers, the data center architecture under study 
encompasses two other structural components of interest: cooling systems 
and network switches. We assume that the data center has several rack- 
based cooling systems. In a rack-based design, the cold air is delivered 
directly inside the rack to reduce the length of the airflow path. This 
structure allows cooling capacity to be adjusted to the actual needs of 
specific racks, thus increasing the energy efficiency [51]. In the archi-
tecture considered in this paper, there is a Top of Rack (ToR) switch 
dedicated to each rack, which physically connects all PMs inside that 
rack to the network [21,52–54]. Furthermore, it is assumed that an 
aggregate switch consolidates and aggregates traffic taken from the 

Table 1 
Summary of the related work discussed in Section 2. SS: state-space; MC: Markov chains; QN: queuing networks; RBD: reliability block diagram; FT: fault trees; SIM: 
simulation; MSR: measurement; PER: performance; AVL: availability; POW: power; REL: reliability; CST: cost.  

Related work State-space or non-state- 
space 

Context Main 
formalism 

Other 
formalisms 

Validation 
technique 

Simulation tools Evaluation 
measures 

Ghosh et al. [31] SS Cloud MC – – – PER, AVL 
Ghosh et al. [32] SS Cloud MC – – – PER, POW 
Ghosh et al. [33] SS Cloud SRN MC – – PER 
Liu et al. [34] SS Cloud SRN – SIM SPNP AVL 
Ghosh et al. [35] SS Cloud SRN MC SIM SPNP AVL 
Khazaei et al. [36] SS Cloud MC – SIM Artifex PER 
Khazaei et al. [37] SS Cloud MC – – – PER 
Ataie et al. [23] SS Cloud SRN – SIM CloudSim PER, AVL, POW 
Entezari-Maleki et al.  

[18] 
SS Cloud SAN – SIM CloudSim PER, POW 

Asadi et al. [38] SS Cloud SRN – SIM CloudSim PER, POW 
Khazaei et al. [39] SS Cloud QN – SIM Artifex PER 
Xia et al. [19] SS Cloud QN – MSR/ SIM SimEvents PER, POW 
Qiu et al. [40] SS Cloud MC QN, Bayesian SIM – REL, PER, POW 
Sousa et al. [41] Both Cloud SPN RBD SIM SMG4CIP AVL, CST 
Entezari-Maleki et al.  

[42] 
SS Grid SAN – SIM Möbius AVL 

Sebastio et al. [43] Both Cloud SRN FT SIM ContAV AVL  
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uplinks of the ToR switches into a high speed link [53,54]. In such an 
architecture, the total power consumption of a data center can be 
reduced by switching idle PMs, ToR switches, and cooling systems to 
low-power modes whenever possible. 

4. Proposed models and policies 

In order to evaluate the performance, availability, and power con-
sumption of different dispatching policies that can be used by an IaaS 
cloud resource manager, according to the architecture introduced in 
Section 3, a SAN for a single rack is proposed in Section 4.1. This SAN 
model is the first step to derive a unified model in Section 4.2 that 
captures the behavior of the entire data center. Afterwards, various 
dispatching policies are introduced in Section 4.3 to be utilized in the 
CCM of the model proposed in Section 4.2, for dispatching VM requests 

to the existing racks in the data center. The research methodology 
adopted in this paper follows the design science research approach, in 
which building and evaluating a model are intertwined tasks. 

4.1. SAN model of a rack 

The SAN model proposed to analyze a rack, in a cloud data center, is 
depicted in Fig. 2. It assumes that all timed activities are exponentially 
distributed [8,31,32,35,36,47,55]. The timed activity Track models the 
request arrival process to a rack. When Track completes, one token is 
moved into place Pq by output gate OGrack. Place Pq represents the local 
queue of the rack, and a token in this place represents a queued request. 
If the number of tokens in place Pq reaches Qr, the maximum size of the 
input queue of a rack, input gate IGrack prevents the activity Track from 
completion. The completion rate of Track is λrack. 

Fig. 1. The hierarchical resource management architecture for an IaaS cloud.  

Fig. 2. The SAN proposed to model a rack.  
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Place Pon models the pool of VMs available in the system, and tokens 
in this place denote the non-provisioned VMs that will be provisioned 
later and allocated to incoming VM requests. If there is a token in both 
places Pq and Pon, timed activity Tp is activated, and then completes. 
When this activity completes, a token is removed from each of the places 
Pq and Pon by input gate IGp, and a new token is put into place Pp by 
output gate OGp. Multiple VM provisioning tasks can execute concur-
rently, hence, the actual completion rate of activity Tp is the minimum 
number of tokens inside places Pq and Pon times λp, where λp is the 
provisioning rate of a VM. If the number of tokens in place Pq is larger 
than the number of tokens in place Pon, the existence of a token in place 
Poff is checked by the input gate IGton; place Poff represents powered-off 
PMs. In order to reduce the power consumed by the servers, as well as, 
by the corresponding cooling system and network switches, we attempt 
to switch PMs off whenever no VMs are requested. Thus, we assume that 
all Npm servers of the rack are initially in place Poff. If there is a token in 
Poff, the timed activity Tton completes. As soon as this activity completes, 
one token is removed from place Poff, and L tokens are added to place Pon 
through gates IGton and OGton, respectively. Using this mechanism, a 
powered-off PM is switched on whenever there are more requests than 
available VMs. Consequently, L new VMs are added to the virtual 
resource pool. The parameter L defines the maximum number of VMs 
that can be concurrently provisioned on a PM. Otherwise, the request 
has to wait since there is neither an available VM nor a powered-off PM, 
which means that all PMs have been completely allocated to the requests 
or have failed. The completion rate of Tton is λton. 

In order to reduce the time required to provision a VM, a proactive 
mechanism for switching on powered-off PMs is embedded in the model 
through the activity Tact. If there exist no tokens in places Pq and Pon, 
which means neither a request is waiting in the queue nor a VM is 
available, and there is a token in place Poff, indicating that there exists a 
powered-off PM, activity Tact is activated. When this activity completes, 
a token is removed from Poff by input gate IGact, and L tokens are placed 
into Pon by output gate OGact. Completion rate of activity Tact is λact. If 
this rate is chosen carefully, some VMs would be available in Pon just a 
short time before a request arrives to Pq, leading to a smaller mean 
waiting time for requests. 

A token in place Pp signals that a VM has already been provisioned 
for a VM request. Timed activity Ts models the actual VM serving pro-
cess. Activity Ts can complete if there is a token in place Pp. Upon 
completion of this activity, a token is removed from place Pp by input 
gate IGs and added to place Pon by output gate OGs. This token movement 
from place Pp to place Pon represents that a provisioned VM has finished 
its own job in serving a VM request and is put back into the pool of 
available VMs ready to be allocated to a new request. The completion 
rate of activity Ts is [# Pp] ⋅ λs, where [# Pp] and λs denote the number of 
tokens in place Pp and the service rate of a VM request, respectively. 
When there are at least L tokens in place Pon and no token in place Pq, 
activity Ttof is activated. When this activity completes, L tokens are 
removed from place Pon, and one token is added to place Poff through 
gates IGtof and OGtof, respectively. Using this mechanism, idle powered- 
on PMs are switched off to save power. The completion rate of Ttof ac-
tivity is ⌊[# Pon]/L ⌋ ⋅ λtof, where [# Pon] and λtof denote the number of 
tokens in place Pon and the rate of switching a single PM off, respectively. 

Physical machines, and consequently VMs running on them, can fail. 
Timed activity Tpf models the failure of provisioned VMs due to the 
failure of their related PMs. If Tpf completes, L tokens are removed from 
place Pp by input gate IGpf, and one and L tokens are added to places Pf 
and Pq, respectively, by output gate OGpf. Using this mechanism, the 
requests associated to failed VMs return to the local queue to be provi-
sioned later on other VMs. The completion rate of Tpf is ⌊[# Pp]/L ⌋ ⋅ λpf, 
where 1/λpf represents the MTBF of a PM containing provisioned VMs. 
Tokens in place Pf represent failed PMs waiting for repair. Available VMs 
may also fail due to the failure of their hosting PMs. Activity Tonf models 
this failure event. Upon completion of Tonf, L tokens are removed from 
place Pon, and one token is added to place Pf through gates IGonf and 

OGonf. The completion rate of Tonf is ⌊[# Pon]/L ⌋ ⋅ λonf, where 1/λonf 
denotes the MTBF of a powered-on PM with available VMs. On the other 
hand, powered-off PMs can also fail. The failure event of powered-off 
PMs is modeled by timed activity Toff. When activity Toff completes, a 
token is moved from place Poff to place Pf through gates IGoff and OGoff. 
The completion rate of Toff is [# Poff] ⋅ λoff, where [# Poff] represents the 
number of tokens in place Poff, and 1/λoff denotes the MTBF of a 
powered-off PM. Activity Tr represents the repair process of failed PMs, 
and it is activated when there is at least one token in place Pf. When it 
completes, with rate λr, one token is removed from place Pf by input gate 
IGr, and another one is deposited into place Poff by output gate OGr, 
meaning that a repaired PM is accessible through powered-off state. 
Table 2 lists the predicates and functions for all input and output gates of 
the presented SAN model. 

4.2. SAN model of an entire data center 

The SAN proposed in Section 4.1 to model a single rack is applied to 
model an IaaS cloud data center containing several racks. As described 
in Section 3, the hierarchical structure considered herein contains two 
management levels: the CCM, as the data center-level management 
layer, and the LM as the rack-level management layer. The CCM receives 
the user requests for VMs and, based on the active policy, decides to 
which LM the request is dispatched. Afterwards, the target LM decides 
how to serve the request according to its own available resources. The 
proposed model, as depicted in Fig. 3, considers the existence of several 
racks, each operating according to the SAN model shown in Fig. 2. 

Timed activity Tin represents request arrivals to the data center. 
When Tin completes, a token is added to place Pin by output gate OGin. 
Place Pin models the global queue of the cloud data center, and tokens in 
this place show VM requests waiting in the queue to be dispatched. If the 
number of tokens inside place Pin reaches Qd, the maximum size of the 
global queue, input gate IGin prevents activity Tin from completion. The 
completion rate of Tin is λin. If a token exists in place Pin, activity Tsl is 
activated. This activity models the dispatching of VM requests to the 
racks. When it completes, a token is removed from Pin by input gate IGsl, 
and a token is added to either Pqi , 1 ≤ i ≤ Nr, or Pout. The Nr stands for the 
number of racks existing in the cloud data center, place Pqi represents 
the local queue of racki, and place Pout serves as a holder for requests that 
are going to be submitted to federated clouds. The completion rate of Tsl 
is λsl. 

Details of the output function of gate OGsl depend on the specific 

Table 2 
Gate predicates/functions of the SAN model presented in Fig. 2.  

Gate Predicate Function 

IGrack [# Pq] < Qr  

OGrack  [# Pq] ++

IGp ([# Pq] > 0) && ([# Pon] > 0) [# Pq] − −

[# Pon] − −

OGp  [# Pp] ++

IGton ([# Poff] > 0) && ([# Pq] − [# Pon] > 0) [# Poff] − −

OGton  [# Pon] += L 
IGact ([# Poff] > 0) && ([# Pq] ==0) && ([# Pon] ==0) [# Poff] − −

OGact  [# Pon] += L 
IGtof ([# Pon] >= L) && ([# Pq] ==0) [# Pon] − = L 
OGtof  [# Poff] ++

IGs [# Pp] > 0 [# Pp] − −

OGs  [# Pon] ++

IGpf [# Pp] >= L [# Pp] − = L 
OGpf  [# Pf] ++

[# Pq] += L 
IGonf [# Pon] >= L [# Pon] − = L 
OGonf  [# Pf] ++

IGoff [# Poff] > 0 [# Poff] − −

OGoff  [# Pf] ++

IGr [# Pf] > 0 [# Pf] − −

OGr  [# Poff] ++
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policy applied by the CCM to dispatch VM requests among the racks. 
Hence, the output function differs from one policy to another. However, 
besides the specific strategy employed to dispatch the VM requests, it is 
assumed that one of the existing racks is chosen as the target rack to host 
the request. After selecting the target rack according to the predefined 
dispatching mechanism, the local queue of the rack is checked. If there 
exists enough space in the queue to hold the VM request, the request is 
submitted to that rack. Otherwise, the token representing the VM 
request is put into a temporary place, Pout, to be sent to federated clouds 
later. The details of the places, activities, and gates of the individual 
racks in Fig. 3 are the same as those presented in Section 4.1. 

Place Pfed models the federation queue in which requests that are 
going to be submitted to the federated clouds are waiting. When there is 
a token in place Pout, either tup or tdr is activated. If the number of tokens 
inside place Pfed is equal to or greater than Qf, the federation queue is full 
and cannot accept more requests. In this situation, instantaneous ac-
tivity tdr is activated, and it can complete. This activity models the event 
of dropping a request when the federation queue is full. After completion 
of activity tdr, a token is removed from place Pout by input gate IGdr. On 
the other hand, if the number of tokens inside place Pfed is smaller than 
Qf, then instantaneous activity tup is activated and can complete. Upon 
completion of this activity, one token is removed from place Pout by 

input gate IGup, and a new token is deposited into place Pfed by output 
gate OGup. Using this activity, a waiting request is moved from tempo-
rary place Pout to the federation queue modeled by Pfed. Timed activity 
Tfed represents the process of submitting requests to the federated clouds 
and it is activated if a token exists in Pfed. When this activity completes, a 
token is removed from place Pfed by input gate IGfed. The completion rate 
of Tfed is λfed. The predicates and functions corresponding to the input 
and output gates of the SAN model of Fig. 3 are represented in Table 3. 

Fig. 3. The SAN proposed to model an entire data center.  

Table 3 
Gate predicates/functions of the SAN model presented in Fig. 3.  

Gate Predicate Function 

IGin [# Pin] < Qd  

OGin  [# Pin] ++

IGsl [# Pin] > 0 [# Pin] − −

IGdr ([# Pout] > 0) && ([# Pfed] >= Qf) [# Pout] − −

IGup ([# Pout] > 0) && ([# Pfed] < Qf) [# Pout] − −

OGup  [# Pfed] ++

IGfed [# Pfed] > 0 [# Pfed] − −
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4.3. Dispatching policies 

Various policies are proposed for dispatching VM requests by the 
CCM component of the architecture shown in Fig. 1. The following two 
definitions are introduced for describing the policies. 

Definition 1. Computing Capacity of Racki 

For a given rack, racki, the computing capacity is expressed by the 
total number of available VMs and potential virtual resources inside the 
rack minus the number of waiting requests in the local queue of racki. 
Potential virtual resources mean VMs that can become available if 
powered-off PMs are switched on. More precisely, the computing ca-
pacity of racki is computed by Eq. (1): 

RCCi = [#Poni ] + L⋅[#Poffi ] − [#Pqi ] (1)  

where [#Poni ], [#Poffi ], and [#Pqi ] are the numbers of tokens in places Pon, 
Poff, and Pq of racki, respectively. 

Definition 2. Queue Capacity of Racki 

The queue capacity represents the free capacity in the local queue of 
racki and is defined as the maximum size of the local queue minus the 
number of requests that are currently enqueued in the queue. The queue 
capacity is computed by Eq. (2): 

RQCi = Qri − [#Pqi ] (2)  

where Qri and [#Pqi ] are the maximum queue size and the number of 
tokens in place Pq of racki, respectively. 

It is assumed that the CCM is structure-aware, able to calculate the 
computing capacity and the queue capacity of each rack by receiving 
feedback information from the racks. According to Definitions 1 and 2, 
two well-known strategies, best-fit and worst-fit, are used to setup dis-
patching policies. Five different policies are considered in the proposed 
SAN model for choosing the target rack.  

• Policy 1: CCM chooses the rack with the minimum computing capacity.  
• Policy 2: CCM chooses the rack with the maximum computing 

capacity.  
• Policy 3: CCM chooses the rack with the minimum queue capacity.  
• Policy 4: CCM chooses the rack with the maximum queue capacity.  
• Policy 5: CCM randomly chooses a target rack. The CCM is non- 

structure-aware, which means it is not capable of collecting feed-
back from the LMs. In addition, the management layers are assumed 
to be non-energy-aware. Idle PMs are never powered off, the ToR 
switches do not switch to sleep mode, cooling systems are always on, 
and the proactive mechanism is disabled. 

While policies 1 and 3 select the best-fitting target rack, policies 2 
and 4 follow the worst-fit strategy. All these policies are applied to the 
model presented in Fig. 3. The random dispatch, policy 5, is used as a 
baseline. For the random policy, unused parts of the SAN model from 
Fig. 3 are eliminated. This comprises activities corresponding to the 
proactive mechanism and the switching off of PMs. Moreover, activity 
Tsl and its related gates, used to model the CCM component and its de-
cision making algorithm, are replaced with Nr distinct activities modeled 
by Tsli and their corresponding input/output gates, IGsli and OGsli , 
1 ≤ i ≤ Nr. In this modified model, if a token exists in place Pin, all Tsli 
activities are activated and compete for completion. By completion of 
one of these activities, the input gate associated to the completed ac-
tivity removes a token from Pin and the corresponding output gate adds a 
token to either Pqt , 1 ≤ t ≤ Nr, the local queue of the target rack, or Pout, 
depending on whether the local queue of the target rack has free space or 
not. The completion rate of Tsli is λsli . 

5. Performance metrics 

This section introduces figures of merit that are obtained from 
solving the SAN model introduced in Section 4.2. These metrics can be 
computed using Markov reward models (MRMs) [56]. The MRM 
approach assigns reward rates to each feasible marking of a SAN model 
before computing the expected rewards in the steady-state. It is also 
possible to associate impulse rewards to an activity of a SAN model, 
which then result in the expected throughput of that activity. In the 
following, some measures of interest are introduced. 

The federation probability (Prfed) represents the probability of a 
request to be sent to the federated clouds. For the SAN model presented 
in Fig. 3, the federation probability can be derived by Eq. (3): 

Prfed =
Thr(Tfed)

Thr(Tsl)
(3)  

where Thr(Tfed) and Thr(Tsl) represent the expected throughputs of timed 
activities Tfed and Tsl, respectively. The throughputs are computed by 
defining impulse rewards for those activities, returning the value 1 
whenever they complete. In the simplified model for policy 5, the 
federation probability is computed by Eq. (4): 

Prfed =
Thr(Tfed)

ΣNr
i=1Thr(Tsli )

(4)  

where Thr(Tfed) and Thr(Tsli ) represent the steady-state throughputs of 
activities Tfed and Tsli , respectively, and Nr is the total number of racks in 
the data center. 

The mean size of local queues (MQS) represents the mean number 
of requests waiting in the local queues of all racks. It can be obtained by 
Eq. (5): 

MQS = ΣNr
i=1E[rql

i ] (5)  

where rql
i stands for the reward function that counts the number of to-

kens in place Pq of racki. 
The mean waiting time (MWT) metric defines the mean time that 

requests wait in the local queues of the racks. For the SAN model of 
Fig. 3, it is computed by Eq. (6), by applying the Little’s law [57]: 

MWT = ΣNr
i=1

(
E[rql

i ]

Thr(Tpfi ) + λsl⋅E[rsl
i ]

⋅
E[rsl

i ]

ΣNr
i=1E[rsl

i ]

)

(6)  

where rql
i represents a reward function counting the number of tokens in 

place Pq of racki, and Thr(Tpfi ) represents the steady-state throughput of 
activity Tpf of racki. Moreover, rsl

i is the reward function that computes 
the probability of racki being selected when a request is dispatched. For 
the simplified model of policy 5, this metric is also computed by the 
Little’s law as Eq. (7): 

MWT =

ΣNr
i=1

(

E[rql
i ]

Thr(Tpfi )+Thr(Tsli )

)

Nr
(7)  

where Thr(Tsli ) represents the steady-state throughput of activity Tsli . 
The unavailability of PMs (UnAva) stands for the probability of a 

PM being in a failed state, which is calculated by Eq. (8): 

UnAva =
ΣNr

i=1E[rf
i ]

ΣNr
i=1Npmi

(8)  

where rf
i represents the reward function counting the number of tokens 

in place Pf of racki and Npmi is the number of PMs inside racki. 
An important metric is the total power consumption (Powtotal), the 

mean value of power consumed by all servers, ToR switches, cooling 
systems, and the aggregate switch. The total power consumption is 
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computed by Eq. (9): 

Powtotal = Powpm + Powtor + Powcool + Powaggr (9)  

where Powpm, Powtor, and Powcool are the measures described in the 
following, and Powaggr is the mean power consumed by the aggregate 
switch, which is assumed to be a constant value denoted by paggr. 

The power consumption of PMs (Powpm) is the mean value of the 
power consumed by the servers of a data center. Since we assume that 
powered-off PMs consume a negligible amount of power, this metric is 
expressed by considering the power consumption of powered-on PMs in 
the data center as Eq. (10): 

Powpm = pidle⋅(ΣNr
i=1Npmi − ΣNr

i=1E[rof
i ] − ΣNr

i=1E[rf
i ])

+ppvm⋅ΣNr
i=1E[rp

i ] + pavm⋅ΣNr
i=1E[ron

i ]
(10)  

where Npmi is the number of PMs inside racki. Reward functions rof
i , rf

i , r
p
i 

and ron
i count the number of tokens in places Poff, Pf, Pp, and Pon of racki, 

respectively. Furthermore, pidle, ppvm, and pavm represent the power 
consumptions of an idle PM hosting no VM, a provisioned VM, and an 
available VM, respectively. 

The power consumption of ToR switches (Powtor) stands for the 
mean value of the power consumed by the top of rack switches and is 
computed by Eq. (11): 

Powtor = ptor⋅ΣNr
i=1E[rqn

i ] (11)  

where ptor is the power consumed by a top of rack switch when it is on, 
and rqn

i is the probability that the queue of racki is not empty. This is 
computed by assigning the reward function of Eq. (12) to the SAN model 
of Fig. 3: 

rqn
i =

{
1, [#Pqi ] > 0
0, otherwise (12) 

Finally, the power consumption of cooling systems (Powcool) 
evaluates the mean value of the power consumed by the cooling systems 
attached to the racks. It can be computed using Eq. (13): 

Powcool = pcool⋅ΣNr
i=1(1 − E[rre

i ]) (13)  

where pcool is the power consumed by a cooling system when it is on, and 
rre
i is the probability of racki being in the idle state. By idle state, we mean 

that no PM is powered on inside the rack and no request is waiting in its 
local queue, implying that the cooling system can be switched to standby 
mode. Thus, rre

i can be computed by assigning the reward function of Eq. 
(14) to the SAN model of Fig. 3: 

rre
i =

{
1, (([#Poni ] == 0) and ([#Ppi ] == 0) and ([#Pqi ] == 0))
0, otherwise

(14)  

6. Performance evaluation 

In this section, the dispatching policies introduced in Section 4.3 are 
evaluated and compared based on the metrics described in Section 5. 
The results obtained from the model are also cross-validated against the 
results obtained with the CloudSim framework. In addition, the pro-
posed model of Fig. 3 is simulated with the Möbius simulation engine for 
all presented dispatching policies. 

6.1. Numerical results 

Herein, the proposed SANs are applied to model a cloud data center 
containing three racks to illustrate how the proposed models work. The 
models are solved with the Möbius tool [29], for a wide range of input 
parameters. For the sake of brevity, we only report herein a small sub-set 
of the full set of numerical results obtained. Most of the values 

considered as input parameters of the proposed model are in line with 
the other proposals in the related state-of-the-art [8,31,32,35,36,23,47, 
55,58,59]. These values are presented in Table 4. It is assumed that the 
types of ToR switches, the aggregate switch, and the rack-based cooling 
systems are HP5920, HP6600, and HP Modular Cooling System G2, 
respectively [60]. The rate of the proactive enabling mechanism (λacti ) is 
tuned based on the probability of each racki chosen as a target rack; 
therefore, it differs between racks and it varies when the request arrival 
rate changes. Furthermore, for policy 5, each λsli is set to 1000 req/h to 
be almost equivalent to λsl for the other policies. 

The numerical solver used to solve the model in the steady-state is an 
iterative steady-state solver. Successive Over-Relaxation (SOR), which is 
a variant of the Gauss-Seidel method, is exploited as the iterative method 
of the numerical solver. SOR converges in fewer iterations and requires 
less memory than the other supported iterative method, Jacobi. 46 min 
and 2 GB are the time and memory required to solve the proposed model 
on a system with an Intel® Core™ i7 @ 2.00 GHz CPU and 4 GB of RAM. 

Fig. 4 represents the steady-state probabilities of requests being 
federated to other clouds (Prfed). Since the worst-fit policies, i.e. policy 2 
and policy 4, dispatch the requests almost fairly, they are the least 
probable ones that may face fullness of local queues in all arrival ranges. 
On the other hand, the best-fit policies, policy 1 and policy 3, reasonably 
experience more federation probability. The greatest federation proba-
bility results from policy 5 when arrival rates of requests take larger 
values. While policy 5 is not very probable to federate requests when 
arrival rates are small, its probability grows faster when arrival rates 
become large. In Fig. 5, the steady-state mean size of local queues (MQS) 
of racks are compared for different dispatching policies. Since idle PMs 
are not switched off in policy 5, they are available for provisioning more 
quickly in contrast to other policies. Thus, the mean queue sizes for 
policy 5 is minimal among all the policies. Putting the policy 5 aside, 
policy 1 and policy 3 result in the smallest and largest queue sizes, 
respectively, wherein policy 2 and policy 4 are in the middle of the range. 

The average waiting time of requests in the local queues (MWT) of 
racks can be observed in Fig. 6. As previously explained, it is reasonable 
that the smallest waiting time is achieved by policy 5. Policies 1 and 2 
show very similar behavior, and are much better than policy 4 and policy 
3. In fact, the relative behavior of the policies for the mean waiting time 
metric is similar to the one we have observed for the mean queue sizes in 

Table 4 
Configuration of the IaaS cloud data center under study.  

Parameter Meaning Value/range 

λin Request arrival rate [1, 20] req/h 
λsl Dispatching rate of the CCM 3000 req/h 
λfed Federation rate 50 req/h 
1/λpi  Mean provisioning time of a VM 2 min 
1/λsi  Mean service time of a VM 20 min 
1/λtoni  Mean switch-on time of a PM 3 min 
1/λtofi  Mean switch-off time of a PM 1 min 
1/λoffi  MTBF of a powered-off PM 1000 h 
1/λonfi  MTBF of a powered-on PM containing available VMs 100 h 
1/λpfi  MTBF of a powered-on PM containing provisioned 

VMs 
66.7 h 

1/λri  Mean repair time of a PM 3 h 
Qd Size of global queue 1 
Qri  Size of local queue 2 
Qf Size of federation queue 2 
pavm Power consumption of an available VM 1 W 
ppvm Power consumption of a provisioned VM 15 W 
pidle Power consumption of an idle PM 150 W 
ptor Power consumption of a ToR switch 366 W 
paggr Power consumption of the aggregate switch 405 W 
pcool Power consumption of a cooling system 950 W 
L Multiplexing factor 1 
Nr Number of racks 3 
Npmi  Number of PMs inside each rack 3  
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Fig. 5. Fig. 7 shows the steady-state unavailability of PMs (UnAva) when 
different dispatching policies are applied. As the arrival rate increases, 
the probability of a PM being in the powered-on state as well as the 
probability of a VM to be in the provisioned state increase for all dis-
patching policies. As stated in Section 3, powered-on PMs are more 
probable to fail compared to the powered-off ones. Moreover, the failure 
rate of a powered-on PM increases as the number of VMs provisioned on 
top of the PM increases. This is the trend of all curves in Fig. 7. For policy 
5, powered-on PMs cannot be switched off. Hence, this policy shows a 
higher percentage of failed PMs. We can observe that the other dis-
patching policies behave nearly in the same manner. 

Fig. 8 shows the steady-state power consumption of the main com-
ponents of our case study, when different dispatching policies are 
applied. In Fig. 8(a), the power consumption of PMs is represented. As 

the arrival rate increases, the proportion of powered-off PMs to 
powered-on PMs decreases, and the power consumption increases, as 
shown in Fig. 8(a). The power consumption of PMs observed for policy 5 
is oversize since it never moves powered-on servers to the powered-off 
state. The other plots are relatively close to each other. As shown in 
Fig. 8(b), the power consumption of ToR switches for policy 5 is a con-
stant value, much larger than those for the other policies. This is the 
result of disabling sleep or standby modes of ToR switches in policy 5. In 
contrast, these switches consume much less power with other policies 
since they go to sleep mode whenever there is no request in their local 
queues. When the arrival rate gradually increases, ToR switches find less 
time to sleep, and therefore their power consumption grows. As it can be 
seen in Fig. 8(b), both policy 1 and policy 2 outperform policy 3 and policy 
4, since the mean probabilities of local queues being empty with policy 1 
and policy 2 are larger than those for the other policies. 

Fig. 8(c) represents the power consumed by the cooling systems. 
Again, the power consumption obtained for policy 5 is constant and 
much larger than that for other policies, because cooling systems in 
policy 5 are assumed to be always on, independent of the workload of the 
racks. Cooling systems consume less power in other policies because 
they sleep whenever their corresponding racks are in idle state, con-
taining neither waiting requests nor powered-on PMs. When the arrival 
rate increases, racks are less probable to be idle, and consequently the 
power consumption of their cooling systems grows. In Fig. 8(d), the total 
power consumption of PMs, ToR switches, cooling systems, and the 
aggregate switch of the cloud data center are compared. The aggregate 
switch is assumed to be always on and ready to process requests sub-
mitted to the cloud data center with minimum delay. As expected, policy 
5 consumes always the most power. In the whole range of the request 
arrival rate, policy 1 and policy 3 show less power consumption than 
policy 2 and policy 4, where best-fit policies noticeably outperform 
worst-fit ones. When the arrival rate increases, it is expected that the 
total power consumption of all policies gradually converge. 

From the results reported herein, it can be concluded that all energy- 
aware policies produce a significant improvement on the power con-
sumption metrics in contrast to the baseline policy, policy 5. They also 
improve the unavailability of PMs and the federation probability in 
comparison with policy 5. However, besides these improvements, user- 
oriented performance metrics, e.g. the mean waiting time and the size 
of local queues, degrade. Amongst the dispatching policies considered 
here, no one is the winner for all figures of merit: policy 3 outperforms 
the others with respect to the power consumption of cooling systems, 
policy 4 acts as the best one with respect to the federation probability, 
and policy 1 outperforms the others with respect to the power con-
sumption of ToR switches. Both policy 1 and policy 2 are the best in what 
concerns the mean waiting time and the mean local queue size, while 
policy 1 and policy 3 stand out regarding the total power consumption. 

Fig. 4. The steady-state federation probability (Prfed) for different dispatch-
ing policies. 

Fig. 5. The mean queue size (MQS) for different dispatching policies.  

Fig. 6. The mean waiting time (MWT) for different dispatching policies.  

Fig. 7. The steady-state unavailability (UnAva) of PMs for different dispatch-
ing policies. 
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6.2. Model validation 

In order to demonstrate the accuracy of the proposed approach, re-
sults obtained by analytically solving the SAN model are compared 
against the results obtained from simulating the same system using the 
CloudSim framework [30]. The CloudSim framework is a Java-based 
API to support modeling and simulation of cloud infrastructures and 
services. This framework encompasses well-defined components in the 
context of real cloud systems (e.g. Datacenter, Host, VM, Cloudlet, etc.) 
and takes many details of such systems into account (e.g. VM scheduling, 
cloudlet scheduling, etc.). CloudSim is a comprehensive platform for 
modeling data centers, service brokers and resource management pol-
icies, which provides facilities for the simulation of federated cloud 
environments. Moreover, the features provided by the framework can be 
easily extended for modeling custom cloud computing systems. In order 
to use CloudSim for cross-validation, the framework has been extended 
and adapted to the requirements of the presented models. To this end, 
we extend CloudSim with respect to the functionalities already provided 
with the framework by defining: (i) global, local, and federation queues 
of the data center, (ii) switching on/off events of PMs, (iii) failure/repair 
events of PMs, (iv) provisioning events of VMs, and (v) request arrival 
events. To apply these modifications, some existing java classes in 
CloudSim package were extended, including DatacenterBroker, Data-
center, Host, Cloudlet, and Predicate classes. 

In the simulation with the CloudSim, we adopt the method of inde-
pendent replications wherein the number of replicas is 30 and the size of 
each replica is one million hours. Using the extended framework, a 
simulation environment is created. It consists of three cloud-based data 
centers managed by a broker. Each data center in the simulation envi-
ronment acts as a rack in our proposed SAN model. On the other hand, 
the broker is responsible for choosing a suitable data center to handle an 
incoming request based on the introduced dispatching policies. Each 
data center includes three homogeneous compute hosts, each one has a 

CPU core with a processing capability of 1000 Million Instructions Per 
Second (MIPS), 2 GB of RAM, and 10 Gbps of network bandwidth. Each 
machine can allocate and host a VM for an incoming request at a given 
instant of time. Creating and provisioning times for each VM, like all 
other events used for simulating the sample data center by the CloudSim 
framework, follow an exponential distribution. The incoming requests 
are also submitted at an inter-arrival delay following an exponential 
distribution. An application corresponding to a VM request is charac-
terized in terms of its computational requirements in MIPS, and its in-
struction length is assigned based on the required service time following 
an exponential distribution with the defined rate. The Storage Area 
Network is used to store and retrieve chunks of data which is common in 
cloud data centers. Since networking is not the focus of this study, a 
minimal data transfer of 300 KB overhead for each application is 
considered; therefore, the transferring delay is negligible despite the 
available bandwidth. All tests have been executed on an Intel® Core™ i5 
@ 2.53 GHz system with 4 GB RAM on which each replica takes around 
20 minutes to be executed. 

For the sake of brevity, we only report the validation results for two 
measures, the mean waiting time (MWT) and the total power con-
sumption (Powtotal). Other measures show almost the same behavior 
when the analytical results are compared to the simulation. Tables 5 and 
6  compare the steady-state mean waiting times and total power con-
sumptions obtained by the proposed SAN model and the CloudSim 
framework, respectively. The percent error (PE) indicates the difference 
between an average simulated value and a known or exact one, 
computed by the analytical model, as a percentage of the known value. 
Each cell of the simulation part of Tables 5 and 6 is the average of the 
corresponding values computed from independent replicas, for which 
the standard deviation (SD) is also computed. Simulation results are 
reported with a confidence level of 0.95. The maximum errors for the 
mean waiting time and power consumption are 7.1% and 1.5%, 
respectively. As it can be concluded from Tables 5 and 6, the results of 

Fig. 8. The steady-state power consumptions of (a) PMs (Powpm), (b) ToR switches (Powtor), (c) cooling systems (Powcool), and (d) the entire data center (Powtotal) 
obtained with different dispatching policies. 
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both the model and the simulator are very close to each other, for all 
dispatching policies introduced in this paper, which validates the pro-
posed models. 

6.3. Extended simulations 

Although analytical methods provide different means to precisely 
solve the proposed models, these methods require that the model meet a 
strict set of requirements, which often limits their application to a 
restricted subset of models. To be able to solve the proposed models for 
more realistic parameter values, we exploit the Möbius simulation en-
gine. The Möbius tool provides a simulation engine which is unique in its 
formalism-independent design and flexibility. To do so, we use the 
steady-state simulation applying the batch means method with a con-
fidence level of 0.95. The minimum and maximum number of batches 
are set to 1000 and 10,000, respectively. When the error given by the 
ratio between the size of the confidence interval and the mean value for 
each reward variable falls below 10% the simulation is terminated. The 
execution of each set of batches took around 35 min on average on an 
Intel® Core™ i7 @ 2.00 GHz system with 4GB RAM. 

In this set of experiments, the request arrival rate (λin) is set to [1000, 
5000] req/h. The size of global (Qd), local (Qri ), and federation (Qf) 
queues are set to 100, 15, and 25, respectively. Moreover, the multi-
plexing factor (L), the number of racks (Nr) and the number of PMs in-
side each rack (Npmi ) are set to 4, 20, and 30, respectively. The values of 
the other input parameters for simulation of the proposed model of 
Fig. 3 are the same as those reported in Table 4. Based on this config-
uration, which represents a cloud system in the scale of modular data 
centers [61][62], the proposed policies are compared in terms of total 
power consumption (Powtotal). The results are shown in Fig. 9. Like the 
results obtained from analytical modeling approach presented in Fig. 8 
(d), best-fit policies outperform worst-fit ones in terms of total power 
consumption all over the analyzed range, but herein, policy 1 performs 
better than policy 3, especially when the arrival rate grows. Moreover, 
policy 5 consumes the most power in the whole range of the request 
arrival rate. The curve of all the policies becomes almost plane, when the 
request arrival rate becomes higher than 3000 req/h. It shows that 
system saturates when the arrival rate of requests exceeds 3000 per 
hour. 

7. Conclusions and future work 

In this work, we presented a SAN model for an autonomous group of 
PMs in an IaaS cloud data center, called a rack. The model encompasses 
several aspects of a real computing environment, including different PM 
power consumption states, different strategies to move PMs between 
these states, VM provisioning and serving steps, VM multiplexing, and 
failure/repair behavior of PMs. This base model was then used in a hi-
erarchical way to model a whole cloud data center composed of several 
racks. Using this unified SAN model, we are able to examine different 
energy-aware and structure-aware dispatching policies. In order to 
compare different dispatching policies under evaluation in this paper, 
several performance, availability, and power consumption metrics were 
introduced on the proposed SAN. Among the output metrics introduced, 

the power consumed by cloud system was partitioned into several fine- 
grained metrics. It allows cloud providers to realize the effect of those 
metrics on the total power consumption when different resource man-
agement policies are applied. Although, in most situations, the total 
power consumption is the metric of interest, this decomposition can be 
especially helpful for providers to give different power cost weights to 
different components. 

While the adopted dispatching policies behaved quite similarly for 
certain metrics, e.g. the power consumption and unavailability of PMs, 
the behavior is quite distinct for other metrics, such as the federation 
probability, the mean size of local queues, the mean waiting time and 
the power consumption of ToR switches and cooling systems. Results 
showed that none of the introduced policies gives the best results with 
regard to all performance measures or workloads. The analysis pre-
formed in this paper for different dispatching policies makes it possible, 
in practice, to choose the suitable policy depending on the preferred SLA 
metrics, or even switch between them when the characteristics of the 
workload change. It can be also concluded that the total power con-
sumption of a data center can be significantly reduced by switching idle 
PMs, ToR switches, and cooling systems to the standby mode. Further-
more, switching to standby mode can notably improve the availability of 
servers, and in most of cases, the federation probability. 

One of the limitations of the model proposed in this paper is the 
scalability. Although we have mitigated this issue by simulating a large 
system using simulation engine of the Möbius tool, well-known 
approximation methods can still be used to improve the scalability of 
the model. Decomposition technique, at both system and model levels, 
can be applied to improve a SAN model to handle more complex situ-
ations. As an interesting extension to the model proposed in this paper, 
one can apply the folding method or fixed-point iteration technique to 
decompose the proposed monolithic model in order to reduce the 
number of states in the state space. Moreover, hierarchical modeling, as 
one of the system-level decomposition techniques, can be used to reduce 
the state space. The SAN model proposed in this paper only considers 
homogeneous PMs. Therefore, one interesting extension to this work is 
to support heterogeneous PMs. By considering heterogeneous PMs, one 
can define different classes of servers each one having its own failure 
and repair rates, processing speed, memory and storage capacities, and 
power consumption. Colored extensions of PNs and SANs could be used 
for such an extension. Colored versions of PNs and SANs can also be used 
to detect SLA violations in clouds. If different colors of tokens are used 
inside places, representing different requests and machines, it would be 
possible to determine percentile service level agreements. 

Considering more sophisticated VM placement strategies and taking 
into account VM migrations that highly influence power consumption 
and performance of cloud data centers, one can propose a more 
comprehensive analytical model. In such a model, algorithms of live 
migration and mechanisms to select candidate VMs/PMs can be 
modeled and evaluated. In the architecture investigated in this work, 
two layers of network switches, access and aggregate layers, have been 
considered in a tree structure. To be able to increase the number of 
network layers, or to support more complex architectures, e.g. Fat-Tree 
and DCell, the proposed model can be divided into sub-models, and 
appropriate techniques can be applied to solve the problem. In addition 

Table 5 
Comparison of the mean waiting times obtained with the proposed analytic model and the CloudSim framework (min).  

Policy Analytic model CloudSim  

Request arrival rate (λin) Request arrival rate (λin)  

1 5 10 15 20 1 PE SD 5 PE SD 10 PE SD 15 PE SD 20 PE SD 

policy 1 4.90 4.69 4.66 5.21 6.59 5.10 0.6 4.1 4.98 1.2 6.2 4.99 1.0 7.1 5.54 1.3 6.3 6.84 0.9 3.8 
policy 2 4.93 4.71 4.59 5.17 6.61 5.11 0.5 3.7 4.89 0.6 3.8 4.83 0.7 5.2 5.44 0.8 5.2 6.83 0.7 3.3 
policy 3 4.96 6.53 8.39 9.50 10.45 5.16 0.6 4.0 6.84 0.9 4.7 8.72 1.1 3.9 9.86 1.4 3.8 10.83 1.3 3.6 
policy 4 4.83 4.88 5.50 6.69 8.40 5.00 0.5 3.5 5.03 0.5 3.1 5.66 0.5 2.9 6.90 0.7 3.1 8.66 0.8 3.1 
policy 5 2.18 2.44 3.41 4.51 5.31 2.21 0.1 1.4 2.53 0.3 3.7 3.53 0.4 3.5 4.62 0.4 2.4 5.40 0.3 1.7  
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to the directions mentioned above, one can investigate scheduling pol-
icies at LM components of a data center. In this way, the LM will be able 
to decide, based on the optimization goals, on what PM the requesting 
VM should be deployed. For example, it may choose the hosting PM to 
maximize the number of powered-off PMs and to reduce the corre-
sponding power consumption of PMs in the rack. Dynamic scheduling 
algorithms can also be modeled by capturing VM migration and data 
center consolidation aspects, which play important roles in energy 
saving policies. 
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Fig. 9. The power consumption of a real sized sample data center for different 
dispatching policies; results were obtained with the Möbius simulation engine. 
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[25] T. Tapia-Flores, E. López-Mellado, A.P. Estrada-Vargas, J.-J. Lesage, Discovering 
petri net models of discrete-event processes by computing T-invariants, IEEE Trans. 
Autom. Sci. Eng. 15 (3) (2018) 992–1003. 

[26] A. Movaghar, J.F. Meyer, Performability modeling with stochastic activity 
networks, in: The 1984 Real-Time Systems Symposium, Austin, TX, USA, 1984, 
pp. 215–224. 

[27] J.F. Meyer, A. Movaghar, W.H. Sanders, Stochastic activity networks: structure, 
behaviour, and application, in: The International Workshop on Timed Petri Nets, 
Torino, Italy, 1985, pp. 106–115. 

[28] W.H. Sanders, J.F. Meyer, Stochastic activity networks: Formal definitions and 
concepts, in: E. Brinksma, H. Hermanns, J.-P. Katoen (Eds.), Lectures on Formal 
Methods and Performance Analysis, vol. 2090 of Lecture Notes in Computer 
Science (LNCS), Springer, 2001, pp. 315–343. 

[29] D. Daly, D.D. Deavours, J.M. Doyle, P.G. Webster, W.H. Sanders, Möbius: an 
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