
 

AURA: An Application and User Interaction Aware Middleware 
Framework for Energy Optimization in Mobile Devices 

Abstract — Mobile battery-operated devices are becoming an 
essential instrument for business, communication, and social 
interaction. In addition to the demand for an acceptable level of 
performance and a comprehensive set of features, users often 
desire extended battery lifetime. In fact, limited battery lifetime 
is one of the biggest obstacles facing the current utility and future 
growth of increasingly sophisticated “smart” mobile devices. This 
paper proposes a novel application-aware and user-interaction 
aware energy optimization middleware framework (AURA) for 
pervasive mobile devices. AURA optimizes CPU and screen 
backlight energy consumption while maintaining a minimum 
acceptable level of performance. The proposed framework 
employs a novel Bayesian application classifier and management 
strategies based on Markov Decision Processes to achieve energy 
savings. Real-world user evaluation studies on a Google Android 
based HTC Dream smartphone running the AURA framework 
demonstrate promising results, with up to 24% energy savings 
compared to the baseline device manager, and up to 5× savings 
over prior work on CPU and backlight energy co-optimization. 

I. INTRODUCTION 

Mobile smartphones and other portable battery operated 
embedded systems (PDAs, tablets) are pervasive computing 
devices that have emerged in recent years as essential instruments 
for communication, business, and social interactions. As of 2011, 
there are more than 5.3 billion mobile subscribers worldwide, 
with smartphone sales showing the strongest growth. Over 
300,000 apps have been developed within the past three years 
across various mobile platforms. Popular mobile activities include 
web browsing, multimedia, games, e-mail, and social networking 
[1]. Overall, these trends suggest that mobile devices are now the 
new development and computing platform for the 21st century. 

Performance, capabilities, and design are all primary 
considerations when purchasing a mobile device; however, 
battery lifetime is also a highly desirable attribute.  Most portable 
devices today make use of lithium-ion polymer batteries, which 
have been used in electronics since the mid 1990’s [2]. Although 
lithium-ion battery technology and capacity has improved over 
the years, it still cannot keep pace with the power consumption 
demands of today’s mobile devices. Until a new battery 
technology is discovered, this key limiter has led to a strong 
research emphasis on battery lifetime extension, primarily using 
software optimizations [3]-[10]. 

It is important to note that outside of the obvious differences 
between portable mobile devices and a general PC – weight and 
size, form factor, computational capabilities, and robustness – a 
key difference can be found in the user interaction patterns and 
interfaces. Unlike a desktop or  notebook PC in which a user 
typically interacts with applications using a pointer device or 
keyboard, applications on mobile devices most often receive user 
input through a touch screen or keypad events. Many times 
applications are interacted with for short durations throughout the 
day (e.g. few seconds or minutes instead of hours) and these 

patterns are often unique to each individual user. Significant 
differences in user interaction patterns make a general-purpose 
power management strategy unsuitable for mobile devices. 

In this work, we present a novel application and user 
interaction aware energy management framework (AURA) for 
pervasive mobile devices, which takes advantage of user idle time 
between interaction events of the foreground application to 
optimize CPU and backlight energy consumption. In order to 
balance energy consumption and quality of service (QoS) 
requirements that are unique to each individual user, AURA 
makes use of a Bayesian application classifier to dynamically 
classify applications based on user interaction. Once an 
application is classified, AURA utilizes Markov Decision Process 
(MDP) based power management algorithms to adjust processor 
frequency and screen backlight levels to reduce system energy 
consumption between user interaction events. Overall, we make 
the following novel contributions: 

 

• We conduct usage studies with real users and develop a 
Bayesian application classifier tool to categorize mobile 
applications based on user interaction activity 

• We develop an integrated MDP-based application and user 
interaction-aware energy management framework that 
adapts CPU and backlight levels in a mobile device to 
balance energy consumption and user QoS  

• We characterize backlight and CPU power dissipation on an 
Android OS based HTC Dream mobile architecture 

• We implement our framework as middleware running on 
the HTC Dream smartphone and demonstrate real energy 
savings on commercial apps running on the device 
 

Real-world user evaluation studies with the Google Android 
based HTC Dream mobile device running the AURA framework 
demonstrate promising results, with up to 24% energy savings 
compared to the baseline device manager; and up to 5× savings 
over the best known prior work on CPU and backlight energy co-
optimization, with negligible impact on user quality of service. 

II. AURA ENERGY MANAGEMENT FRAMEWORK 

In this section, we present details of the AURA framework. In 
Section II.A we first describe the fundamental observations that 
lay the foundation for energy savings in mobile devices. Section 
II.B presents results of field studies involving users interacting 
with apps on mobile devices. Section II.C gives a high level 
overview of the AURA middleware framework. Subsequent 
sections elaborate on the major components of the framework. 

A. Fundamental User-Device Interaction Mechanisms 

Here we explain the underlying concepts stemming from the 
psychology of user-device interactions that drive the CPU and 
backlight energy optimizations in the AURA framework.  

There are three basic processes involved in a user’s response to 
any interactive system [11], such as a smartphone or personal 
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