
 

 

 

 

 

FAKULTÄT FÜR INFORMATIK 
DER TECHNISCHEN UNIVERSITÄT MÜNCHEN 

 
Bachelor’s Thesis in Information Systems 

 

Predicting the Energy Consumption of Mobile 

Applications using Simulations 

on the Example of Palladio Component Models and Applications of 

the Android Operating System 

Ermittlung des Energiebedarfs von Mobilen 

Applikationen durch Simulationen 

am Beispiel des Palladio Component Models und Applikationen des 

Android Betriebssystems 

Johannes Leimhofer 
 

Supervisor:   Prof. Dr. Helmut Krcmar 

Advisor:   Felix Willnecker 

Submission date:  15th of October, 2014 

 

 

 

 



 

I confirm that this bachelor's thesis is my own work and I have documented all 
sources and material used. 

 

 

 

Garching b. München,   _______________, ________________________ 

Place, Date      Johannes Leimhofer 



 

 III 

Conclusion 

The prediction of the energy demand of a mobile application requires to know where the power 

consumption is caused when running a mobile application. 

Within research question one, “What approaches exist for the determination and simulation of 

the energy demand of applications?”, we perform experiments and a literature review according 

to Webster/Watson (2002) to identify the influencing factors of a mobile application’s energy 

demand. The literature review also covers tools and approaches for the determination of an 

app’s energy demand as well as the identification of hardware components in mobile devices 

that cause the highest power consumption. The energy demand of a mobile application in real 

time can be determined with profiling tools, whereas the prediction of the energy demand re-

quires other approaches. The simulation of performance-model-based resource profiles enables 

to predict the energy demand of enterprise applications.  

Following this approach within research question two, “How can the energy demand of mobile 

applications be mapped into a performance-model-based resource profile?”, we adapt resource 

profiles towards mobile applications in order to enable an energy demand prediction of mobile 

applications. The energy demand prediction relies on the utilization and power consumption of 

the single hardware components, which are composed in a performance model’s power con-

sumption model. To feed this model with the energy-relevant information it needs for a predic-

tion, we provide a self-developed calibration app that serves the power consumptions of the 

single hardware components. Moreover, we use the profiling app Trepn Profiler to derive the 

hardware utilizations of a mobile application during operation. Feeding the power consumption 

model with this characteristics enables to predict the energy demand of a mobile application by 

means of resource profile simulation.  

To answer research question three, “How accurately can the energy consumption of mobile 

applications be predicted using resource profiles?”, we predict the energy demand of the self-

developed calibration app on two different devices at first. Secondly, we predict the energy 

demand of the Android app Runtastic on two different devices. All energy demand predictions 

are compared with the measured energy demand, resulting in an error of at most 17 percent. 

This result confirms the adaptability of resource profiles towards mobile applications as well 

as the chosen concept of determining the energy demand of a mobile application by considering 

power consumption and utilizations of the utilized hardware components. Moreover, we pro-

vide an energy demand prediction, without the physical presence of the underlying mobile de-

vice. 

 

Keywords: Resource Profile, Performance Modeling, Palladio Component Model, Mobile Ap-

plication, Hardware Utilization, Power Consumption, Energy Demand, Energy Demand Pre-

diction, Android, App, Calibration, Power Profiling 
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1 Introduction 

This chapter aims to address the motivation (chapter 1.1) as well as the objectives (chapter 1.2) 

of this thesis. Additionally, three research questions (chapter 1.3) are defined, which will be 

answered throughout the thesis’ chapters, as introduced in chapter 1.4. 

1.1 Motivation 

Mobile devices, such as smartphones and tablet PCs, have become an integral part of our eve-

ryday life. The reason for their increasing popularity is the expandable functionality through 

mobile applications (apps) as well as their versatile usage. Due to their limited battery capacity, 

the power consumption is a key factor for the design of mobile devices (Wilke 2012). The 

demands on the built-in mobile device batteries can only partly be met, since the progress in 

battery development is always compensated by the increasing energy consumption of more 

powerful Central Processing Units (CPUs) and larger displays (Winter/Jelschen 2012; Duan et 

al. 2011). In addition, the effect of more powerful hardware and hence increased power con-

sumption counteracts to the energy efficiency improvements of the hardware components. For 

this reason, the energy-saving potential of the applications, which are running on the hardware, 

is increasingly researched (Winter/Jelschen 2012). 

 

In order to measure the energy consumption of mobile devices, the hardware components with 

their user-behavior-dependent energy consumption and the apps, which are running on these 

hardware components, have to be taken into account (Wilke 2012). Developers of apps should 

be sensitized for an energy-efficient development in order to maximize the battery life. For 

example, an app that frequently polls the location with the Global Positioning System (GPS) 

sensor demands more energy than an app that needs to perform a coordinate determination less 

often (Abdesslem et al. 2009). The latter increases the battery life due to the lower energy con-

sumption and helps to relieve the environment in terms of Green IT sustainably – energy-effi-

cient apps save a lot of energy considering the enormous proliferation of mobile devices. 

(Ryan/Campbell 2013; Tomlinson 2012). 

 

Nowadays, specific devices such as refrigerators undermine guidelines for energy consumption 

classification. Through the introduction of energy efficiency classes, which are described in the 

EU Directive 2010/30/EU (Buzek/Garrido 2010), manufacturers of household appliances have 

been encouraged for an energy-efficient development of their products. As a further result of 

this introduction, the energy efficiency has become transparent for customers and the popula-

tion could be sensitized for the energy efficiency of appliances. In comparison, there is no cor-

responding categorization of energy efficiency in regard to software systems. Therefore an 

indicator for the energy efficiency of an application would be highly desirable in order to allow 

the comparison of different mobile applications in terms of their energy behavior. In addition, 

this option of comparability would give developers an incentive for an energy-efficient devel-

opment of applications. 

 

The mentioned reasons state that the comparability of the energy behavior of apps is desirable. 

Therefore, this thesis focuses on predicting and comparing the energy consumption of mobile 

applications. 
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1.2 Thesis Objectives 

The first objective of this thesis is the research of existing approaches in the field of software 

energy consumption measurement and simulation. Followed by the identification of hardware 

components in mobile devices that cause the most energy consumption, the relationship be-

tween utilization of hardware components and their corresponding energy consumption is as-

sessed. Finally, the results of this research are structured and compared. 

 

According to Brunnert et al. (2014), the energy consumption of enterprise applications can be 

predicted with a sufficiently high accuracy by means of resource profiles. Resource profiles use 

performance models as base technology in order to enable a model-based prediction of the per-

formance and resource demand of component-based software systems. The Palladio Compo-

nent Model (PCM) (Becker et al. 2009) is a performance meta-model that represents the 

software and hardware architecture as well as the user behavior and the resource demand of the 

modeled application routines in separate sub-models. Due to its modularity, the PCM is con-

sidered to be the most suitable performance model for creating resource profiles. Since the PCM 

does not take the energy demand of software systems into account, a resource profile uses an 

extended PCM with a linear power consumption model that predicts the utilization-dependent 

energy consumption of hardware resources in servers. This power consumption model is em-

bedded in the Resource Environment Model of the resource profile’s PCM (Brunnert et al. 

2014). 

 

The concept of simulating the performance of enterprise applications by means of resource 

profiles shall now be adapted to be usable for the performance simulation of mobile applica-

tions. Therefore, the thesis aims to answer the question of whether resource profiles can also be 

used for performance simulation of mobile applications to forecast - regardless of the availabil-

ity of a specific device - energy consumption subsequently. 

 

Thus, in order to make a forecast of energy consumption useable in practice, it must have a high 

accuracy. Therefore, another objective of this thesis is to identify how accurate the energy de-

mand of a mobile application can be determined by the means of a resource-profile-based sim-

ulation. 

1.3 Research Questions 

Three research questions emerge from the thesis objectives: 

 

1. What approaches exist for the determination and simulation of the energy demand 

of applications? 

 

As part of the first research question, existing concepts for mapping the energy behavior of 

applications are examined and evaluated regarding their usability in terms of mobile applica-

tions. In concrete terms, the answer to this research question should show how the energy de-

mand of mobile applications can be simulated and determined. Further, the answer to this 

research question will also show, which hardware components in mobile devices consume the 

most energy and how user behavior affects the power consumption of hardware components in 

mobile devices. 
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2. How can the energy demand of mobile applications be mapped into a performance-

model-based resource profile? 

 

The second research question should clarify whether resource profiles can be created for mobile 

applications using performance models like the Palladio Component Model (PCM) (Becker et 

al. 2009). In addition, existing approaches should be examined for their suitability regarding 

the modeling of the energy demand of mobile applications. The answer to this research question 

should also clarify whether resource profiles by Brunnert et al. (2014) can be used for deter-

mining the energy consumption in the context of mobile applications. To use this approach for 

modelling the energy consumption of typical hardware components in mobile devices, it has to 

be assessed how these components can be represented in the power consumption model of a 

resource profile for mobile applications. Taking the mentioned considerations into account, the 

answer to this research question should result in a simulation environment for mobile applica-

tions. 

 

3. How accurately can the energy consumption of mobile applications be predicted 

using resource profiles? 

 

Research question three focuses on quantifying the deviations between energy demand predic-

tions emerged from the resource-profile-based simulation of an app and the energy demands 

emerged from the operation of an app in reality. Therefore the evaluation considers the simula-

tion of two apps on two different devices compared to the operation of the apps in reality. 

1.4 Thesis Structure 

Starting with chapter 2 we introduce approaches and tools for the determination of the energy 

demand of mobile applications by means of application profiling. Once knowing the factors 

that influence the energy demand of mobile applications we are ready to model mobile appli-

cations in form of resource profiles. The extension of resource profiles as well as the represen-

tation of mobile applications in PCM are subject of chapter 3. This chapter also describes the 

power-consumption-relevant hardware components and their characteristics, which are ex-

ploited by a self-developed calibration app. Chapter 4 focuses on the enablement of the energy 

demand prediction by means of PCM simulation. The energy demand prediction accuracy is 

evaluated in chapter 5, whereas chapter 6 concludes the whole thesis, addresses problems 

throughout the thesis and suggests future work to improve the accuracy of the energy demand 

predictions. 
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2 Energy Profiling of Android Apps 

For determining an app’s power demand, the utilization-dependent power demands of hardware 

components caused by the app’s execution have to be extracted. While profiling approaches try 

to attribute an app’s power demand to the single hardware components of a device, calibration 

approaches simply try to determine the value of each hardware component’s power consump-

tion or the power consumption of the complete device. Since some tools combine profiling and 

calibration functionality, chapter 2.1 concludes approaches to determine a hardware compo-

nent’s power demand, approaches to profile an app’s hardware utilization and tools that com-

bine these aspects. The introducing overview is followed by chapter 2.2, explaining each 

approach/tool in detail. Chapter 2.3 evaluates the pros and cons of each approach focusing on 

the suitability for the thesis’ purpose. Finally, chapter 2.4 concludes the chapter and motivates 

the approaches used in this thesis. 

2.1 Overview 

Table 1 lists useful tools and approaches for app profiling, hardware power consumption deter-

mination and tools that combine both aspects. 

 

Name Description Reference 

Physical Measure-

ment 

Targets the calibration of a hardware component’s 

power consumption by taking physical power 

measurements at the component level on a piece 

of real hardware. 

(Carrol/Heiser 2010) 

Sesame 

Measures power consumption of hardware compo-

nents based on self-modeled energy models that 

leverage smart battery interfaces. 

(Dong/Zhong 2011) 

Trepn Profiler 

Diagnostic tool that lets you profile the perfor-

mance and power consumption of Android appli-

cations. 

(Qualcomm 2014a) 

AppScope 

Application Energy Metering Framework for An-

droid that profiles apps by means of monitoring 

system calls. 

(Yoon et al. 2012) 

Energy Abstrac-

tion Layer (EAL) 

EAL enables app profiling and provides measure-

ment capabilities and unified access independent 

from the device it is used on. 

(Josefiok et al. 2013) 

Eprof Fine-grained energy profiler for (Pathak et al. 2012) 
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apps that relies on code instrumentation and log-

ging. 

PowerTutor 
Open-source app, that measures the power con-

sumption of an app based on hardware utilization. 

(Gordon et al. 2011) 

(Zhang et al. 2010) 

Vendor Power 

Profiles 

Each Android device offers a power profile sup-

plied by the vendor that lists the power consump-

tion of the device’s most power-demanding 

hardware components. 

(Google 2014f) 

Battery Monitor 

Widget 

Android app to manage a device’s battery: shows 

historical data, calculates estimated run-times and 

battery aging, helps calibrating battery, estimates 

current discharging current and improves battery 

run-time. 

(3c 2014) 

Table 1: Power Profiling Approaches 

Source: own representation 

2.2 Approaches 

The following chapters describe different tools and approaches for the power demand determi-

nation of hardware components in mobile devices. 

2.2.1 Physical Measurement 

The measurement of electrical power/energy requires to introduce some electrical term defini-

tions. The following definitions cite the IEEE standard dictionary of electrical and electronics 

terms of Radatz (1997). 

 

The electrical voltage is defined as the potential difference between two points. In an electric 

circuit, the electrical voltage U [Volt] is equal to the energy consumption E [Joule] divided by 

the electrical charge Q [Coulomb] as depicted at Formula 1, indicating that one joule of energy 

is needed to move a charge of one coulomb from one point to another (Radatz 1997). 

 

𝑼 =
𝑬

𝑸
=

[𝑱]

[𝑪]
= [𝑽] 

Formula 1: Definition of Electrical Voltage 

Source: (Radatz 1997) 

The electrical current I [Ampere] is defined as the charge Q [Coulomb] over time t [seconds] 

that moves from one point to another. Formula 2 shows the mathematical definition of the elec-

trical current (Radatz 1997). 
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𝑰 =
𝑸

𝒕
=

[𝑪]

[𝒔]
= [𝑨] 

Formula 2: Definition of Electrical Current 

Source: (Radatz 1997) 

The electrical power P [Watt] is the rate of energy consumption in an electrical circuit, indicat-

ing the energy consumption E [Joule] divided by the consumption time t [seconds], represented 

at Formula 3 (Radatz 1997). 

 

𝑷 =
𝑬

𝒕
=

[𝑱]

[𝒔]
=

[𝑾𝒔]

[𝒔]
= [𝑾] 

Formula 3: Definition of Electrical Power (1) 

Source: (Radatz 1997) 

A further definition of the electrical power is the product of Voltage U [Volt] and Current I 

[Ampere] as shown in Formula 4  (Radatz 1997). 

 

𝑷 = 𝑼 ∗ 𝑰 = [𝑽] ∗ [𝑨] =
[𝑱]

[𝑪]
∗

[𝑪]

[𝒔]
=

[𝑱]

[𝒔]
=

[𝑾𝒔]

[𝒔]
= [𝑾] 

Formula 4: Definition of Electrical Power (2) 

Source: (Radatz 1997) 

Therefore, the power consumption of an electrical device requires to measure the device’s sup-

ply voltage and the current demand, caused by the device’s operation. Knowing the power con-

sumption of an electrical device enables determining the corresponding energy demand. The 

relation between electrical power and electrical energy is depicted at Formula 3, showing that 

power is energy per unit of time. Although the two expressions are slightly different, they are 

used synonymously in this work. 

 

Carrol/Heiser (2010) measure in their work “An Analysis of Power Consumption in a 

Smartphone” the important device components’ power consumption of the smartphones 

Openmoko Neo Freerunner, HTC Dream and Google Nexus One manually. The manual meas-

urement is conducted at the component level on a real piece of hardware by measuring the 

supply voltage and drawn current of each component. Building the product of a component’s 

supply voltage and drawn current results in the power demand of a device component respec-

tively. Finally summing up the power demands of all device components results in the system’s 

power demand. 

 

Another way to get the system’s power demand is to use special measuring equipment. Google 

suggests Android device vendors to use the commercial battery-monitoring tool Power Monitor 

(MonsoonSolutions 2014) for the creation of power profiles (chapter 2.2.8). Since Power Mon-

itor only measures the system’s power demand, breaking down the power demand to the single 
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device components takes some effort. Google additionally proposes methods for the break-

down, which is basically monitoring the power demand change when activating/deactivating 

single device components (Google 2014f). 

2.2.2 Sesame 

In general, a system energy model considers the power consumption of each hardware compo-

nent in a device and their corresponding user-dependent utilization. Sesame addresses the issue 

of the enormous variety of mobile devices, meaning that it is impossible to create a general 

system energy model, which can be applied to any kind of mobile device. Therefore 

Dong/Zhong (2011) suggest a novel approach called Sesame, which takes the usage and the 

great diversity in the hardware of mobile devices into account. Sesame exploits the smart battery 

interface of devices (commonly provided by laptops and increasingly provided in mobile de-

vices) to generate the energy models “on-board”. Leveraging the possibility of power-self-

measurement by means of the smart battery interface, Sesame enables mobile devices to create 

their individual system energy model themselves. During operation, Sesame collects usage and 

power consumption statistics and constructs a distinct system energy model for the device it is 

running on. 

2.2.3 Trepn Profiler 

“Trepn™ Profiler is a diagnostic tool that lets you profile the performance and power 

consumption of Android applications running on devices featuring Qualcomm® Snap-

dragon™ processors. It’s designed to help you optimize your code for: 

 

 CPU usage and frequency 

 memory statistics (virtual and physical) 

 network usage (cellular and WLAN) 

 

With Trepn Profiler, you can see and log data in real time, export data for offline anal-

ysis, and better understand the impact of your programming choices on user experience” 

(Qualcomm 2014a). 

 

Trepn Profiler is available as Android app for off- and online analysis and as an Eclipse plugin 

for offline analysis. The app gives the opportunity to switch the monitoring on and off for var-

ious device components, such as CPU, GPS and Bluetooth before it starts profiling. Figure 1 

shows the graphical analysis of a Trepn profiling run, indicating the different states of diverse 

device components. For example, the GPS receiver (yellow line in Figure 1) has been in three 

different states during the run: switched on, not searching for a location at the beginning, fol-

lowed by switched on, searching for a location, and finally completely switched off. 
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Figure 1: Trepn Profiler Analysis 

Source: own representation 

The Trepn Profiler also offers a statistical analysis of profiling runs, depicted in Figure 2 and 

Figure 3.  An overall system analysis with the breakdown in single device components is rep-

resented in Figure 2, whereas Figure 3 shows the CPU utilization caused by the different apps, 

which were running during profiling. 

As already mentioned, Qualcomm also provides an Eclipse plugin for offline analyzing profil-

ing runs. If the mobile device is connected to a computer where Eclipse is running on, the 

profiling run start can be triggered with the plugin requesting the user to unplug the device for 

eliminating measurement noise. Once the user wants to stop profiling, the user simply recon-

nects the device to the computer again, which enables the user to stop profiling. Once stopped, 

the Eclipse plugin constructs a graphical representation of the run. The plugin is also capable 

of analyzing runs not triggered out of Eclipse, since the run results can easily be accessed on 

the device’s file system. 

For measuring the power consumption, the Trepn Profiler uses a delta-based approach1, mean-

ing that the tool builds a power baseline upon initial power measurements for each device com-

ponent. When utilizing device components the profiler simply calculates the delta between 

current measurements and the baseline, which results in an estimation of each device’s power 

demand (Qualcomm 2014a). 

                                                 

 

 
1 https://developer.qualcomm.com/forum/qdn-forums/increase-app-performance/trepn-profiler/27700 
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Figure 2: Trepn Sys. Profile 

Source: own representation 

Figure 3: Trepn App Profile 

Source: own representation 

2.2.4 AppScope 

AppScope is an Android-based energy measuring system for estimating energy consumption of 

mobile applications. The system monitors an app’s hardware component utilizations at the ker-

nel level by means of system call instrumentation and an event-driven monitoring method to 

cause low overhead and ensure high accuracy (Yoon et al. 2012). However, AppScope relies on 

the Android application DevScope, which generates power models for mobile devices online 

(without external measuring devices) using a battery monitor unit (BMU). DevScope assigns to 

each device component a workload and loops through all possible power states of the respective 

device components, resulting in power consumption values for each component, packaged in a 

power model. To ensure high accuracy, only one device component, except of the CPU, is 

switched on at a time (Jung et al. 2012). Consequently, the generated power models supply 

AppScope with power consumption characteristics for each hardware component that it per-

forms energy metering for. 

 

Amongst AppScope and DevScope, the AppScope Suite2 currently comes with the AppScope-

Viewer, which is a Java Runtime application that interacts with AppScope on the target device 

to produce a graphical energy profile for the system’s overall energy demand, broken down to 

the energy demand of single hardware components. 

                                                 

 

 
2 http://css3.yonsei.ac.kr:5612/appscope 
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2.2.5 Energy Abstraction Layer (EAL) 

Josefiok et al. (2013) propose an abstraction of power measurement capabilities by means of 

an isolated layer. The so-called Energy Abstraction Layer (EAL) calculates the power consump-

tion of the hardware components by using the voltage and the discharging current of the battery. 

While the battery voltage can be easily accessed using the Android API, the discharging current 

is more difficult to estimate. Depending on the required quality of the discharging current meas-

urements, EAL differentiates three different approaches for the estimation respectively. The 

simplest method is called the Delta-B method, which estimates the discharging current based 

on relating the battery charge level change to the battery capacity. Since Android only provides 

rough granularity regarding the battery charge level, the approach can cause high inaccuracy in 

the estimations. While the Delta-B method is simple but inaccurate, the next method is more 

accurate, but not generally applicable. The method aims to get the discharging current from 

files in the file system, but the approach can only be used if the vendor provides such files. The 

files are updated more frequently than the battery charge level, the Delta-B method is based on. 

Therefore, the measurements, derived from this method, are more accurate. The third method 

also relies on the availability of vendor power models as described in chapter 2.2.8. The accu-

racy of using this technique is highly dependent on the quality of those power models. If avail-

able, vendor power models enable the EAL to break down the power consumption on single 

hardware components. 

2.2.6 Eprof 

The energy profiler Eprof claims to be the first fine-grained energy profiler for modern Android 

and Windows Mobile apps. The tool basically takes three challenges in the design of an energy 

profiler into account. At first, Eprof attributes to the varying requirements regarding the ac-

counting of energy drain among developers. For instance, some developers might be interested 

in the energy drain on thread-level, whereas other developers might be interested in a routine-

based accounted energy drain. For attributing to the different granularity requirements, Eprof 

tracks the power draw of the device components by capturing the power behavior in a system-

call-driven Finite State Machine (FSM). In addition, Eprof leverages the logging of I/O system 

calls and their corresponding call stacks to attribute the different I/O component activities to 

the calling code elements. For non-I/O components like the CPU, Eprof relies on instrumenta-

tion of the app code, which also logs call stacks to estimate CPU utilization (Pathak et al. 2012). 

2.2.7 PowerTutor 

PowerTutor is an Android app, specifically made to allow developers to monitor the energy 

demand of their developed apps. The tool displays the energy demand of the system hardware 

components (such as LCD, CPU and WLAN interface) and the running apps in real-time. For 

the calculation of the energy demand, PowerTutor relies on a power consumption model that 

provides estimates of device components’ power consumption within five percent of their ac-

tual values (Gordon et al. 2011). Its power model has been built on HTC G1, HTC G2 and 

Nexus One smartphones with the help of PowerBooter – a self-constructing model creation 

technique, which leverages the built-in battery voltage sensors and information on the discharg-

ing current behavior, emerged from switching various device components on and off over time 

(Zhang et al. 2010). 
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However, the PowerTutor app provides the user with a text log file and various charts contain-

ing detailed profiling results. The following figures show an example of the graphs PowerTutor 

provides: Figure 4 represents the “System Viewer”, which provides the overall power consump-

tion of the system in different graph types. As depicted in Figure 4, the Chart View breaks down 

the overall power consumption on the main hardware components, such as the display (LCD), 

the CPU, the WiFi adapter, the cellular radio adapter (3G), GPS and the speakers (Audio) in 

milli-Watts (mW). Analogously, Figure 5 shows the corresponding pie view of the system’s 

energy consumption broken down in the different hardware components over the last minute in 

Joule (J). 

 

Figure 4: PowerTutor Chart 

View 

Source: own representation 

Figure 5: PowerTutor Pie 

View 

Source: own representation 

In order to help app developers, PowerTutor also provides information on an app’s energy con-

sumption behavior, as shown in Figure 6 and Figure 7. It is possible to analyze the energy 

demand caused by the app on single hardware components as well as taking different hardware 

components into account - for the time between starting the app and analyzing with PowerTu-

tor. Figure 6 shows the “Application Viewer” with the sum of the energy demand on display 

(LCD), CPU, WiFi and cellular radio adapter (3G) broken down on the running apps, whereas 

Figure 7 shows the “Application Viewer” considering only the energy demand on the display 

(LCD) for each running app. Since the app entries are sorted by their energy consumption de-

scending, the apps with the highest energy consumption can be identified immediately. 
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The source code of the PowerTutor app is freely accessible on GitHub3, which gives insights 

on PowerTutor’s methodology regarding measuring the power consumption of an app, broken 

down on various hardware components. Furthermore the PowerTutor homepage4 provides links 

to several publications showing the basic idea and raw details of the PowerTutor project 

(Gordon et al. 2011). 

 

Figure 6: PowerTutor Applica-

tion Viewer 1 

Source: own representation 

Figure 7: PowerTutor Applica-

tion Viewer 2 

Source: own representation 

2.2.8 Vendor Power Profiles 

Android provides battery usage information, which emerges from battery usage statistics and 

power profile values. While the battery usage statistics are tracked from the Android frame-

work, the profile values derive from the power profiles provided by the vendor. The vendor 

power profiles cover current consumption values for the most power-consuming device com-

ponents, such as the screen, the CPU, the Bluetooth chip or the WLAN chip. Since device com-

ponents are run in different states (e.g. brightness of screen), the XML-based power profile file 

additionally considers current consumption values for each component’s states. Table 2 repre-

sents a vendor power profile snippet, containing current consumption values for different states 

of the screen, the Bluetooth and the WLAN chip (Google 2014f). 

                                                 

 

 
3 https://github.com/msg555/PowerTutor 

4 http://powertutor.org/ 
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Name Meaning 
Example 

value 

screen.on 
Additional power used when screen is turned on at mini-

mum brightness 
200 mA 

screen.full 
Additional power used when screen is at maximum bright-

ness, compared to screen at minimum brightness 
100- 300 mA 

bluetooth.active 
Additional power used when playing audio through Blue-

tooth A2DP 
14 mA 

bluetooth.on Additional power used when Bluetooth is turned on but idle 1.4 mA 

wifi.on 
Additional power used when WLAN is turned on but not 

receiving, transmitting, or scanning 
2 mA 

wifi.active 
Additional power used when transmitting or receiving over 

WLAN 
31 mA 

Table 2: Vendor Power Profile Snippet 

Source: (Google 2014f) 

 

The accuracy of the battery usage information is highly dependent on the quality of the vendor 

power profiles. Therefore, Google provides advices and information how to measure the device 

components in order to ensure measuring method consistency amongst the Android device ven-

dors. Google suggests to measure the current consumption physically as described in detail in 

chapter 2.2.1. Additionally, Google provides hidden methods to access the power profile values 

as part of the Android API. Josefiok et al. (2013) use these power profiles for the determination 

of the discharging current within the Energy Abstraction Layer (chapter 2.2.5). 

2.2.9 Battery Monitor Widget 

The Android app Battery Monitor Widget5 is claimed to be the most complete tool to manage a 

device’s battery (3c 2014). The tool provides a lot of features. Based on historical data, the app 

measures the real capacity of the device battery. After several full charging cycles the tool offers 

the possibility to manually reset the battery capacity with the calibrated capacity system-wide. 

Battery Monitor Widget also provides detailed information on the status of the battery, as de-

picted in Figure 8. The battery status view contains various information, such as the current 

                                                 

 

 
5 https://play.google.com/store/apps/details?id=ccc71.bmw&hl=de 
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temperature, the current voltage, the current charging level, the capacity as well as the current 

discharging current the battery supplies. The displayed values are taken from frequently up-

dated files of the sysfs6 interface (3c 2014). 

 

Figure 8: Battery Monitor 

Widget – Battery Status 

Source: own representation 

Figure 9: Battery Monitor 

Widget - Statistics 

Source: own representation 

The Battery Monitor Widget not only provides information on the current battery status, but 

also utilizes historical data for the generation of graphics and statistics about the system-wide 

energy consumption as well as for a break-down of the overall energy consumption into the 

single energy-demanding software components like the Android operating system and diverse 

installed apps. Furthermore it identifies the hardware components that cause the most battery 

loss, as represented at Figure 9. 

2.3 Summary 

All profiling techniques can be summed up in three different categories according to Abousaleh 

(2013): Collaborative Energy Diagnosis Profiling, approaches that follow Utilization-Based 

and Time-Split Accounting Policies and System-Call-Based methods. The following paragraphs 

cluster the approaches introduced in chapter 2.2 according to those categories, although some 

approaches might be a combination of them. 

                                                 

 

 
6 “sysfs is a feature of the Linux 2.6 kernel that allows kernel code to export information to user processes via an 

in-memory filesystem.” (Mochel 2005) 
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The Collaborative Energy Diagnosis Profiling methods aim to collect reference usage data re-

garding the energy demand of various mobile devices and their hardware components 

(Abousaleh 2013). Since this approach requires a large community that exchanges usage data 

internally, none of the approaches introduced in chapter 2.2 belongs to this category. However, 

vendor power profiles (chapter 2.2.8) base on a collaborative approach when it comes to hard-

ware component power consumption determination, instead of app profiling. Vendors implic-

itly build a community by providing the power profiles as file on every Android device they 

produce. Vendors are pleased to provide these profiles in order to ensure a correct behavior of 

the Android battery usage statistics. 

 

The second category follows the Utilization-Based and Time-Split Accounting Policies, which 

rely on periodically measuring the utilization and using models to correlate the utilization with 

the energy demand of device components (Abousaleh 2013). Sesame (chapter 2.2.2) belongs to 

this category, since it creates power models by leveraging utilization data provided by smart 

battery interfaces. Using smart battery interfaces causes the method to be inaccurate, since 

smart battery interfaces mostly offer data in rough granularity. For example, receiving battery 

levels in per-cent granularity might be insufficient for some purposes. Sesame creates its models 

online and thus requires resources during creation, which influences the measurements, alt-

hough the influence is lower equal one percent (Dong/Zhong 2011). Similarly, the Trepn Pro-

filer (chapter 2.2.3) also causes a significant CPU load while utilizing other hardware 

components. Figure 3 depicts this issue, indicating a CPU load of 30 percent while profiling.  

A tool, that builds up on a Utilization-Based approach as well is PowerTutor (chapter 2.2.7), 

since it uses power models that have been created by PowerBooter by means of utilizing hard-

ware components during power profiling alternately. PowerTutor’s source code is freely avail-

able, whereas PowerBooter’s source code is not. The power model PowerTutor is using was 

built on HTC G1, HTC G2 and Nexus One (Gordon et al. 2011). Since PowerBooter is not 

available, the power model cannot be extended with other device’s characteristics, which makes 

the results of PowerTutor inaccurate on other mobile devices. Another representative of the 

Utilization-Based and Time-Split Accounting approach is represented by the Battery Monitor 

Widget (chapter 2.2.9) app, since it collects power-relevant data from the sysfs file system over 

time (3c 2014). The location and the name of the power-relevant files in the sysfs file system 

distinguish from device to device. Thus, the app has to determine the underlying sysfs architec-

ture in order to gather all required information for operation. However, collecting the infor-

mation of the hardware-close sysfs file system can ensure accurate measurements, as long as 

the update rate of the sysfs files allows fine-grained measurements (Landley 2014). 

 

The System-Call-Based category covers approaches and tools that exploit system calls (kernel 

calls) for determining the utilization of various hardware components, caused by a mobile ap-

plication. Knowing the utilization of hardware components in combination with the power con-

sumption of the hardware components (mostly extracted from power models), enables to 

estimate the energy demand of an app (Abousaleh 2013). Eprof (chapter 2.2.6) leverages system 

calls by capturing the power behavior in a system-call-driven Finite State Machine (Pathak et 

al. 2012). Tracking the power behavior by capturing system calls enables fine-grained utiliza-

tion measurements and therefore accurate energy demand estimations of hardware components. 

Following the stack trace of a system call enables to identify the app that triggered the system 
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call. This allows an exact attribution of the component utilization to apps. A prototype has been 

produced for Android and Windows Mobile smartphones, but it is not publicly available. 

AppScope (chapter 2.2.4) monitors an app’s hardware component utilizations at the kernel level 

by means of system call instrumentation, which ensures accurate utilization measurements as 

well. AppScope is implemented as a loadable kernel module which needs to be compiled with 

specific compiler flags turned on (Abousaleh 2013). Hence, the device under test has to be 

rooted and flashed with the patched kernel in order to extract measurements. Additionally, the 

patched kernel is only valid for the HTC Google Nexus One with Android platform 2.3 (Yoon 

et al. 2012; Google 2014e). Generally speaking, System-Call-Based profiling approaches need 

explicit access to the kernel and hence root access – this characteristic makes such approaches 

not generally applicable for mobile devices. 

 

Only two of the introduced approaches are capable of determining the power consumption of a 

device’s hardware components. The easiest way to get power characteristics for a mobile device 

would be simply using vendor profiles, as introduced in chapter 2.2.8. Those profiles lack in 

accuracy, as we have figured out during various tests. The other, most accurate way to extract 

the power consumption values of the device components is to apply the approach of physical 

measurement (chapter 2.2.1). However, physical measurement relies on time-consuming cali-

bration with expensive measuring equipment, which is not always feasible. 

2.4 Conclusion 

Despite the fact that System-Call-Based profiling approaches offer the highest accuracy in 

measurements, we considered the Utilization-Based and Time-Split Accounting Policies to be 

the best suitable approach for the power profiling in this thesis. The System-Call-Based profil-

ing approaches require the rooting of a device, or even patching the kernel, indicating a huge 

effort for every new device to profile. The Trepn Profiler, a representative of the Utilization-

Based and Time-Split Accounting Policy approach meets our expectations best and is therefore 

our preferred tool for the profiling of an app. 

 

In addition to the component utilization profile of an app, the power consumptions of the uti-

lized device components have to be known for the estimation of an app’s power demand on a 

specific device. Since the introduced approaches for the determination of the component power 

demand either lack in accuracy or are simply not feasible, we decided to calibrate the compo-

nents with a self-written Android app, which can be installed as a normal Android user app 

(without requiring root access). During calibration, the app uses the approach of the Battery 

Monitor Widget (2.2.9) and logs samples of the actual discharging current every second. At 

first, the app profiles the idle state of the device, meaning that no hardware component is uti-

lized by any user app. After one hour, the app determines the offset for the calibration of the 

hardware components, which is derived from calculating the mean of all discharging current 

samples. After that, the app alternately produces load on the various considered hardware com-

ponents for one hour as well. Between the switching from calibrating one device component to 

another, the sampling pauses for one minute to remove possible side effects, caused by the 

switching. Once all hardware components are calibrated, the app calculates each component’s 

discharging current demand by building the mean of all discharging current samples (in the 

component’s calibration interval) minus the previously derived offset. Finally, the resulting 
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values are put in a vendor power profile as described in chapter 2.2.8. Additionally the app 

generates a Resource Environment Model, which is described in chapter 3. 

 

According to the vendor power profiles (Google 2014f), the power consumption of Android 

devices is mainly attributed to a limited set of hardware components. The considered hardware 

components, its characteristics and the way they are calibrated by the calibration app are de-

scribed in chapter 3.1. 
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3 Extending Resource Profiles for Mobile Applications 

“Resource profiles are models that allow evaluating energy consumption and performance 

of enterprise applications.” (Brunnert et al. 2014) 

 

Resource profiles, as depicted in Figure 10, are intended to help Enterprise Application Users 

(EAUs) in their investment decisions, since they provide information on the system require-

ments a soft- and hardware environment has to meet in order to run a software (Brunnert et al. 

2014). 

As described in chapter 1.2, resource profiles according to Brunnert et al. (2014) base on the 

Palladio Component Model (PCM), a meta-model that enables a model-based prediction of the 

performance and resource demand of component-based software systems (Becker et al. 2009). 

Figure 10: Resource Profile 

Source: (Brunnert et al. 2014) 

Figure 11: Palladio Component Model Artefacts 

Source: (Wischer 2014) 
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The PCM meta-model represents artefacts for each developer role in a Component-Based Soft-

ware Engineering (CBSE) process (Becker et al. 2009; Koziolek/Happe 2006): 

The component developers represent component specifications and implementations, such as 

models and code, within a Repository Model. For the abstract description of service behaviors, 

Repository Models provide to model Service Effect Specifications (SEFFs), which enable per-

formance predictions by means of modeling resource demands. The software architects connect 

components and their roles within a System Model in order to build applications. The system 

developers model the underlying hardware within a Resource Environment Model as well as 

the allocation of the components among the resources in an Allocation Model. Finally, the do-

main experts model the Usage Models, representing customers and users of the system and their 

corresponding behavior. Figure 11 shows the single PCM artefacts building a PCM meta-

model. Chapter 3.3.1 describes these sub-models in detail. 

 

A resource profile extends the Resource Environment Model with a power consumption model 

in order to take the power characteristics of the underlying hardware into account. Resource 

profiles originally have been developed for servers, considering only the CPU and the Hard 

Disk Drive (HDD). In contrast, resource profiles for mobile devices have to provide power 

characteristics for hardware components, typically installed in smartphones and tablets. 

 

Focusing on the thesis objective - enable a prediction of an app’s energy demand without the 

physical presence of the mobile device under test - the Resource Environment Model has to 

contain all the relevant characteristics of the device’s hardware components. Apart from the 

hardware components that cause the most energy demand in mobile devices (Pathak et al. 2012; 

Google 2014f), the model has to cover components with minor power demand as well. There-

fore, the model considers an additional, pseudo hardware component that represents the power 

demand of these power consumer as well as the operating system’s power demand. 

 

On the way to enable the energy demand prediction of a mobile application by means of re-

source profile simulation, we at first focus on the characteristics of hardware components in 

mobile devices (chapter 3.1), followed by the creation of hardware models (chapter 3.2) that 

take these characteristics into account. Afterwards we analyze the energy demand prediction of 

enterprise applications as suggested by Brunnert et al. (2014) in chapter 3.3. Based on this ap-

proach, we adapt the resource profiles towards an integration of mobile device characteristics 

in chapter 3.4. 

3.1 Hardware Components in Mobile Devices 

Nowadays a mobile device comes with a lot of hardware components. Apart from the obvious 

hardware components in mobile devices, like the CPU and the display and the network inter-

faces, like the WLAN and Bluetooth interface, a lot of sensors can be present in a mobile device. 

The variety of sensors, accessible by the Android API, are listed at Attachment A. 

 

Despite the fact that all types of hardware components certainly consume power, some hard-

ware components do not attribute to the overall energy consumption as much as other hardware 
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components. According to Google (2014f), only a fixed subset of hardware components signif-

icantly attribute to the energy demand of an app. The following section (chapter 3.1.1 to chapter 

3.1.6) focuses on the energy-relevant hardware components and their characteristics regarding 

power consumption. 

 

In general, the power consumption of a hardware component according to Google (2014f) is 

specified in units of milliamps (mA) and represents the electrical current, consumed at the bat-

tery when the corresponding hardware component is operating. The hardware components can 

be in different states, which cause different power demands respectively. For example, the 

power demand of a LCD display depends on the brightness, the CPU’s power demand depends 

on the processing rate. The power demand of a scanning WLAN interface is different to the 

power demand of a transmitting WLAN interface. The general idea to determine a component’s 

power demand in a specific state is to monitor the current draw change when putting a compo-

nent from one state to another state. Hence, the current consumption of an individual hardware 

component is calculated by subtracting the current value when the component is off from the 

current value when the component is in the desired state. This approach is consequently used 

for every considered hardware component in the calibration app, with a slight difference, as 

described in the following section. 

 

Since the thesis follows the policy not to rely on rooted devices, switching on and off hardware 

components without user interaction is not programmatically possible on Android Stock7 de-

vices. Only the operating system (OS) is capable of switching on and off hardware components. 

Thus, the calibration of a hardware component requires the component to be switched on before 

calibration start. Although a hardware component is not doing work, it consumes power. To 

take the power consumption of a switched on component into account, the calibration app at 

first calibrates the power consumption of the operating system in idle state. Therefore, the idle-

calibration requires all relevant hardware components to be switched on at calibration start in 

order to take the power consumption of these components into account. All hardware compo-

nents are calibrated by putting them from the idle state in the desired state. Hence, in the fol-

lowing subchapters the current consumption of a hardware component is calculated by 

subtracting the current consumption of the OS in idle state from the current consumption when 

the component is in the desired state. 

 

Table 3 gives a short overview of the hardware components that cause the most energy demand 

in mobile devices. The table not only lists and describes those components, but gives a brief 

conclusion of the power characteristics of each component. The last column depicts the power 

states of each component as illustrated in Google’s guide for the creation of vendor power pro-

files (chapter 2.2.8). 

 

 

                                                 

 

 
7 Android OS in factory condition (Hildenbrand 2013) 
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Component Description 
Power-Demanding 

Factors 

Power States 

(Google 2014f) 

CPU 

Central Processing Units 

carry out the instructions of 

a computer program. 

State, Frequency, 

Utilization 

 cpu.speeds 

 cpu.idle 

 cpu.awake 

 cpu.active 

GPS receiver 

Global Positioning System 

Sensor - localizes by means 

of evaluating satellite sig-

nals. 

Accuracy, Location 

Update Rate 
 gps.on 

WLAN Inter-

face 

Wireless Local Area Net-

work (WLAN) Interface - 

allows a device to exchange 

data or connect to the inter-

net. 

State, Traffic (Link 

Speed), Signal 

Strength 

 wifi.on 

 wifi.active 

 wifi.scan 

Cellular In-

terface 

Allows devices to connect 

to cellular/mobile radio net-

works in order to enable tel-

ecommunication or internet 

access. 

State, Traffic (Link 

Speed), Signal 

Strength 

 radio.on 

 radio.active 

 radio.scanning 

Bluetooth In-

terface 

Enables to exchange data 

over short distances using 

the wireless technology 

standard Bluetooth. 

State 

 bluetooth.on 

 bluetooth.ac-

tive 

Display 

Enables a device-user inter-

action by visually preparing 

data and receiving user 

commands by means of e.g. 

touching. 

Brightness, Dis-

played Colors 

 screen.on 

 screen.full 

Table 3: Mobile Device Components with the Highest Power Consumption 

Source: (Google 2014h; Pathak et al. 2012) 

 

The following subchapters treat the hardware components listed at Table 3 in detail, focused 

on energy-relevant aspects. Additionally, the section clarifies how the power consumption cal-

ibration, by means of the calibration app, is performed and which component power states are 

relevant for the thesis’ purpose in order to enable the energy demand prediction of mobile ap-

plications. 
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Several statistical terms are used throughout this chapter. The definitions and explanations for 

these terms are listed in the glossary (see Glossary A). 

3.1.1 Cellular Radio Interface 

Determining the power consumption of the cellular radio interface is a hard task, since the 

power consumption is dependent on the signal strength of the mobile network on the one hand 

and on the amount of transmitted data on the other hand. 

 

Thus Google considers several different states in which a cellular radio interface can consume 

power in the vendor power profile (chapter 2.2.8): The additional power consumption of a 

switched on cellular radio interface, without transmitting data, is specified for each of the fol-

lowing signal strengths: “no signal”, “weak”, “moderate” and “strong”. The vendor power pro-

file further considers the states “scanning” and “active” for a cellular radio interface, where 

state “scanning” indicates the adapter is searching for a mobile network and state “active” in-

dicates the adapter is currently transmitting data. 

 

For the thesis’ purpose only state “active” is required, since the app simulations rely on an eased 

experiment setup, where it is assumed the cellular radio interface never loses connection during 

app execution, indicating the adapter never to be in other states. Additionally, the experiment 

setup does not take the varying power consumption caused by different signal strengths into 

account, since the power consumption variation is marginal in relation to the power consumed 

when transmitting data. 

 

In order to calibrate the cellular radio interface in state “active” with the calibration app, the 

app requires the cellular radio interface to be switched on before calibration start. Additionally, 

the app requires a mobile connection and a reachable fileserver. Meeting all these requirements, 

the calibration app generates load on the cellular radio interface by downloading a large file 

from the fileserver iteratively. The download is done byte-wise, without storing the bytes in 

order to cause no energy-intensive I/O operations, which would distort the component’s current 

demand. This procedure is conducted for one hour and the mean of all current demand samples 

finally result in the cellular radio interface’s “active” power consumption. 

 

During the calibration the app also samples the current transmitted and received bytes (traffic) 

as well as the signal strength in order to identify relations between traffic / signal strength and 

power demand of the cellular radio interface. The results of several profiling runs have shown 

that there is in fact no significant relation between traffic and power demand of the cellular 

radio interface. This cannot be claimed for each network component. The evidence is depicted 

in chapter 3.1.5. Analogously, the signal strength of the connected mobile network does not 

correlate with the power demand of the cellular radio interface. 

3.1.2 Display 

Mobile device vendors mainly install LCD (Liquid-Crystal Display) and AMOLED (Active-

Matrix Organic Light-Emitting Diode) displays in current mobile devices. Those two display 

types have different characteristics when it comes to power consumption. While the LCD’s 

power consumption only depends on the display brightness, independent from what is shown, 
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the AMOLED display’s energy consumption is related to the brightness and to the colors shown. 

For example, an AMOLED display consumes significantly more power when showing white 

text on black background, compared to displaying black text on white background (Dong et al. 

2009). 

 

Since all the devices under test have LCD displays installed, the main research regarding the 

energy consumption of displays is attributed to LCD displays. As already mentioned, the power 

consumption of a LCD display is highly correlated to its brightness. Figure 12 depicts this cor-

relation, derived from a calibration run on the Samsung Galaxy Tab. The y-axis represents the 

power consumption (battery discharging current in milliamps) caused by the display being in 

the respective brightness level in percent – represented by the x-axis. The discharging current 

and brightness vectors have a correlation coefficient of 0.98, indicating a strong relation be-

tween brightness and power consumption of the display. The figure also shows the red-colored 

linear regression line, which models the linear relation between brightness and power consump-

tion. To proof the quality of the linear regression model, the calculation of the coefficient of 

determination and the analysis of the residual plot regarding systematic errors is sufficient 

(Cramer/Kamps 2008). The regression model’s coefficient of determination is 0.96, which in-

dicates an explanation of the scattering in the underlying data of approximately 96 percent and 

thus a proper model. The analysis of the residual plot (Figure 13) shows no regular structures, 

which confirms the suitability of the linear regression model as well (Cramer/Kamps 2008). 

 

Figure 12: Display Power Consumption 

over Brightness 

            Source: own representation 

Figure 13: Residual Plot of Display Re-

gression Model 

            Source: own representation 

In order to derive the linear power consumption over brightness function for the LDC display 

of a specific device, the power consumption values of the display with full brightness (highest 

brightness level) and with the lowest brightness level have to be determined. Analogously, 

Google advices Android device vendors to measure screen power at maximum and minimum 

brightness level, represented with the power consumption values “screen.full” and “screen.on” 

in the vendor power profiles (chapter 2.2.8). 



 

 24 

 

Analogously, the calibration app calibrates the display’s power consumption with both, mini-

mum and maximum brightness. Hence, the app turns the display on with 100 percent brightness 

for half an hour, decreases the brightness level to zero percent and keeps the screen on for 

another half an hour. While calibrating the display, the app samples the current battery drain 

secondly. After finishing the maximum brightness level interval, the app builds the mean of the 

battery discharging current, resulting in the “screen.full” power consumption value. The 

“screen.on” power consumption value is determined by building the mean of the battery dis-

charging current samples in the minimum-brightness-interval analogously. Usually, the system 

suspends after a certain time, which is configured with an operating system setting. To prevent 

the system from suspending, Android provides the concept of wake locks: “A wake lock is a 

mechanism to indicate that your application needs to have the device stay on.” (Google 2014g). 

This mechanism is used by the calibration app to prevent the display from turning off while 

calibrating. 

3.1.3 Bluetooth Interface 

The power consumption of the Bluetooth interface is highly dependent on the Bluetooth version 

the Bluetooth interface communicates with. Current mobile devices have Bluetooth interfaces 

with Bluetooth version 4.0 installed, which communicate using Bluetooth low energy protocols. 

Bluetooth 4.0 is also called “Smart Bluetooth” and intends to provide a similar communication 

range while consuming less power, in comparison to previous Bluetooth versions (Bluetooth 

SIG 2014). 

 

However, Google (2014f) suggests to calibrate the Bluetooth interface while playing audio 

through Bluetooth A2DP technology. The A2DP (Advanced Audio Distribution Profile) has 

been created to support high quality wireless audio streaming (Holtmann 2008) and is supported 

by Android since version 1.5 (Google 2009). The audio streaming via A2DP causes the Blue-

tooth interface to continuously transmit data and thus to keep the interface active for the length 

of the stream. 

 

Hence, the calibration app plays audio through Bluetooth A2DP on a paired device for one hour 

and samples the power consumption (in form of the battery discharging current) secondly. One 

Mp3 track is played iteratively to fill one hour calibration time. Once one hour has passed the 

calibration app builds the mean of all power consumption samples, which results in the power 

consumption value of the Bluetooth interface for state “active”. 

 

Apart from the power state “active”, Google (2014f) considers the power state “on” for the 

Bluetooth interface, indicating the Bluetooth interface to be switched on, but idle. As already 

mentioned at the introduction of chapter 3.1, some hardware components, including the Blue-

tooth interface, cannot be switched on/off by normal Android user apps. This restriction pre-

vents calibrating the switched on, but idle state of those components. The power consumption 

of a switched on, but idle Bluetooth interface is therefore included in the power consumption 

of the OS, which is determined at first of every calibration app execution. Moreover, the cali-

bration of the Bluetooth interface in state “active” requires the Bluetooth interface to be 

switched on before starting the calibration. 
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3.1.4 Global Positioning System (GPS) Receiver 

Nowadays the location of a device must not necessarily be determined with the GPS receiver. 

Android provides GPS location providers as well as network location providers. GPS location 

providers use the GPS receiver for getting a location fix, whereas network location providers 

use cell tower and WLAN signals in order to determine a location. Although the GPS receiver 

provides the highest accuracy, it is not the preferred way to determine locations. Using network 

location providers for location determination instead consumes less energy compared to using 

the GPS receiver. Additionally GPS receivers only work outdoor, whereas network providers 

work in- and outdoor (Google 2014b). 

 

Table 4 illustrates the different location accuracy criteria supported by the Android API, show-

ing that the GPS receiver is only used for location determinations that require fine accuracy. 

The fine accuracy requirement regarding localizing is mostly requested by tracking software 

like navigation systems. 

 

Criteria Accuracy Usage Provider 

Coarse Approximate - Network 

Fine Fine Navigation Systems GPS 

High High 
Horizontal and vertical positioning with an ac-

curacy of less than 100 meters 
Network 

Low Low 
Horizontal and vertical positioning with an ac-

curacy of greater than 500 meters 
Network 

Medium Medium 
Horizontal and vertical positioning with an ac-

curacy of between 100 and 500 meters 
Network 

Table 4: Location Accuracy Criteria Levels 

Source: (Google 2014a; Nazmul 2010) 

 

The power consumption of receiving locations is not only dependent on to the provider - another 

relevant factor is the rate of location updates requested. The Android API supports the config-

uration of the update rate by setting a time interval and a distance interval. The time interval 

describes how many time at most passes between location updates, whereas the distance inter-

val describes which distance has to have passed in order to trigger a location update (Google 

2014c). The more update rates the location provider has to deliver, the more power is consumed 

by the location-providing hardware component, e.g. the GPS receiver. Thus, the update rate of 

location updates should be configured wisely in order to save energy (Google 2014d). 

 

For the simulation (chapter 4) and evaluation (chapter 5) phase of the thesis, we will introduce 

the Android app Runtastic, which is a tracking app for sporting activities. The tracking of routes 
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requires fine-accurate location updates. Thus, Runtastic uses the GPS provider for location up-

dates throughout the whole sports activity tracking. For this reason and to ease the experiment 

setup, we only consider location updates by means of the GPS provider. The Android system 

offers to disable all other location providers in the system settings - this has been done at all 

devices under test. 

 

According to Google (2014f), only one power state (“gps.on”) has to be considered to calibrate 

the GPS sensor. Additionally, there is no distinction regarding variable power consumption 

caused by varying location update rates. Thus, the calibration app requests location updates of 

the GPS provider for one hour with constant time intervals in order to calibrate the GPS re-

ceiver’s power consumption. The location updates are configured with a disabled distance in-

terval (0 meters) and a time interval of one second. The time interval of one second is a 

reasonable time between location updates, when imagining a tracking app that secondly updates 

its location. During the GPS calibration phase, the power consumption in form of the battery 

discharging current is secondly logged. Once one hour has passed, the mean of the power con-

sumption samples is calculated and results in the power consumption value for the power state 

“gps.on”. 

3.1.5 Wireless Local Area Network (WLAN) Interface 

The power consumption of the WLAN (Wi-Fi) interface is dependent on the current power state 

of the interface as well as on the traffic it serves, if it is active. Google (2014f) distinguishes the 

WLAN power states “wifi.on”, “wifi.active” and “wifi.scanning”. State “on” describes the 

switched on, but idle condition of the interface. State “scanning” indicates the interface is 

searching for a WLAN network and state “active” indicates the interface is currently transmitting 

data. For the thesis’ purpose only state “active” is required, since the app simulations rely on 

an eased experiment setup, where it is assumed that the WLAN interface never loses connection 

during app execution, meaning the adapter never to be in other states. 

 

As already mentioned, the power consumption of the WLAN interface is also related to the 

traffic, the interface serves in active state. The traffic depends on the data rate, the WLAN net-

work provides, as well as the data rate, the WLAN interface is capable to receive. Current WLAN 

interfaces in mobile devices implement the IEEE 802.11n standard, which has a significantly 

lower power consumption than previous standards, e.g. the 802.11g standard (Jansons/Dorins 

2012). Theoretically, the standard provides data rates up to 540 Mbit/s with an effective 

throughput of up to 100 Mbit/s (Jansons/Dorins 2012). 

 

While calibrating the WLAN interface with the calibration app, we reached data rates of up to 

35 Mbps, as Figure 14 shows. The plot depicts the power consumption (represented as the bat-

tery discharging current in milliamps) of the WLAN interface over the traffic (bits transmitted 

and received) in Mbit/s at the Samsung Galaxy Tab. The red linear regression line illustrates a 

linear correlation of 0.72 (correlation coefficient) between traffic and power consumption of 

the WLAN interface. To proof the validity of the linear regression model assumption for the 

WLAN interface, we get a coefficient of determination of 0.52, which means the model covers 
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more than 50 percent of the data variance. Figure 15 affirms the assumption – there is no regular 

structure recognizable, which eliminates a potential systematic error in the data. 

 

In order to calibrate the WLAN interface in state “active” with the calibration app, the app re-

quires the WLAN interface to be switched on before calibration start. Additionally the app re-

quires a connection to an internet-located fileserver and thus a connection to the internet through 

a WLAN network. When meeting all these requirements, the calibration app generates load on 

the WLAN interface by downloading a large file from the fileserver iteratively. The download 

is done byte-wise, without storing the bytes in order to cause no energy-intensive I/O opera-

tions, which would distort the component’s current demand. This procedure is conducted for 

one hour and the mean of all current demand samples finally result in the WLAN interface’s 

“active” power consumption. 

3.1.6 Central Processing Unit (CPU) 

Various CPU characteristics complicate the general determination of a CPU’s power consump-

tion. A typical CPU in a mobile device can have multiple cores, which work with various fre-

quencies. Although cores in a multicore system mostly share a common frequency policy, it is 

hard to attribute the emerged power consumption to the single cores, since each core can be in 

a different power state, causing more or less power consumption. 

 

Google’s assumes all cores of a CPU have the same available speeds and power characteristics. 

When it comes to power states of a CPU, Google distinguishes between state “idle”, state 

“awake” and state “active”. The CPU is in power state “idle”, if the cores are in system suspend 

state. The CPU’s power state “awake” means that the CPU is not in system suspend state, but 

in scheduling idle state. The power state “active” of the CPU is in fact a multi-value state, 

representing the power consumption of the CPU when running in each available speed. 

Figure 15: Residual Plot of 

WLAN Regression Model 

Source: own representation 

Figure 14: WLAN Power 

Consumption over Traffic 

Source: own representation 
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Since the thesis targets to predict the energy demand of apps in operation, only the CPU in 

power state “active” is considered. The calibration of the CPU running at different speeds re-

quires the rooting of the device, because the system files that control the behavior of the CPU 

have to be manipulated in order to let a core run in a specific speed. In chapter 2.4 we decided 

to follow a non-rooting policy for the calibration app. Although we stick to this decision, we 

rooted our devices under test in order to enable a detailed calibration of the CPUs and to analyze 

the power characteristics of a CPU in depth. Nevertheless, the calibration app we provide does 

not require root permissions. The following section explains the power consumption determi-

nation, without forcing the CPU to run at different speeds. 

 

As Table 3 already illustrated, the power consumption of a CPU depends on the power state, 

on the speed and on the utilization of the CPU. Figure 16 shows the power consumption (battery 

discharging current in milliamps) over the available CPU frequencies (in kHz) of a Samsung 

Galaxy Tab CPU. The CPU has a single-core architecture with the available core frequencies: 

100, 200, 400, 800 and 1000 kHz. Although only five power consumption measurements, which 

correspond to the available frequencies, are depicted, the linear relation between power con-

sumption and CPU frequency is well recognizable. The red regression line demonstrates a cor-

relation of 0.99 (correlation coefficient). The linear regression model is proofed by a coefficient 

of determination of 0.99, indicating a data variance coverage by the model of 99 percent. The 

residual plot, depicted at Figure 17, confirms the validity of the linear regression model, since 

no regular structures are recognizable. 

 

The same analysis has been done with the LG Google Nexus 5 smartphone. The Nexus 5 has a 

quad-core architecture and 14 different speeds to run. Before calibration, the calibration app 

disables all cores except the first in order to get the power characteristics of one single core of 

the CPU.  Figure 18 depicts the CPU’s power consumption (battery discharging current in 

Figure 16: CPU Power Consumption over 

Frequency (Samsung Galaxy Tab) 

         Source: own representation 

Figure 17: Residual Plot of CPU Regres-

sion Model (Samsung Galaxy Tab) 

         Source: own representation 
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milliamps) over its available frequencies (in kHz). Similarly, the plot identifies a linear relation 

between CPU frequency and power consumption, represented by the red regression line (cor-

relation coefficient of 0.99). The validity of the linear regression model is proven by the coef-

ficient of determination of 0.99 and no regular structures in the residual plot (Figure 19), which 

would indicate a systematic error in the underlying data. 

 

Current CPUs scale down the operating frequency depending on the load. The CPU load rep-

resents the utilization with respect to the current operating frequency, whereas the normalized 

CPU load represents the utilization with respect to the maximum CPU frequency. Thus, CPU 

load shows the load with respect to the scaled potential, whereas the normalized CPU load 

shows the load with respect to the maximum potential (Qualcomm 2014b; Wang et al. 2009). 

 

Figure 18: CPU Power Consumption over 

Frequency (LG Google Nexus 5) 

            Source: own representation 

Figure 19: Residual Plot of CPU Regres-

sion Model (LG Google Nexus 5) 

             Source own representation 

The following example illustrates the relation between CPU frequency and CPU load: 

 

“Take a device that has a single CPU with maximum frequency of 1000 MHz. Consider 

the case where the workload is low and the operating frequency is scaled down to 500 

MHz. In 1 sec, there are 500M clock cycles. Say the device uses 100M of those cycles 

for work and is idle for the remaining cycles. CPU Load would show 20% (100/500). 

However, the maximum potential of the CPU was 1000M cycles, so Normalized CPU 

Load would show 10% (100/1000).” (Qualcomm 2014b) 

 

Keeping this behavior in mind we want to determine the CPU’s power demand of an app run. 

The app run has been profiled and the average CPU load, the normalized CPU load and the 

average CPU frequency of the app run is known. Additionally, the power consumption of the 

CPU for different frequencies is known from the calibration by means of the calibration app. 

As a result, the power demand of the CPU can be determined in two ways: The first way is to 

multiply the average CPU load with the power consumption corresponding to the average CPU 
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frequency. The second way is to multiply the normalized CPU load with the power consump-

tion corresponding to the maximum CPU frequency. Theoretically, both ways result in the same 

average power consumption for the CPU during the app run. However, the first way requires 

the knowledge of the power consumption of each available CPU frequency, whereas the second 

way only considers the power consumption of the CPU running with maximum frequency. 

Thus, only the maximum power consumption of the CPU is required to determine the average 

power consumption of a CPU over time. As a matter of fact, the calibration app does not have 

to determine the power consumptions for each CPU frequency, assuming the normalized CPU 

load is known. 

 

Depending on the permissions of the calibration app, the CPU calibration covers power con-

sumption calibration for all available CPU frequencies (requires root permissions) or only for 

the maximum CPU frequency (does not require root permissions). The CPU calibration by 

means of the calibration app lasts one hour, in which the power consumption is sampled sec-

ondly. If the app calibrates each CPU frequency, the calibration of one CPU frequency lasts for 

one hour, divided by the number of CPU frequencies. In case of only-maximum-frequency 

calibration, the app calibrates the CPU at maximum frequency for the entire hour. For each 

frequency the mean of the power consumption samples in the corresponding time interval is 

calculated and results in the respective power state, e.g. “cpu.100000” (CPU power state when 

running at 100000 kHz). 

3.2 Creating Hardware Models 

As already mentioned at the introduction of chapter 3, the Resource Environment Model of a 

resource profile has to provide all energy-relevant characteristics of a mobile device under test. 

The power consumption model, which is part of the Resource Environment Model, contains the 

power consumption values for the single hardware components of a mobile device. These power 

consumption values emerge as a result of hardware component power calibration by means of 

the calibration app. The calibration app and its characteristics are described in chapter 3.2.1. 

 

In the context of mobile device energy, the energy demand, which is defined as power over 

time, is mostly represented in mAh (milliamp hours) or mAs (milliamp seconds). Consequently, 

the capacity of energy, a battery can deliver, is also indicated in mAh. The necessity of the 

development of a calibration app is demonstrated in Figure 20, which shows the comparison 

between measured energy demand and predicted energy demand based on vendor power profile 

values (chapter 2.2.8), when running the calibration app on the LG Google Nexus 5. The meas-

ured energy demand is derived from secondly logging the battery discharging current, while 

causing load on the corresponding hardware component. Building the integral over these sam-

ples over the component’s active time interval results in the energy demand of the component 

in mAs. The predicted energy demand has been calculated by multiplying the component’s 

operation time with the power consumption according to the vendor power profile. As Figure 

20 illustrates, the deviation between predicted and measured energy demand varies depending 

on the examined hardware component. 
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The deviation is more than 200 percent when it comes to GPS energy demand, whereas the 

energy demand deviation of the cellular radio interface and the LCD is marginal. Hence, the 

vendor power consumption values lack significantly in accuracy and are therefore not accurate 

enough to be used for the power consumption model of the Resource Environment Model. As 

a result, the necessity of the calibration app development is confirmed. 

3.2.1 Calibration App Characteristics 

For the calibration of the hardware power consumptions of a mobile device, we provide the 

Android app MobilePowerCalibrator (MPC), as shown at Figure 21. In the context of Android 

development, the screenshot depicts the main activity of the app, which represents the user 

interface. From this point, the user can start and stop the calibration as well as choose the hard-

ware components to calibrate, by ticking the corresponding checkboxes. 

 

Once the Start Calibration button is pressed, the main activity starts an Android service, which 

is an application component for long-running operations in the background. A service keeps 

doing its work in the background even if the user switches to other applications (Google 2014i). 

The components of the app and their flow are illustrated at Figure 22. After the service has been 

started by the main activity, the service starts the discharging current logger thread, which sec-

ondly samples the battery discharging current. The battery discharging current is derived from 

the virtual sysfs directory as used by the Battery Monitor Widget (chapter 2.2.9). The samples 

are written in a log file with a filename corresponding to the hardware component and its state 

during calibration, ending with file extension “.mpp” (e.g. “gps.on.mpp”). Once the sampling 

is on, the service starts the individual hardware component threads successively. The individual 

hardware component threads create load on the corresponding component as described in chap-

ter 3.1. 
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The OS Thread, running at the beginning of the calibration, calibrates the power consumption 

of the mobile device, caused by the operating system in idle state. During OS calibration no 

load is generated explicitly, but all considered hardware components are already switched on 

and thus consume power. With the OS calibration, we take this additional power consumptions 

into account, resulting in a power consumption offset for the calibration of the “real” hardware 

components. Between the component threads, the service sleeps for one minute to eliminate 

side effects, caused by other component threads. In this sleeping interval the service switches 

the sample log file and names it according to the upcoming component to calibrate. Once all 

hardware components have been calibrated, the service creates hardware models, filled with 

the mean power consumptions of the hardware components. This hardware models are de-

scribed in chapter 3.2.2. 

3.2.2 Hardware Models 

The calibration with the calibration app results in two generated models. The first hardware 

model the app generates is similar to a vendor power profile (chapter 2.2.8), representing only 

the power characteristics of the hardware components. The names of the power states are equal 

to the names of the vendor power profile states, although they do not mean exactly the same. 

Table 5 shows the scheme of a hardware model, generated by the calibration app. The column 

 

 

 

Figure 21: MobilePowerCalibrator 

Source: own representation 

Figure 22: MPC Component Diagram 

Source: own representation 
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Name represents the name of the calibrated hardware component in the corresponding power 

state. The calibration app creates a sample log file for each of these power states, which is the 

source for the right column Value, indicating the mean of all power consumption samples of 

the corresponding log file. The hardware models, emerged from the calibration of the Samsung 

Galaxy Tab and the LG Google Nexus 5, are attached (see Attachment C). 

 

Name Meaning 
(Example) 

Value 

none 
Power used in idle state with all hardware compo-

nents switched on 
40 mA 

screen.on 
Additional power used when screen is turned on at 

minimum brightness compared to state none 
60 mA 

screen.full 
Additional power used when screen is at maximum 

brightness compared to state none 
277 mA 

bluetooth.active 
Additional power used when playing audio through 

bluetooth A2DP compared to state none 
251 mA 

wifi.active 
Additional power used when transmitting or receiv-

ing over Wifi compared to state none 
156 mA 

radio.active 
Additional power used when transmitting or receiv-

ing over cellular radio compared to state none 
182 mA 

gps.on 
Additional power used when GPS is acquiring a 

signal compared to state none 
40 mA 

cpu.speeds 
Multi-value entry that lists each possible CPU 

speed 

100000 kHz 

400000 kHz 

1000000 kHz 

cpu.active 

Multi-value entry that lists additional power used 

by CPUs when running at different speeds – has to 

correspond to cpu.speeds 

10 mA 

77 mA 

220 mA 

Table 5: MobilePowerCalibrator Power Profile 

Source: following (Google 2014f) 

 

The second hardware model, the MobilePowerCalibrator generates, is a Resource Environment 

Model as described in the introduction of chapter 3. The Resource Environment Model is a part 

of the PCM meta-model and covers all hardware characteristics in model-form. With the ap-

proach of resource profiles the Resource Environment Model was extended to provide a power 

consumption model, containing the power consumptions of the hardware components. The ex-

tended Resource Environment Model, the calibration app generates, is described in detail in 

chapter 3.4. 
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3.2.3 Calibration Validation 

This subchapter aims to proof the validity of the calibration app concept, focused on the validity 

of the power measurements, made by the calibration app. Moreover, subject of this section is 

also the overhead, the online measurement causes, and its effect on the power samples. 

 

In the context of mobile devices, we consider the electrical current demand as the power con-

sumption of an entity. Hence, the power consumption samples are derived by secondly reading 

out the battery discharging current from the sysfs file system. While predicting an app’s energy 

demand, we are also interested in the impact of an app’s operation on the system’s battery level. 

The capacity of batteries installed in mobile devices is given in units of milliamp hours (mAh). 

A battery capacity of 4000mAh implies that the battery is able to supply an energy amount of 

4000 milliamps over an hour. In order to proof the validity of the power measurements, made 

by the calibration app, we compare the measured energy demand with the actual energy demand 

of the operating system. For the energy demand of the operating system, we use the battery 

level change, although it has a rough granularity (one percent steps). The energy demand meas-

urement is calculated as follows: We assume the power consumption sample in the correspond-

ing interval of one second lasts for the whole second and derive the energy demand (mAs) for 

this second by multiplying the power consumption (mA) with the time interval of one second 

(s). In order to get the measured energy demand over a certain time, we simply build the sum 

over these energy demand samples as Figure 23 illustrates: the sum of the discrete energy de-

mand samples results in the energy demand for the whole plot, which is represented as the blue-

colored area of the bars. 

 

Since we compare the measured energy demand with the battery levels of the system, we have 

to represent the measured energy demand as battery level loss. The battery capacity of Lithium-

Ion batteries shrinks with the number of charging cycles (Li et al. 2001). For this reason, we 

calibrate the actual battery capacity of the devices under test. The Battery Monitor Widget 

(chapter 2.2.9) is capable of battery capacity calibration by means of one full charging cycle. 
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Running the battery capacity calibration with the Battery Monitor Widget on the Samsung Gal-

axy Tab resulted in 3400 mAh instead of 4000 mAh, according to the vendor specification. 

Analogously, we got a calibrated battery capacity of 1942 mAh for the LG Google Nexus 5 in 

comparison to 2300 mAh battery capacity in factory condition. The formula for the measured 

energy loss at time t in relation to the battery capacity is depicted in Formula 5. 

 

𝐵𝑎𝑡𝑡𝑒𝑟𝑦 𝐿𝑒𝑣𝑒𝑙 𝐿𝑜𝑠𝑠 (𝑡) = − 
𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝐸𝑛𝑒𝑟𝑔𝑦 𝐷𝑒𝑚𝑎𝑛𝑑 (𝑡) [𝑚𝐴𝑠]

𝐵𝑎𝑡𝑡𝑒𝑟𝑦 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 [𝑚𝐴ℎ] ∗ 3600
∗ 100% 

Formula 5: Battery Level Loss at Time t 

 

Figure 24 uses Formula 5 to calculate the measured battery level loss at time t. The plot shows 

the calibration of the Samsung Galaxy Tab display for two hours. We have chosen to validate 

the measurements based on the display calibration, since it causes the most energy demand and 

thus the highest battery level loss. The blue curve shows the discrete battery level steps of the 

system over time. During the calibration, the system battery level fell from approximately 80 

percent to approximately 32 percent. The red curve represents the measured battery level loss 

based on measurements of the calibration app. As the plot shows, the measured battery level 

loss offers a good approximation of the system’s battery level. 

 

The same statement can be made when analyzing Figure 25. The plot compares the system’s 

battery level (blue curve) with the measured battery level (red curve) during a one-hour-lasting 

LCD calibration on the LG Google Nexus 5. The battery loss is not as high as it has been at the 

Samsung Galaxy Tab, since the display consumes significantly less power and the calibration 

duration has been one hour instead of two hours. Nevertheless the measured battery level is a 

good approximation for the system’s battery level. 
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Finally, we want to demonstrate this behavior on the calibration of another hardware component 

at the Samsung Galaxy Tab. Figure 26 shows the comparison of the system’s battery level (blue 

curve) with the measured battery level (red curve) during the calibration of the CPU at maxi-

mum frequency. The plot confirms the validity of the calibration app measurement concept, 

since the red curve approximates the blue curve. Additionally, the plot illustrates that the meas-

urements are reliable, independent of the system’s remaining charge level: Figure 24 covers 

battery levels ranging from approximately 32 to 80 percent and Figure 26 covers battery levels 

ranging from approximately 19 to 36 percent. Both plots show that the measured energy loss 
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follows a linear model, without recognizable exceptions. Considering this behavior, we assume 

the battery loss follows a linear model. 

 

Although the calibration app is implemented as an Android background service, the online 

measurement method causes measurement distortions by means of the measurement overhead. 

The operation of the calibration app causes little, but recognizable CPU utilization, as Figure 

27 depicts. The screenshot has been taken on the Samsung Galaxy Tab with the Android app 

Terminal Emulator8 calling the Linux performance analysis command top9 and filtering lines 

that belong to the MobilePowerCalibrator process. As the picture shows, the CPU is utilized 

with zero to three percent by means of the calibration app (column 3 of the top command). 

During this performance analysis, the app has been in the idle calibration phase, where the 

discharging current logging is the only task that stresses the CPU. 

 

As a consequence of the measurement overhead, every power measurement is distorted by the 

additional power consumption, caused by the additional CPU utilization through logging. Alt-

hough the distortion is quantifiable, we do not examine this problem further, since we have this 

measurement error in all power measurements we make. Even in the evaluation phase, we 

measure the actual energy demand by secondly logging the power consumption with an Android 

app. Hence, we argue that the distortions have an effect on both sides of the comparisons made 

in the evaluation phase, which makes the measurement deviations, caused by the measurement 

overhead, irrelevant for the thesis. 

3.3 PCM-based Resource Profiles 

The thesis aims to predict the energy demand of a mobile application by means of PCM-based 

resource profile simulation. Thus, this chapter focuses on the characteristics of PCM-based re-

source profiles according to Brunnert et al. (2014), which already allow to predict the energy 

demand of enterprise applications. 

 

                                                 

 

 
8 https://play.google.com/store/apps/details?id=jackpal.androidterm 

9 http://linux.die.net/man/1/top 

Figure 27: MobilePowerCalibrator Measurement Overhead 

Source: own representation 
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The PCM meta-model is implemented by the Palladio-Bench (Becker et al. 2009), which is a 

plugin for the Eclipse Platform10. The plugin provides graphical editors for the creation of PCM 

instances in Eclipse as well as simulation engines for a PCM-based performance prediction. 

We used the Palladio-Bench 3.4.111 and Eclipse Juno in Eclipse Modeling Tools12 edition 

throughout the thesis. 

3.3.1 PCM Artefacts 

The introduction of chapter 3 already mentioned the five sub-models of a Palladio Component 

Model (PCM) that compose a component-based application system (depicted at Figure 11): 

Repository Model, System Model, Usage Model, Allocation Model and Resource Environment 

Model. The following chapter focuses on the characteristics of these sub-models in detail. 

 

The Repository Model and the System Model represent the software architecture of an applica-

tion system. The Repository Model models the software components, which supports interfaces 

in providing and requiring roles. A providing role allows other software components to use the 

component, whereas a requiring role requires other software components to provide interfaces 

for access. The implementation of these interfaces is modeled with Resource Demanding Ser-

vice Effect Specifications (RDSEFF). A RDSEFF models an application routine by means of 

connected Internal Actions and External Call Actions. An Internal Action can determine the 

resource demand on a specific hardware resource, which is modeled in the Resource Environ-

ment Model.  The resource demand indicates the working units a hardware resource has to serve 

                                                 

 

 
10 http://www.eclipse.org/eclipse/ 

11 https://sdqweb.ipd.kit.edu/wiki/PCM_3.4.1 

12 http://www.eclipse.org/downloads/packages/eclipse-modeling-tools/junosr2 

Figure 28: PCM – Repository Model with RDSEFF 

Source: following (Brunnert et al. 2013b) 
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in order to work up an Internal Action. The hardware resources specify their performance in 

the Resource Environment Model by specifying the working units they are able to serve within 

a second (e.g. throughput of the WLAN interface or processing rate of the CPU). External Call 

Actions model calls to external interfaces of other components (Becker et al. 2009; Wischer 

2014)) 

 

Figure 28 shows an example of the Repository Model with the corresponding RDSEFF. The 

Repository Model, which is on the left of the figure, contains two components, ComponentA 

and ComponentB with its offered interfaces. As the figure shows, ComponentA requires the 

interface IComponentB, which is provided by ComponentB. The RDSEFF, on the right of the 

figure, models the operation operationA provided by ComponentA. Thus, operationA executes 

with 60 percent probability the left branch and with 40 percent probability the right branch. As 

mentioned before, InternalActions can model resource demands. The Internal Action in the left 

branch of operationA contains resource demands on the hardware resource CPU and HDD. 

Analogously, the execution of the right branch causes resource demands on CPU and HDD by 

means of the Internal Action in the right branch. Once worked up the Internal Action in the 

right branch, the execution flow continues with iteratively calling external operation opera-

tionC of component ComponentB. 

 

The composition of the Repository Model components by means of its interfaces results in the 

complete application, which is represented in the System Model. Additionally the System Model 

specifies the interfaces for end user access. Considering the System Model of Figure 29, the end 

user is able to access the application by the outward interface, which is connected to Compo-

nentB over ComponentA. 

 

The Resource Environment Model models the hardware infrastructure of an application system. 

It provides the model elements Resource Container and Linking Resource, whereby a Resource 

Container represents the hardware of a server and a Linking Resource represents a network link 

between two Resource Containers. The concept of modeling a hardware infrastructure by 

means of a Resource Environment Model is depicted in Figure 30: Server1 and Server2 are 

Resource Containers, connected with the network link Network. 

 

The hardware resources of a Resource Container are modeled with Processing Resource Spec-

ifications. A Processing Resource Specification specifies following characteristics of a hard-

ware resource: the Scheduling Policy, the Number of Replicas and the Processing Rate. The 

Figure 29: PCM – System Model 

Source: (Wischer 2014) 
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Number of Replicas and the Processing Rate have to be specified numerically. The Number of 

Replicas allows to address multiplicity, whereas the Processing Rate specifies the working 

units, a resource can serve per second. Considering Figure 30, the hardware resources CPU and 

HDD are modeled as Processing Resource Specification with Scheduling Policy “Processor 

Sharing”. Moreover, the CPU of Server1 has 16 cores (Number of Replicas) and both hardware 

resources have a Processing Rate of 1000, which means that each resource can serve 1000 

working units per second. The Linking Resource “Network” connects Server1 and Server2 with 

a Throughput of 1000, meaning that the Linking Resource can serve 1000 Bytes per second. 

 

The Allocation Model defines where the software components of the Repository Model, com-

posed in the System Model, are executed. Thus, the Allocation Model distributes the software 

components of the Repository Model on the hardware infrastructure, modeled in the Resource 

Environment Model. Each software component is allocated to a server, which is exemplary 

demonstrated in Figure 31: ComponentA is allocated to Server1 and ComponentB is allocated 

to Server2. 

 

Finally, the Usage Model takes the user behavior, emerged from a user interacting with the 

application system, into account. A Usage Model allows to model the user behavior by means 

of Usage Scenarios. A Usage Scenario contains System Call Actions, which specify the system 

interfaces a user may call. Additionally, the Usage Model can model the number of users (Pop-

ulation) as well as the waiting time interval (Think Time) between a user’s system calls. 

Figure 30: PCM – Resource Environment Model 

Source: own representation 
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Figure 32 represents an example of a Usage Model with an interacting Population of 1500 users 

and a user’s Think Time of 9.7 seconds. Each user calls with 60 percent probability operationA 

and with 40 percent probability operationB of ComponentA. 

 

3.3.2 Power Consumption Model Extension 

The PCM meta-model does not take the energy demand of applications into account. Hence, 

resource profiles according to Brunnert et al. (2014) extend PCM in order to allow the modeling 

of an application system’s energy demand. Therefore, the Resource Container model element 

is extended with a linear power consumption model. 

 

For the determination of an application’s energy consumption, the energy consumption of the 

underlying hardware has to be considered, since an application utilizes hardware resources that 

cause the actual energy demand. A hardware resource’s electrical power demand is dependent 

on the level of utilization, caused by the software. Hence, knowing the power consumption P 

Figure 31: PCM – Allocation 

Model 

Source: (Brunnert et al. 2014) 

Figure 32: PCM – Usage Model 

Source: (Brunnert et al. 2014) 
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on a certain utilization level of a hardware resource allows to determine the energy demand E 

over the considered time t according to Formula 6. 

 

𝐸 = 𝑃 ∗ 𝑡 = [𝑊] ∗ [𝑠] = [𝑊𝑠] = [𝐽] 

Formula 6: Definition of Electrical Energy 

Source: (Radatz 1997) 

Resource profiles according to Brunnert et al. (2014) approximate the average power consump-

tion of enterprise applications by summing up the utilization-dependent power consumptions 

of the utilized hardware resources. Furthermore, the approach suggests to model the power 

consumption Ppred of a server by a linear regression model according to Formula 7. 

 

𝑃𝑝𝑟𝑒𝑑 =  𝐶0 + ∑ 𝐶𝑖 ∗ 𝑢𝑖

𝑖

1

 

Formula 7: Linear Power Consumption Model of a Server 

Source:(Brunnert et al. 2014) 

The constant C0 represents the server’s power consumption in idle state (no load on the server), 

whereas Ci represents the power consumption and ui the utilization of the i-th resource. 

 

The integration of this power consumption model into the PCM meta-model according to 

Wischer (2014) is subject of the following section. 

 

The PCM meta-model as well as the Palladio-Bench are technically based on the Eclipse Mod-

eling Framework (EMF) (Becker 2008). The EMF allows to model a meta-model. Based on the 

meta-model, Eclipse generates an application which provides model editors for creating and 

editing XML tree structures. For reasons of usability, the Palladio-Bench additionally imple-

ments graphical editors for the creation of PCM meta-model instances. 

 

The EMF meta-model is specified in the Ecore-format. Ecore is a XML-format and basically 

represents a subset of UML domain models. Figure 33 addresses the integration of the power 

consumption model into the PCM meta-model, focusing on the relevant parts of the PCM meta-

model, represented as UML domain model. The hardware servers are modeled as Resource 

Containers in the Resource Environment Model of the PCM. A Resource Container can have 

various Processing Resource Specifications, which represents the single hardware components 

of a server. 

 

In order to integrate the power consumption model, a Resource Container can have a Power 

Consumption Model. This model represents the power consumption model as introduced above, 

containing a constant (C0) as well as various Power Consumption Components. Each Power 

Consumption Component provides a factor (Ci) and references a hardware component in form 

of a Processing Resource Specification, from which it derives the utilization (ui).  
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Thus, all variables, required in Formula 7, are provided by the extension in order to predict the 

power consumption of the Resource Container, which represents the server of interest. 

3.4 Representing Mobile Devices in PCM 

This chapter focuses on the adaption of resource profiles for enterprise applications according 

to Brunnert et al. (2014) towards resource profiles for mobile applications. 

 

Resource profiles allow to determine the energy demand of enterprise applications. These en-

terprise applications are modeled with the Palladio Component Model as introduced at the be-

ginning of chapter 3. The Palladio Component Model does not offer to model the energy 

behavior of an application. Hence, resource profiles extend the PCM performance meta-model 

with Power Consumption Models, which take the energy demand into account - as described in 

chapter 3.3.2. Specifically, the Power Consumption Model extends the Resource Environment 

Model with energy-relevant characteristics of the modeled hardware components. The resource 

profiles, suggested by Brunnert et al. (2014), already take the power consumption of hardware 

components, typically installed in enterprise servers, into account. To make resource profiles 

usable for mobile applications, the Resource Environment Model has to be extended with hard-

ware components, typically installed in mobile devices. 

 

Hence, we extended the resource types of PCM with mobile device hardware components as 

listed in the subchapters of chapter 3.1. Thus, the usage of the resource types OS, GPS, 

DISPLAY, WIFI, CELLULAR and BLUETOOTH is possible in PCM in addition to the already 

existing resource types CPU and HDD. 

 

Figure 33: Integration of the Power Consumption 

Model into the PCM Meta-Model 

Source: following (Wischer 2014) 
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The pseudo-component OS is modeled to take the power consumption of the operating system 

in idle state into account. The network resources, such as WIFI, CELLULAR and BLUETOOTH 

are modeled as Communication Link Resource Specifications, which specify the characteristics 

of a Linking Resource. The Power Consumption Model extension as described in chapter 3.3.2 

does not consider Linking Resources. Nevertheless, the network resources in mobile devices 

are significant power consumers and thus have to be considered in the Power Consumption 

Model of a mobile device. 

 

Figure 34 depicts the integration of the Power Consumption Model for mobile devices by means 

of the domain model, which represents the affected PCM meta-model snippet. As the figure 

shows, the Power Consumption Model is now extended with a Linking Power Consumption 

Component. The Linking Power Consumption Component is associated to a Communication 

Link Resource Specification, which specifies the characteristics of the referenced Linking Re-

source. The Linking Resource is referenced by the Resource Container, which contains the 

Power Consumption Model. This association restricts the Power Consumption Model to only 

consider the power consumption of one Linking Resource at a time. It makes sense, since Simu-

Com (the PCM simulation engine) only supports simulating one network link, although the 

modeling of more network links is possible in the PCM meta-model. This restriction also causes 

that we can only predict the energy demand of scenarios, where mobile applications use at most 

one network link (see chapter 6.3). 

 

The consideration of Linking Resources is not the only adaption made for the representation of 

mobile devices in PCM. As Figure 34 shows, Power Consumption Components and Linking 

Figure 34: PCM - Power Consumption Model Integration for Mobile Devices 

Source: own representation 
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Power Consumption Components contain the attribute stochasticOffset in addition to the al-

ready existing attribute factor. For example, the stochasticOffset attribute can model the power 

consumption offset, emerged from a switched on, but not active hardware component. The 

name stochasticOffset is derived from the possibility to use stochastic expressions for the offset 

determination. The use of stochastic expressions is fundamental to the modeling of applications 

in PCM. Thus, PCM provides a set of probability distributions to use when specifying model 

attributes. The consideration of a stochastic offset, by means of specifying attribute stochasti-

cOffset should cover the power consumption variance of the corresponding hardware resource. 

Analogously, the attribute stochasticOffset of the Power Consumption Model should represent 

the fluctuating power consumption of the mobile device in idle state – the state where only the 

operating system causes power consumption. The attribute factor should attribute to the utili-

zation-dependent power consumption as explained in chapter 3.3.2. 

 

In general, the stochasticOffset and factor attributes represent the power consumption in form 

of the battery discharging current in milliamps, instead of watts. This makes sense, since power 

consumption is mostly represented in milliamps in the context of mobile devices. The calibra-

tion app (chapter 3.2.1) provides the hardware component power consumptions in milliamps. 

For the calculation of the power consumption in watts, the Power Consumption Model contains 

the attribute batteryVoltage, which specifies the voltage, the battery supplies, in millivolts. Con-

sidering the power consumption of a hardware component in milliamps and the battery voltage 

in millivolts, the power consumption in watts can easily be determined by applying Formula 4. 

The attribute batteryCapacity of the Power Consumption Model defines the battery capacity of 

the considered mobile device in milliamp-hours (mAh). This attribute is just a placeholder for 

now and is not used in the energy demand prediction. Nevertheless, this attribute could be used 

for predicting the life cycle of a battery. The knowledge of the battery capacity and the energy 

demand of a mobile application (emerged from PCM-based simulation) enables to calculate the 

battery level loss and thus the battery level, as illustrated in chapter 3.2.3. 

Figure 35 shows how a user can create the Power Consumption Model in a Resource Environ-

ment Model with help of the generated XML-based editors by means of EMF. Figure 36 gives 

a graphical representation of the Power Consumption Model, embedded in the Resource Envi-

ronment Model. The graphical representation of the Power Consumption Model has not been 

implemented – thus, only the XML-based model editor can be used to create a Power Consump-

tion Model. Apart from the installed hardware components in a mobile device, the Power Con-

sumption Model shows the additional OS component. This pseudo-component is part of the 

Resource Environment Model in order to take the operating system’s power consumption offset 

into account. 
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Considering the additional offset for each (Linking) Power Consumption Component, the power 

consumption of a mobile device can be expressed with Formula 8. 

 

𝑃𝑝𝑟𝑒𝑑 =  𝑆0 +  ∑(𝑆𝑖 +  𝐶𝑖 ∗ 𝑢𝑖)

𝑖

1

 

Formula 8: Linear Power Consumption Model of a Mobile Device 

Source: own representation 

The constant S0 represents the mobile device’s power consumption in idle state, which takes 

the power consumption caused by the operating system running on the mobile device into ac-

count. As mentioned before, this constant is modeled as a stochastic offset, which means that 

the operating system offset can be modeled as a probability distribution. This feature can be 

useful for simulation, since all measurements during a simulation run are biased with an oper-

ating system offset that follows a probability distribution. Analogously, Si represents the sto-

chastic offset of the hardware component i, whereas Ci represents the power consumption and 

ui the utilization of the i-th resource. 

Figure 35: Creation of the Power Consumption Model in the XML-based editor 

Source: own representation 
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Figure 36: Schematic Resource Environment Model with 

Power Consumption Model 

Source: own representation 
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4 Simulating Energy Consumption of Mobile Applications 

The modeling of PCM-based resource profiles for mobile applications has been enabled by 

means of the extension described in chapter 3. In order to predict the energy demand of a mobile 

application, we simulate the resource profile of the considered mobile application. The simula-

tion results in the utilization of each hardware resource. Based on the utilizations, we predict 

the energy demand. 

 

To enable the energy demand prediction of a mobile application, chapter 4.1 focuses on the 

used simulation concept, its characteristics and the engine modifications, whereas chapter 4.2 

deals with the representation of a mobile application in PCM. 

4.1 Extending SimuCom for Simulation 

The following section explains the concept of the enterprise application simulation according 

to Brunnert et al. (2014). This concept serves as the baseline for the simulation of mobile ap-

plications. 

 

SimuCom is the standard simulation engine of the Palladio-Bench and implements a process-

oriented simulation approach. SimuCom generates an executable Java program from the user-

created PCM model, which simulates the modeled application (Becker 2008). The base of the 

simulation are the simulated hardware resources, which are modeled as Processing Resource 

Specifications for normal resources and Communication Link Resource Specifications for net-

work resources. The simulation starts for each modeled user a separate thread that runs through 

the modeled system. With respect to the specified routine’s resource demand and the resource’s 

capacities, SimuCom calculates the resource utilizations of the system’s hardware resources. 

The results are saved in sensors and can be viewed and analyzed by the Palladio-Bench user 

after a simulation run. For each hardware resource, one sensor saves its simulated utilization. 

The simulation duration can be restricted by the Palladio-Bench user, by specifying either a 

maximum number of measurements, a maximum simulation time in seconds or a confidence 

interval condition, which lets the simulation stop when reaching the confidence. 

 

The simulated resource utilizations are used to predict the energy demand of the simulated ap-

plication. Figure 37 shows the concept of the simulation engine extension according to 

(Brunnert et al. 2014). 

Resource Demands, 

Power Consumptions 

Extended 

PCM 

Simulation 

(SimuCom) 

Utilizations 

Figure 37: Extension of the Simulation Engine 

Source: following (Brunnert et al. 2013a) 

Energy Demand 
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The core of the simulation basically keeps the same. The existing extension exploits the re-

source utilization sensors by reading the utilizations and calculating the power consumptions 

based on the power consumption model values. The result of each run is saved to a Power 

Sensor, which has been implemented by the extension. 

 

For the simulation of applications on mobile devices, we had to consider the resource demand 

of Linking Resources as well. The simulation of Linking Resources is not switched on by de-

fault. To enable the simulation of networking, the simulation run has to be configured according 

to Figure 38. Linking Resources and Resource Containers are both top level elements of a Re-

source Environment Model. The Power Consumption Model, as described in chapter 3.3.2, be-

longs to a Resource Container. The extension of the Linking Resource with another Power 

Consumption Model would have led to a representation of a mobile device with more than one 

Power Consumption Model. Hence, we decided to integrate the Linking Resources of the model 

into a Resource Container when it comes to simulation. Thus, this Resource Container repre-

sents a mobile device with all its installed hardware components, including network and usual 

hardware resources. As already mentioned, the simulation engine does only consider one net-

work link at a time. Therefore, the extension of the simulation engine only integrates one Link-

ing Resource, which can be specified as a property of the Resource Container. The Linking 

Resource integration is represented as an association between Resource Container and Linking 

Resource, as illustrated in Figure 34. 

 

Additionally, the Power Sensor measurements are extended to allow using stochastic expres-

sions for the Power Consumption Model and (Linking) Power Consumption Component offsets. 

We assume the Power Consumption Model offset is specified as a normal distribution, e.g. 

“Norm(40,1)” (syntax: Norm(mean, standard deviation)). Thus, for every measurement in the 

simulation run a new offset is generated considering the specified normal distribution 

“Norm(40,1)”. 

Figure 38: Enable Network Simulation in SimuCom 

Source: own representation 
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The power consumptions in the Power Consumption Model are specified in unit milliamps. In 

order to provide measurements in watts, each milliamps measurement is multiplied by the at-

tribute batteryVoltage, specified in the Power Consumption Model. The calculation results in 

the power consumption in watts (see Formula 4) and its value is saved to the Power Sensor for 

each measurement. 

 

Finally, Figure 39 shows the result of a simulation run with SimuCom. Brunnert et al. (2014) 

implemented for displaying the Power Sensor the Power Sensor Report. As the figure depicts, 

the Power Sensor Report provides the Average Power Consumption of the simulated applica-

tion as well as the Energy Consumption, which is derived by multiplying the Average Power 

Consumption by the Simulated Time Span according to Formula 6.  

4.2 Representing Mobile Applications in PCM 

The representation of a mobile application in PCM requires to create the different sub-models, 

as described in chapter 3.3.1. The Resource Environment Model, which models the underlying 

hardware, is generated by the calibration app, as introduced in chapter 3.2.1. The automatic 

generation of the other sub-models is subject of future work (see chapter 6.4). Therefore, this 

chapter focuses on the manual creation of the remaining sub-models in order to meet the char-

acteristics of mobile applications. 

 

The prediction of the energy demand of a mobile applications relies on the hardware utilizations 

caused by the application operation. The hardware utilizations are represented as resource de-

mands in PCM. Thus, we aim to create the resource demands according to the hardware utili-

zations, which emerge from application profiling, as discussed in chapter 2. 

Figure 39: Power Sensor and Power Sensor Report 

Source: own representation 
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The starting point of the PCM-modeled mobile application is the Usage Model as depicted in 

Figure 40. This model specifies a Population of 1, which represents the single user, interacting 

with the mobile application. The user calls the application system’s routine IWEB.submit by 

means of a System Call Action with the parameter data of byte size 47186. 

 

The IWEB.submit routine’s RDSEFF is illustrated at Figure 42. After enetering the routine, the 

application calls routine runIOS in order to generate a resource demand on the pseudo-

component OS. When returning from runIOS the application enters a Forked Behavior, in 

which all considered hardware components run in own RDSEFF threads simultaneously. Each 

RDSEFF thread causes resource demands on the corresponding hardware component. The 

RDSEFF of the display is shown at the right side of Figure 41. The display RDSEFF runs into 

a Branch Action, in which the application enters either the use branch with eight percent 

probability or the idle branch with 92 percent probability. When entering the use branch, a 

resource demand is generated on the DISPLAY resource by means of an Internal Action. No 

resource demand is generated when entering the idle branch. Thus, the utilization of the display 

Figure 40: Exemplary Usage 

Model for an App 

Source: own representation 

Figure 41: CPU and Display RDSEFF 

Source: own representation 
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is eight percent. This utilization modeling approach is used for the resources GPS and 

DISPLAY, since their utilizations only depend on the time switched on.  

 

The utilization modeling of the CPU is more complex, since the utilization depends on the 

processing rate of the CPU. The processing rate is modeled in the Resource Environment 

Model. To derive the desired CPU utilization, the CPU’s resource demand in the model has to 

be aligned with the CPU’s processing rate. The left side of Figure 41 shows the CPU RDSEFF, 

containing the Internal Action, which defines the aligned resource demand. The Resource 

Demand in the figure is 601760 working units and we assume the CPU processing rate to be 

configured with 1000000 working units per second in the Resource Environment Model. Thus, 

the utilization of the CPU would be approximately 60 percent, according to Formula 9. 

 

𝑈𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 =
𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒 𝐷𝑒𝑚𝑎𝑛𝑑

𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 𝑅𝑎𝑡𝑒
∗ 100% 

Formula 9: PCM – Utilization Determination 

Source: own representation 

Figure 42: Central RDSEFF of App Model 

Source: own representation 
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The utilization determination of network resources is similar. Instead of considering the 

resource demand and the processing rate, the model considers the bytes to transmit and the 

throughput of the network link, when it comes to network resources. The bytes to transmit are 

modeled in the Usage Model, as shown in Figure 40: When calling IWEB.submit the parameter 

data is passed to the routine runCellular (see Figure 42) with a bytesize of 47186. The routine 

runCellular is modeled to transmit the data of parameter data to a remote server, which causes 

traffic on the CELLULAR interface. We assume the throughput of the CELLULAR interface to 

be configured with 3.81 Mbit/s (500 000 bytes per second) and derive a utilization of approxi-

mately nine percent, according to Formula 10. 

 

𝑈𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝐿𝑖𝑛𝑘 =
𝐵𝑦𝑡𝑒𝑠 𝑡𝑜 𝑇𝑟𝑎𝑛𝑠𝑚𝑖𝑡

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 [𝐵𝑦𝑡𝑒𝑠 𝑝𝑒𝑟 𝑠𝑒𝑐𝑜𝑛𝑑]
∗ 100% 

Formula 10: PCM – Network Link Utilization Determination 

Source: own representation 

The exchange of the Resource Environment Model in the PCM represents the exchange of the 

mobile device, the mobile application is running on. As a consequence of exchanging the 

Resource Environment Model, we derive different hardware utilizations and thus different 

power consumptions, while keeping the rest of the PCM the same. In fact, we are able to predict 

the energy demand of a mobile application on different mobile devices by using the Resource 

Environment Model that corresponds to the mobile device under test. 

 

The PCM, introduced in this chapter, does not model the application’s flow, but rather the 

probability distribution of the resource utilizations when running the application on a mobile 

device. The adequate application modeling is not considered within this thesis, but it is subject 

of future work (see chapter 6.4). 



 

 54 

5 Evaluation 

This chapter aims to proof the quality of the energy demand prediction of mobile applications 

by means of PCM-based simulations. The evaluation is conducted with two different mobile 

applications on two different mobile devices. 

 

The mobile applications used are the self-developed MobilePowerCalibrator calibration app 

(chapter 3.2.1) and the Runtastic (Runtastic 2014) tracking app for Android. In chapter 5.1 we 

basically evaluate the energy demand prediction by means of various calibration app replays, 

whereas chapter 5.2 focuses on the energy demand prediction of a Runtastic walk on two dif-

ferent devices. 

 

These apps are running on the Samsung Galaxy Tab and the LG Google Nexus 5 for evaluation 

purposes. The technical specifications of these two devices are attached (see Attachment B). 

5.1 MobilePowerCalibrator 

This subchapter aims to predict the energy demand caused by the operation of the MobilePow-

erCalibrator calibration app. The prediction by PCM-based simulation relies on the power con-

sumption values, derived from the calibration. When simulating the energy demand of the 

calibration app, while using the power consumptions derived from the calibration, we basically 

replay the MobilePowerCalibrator operation. 

 

In order to evaluate the energy demand prediction, it is important to know the exact behavior 

of the MobilePowerCalibrator app: the app starts with the calibration of the operating system’s 

power consumption for half an hour. Afterwards, the app calibrates each considered hardware 

component for one hour. During this hour, the calibration app calibrates the power consumption 

of all component power states of interest. For example, the calibration of the display is split 

into two half-an-hour blocks, in which the display is calibrated with full- and in minimum-

brightness. 

5.1.1 Replay 

To gain the prediction aspect, we simulate the energy demand of a normal MobilePowerCali-

brator run based on three different calibration durations: five minutes, ten minutes and one 

hour. The calibration values emerge from building the mean of the power consumption samples 

during the first five, ten or 60 minutes of each component’s calibration phase. For each calibra-

tion duration, the energy demand is predicted and compared with the measured energy demand 

of a usual calibration run. Since the calibration app normally calibrates the hardware compo-

nents for one hour, the prediction based on one-hour calibration replays the calibration app. 

 

Table 6 illustrates the comparison of the measured energy demand and the predicted energy 

demand of a MobilePowerCalibrator (MPC) run based on one-hour calibration values. The 

considered MPC run calibrated the hardware components CPU, Display, GPS, Cellular and the 

pseudo-component OS. All components, except OS, have been calibrated for one hour. How-

ever, the table considers only the half-an-hour full-brightness display calibration as well as the 
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CPU calibration (1574400 kHz CPU speed) for 257 seconds (one hour divided by the number 

of processing rates of the CPU) to reduce complexity. The Average Power Consumptions [mA] 

in the Measured section are derived from building the mean over the power consumption sam-

ples over the respective time interval. The Energy Demand [mAs] is then calculated by multi-

plying the Average Power Consumption [mA] times Duration [s] for each row according to 

Formula 6. The sum over the Energy Demands in each row results in the total energy demand 

of the considered calibration interval. 

 

 Measured Predicted 

Compo-

nent 

Average Power 

Consumption 

[mA] 

Dura-

tion [s] 

Energy De-

mand 

[mAs] 

Average Power 

Consumption 

[mA] 

Dura-

tion [s] 

Energy De-

mand [mAs] 

OS 47.96 1800 86328 164.55 1800 296190 

CPU 299.23 257 76902 164.55 257 42289 

Display 303.48 1800 546264 164.55 1800 296190 

GPS 82.18 3600 295848 164.55 3600 592380 

Cellular 224.09 3600 806724 164.55 3600 592380 

∑  11057 1812066  11057 1819429 

Table 6: MobilePowerCalibrator Replay Evaluation 

Source: own representation 

 

The energy demand prediction, represented by section Predicted of Table 6, emerged from the 

PCM-based simulation, as described in chapter 4. The PCM model caused the simulation engine 

to utilize the considered hardware components, corresponding to their calibration durations 

with respect to the total calibration time. For example the utilization of the Display resulted in 

approximately 16 percent, when dividing 1800 seconds (display calibration duration) by 11520 

seconds (total duration). Additionally, the Power Consumption Model of the PCM’s Resource 

Environment Model has been adapted to cover the power consumption values, emerged from 

the calibration. Thus, the simulation of the PCM predicted the Average Power Consumption 

[mA] of 283.968 mA over the considered duration of 11520 seconds, resulting in an Energy 

Demand of 3271311.36 mAs. 

 

The quality of the prediction is quantified by calculating the relative error ∈ between measured 

energy demand Em and predicted energy demand Ep, according to Formula 11. Considering the 

total energy demands as emerged from Table 6, we derive a relative error of 0.41 percent. 

 

𝜖 =  |1 −
𝐸𝑝

𝐸𝑚
| ∗ 100% 

Formula 11: Definition of Relative Error 

Source: (Golub/Van-Loan 2012) 
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The same procedure has been performed for the prediction based on five-minute and ten-minute 

calibration values on the devices under test. Figure 43 illustrates the relative errors when pre-

dicting the energy demand of the MobilePowerCalibrator app based on five-minute, ten-minute 

and one-hour calibration power consumption values. At both devices, the relative error gets 

lower, the higher the calibration time interval is. Very little error is caused when the prediction 

directly replays the MobilePowerCalibrator app (based on 1-hour calibration). This deviation 

can be explained by the slight difference between PCM-simulated utilizations and real utiliza-

tions, since the PCM simulation can only approximate the hardware utilizations. When it comes 

to prediction based on ten-minute calibration, the relative errors are lower three percent, 

whereas the error when predicting based on five-minute calibration is almost nine percent at 

the LG Google Nexus 5. This errors can be explained by the fact, that the shorter the calibration 

duration is, the higher is the error in the derived power consumption value of the corresponding 

hardware component. The simulation uses this erroneous power consumption values for the 

prediction and is therefore influenced by these deviations. 

 

The energy demand prediction based on five-minute and ten-minute calibration has a real pre-

diction character. We predict the energy demand of a mobile application, which runs for several 

hours, by means of a simulation that takes a few seconds and a prior calibration that takes five 

or ten minutes for each considered hardware component. The calibration time effort can be 

skipped, once the vendor power profile (chapter 2.2.8) values are accurate enough to be used 

for the power consumption model. 

5.1.2 Advanced Replay 

Instead of completely replaying the MobilePowerCalibrator run, we predict the energy demand 

of a modified MobilePowerCalibrator app that calibrates the hardware components based on 

different load distributions. 
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At first, we change the MobilePowerCalibrator to calibrate the CPU for 60 percent and the 

remaining hardware components for 40 percent of the app’s execution time. Secondly, we 

change the calibration app to calibrate the cellular interface for 60 percent and the remaining 

hardware components for 40 percent of the app’s execution time. In both cases we compare the 

measured energy demand with the PCM-simulated energy demand. For the prediction by means 

of PCM simulation, we changed the PCM to model the utilizations, according to the modified 

MobilePowerCalibrator app behavior. The power consumption values for the Power Consump-

tion Model of the PCM’s Resource Environment Model are derived from a prior calibration. 

 

Figure 44 shows the relative errors emerged from comparing the measured with the predicted 

energy demands of the modified MobilePowerCalibrator on two different devices. The blue 

bars show the relative error, emerged from calibrating the CPU for 60 percent of the calibration 

app’s lifecycle, whereas the red bars show the relative errors, emerged from calibrating the 

Cellular interface for 60 percent of the calibration app’s lifecycle. As the figure depicts, the 

relative energy demand prediction error when putting more load on the cellular interface over 

time are higher than the prediction errors when putting more load on the CPU over time. This 

incident can be explained by the enormous variance of the cellular interface’s power consump-

tion. The power consumption of the cellular interface is dependent on the signal strength and 

on the received and transmitted bytes during operation (see chapter 3.1.1). The signal strength 

as well as the traffic on the cellular interface are volatile characteristics, which can influence 

the power consumption significantly. 

5.2 Runtastic 

The Android app Runtastic (Runtastic 2014) is a mobile sports tracker that not only enables 

geographical tracking of sporting activities, but provides useful data on sports activities, like 

mean speed, maximum speed and burnt calories. Moreover, all the information belonging to a 

sports activity can be shared on different social media platforms. 
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We have chosen Runtastic for the evaluation of the energy demand prediction accuracy, since 

Runtastic utilizes several hardware components simultaneously. The prediction of the Runtastic 

energy demand is performed by simulating a PCM model that models the hardware utilizations 

of a Runtastic run. To derive the hardware utilizations, Runtastic is profiled with the Trepn 

Profiler (chapter 2.2.3) during operation. Figure 45 shows a Trepn profile that illustrates a typ-

ical Runtastic run. The corresponding energy demand caused by Runtastic during the run is 

depicted in Figure 46. Basically, the recorded Runtastic run can be divided in three different 

phases, as the red boxes in both figures suggest. 

 

The switched-on display during the first phase causes an enormous energy demand, as Figure 

46 shows. During phase two, the energy demand is significantly lower, since only the GPS 
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Figure 45: Runtastic Run Profiled with Trepn Profiler 

Source: own representation 
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receiver and the CPU are active. At the third phase, the user switches on the display, which 

causes an enormous energy demand again. The single phases and the corresponding active 

hardware components are listed at Table 7 in detail. The depicted Runtastic run has been carried 

out on the Samsung Galaxy Tab. Due to the large display of the device, the enormous energy 

demand, caused by the display, is explained. 

 

Phase Description 
Active Hardware Com-

ponents 

 

Runtastic starts and the user interacts with the app. The 

user gets a map with the current location displayed. 

The user starts a sports activity and the tracking starts. 

The user switches off the display. 

Display, GPS, Cellular In-

terface, CPU 

 The user is running. The app tracks the route of the run. GPS, CPU 

 

The user finished running and switches on the display. 

The user stops the sports activity and the tracking 

stops. The user shares the sports activity at a social me-

dia platform. 

Display, GPS, Cellular In-

terface, CPU 

Table 7: Runtastic Run Phases 

Source: own representation 

For the evaluation we predicted and measured the energy demand of a 30-minute-long Runtastic 

run on two different devices and compared the predicted energy demand with the measured 

energy demand. To ensure the Runtastic runs being equal, we ran with both devices simultane-

ously. The Runtastic runs passed the three phases, as listed at Table 7. The user interactions, 

such as starting a sports activity and switching off the display, have been done on both devices 

simultaneously. Additionally, both devices were connected to the same network provider in 

order to reduce power-relevant variables (e.g. different signal strengths). For measuring the 

energy demand, the power consumption has been secondly logged on both devices during the 

Runtastic runs. Chapter 3.2.3 discusses how to derive the energy demand using the power con-

sumption samples. Additionally, the Trepn Profiler profiled the hardware utilizations” during 

the runs on both devices. 

 

The hardware utilizations, derived from the Trepn profile, were modeled in a PCM model. This 

PCM model was simulated twice. At first, we simulated the PCM with the Resource Environ-

ment Model that models the power characteristics of the Samsung Galaxy Tab. This simulation 

resulted in the energy demand prediction for the Runtastic run on the Samsung Galaxy Tab. 

After that, we exchanged the Resource Environment Model with the Resource Environment 

Model that models the power characteristics of the LG Google Nexus 5. Finally we simulated 

the PCM model again, which resulted in the energy demand prediction for the Runtastic run on 

the LG Google Nexus 5. The only PCM modification among the two simulations has been the 

Resource Environment Model exchange, corresponding to the device of interest. 

1 

 

2 

 

3 
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Device 

Average Power 

Consumption 

Measured [Watt] 

Average Power      

Consumption 

Simulated [Watt] 

Energy De-

mand Error 

[%] 

Battery Level 

Prediction Er-

ror [%] 

Samsung 

Galaxy Tab 

1.251   1.084   13.35 0.67 

LG Google 

Nexus 5 

0.883   0.732   17.12 1.01 

Table 8: Runtastic Evaluation Results 

Source: own representation 

Table 8 lists the Runtastic evaluation results. The column Average Power Consumption Meas-

ured (Watt) represents the average of the power consumption measurement samples. The col-

umn Average Power Consumption Simulated (Watt) represents the predicted average power 

consumption. Both columns multiplied by the duration of the Runtastic run result in the energy 

demand according to Formula 6. The deviation between measured and predicted energy demand 

is represented as relative error, according to Formula 11, at column Energy Demand Error [%]. 

The column Battery Level Prediction Error [%] brings the energy demand error in relation to 

the battery capacity of the corresponding device. The Battery Level Prediction Error [%] rep-

resents the energy demand deviation with respect to the battery capacity, according to Formula 

12. The energy demand deviation is the difference of the predicted energy demand and the 

measured energy demand. 

 

𝐵𝑎𝑡𝑡𝑒𝑟𝑦 𝐿𝑒𝑣𝑒𝑙 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝐸𝑟𝑟𝑜𝑟 [%] =
𝐸𝑛𝑒𝑟𝑔𝑦 𝐷𝑒𝑚𝑎𝑛𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 [𝑚𝐴ℎ]

𝐵𝑎𝑡𝑡𝑒𝑟𝑦 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 [𝑚𝐴ℎ]
∗ 100% 

Formula 12: Battery Level Prediction Error 

Source: own representation 

Assuming we want to predict the battery level after running a mobile application for a specific 

time. The battery level prediction error tells us how accurate we can predict the battery level 

based on the predicted energy demand of the mobile application. According to Table 8, we can 

predict the battery level after running Runtastic for half an hour with an error of at most one 

percent. This error is caused by the Runtastic run energy demand prediction error of approxi-

mately 17 percent. 
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6 Conclusion and Outlook 

This chapter concludes the thesis by answering the research questions as described in chapter 

1.3. Moreover, the section covers the benefits of the thesis in chapter 6.2 as well as the limita-

tions that emerged throughout the thesis in chapter 6.3. Finally, we discuss how the prediction 

of a mobile application’s energy demand can be improved in chapter 6.4. 

6.1 Research Questions 

As already mentioned, the conclusion of the thesis focuses on answering the research questions, 

as defined in chapter 1.3. 

 

1. What approaches exist for the determination and simulation of the energy demand 

of applications? 

 

In chapter 2, we focused on the determination of the energy demand of mobile applications by 

means of different approaches. The determination of the energy demand required a complete 

profile of the application’s energy-relevant behavior. Among the different approaches, we de-

cided to use the Trepn Profiler (chapter 2.2.3) for application profiling. The Trepn profile pro-

vides the utilizations of the hardware components during the operation of the application under 

test. Moreover, we recognized the hardware utilizations to be the key factor for an application’s 

energy demand approximation. 

 

In the next step, we focused on the determination of the power consumptions of single hardware 

components, typically installed at mobile devices. Within our research, we could not find an 

approach, or a tool that meets our expectations. Hence, we provided a self-developed Android 

app for the online calibration of the most important hardware components regarding power 

consumption. Identifying the most power-consuming hardware components in mobile devices 

has also been subject of the research. This hardware components are listed in detail at chapter 

3.1. 

 

Finally, we evaluated approaches for the simulation and prediction of an application’s energy 

demand. We have chosen to build upon the approach of resource profiles according to (Brunnert 

et al. 2014). Resource profiles are using PCM performance models for the prediction of the 

energy demand of enterprise applications. We adapted this approach towards the prediction of 

the energy demand of mobile applications. 

 

2. How can the energy demand of mobile applications be mapped into a performance-

model-based resource profile? 

 

As already mentioned, resource profiles have already provided the mapping of the energy de-

mand of enterprise applications to a PCM performance model. The adaption of resource profiles 

for enterprise applications towards mobile applications required several modifications, as de-

scribed in detail in chapter 3. First of all, PCM was extended with the most important hardware 

components regarding power consumption. Secondly, we had to consider network components, 

such as the cellular radio interface, since they belong to the most power-consuming hardware 
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components in mobile devices. PCM already gives the possibility to model network links by 

means of Linking Resources. Nevertheless, we had to extend the Power Consumption Model to 

allow the modeling of the power consumption of a Linking Resource. The Power Consumption 

Model extends the PCM’s Resource Environment Model with the ability to model the energy 

behavior of an application. Moreover, the Resource Environment Model covers energy-relevant 

characteristics, such as the processing rate of the CPU. The Resource Environment Model, 

which represents the power characteristics of a mobile device, is provided by the calibration 

app once the calibration of the device has finished. Thus, we have found an easy way to map 

the energy demand of a mobile application, on a specific device, to a performance-model-based 

resource profile by simply exchanging the calibration-app-generated Resource Environment 

Model, corresponding to the underlying device. 

 

The simulation engine of the Palladio-Bench already provided the possibility to predict an en-

terprise application’s energy demand. For the prediction of a mobile application’s energy de-

mand, several modifications had to be made. This modifications are described in detail in 

chapter 4.1. Chapter 4.2 describes the way we modeled mobile applications in PCM. Since the 

adequate modeling of a mobile application has not been subject of this thesis, we provided a 

simple PCM model that modeled only the hardware utilizations of the mobile application under 

test in operation. The power consumption model, as introduced in chapter 3.3.2, uses the hard-

ware utilizations and the corresponding power consumption of the hardware components to 

predict the energy demand of an application. 

 

3. How accurately can the energy consumption of mobile applications be predicted 

using resource profiles? 

 

The validity of our energy demand prediction approach has been proved by the evaluation phase 

in chapter 5. At first we have evaluated the energy demand prediction accuracy by predicting 

the energy demand of the self-developed calibration app. When completely replaying the cali-

bration app, the relative error of measured and predicted energy demand is 0.48 percent. When 

replaying the calibration app based on power consumption values of five-minute and ten-minute 

calibration we derive higher errors with at most 8.68 percent. Secondly, we predicted the energy 

demand of the calibration app when running with different load distributions. The error, when 

calibrating the CPU for 60 percent of the calibration time, is quantified with at most 6.95 per-

cent, whereby we derived an error of 12.68 percent when calibrating the cellular interface for 

60 percent of the calibration time on the LG Google Nexus 5. Finally, we evaluated the energy 

demand prediction accuracy with the simultaneous operation of the Android app Runtastic on 

two different devices. The maximum error when predicting a 30-minute-long Runtastic run was 

quantified by 17.12 percent on the LG Google Nexus 5. This energy demand prediction error 

would cause a battery level prediction error of approximately one percent. 

 

6.2 Thesis Benefits 

The results from answering the first research question represent an overview of the existing 

approaches for describing the energy behavior of mobile applications. The assessment of the 

different approaches serve as a basis for further research. 
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Analyzing the energy behavior, based on resource profiles, gives developers of mobile appli-

cations the possibility to simulate the energy efficiency of their apps – thus, they obtain feed-

back directly. This immediate feedback facilitates the development of energy-efficient apps. In 

the long run, energy-efficient programming saves energy costs of users and helps to protect the 

environment sustainably. 

 

The resource profile of a mobile application enables the simulation of the energy behavior re-

gardless of the availability of the hardware. Therefore no physical device is required for the 

determination of the energy consumption of a mobile application, but only the Resource Envi-

ronment Model of the resource profile of the underlying device. Normally, the determination 

of an app’s energy demand requires the profiling of the app’s life cycle, which results in a huge 

time effort. To classify the energy efficiency of an application, the app has to run on several 

devices. The availability of the devices and the time effort for the energy demand determination 

on each device make such classification services hard to scale. This problems are addressed by 

the prediction by means of resource profiles, since we enable an energy demand prediction, 

regardless of the physical availability of the underlying device within seconds. 

6.3 Limitations 

This subchapter addresses the limitations that have emerged throughout the thesis. 

 

The self-developed calibration app faces a few limitations that have to be considered. The 

power measurements, performed by the calibration app, read the battery discharging current 

from files of the sysfs file system. Firstly, this approach is not applicable, if the operating system 

is not Linux-based. Secondly, the update rate, in which the files of the sysfs file system get 

updated, varies from device to device. Hence, those files might not represent the current power 

consumption and thus distract the measurements. Since the calibration app secondly measures 

the power consumption, the power-consumption-carrying sysfs files have to be updated at least 

every second. Moreover, we have demonstrated in chapter 3.2.3 that the power consumption 

sampling causes little, but recognizable CPU utilization. Additional CPU utilization causes ad-

ditional power consumption and thus a little error at each power measurement. 

 

The calibration focused on the hardware components that consume the most power. A mobile 

device contains a lot more hardware components with less, but considerable power consump-

tions. Attachment A lists sensors that can be accessed by the Android API. The size of this list 

demonstrates the enormous amount of power-consuming components, a mobile device can 

have. We have considered the power consumption of those components by means of calibrating 

the Android system in idle state. Although this method helped to get good evaluation results, 

the single hardware components have to be considered separately. 

 

When it comes to the prediction of a mobile application’s energy demand by means of PCM 

simulation, we also faced a few limiting factors. A mobile device can use different network 

interfaces at the same time. The simulation engine of the Palladio-Bench only supports the 

simulation of one Linking Resource at a time. This restriction causes our prediction concept to 
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be only applicable for mobile applications that utilize only one network interface exclusively 

during operation. 

6.4 Future Work 

The calibration app provided the automatic generation of the hardware model in form of a Re-

source Environment Model for a PCM, which represents a mobile application. The power con-

sumption of a mobile application is not only dependent on the underlying hardware, but also on 

the way the software is programmed and on the user interacting with the application. A PCM 

has the capabilities to model this artefacts as shown in chapter 3.3.1. To represent a complete 

mobile application system, we have modeled the PCM except the Resource Environment Model 

manually. This manual work should be replaced by automatically generating the software and 

user models in future. 

 

Moreover, as already mentioned in chapter 6.3, the calibration app and thus the energy demand 

prediction take only the hardware components with the highest power consumption into ac-

count. Future works may extend the energy demand prediction with additional power consum-

ers in order to get more accurate prediction results. Not only the number of considered hardware 

components has to be extended, but the different power states of a hardware component have 

to be considered. For example, the calibration as well as the prediction do not take the energy 

consumption of an application, when searching for a mobile network, into account. 

 

This additional power states of a hardware component are highly dependent on the user behav-

ior. The consideration of an app’s various user behaviors might be a remarkable improvement 

for the credibility of the energy demand prediction, by means of PCM simulation. Another key 

improvement for the suggested energy demand prediction would be not to rely on the power 

consumption calibration by means of the calibration app. Android L13 devices come with a 

bunch of battery monitoring improvements. Hence, we believe the vendor power profiles to be 

more accurate on those devices, which would make the calibration of the device component’s 

power consumption unnecessary. 

                                                 

 

 
13 http://developer.android.com/preview/index.html 
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Glossary A Statistical Definitions 

Glossary A.1 Bravais-Pearson-Correlation-Coefficient 

The correlation coefficient rxy represents the level of linear relation between two at least inter-

val-scaled dimensions (Cramer/Kamps 2008). Formula 13 represents the calculation of the cor-

relation coefficient when considering the dimensions x and y. 

 

𝑟𝑥𝑦 =
𝑠𝑥𝑦

𝑠𝑥𝑠𝑦
 

Formula 13: Definition Correlation Coefficient 

Source: following (Cramer/Kamps 2008) 

sxy …… covariance of statistical dimensions x and y 
sx ……. empirical standard deviation of dimension x 
sy ……. empirical standard deviation of dimension y 
 
 

Glossary A.2 Coefficient of Determination 

The coefficient of determination Rxy
2 represents the variance coverage of an independent vari-

able by means of a statistic model (Cramer/Kamps 2008), e.g. a linear regression model. Thus, 

a high coefficient of determination confirms the validity of the statistic model. 

 

𝑅𝑥𝑦
2 = 𝑟𝑥𝑦

2 

Formula 14: Definition Coefficient of Determination 

Source: following (Cramer/Kamps 2008) 

rxy …… correlation coefficient 
 
 

Glossary A.3 Linear Regression 

The linear regression is a specific case in the field of regression analysis, in which it is attempted 

to explain a dependent variable by one or more independent variables. Since the regression 

coefficients are in first potency, the regression is called “linear” regression. 

 

𝑌 = 𝑎 + 𝑏𝑋 

Formula 15: Linear Regression 

Source: following (Cramer/Kamps 2008) 

The concept of the linear regression is depicted in Formula 15: Y represents the dependent var-

iable, whereas X represents the independent variable. The unknown parameters a and b have to 

be determined in order to find the best fitting model for the data vectors X and Y. According to 

Cramer/Kamps (2008) there are several ways to determine the unknown parameters a and b. 
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The determination of these parameters has been performed by R14, a language and environment 

for statistical computing and graphics. R uses the least-squares estimation technique for the 

linear regression. 

The validity of the linear regression model can be proved by a significant coefficient of deter-

mination (see Glossary A.2) and a residual plot without recognizable structures. A residual plot 

is a graph that shows the independent variable on the orthogonal axis and the residuals on the 

vertical axis (Cramer/Kamps 2008). 

  

                                                 

 

 
14 http://www.r-project.org/ 
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Attachment A Android API Sensors 

Attachment A.1 Overview 

Sensor Type Description 
Common 

Uses 

TYPE_ACCE

LEROMETER 
Hardware 

Measures the acceleration force in 

m/s2 that is applied to a device on 

all three physical axes (x, y, and z), 

including the force of gravity. 

Motion de-

tection 

(shake, tilt, 

etc.). 

TYPE_AMBI

ENT_TEMPE

RATURE 

Hardware 

Measures the ambient room tem-

perature in degrees Celsius (°C). 

See note below. 

Monitoring 

air tempera-

tures. 

TYPE_GRAV

ITY 

Software or 

Hardware 

Measures the force of gravity in 

m/s2 that is applied to a device on 

all three physical axes (x, y, z). 

Motion de-

tection 

(shake, tilt, 

etc.). 

TYPE_GYRO

SCOPE 
Hardware 

Measures a device's rate of rotation 

in rad/s around each of the three 

physical axes (x, y, and z). 

Rotation de-

tection (spin, 

turn, etc.). 

TYPE_LIGHT Hardware 
Measures the ambient light level 

(illumination) in lx. 

Controlling 

screen bright-

ness. 

TYPE_LINEA

R_ACCELER

ATION 

Software or 

Hardware 

Measures the acceleration force in 

m/s2 that is applied to a device on 

all three physical axes (x, y, and z), 

excluding the force of gravity. 

Monitoring 

acceleration 

along a single 

axis. 

TYPE_MAGN

ETIC_FIELD 
Hardware 

Measures the ambient geomagnetic 

field for all three physical axes (x, 

y, z) in μT. 

Creating a 

compass. 

TYPE_ORIEN

TATION 
Software 

Measures degrees of rotation that a 

device makes around all three phys-

ical axes (x, y, z). As of API level 3 

you can obtain the inclination ma-

trix and rotation matrix for a device 

by using the gravity sensor and the 

geomagnetic field sensor in con-

junction with the getRotationMa-

trix() method. 

Determining 

device posi-

tion. 
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TYPE_PRESS

URE 
Hardware 

Measures the ambient air pressure 

in hPa or mbar. 

Monitoring 

air pressure 

changes. 

TYPE_PROXI

MITY 
Hardware 

Measures the proximity of an ob-

ject in cm relative to the view 

screen of a device. This sensor is 

typically used to determine whether 

a handset is being held up to a per-

son's ear. 

Phone posi-

tion during a 

call. 

TYPE_RELA

TIVE_HUMI

DITY 

Hardware 
Measures the relative ambient hu-

midity in percent (%). 

Monitoring 

dewpoint, ab-

solute, and 

relative hu-

midity. 

TYPE_ROTA

TION_VECT

OR 

Software or 

Hardware 

Measures the orientation of a de-

vice by providing the three ele-

ments of the device's rotation 

vector. 

Motion de-

tection and 

rotation de-

tection. 

TYPE_TEMP

ERATURE 
Hardware 

Measures the temperature of the de-

vice in degrees Celsius (°C). This 

sensor implementation varies 

across devices and this sensor was 

replaced with the 

TYPE_AMBIENT_TEMPERATU

RE sensor in API Level 14 

Monitoring 

temperatures. 

Table 9: Sensor Types Supported by the Android Platform 

Source: (Google 2014h) 
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Attachment B Device Specifications 

Attachment B.1 Samsung Galaxy Tab and LG Google Nexus 5 

Characteristic Samsung Galaxy Tab Google Nexus 5 

Android Version 4.3.1 (Cyanogenmod15) 4.4 (KitKat16) 

Bluetooth Version 3.0, A2DP 4.0, A2DP 

CPU Details 

Samsung SC5C110 

 Single-Core 

 Processing Rate: 1GHz 

Qualcomm Snapdragon™ 800 

 Quad-Core 

 Processing Rate: 2.26 GHz 

Display Details 
TFT Color Display (LCD Tech-

nology) 

Full HD IPS Color Display (LCD 

Technology) 

Supported Cellular 

Standards 
2G, 3G 2G, 3G, 4G 

Supported WLAN 

Standards 
Wi-Fi IEEE 802.11 a/b/g/n Wi-Fi IEEE 802.11 a/b/g/n 

Battery Capacity 4000 mAh 2300 mAh 

Table 10: Device Specifications Overview 

Source: (Samsung 2014; LG 2014) 

                                                 

 

 
15 http://www.cyanogenmod.org/ 

16 https://developer.android.com/about/dashboards/index.html?utm_source=ausdroid.net 
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Attachment C Hardware Models 

Attachment C.1 Samsung Galaxy Tab 

Name Meaning Value 

none 
Power used in idle state with all hardware compo-

nents switched on 
54 mA 

screen.on 
Additional power used when screen is turned on at 

minimum brightness compared to state none 
541 mA 

screen.full 
Additional power used when screen is at maxi-

mum brightness compared to state none 
938 mA 

bluetooth.active 
Additional power used when playing audio 

through bluetooth A2DP compared to state none 
251 mA 

wifi.active 
Additional power used when transmitting or re-

ceiving over Wifi compared to state none 
156.97mA 

radio.active 
Additional power used when transmitting or re-

ceiving over cellular radio compared to state none 
199 mA 

gps.on 
Additional power used when GPS is acquiring a 

signal compared to state none 
24 mA 

cpu.speeds 
Multi-value entry that lists each possible CPU 

speed 

100000 kHz 

200000 kHz 

400000 kHz 

800000 kHz 

1000000 kHz 

cpu.active 

Multi-value entry that lists additional power used 

by CPUs when running at different speeds – has to 

correspond to cpu.speeds 

26 mA 

67 mA 

74 mA 

166 mA 

224 mA 

Table 11: Samsung Galaxy Tab Power Model 

Source: own representation 

Attachment C.2 LG Google Nexus 5 

Name Meaning Value 

none 
Power used in idle state with all hardware compo-

nents switched on 
48 mA 

screen.on 
Additional power used when screen is turned on at 

minimum brightness compared to state none 
49 mA 
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screen.full 
Additional power used when screen is at maxi-

mum brightness compared to state none 
256 mA 

bluetooth.active 
Additional power used when playing audio 

through bluetooth A2DP compared to state none 
255.52 mA 

wifi.active 
Additional power used when transmitting or re-

ceiving over Wifi compared to state none 
156.97mA 

radio.active 
Additional power used when transmitting or re-

ceiving over cellular radio compared to state none 
176 mA 

gps.on 
Additional power used when GPS is acquiring a 

signal compared to state none 
34 mA 

cpu.speeds 
Multi-value entry that lists each possible CPU 

speed 

300000 kHz 

422400 kHz 

652800 kHz 

729600 kHz 

883200 kHz 

960000 kHz 

1036800 kHz 

1190400 kHz 

1267200 kHz 

1497600 kHz 

1574400 kHz 

1728000 kHz 

1958400 kHz 

2265600 kHz 

cpu.active 

Multi-value entry that lists additional power used 

by CPUs when running at different speeds – has to 

correspond to cpu.speeds 

21 mA 

50 mA 

72 mA 

86 mA 

94 mA 

141 mA 

146 mA 

158 mA 

209 mA 

235 mA 

251 mA 

282 mA 

315 mA 

366 mA 

Table 12: LG Google Nexus 5 Power Model 

Source: own representation 

 


