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Abstract—This paper describes an approach for service
composition optimization and its application in cloud computing
to streamline resource usage that in turn contributes towards
energy efficiency. The suitability and usefulness of the approach
is evaluated by experimentation. In the experiments, physical
hosts at various cloud sites represent candidate services that are
brought together in a composition to satisfy the requirements of
applications. The composition is optimized based on functional
and non-functional criteria to determine a set of cloud services
representing energy efficient deployment configurations. We also
propose a runtime adaptation model that can help in minimizing
energy consumption of cloud applications at runtime.
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I.

INTRODUCTION

Service composition involves combining the functionality
of multiple services in a unified solution on the basis of
several factors, e.g., cost, performance, SLAs, etc. However,
an automated approach for service composition may end up
with sub-optimal solution (or composition) for a number of
reasons e.g. some services may not work properly with other
services in a composition and there can be a number of
services that offer the same functionality with minute
variations. Thus selecting a set of service that when brought
together in a composition can achieve a specific goal is a
multi-criteria optimization problem. To address such
problems, composition optimization approaches are devised to
identify services, by applying multi-criteria selection
procedures, which can work together while contributing
towards the overall goal of the composition.
In this paper we describe an existing service composition
optimization approach and analyze its performance in solving
a multi-criteria optimization problem in cloud computing. The
problem relates to determining a set of cloud services that
when brought together (as composition) can ensure optimal
energy consumption in the cloud while satisfying the
application resource requirements and execution constraints.
In the rest of the paper, we provide an overview of the
composition optimization approach that we use for determining
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energy efficient application deployment configurations
(Section II). Further we describe the application domain of the
optimization approach and the problem we aim to solve using
the approach (Section III). In Section IV we describe the
design of the experiments and Section V presents the results of
the experimentations that show suitability of the optimization
approach in achieving the desired objective. Section VI
describes an adaptation model devised to ensure minimal
energy consumption by application throughout their
deployment lifecycle on the cloud. In the end, Section VII
presents an overview of existing work on energy efficiency in
cloud computing before drawing direction for our future work
in this area.
II.

OVERVIEW OF COMPOSITION OPTIMIZATION APPROACH

Here we provide an overview of an existing composition
optimization approach that we use in our study. The
optimization approach [2] was basically developed for
semantically annotated services or semantic web services and
uses semantic link-based approach [2] for service composition.
In this approach a link is established between the output and
input parameter of two services in a way to partially link them
based on a matching functionality. This matching functionality
is represented by a matching function that enables, at design
time, finding some types of compatibilities and
incompatibilities among the descriptions of different services.
The links between services in a composition are valued based
on two functional quality criterion derived from heuristics [7].
a. Common description of a link between two services the first criterion estimates the proportion of service
descriptions and how they match with each other.
b. Matching quality of a link - the second criterion
calculates the matching quality between service links as a
function of cost. Where, lower cost represents better matching
quality between two services.
In the optimization approach [2] the above functional
quality model is extended by considering non-functional
properties of services (also known as Quality of Service or QoS
parameters) in the composition. In [2] these QoS parameters
include Price (i.e. fee requested by the service provider) and

Response Time (i.e. expected delay between request and
response time of a service). Based on this extended quality
model the best quality link (between two services in a
composition) is the one with best functional quality (common
description, matching quality) and non-functional quality (the
cheapest and fastest services).
In this respect, the optimization approach determines the
quality of a service composition by considering the overall
matching quality (functional and non-functional) of its links.
The prototype implementation of the optimization approach
(described in [2]) is based on the interplay of three components
described below:
i.
Service repository (implemented as a database) to
store candidate web-services.
ii. Optimizer or genetic algorithm (implemented in Java)
to compute the best set of services in a composition while
considering the functional and non-functional quality
constraints
iii. DL Reasoner (an adaptation of Fact++ [1]) to
compute the quality of links between different services.
In the next section, we elaborate how the existing
optimization approach was adapted for achieving the desired
objective in cloud computing domain.
III.

COMPOSITION PROBLEM AND CANDIDATE SERVICES

In this section we describe an application and a cloud
model. Together these two models form the basis of the
problem that we address by applying the composition
optimization approach from Section II.
A. Application model and composition problem
We assume that applications are composed of one or more
tasks (sample shown in Figure 2) that can be deployed in a
single VM or in distributed VMs at different physical hosts in a
cloud infrastructure.
Each task has specific resource requirements (e.g. memory,
CPU) that need to be fulfilled for successful execution of the
task as well as the overall application. Furthermore, tasks
interact or exchange information with each other. Based on this
model, an application can be represented by a process template
that specifies the set of tasks required for successful execution
of application, interlinked in a specific order based on any
execution-level constraints. The tasks in a process can be
annotated with information about specific resource
requirements and any execution level constraints. Based on the
availability of an annotated process the problem, addressed in
this paper, is to find a set of cloud services that, when brought
together, can adequately perform the tasks (i.e. satisfy task
requirements and constraints) while consuming minimal
energy.
B. Cloud model and candidate services
We consider a federated cloud model where the cloud is
composed of multiple cloud sites brought together in a
federation (cf. [8]). The different layers of federated cloud are
shown
in
Figure 1. Based on this layered representation, a federated

cloud is composed of more than one cloud site, where each site
can have more than one physical host and each host can run
one or more VMs.

Figure 1: Layered representation of federated cloud
infrastructure
Since application deployment in cloud typically involves
analyzing the suitability of resources (e.g. available CPU, free
memory) offered by physical hosts against the requirements
and execution constraints of applications, we consider the host
layer as an adequate level to consider in an application
deployment decision making model.
Hence, we assume in a federated cloud scenario physical
hosts can be represented by cloud services, in a way that each
cloud service possesses the following characteristics that
contribute towards application deployment decision making:
• Free memory
• Available CPU
• Number of active VMs
• Power Consumption (in appropriate measures)
The availability of different cloud services in a federated
cloud scenario represents opportunities for the execution of the
application tasks on different physical hosts - across distributed
cloud sites. In this respect, more cloud services mean more
chances of finding suitable cloud services for the execution of
tasks, which could mean more complexity in computing the
suitability and compatibility of services that can be used in a
composition.
IV. DETERMINING APPLICATION DEPLOYMENT
CONFIGURATIONS UISNG SERVICE COMPOSITION
Based on the availability of a process template and set of
cloud services, we designed some experiments with the
purpose to analyze the suitability of the service composition
optimization approach (from Section II) in determining energy
efficient application deployment configurations. The
experiments also allowed us to study the effects of dynamic
changes (in the numbers and characteristics of candidate cloud
services) on the behavior of the optimization approach.
The design of the experiments involves the following:
Services: the offerings of each physical host in the federated
cloud were represented by a cloud service (or web-service in
the context of the experiments). Cloud services were annotated
with semantic descriptions about the functionality (or
resources) they offered and all services were stored in a
centralized service repository.
Application: an application (to be deployed on cloud) was
represented by a process template composed of several tasks
interlinked using a combination of sequential patterns as well
as AND/OR branching operators representing execution level

constraints, as shown in Figure 2. Each task w
was annotated to
describe the resource requirements, executioon constraints or
dependencies. The task annotations enableed searching for
candidate cloud services that can offer suitaable functionality
(or resources) based on specific requirements aand constraints.
Composition Optimization: We modiified the task
annotations and service descriptions to maatch the specific
nature of cloud computing domain. Thus enaabling functional
quality parameter Common Description (aas described in
Section II) to look for task-service pairs bbased on domain
specific information. Furthermore, since w
we were mainly
interested in optimizing the service compossitions based on
energy consumption parameter the non-fuunctional quality
parameter Price (from Section II) represennted the energy
consumption unit for cloud services in the com
mposition.
Thus in our experimentation a composittion with lowest
overall price represented most energy efficcient deployment
configuration for the underlying application.

h an empirical maximum of
the service repository until we reach
10,000 services; then 2) gradually those services’ parameters
are semi-randomly changed to refl
flect variations in available
resources; finally 3) the numberr of services is reduced
gradually until 200 services is reached again. At each
simulation cycle, the genetic alg
gorithm was requested to
optimize the process template using the available set of
services. This process was don
ne to analyze how the
optimization results changed over time by making
differentiations in the problem the genetic algorithm is
optimizing. This emulates the dynamism which the
optimization approach does not hav
ve control over but have to
take into account by consecutive op
ptimizations.
The idea was to analyze the variations of optimization
outputs after several consecutivee optimizations based on
functional and non-functional (succh as common description
and energy consumption) criteria. Thus the total execution
time of the application and physicaal location where the cloud
services were deployed was not takeen into account.
We consider that 20 simulation
ns are sufficient to provide
any statistical significance to thee results. Yet we ran 40
simulations in our experiment and calculated the median after
each simulation cycle. The median was chosen because it does
not assume any underlying distributtion in the analyzed data.

Figure 2: Process template showing varioous tasks of
application
mulations where
Our experimentation involved a set of sim
each simulation involved the following three sstages:
1. The simulation starts with a process template, where
different (annotated) application tasks arre organized in a
specific order. Once the experiment is initiated the
service composition module searches the service
repository for candidate services that can perform the
different tasks in the process. The resultt of this step is a
non-optimal composition where at leaast one suitable
cloud service is associated with each tassk in the process.
The services are selected based onn matching task
requirements with services descriptions/oofferings.
2. Next, the composition is optimized by replacing certain
services in the template with better alterrnatives from the
service repository. Here, the optimizatiion approach [2]
evaluates the combination of task-servicce pairs based on
function and non-functional optimizationn criteria.
3. We execute the previous step 63 times during a
simulation. At each execution (simulaation cycle) we
dynamically changed the pool of availlable services to
simulate the dynamism that may be aattributed to the
changes in application resource requirem
ments, properties
of cloud resources and their availabilityy. Consequently,
the genetic algorithm optimizes a pproblem slightly
different from one time to the next one.
V.

RESULTS FROM EXPERIMEETNS

Each simulation is composed of thhree stages of
approximately 21 simulation cycles each: 1) starting from an
initial number of 200 services, services are addded gradually to

Figure 3: Distribution of Price in 40 simulations
(consult colored version of figurees for better appreciation)
Figure 3 shows the distribution of Price (or overall energy
consumption) over 40 simulations. Here, it can be appreciated
that the price variation at the begin
nning is higher than at any
other time during the experimeent. This is because the
optimization starts with a non-optim
mal composition. Hence, it
is evident in Figure 3 that the optiimization approach tries to
keep the price at the minimum whille yielding consecutive low
price or energy efficient compositio
ons despite the variations in
the number and properties of servicees.
Figure 4 presents the median of the
t Price and the number of
services available. Here the three simulation stages are clearer;
it can be appreciated that as the num
mber of services drops, the
Price goes up. This is expected beccause the size of the search

space is reduced (less services) prompting thee algorithm to do
its best with minimum services.

f composition rather than
the number of services available for
by those selected for the optimal on
ne.
The above results support the usse of optimization approach
for streamlining resource usage thaat can turn improve energy
efficiency in cloud computing. The
T
results also show the
ability of the optimization approaach to perform well under
dynamic situations when changees are introduced in the
properties and number of available resources. The outcome of
our experimentation i.e. an optimized service composition can
be easily translated into an energy efficient application
deployment configuration allowin
ng different tasks of the
application to be deployed or re-d
deployed on specific cloud
services to achieve energy efficiency
e
in the cloud
infrastructure.

Figure 4: Price (median) vs number of servicces. The scale of
the Y axis has been adjusted for better apppreciation
Figure 5 depicts the distribution of compoosition Quality in
the whole experiment. Here quality is m
measured as cost
between 0 and 1, hence lower cost refers too better match or
compatibility between services. Similar too the Price, the
Quality shows more variation at the beeginning of the
experiment and at the end. However, whenn the number of
services goes to 10,000, the Quality stabiliizes at the same
point in all the 40 simulations. Clearly thhis parameter is
affected by the number of services available foor optimization.
Figure 6: Price (median) vs quality (median)
VI.

Figure 5: Distribution of Quality in 40 ssimulations
(Smoothing filter has been applied for better appreciation)
Finally, Figure 6 illustrates the medianns of Price and
Quality. It can be seen that both parameters vvalues are higher
when the number of services is reduced, i.e. at the beginning
and at the end of the experiment. Yet thee Price is more
sensitive to slight variations of services becaause it is directly
dependent on the individual services selectedd for the optimal
composition. On the other hand, Quality is m
mainly affected by

RUNTIME ADATPPATION MODEL

As mentioned in Section IIII.B application tasks are
executed in cloud services which are associated with certain
hardware and software charactteristics such as energy
consumption and number of VMs. Once an application is
deployed in the cloud, in many casees the allocation of tasks to
cloud services may become ineffficient prior to actual task
execution. For example when a task has not started execution
because it is waiting for input, when new cloud services
appear or disappear or when thee characteristics of cloud
services, namely memory, CPU av
vailability and numbers of
VMs change dynamically e.g. when some of these
characteristics are modified by prev
vious task allocations.
Furthermore, there may be caases where cloud service
availability is dynamically modifieed such as when hosts are
temporarily not available due to haardware and network faults
and varying host availability. Thereefore it becomes mandatory
that allocation of tasks to cloud serrvices adapts on runtime to
ensure energy-efficient operation off the cloud infrastructure.
Additionally a centralised coorrdination authority is not
always the best option. In deccentralised cloud settings
establishing and maintaining a cen
ntralised coordinator incurs
considerable overheads and is pron
ne to bottleneck delays and
network faults. Furthermore, in centralised cloud settings
avoiding central reconfiguration ressults in less CPU usage and

communication traffic between involved parties which in turn
contributes towards energy efficiency. Consequently there are
valid arguments for run-time re-arrangement of task allocation
to cloud services in a decentralised manner aiming to
adaptively optimise energy efficiency.
A well-known approach to distributed problem solving is
utility-based optimisation, which is widely applied in many
application domains [9][10]. In this approach distributed
problem solving components are assumed to take rational
decisions aiming to maximise their individual utility.
Component utility is calculated using a suitable utility function
and each component bases its decision on the calculated utility
associated with alternative decision options by identifying the
option that would result in maximum individual utility.
Components are generally not fully interconnected and a key
aspect is that the individual component utility depends on the
decisions that have been previously taken by its neighbours,
namely the components to which it is directly connected. The
overall system utility is commonly calculated as a sum of the
individual component utilities and therefore the local decisions
towards maximising individual utilities contribute towards
maximising the overall system utility. Due to the
interdependency of component utilities the above optimisation
process generally requires more than one step since at each
step a component may select to change its decision if the
utility resulting from the alternative options has changed due
to recent changes to decisions by its neighbours. This
generates an evolutionary process which in many cases has
been found to produce quite satisfactory results [11] and has
been shown to be applicable in adaptive management of cloud
infrastructure resources [12].
We propose to use a utility-based decentralised optimisation
scheme for run-time adaptive task-to-cloud service allocation
aiming to optimise energy efficiency.
Let T a directed acyclic task graph comprising M tasks and
S a set of N cloud services. The edges of T define execution
precedence relations between tasks, that is to start executing a
task requires all its predecessors to have finished execution.
Otherwise tasks can be executed at any order.
Each task has specific memory, CPU, and number of
VMs requirements, namely
,
and
. Each cloud
service
has specific memory, CPU and number of VM
,
and
respectively.
capacities denoted by
Furthermore, each
consumes amount of energy per unit
time when in operation.
Cloud services belong to service federations, Furthermore,
we consider that each cloud service comprises a CPU capacity
. We further consider that the CPU requirement
of
task is also measured in instructions per second (ips) and we
denote by the required duration of task execution.
The main underlying assumption is that to optimise energy
efficiency, tasks are assigned to cloud services in a manner
that task requirements are met and energy consumption is
minimised. However, task execution does not necessarily
begin immediately, for example in the case where tasks are
waiting for input that will be produced from preceding tasks in
the task graph. The operating system may be utilising this

unused CPU capacity for internal tasks, however the
application tasks are guaranteed to receive the allocated CPU
capacity when they are ready to commence execution, hereby
we assume a real-time task execution approach.
Hence, the expected energy consumption
of each task
assigned to cloud service depends on its estimated duration
and the unit energy consumption requirement of the cloud
service to which it is allocated. That is:
(1)
Following the utility-based optimization approach [9][10]
the utility of each task is defined as the inverse of its expected
energy consumption, that is:
1
(2)
and the global system utility is defined as the sum of
all individual task utilities:(3)
The way utility functions have been defined is unrelated to
the task dependency relations and concerns only energy
consumption. Then the problem to be solved is defined as:
max

subject to:

,

,
1. .

where is the number of tasks allocated to cloud service .
We consider that each task is represented by an appropriate
software component, such as a software agent. This
representation enables tasks to maintain connections with the
in the same task graph . Furthermore, tasks
other tasks
maintain links to other cloud services in the federation that
are not currently assigned a task of task graph .
Therefore, a task is aware of the characteristics, such as
memory, cpu and number of VMs, of all cloud services in the
federation of the cloud service it is currently assigned to, and
of all cloud services of the federations that the other tasks of
the same task graph are currently assigned to. Tasks are
initially assigned to cloud services by some external authority
and then act independently. Finally, the availability of cloud
services can also vary resulting in a fully dynamic model.
When tasks select a service to execute them they become
associated with that service, they transfer there if located
remotely, and they are placed in a queue waiting for execution.
Tasks can change their selected service before the start of their

execution according to utility-based local optimization rules
described in Algorithm 1. A simple way to trigger adaptation
is to have each task periodically check the utility of the current
service selection and modify it as needed.
Let be the cloud services assigned with a task from the
same task graph as or belonging to the same federation as
the cloud service currently assigned with task . For every
cloud service we denote with ,
and
the amounts
of currently available memory, CPU capacity and VMs
respectively. Then for each task currently allocated to cloud
service we can apply the following algorithm:
Algorithm 1:
0
1
while
| | do
and
and
and
if
then
1
end if

site cloud infrastructure. Further, in [6], Lingberg et al provide
an overview of eight scheduling algorithms that can be used in
scheduling tasks on a distributed system with the aim to
minimize energy consumption subject to task resource
requirements and constraints. The algorithms use a variety of
techniques such as iterative, greedy, constructive and genetic.
The results from simulating the algorithms in a simulation
testbed are used in the performance comparison, allowing the
selection of different algorithms based on specific
requirements. The work presented in this paper can be seen as
an addition to the set of techniques discussed in [6].
In our future work, we intend to introduce more cloud
related parameters in the optimization approach (such as
network traffic and latency) and study the behavior of
optimization
approach
when
considering
cross-site
demographics and application execution time constraints.
Further, we intend to evaluate the run-time adaptation model by
means of experimentation or simulation before investigating
the integration of two models (for initial deployment and
runtime adaptation) in a comprehensive energy efficiency
application deployment solution for federated clouds.

1
end while
,
Successive applications of the above algorithm for all tasks
that have not yet started their execution will result in
adaptively balancing task allocation so that overall energy
consumption is reduced. However further experimentation is
required to identify the algorithm behaviour for different types
of task graphs and cloud service federations. Furthermore,
possible extensions to the algorithm than would reduce the
number of iterations need to be examined.
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