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Abstract—In this paper, we address energy-aware online scheduling of jobs with resource contention. We propose an optimization model and present new approach to resource allocation with job concentration taking
into account types of applications and heterogeneous workloads that could include CPU-intensive, diskintensive, I/O-intensive, memory-intensive, network-intensive, and other applications. When jobs of one
type are allocated to the same resource, they may create a bottleneck and resource contention either in CPU,
memory, disk or network. It may result in degradation of the system performance and increasing energy consumption. We focus on energy characteristics of applications, and show that an intelligent allocation strategy
can further improve energy consumption compared with traditional approaches. We propose heterogeneous
job consolidation algorithms and validate them by conducting a performance evaluation study using the
Cloud Sim toolkit under different scenarios and real data. We analyze several scheduling algorithms depending on the type and amount of information they require.
DOI: 10.1134/S0361768817030021

1. INTRODUCTION
Cloud computing is an on-demand distributed
model widely accepted by public and private organizations. The cloud providers offer computational
resources and services that guarantee the Quality-ofService (QoS) requirements. One of the main components of the operational cost of the system, and thus
one of the major concerns of the cloud provider is the
energy expenditure.
Inefficient resource management has a direct negative impact on performance and cost. In the shared
environments, it is often difficult to optimize energy
consumption of physical resources and virtual
machines (VMs) with different type of tasks (CPUintensive, disk-intensive, I/O-intensive, memory1 The article is published in the original.

intensive, network-intensive, etc.). Detailed energy
management at granular levels should be used to optimize resource usage and profitability [1].
In this paper, we propose an energy optimization
model and heterogeneous job consolidation algorithms for energy-aware scheduling. Both of them take
into account types of applications.
We evaluate energy efficiency of our strategies on
real data under different scenarios and compare them
with ones proposed in the literature.
The paper is structured as follow. Section 2 reviews
related work on the energy optimization. Section 3
presents the problem definition, while the proposed
scheduling algorithms are described in Section 4. Section 5 provides details of the experimental setup. Section 6 describes the methodology used for the analysis.
Experimental validation is reported in Section 7.
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CPU utilization

CPU utilization
Fig. 1. Linear function of energy consumption versus CPU
utilization (%).

Fig. 2. Stepwise function of energy consumption versus
CPU utilization (%).

Finally, Section 8 concludes the paper by presenting
main contribution and future work.

Figure 1 descripts the behavior of energy consumption according to the described model varying CPU
utilization.
HSFL – Hybrid Shuffled Frog Leaping algorithm
by Luo et al. [3]. The resource management scheme
used in the paper guarantees user quality of service
(QoS) specified by SLAs, and achieves energy saving.
The authors use VM migrations technology to consolidate resources. Low utilized and idle hosts are
switched to power saving mode to achieve energy saving while ensuring QoS.
The authors assume that the host energy consumption exhibits an almost linear proportion to CPU
energy consumption. Moreover, the energy consumption of an idle host accounts for 70% of full load operation energy consumption, considering the energy
consumed during VM migrations. Energy consumption at any given time h is defined as follows:

2. RELATED WORK
Energy required by computers for their operation,
power supply, and cooling contribute significantly to
the total operational costs. Reducing energy consumption has emerged as one the main research issues
both in industry and academia. Here, we briefly discuss energy-aware resource allocation algorithms presented in the literature.
EMVM – Energy-aware resource allocation heuristics for efficient management, by Beloglazov et al.
[2]. The authors present resource provisioning and
allocation algorithms utilizing the dynamic consolidation of VMs and describe principles of energy-efficient
management in Cloud computing environments. It is
shown that the consolidation leads to a substantial
reduction of energy consumption in comparison with
static resource allocation techniques.
The used power consumption model is

P (u) = kPmax + (1 − k )Pmaxu,
where is the maximum power consumption when the
server is fully utilized; is the fraction of power consumed by the idle server (i.e. 0.7); and is the CPU utilization.
The total energy consumption is defined as an integral of the power consumed over a given time interval:
t1

∫

E = P (u(t ))dt.
t0

When VMs do not use all resources, they can be
consolidated to the minimum number of physical
nodes. Idle nodes can be switched to the sleep mode to
eliminate the idle power consumption.
PROGRAMMING AND COMPUTER SOFTWARE

E (h) = 0.7E max (h) + 0.3Utlz(h)E max (h)

+ 0.1E max

∑T (i).
i∈v

E max (h) is the energy consumption when host is in full
load. Utlz(h) is the average utilization rate of the host
processor, v is the collection of VM migrations, and
T (i ) is the migration time of VM i. The relation
between CPU utilization and energy consumption is
similar to one presented in Fig. 1.
AETC – Algorithm of Energy-aware Task Consolidation, by Hsu et al. [4]. The authors propose an
energy-aware task consolidation (ETC) technique to
minimize energy consumption. ETC is designed to
work in a data center for VMs that reside on the same
rack or on racks with permanent bandwidth. It restricts
CPU use above a specified peak threshold of 70% by
consolidating tasks amongst virtual clusters. Furthermore, the energy cost considers network latency, when
a task migrates to another virtual cluster. The idle state
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of virtual machines and network transmission are
assumed to have a constant part of the total energy
consumption.
The simulation results show that ETC can reduce
power consumption by managing task consolidation
for Cloud systems.
Figure 2 shows the percentage of energy consumption depending on the CPU utilization used in ETC
algorithm.
The model assumes energy consumption E(Vi) =
α W / s in the idle state. An additional energy β is
required for executing tasks when CPU utilization is
increased.

⎧P static + Pi dynamic ,
Pi (ui (t )) = ⎨ i
⎩0, o. w.

ui (t ) > 0,

Pi static is the power consumed during the idle time of a
computing node defined as: Pi static = α Pi staticPi max is
the power consumed when a host works with its maximum utilization. is the constant ratio of the static power
of a host to its maximum power (0 < α ≤ 1) which
depends on the physical characteristics of a host.
Dynamic power consumption is:

Pi dynamic = (Pi max − Pi static )ui (t ).
If the system uses the power P(u), the energy con-

⎧α W / s, if is idle,
⎪β + α W / s, if 0% < CPU util ≤ 20%,
⎪
⎪3β + α W / s, if 20% < CPU util ≤ 50%,
⎪
E (V i ) = ⎨5β + α W / s, if 50% < CPU util ≤ 70%,
⎪8β + α W / s, if 70% < CPU util ≤ 80%,
⎪
⎪11β + α W / s, if 80% < CPU util ≤ 90%,
⎪⎩12β + α W / s, if 90% < CPU util ≤ 100%.
The energy consumption of a virtual machine V i
during the time period [t 0, t m ] is defined as follows:
m

E 0,m(V i ) =

∑E (V ).
t

i

t =0

For a given a virtual cluster, which consists of VMs,
the energy consumption is calculated as follows:
n

E 0,m(VC k ) =

∑E

0, m (V i ).

i =0

CTES – Cooperative Two-Tier Energy-Aware
Scheduling, by Hosseinimotlagh et al. [5]. The
authors address a cooperative two-tier task scheduling
approach with regulation of the execution speeds of
tasks in order to reach an optimum level of utilization
instead of migrating tasks to other hosts. Several predictive global task scheduling policies are proposed to
map arrived tasks to feasible VMs. Simulation results
show that this approach reduces the total energy consumption of a Cloud.
The utilization ui (t ) of a host at time is defined as:
ah (t )
ui (t ) = i , where ahi (t ) is the allocated MIPS of
mhi
the host i, and mhi is the maximum computing power
of the host i. The authors assume that an idle host
changes its state to be powered off immediately. Thus,
the total power of a host is defined as:

t min
u
0

∫

sumption will be E =
P (u)dt , where tmin is the time
in which a host works at its maximum computing
power. Therefore, the energy consumption of host a is
obtained by:
E = [α + (1 − α)u]P max

t min
.
u

DVMA – A Decentralized Virtual Machine Migration Approach, by Wang et al. [6]. The authors address
a decentralized virtual machine migration approach.
They define a system model and power model based
on the load vectors, load information collection, VM
selection, and destination determination.
The power consumption of a physical node is calculated as follows:

Pi = α Pi max + (1 − α)Pi max θ.

where Pi max is the power consumption of the node
when it is fully utilized (i.e., it reaches 100% of CPU
utilization). α is the fraction of power consumed by an
idle node compared to a full utilized node, and θ is the
current CPU utilization. The percentage of energy
consumption depending on the CPU utilization is
similar to the one shown on Fig. 1. Performance evaluation results illustrate that the approach can achieve
better load balancing and less power consumption
than other strategies.
EDRP – Energy and Deadline-aware Resource
Provisioning, by Gao et al. [7]. The authors focus on
the problem of minimizing the operation cost of a
Cloud system by maximizing its energy efficiency
while ensuring that user deadlines as defined in Service Level Agreements are met. They take into account
two types of workload models, independent batch
requests and task graphs with dependencies.
The model of power consumption at time includes
x
the static power consumption Pstatic
(t ) , and the
x
dynamic power consumption Pdynamic(t ) . Both of them
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is a constant, when Utilx(t) > 0, and 0, other-

x
wise. The relationship between Pdynamic
(t ) and Utilx(t)
is complex. Servers have optimal utilization levels Optx
in terms of performance-per-Watt.

It is commonly accepted that for modern servers
Optx ≈ 0.7, and the increase in power consumption
beyond this operating point is more drastic than when
Utilx(t) < Optx. Even for identical utilization levels, the
energy efficiency of different servers may vary. This is
captured by the coefficients αx and βx, representing
the power consumption increase when Utilx(t) < Optx
x
and Utilx(t) ≥ Optx, respectively. Pdynamic
(t ) is calculated as:

•

[2]

[5]
[6]

•

[7]

•

•

•

•

[8]

•

•

•

•

[9]

⎛ Lmax x
⎞
x
COSP =
⎜ (Pstatic(t ) + Pdinamic(t )) ⎟ ,
⎜
⎟
⎠
x =1 ⎝ t =1
M

∑ ∑

where Lmax is the upper bound of the maximum
schedule length.
Figure 3 shows the energy consumption depending
on the CPU utilization.
BFDP – Best Fit Decreasing Power, by Luo et al.
[8]. The authors propose a simulation-driven methodology with an energy model based on polynomial
LASSO (least absolute shrinkage and selection operator) regression. The resource scheduling algorithm
BFDP aims to improve the energy efficiency without
degrading the QoS considering four type of jobs:
CPU-intensive, Memory-intensive, Network-intensive and I/O-intensive. The authors introduced utilization thresholds to alleviate the over-consolidation
issue in the Best-Fit strategy. The results showed that
BFDP creates less SLA violations than the BFDR in
light workloads.

⎧Util x (t )α x , if (Util x (t ) < Opt x ),
⎪
2
⎨Opt x α x + (Util x (t ) − Opt x ) β x ,
⎪if (Util x (t ) ≥ Opt x ).
⎩
The authors point out that the exact formulation of
x
Pdynamic
(t )

does not undermine the analysis, since its
increment is faster when Util x (t ) ≥ Opt x than when
Util x (t ) < Opt x .
The total energy consumption is the sum of the
power consumption across all servers throughout the
operation time interval:
PROGRAMMING AND COMPUTER SOFTWARE

•

•

I/O-Intensive

•

Static

Clairvoyant

•

•

are correlated with the CPU utilization rate Utilx(t) at
time t. Utilx(t) considers only CPU requirements of the
hosted VMs, and does not differentiate between VMs
that are running tasks and idle VMs, since background
CPU activity is needed even during idle periods.
x
Pstatic
(t )

Deadline

•

Energy

AETC

Utilization

•

CPU-Intenvive

•

Dynamic

•

Migration

HSFL

•
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m

yi = β 0 +

∑β φ ( x ) + ε ,
j

j

i

i

j =1

where φ j ( x i ) is the kernel function, xi is the CPU and
memory utilization. β i is the parameter determined
through the model training process. ε i is a constant.
Figure 4 presents a relationship between CPU,
memory utilization, and full-system power.
PAHD – Power-aware Applications Hybrid
Deployment, by Liu et al. [9]. The authors present
I/O-Intensive and CPU-Intensive applications to
optimize resource utilization within virtualized environments. The experimental evaluation uses Xen as
the Virtual Machine Monitor. The experimental
results show that power efficiency is improved up to
2% to 12% under different resource allocation configurations when compared with the default deployment.
The main conclusion of the work is that allocating
twice as much CPU for CPU-Intensive applications
compared to I/O-Intensive application allows obtaining a significant improvement of the power efficiency.
Table 1 presents the summary of the related work about
energy-aware resource allocation algorithms. The table
includes information about the application domains, the
main characteristics of the proposed algorithms, and the
criteria used to evaluate their performance.
3. PROBLEM DEFINITION
We consider a computing system that consists of m
homogeneous servers described by tuples {s, mem,
band, eff} , where s is a computational power, characterized by a number of operations per unit of time it is
capable to perform (MIPS), mem is the amount of mem-

ory (MB), band is the available bandwidth (Mbps), and
eff is energy efficiency (MIPS per watt). We also assume
that computers have enough resources to execute any job.
The main objective of the proposed strategies is to mini-

mize the total energy consumption E op of running workloads, while guarantee the QoS requirements.
3.1. Job Model

We consider independent jobs J 1, J 2, … , J i . The
job J j is described by a tuple J j = (r j , type j , c j ) , where
r j ≥ 0 is the released time; c j is a compute capacity
guaranteed for the application. It represents a user
quality of service (QoS) specified by corresponding
SLA (Service-Level Agreement). The release time r j
of a job is not available before the job is submitted.
type j characterizes a job as CPU-intensive, diskintensive, memory-intensive, network-intensive, I/O
intensive, etc.

Normalized power
consumtion

The nonlinear energy model is defined by:

1.0
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Type B

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
CPU utilization
Fig. 5. Normalized power consumption of jobs A and B
versus CPU utilization.
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Table 2. Job allocation strategies
Type
Know ledge Free

Energy aware

Strategy

Description

Rand

Allocates job j to a suitable machine randomly using a uniform distribution in the range [1…m]

FFit (First Fit)

Allocates job j to the first machine available and capable to execute it;

RR (Round Robin)

Allocates job j to the machine available and capable to execute by
Round Robin strategy

Min_L (Min load)

Allocates job у to the machine with the least load at time rj:
mini = 1…m{ni}

Min_Te (Min-Total_energy) Allocates job j to the machine with minimum total energy consumption
at time rj: min i =1…m
Min_e (Min-energy)

(∑

)

rj
proc
e
(t )
t =1 i

Allocates job j to the machine with minimum power consumption
at time rj: min i =1…m (eiproc (r j ))

Utilization aware

Min_u (Min-utilization)

Allocates job j to the machine with minimum total utilization at time rj
proc

min i =1…m (ui
Max_u (Max-utilization)

)

Allocates job j to the machine with maximum total utilization at time rj

max i =1…m (uiproc )
Min_ujt (Min-util_job_type) Allocates job j to the machine with minimum utilization of jobs
of the same type at time rj
Allocates job j to the machine with minimum concentration of jobs
of the same type at time rj

3.2. Energy Model
We follow a nonlinear hybrid model of energy consumption proposed in [25]. Our model takes into
account power consumption of individual jobs and
their combinations.
We assume that applications of different types with
the same CPU utilization contribute differently to the
total power consumptions due to using different hardware.
In this paper, we consider two types of applications
(type A and type B). Figure 5 descripts the normalized
power consumption of these jobs versus CPU utilization.
Characteristics of these jobs influence differently
on power consumption due to corresponding hardware characteristics. Moreover, allocation of two different applications on the same server could cause
reduced power consumption, less than the sum of the
irindividual power consumptions.
It also has an impact on performance enhancement
avoiding creation of a bottleneck (either in CPU, disk
or network) that may result in additional degradation
of the system performance and increased energy consumption.
The power consumption at time consists of two
parts: the idle power consumption when the processor
PROGRAMMING AND COMPUTER SOFTWARE

proc
is turned on, but not used eidle
, and the power coni
proc
sumption when the processor is in use e used
(t ):
i
proc
proc
eiproc(t ) = oi (t )(eidle
+ e used
(t )U i (t ) r )
i
i

where oi (t ) = 1, if the processor is on at time t, and
oi (t ) = 0, otherwise. U i (t ) is the utilization at time t, r
is a coefficient proposed in [11] to use non-linear
power profiles.
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proc
proc
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= ((emax
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)β(α A (t ))),
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i
i
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proc
where emax
is the maximum power consumption when
i
the processor is fully utilized. β(α A (t )) is the coefficient that represents the increment of power consumption when a processor runs different types of
U A (t )
applications. α A (t ) =
is the concentraU A (t ) + U B (t )
tion (proportion) of jobs of type A among jobs allocated to the processor at the time t.

Due to the diversity of applications types, and their
combinations, we propose to use the aggregated utilization of each application type instead of considering
all possible job combinations. We consider the aggregated utilization as a sum of utilizations of jobs of the
same type. The aggregated utilization U A (t ) of all jobs
of type A allocated to the processor at time t is:

U A (t ) =

∑u (t).
j

j∈ A

The utilization of a processor contributed by a job at
c (t )
time is defined as: u j (t ) = j , where is the computs
ing capacity guaranteed for the application, and is the
maximum computing power (MIPS) of the processor.
Figure 6 shows the power consumption depending on
the concentration of jobs of type A, when the processor runs jobs A and B.
The total power consumption is the integral of the
power consumed during operation time C max :
cmax

E

op

=

∫

t =1

m

E opdt,

with

E op (t ) =

∑e
i =1

proc
(t ).
i

proc
proc
We define as a reference value eidle
.
= 0 . 2emax
i
i
We set β(α A ) = 1, for α A = 1, (when all jobs are type A),
and β(α A ) = 0 . 9 for α A = 0 (when all jobs are type B).

Figure 7 shows the normalized power consumption
depending on the CPU utilization and proportion of jobs
A, when the processor runs two types of applications.
In Figure 7, we can see that when the CPU utilization is low, the power consumption is low. In this case,
the combination of jobs has no significant impact on
the total power consumption; the lower blue zone has
a flat surface.
Left and right zones of the surface reflect the predominance of type A jobs and type B jobs, respectively. In both cases, we can observe that when utilization increases to its highest level, power consumption
also increases to its highest level.
On the other hand, if the concentration stays in
balance between the two types of jobs, even, if the utilization increases to its highest level of 0.8–1, the
power consumption does not reach its highest level.
4. SCHEDULING ALGORITHMS
In this section, we describe our scheduling
approach and the energy-aware algorithms.

4.1. Scheduling Approach

We address a basic two-level scheduling approach
[12–15]. At the upper level, the system, having a general view of job requests and available resources, allocates jobs to suitable (admissible) machines using a
given selection criteria. The local resource management system executes jobs on the lower level.
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Fig. 8. Number of jobs per week.

4.2. Allocation Strategies
The decision making process for job allocation is
based on different criteria. In this paper, we study ten
allocation strategies Rand (Random), FFit (First Fit),
RR (Round Robin), Min_L (Min Load), Min_Te
(Min Total_energy), Min_e (Min energy), Min_u
(Min utilization), Max_u (Max utilization), Min_ujt
(Min utilization of job type), and Min_c (Min-concentration) (see Table 2).
We categorize them in three groups by the type and
amount of information used for allocation decision:
(1) knowledge-free, with no information about applications and resources [16–18, 26]; (2) energy-aware,
with power consumption information; and (3)utilization-aware with CPU utilization information.
5. EXPERIMENTAL SETUP
In this section, we present the experimental setup,
including workload and evaluation scenarios, and
describes the methodology used for the analysis. All
experiments are performed using the Cloud Sim testbed: a framework for modeling and simulation of
cloud computing infrastructures and services. It is a
standard trace based simulator used to study cloud
resource management problems. We have extended
Cloud Sim to include our algorithms using the java
(JDK 7u51) programming language.
5.1. Workload
Performance evaluation of scheduling strategies
requires careful experimentation in testbed environments. A critical element of these experiments is the
use of realistic workloads that can represent the
deployment conditions. Our workload is based on
traces of real HPC from Parallel Workloads Archive
[21], and grids from Grid Workload Archive [22]. It is
suitable for our scenarios, where machines are
intended to execute jobs traditionally executed on
Grids and HPC machines.
PROGRAMMING AND COMPUTER SOFTWARE
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The workloads include nine traces from: DAS2University of Amsterdam, DAS2–Delft University of
Technology, DAS2–Utrecht University, DAS2–
Leiden University, KHT, DAS2–Vrije University
Amsterdam, HPC2N, CTC, and LANL. Details
information about the log characteristics and workloads can be found in [21] and [22].
Some workload aspects such as the job demand
distribution over the time of a day, day of a week, and
time zones can affect the evaluation of the strategies.
Therefore, we use time normalization by shifting the
workloads by a certain time interval to represent a
more realistic setup. We consider time-zone normalization, recording time normalization, and invalid
jobs filtering. We fit all workloads to the same time
zone, so all traces begin at the same weekday and time
of the day. Note that the alignment is related to the
local time, hence, the time differences corresponding
to the original time zones are maintained.
Several filters are applied to remove jobs with
inconsistent information, for example, negative values
of submit time, runtime, number of allocated processors, requested time and user ID; job with failed or
partial execution, and canceled jobs (either before
starting or during run).
We also add two fields to the Standard Workload Format (swf) to describe the type of jobs and CPU utilization.
We address a non-clairvoyant on-line scheduling
problem, hence, scheduling decisions must be made
without complete information about the entire problem instance and any future jobs. Jobs arrive one by
one over time. The processing times of jobs are
unknown initially and during run time. They become
known only when jobs actually complete.
Figure 8 shows the characteristics of the workloads,
reporting the job distribution per week. In order to obtain
valid statistical values, we consider a thirty weeks workload. It depicts total number of jobs, the number of jobs
of type A and type B. Figure 8 shows the job distribution
per week. In order to obtain valid statistical values, we
consider a thirty weeks workload. It depicts total number
of jobs, the number of jobs of type A and type B.
In Fig. 8, we observe that there is no predominance
of one type of jobs in logs. Some weeks have more jobs
of type A, and others, more jobs of type B.
Additional features of the studied workloads are
presented in the workload characterization in Figures
A1 to A5 (in the Appendix). Figures A1, A2 and A3
report histograms for the total number of jobs per
hour, mean number of jobs per day, and per hours,
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Fig. 9. Power consumption degradation per week.

6.2. Performance Profile

ios, we set the values
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for the non-linear power profiles r = 1.5.
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6. METHODOLOGY OF THE ANALYSIS
6.1. Degradation in Performance
In order to provide effective guidance in choosing
the best strategy, we perform an analysis of the power
consumption according to the mean degradation
methodology proposed in Tsafrir et al. [24], and
applied for scheduling problems in [12, 17, 20].
First, we evaluate the degradation in performance (relative error) of each strategy under the metric. This is done
relative to the best performing strategy for the metric:

(γ − 1) × 100 with
strategy metric value
γ=
.
best found metric value
We average these values and rank the strategies.
The best strategy with the lowest average performance
degradation has rank 1. Note that we try to identify
strategies which perform reliably well in different scenarios; that is, we try to find a compromise that considers all our test cases. The rank of the strategy may be
not the same for all scenarios.
We present metric degradation averages to evaluate
performance of the strategies and study if some strategies tend to dominate results.

The performance profile ρ(τ) is a non-decreasing,
piecewise constant function that presents the probability that a ratio γ is within a factor of the best ratio
[23]. The function ρ(τ) is the cumulative distribution
function. Strategies with large probability ρ(τ) for
small are to be preferred.
7. EXPERIMENTAL VALIDATION
In this section, we report the experimental results
of the proposed strategies. First, we evaluate them
according to degradation in performance methodology described in Section 6.1 and present their ranking.
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5.2. Scenarios
Following the power consumption of a Fujitsu
PRIMERGY TX300 S7 processor [11], for our scenar-

The degradation approach allows analyze results
based on the mean values. To eliminate the influence
of a small portion of data with large deviation on the
benchmarking process, and help with the interpretation of the data, we present performance profiles of
our strategies.

δ

respectively. Figures A4 and A5 depict the distribution
of each type of job per week and hour, for a more
detailed analysis.
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Fig. 11. Performance profile of the power degradation of
10 strategies.
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Then, we present more detail analysis based on performance profiles of the strategies described in Section 6.2.
7.1. Power Consumption egradation Analysis
Figure 9 shows the power consumption degradation per week. A small percentage of degradation indicates that the performance of a strategy is close to the
best result obtained by all strategies. Therefore, small
degradations represent better results.
We observe that the degradations vary greatly week
per week, and from strategy to strategy. However,
Max_u shows worst behavior almost in all weeks, and
Min_c and Min_ujt show best behavior. Last two strategies dominate in all test cases.
Figure 10 shows the mean power consumption degradation over all weeks. Max_u, Min_Te, and FFit
strategies show worst power degradations and ranked
10, 9, 8, respectively. Min_c and Min_ujt are the best
strategies with the lowest average performance degradation and have ranks 1 and 2, respectively.
7.2. Performance profile analysis
As mentioned in Section 6, conclusions based on
the average values may have some negative aspects.
A small portion of problem instances with large deviation
could change the mean value and change conclusions
based on averages. To analyze results in more details, we
present performance profiles of the strategies.
Figure 11 shows the performance profiles of our 10
strategies according to power consumption in the
interval τ = [0, … , 0 . 2]. It displays large discrepancies
in the power consumption degradation on a substantial percentage of the problems.
Min_c has the highest ranking and the highest
probability of being the better strategy. If we choose
being within a factor of 0.01 from the best result as the
scope of our interest, the probability that it is the winner on a given problem is close to 1. Min_ujt has the
second highest ranking of being the best strategy.
Within a factor of 0.01 of the scope of our interest, it
wins with probability of 0.96.
8. CONCLUSIONS
In this paper, we propose new approach to resource
allocation taking into account application characteristics. The main idea of our approach is based on the fact
that different applications use different resources.
Applications might be computing-bound, heavily using
CPUs, I/O-bound, requiring high bandwidth, memorybound, disk-bound, etc. When jobs of one type are alloPROGRAMMING AND COMPUTER SOFTWARE
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cated to the same resource, they may create a bottleneck
and resource contention either in CPU, memory, disk or
network. It may result in degradation of the system performance and increasing energy consumption.
Current schedulers are unaware of the application
type. We propose to allocate them in controllable way,
and mix them in such a way that use resources more
efficiently with reduced power consumption.
In this paper, we propose and analyze a variety of
job allocation strategies that take into account both
dynamic resource state information and job properties. We conduct a comprehensive performance evaluation study of 10 strategies using the Cloud Sim toolkit
under different scenarios and real data. Our experimental analysis results in several contributions:
(a) We identify the problem of the allocation of jobs
with different characteristics to make sophisticated
scheduling decisions with respect to power consumption optimization;
(b) To provide effective guidance in choosing a
good strategy, we perform, first, an analysis based on
the degradation in performance of each strategy, then,
based on their performance profiles.
(c) We find that the information about the utilization of resources without knowledge of jobs types does
not help to improve significantly the allocation strategies. Based on these results, we show that being aware
of types of applications, we can apply intelligent allocation strategies using job concentration information
to improve energy consumption, and performance
enhancement avoiding creation of bottlenecks and
resource contentions either in CPU, disk or network.
(d) Simulation results presented in the paper reveal
that in terms of minimizing power consumption, min
concentration allocation strategy Min_c outperforms
other algorithms. It dominates in almost all test cases.
We conclude that the strategy is stable under different
conditions. It provides minor performance degradation and copes with different demands.
However, further study for energy consumption of
multiple job types and their concentration on the heterogeneous resources is required to assess the actual
efficiency and effectiveness of the proposed method.
Careful profiling and characterization of applications
into several categories is important to share resources
with least resource contention and power consumption. This will be the subject of future work for better
understanding of the resource contentions and their
impact on the energy consumption.
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