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EARTH: Energy-aware autonomic resource
scheduling in cloud computing

Sukhpal Singh∗ and Inderveer Chana
Department of Computer Science and Engineering, Thapar University, Patiala, Punjab, India

Abstract. In Cloud computing, data centers gain popularity as an effective platform for scheduling of resources and hosting
cloud applications. However, tremendous amount of energy is consumed by these data centers which leads to high operational
costs and contributes towards carbon footprints to the environment. Therefore, there is need of energy aware cloud based
framework which schedules computing resources automatically by considering energy consumption as a QoS parameter itself.
In this paper, we present fuzzy logic based energy-aware autonomic resource scheduling framework for cloud for energy
efficient scheduling of cloud computing resources in data centers. We have evaluated the proposed framework in CloudSim
based simulation environment and real cloud environment. The experimental results show that the proposed framework
performs better in terms of resource utilization and energy consumption along with other QoS parameters.
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1. Introduction

Cloud computing provides three types of services:
Infrastructure, Platform and Software using pay per
use model. Due to the cloud data centers, cloud pro-
vides effective and reliable infrastructure services
to the end user [1]. Presently, customer satisfac-
tion and performance is increased by deploying data
centers without taking care of energy consumption
in those datacenters. Great amount of energy con-
sumption leads to high operational cost and reduces
return on investment. Many governments have also
imposed constraints to reduce the carbon footprints
which effects environment. To solve this problem
there is a need to focus on energy efficiency along
with resource management in cloud. Larger IT com-
panies (Microsoft, Google and IBM) are increasing
their data centers every year to provide services to
the cloud user in a better way. Due to large energy
inefficiency, temperature increases gradually which
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leads to the failure of system and violates the Service
Level Agreement (SLA). Literature reported that data
center infrastructure generates over 70% of total heat
generated [6].

Other reason of wastage of energy is resources are
running in idle or underutilization state. Energy effi-
cient resource scheduling in cloud is a challenging
job and scheduling of appropriate resources to cloud
workloads depends on the QoS requirements of cloud
applications and energy consumption of comput-
ing resources. In cloud environment, heterogeneity,
uncertainty and dispersion of resources encounters
problems of energy consumption of resources, which
cannot be addressed with existing resource allocation
policies [3]. Energy saving and resource utiliza-
tion in case of heterogeneous cloud workloads is
very difficult to improve. Therefore, there is need of
cloud based framework which schedules computing
resources automatically by considering energy con-
sumption as a QoS parameter. Autonomic resource
scheduling is an ability to improve utilization of
resources and user satisfaction in autonomic systems
which are self-optimizing. Self-Optimizing is the
capability to efficiently maximize resource allocation
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and utilization for satisfying requirements of different
users.

This research work focuses on one of the important
aspects of self-optimization i.e. energy consump-
tion. The motivation of this paper is to design a
cloud based autonomic framework called EARTH
(Energy-aware Autonomic Resource management
TecHnique) for effective scheduling of resources
which considers energy consumption as an important
QoS parameter and maintains Service Level Agree-
ment (SLA). The main aim of this research work
is: i) to propose an autonomic resource schedul-
ing framework through fuzzy logic for execution of
heterogeneous workloads, ii) to optimize the QoS
parameters such as energy and resource utilization
and iii) to implement and perform evaluation with
existing work. Paper is structured as follows: Section
2 presents related work and contributions. Proposed
framework with problem statement and objectives is
presented in Section 3. Section 4 describes the exper-
imental setup used for performance evaluation and
results. Section 5 presents conclusions and future
directions.

2. Related work

This section is presenting the related work of
energy based resource scheduling and autonomic
resource scheduling in brief. Scheduling of resources
in cloud has been done through different techniques
existing in literature but energy saving is an impor-
tant factor that is difficult to optimize automatically
[22]. In past, many techniques like parallel pro-
cessing, multiprocessing and vector processing was
developed to improve the resource utilization and
energy consumption. After this hardware virtual-
ization and server virtualization was developed [1].
Recent techniques like live migration of VMs and
server virtualization is proposed to improve workload
consolidation and reliability [2]. Cloud comput-
ing is now using the concept of virtualization to
reduce energy consumption as reported from liter-
ature. Beloglazov et al. [4] presented energy based
resource scheduling technique for management of
data centers through virtualization by using virtual
network topologies to reduce energy consumption
but resource utilization is not considered. Anandhara-
jan et al. [5] proposed energy based load balancing
technique to reduce energy consumption through
dynamic voltage scaling only for homogeneous
workloads. Nguyen Quang-Hung et al. [6] presented

energy based genetic algorithm for static VM allo-
cation to reduce energy consumption. TsepoMofolo
et al. [7] proposed Modified Best Fit Data (MBFD)
algorithm based technique to improve resource uti-
lization without achieving energy improvement.

Suraj Pandey et al. [8] presented a Particle Swarm
Optimization (PSO) based heuristic to schedule the
applications to cloud resources that proceeds both
computation and data transmission cost. It is used for
workflow applications by changing its computation
and communication costs. Topcuoglu et al. [9] pre-
sented the HEFT (Heterogeneous Earliest Time First)
algorithm to discover the average execution time of
each workload and also the average communication
time among the resources of two workloads. Then
workloads in the workflow are well-ordered on a rank
function. Then the workload with higher rank value is
given higher priority. In the resource selection stage
workloads are scheduled in priorities and each work-
load is allocated to the resource that complete the
workload at the earliest time. Zhangjun Wu et al. [10]
suggested a Market Oriented Hierarchical Schedul-
ing (MOSH) approach which contains of both service
level scheduling and workload level scheduling. The
service level scheduling deals with the Task to Service
assignment and the workload level scheduling deals
with the optimization of the Task to Virtual Machine
assignment in local cloud data centers. Jia Yu et al.
[11] proposed a Cost Based Workflow Scheduling
(CBWS) algorithm reduces the execution cost how-
ever meeting the deadline for delivering results. It can
also adjust to the delays of service accomplishments
by rescheduling unexecuted workloads. Varalakshmi
et al. [19] described an OWS (Optimal Workflow
based Scheduling) framework to discover a solution
that tries to meet the user-desired QoS constraints
i.e. execution time. This paper shows slight improve-
ment in resource utilization is attained. But it does
not consider cost and energy as QoS parameters.
Wang et al. [20] presented an ACO (Ant Colony Opti-
mization) based job scheduling framework, which
adapts to dynamic characteristics of Cloud comput-
ing and incorporates particular benefits of ACO in
NP-hard problems. This approach reduced only job
completion time based on pheromone. Our Energy-
aware Autonomic Resource Scheduling Framework
(EARTH) has been compared with existing resource
scheduling framework as described in Table 1.

All the above research works have presented
energy, autonomic and resource scheduling in cloud
computing without considering the energy consump-
tion and resource utilization simultaneously and as a



S. Singh and I. Chana / EARTH: Energy-aware autonomic resource scheduling in cloud computing 1583

Table 1
Comparison of energy-aware autonomic resource scheduling framework with existing frameworks

Framework Mechanism Workload Type QoS Parameters

MBFD [7] Non-Autonomic Homogenous Resource Utilization
PSO [8] Non-Autonomic Homogenous Communication Cost
OWS [19] Non-Autonomic Homogenous Execution Time
ACO [20] Non-Autonomic Homogenous Completion Time
HEFT [9] Non-Autonomic Homogenous Communication Time
MOSH [10] Non-Autonomic Homogenous Execution Time
CBWS [11] Non-Autonomic Homogenous Execution Cost
EARTH Autonomic Homogenous and Energy, Resource Utilization, Energy

Heterogeneous Efficiency, Computing Capacity and Latency

QoS parameter in autonomic system and concept of
reallocation to reduce energy consumption.

None of the existing work considers heterogeneous
cloud workloads. In addition; our novel fuzzy logic
based energy aware autonomic resource scheduling
framework needs to consider the basic features of
cloud computing in order to execute the heteroge-
neous cloud workloads automatically with minimum
energy consumption and maximum resource utiliza-
tion along with other QoS parameters, which is not
considered in other existing work.

2.1. Our contributions

We have presented fuzzy logic based energy aware
resource scheduling framework for both homogenous
and heterogeneous cloud workloads. This is an exten-
sion of our previous work [3]. The proposed frame-
work focuses on how to map the cloud workload in
order to improve resource utilization and energy con-
sumption and other QoS parameters like latency and
computing capacity. Finally, we have validated our
proposed framework using CloudSim [14] and real
cloud environment and measured the variations. This
research work focuses on one important aspect of
self-optimization i.e. energy consumption. The main
contribution of this paper is: 1) Presents autonomic
resource scheduling framework which considers both
homogenous and heterogeneous Cloud workloads,
and 2) Uses Fuzzy logic to make the decisions
based on rules, 3) Optimizes the energy consump-
tion, resource utilization and other QoS parameters.
The proposed technique has been verified with the
help of case study in Cloud simulated environment.

3. Resource scheduling framework

Scheduling of resources in cloud is an impor-
tant part of resource management system. Mapping

of cloud workloads to appropriate resources is
mandatory to improve QoS parameters like energy
consumption, resource utilization etc. Based on
QoS requirements, scheduling finds and maps the
resources and workloads. This section presents the
resource scheduling framework as shown in Fig. 1.

Resource scheduling in previous work has been
done in following steps [3]: i) understand the expecta-
tions and requirements of Cloud user, ii) analyzed and
clustered the workloads through machine learning
algorithm i.e. k-means based clustering algorithm,
iii) finds the required number of resources, iv) maps
the resources and workloads and iv) schedule and
execute the workload on appropriate resources with
minimum time and cost. In our previous work [3], we
proposed four resource scheduling polices for opti-
mization of cost and time without considering energy
consumption, resource utilization as an important
QoS parameter. This scheduling framework exe-
cutes the workloads without self-optimization. But
in present scenario, there is need of Cloud based
framework which schedules computing resources
automatically by considering energy consumption
as a QoS parameter. In this research paper, we
focused on these two parameters and automated
the existing framework (Section 3.4). We presented
fuzzy logic based energy-aware autonomic resource
scheduling framework in Cloud for energy efficient
scheduling of Cloud computing resources in data
centers.

3.1. Objectives and commitments

The main objectives of this work are: i) To extend
the existing framework and propose an energy aware
autonomic resource scheduling framework using
fuzzy logic, ii) To reduce energy consumption and
improve resource utilization by considering energy
consumption as a QoS parameter and iii) To verify
the proposed framework.
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Fig. 1. Resource scheduling framework [3].

3.2. Problem statement

Cloud provider wants to improve resource uti-
lization and energy consumption [12]. Thus smaller
values of energy consumption would indicate that
the scheduler is planning the cloud workloads in
an efficient manner. Resource utilization is another
optimization criterion, which refers to the resource
usage of the cloud workload execution on a partic-
ular resource. The problem has been derived to get
an optimal solution. The problem can be expressed
as: To consider this problem, a set of independent
cloud workloads {w1, w2, w3, . . . , wm} to map
on a set of heterogeneous and dynamic resources
{r1, r2, r3, . . . , rn} has been taken. R = {rk1 ≤
k ≤ n} is the collection of resources and n is the total
number of resources. W = {wi|1 ≤ i ≤ m} is the col-

lection of cloud workloads and m is the total number
of cloud workloads [3].

3.3. Objective function

The goal of Cloud provider is to maximize the
resource utilization and minimize the actual energy
consumption. The Cloud workload will be executed
only when the Actual Energy Consumption denoted
asEnergymin is less than the threshold value of energy
consumption (Et). The energy model is devised on
the basis that processor utilization has a linear rela-
tionship with energy consumption. For a particular
Cloud workload, the information on its energy con-
sumption and processor utilization is sufficient to
measure the energy consumption for that Cloud work-
load [3]. The overall energy consumption of EARTH
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(Energy-aware Autonomic Resource management
TecHnique) can be expressed as the following for-
mula (Equation 1) [16]:

PCP = PCPDatacenter + PCPTransceivers

+PCPMemory + PCPExtra (1)

PCPDatacenter represents the datacenter’s energy
consumption, PCPTransceivers represents the energy
consumption of all the switching equipment.
PCPMemory represents the energy consumption of the
storage device. PCPExtra represents the energy con-
sumption of other parts, including the fans, the current
conversion loss and others [12]. The above formula
can be further disintegrated; a Cloud computing envi-
ronment with d datacenters, t transceivers equipment
and a centralized memory device, its energy con-
sumption can be expressed as (Equation 2):

PCP = d(PCPProcessor + PCPPrimaryStorage

+PCPSecondaryStorage + PCPMotherboards

+PCPNetworkCards) + t (PCPHardware

+PCPLANcards+
∑F

f=0
dconnectors,f +PCPf )

+(PNetworkAnalysisServer + PMemoryManager

+PNetworkAttachedStorageArrays) + PExtra (2)

The energy consumed by a transceiver and all
its ports can be defined as: where PCPHardware is
related to the power consumed by the transceiver,
PCPLANcards is the power consumed by any active
network LAN card, Pf corresponds to the power con-
sumed by a connector (port) running at the frequency
f. In above equation, only the last component appears
to be dependent on the link frequency while other
components, such as PCPHardware and PCPLANcards

remain fixed for all the duration of transceiver oper-
ation. Therefore, PCPHardware and PCPLANcards can
be avoided by turning the transceiver off or putting
it into sleep mode. For a particular Cloud workload,
the information on its energy consumption and pro-
cessor utilization is sufficient to measure the energy
consumption for that Cloud workload [3]. Pt′,b is the
power consumption (Equation 3) of a cloud workload
wt is defined as:

Pt′, b(r) = z × PCPmax + (1 − z) × PCPmax × r

(3)
Where PCPmax is maximum power consumption

while resource is fully utilized, z is fraction of power
consumed by idle resource and r is CPU utilization.

CPU utilization is change over time and it is function
of time and presented as r(t). For a resource rt at
given time period (t1 to t2), the server utilization Ut

is defined as (Equation 4):

Ut =
∫ t2

t1

c∑
b=1

Pt′,b(r(t)) dt (4)

where c is the number of cloud workloads running at
time t. The actual energy consumption Energymin of
a resource rt at given time t is defined as (Equation 5):

Energymin = (PCPmax − PCPmin) × Ut + PCPmin

(5)
where PCmax is the power consumption at the peak

load (or 100% utilization) and PCmin is the minimum
power consumption in the active/idle mode (or as low
as 1% utilization).

3.4. Mode of operation: Energy-aware
autonomic resource scheduling framework

In cloud computing, autonomic resource schedul-
ing is a complex task [1]. It is very difficult to
maintain SLA by fulfilling all the QoS require-
ments [2]. Based on these existing issues, we have
designed an energy based framework for resource
scheduling [12]. In this paper, we have extended
the existing work [3] by considering two important
QoS parameters through automation called EARTH
(Energy-aware Autonomic Resource management
TecHnique). The types of workload that have been
identified during workload analysis, are Websites,
Technological Computing, Endeavour Software, Per-
formance Testing, Online Transaction Processing,
E-Com, Central Financial Services, Storage and
Backup Services, Production Applications, Soft-
ware/Project Development and Testing, Graphics
Oriented, Critical Internet Applications and Mobile
Computing Services [13, 21]. Energy-aware auto-
nomic resource scheduling framework is shown in
Fig. 2.

This framework is based on IBM’s autonomic
model [18] that considers four steps of autonomic
system: 1) Monitor, 2) Analyze, 3) Plan and 4) Exe-
cute. The assumptions of proposed framework are: a)
Multi user accessing the cloud based system simulta-
neously, b) Workloads have different execution time
and c) Workloads have different deadlines. The units
of proposed framework are described below:



1586 S. Singh and I. Chana / EARTH: Energy-aware autonomic resource scheduling in cloud computing

                        Crisp 

Crisp I/P                  Crisp O/P    
                 Fuzzy Input                   Fuzzy Output 

Monitor Analyze Plan Executor 

Knowledge Base 

Fuzzification 
Interface 

Inference 
Engine 

Defuzzification 
Interface 

Sensors 
Effectors 

To monitor energy Manage alerts Select an Action  Execute Action 

To Measure Energy 
To Transfer new rules to other nodes  

Fuzzy Rule Base 

Fig. 2. Energy-aware Autonomic Resource Scheduling Framework.

Table 2
Actions and alerts

Alert Action

If the node is not working after as required. Restarting the failed node and use it, otherwise add new resources/node/VM according to
[Algorithm 3]

If there are insufficient resources available to
execute workload.

Add new resources/node/VM according to [Algorithm 3]

If the actual energy consumption is more
than threshold value of energy consumption
[Algorithm 4].

Use [Algorithm 3] to perform following actions:
1. Current node is declared as dead node.
2. Remove dead node.
3. Add new resource (s).
4. Reallocate resources.

3.4.1. Monitor [M]
Initially, Monitors are used to collect the informa-

tion from sensors (Sensors get the information about
energy consumption and resource utilization of all the
systems working under Cloud and update the infor-
mation time to time) for monitoring continuously the
value of energy consumption and resource utiliza-
tion and transfer this information to next module for
further analysis.

3.4.2. Analysis and Plan [AP]
Analyze and Plan module start analyzing the infor-

mation received from monitoring module and make
a plan for adequate actions for corresponding alert as
described in Table 2.

Once data has been analyzed then this frame-
work executes the actions corresponding to the alerts
automatically. We have used fuzzy logic [16, 17]
to execute the workloads based on requirements

(explained in next Section 3.4.4). The working of
proposed framework is shown in Fig. 3. Bulk of work-
loads is an input for the framework as shown in Fig. 3.

Execution Time: We have used following formula
to calculate Execution Time (Equation 6):

Execution Timei =
n∑

i=1

(
WCi − WSi

n

)
(6)

Where WCi is workload completion time and WSi

is workload submission time and n is the number of
workloads.

Deadline Urgency: We have used following for-
mula to calculate Deadline Urgency [3] (Equation
7):

Deadline Urgencyi =
n∑

i=1

(
Dti

Eti
− 1

)
(7)
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Fig. 3. Flowchart of Energy aware Autonomic Resource Scheduling Framework.

Fig. 4. Algorithm to find the execution priority of arriving workload.

Fig. 5. Algorithm to find the execution priority of arriving workload by considering deadline.
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Fig. 6. An algorithm to add VM/Resource with minimum energy consumption.

Fig. 7. Algorithm to compare the energy consumption.

Where Dti is deadline time and Eti is execution
time.

Deadline Time: We have used following formula
to calculate Deadline Time [3] (Equation 8):

Deadline Timei =
n∑

i=1

(Wdi − Cti) (8)

Where Wdi is deadline of workload and Cti is cur-
rent time.

Waiting Time: We have used following formula
to calculate Waiting Time (Equation 9):

Waiting Timei =
n∑

i−1

(
WEi − WSi

n

)
(9)

Where WEi is workload execution start time and
WSi is workload submission time and n is the number
of workloads.

Further, [Algorithm 4] is used to compare the
actual energy consumption (Energymin) with thresh-

old value of energy consumption (Et). If energy
consumption Energymin is less than threshold value
of energy then execution of workloads continues
otherwise it will generate alerts for analysis. [Algo-
rithm 4] is used in Energy-aware autonomic resource
scheduling and is shown in Fig. 7. Et is threshold
value of energy consumption and Energymin is actual
energy consumption. Input stage consists of three lin-
guistic variables: Workload Waiting Time (WWT),
Workload Execution Time (WET) and Resource
Energy Consumption (REC). Output is to execute
the workload first with highest priority [Workload
Processing Priority (WPP)] with minimum energy
consumption and maximum resource utilization. We
have classified workloads into two categories based
on Workload Processing Priority: urgent workloads
and non-urgent workloads. We used [Algorithm 1]
and [Algorithm 2] to calculate the Workload Pro-
cessing Priority (WPP). The algorithm to find the
execution priority of arriving workload is shown in
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Fig. 4. Output of [Algorithm 1] and workload dead-
line (Wdi) is used as input for [Algorithm 2] to
calculate the final priority of workload. The algo-
rithm used to find the execution priority of arriving
workload based on deadline is shown in Fig. 5. Work-
load with highest priority is put into the categories
of urgent workloads and remaining will be consid-
ered as non-urgent workloads. Fuzzy rules are used to
schedule the workloads according to their priorities.

Framework automatically checks the total work-
loads in the workload queue after each new workload
is added. Priorities of workloads are changing adap-
tively. The reason for changing priorities might be
priority of new added workload is higher. For this
workload deadline is mandatory to consider. Other-
wise, new workload with higher priority waits for
long time which leads to starvation and reduce user
satisfaction. Therefore, we used [Algorithm 1] and
[Algorithm 2] for this purpose. After finding the
Workload Processing Priority (WPP), framework cal-
culates the resource requirements. Whether resources
are sufficient for execution of workload (s) are pro-
vided or not. If the sufficient resources are provided
then start execution of workload otherwise add new
resources by using [Algorithm 3] as shown in Fig. 6.
This algorithm can also be used to remove the dead
node. In first step, sorting of VM based on resource
utilization is performed in decreasing order in [Algo-
rithm 4]. With the help of (Equations 1–5), energy
consumption is calculated and allocates the host from
VM list and then compares the energy consumption
with threshold value of energy. If energy consump-
tion Energymin is less than threshold value of energy
and workload is executing before deadline then exe-
cution of workloads continues otherwise no host is
allocated and process of reallocation is started using
[Algorithm 3].

After the minimum energy consumption, VMs
again allocated for further execution.

3.4.3. Executer [E]
Executor implements the plan after analyzing

completely. To reduce the latency and energy con-
sumption and improve resource utilization and energy
efficiency is a main objective of executor. Based on
the output (crisp output) given by analysis and execu-
tor tracks the new workload submission and resource
addition, and take the action according to rules
described in Section 3.4.2. Effector is used to trans-
fer the new policies, rules and alerts to other nodes
with updated information. Next section describes the
fuzzy rule based framework execution.

3.4.4. Fuzzy rule based autonomic framework
Energy-aware Autonomic Resource Scheduling

Framework always executes the workloads with high-
est priority (which has earliest deadline) as shown in
Fig. 2. The components of fuzzy logic system [16,
17] used in this framework is described below:

a) Fuzzy input and output variables: It is neces-
sary to find the input and output parameters for
fuzzy system. Basic information includes work-
load name, workload type, resource name and
resource type, but these parameters are constant,
does not effect on final output. Fuzzy inputs
include Workload waiting Time (WWT), Work-
load Execution Time (WET) and Resource
Energy Consumption (REC) and fuzzy output
is Workload Processing Priority (WPP). All the
three parameters are categorized into three lev-
els: Low (L), Medium (M) and High (H). All the
four variables are changing continuously due to
this, and hence these variables are considered.
Fuzzy outputs variable workload processing
priority. Further, all the input and output vari-
ables are classified into various groups. Every
group represents the fuzzy set on given input or
output. Based on this, fuzzy rule set is created
to define the behavior of fuzzy system and set-
ting the relationship among inputs and outputs.
Maximum waiting time fixed in this framework
is 50 seconds; otherwise it indicates shortage of
resources. Fuzzy input and output variables are
shown in Table 3.

b) Fuzzy membership functions (Inferences): In
this framework, three membership functions are
considered for every input and out variables:
Low, Medium and High. Based on these input
and output variable, inference engine is making
decisions. Block diagram of inference engine is
shown in Fig. 8.

Table 3
Fuzzy input and output variables

Workload Workload Resource Workload
waiting Execution Energy Processing
Time Time Consumption Priority
(WWT) (WET) (REC) (WPP)

L L L L
M M M M
H H H H

Fuzzy Inputs: Workload waiting Time (WWT): (from 1 to 50 sec-
onds) Workload Execution Time (WET): (from 1 to 10 seconds)
Resource Energy Consumption (REC): (from 1 to 10 kwh) Fuzzy
Outputs: Workload Processing Priority (WPP): (from 1 to 100)
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Workload Waiting Time (WWT) 

Workload Execution Time (WET) 

Resource Energy Consumption (REC) 

Workload Deadline 

Workload Processing Priority (WPP)
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Engine 

Fig. 8. Block diagram of inference engine.

Fig. 9. Fuzzy subsets of fuzzy inputs and fuzzy output.

Value of membership functions can be changed
based on the requirements and conditions of
every workload. After the inputs and outputs of
a fuzzy system are selected, they must be parti-
tioned into appropriate conceptual categories.
Based on selected inputs and outputs of the
fuzzy system, member functions are created
for better representation of relationship among
input and output variables. Each of these cat-
egories actually represents a fuzzy set on a
given input or output domain. The conceptual
partitions developed for the input and output
dimensions are used to create a fuzzy rule set
which determines the behavior of the fuzzy sys-
tem being constructed. This fuzzy rule set is
called the fuzzy algorithm for the system being
developed. The fuzzy rule set codifies the rela-
tionships that exist among the various partitions
of the inputs and outputs dimensions in the form
of member functions. Fuzzy subsets of fuzzy
inputs and fuzzy output are shown in Fig. 9.

From Fig. 9, it can be observed that the y-
axis is the degree of the membership of each
of the fuzzy variables. For the input fuzzy
variables the universe of discourse (the x-
axis) is the quantized sensed values for the
Workload Waiting Time (WWT), Workload
Execution Time (WET) and Resource Energy
Consumption (REC), respectively. For the out-
put fuzzy variable the universe of discourse
is Workload Processing Priority (WPP). How-
ever, the width and center of the membership
functions of these fuzzy subsets can be easily
changed and configured according to exterior
factors and conditions of workload and cloud
environment.

c) Fuzzy rule base:In the fuzzy logic system,
the working of inference engine is similar
to reasoning process of human. Workload
Waiting Time (WWT), Workload Execution
Time (WET) and Resource Energy Con-
sumption (REC) are antecedents and Workload
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Processing Priority (WPP) is consequent. Three
membership functions consider for every three
inputs. The number of rules for this system
is 81 based on 3 inputs (low, medium and
high) for every four variables (WWT, WET,
REC and WPP) [Total number of possible
rules = (Number of inputs)number of variables = 34

= 81 rules] as shown in Table 3). Several rules
are using simultaneously in inference process.
Following are the examples of rules:

If (WWT is High) and (WET is High) and
(REC is High) then (WPP is Low)

If (WWT is Low) and (WET is Low) and
(REC is Low) then (WPP is High)

d) Fuzzification: To find the degree of truth for
every rule, membership function is defined on
every input variable is applied to their actual
value. We used most popular operator “AND”
operator for fuzzy implementation. This func-
tion returns the lowest value of among these
values entered.

AND (WWT, WET, REC) = MINIMUM
(truth (WWT), truth (WET), truth (REC))

We used fuzzy “AND” operator to evaluate
the rules and produce another variable. Rule is
said to be fire if value is non-zero. For every rule,
resultant value is used to represent the degree of
truth. Apply the truth value of every rule to the
output value (WPP) is called inference process.
We used MINIMUM as an inference rules to
calculate the degree of truth through the use of
fuzzy logic “AND”. In MINIMUM inferencing
(used in this research), the output membership
function is clipped off at a height correspond-

ing to the rule premise’s computed degree of
truth (fuzzy logic AND).Composition process
produces the fuzzy subset, which can be further
used to convert to single crisp output through
Defuzzification.

e) Defuzzification: It is used to convert the value
of fuzzy output into crisp output value. We used
MAXIMUM method in this work for Defuzzi-
fication. In the MAXIMUM method, one of the
variable values at which the fuzzy subset has
its maximum truth value is chosen as the crisp
value for the output variable. We select the crisp
output for output variable at which fuzzy subset
has maximum.

4. Experimental setup and results

Tools used for setting Cloud environment are
Microsoft Visual Studio, NetBeans IDE 7.1.2,
CloudSim, IntegratedNETJavaWeb and SQL Server.
Microsoft Visual Studio 2010 is an Integrated Devel-
opment Environment from Microsoft. The integration
of multiple environments used to conduct experi-
ments is shown in Fig. 10.

Cloud user interacts with Cloud Workload
Management Framework through Cloud Workload
Management Portal (CWMP) to submit the workload
details. Table 4 shows the characteristics of resources
and cloudlets (workloads) that have been used for all
the simulations.

User information, workload detail and resource
detail are stored in database through SQL Server.
Energy-aware Autonomic Resource Scheduling
Framework (EARTH) is also tested on Real
Cloud Environment [THAPAR CLOUD] has been
established at Thapar University, India. For real

NETBEANS 

CloudSim 

Microsoft Visual Studio  
.NET FRAMEWORK

CWMP 
IntegratedNETJava

Web 

SQL 
SERVER 

Cloud 
Consumer 

Fig. 10. Cloud Based Testbed [3].
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Table 4
Scheduling parameters and their values

Parameter Value

Number of resources 50–250
Number of Cloudlets (Workloads) 3000
Bandwidth 1000–3000 B/S
Size of Cloud Workload 10000+ (10%–30%) MB
Number of PEs per machine 1
PE ratings 100–4000 MIPS
Cost per Cloud Workload $3–$5
Memory Size 2048–12576 MB
File size 300 + (15%–40%) MB
Cloud Workload output size 300 + (15%–50%) MB

experiment purposes, we categorized the nodes
into further four categories as shown in Table 5.
For Energy-aware Autonomic Resource Scheduling
Framework (EARTH), we have measured expected
performance (Autonomic QoS based RS (E)) in
simulated environment and actual performance
(Autonomic QoS based RS (A)) in real Cloud
Environment. Cloudworkload management portal is
implemented in. NET framework and framework is
running in Microsoft Visual Studio. NetBeans is used
to execute the CloudSim toolkit in which EARTH
has been implemented. The workload details gathered
from various users are transferred in a specific format
from. NET framework to NetBeans through the use
of IntegratedNETJavaWeb. We have explained the
description of simulation environment in our previous
work [3].

4.1. Experimental results

3000 independent Cloud workloads were gen-
erated randomly in CloudSim as Cloudlets. All
configurations about the resources will remain the
same during the experiment. In order to evaluate
the effectiveness of the scheduling framework, the
simulator namely CloudSim [14] has been used to
calculate the energy consumption for each of them.
The characteristics of resources and Cloudlets that
have been used for all the experiment is described
in detail in our previous work [3]. User Cloud
workloads are modeled as independent parallel appli-
cations are modeled which is computation intensive.

Thus the data dependency among the Cloud work-
loads in the parallel applications is negligible. Each
Cloud workload is parallel and is hence considered
to be independent of any other Cloud workload.
Fuzzy logic based energy aware autonomic resource
scheduling framework has been tested experimen-
tally using three different types of test cases and
case study along with statistical analysis. Test Case 1
presents the comparison of average value of energy
consumption and average value of resource uti-
lization for both fuzzy logic based energy aware
autonomic resource scheduling (RS) (QoS aware)
and non-QoS aware resource scheduling technique
with same number of workloads. Test Case 2 presents
the experimental results with different number of
workloads (500–3000) for resource utilization and
energy consumption. In this test case, both expected
performance (Autonomic QoS based RS (E)) and
actual performance (Autonomic QoS based RS (A))
for fuzzy logic based energy aware autonomic
resource scheduling (RS) framework has been mea-
sured and compared with non-QoS aware resource
scheduling technique. Computing nodes described in
Table 5 has been used to measure actual performance
by installing different nodes on differ machines while
expected performance is performed by using cloud
based simulation environment as shown in Table 4.
Test Case 3 presents the experimental resultsdiffer-
ent number of clusters (a) Compute (C1), b) Storage
(C2), c) Communication (C3) and d) Administra-
tion (C4)) with different deadline (0 ≤ Du ≤ 1).
Resource utilization and energy consumption for dif-
ferent type of clusters has been tested experimentally
because simulation result will be very different for
different workloads (different deadline). Test Case
3 helps to find the effective cluster which provides
best results for resource utilization and energy con-
sumption with different number of workloads and
different value of their deadline. Test Case 4 presents
convergence curve of integrated algorithm to verify
the stability of fuzzy logic based energy-aware auto-
nomic resource scheduling framework with different
value of resource utilizations. To validate fuzzy logic
based energy-aware autonomic resource scheduling

Table 5
Configuration details of THAPAR CLOUD

Configuration Specifications Operating Node

Intel Core 2 Duo - 2.4 GHz 1 GB RAM and 160 GB HDD Window 52
Intel Core i5-2310- 2.9GHz 1 GB RAM and 160 GB HDD Linux 14
Intel XEON E 52407-2.2 GHz 2 GB RAM and 320 GB HDD Linux 2
Intel XEON E 5620- 2.4 GHz 2 GB RAM and 320 GB HDD Window 1
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framework, performance evaluation through virtual-
ization by considering five important QoS parameters
(resource utilization, energy consumption, energy
efficiency, computing capacity and latency) in the
form of case study of “Banking Datacenters” has been
presented to study the effect of over and underutiliza-
tion of resource at run time. Different experiments
has been conducted with the variations in the num-
ber of workloads submitted through virtualization by
using different nodes as described in Table 5. Sta-
tistical significance of the results has been analyzed
by coefficient of variation, a statistical method to sta-
tistical measure of the distribution of data about the
mean value to find the stability of fuzzy logic based
energy-aware autonomic resource scheduling frame-
work with small value of coefficient of variation.

Test Case 1: Same number of Workloads
Figure 11, shows that the energy consumption of

same number of workloads is lesser with fuzzy logic
based energy aware autonomic resource scheduling
(RS) (QoS aware) as compared to non-QoS aware
resource scheduling technique. Average energy con-
sumption is decreased by 15.15% in QoS aware as
compared to non-QoS. Figure 12, shows the aver-
age resource utilization also increases 10.2% with
fuzzy logic based energy aware autonomic resource
scheduling framework (QoS aware) as compared to
non-QoS based resource scheduling.

Test Case 2: Different number of Workloads
Figure 13, shows that the energy consumption of

different number of workloads (500–3000) is lesser
with fuzzy logic based energy aware autonomic
resource scheduling (RS) framework (QoS aware) but
increases without QoS aware resource scheduling.

For fuzzy logic based energy aware autonomic
resource scheduling (RS) framework, we have mea-
sured expected performance (Autonomic QoS based
RS (E)) and actual performance (Autonomic QoS
based RS (A)).

Fig. 11. Comparison of energy consumption with same number of
workloads.

Fig. 12. Comparison of resource utilization with same number of
workloads.

Fig. 13. Comparison of energy consumption with different number
of workloads.

Fig. 14. Comparison of resource utilization with different number
of workloads.

In our experiments, actual performance is per-
formed by installing different nodes on differ
machines as described in Table 5 while expected
performance is performed by using cloud based simu-
lation environment. Energy consumed in Autonomic
QoS based RS (A) is more than Autonomic QoS
based RS (E) but lesser than Non-QoS based RS. Fig-
ure 14, shows the resource utilization increaseswith
fuzzy logic based energy aware autonomic resource
scheduling framework (QoS aware) as compared to
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Fig. 15. Comparison of energy consumption with different number
of workloads at Deadline (Du > 0.75).

Fig. 16. Comparison of energy consumption with different number
of workloads at Deadline (0.25 ≤ Du ≤ 0.75).

non-QoS based resource scheduling but resource uti-
lization in Autonomic QoS based RS (A) is lesser
than Autonomic QoS based RS (E).

Test Case 3: Different number of Clusters with
different Deadline

We have clustered the workloads through K-Means
based clustering algorithm in our previous work
[3] namely: a) Compute (C1), b) Storage (C2), c)
Communication (C3) and d) Administration (C4).
We also considered the Deadline Urgency (Du) and
grouped in three categories [3]: i) Du > 0.75, ii)
0.25 ≤ Du ≤ 0.75 and iii) Du < 0.25. Experiment
has been performed to know the variation in energy
consumption and resource utilization with different
number of clusters with different deadline. Figure 15
shows the energy consumption of different number
of workloads (500–3000) with fuzzy logic based
energy aware autonomic resource scheduling (RS)
framework (QoS aware) for different number of clus-
ters with deadline (Du > 0.75). Energy consumption

Fig. 17. Comparison of energy consumption with different number
of workloads at Deadline (Du < 0.25).

Fig. 18. Comparison of Resource Utilization with different num-
ber of workloads at Deadline (Du > 0.75).

of different number of workloads (500–3000) with
fuzzy logic based energy aware autonomic resource
scheduling (RS) framework (QoS aware) for differ-
ent number of clusters with deadline (0.25 ≤ Du ≤
0.75), as shown in Fig. 16. Figure 17 shows the
energy consumption of different number of work-
loads (500–3000) with fuzzy logic based energy
aware autonomic resource scheduling (RS) frame-
work (QoS aware) for different number of clusters
with deadline (Du < 0.25).

Figure 18 shows the resource utilization with
different number of workloads (500–3000) with
fuzzy logic based energy aware autonomic resource
scheduling (RS) framework (QoS aware) for differ-
ent number of clusters with deadline (Du > 0.75).
Resource utilization with different number of work-
loads (500–3000) with fuzzy logic based energy
aware autonomic resource scheduling (RS) frame-
work (QoS aware) for different number of clusters
with deadline (0.25 ≤ Du ≤ 0.75), as shown in
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Fig. 19. Comparison of Resource Utilization with different num-
ber of workloads at Deadline (0.25 ≤ Du ≤ 0.75).

Fig. 20. Comparison of Resource Utilization with different num-
ber of workloads at Deadline (Du < 0.25).

Fig. 19. Figure 20 shows the resource utilization
with different number of workloads (500–3000) with
fuzzy logic based energy aware autonomic resource
scheduling (RS) framework (QoS aware) for different
number of clusters with deadline (Du < 0.25).

Test Case 4: Convergence of Integrated Algo-
rithm

Figure 21 plots the convergence of total energy
consumption computed by integrated algorithm over
the number of iterations for different value of
Resource Utilization (RU): 55%, 65%, 75% and 85%
by executing different number of workloads. Initially
the workloads are randomly initialized. Therefore,
the total initial energy consumption is very high at
0th iteration. As the algorithm progresses, the con-
vergence is drastic and achieves global minima very
quickly. The number of iterations required for the
convergence is seen to be 60–70, for our cloud envi-
ronment.

4.2. Case study: Banking datacenters

To validate our novel fuzzy logic based energy-
aware autonomic resource scheduling framework, we
have presented performance evaluation through vir-
tualization by considering other QoS parameters in
the form of case study of “Banking Datacenters”. We
have studied case study of “Green Investment Bank:
Citibank UK data centre cut its energy usage in first
of a kind project” to analyze the energy consump-
tion in banking datacenters [15]. It is very difficult to
reduce the energy consumption in datacenters used in
banking systems because all the servers are working
24 × 7 to provide the reliable service to customers.
The working of this banking system is studied from
centralized website of “http://www.ctrls.in”. In the
existing banking system, scheduling of resources is
done without considering the concept of autonomic
and other QoS (energy etc.) parameters, which leads
to overutilization of resources and more energy con-

Fig. 21. Convergence curve of total energy consumption.

http://www.ctrls.in
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sumption. To solve this problem, we have considered
five QoS parameters [21] (Resource Utilizationis
used to monitor the underutilization and over uti-
lization of resources, Energy Consumption is used
to calculate the consumption of energy, Energy Effi-
ciency is used to calculate the energy consumed
to successfully execute the workloads, Computing
Capacity is used to calculate the usage time of
resources and Latency is used to calculate the time
difference in execution of workload) in this case study
to validate our fuzzy logic based energy-aware auto-
nomic resource scheduling framework. Performance
of all the five QoS parameters has been evaluated
and as compared with non-autonomic based resource
scheduling. For verifying proposed framework, we
have conducted experiments with the variations in the
number of workloads submitted through virtualiza-
tion by using different nodes as described in Table 5.
This case study reflects the scheduling of resources
similar to Cloud environment.

Test Case 1: Resource Utilization
We have calculated percentage of resource uti-

lization for both fuzzy logic based energy-aware
autonomic resource scheduling framework and non-
autonomic based resource scheduling with different
number of Cloud workloads. Resource utilization is a
ratio of actual time spent by resource to execute work-
load to total uptime of resource for single resource.
We have used following formula to calculate resource
utilization (Equation 10):

Resource Utilizationi

=
n∑

i=1

(
actual time spent by resource to execute workload

total uptime of resource

)

(10)

With increasing the number of Cloud workloads,
the percentage of resource utilization is increasing.
The percentage of resource utilization in fuzzy logic
based energy-aware autonomic resource schedul-
ing framework (autonomic) is more as compared
to non-autonomic based resource scheduling (non-
autonomic) at different number of Cloud workloads
as shown in Fig. 22. The maximum percentage of
resource utilization is 94.1% at 3000 cloud work-
loads.

Test Case 2: Energy Consumption
We have calculated value of energy consump-

tion in Kilo Watt Hour (kwh) for both fuzzy based
energy-aware autonomic resource scheduling frame-
work and non-autonomic based resource scheduling
with different number of Cloud workloads using for-

Fig. 22. Influence of change in number of workloads submitted on
Resource Utilization.

mulas discussed in Section 3.3 (Equations 1–5). With
increasing the number of Cloud workloads, the value
of energy consumption is increasing. The minimum
value of energy consumption is 16 kwh at 500 cloud
workloads. Fuzzy logic based energy-aware auto-
nomic resource scheduling framework (autonomic)
performs better than non-autonomic based resource
scheduling (non-autonomic) in terms of energy con-
sumption at different number of Cloud workloads as
shown in Fig. 23.

Test Case 3: Energy Efficiency
We have calculated value of energy efficiency

for both fuzzy logic based energy-aware autonomic
resource scheduling framework and non-autonomic
based resource scheduling with different number of
Cloud workloads. Energy efficiency is a ratio of num-
ber of workloads successfully executed in a data
center to total energy consumed to execute those

Fig. 23. Influence of change in number of workloads submitted on
Energy Consumption.
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Fig. 24. Influence of change in number of workloads submitted on
Energy Efficiency.

workloads. We have used following formula to cal-
culate energy efficiency (Equation 11):

Energy Efficiencyi

=
n∑

i=1

(
number of workloads successfully executed in a data center

total energy consumed to execute those workloads

)
(11)

With increasing the number of Cloud workloads,
the value of energy efficiency is decreasing. The value
of energy efficiency in fuzzy logic based energy-
aware autonomic resource scheduling framework
(autonomic) is more as compared to non-autonomic
based resource scheduling (non-autonomic) at differ-
ent number of Cloud workloads as shown in Fig. 24.
The maximum value of energy efficiency is 93% at
500 cloud workloads.

Test Case 4: Computing Capacity
We have calculated value of Computing Capacity

for both fuzzy logic based energy-aware autonomic
resource scheduling framework and non-autonomic
based resource scheduling with different num-
ber of Cloud workloads. Computing Capacity
is a ratio of actual usage time of resource to
expected usage time of resource. We have used fol-
lowing formula to calculate Computing Capacity
(Equation 12):

Computing Capacityi

=
n∑

i=1

(
actual usage time of resource

expected usage time of resource

)
(12)

With increasing the number of Cloud workloads,
the value of Computing Capacity is decreasing.
Fuzzy logic based energy-aware autonomic resource
scheduling framework (autonomic) performs better
than non-autonomic based resource scheduling (non-
autonomic) at different number of Cloud workloads

Fig. 25. Influence of change in number of workloads submitted on
Computing Capacity.

as shown in Fig. 25. The minimum value of comput-
ing capacity is 1.91 at 3000 cloud workloads.

Test Case 5: Latency
We have calculated value of latency for both

fuzzy logic based energy-aware autonomic resource
scheduling framework and non-autonomic based
resource scheduling with different number of Cloud
workloads. Latency is a defined as difference of time
of input cloud workload and time of output produced
with respect to that workload. We have used following
formula to calculate Latency (Equation 13):

Latencyi

=
n∑

i=1

(time of output produced after execution

−time of input of cloud workload) (13)

With increasing the number of Cloud workloads,
the value of latency is increasing. The value of
latency in fuzzy logic based energy-aware auto-
nomic resource scheduling framework (autonomic) is
lesser as compared to non-autonomic based resource
scheduling (non-autonomic) at different number of
Cloud workloads as shown in Fig. 26. The mini-
mum value of latency is 1.24 seconds at 500 cloud
workloads.

4.3. Statistical analysis

Statistical significance of the results has been ana-
lyzed by Coefficient of Variation (Coff. of Var.), a
statistical method.Coff. of Var. is statistical measure
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Fig. 26. Influence of change in number of workloads submitted on
Latency.

of the distribution of data about the mean value.
Coff. of Var. is used to compare to different means
and furthermore offer an overall analysis of per-
formance of the framework used for creating the
statistics. It states the deviation of the data as a propor-
tion of its average value, and is calculated as follows
(Equation 14):

Coff. of Var. = SD

M
× 100 (14)

Where SD is a standard deviation and M is mean.
Coff. of Var. of resource utilization and energy
consumption has been studied of Cloud workload
of both fuzzy logic based energy-aware auto-
nomic resource scheduling framework (autonomic)
and non-autonomic based resource scheduling
(non-autonomic)as shown in Figs. 27 and 28.
Coff. of Var. calculated for resource utilization and
energy consumption results attained by fuzzy logic
based energy-aware autonomic resource scheduling
framework (autonomic) and non-autonomic based
resource scheduling (non-autonomic). Range of
Coff. of Var. (0.6%–2.10%) for resource utiliza-
tion and (1.36%–3.91%) for energy consumption
approves the stability of fuzzy logic based energy-
aware autonomic resource scheduling framework
(autonomic) as shown in Figs. 27 and 28.

Small value of Coff. of Var. signifies fuzzy logic
based energy-aware autonomic resource scheduling
framework (autonomic) is more efficient in resource
scheduling in the situations where the number of
Cloud workloads has changed. Value of Coff. of Var.

increases as the number of workloads is increas-
ing. Statistical analysis demonstrates the fuzzy logic
based energy-aware autonomic resource scheduling
framework (autonomic) outperforms non-autonomic
based resource scheduling for large numbers of Cloud
workloads. With small value of Coff. of Var. system

0

1

2

3

4

5

50
0

10
00

15
00

20
00

25
00

30
00

Co
effi

ci
en

t 
of

 V
ar

ia
nc

e 
(%

) 

Number of Workloads 

Non-Autonomic

Autonomic

Fig. 27. CoV for Resource Utilization with each scheduling tech-
nique.

Fig. 28. CoV for Energy Consumption with each scheduling tech-
nique.

is more stable fuzzy logic based energy-aware auto-
nomic resource scheduling technique (autonomic)
attained the best results in the Cloud for resource uti-
lization and energy consumption as QoS parameters.

4.4. Discussions

The performance of fuzzy logic based energy-
aware autonomic resource scheduling framework
has been compared with existing non-autonomic
based resource scheduling. The performance of
proposed framework has been analyzed with dif-
ferent number of cloud workloads and resources.
The performance of fuzzy logic based energy-
aware autonomic resource scheduling framework has
been evaluated with respect to resource utilization,
energy consumption, energy efficiency, computing
capacity and latency through case study. Energy
consumption and resource utilization permits the
evaluation for selection of resources whereas duration
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of workload execution evaluates by latency and com-
puting capacity. Fuzzy logic based energy-aware
autonomic resource scheduling framework improves
the resource utilization by up to 12.04% com-
pared to existing non-autonomic based resource
scheduling. Fuzzy logic based energy-aware auto-
nomic resource scheduling framework reduces the
energy consumption by up to 17.02% compared to
non-autonomic based resource scheduling. The con-
sequences describe that the computing capacity is
decreased by increasing the number of workloads.
With increasing the number of workloads, the latency
is increasing. The Fuzzy logic based energy-aware
autonomic resource scheduling framework executes
the same number of Cloud workloads at a mini-
mum energy consumption and maximum resource
utilization. The energy consumption is increasing
with the increase in number of Cloud workloads
and the resource utilization of proposed framework
for same number of Cloud workloads is better.
The non-autonomic based resource scheduling based
workload’s execution caused in a schedule which
is less efficient in comparison to the Fuzzy based
energy-aware autonomic resource scheduling frame-
work. The workload execution using the Fuzzy logic
based energy-aware autonomic resource schedul-
ing framework performs better as shown by all the
experimental results. The overall energy consump-
tion for Cloud consumer’s workload execution is
less. With the increase in resource utilization, the
more number of resources are utilized efficiently. The
Fuzzy logic based energy-aware autonomic resource
scheduling framework executes the same number of
Cloud workloads at a minimum energy consumption,
computing capacity, latency and maximum resource
utilization and energy efficiency. Considering all
these QoS parameters and simulation outcomes, it
is shown that the Fuzzy logic based energy-aware
autonomic resource scheduling framework delivers a
superior autonomic solution for heterogeneous Cloud
workloads and approximate optimum solution for
challenges of resource scheduling.

5. Conclusions and future directions

In this paper, fuzzy logic based energy aware
resource scheduling framework has been proposed.
Proposed framework has been validated in CloudSim
based simulation environment, and real cloud envi-
ronment and the experimental results perform
better in terms of resource utilization and energy

consumption. The proposed framework considers
heterogeneous workload for resource scheduling and
uses the concept of reallocation of VMs to improve
resource utilization. This framework considers only
two QoS parameters of self-optimization. We will
develop a QoS aware autonomic resource provision-
ing and scheduling technique which will consider
self-healing (find and react to sudden faults), self-
optimization (maximize resource utilization and cost
and time efficiency), self-configuration (capability to
readjust resources) and self-protecting (detection and
protection of cyber-attacks).
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