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Abstract. Achieving eﬃcient resource allocation is one of the most challenging problems faced by cloud providers. These providers usually maintain hosted web applications within multiple tiers over the cloud, leading
to an overall increased complexity. To answer user requests, meet their
Service Level Agreements (SLA) and reduce the energy cost of the data
center, cloud systems are being enforced with self-adaptive features such
as self-scaling, to eﬃciently automate the resource allocation process.
However, the main concern is how to choose the best resource conﬁguration to reach these objectives of Quality of Service (QoS) with a minimal
amount of resources consumption. In this context, we target to use performance modelling and analysis, to forecast the system performances
and deduce the most appropriate resource conﬁguration to be applied
by the autonomic manager. As a ﬁrst work to deﬁne a modelling based
resource allocation autonomic manager, we present, in this paper, the
modelling and analysis process, allowing to predict the eﬃciency of the
self-adaptive systems relating resource allocation in the context of multitiers cloud systems. We used Stochastic Petri Nets modelling, enforced
with a reduction method to avoid a scalability issue. A set of experiments illustrates our approach starting from modelling to performance
evaluation of the studied system.
Keywords: Cloud computing · Autonomic computing
modelling · Resource allocation · Petri net
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Introduction

Today’s data centers are subject to an increasing demand for computing
resources, as they host complex, large-scale and heterogeneous distributed systems. This is also true in Cloud systems. Particularly for multi-tiers applications, resource management is critical, as sometimes, performance bottlenecks
may appear when insuﬃcient resources are not available in one tier, leading to
a decrease of the overall proﬁt. This growing complexity stresses the challenging
issue of appropriate resource management, especially when a cloud provider has
to maintain Service Level Agreements (SLA) with its clients. The main concern to achieve eﬃcient resource allocation is then to ﬁnd the minimal amount
c Springer International Publishing Switzerland 2015

G. Di Fatta et al. (Eds.): IDCS 2015, LNCS 9258, pp. 11–18, 2015.
DOI: 10.1007/978-3-319-23237-9 2

12

M. Sliem et al.

of resources that an application needs to meet the desired Quality of Service
without degrading system performances.
To face this challenge, decisions made by a provider with regard to the
deployment of a tier application in the cloud and resource allocation, can
be strengthened with a scale-up/down operation. Scaling up/down consists of
adding/removing resources to individual virtual machines. However, when the
application is implemented following a multi-tier architecture, this will directly
impact both the application performances and the providers operation cost. To
overcome these issues, the concept of autonomic computing [1] has been proposed to dynamically build the adequate conﬁguration on the monitored system.
Autonomic computing commonly describes computing systems that are able to
manage themselves. In the context of resources allocation, self-management usually provides two main properties: self-conﬁguration to reconﬁgure the system
according to high-level goals and self-optimization to dynamically optimizes the
resource use.
However, a beforehand study of the self-adaptive resource allocation is
required, to correctly adjust the scaling parameters of the autonomic manager.
This helps to implements the system with more optimized performances. For this
purpose, it is interesting if decisions of the autonomic manager are made on the
basis of an “a priori” knowledge about predictive behaviour and performances
of the chosen resource sharing conﬁguration. IN this context, formal methods
are strong tools for system performance prediction based on modelling. Mathematical models, such as Petri nets, are well suitable for modelling distributed
complex systems.
We aim, in our work, to contribute in developing modelling and analysis
approaches and tools that allows strengthening autonomic systems [8]. To reach
our goal, we introduced in [8] a case study for modelling resources allocation in
self-adaptive systems. In this paper, we extend the approach for a more detailed
modelling of the workload behaviour and computer additional performances
indices. We then, extended and dedicated our approach to autonomic multitiers cloud systems, addressing resource self-scaling. Our approach is based on
a Stochastic Petri Nets (SPN) modelling, with the use of the GreatSPN tool [3]
for performance analysis of obtained models. The scalability of our approach is,
then, considered using a proposed Petri net reduction method.
The paper is organized as follows: Sect. 2 discusses related work. Then, Sect. 3
presents our case study. Our reduction method id then explained in Sects. 4
and 5 discusses some experimental results. Finally, Sect. 6 concludes the paper
and gives some future work.

2

Related Work

Modelling autonomic systems has gained many attention during the last decade,
investigating mainly solutions for the distributed resource allocation problem,
to satisfy client Service Level Agreements (SLAs). Among these proposals, some
authors used mathematical and performance modelling/optimisation approaches
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in the general context of autonomic computing, and optimized resource allocation algorithms for the special case of cloud systems.
Litoiu [7] used queuing networks instead of a single queue model. He investigates performance analysis techniques to be used by the autonomic manager.
The workload complexity was studied, and algorithms were proposed for computing performance metric bounds for distributed transactional systems. Workloads
are characterized by their intensity representing the total number of users in the
system, and their mixes which depict the users number in each service class.
In the ﬁeld of cloud computing, an SLA-based resource allocation for multitier applications was considered in [5]. An upper bound on the total proﬁt was
provided and an algorithm based on force-directed search was proposed to solve
the problem. Processing, memory requirements and communication resources
were considered as three dimensions in which optimization is performed.
In [4] identiﬁes open issues in autonomic resource provisioning and presents
innovative management techniques for supporting Software as a Service (SaaS)
applications hosted in Clouds. The authors present a conceptual architecture
and early results highlighting the beneﬁts of Clouds autonomic management.
Most of the cited proposals are based on the use of formal modelling for an
autonomic online optimization [2,6,9,10], basing generally on queuing models,
or of optimization algorithms. Few work, however focused on the eﬃciency of
autonomic components to achieve adequate resources management. In this direction, we use, for our modelling, SPN rather than queueing models, to be able
to express most properties of nowadays complex systems. In addition, we model
the complete autonomic system behaviour including the resource management
and the self-adaptive component. This will allow to analyze the eﬃciency of the
autonomic manager and identify the best conﬁguration to apply.

3

A Self-Adaptive Resource Allocation Cloud Platform

To illustrate our modelling and analysis approach, we present, in this section,
a typical example of a resource allocation cloud system strengthened with a
self-scaling property.
This system consists of an autonomic cloud server receiving user requests
and distributing a set of resources to these requests through a resource allocation process. Requests in our example, are served following a FIFO policy, so
conﬂicting requests are served according to their arrival order. As a ﬁrst work,
we consider here only one service class for user requests. Studying several service
classes requires more investigated models, namely high level models. However,
the same modelling methodology can be used to predict performances, considering, in addition, speciﬁc colour classes.
The main managed element in this cloud autonomic system is the resource.
A resource may be any element used or invoked during the processing of a user
request: it may be a server, a processor cycle, a memory space, a virtualized
memory, a used device, a network bandwidth, and so on.
The received requests are put by the system in a queue for their processing.
The requests processing is carried out by ﬁrst taking a request from the requests
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queue, and allocating it the required amount of resources from the resources pool.
Each user request consumes, hence, resources for its operation. If the needed
number of resources isn’t available, the current requests are kept pending in the
requests queue, waiting for the release of the required amount of resources.

Fig. 1. Final model

Once the processing ﬁnished, the resource is available again, to be allocated
for other purposes. When the workload is high, a saturation state may be reached
quickly, making the system unable to process new request arrivals. We assume,
then, that the system uses an autonomic scaling up/down strategy, to increase
the system scalability, implemented in an autonomic manager.
Meanwhile, the self-adaptive manager adjusts the amount of available
resources for the processing of the queued requests. For this, the main system and its environment are continuously monitored to analyze the workload
variation and the number of pending requests. When the number of available
resources is inappropriate in relation to the current demand (too low/ too high),
the self-adaptive subsystem switches the current conﬁguration to a more suitable one. This process is carried out by adding/removing resources from the
resources pool. In addition, we want to plug a modelling analysis module into
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this self-adaptive manager, to choose the best suitable resource conﬁguration.
This will allow to obtain a more trusted and optimized system with regard to
performances and resources consumption cost.
We build a model for each component of the platform, using stochastic Petri
nets. The obtained sub-models are combined to build a global model of the whole
system behaviour. Finally, on this global model are directed a set of experiments
for predicting performances of the conﬁguration under study.

4

Analysis of a Multi-tiers Autonomic System Model

When dealing with several tiers, the obtained model becomes rapidly important
which make it diﬃcult and even impossible to analysis. To overcome this issue,
we propose an analysis process based on a Petri net reduction principle:
Let S be the autonomic system under analysis, being composed of n tiers
Ti , i = 1..N . To analyze this system, we propose to perform this task gradually
in several steps. Each step studies a tier model, connected to “abstract views”
of other models, rather than connecting the complete tiers models. Let us, ﬁrst,
deﬁne what is an “abstract view” of a tier.
4.1

Abstract View of a Tier

The abstract view of a tier is a macro representation or macro-view that aggregates its behavior to a minimal equivalent Petri net keeping interactions with
other tiers.
Definition 1 (Abstract view of a tier). Let Mi be the SPN model of a tier
Ti . The abstract view A(Mi ) of the tier Ti is composed of a timed transition
T ierP rocessing, modelling the activities of the tier, this transition summarizes
all the Petri net connected between the place Queue and transition P rocessing
in Fig. 1. This technique has as benefit to significantly reduce the state space of
the SPN.
To the transition is associated a firing rate inversely proportional to the
response time of the n requests marking the input place, that means:
θ(t, M ) = 1 ÷ ResponseT ime(M )
4.2

Analysis Process

The analysis process proceeds as follows:
– First, we build the model of each tier Ti . We denote the obtained model Mi .
– We isolate the model MN of the last tier. A complete analysis of this model is,
then, performed to compute the mean response time of the tier under diﬀerent
initial markings and transitions rates.
– We move to the analysis of the model MN −1 of the tier TN −1 . To do that:
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• We isolate the model MN −1 of the tier N − 1, beginning from the Requests
place of the tier, as if it is the 1st tier.
• The analyzed tier’s model MN is replaced by its abstract view A(MN ).
• The abstract model A(MN ) is connected to the model MN −1 , according to
the system speciﬁcation.
This step gives a new aggregated model, denoted AGGRN −1 representing
the two tiers TN and TN −1 . The analysis of this aggregated model will
result in a reduced number of states.
• We analyze the obtained model AGGRN −1 , and compute the mean
response time of the tier TN −1 under diﬀerent initial markings.
– We move to the analysis of the model MN −2 of the tier TN −2 . The reduction is
applied again on the model AGGRN −1 , reducing the two last tiers with a new
abstract model A(MN −1 ). We repeat the construction step of the aggregated
model of the tier TN −2 , then the analysis step.
– The previous steps are repeated until all tiers are considered. The recursive
reduction of each analyzed part of the system ensures to keep a reasonable
state space of the obtained Petri net, regardless of the total number of tiers in
the system. The ﬁnal aggregated model analysis (of AGGR1 ) gives then performance and reliability metrics of the whole system, avoiding a combinatorial
explosion of the state space number.
This analysis technique ensures the scalability of our methodology, and guarantees faithful results with regard to the unreduced model. In the next section,
we illustrate our methodology with a set of experiments applied to an illustration
example, the targeted.

5

Illustration

We directed a set of experiments on the constructed model for a 2-tiers system.
The analysis of the obtained model was done using the GreatSPN package [3],
on an Ubuntu linux 12.4 LTS workstation with 4 GO of RAM. Perl scripting
was used to automate the tests with GreatSPN under diﬀerent conﬁgurations,
by varying the workload intensity, the available resources number, the threshold
of self-adaptation launching and the amount of resources scaled.
Figure 2 shows the mean response time of requests processed by the system, under the variation of param 1 and param 2. The threshold of monitored
requests and the amount of scaled resources represent the two main parameters inﬂuencing the autonomic manager eﬃciency. The ﬁgure shows an inversely
logarithmic evolution of the response time, as the number of scaled resources
increases, while the obtained results are slightly more important for a lower
reconﬁguration threshold. A stagnation is then noticed at the ﬁnal part of the
graph where the response time remains slightly the same for the diﬀerent threshold values. This metric helps in identifying the conﬁguration points where no
impact is induced on the system performances.
For the same parameters, Fig. 3 gives the amount of resources used by each
system conﬁguration. This metric is a main value that should be optimized in
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Fig. 2. Mean response time varying the autonomic manager parameters

a resource allocation system, as a high number of active resources increases
the energy consumption and the system operation cost. First, a higher scaling
implies obviously more resources use; Although, from a certain threshold of
scaling, the consumption decrease and stagnate at a same point, this is due
to the improvement of performances that leads to less reconﬁgurations, which
implies less resources consumption. In the other hand, the consumption decrease
linearly according to the reconﬁguration threshold increasing.

Fig. 3. Resources consumption varying the autonomic manager parameters

These experiments show that the use of our modelling approach helps in
identifying such well suitable adjustments, according to particular workloads
intensities and parameters adjustments. The computed metrics can then be used
to eﬃciently conﬁgure the targeted system to ensure an appropriate solution
between costs and quality of service.

6

Conclusion

Quality of service and energy management is one of the main issue of today’s
cloud applications, especially web applications usually designed following a
multi-tier architecture. In this direction, we presented, in this paper, a modelling
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and analysis approach to be used in an autonomic manager, to ﬁnd the best balance between performance and resources consumption.
This contribution helps designers in forecasting the most appropriate conﬁguration (and parametrization) to apply on a system before its deployment. For
this purpose, we used SPN modelling along with a reduction method in order
to model the main components of such systems and predict performances and
ensure the system scalability.
To show how to reach the performance prediction goal, the obtained models
were analyzed. Experimental results highlighted how to identify the most suitable
parameters for the self-scaling component depending on the workload evolution.
Finally, our modelling approach requires us to develop appropriate tools
implementing the proposed performance modelling and analysis, to be done automatically. This will allow to exploit concretely our modelling to build trustworthy
and reliable systems.
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