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Abstract 

The energy consumption of mobile devices is of increasing importance for users, developers and 

vendors. Frequent recharging cycles have an impact onto the mobility of a device and thus, on user 

experience. While hardware and software are known to have an impact on energy consumption, 

user behaviour (when and how a device is used) is often not in the focus of attention. Research in 

on “smart-metering” has shown that user behaviour is a non-negligible impact factor. This paper 

reports about the results of an ongoing study on the impact of user feedback onto the energy 

consumption of mobile devices (i.e. Smartphones). The hypothesis being, that the frequent 

provision of energy-related feedback on user actions will significantly reduce energy utilization. 

First results support this hypothesis and indicate that feedback frequency and feedback clearly 

linked to specific user activities are key in this regard. 

1. Introduction 

Energy is one of the most limiting factors for the growth of information and communication 

technologies, especially when it comes to mobile devices. Usually such devices are battery 

powered and thus, have limited energy resources. Beneath hardware, the software running on a 

device utilizes the device hardware and therefore has an impact onto energy consumption too [6]. 

An often neglected, but nonetheless important, third impact factor is user behaviour or more 

precisely the actual usage of a device. The user decides on which application or service to start, or 

which sensors and communication means are going to be used. Changing this behaviour might 

therefore reduce energy needs. Unfortunately, user behaviour often deviates from a standard 

rational choice model. From a user perspective comfort and performance are regarded higher than 

energy consumption. Single or isolated energy saving instructions are often without effect.  

This paper presents a study that examines the effects of frequent, action- and energy related user 

feedback onto the energy consumption of mobile devices. This is achieved by comparing the 

energy needs of different Smartphone user-groups: Users that are frequently informed about the 

energy costs of their actions and users who are not. It is assumed that members of the first group 

will, in the long run, use significantly less energy than users of the other group. The hypothesis 

being that frequent and prompt feedback will positively alter user behaviour. It is important to note 

that the results presented in this paper are preliminary and that the actual study is ongoing. Thus, 

the examination of long-run learning effects is not within the scope of this paper. 

The remainder of the paper is structured as follows: Section two discusses related work. Section 

three provides details about the underlying research hypothesis, study design and study execution. 

Section four presents and analyses collected data and discusses possible threats to validity. Finally, 

section five concludes the paper and provides an outlook on future research. 

2. Related Work 

Several research projects have been conducted regarding the energy consumption/needs of mobile 

systems. Often these address hardware or software related approaches [7]. Research that belongs to 
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the hardware category, usually attempts to optimize the energy consumption by optimizing 

hardware usage, such as [3], or by introducing energy-efficient hardware devices and techniques, 

such as[12], [13]. Research in the second category attempts to understand how software and its 

development affects energy consumption. Research in this category can be further classified 

according to factors such as networking/communication, application nature, memory management, 

and algorithms. Concerning networking and communication projects such as [4] provide new 

routing techniques that are aware of energy consumption. Other efforts of this category focus on 

providing energy-aware protocols for transmitting data in wireless networks [11] and ad-hoc 

networks [5]. Memory consumption is another important factor concerning a system’s energy 

consumption. In this regard work such as [8] provides energy-aware memory management 

techniques. In battery powered systems, it is not sufficient to analyze algorithms based only on 

time and space complexity. Energy-aware algorithms such as [7] supporting randomness, or [9] 

focusing on cryptographic networks were published. 

Beneath technical approaches towards optimizing energy needs, users and their behaviour are 

additionally identified as an important factor. [16] defines microbenchmarks for emailing and web 

browsing, and evaluates applications from these domains. [15] proposes an approach for profiling 

the power consumption of mobile applications and thus a means for comparing the consumption of 

similar services (Energy Labeling). [2] compares the energy consumption characteristics of mobile 

networking technologies and how this influences user interaction. [14] presents a framework that 

that automatically recognizes user daily activities and energy needs in real time using sensors on an 

smart phone. Still missing are (empirical) studies that actually monitor user behaviour over a longer 

period of time to better understand the relationship of behaviour and energy consumption.  

3. Study Design 

3.1. Subjects 

The experimental subjects used in the study are students (bachelor and master) across all 

departments and cohorts of the University of Applied Sciences Stralsund. Volunteers owning a 

suitable device were asked for participation and were informed about the nature of the study. 

Subjects were motivated by making it clear that they would gain valuable experience from 

participating and that their data will help in improving battery life of future devices. As a result, 30 

subjects volunteered to take part. The subjects knew that data would be, anonymously, collected 

and that an analysis would be performed on the data, but were unaware of the experimental 

hypotheses that were being tested. While the call was open to all students the majority of subjects 

are studying computer science. Before attending, subjects were asked to answer a small 

questionnaire on their background, used devices, typical usage scenarios, and 

expectations/experience regarding the energy consumption of mobile (smart-) phones. It appeared 

that most subjects (>90%) use high-end devices and (~75%) had the subjective impression that the 

energy consumption of their device is too high. Interestingly only a minority (10%) of them were 

aware that their behaviour might have an impact while the majority believed in in-efficient 

hardware (40%), energy mismanagement (OS) (29%), or badly programmed apps (18%). 

3.2. Hypotheses 

The relationship between user behaviour and energy consumption is in the focus of this study. The 

assumption being that keeping user informed about the implications of their actions will 

significantly improve the energy consumption of the devices they are using. More precisely the null 

hypothesis can be stated as: The energy consumption of devices whose users are frequently 
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informed about the energy related effects of their activities does not significantly differ from the 

energy consumption of devices whose users are not actively informed. 

3.3 Experimental Design 

In order to test our hypothesis subjects we selected a between subject design and randomly 

assigned subjects to one of three groups (10 subjects per group). The dependent variable being the 

information frequency and the independent variable being energy consumption. When performing 

experiments regarding the behaviour of humans, the Hawthorne effect, i.e. subjects change their 

behaviour in response to the fact of being observed, bears the danger of falsifying results. While 

this effect cannot be fully excluded it also correlates with the experience of a user. Experienced 

subjects know which factors do have a significant impact onto energy consumption. Behavioural 

changes might therefore result in larger effects. To control this random group assignment was 

performed. As the number of subjects was known before running the experiment, it was a simple to 

create groups of equivalent size, which is important to prevent the independent variables from 

becoming non-orthogonal. Subjects within the two treatment groups receive real-time feedback 

regarding the impact of their activities on energy usage. The difference between both groups is the 

frequency of feedback. Subjects within the control group are not provided with such feedback.  

3.4 Infrastructure 

The hypothesis of this study requires users to be informed in real-time about the impact of their 

activities onto the energy consumption of the device. This requires energy measurement at the level 

of user activities. Energy consumption could either be measured by using onboard software tools or 

by measuring voltage drops at battery level. Following [6] this study uses onboard which are 

sufficient for trend analysis. We developed an app that runs as a system service using the AIDL-

Interface. The service measures app-usage in terms of time and energy [1]. Data is stored locally 

and is send daily to a central server. Additional sensor data (e.g. GPS) is not monitored, although 

correlations between energy usage and Geo-position might be an interesting future topic.  

The service also creates system notifications to inform users about their energy related behaviour 

(treatment group). Such notifications provide information about the app being used, the time of 

usage and energy related information. The latter is not provided as a Joule value but in form of a 

“traffic light” symbol. Joules are provided on user request only. In addition, a summary report is 

created on (user definable) times. These reports inform users about the actual trend. On the server 

side incoming data is stored with a timestamp and provided as a CSV-file for further analysis. 

3.5 Procedure 

The week before the experiment started, subjects were asked to fill a questionnaire in order to learn 

about their background, experience, etc. Then subjects were given an overview of the study and its 

procedure. Subjects were assisted for preparing their devices and informed the type and nature of 

collected data, data security, etc. Subjects were told that there is no external access to their device, 

that personal data will not leave the device, and that data will be anonymized prior to sending. 

Finally, groups were formed and the study was started. Subjects of the treatment groups were asked 

to pay attention towards the energy related feedback, while subjects of the control group were not 

told anything in this regard but were free to use system energy information. Subjects of the first 

treatment group received feedback on a time basis by pushing a system notification every 5-10 

minutes. The second treatment group was notified based on their actions (switching apps, making 

phone calls, etc.).  
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4. Results 

Once the study was started, data was collected by the background service running on subject 

devices. Since the study is ongoing no final statistical analysis has taken place yet. Unfortunately, 

the dataflow of the first treatment group was sparse. During a feedback session it appeared that 

subjects quickly got annoyed by the high frequent feedback (5-10 minutes) that was not directly 

correlated with their actions. As a result, subjects soon stopped data collection. Thus, valid data is 

only available for the second treatment as well as the control group. 

Figure 1 visualizes the accumulated energy consumption (KWh) of both groups (Control and 

Treatment) over a period of eighty days. As time advances, the gap between both groups 

continuously grows. This supports the assumption that real-time feedback enables continuous 

energy savings. At a more detailed level it can be concluded that the treatment group adapted their 

behaviour (energy wise) within the first days) while the control group did not. 

 

Figure 1: Accumulated Energy Consumption of both groups 

This is supported by Figure 2, which compares the energy consumption of both groups at an early 

stage of the project (day 3) with those later in the experiment (day 40). While the behaviour of the 

control group has not significantly changed over time (from 0.0079 KWh to 0.0081 KWh) the 

treatment group does show a change (from 0.0079 KWh to 0.0059 KWh). Although a saving of 

0.002 KWh per day is not a dramatic change, data supports the hypothesis that behaviour and thus 

energy consumption can be changed by keeping the user informed.  

 

Figure 2: Energy Consumption – Day View 

Another interesting fact is that energy consumption data reveals the daily activity (level) of users. It 

appears that it is possible to identify the currently executed app just by viewing at its energy 

profile. It can be clearly identified if a user is making phone calls, surfing the web or playing 

games. This confirms findings in the smart metering domain that energy profiling allows user 

identification [10] or even the movie currently playing. In this study we guaranteed anonymous 

data collection and therefore deleted all information that would allow data backtracing. 

Although the study is ongoing we performed a first statistical analysis in order to test our 

hypotheses. Checking the data for normality revealed that it is substantially non-normal and that, 
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thus, a non-parametric test has to be used. Due to the early stage of the study we preliminary set the 

level of significance (i.e., α-level) to α = 0.05. To test the hypothesis we decided to use the 

Kruskal-Wallis test since it is known to be robust against variations in group size. Results show 

that there is a significant difference between both groups (p-value < 0.03) and thus the null 

hypothesis can be rejected. Unfortunately, the test does not identify where the differences occur or 

how many differences actually occur. Thus, additional analysis is needed. 

5. Threats to Validity 

There are a number of threats to validity that can affect the dependent variables. While these threats 

limit generalization of this research, they do not prevent the results from being used in further 

studies. 

5.1.  Construct Validity 

Construct validity is the degree to which the independent and dependent variables accurately 

measure the concepts they purport to measure. The energy consumption of a mobile device is a 

difficult concept to measure. Granularity, preciseness and timeliness are key in this regard. In the 

context of this study it is argued that using the onboard measurement facilities of Android are 

sufficient regarding the goals of the study. However, additional studies are required to investigate if 

other measurement approaches lead to different results.  

5.2.  Internal Validity 

Internal validity is the degree to which conclusions can be drawn about the causal effect of 

independent variables on the dependent variable. The following possible threat was identified: • A 

maturation effect is caused by subjects learning as the experiment proceeds. Due to the long 

execution time information about the goals of the study and the expected results might reach 

subjects and alter their behaviour. However, since subjects were randomly assigned to their group, 

we assume that learning effects are equal to all groups and can therefore be neglected.  

5.3.  External Validity 

External validity is the degree to which the results of the research can be generalized to the 

population under study and other research settings. The following possible threats were identified: 

• The subjects were students and are therefore unlikely to be representative of Smartphone users in 

general. We assume that students are using their devices more intensively than the majority of users 

and thus, that only effect size will differ between students and other user groups. 

• Using volunteers as subjects may affect validity (i.e., selection bias). Volunteers are almost 

certainly different from those subjects who do not volunteer. They are, by definition, motivated to 

participate and presumably expect to receive some benefit. These differences limit the ability to 

generalize the results of this study beyond the research sample and require future studies. 

6. Summary and Conclusions 

Energy resources are a limiting factor for most mobile devices and especially for smart-phones. 

The consumption of this resource is driven by the devices’ hardware, running software, and the 

user. This paper reports about an (empirical) study that investigates the relationship between user 

behaviour and energy consumption. More specifically the study examines if keeping users 

informed about the energy “costs” of their activities lowers energy needs and thus, increases device 

uptime. Although the study is ongoing, data analysis supports our hypothesis that keeping users 

informed has indeed a significant impact (p-value below 0.03).  Feedback related to concrete 
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user actions seems to be key in this regard. Time-triggered feedback seems to have a contrary 

effect as demonstrated by the drop-out of a complete group of subjects. However, there are a 

number of threats to validity that hinder generalization. Future studies have to address these 

threats and, more importantly, examine the effects of different forms of user feedback. Another 

study will investigate if subjects of the treatment group have permanently altered their 

behavior (learning effect).  
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