
Genetic Improvement  
of Mobile Apps  

to Reduce Energy Consumption:  
Achievements and Challenges

Massimiliano Di Penta
University of Sannio, Italy 

dipenta@unisannio.it 
http://www.ing.unisannio.it/mdipenta

mailto:dipenta@unisannio.it
http://www.ing.unisannio.it/mdipenta


Joint work with
Gabriele Bavota (Free University of Bozen, Italy) 

Carlos Bernal-Cárdenas (College of William & Mary, VA, USA) 

Mario Linares-Vásquez (College of William & Mary, VA, USA) 

Rocco Oliveto (Univ. of Molise, Italy) 

Denys Poshyvanyk (College of William & Mary, VA, USA)



Mobile App Economy



Mobile App Market Revenue

http://venturebeat.com/2014/04/29/mobile-apps-could-hit-70b-in-revenues-by-2017-as-non-game-categories-take-off/

Bi
llio

ns
 o

f $

http://venturebeat.com/2014/04/29/mobile-apps-could-hit-70b-in-revenues-by-2017-as-non-game-categories-take-off/










Energy Matters!
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things…
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How Can Search-Based 
Approaches Help In Optimizing 
Software Energy Consumption?



Alter the program to reduce  
energy consumption 

At the same time, preserve 
other characteristics



Energy consumption on 
(AM)OLED Displays
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ABSTRACT
A smartphone’s display is one of its most energy consuming
components. Modern smartphones use OLED displays that
consume more energy when displaying light colors as op-
posed to dark colors. This is problematic as many popular
mobile web applications use large light colored backgrounds.
To address this problem we developed an approach for auto-
matically rewriting web applications so that they generate
more energy e⇤cient web pages. Our approach is based on
program analysis of the structure of the web application im-
plementation. In the evaluation of our approach we show
that it can achieve a 40% reduction in display power con-
sumption. A user study indicates that the transformed web
pages are acceptable to users with over 60% choosing to use
the transformed pages for normal usage.

Categories and Subject Descriptors
D.3.4 [Processors]: Optimization

General Terms
Performance

Keywords
Energy optimization, Web applications

1. INTRODUCTION
Smartphones provide end users with a range of sensors

that can be combined with applications and data via the In-
ternet. This makes the capabilities of smartphones almost
boundless and very popular with end users. However, one of
the primary limitations of smartphones is that they depend
on battery power. Smartphones are energy constrained de-
vices and the use of these capabilities is very expensive. In
particular, the energy to drive a smartphone’s display is one
of the dominant energy consuming components in a smart-
phone [9].

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
ICSE ’14, May 31 - June 7, 2014, Hyderabad, India
Copyright 14 ACM 978-1-4503-2756-5/14/05 ...$15.00.

OLED screens [36] are increasingly popular in di�erent
smartphones, such as the Samsung Galaxy, Sony Xperia,
and LG Optimus series. These screens are more energy e⇤-
cient than previous generation displays, but also have very
di�erent energy consumption patterns. In particular, darker
colors, such as black, require less energy to display than
lighter colors, such as white. Unfortunately, many popu-
lar and widely used web applications use light-colored back-
grounds. This means that, for many web application, there
is a significant opportunity to improve the battery life of
smartphones by improving the color usage of a web applica-
tion’s pages.
Researchers and engineers have long recognized the need

to reduce a smartphone’s display energy. A well-known and
widely used smartphone technique is to dim the display to
conserve energy [15]. For example, when the smartphone is
idle. This technique is useful, but there is room for addi-
tional improvement by exploiting the OLED screen’s unique
energy color relationships. One simple approach that has
been suggested is to invert colors, switching light colors to
dark and vice versa [14]. The primary problem with this ap-
proach is that it distorts the color relationships of the user
interface because color di�erence is not an invertible rela-
tionship. Another approach is to create an alternate color
scheme for mobile web applications. Chameleon proposes
a browser extension that retrieves and applies a more en-
ergy e⇤cient color scheme when displaying a web applica-
tion [14]. The drawback of this approach is that it requires
a customized browser, additional servers on the network to
handle the color scheme, and the color scheme itself must
be manually generated.
Given the state of the art, a technique that can automat-

ically transform a web application to make its web pages
more energy e⇤cient is desirable. However, there are sev-
eral significant challenges to providing such a solution. The
first of these is to identify colors generated by a web applica-
tions. Most modern web applications combine dynamically
generated pages and cascading style sheets in a way that
makes it complicated to determine which colors will be used
in which parts of a web page. Second, it is important to
model the color relationships in the web page. Here, it is
necessary to know what kind of visual relationships the col-
ors have with each other, i.e., whether they are contained or
adjacent. Third, given this information, it is challenging to
find a new color scheme that maintains, as much as possible,
the color di�erences and aesthetics of the original web page,
while also being more energy e⇤cient.
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Abstract—Energy consumption of mobile apps has become an
important consideration as the underlying devices are constrained
by battery capacity. Display represents a significant portion of an
app’s energy consumption. However, developers lack techniques
to identify the user interfaces in their apps for which energy
needs to be improved. In this paper, we present a technique
for detecting display energy hotspots – user interfaces of a
mobile app whose energy consumption is greater than optimal.
Our technique leverages display power modeling and automated
display transformation techniques to detect these hotspots and
prioritize them for developers. In an evaluation on a set of popular
Android apps, our technique was very accurate in both predicting
energy consumption and ranking the display energy hotspots.
Our approach was also able to detect display energy hotspots
in 398 Android market apps, showing its effectiveness and the
pervasiveness of the problem. These results indicate that our
approach represents a potentially useful technique for helping
developers to detect energy related problems and reduce the
energy consumption of their mobile apps.

Keywords—Mobile applications, energy consumption

I. INTRODUCTION

In less than six years, mobile apps have gone from zero
downloads to over 35 billion downloads in 2013 [1], [2].
Simultaneously, smartphones have achieved a nearly 31%
penetration rate [3]. Smartphones and apps have become so
popular, in part, because they combine sensors and data access
to provide many useful services and a rich user experience.
However, the usability of these devices is inherently limited
by their battery power, and the use of popular features, such as
the camera and network, can quickly deplete a device’s limited
battery power. Therefore, energy consumption has become
an important concern. For the most part, major reductions
in energy consumption have come about through a focus on
developing better batteries, more efficient hardware, and better
operating system level resource management. However, soft-
ware engineers have become increasingly aware of the way an
app’s implementation can impact its energy consumption [4],
[5], [6], [7]. This realization has motivated the development
of software-level techniques that can identify energy bugs and
provide more insights into the energy related behaviors of an
application.

One important insight is that the display component of
a smartphone consumes a significant portion of the device’s
battery power [4]. This problem has only grown as smartphone
display sizes have increased from an average of 2.9 inches in
2007 to 4.8 inches in 2014 [8]. Studies show that display can
now consume on average 60% of the total energy expended
by a mobile app [9]. Traditionally, optimizing display power
has been seen as outside of the control of software developers.
This is true for LCD screens, for which energy consumption

is based on the display’s brightness. This brightness, in turn,
is controlled by either the end user or by the OS performing
opportunistic dimming of the display. However, most modern
smartphones, such as the Samsung Galaxy SII, are powered
by a new generation of screen technology, the OLED. For
this type of screen, brightness is still important [10]; however,
the colors that are displayed also become important. Due to
the underlying technology, this type of screen consumes less
energy when displaying darker colors (e.g., black) than lighter
ones (e.g., white). The use of these screens means there are
enormous energy savings to be realized at the software level
by optimizing the colors and layouts of the user interfaces
displayed by the smartphone. In fact, prior studies have shown
that savings of over 40% can be achieved by this method [6],
[9].

Despite the high impact of focusing on display energy,
developers lack techniques that can help them identify where in
their apps such savings can be realized. For example, the well-
known Android battery monitor only provides device level dis-
play energy consumption and cannot isolate the display energy
per app or per user interface screen. Other energy related tech-
niques have focused on surveys to identify patterns of energy
consumption [5], design refactoring techniques that improve
energy consumption [7], [11], programming language level
constructs to make implementation more energy aware [12],
energy visualization techniques [13], or energy prediction tech-
niques [14]. Although helpful, the mentioned techniques do not
account for display energy nor are they able to isolate display
related energy. Existing work on display energy has focused
on techniques that can transform the colors in a user interface
(e.g., Nyx [6] and Chameleon [9] ). But these techniques do not
guide developers as to where they should be applied, therefore
they must be (1) used automatically for the entire app, which
means that although colors will be transformed automatically
into more energy efficient equivalents, the color transformation
may be less aesthetically pleasing than a developer guided one;
or (2) applied based solely on developers’ intuition as to where
they would be most effective, which means that some energy
inefficient user interfaces may be missed.

In this paper, we present a novel approach to assist de-
velopers in identifying the user interfaces of their apps that
can be improved with respect to energy consumption. To do
this, our approach combines display energy modeling and
color transformation techniques to identify a display energy
hotspot (DEH) — a user interface of a mobile app whose
energy consumption is higher than an energy-optimized but
functionally equivalent user interface. Our approach is fully
automated and does not require software developers to use
power monitoring equipment to isolate display energy, which,
as we explain in Section III, requires extensive infrastructure
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ABSTRACT
The wide di↵usion of mobile devices has motivated research
towards optimizing energy consumption of software systems—
including apps—targeting such devices. Besides e↵orts aimed
at dealing with various kinds of energy bugs, the adoption
of Organic Light-Emitting Diode (OLED) screens has mo-
tivated research towards reducing energy consumption by
choosing an appropriate color palette. Whilst past research
in this area aimed at optimizing energy while keeping an
acceptable level of contrast, this paper proposes an approach,
named GEMMA (Gui Energy Multi-objective optiMization
for Android apps), for generating color palettes using a multi-
objective optimization technique, which produces color so-
lutions optimizing energy consumption and contrast while
using consistent colors with respect to the original color
palette. An empirical evaluation that we performed on 25
Android apps demonstrates not only significant improvements
in terms of the three di↵erent objectives, but also confirmed
that in most cases users still perceived the choices of colors
as attractive. Finally, for several apps we interviewed the
original developers, who in some cases expressed the intent
to adopt the proposed choice of color palette, whereas in
other cases pointed out directions for future improvements.

Categories and Subject Descriptors
D.2.2 [Software Engineering]: Design Tools and Tech-
niques

General Terms
User interfaces

Keywords
Energy consumption, Mobile applications, Empirical Study

1. INTRODUCTION
The impressive adoption and inclusion of mobile devices

and apps in daily activities has motivated the need for re-
ducing their energy consumption. While significant e↵orts

have been aimed at engineering energy-friendly hardware
components in mobile devices, some recent research has also
focused on energy-aware development practices for reducing
the energy consumption in mobile apps. For instance, com-
mon energy bugs in mobile apps have been identified and
catalogued [27,28,32,34,42], as well as typical hot spots [39]
together with energy greedy APIs [26,33]. In addition, several
infrastructures and methods have been proposed to measure
and estimate the energy consumption of mobile devices and
apps [16,18,23,29].
Some practices for avoiding and fixing energy hotspots

(bugs) in mobile apps focus on how the apps should use
energy-greedy hardware components in the device, such as
GPS, Wi-Fi, or the screen. In the case of LCD displays,
the energy drawn from the battery is constant regardless of
the colors displayed on the screen. However, this is not the
case for OLED displays, for which the energy consumption
depends on the combinations of colors at the sub-pixel level.
This property of OLED displays motivated the adoption
of power models for estimating the energy drawn by the
graphical user interfaces (GUI) displayed on the screen. In
fact, previous work have used power models to estimate
and improve the energy consumption of web browsers [11],
mobile web apps [24], and mobile apps in general [12, 39].
All these prior techniques on improving energy consumption
of GUIs running on OLED devices have been mostly driven
by a single objective to reduce energy consumption at all
costs. Also, these approaches generally exploit only a small
subset of possible color schemas one can define to optimize
the GUI. For example, using predefined themes or using
color transformations starting only from the original scheme
can drastically reduce the color palettes and compositions
that can be explored as a potential solution [12]. This is
also the case when the proposed solution uses by default
dark colors in the background and generates the composition
using the background as a reference [24,39]. Another issue
with previous approaches is that the solutions are generated
individually for each GUI in the app, which can leed to
inconsistencies in the whole design concept [24,39].

In this paper we propose a multi-objective approach, namely
GEMMA1, for generating color compositions that reduce the
energy consumption of GUIs in Android apps and are visually
attractive at the same time. GEMMA combines power mod-
els, pixel-based engineering, color theory, dynamic analysis,
and a multi-objective optimization technique—namely Non-
dominated Sorting Genetic Algorithm (NSGA)-II [10]—to
produce a Pareto-optimal set of design solutions (i.e., GUI

1Gui Energy Multi-objective optiMization forAndroid apps
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Bags Of Color 
Pixels (BOCPs)
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>  (10,10) , (20,10)....



>  FrameLayout2, ...

>  TextView1, ...

>  View3, ...

> Button1, ...

>  Button1, ...

>  TextView1
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GA Representation and 
Operators
i-th gene := “i-th BOCP” 

S = 

One-point crossover 

Bit-flip mutation 

Binary tournament selection
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A Fast and Elitist Multiobjective Genetic Algorithm:
NSGA-II

Kalyanmoy Deb, Associate Member, IEEE, Amrit Pratap, Sameer Agarwal, and T. Meyarivan

Abstract—Multiobjective evolutionary algorithms (EAs)
that use nondominated sorting and sharing have been criti-
cized mainly for their: 1) computational complexity
(where is the number of objectives and is the population
size); 2) nonelitism approach; and 3) the need for specifying a
sharing parameter. In this paper, we suggest a nondominated
sorting-based multiobjective EA (MOEA), called nondominated
sorting genetic algorithm II (NSGA-II), which alleviates all
the above three difficulties. Specifically, a fast nondominated
sorting approach with computational complexity is
presented. Also, a selection operator is presented that creates a
mating pool by combining the parent and offspring populations
and selecting the best (with respect to fitness and spread)
solutions. Simulation results on difficult test problems show that
the proposed NSGA-II, in most problems, is able to find much
better spread of solutions and better convergence near the true
Pareto-optimal front compared to Pareto-archived evolution
strategy and strength-Pareto EA—two other elitist MOEAs that
pay special attention to creating a diverse Pareto-optimal front.
Moreover, we modify the definition of dominance in order to
solve constrained multiobjective problems efficiently. Simulation
results of the constrained NSGA-II on a number of test problems,
including a five-objective seven-constraint nonlinear problem, are
compared with another constrained multiobjective optimizer and
much better performance of NSGA-II is observed.
Index Terms—Constraint handling, elitism, genetic algorithms,

multicriterion decision making, multiobjective optimization,
Pareto-optimal solutions.

I. INTRODUCTION

THE PRESENCE of multiple objectives in a problem, in
principle, gives rise to a set of optimal solutions (largely

known as Pareto-optimal solutions), instead of a single optimal
solution. In the absence of any further information, one of these
Pareto-optimal solutions cannot be said to be better than the
other. This demands a user to find as many Pareto-optimal solu-
tions as possible. Classical optimization methods (including the
multicriterion decision-makingmethods) suggest converting the
multiobjective optimization problem to a single-objective opti-
mization problem by emphasizing one particular Pareto-optimal
solution at a time. When such a method is to be used for finding
multiple solutions, it has to be applied many times, hopefully
finding a different solution at each simulation run.
Over the past decade, a number of multiobjective evolu-

tionary algorithms (MOEAs) have been suggested [1], [7], [13],

Manuscript received August 18, 2000; revised February 5, 2001 and
September 7, 2001. The work of K. Deb was supported by the Ministry
of Human Resources and Development, India, under the Research and
Development Scheme.
The authors are with the Kanpur Genetic Algorithms Laboratory, Indian In-

stitute of Technology, Kanpur PIN 208 016, India (e-mail: deb@iitk.ac.in).
Publisher Item Identifier S 1089-778X(02)04101-2.

[20], [26]. The primary reason for this is their ability to find
multiple Pareto-optimal solutions in one single simulation run.
Since evolutionary algorithms (EAs) work with a population of
solutions, a simple EA can be extended to maintain a diverse
set of solutions. With an emphasis for moving toward the true
Pareto-optimal region, an EA can be used to find multiple
Pareto-optimal solutions in one single simulation run.
The nondominated sorting genetic algorithm (NSGA) pro-

posed in [20] was one of the first such EAs. Over the years, the
main criticisms of the NSGA approach have been as follows.
1) High computational complexity of nondominated sorting:
The currently-used nondominated sorting algorithm has a
computational complexity of (where is the
number of objectives and is the population size). This
makes NSGA computationally expensive for large popu-
lation sizes. This large complexity arises because of the
complexity involved in the nondominated sorting proce-
dure in every generation.

2) Lack of elitism:Recent results [25], [18] show that elitism
can speed up the performance of the GA significantly,
which also can help preventing the loss of good solutions
once they are found.

3) Need for specifying the sharing parameter : Tradi-
tionalmechanisms of ensuring diversity in a population so
as to get a wide variety of equivalent solutions have relied
mostly on the concept of sharing. The main problem with
sharing is that it requires the specification of a sharing
parameter ( ). Though there has been some work on
dynamic sizing of the sharing parameter [10], a param-
eter-less diversity-preservation mechanism is desirable.

In this paper, we address all of these issues and propose an
improved version of NSGA, which we call NSGA-II. From the
simulation results on a number of difficult test problems, we find
that NSGA-II outperforms two other contemporary MOEAs:
Pareto-archived evolution strategy (PAES) [14] and strength-
Pareto EA (SPEA) [24] in terms of finding a diverse set of so-
lutions and in converging near the true Pareto-optimal set.
Constrainedmultiobjective optimization is important from the

point of viewofpractical problemsolving, but notmuchattention
has been paid so far in this respect among the EA researchers.
In this paper, we suggest a simple constraint-handling strategy
with NSGA-II that suits well for any EA. On four problems
chosen from the literature, NSGA-II has been compared with
another recently suggested constraint-handling strategy. These
results encourage the application of NSGA-II to more complex
and real-world multiobjective optimization problems.
In the remainder of the paper, we briefly mention a number of

existing elitist MOEAs in Section II. Thereafter, in Section III,

1089-778X/02$17.00 © 2002 IEEE
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Getting Consumption Profiles…



Contrast 
calculator

Contrast 
Fitness

2 - Maximize Contrast



3 - Minimize distance 
from original design

Design 
fitness

Distance 
calculator

Distance between each color   
and the closest color in the original palette



Solutions (Pareto Front)

Lowest energy Median energy

Median contrastMedian distance



Some examples 
of results



Option 1 Option 2 Option 3



Option 1 Option 2 Option 3
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Option 1 Option 2 Option 3



Option 1 Option 2 Option 3

ORIGINAL 

DESIGN



Option 1 Option 2 Option 3

ORIGINAL 

DESIGN LOWEST 

ENERGY 



Option 1 Option 2 Option 3
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DESIGN LOWEST 

ENERGY MEDIAN 

ENERGY 



Empirical Evaluation



25 
Apps

84 
Participants

4 
Apps

1.  Improving original design: 
Energy, contrast, design

3 
Project 

Managers

+

LOWEST 

ENERGY MEDIAN 

ENERGY HIGHEST 

CONTRAST

MEDIAN 

CONTRAST LOWEST 

DISTANCE

ORIGINAL

MEDIAN 

DISTANCE

Energy 
Fitness

Contrast 
Fitness

Design
Fitness

VS.

Empirical Evaluation
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Reducing Energy Consumption



25 
Apps

84 
Participants

4 
Apps

2.  Visual aesthetics:
colorfulness

3 +

Empirical Evaluation

Project 
Managers
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Visual appealing  
color schemes



25 
Apps

84 
Participants

4 
Apps

3. Industrial applicability

3 
Project 

Managers
+ Project managers

Empirical Evaluation



“I would definitively use this combination of colors in my app. The 
final result is excellent and I really like the effect of the GUI with a 
black background. This helps in saving battery and makes the app 
more elegant. I will propose the new combination of colors for the 
next release of the app”

Original Design GEMMA's lowest ECF solution

Luciano Cotone - IdeaSoftware

LOWEST 

ENERGYORIGINAL

Applicability of GEMMA 



Limitations
The overall improvement may vary for different kinds of 
apps/scenarios

…and on different hardware

Not suitable for image-intensive apps (e.g. games)

We’re currently measuring the overall gain for some 
scenarios



Challenges and  
Open Research 

Directions



Energy-Aware Testing

Goal: Generate test data that reveal energy 
hotspots 

Challenge: try to identify cases different from 
obvious (CPU intensive and long tasks)



Energy-Aware Refactoring

Goal: perform a sequence of refactoring action to 
minimize energy consumption 

Challenge: preserve other characteristics of the 
software (e.g., maintainability) 

Is it the improvement really worthwhile?



Replacing Data Structures
Previous work has shown that  

• Some data structures are more expensive than others  
[Manotas et al., 2014] 

• Some persistence layers cost more than others  
[Linares et al., 2014] 

Goal: automated transformations taking into account: 

• Energy consumption 

• Maintainability 

• Performance

Irene Lizeth Manotas Gutiérrez, Lori L. Pollock, James Clause: SEEDS: a software engineer's energy-
optimization decision support framework. ICSE 2014: 503-514 



Conclusions





Widgets 
+ pixels 

detection

Dynamic analysis

Color 
quantization

Bag-of-
color-pixels

Bag-of-color-
components

GA objectives:  (i) min energy, (ii) max contrast,  
(iii) min distance to original design 

  
Constraint: contrast > threshold

Multi objective GA

GEMMA Overview
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