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Context and Motivations

Using devices with a long-lasting battery
~Is VERY pleasant!

" Successful apps MUST k track B

how much they consume.

Measuring or estimating energy
consumption is a key winning factor
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PowerScope:
A Tool for Profiling the Energy Usage of Mobile Applications

Jason Flinn and M. Satyanarayanan

Green Mining: Investigating Power Consumption across Versions

Abram Hindle
Department of Computing Science
University of Alberta,
Edmonton, Canada
abram.hindle @ualberta.ca

Abstract—Power consumption is increasingly becoming a
concern for not only electrical engineers, but for software en-
gineers as well, due to the increasing popularity of new power-
limited contexts such as mobile-computing, smart-phones and
cloud-computing. Software changes can alter software power
consumption behaviour and can cause power performance
regressions. By tracking software power consumption we can
build models to provide suggestions to avoid power regressions.
There is much research on software power consumption, but
little focus on the relationship between software changes and
power consumption. Most work measures the power consump-
tion of a single software task; instead we seek to extend this
work across the history (revisions) of a project. We develop a
set of tests for a well established product and then run those
tests across all versions of the product while recording the
power usage of these tests. We provide and demonstrate a
methodology that enables the analysis of power consumption
performance for over 500 nightly builds of Firefox 3.6; we
show that software change does induce changes in power
consumption. This methodology and case study are a first step
towards combining power measurement and mining software
repositories research, thus enabling developers to avoid power
regressions via power consumption awareness.

Keywords-power; power consumption; mining software
repositories; dynamic analysis; sustainable-software

I. INTRODUCTION

Until recently, the effect of software, such as desktop
applications and server software, on power consumption
has been ignored under the tacit assumption that software
engineers could use all available resources; but with the
advent of contexts such as mobile and cloud computing it is
clear that the design and implementation of software has
a significant impact on power consumption and software
engineers should be aware of it.

Within these contexts resources are limited: smart-
phones/mobile devices have slower CPUs and limited battery
life; cloud computing nodes are resource limited in terms of
CPU speed, memory size, disk I/O [1], heat, and network
bandwidth, all of which use power; software services con-
sume power by simply being available. It is estimated [2],
[3] that computer power usage alone costs many mid-sized
businesses more than $100000 per year, producing over 1000
tonnes of C'O,! Thus resource conservation results in more
availability, more battery-life, and smaller power bills.

Current power consumption research tends to focus on
CPU usage and ignores the actual patterns of power con-

sumption induced by software evolution and change [4]-
[6]. Thus we propose green mining, a research agenda
that aims to help developers understand power consumption
issues related to their code, based on a corpus of software
changes associated with power consumption. Green mining
rests on two pillars, mining software repositories research, to
find actual software changes, and instrumentation combined
with dynamic analysis, in order to measure and correlate
change to power usage. Mining software repositories (MSR)
research is about the analysis of artifacts found within the
huge corpus of software-repositories, such as the version
control systems of open-source projects [7]. Instrumentation
and dynamic analysis will be used to investigate the factors
and resource utilization of changing software. We will look
at each change in a version control system and dynami-
cally measure its effect on power consumption. We plan
to compile these patterns of software changes in order to
answer questions about software power consumption. Green
mining leverages historical information extracted from
the corpus of publicly available software to help provide
software power consumption advice.

Green Mining models how software maintenance impacts
a system’s power usage. It aims to help software engineers
reduce the power consumption of their own software by
estimating the impact of software modifications on power
consumption. This is a novel extension of mining software
repositories research into the realm of software-based power
consumption as previous research does not address the effect
of software change on power consumption. Our research
questions include:

« Does Software Change relate to power consumption?
« What information needs to be gathered to estimate
power consumption? Is CPU measurement enough?

This work has a potential environmental impact: deployed
software will consume less resources and thus have a direct
reduction on the CO; emissions [3). This work is indus-
trially relevant because vendors interested in GreenIT [3],
such as Apple, Microsoft, Intel, and IBM, have already
begun investing in power-management documentation and
tools [8]-[12].

In this paper we will address the first steps towards green
mining: measuring the power use of multiple versions of a
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Software-Based Energy Profiling of Android Apps:
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Abstract—Modeling the power profile of mobile applications is
a crucial activity to identify the causes behind energy leaks. To
this aim, researchers have proposed hardware-based tools as well
as model-based and software-based techniques to approximate
the actual energy profile. However, all these solutions present
their own advantages and disadvantages. Hardware-based tools
are highly precise, but at the same time their use is bound to
the acquisition of costly hardware components. Model-based tools
require the calibration of parameters needed to correctly create a
model on a specific hardware device. Software-based approaches
do not need any hardware components, but they rely on battery
measurements and, thus, they are hardware-assisted. These tools
are cheaper and easier to use than hardware-based tools, but
they are believed to be less precise. In this paper, we take a
deeper look at the pros and cons of software-based solutions
investigating to what extent their measurements depart from
hardware-based solutions. To this aim, we propose a software-
based tool named PETRA that we compare with the hardware-
based MONSOON toolkit on 54 Android apps. The results show
that PETRA performs similarly to MONSOON despite not using
any sophisticated hardware components. In fact, in all the apps
the mean relative error with respect to MONSOON is lower than
0.05. Moreover, for 95% of the analyzed methods the estimation
error is within 5% of the actual values measured using the
hardware-based toolkit.

Index Terms—Energy Consumption; Mobile Apps; Estimation

I. INTRODUCTION

Nowadays, over 2 billions users rely on smartphones and
tablets to perform their daily activities as reported by the
Statistics Portal association [1]. Not only do users play games
or send messages, they use mobile applications (a.k.a., apps)
for every type of need, including social and emergency con-
nectivity [2]. Due to this ever-increasing number of mobile
devices and apps, energy consumption is becoming a critical
factor in user satisfaction for both paid and free apps [3].

Energy related issues mainly involve the efficiency of
hardware components such as the CPU and other electronic
elements. However, Flinn and Satyanarayanan [4] pointed out
that “there is growing consensus that advances in battery tech-
nology and low-power circuit design cannot, by themselves,
meet the energy needs of future mobile computers” [4]. This
observation has been confirmed by recent advances in green
software engineering, which demonstrated how the source of
energy leaks can be software-related as well [5], [6], [7], [8].

For instance, Sahin er al. [5] have shown that good design
principles, and design patterns in particular, have a negative

impact on the energy efficiency of mobile apps. Along the
same line, previous studies have investigated the power ef-
ficiency consequences of refactoring, demonstrating the flip
side of operations that are supposed to improve non-functional
attributes of source code [7], [9].

Despite the aforementioned research efforts, Harman et
al. [10] highlight that there is a lack of tools that quickly
and efficiently measure the energy consumption of mobile
applications. Existing tools fall into three main categories: (i)
hardware-based, (ii) model-based, and (iii) software-based ap-
proaches. Together with their own advantages, such solutions
present various limitations that adversely affect their practical
applicability. While hardware-based tools are able to delineate
the exact energy profile of a mobile app, they require ad-hoc
hardware components that are expensive and difficult to set up.
Model-based approaches try to define mathematical functions
able to estimate the energy consumption of mobile apps on a
given hardware device. However, such tools require careful
calibration of the parameters to correctly estimate power
consumption. Finally, software-based approaches estimate the
power profile of a mobile application solely relying on the
system’s functionalities of a device, as an example the CPU
frequency. Thus, these tools can be considered hardware-
assisted since they rely on measurements obtained by physical
hardware components (e.g., cpu, battery, etc. ), but without
needing any specialized hardware tools. By nature, they are
easier to use and cheaper than pure hardware-based solution.
As a drawback, they are supposed to be less precise than
hardware-based approaches [11].

In this paper, we aim at investigating to what extent
software-based tools are less precise than hardware-based tools
for energy consumption. In other words, is the higher cost of
hardware-based solutions justified by a sensibly more accurate
energy profiling? Can software-based solutions lead to close
measurements without any cost overhead? To answer these
questions, we built a novel tool for extracting the energy profile
of mobile applications, which we coined PETRA (Power
Estimation Tool for Android), specific for Android OS.
PETRA relies on the publicly available Project Volta
Android tools' and has the following characteristics:

« Efficiency and Granularity. PETRA is able to quickly
estimate the energy consumed by an app at the method

Thttps://developer.android.com/about/versions/android-5.0.html
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Abstract

Battery is a critical resource for smartphones. Soft-
ware developers as the builders and maintainers of
applications, are responsible for updating and de-
ploying energy efficient applications to end users.
Unfortunately, the impact of software change on
energy consumption is still unclear. Estimation
based on software metrics has proved difficult. As
energy consumption profiling requires special in-
frastructure, developers have difficulty assessing
the impact of their actions on energy consumption.
System calls are the interface between applications
and the OS kernel and provide insight into how
software utilizes hardware and software resources.
As profiling system calls requires no specialized in-
frastructure, unlike energy consumption, it is much
easier for the developers to track changes to system
calls. Thus we relate software change to energy
consumption by tracing the changes in an applica-
tion’s pattern of system call invocations. We find
that significant changes to system call profiles often
induce significant changes in energy consumption.

1 Introduction

Software tends to undergo constant development.
Even during maintenance periods, bug fixes and

Copyright €)2014 Karan Aggarwal, Chenlei Zhang, Joshua
Charles Campbell, Abram Hindle, and Eleni Stroulia. Permis-
sion to copy is hereby granted provided the original copyright
notice is reproduced in copies made.

new features are committed to a project. Devel-
opers understand that with change comes risk, es-
pecially the risk of performance regressions. One
kind of performance that is difficult for developers
to measure or predict is software energy consump-
tion [1].

Due to this difficulty there has been much ef-
fort put into studying, explaining, and estimat-
ing software power use, especially on mobile plat-
forms. Researchers have tried to model energy
consumption on smartphones by creating energy
consumption models based on hardware compo-
nents [2], system run-time statistics [3], finite state
machines [4], and byte code instruction usage [5].
However, none of the studies listed above have in-
vestigated the impact of software change on appli-
cation energy consumption based on actual commit
histories of software projects. Hindle er. al. [6]
has made the first step toward revealing the re-
lationship between software change and energy
consumption. Much is to be learned by measur-
ing energy consumption of multiple software ver-
sions and describing potential correlations between
software metrics and energy consumption. Hin-
dle er. al [1] also created a dedicated test bed
called Green Miner, and demonstrated that one re-
quires multiple test runs to reliably calculate the
energy consumption of an application on smart-
phones. This kind of testing methodology is use-
ful but it requires specialized equipment and large
amounts of time to obtain reliable data.

We want to help developers estimate if their
source code changes cause changes in their soft-
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Experimental Setup

How good is a machine-learning-based
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Better than Random!
Machine learning for energy
estimation might be an idea!

Limited Performance

All models’ average F-measures
did not go beyond 0.4. As
expected, the results were not so
good...
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@ We discuss only the energy consumption values aggregated with the “sum”

" The exploited dataset has 620

classes), especially for multi-class classification.
Need additional data energy consumption data
measured or estimated from more apps!

We have considered a limited set of features
Y% v because of study’s exploratory nature.

* — Need new static predictors that are correlated
with energy consumption!

" The values of other observation
iInfluenced the consumption classes created.

Need a new splitting criterion that does not create ‘
dependencies among data points!
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