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a b s t r a c t

It is reported that mobile users spend most of their time on texting SMS, Social Networking,
Emailing, or sending instantmessaging (IM), all of which involve text input. There are three
primary text inputmodalities, soft keyboard (SK ), speech to text (STT ) and Swype. Each one
of them engages a different set of hardware and consequently consumes different amounts
of battery energy. Using high-precision power measurement hardware and systematically
taking into account the user context,we characterize and compare the energy consumption
of these three input modalities. We find that the length of interaction, or the message
length, determines the most energy efficient modality. For short interactions, less than
14–30 characters, SK is the most energy efficient. For longer interactions, however, STT
significantly outperforms both SK and Swype. When message length distributions of
popular text activities are considered, STT provides near optimal energy consumption
without requiring the user to predict the message length and decide between SK and STT.
In terms of battery life, the choice of input modality makes significant differences. If users
always choose SK for all their text activities, they will consume nearly 50% of the phone
battery each day. Choosing STT over SK can save 30%–40% of the battery depending on the
choice of STT software.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Mobile device usage is becoming pervasive. A recent survey [1] has shown that the top activities of smart mobile device
users are texting SMS, checking and sending Email, chatting and Social Networking. All these activities involve entering texts
of different lengths. More detailed surveys show that a typical user sends about 110 text messages of an average size of 50
characters each [2,3], 18 emails of 857 characters each on average [4–7], 4 Tweets [8] and 42 instant messages [9]. Given
these trends, it is clear that text input is one of the major modes of interaction for mobile device.

The users are also gettingmore concerned about the energy consumption of popular applications. A recent study of more
than 9 million comments in Google play store has shown that more than 18% of all commented applications have negative
comments with respect to their energy consumption [10]. Thus, with text input becoming the major mode of interaction, it
pays to understand the energy consumption of this important mode of interaction.
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Initially, text input was enabled on smart mobile devices via a soft keyboard (SK ), e.g., typing on the touch screen
keyboard. However with SK, the users in most cases, need to use both hands to type fast, which is difficult to do whilst
‘‘on the move’’. To address this, speech-to-text (STT ) [11,12] and Swype, which allows single-hand text input have appeared
in the market. With STT, speech is captured on the mobile device and sent to a server for processing. With Swype, users
simply swipe their finger from one letter toward the next of the intended word, and the mobile app attempts to predict
the word. Swype is gaining popularity not only because it allows single-handed input, but also as it enables faster input
compared to SK and is more discreet compared to STT.

Different users embrace different input modalities based on their habits, familiarity and convenience. The different
text input modalities, however, use different hardware components and involve different amounts of processing on the
mobile device. Consequently, they consume different amounts of energy for entering the same message. For example, SK
predominantly uses the touch screen, while STT uses the microphone for recording and the communication interface for
transmitting the speech sampled to a server and receiving the converted text from the server. Users are mostly unaware
of the impact of these processing and communications requirements on the energy consumption of their text input. Given
the large volume of text-based interactions, knowing the energy implications of the different input modalities will enable
the users to make informed decision about which input modality to use to minimize their devices’ energy consumption,
especially when their device is low on power.

There has been significant work done in terms of optimizing the energy consumption of smart phones when it is being
used for purposes such as video streaming [13], web-browsing [14], downloading content [15] and instant messaging [16].
It has also shown that using the least energy efficient application could potentially shorten the battery lifetime of a mobile
device by a factor of 2.5 [16]. However, all these studies have focused on the use/running of the applications, and not on the
user interactions. To the best of our knowledge, there has been no prior work in characterizing the energy consumption of
user interaction with smart mobile devices. This paper addresses this through a comprehensive empirical study of energy
consumption of the three widely used text input modalities, namely SK, STT and Swype.

Our contributions and findings can be summarized as follows:

• Using high-precision hardware, capable of capturing the true current drain from the device battery, we measure and
characterize energy consumption of the three text input modalities.

• We show that for short interactions of less than 14–30 characters, SK is the most energy efficient, but STT outperforms
SK for longer messages.

• The energy saving achieved with STT becomes more significant with increasing message lengths. If users always choose
SK for all their text activities, they will consume nearly 50% of the phone battery each day. Choosing STT over SK can save
30%–40% of the battery depending on the choice of STT software.

• We demonstrate that for STT, the application logic of whether to buffer speech samples before transmitting them to the
remote server for analysis as opposed to streaming the speech has significant consequences for energy consumption.

• We further show that the ‘‘user style’’ and experience of using a given input modality has no tangible impact on the
power consumption. In addition, the choice of input modality is independent of the device manufacturer and size of the
device.

The rest of the paper is organized as follows. Section 2 summarizes related work. The detailed experimental setup and
measurement methodologies are presented in Section 3. Results are presented and analyzed in Section 4, followed by some
discussion in Section 5. Finally, Section 6 concludes the paper.

2. Related work

Smart mobile device technology is improving rapidly with significant improvements in processing, storage and screen
technology. These improvements are placing more and more demands on energy. However, battery technology is not
keeping pace with these improvements and is unlikely to do so in the foreseeable future [17]. As a result, the research
community has been investigating ways of minimizing hardware energy consumption exemplified by [18–20]. Similarly
there has been considerable work done to make the applications more energy efficient, by reducing their interaction with
hardware and communications. However, there has been limited work that have investigated the user interaction and the
impact on energy.

Page [21] investigated the implications of typing using a soft keyboard, ITU-T numeric keypad, Swype and Swiftkey on six
different smart phones. He concluded that, Swype and Swiftkey are themost effective and that they offer substantial benefits
to users as typing speeds comparable to when using a common computer keyboard could be achieved. However, the study
does not investigate the energy consumption of different inputmodalities. The focus of our workwas to examine the energy
consumption of the different text input modalities and provide a guide to the users as to which modality should be used to
conserve energy.

Numerous groups have investigated energy consumption of mobile devices by examining the energy consumption
of different hardware components of mobile devices and applications. Carroll and Heiser [22] presented the detailed
breakdown of power consumption of mobile phone’s main hardware components and developed a power model for
smartphones. They investigated the energy usage and battery lifetime under the different usage patterns by analyzing the
power consumption of the various components of a smartphone, and showed the most power hungry components. Yoon
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et al. [23] also used kernel activity monitoring as a way of determining the energy consumption of mobile applications
and estimate the energy usage for online activities. These studies again focused on application behavior as opposed to user
interaction.

Perrucci et al. [24] investigated the impact on energy consumption of a smart phone, when using different services such
as data, cellular link services and mobile TV. They showed that for SMS, the energy consumption was dependent on the
cellular network used. The overall finding was that GSM consumes less energy when compared to 3G (UMTS). While this
finding can potentially influence our results about the STT energy consumption, it does not directly address the impact of the
input modalities on power consumption. Vergara et al. [16] studied the energy consumption of different instant messaging
(IM) applications. They showed that short messages consume as much energy as longer messages and that it is possible to
trade off latency for increased energy efficiency. Again Vergara et al. [25] showed that typing notifications result in almost
a 100% increase in energy consumption. There are also a number of groups focusing on energy consumption of specific
activities such as video streaming,web browsing and downloading. Trestian et al. analyzed the power consumption for video
streaming using different wireless networks [13]. Their results showed the network load and signal quality together have
a significant impact on energy consumption. Thiagarajan et al. [14] measured the energy consumption for web browsing
using a similar measurement methodology to what is presented in this paper. They optimized the energy needed for web
page downloading, rendering, and showed a modified Wikipedia mobile site which can reduce 30% of the energy cost.
Energy consumedwhen downloading via differentwireless networks (WiFi, 3G and Bluetooth)was also investigated by Kalic
et al. [15]. They proposed an energy consumptionmodel for each communication technology and showed that collaborative
downloading could be used to lower the overall energy consumption. All these works, whilst relevant, do not address the
impact of the input modalities on power consumption.

A preliminary version of this paper was presented at the conference [26], but this paper presents an extended analysis of
the energy consumption. In particular, the conference paper only analyzed SMS texts and the mean message length of SMS.
In this paper, we have analyzed three more popular text activities, Email, Tweeter, and IM. In addition, we have considered
message length distributions (not just the mean length) for all four text activities. We have also considered a new input
modality referred to as ‘‘Oracle modality’’ as a benchmark. The Oracle modality is capable of predicting the exact message
length in the beginning and selects either SK or STT depending on the predictedmessage length. As a result of this extended
analysis, it is possible to provide deeper insights to the energy consumption of different input modalities.

3. Measurement methodology

Determining the impact of different input modalities on power consumption is difficult because of the large number
of dependencies, especially the differences in user interaction styles and the context of use. To address differences in user
interaction styles and the impact of context, two sets of experiments, referred to as primary and secondary experiments,
were conducted. The primary experiments were aimed at identifying the key differences in power and energy consumption
of the three input modalities, and the secondary experiments were aimed at identifying the dependency of the input
modality power consumption on user contexts.

Although there exists several software power profilers for Android such as BatteryManager [27] and CurrentWidget [28]
that could be used for power measurements, they only enable the measurement of power at fixed, system dependent
intervals. For example, Batterymanager only gives the voltage readings whenever there is a percentage change in the battery
level. Thus to measure power consumption at a finer granularity, for both sets of experiments, we used the set-up shown in
Fig. 1, which has also been used by others [14,29,30]. With this set-up, the smart mobile device battery is ‘‘hijacked’’ at one
of its terminals, and connected in series with a 15 m� shunt resistor. Then a National Instrument (NI) NI-USB 6008 is used
to sample the voltage drop, V , across the shunt resistor at 1 kHz and log the data on to a laptop computer. In addition, for
each interaction, the start and end time was recorded and could be read directly from the voltage log file. Finally we used
the standard equation of power, P = Vb × Ir to calculate the consumed power for each data point, where Vb is the battery
voltage and Ir is the current through the shunt resistor. Then the average power consumption for a specific message input
modality was computed as the mean value of all the calculated instantaneous power values during the interaction period,
as determined by the logged start and stop times. The total energy consumed for a given input modality was calculated by
multiplying average power by the interaction period.

3.1. Primary experiments

These experimentswere aimed at determining the power consumption of the inputmodality. Therefore, the experiments
used a single fully charged (≥95%) Samsung Galaxy S3 smart phone, connected to a 3G orWiFi network. Ten different users
were asked to interact with the smart phone by entering the 7 text messages shown in Table 1, using each of the three input
modalities. The lengths of the messages shown in Table 1 were chosen to be representative of the typical message lengths
of text based interactions of smart mobile device users based on the distributions in [16].

To ensure that the power consumption was only due to the user inputs, all background processes on the smart phone
were terminated via Android developer options, except for the application used for the experiment. The screen brightness
is also set to a fixed level to eliminate any change during the experiment. Furthermore, after each interaction period, the
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Fig. 1. Power measurement setup.

Table 1
Seven messages with different lengths.

Message length Message content

7 A phone
15 That was a test
27 These are few mobile phones
52 This is a test to investigate the energy consumption
79 This is a test to investigate the energy consumption of different mobile phones

102 This is a test to investigate the energy consumption of different mobile phones in
different situation

202 This is a test to investigate the energy consumption of different mobile phones in
different situation via variety of Android applications and games in various
locations in university of New South Wales

battery level of the smart phonewas checked andwhere necessary the smart phonewas recharged to ensure that the battery
level remained at or above 95%.

For SK, users enteredmessages using theAndroid’s defaultMessageApp editor and default Samsung soft keyboard. Haptic
feedback and auto-completion functions were disabled in the primary experiment to minimize the number of variables.

For STT, the Galaxy S3’s built-in Google STT application and the STT application available with the Swype application,
namely Dragon dictation were used. They represented the only two STT applications available.1 With Google’s STT
application, each phrase of speech is recorded and then streamed to a Google server for conversion from speech to text.
Once the converted text from the server is received, it is displayed on the screen. Dragon dictation operates in a similar
manner, except that it records the speech for given period of time and sends it to a cloud based server for the speech
to text conversion. The difference is that Dragon dictation application always tries to record for as long as possible, up to
100 s of recording, before sending the whole recorded segment to the server. Because the streaming nature of Google’s STT
application, the communication modules on the mobile device is kept in the active state [31]. Google STT consumes more
power than Dragon Dictation, but has less latency which is reported to result in better user QoE as the users can actually see
what is being typed in real time. In addition, we also find that, Google STT utilizes location service by default, in contrast,
Dragon dictation does not. This also leads to extra power consumption. As it is the default configuration, we decided to keep
the location service on for the primary experiments.

Swype keyboard applicationwas used for the Swype experiments. This involved the users simply tracing the characters of
a word with their fingers, and the software predicting the word and displaying it on the screen. All volunteers were allowed
time to become familiar, if they had not used Swype before to minimize the user biases.

In the primary experiments, users are asked not to correct any mistakes they make, and record the mistakes once
they have finished. The details of error characteristics and error corrected energy consumption is shown in the secondary
experiments.

3.2. Secondary experiments

The objective of these experiments were to investigate the impact of user context on the power consumption of the three
input modalities. Thus the experiments involved a single user interacting with three devices, two smart phones (Samsung
Galaxy S3, S4) and a tablet (Google Nexus 7) using the same messages used in the primary experiments.

1 All other applications use the Google STT engine.
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Table 2
Comparing power consumption of text related activities with other non-text online/offline activities via S3.

Online activities Power consumption Offline activities Power consumption

Email via browsera 2.38 W Taking photos 2.8W
Video streaming 2.15 W Recording video 2.57W
Online games 2.15 W Playing games 2.01W
News/weather 1.59 W Call facilities 1.47W
Web surfinga 1.57 W Texting/IMa 0.98W
Email via Appa 1.48 W Listening to music 0.86W

Normal usage 0.68 W
Idle 0.48W

a Activities involve text input.

The contexts of different devices operating at two different battery charge levels of 95%, 30% and connecting to two
different networks (3G/WiFi) in the case of a smart phone were evaluated. Additionally, the overhead of utilizing GPS was
investigated. During these experiments, to minimize the network connectivity variations, the experiments were repeated
in three different locations, namely inside a research lab in the city center, inside a residential apartment in a suburb, and
inside a student laboratory.

In order to investigate the impact of ‘‘user typing style’’ on SK power consumption, we developed an Android application
that logged the touchdown/up time, holding time, pressure and the size of the touch.2 The impact of haptic feedback function
was also investigated by comparing the energy consumption of completing the same message whilst the function is on and
off. All experiments are repeated three times and the average was used for analysis.

4. Results

In this section, we report the outcome from both the primary and the secondary experiments. Results from the primary
experiments are used to identify the key differences in power and energy consumption of the three input modalities. The
secondary experimental data are used to verify whether these key differences are dependent on user contexts.

Before we present these results, we compare the power consumption of some major online and offline activities
presented in Table 2. The baseline power consumption, e.g., normal usage and idle are also shown. In the idle state, the phone
is in airplane mode with all communication modules disabled. The screen is turned on and no background applications
are running. Normal usage represents the state when all communication modules are enabled without any background
applications. The phone consumes 0.68 W on average in normal usage and 0.48 W when idle.

As can be seen, online activities consume asmuch power as offline activities. For example, playing offline games consume
2.01W,which consumesmore power thanweb browsing (1.57W). In particular, checking/sending emails via browser could
consume as much as 2.38 W, while the same activity via an App only consumes 1.48 W. Note that both of the two activities
measures the power consumption of sending/receiving emails instead of inputting text. In addition, text related activities
consume as much power as non-text activities, which motivates the need to better understand the energy consumption of
different text input modalities and identify opportunities to reduce it.

4.1. Primary experiment results

In this section, we first analyze power consumption of different input modalities. Energy consumption of a message
depends not only on the power consumption, but also on the time taken to enter the message. We therefore also study
the input speed of different modalities, e.g., how fast users can enter text using different modalities, which then allows us
to study energy consumption of a given modality. Finally, we seek to identify the optimal modality that would minimize
energy consumption of text input by analyzing message patterns of four popular text activities, Short Message Service (SMS),
Tweets, Email, and Instant Messaging (IM). To minimize the number of dependencies, error correction is not performed in
these experiments, however, is recorded and further analyzed in the secondary experiments.

4.1.1. Power consumption
Fig. 2 plots the average power consumption (averaged over 10 users) of different input modalities as a function of

message length. First, we find that power consumption is independent of message length for all three input modalities.
Second, different modalities consume different amounts of power. Table 3 lists power consumption of different modalities
in ascending order. We see that SK consumes the least energy (∼1 W). Swype consumes 30% more power than SK. STT also
consumes more power than SK with majority of the STT versions consuming the most energy. For example, Google STT with
3G (STT-G 3G) consumes 2W, which is twice as much consumed by SK. The reason that Google STT consumes more power
than Dragon STT is not only because of the difference in speech sampling window as discussed, but also because Google STT

2 Pressure could not be recorded for Samsung S3 because it uses a capacitive screen.
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(a) Google STT, Swype and SK power consumption. (b) Dragon dictation vs Google STT.

Fig. 2. Power consumption comparison of input modalities.

Table 3
Power consumption of different input modalities.

Input modality Power consumption

SK 0.98 W
STT-D WiFi 1.03 W
Swype 1.35 W
STT-D 3G 1.38 W
STT-G WiFi 1.55 W
STT-G 3G 2.01 W

Table 4
Input speeds for different modalities.

Modality Completion time slope(m) Input speed (char/s)

SK 0.457 2.19
Swype 0.422 2.37
STT 0.074 13.51

utilizes GPS. This will be further discussed in the secondary experiments. Similarly, STT consumes more when used with 3G
compared to when used withWiFi because 3G interface is known to consume more power thanWiFi [32].

At this point, it is important to remember that power consumption reflects only part of the overall energy consumption.
Speed ofmessage input is also an important factor. For example, if two inputmodalities consume the same amount of power,
but one allows the user to complete the message quicker, then it will consume less energy than the other. Therefore, it is
necessary to take into account the speed of completion of the different input modalities before we can compare their energy
consumption.

4.1.2. Speed of input modalities
For the three input modalities, SK, Swype, and STT, Fig. 3(a) shows message completion times as a function of message

length. All versions of STT had the same completion time curve, hence we show a single curve for STT. From these results,
it is possible to make several observations. First, for all three modalities, completion time increases linearly as a function of
message length. The speed of input therefore can be directly derived as 1

m , where m is the slope of the line.
Second, SK and Swype have similar speeds (around 2 char/sec), but STT is 6 times faster (see Table 4 for exact speeds).

This means that Swype cannot outperform SK because it consumes 30%more power as discovered earlier. STT, however, can
potentially outperform SK due to its significantly faster speed. Note that the speed of 2.19 char/sec that we derived from
our SK measurements (averaged over 10 users) is within the theoretical typing speed upper bound of 2.51, which is based
on Fitt’s law [33].

The third observation relates to the ‘setup’ time. Because STT needs to transmit the message to a remote server before
the text can be detected and entered, there is a higher setup delay compared to SK, which processes the input locally.
Therefore, for short messages, SK enjoys lower completion times. This initial advantage for SK, however, starts to erode
with increasing message size. As can be seen in Fig. 3, although STT starts with higher completion times at the beginning, it
outperforms SK after about 13 characters. STT therefore has the potential to consume less energy than SK despite consuming
significantly more power. In the following section, we will compare these two input modalities with regards to their energy
consumption.
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(a) Completion time. (b) Zoom in.

Fig. 3. Message completion time comparison of three input modalities.

(a) Overall. (b) Zoom in.

Fig. 4. Energy consumption comparison of three input modalities.

4.1.3. Energy consumption
For the three inputmodalities, Fig. 4(a) shows their energy consumption derived as completion timemultiplied by power

consumption. It shows that STT is more energy efficient than SK for longer messages despite its higher power consumption,
as the completion time decreases with longer messages. Google STT with 3G becomes more energy efficient than SK for
messages longer than 30 characters, but Dragon STT with WiFi outperforms SK only after 14 chars due its low power
consumption. This finding demonstrates that relative superiority of one input modality over another with respect to energy
consumption is heavily dependent on the length ofmessage. In the following section, we provide a deeper analysis of energy
consumption based on empirical distributions of message lengths for popular text activities.

4.1.4. Optimal modality selection
In this section, we seek to identify the input modality or the combination of modalities which would minimize daily

battery energy consumption for a typical user. Because Swype was not found to be as energy efficient as SK or STT, we do
not consider Swype as a candidate modality to minimize energy consumption.

In the previous section, we have found that for short messages, e.g., shorter than 14 (STT-D) or 30 (STT-G) characters
(lower and upper bound of STT), STT consumes more energy than SK, but the situation is reversed for longer messages.
It is therefore difficult to answer the question which choice of input modality would minimize energy consumption. For
example, if the messages are predominantly smaller than 14, then SK is the optimal choice. On the other hand, if messages
are generally very large, then STT is a clear winner. The answer therefore lies with the distribution of message lengths. In this
section, we consider empirical distributions of different text activities to find the optimal input modality that minimizes
energy consumption.

Before we compare SK against STT, we would like to consider a third option that we will call ORACLE. In ORACLE, the
user can predict the exact message length before he starts entering the text. For ORACLE-D, he chooses SK if the message
is predicted to be less than 14 characters, and STT-D otherwise. Similarly, for ORACLE-G, he chooses SK if the message is
predicted to be less than 30 characters, and STT-G otherwise. Clearly, ORACLE is not achievable in practice, but it serves as
the theoretical lower bound for energy consumption.



64 F. Jiang et al. / Pervasive and Mobile Computing 26 (2016) 57–70

Table 5
Message length distribution of different text activities.

Text activity Distribution and parameters Maximum length

SMS Normal (µ = 50.9, σ = 46.2) [3] 160 characters
Tweet Log-Normal (µ = 0.55, σ = 4.3) [35] 140 characters
Email Normal (µ = 857, σ = 2346) [6] NA
IM Normal (µ = 26, σ = 46.2) [16] NA

(a) CDF. (b) PDF.

Fig. 5. Message length distributions of different text activities.

As mentioned earlier, we will consider distribution of message lengths of popular text activities to study the energy
consumption of different input modalities. One way to measure popularity of mobile phone applications is by measuring
the time spent with the application. An application is more popular if the users spend more time with it, and vice versa. A
recentNielsen report [34] shows that SMS, Social Networking, such as Twitter, Email, and IM are among the top 6 activities that
users spendmost of their times with. Themessage length distributions of these four text activities alongwith the references
are shown in Table 5.

Using the values of Table 5, we plot the PDFs and CDFs of these four text activities in Fig. 5. It could be seen that Email
inputs are significantly larger than the other ones, which is expected due to the nature of the application. An interesting
observation is that although Twitter messages are physically limited to 140 characters, the CDF does not cover 100% at 140.
This is because users sometimes send long messages using back-to-back ‘tweets’, which are counted as a single Twitter
message [3].

Next, the expected energy consumption of each message is derived using the empirical message length distributions of
Table 5. For SK and STT, we obtain

emodality
activity =

N
n=1

{CDFactivity(n + 1) − CDFactivity(n)} × ymodality(n) (1)

where modality ∈ {SK , STT − D, STT − G} and activity ∈ {SMS, Twitter, Email, IM}. ymodality(n) is the linear energy con-
sumption functions for specific modalities as shown in Fig. 4(b). A large value for N (N = 20,000) is chosen to cover large
message lengths possible in Email.

For ORACLE-D, expected energy consumption is computed as

eORACLE-Dactivity =

14
n=1

{CDFactivity(n + 1) − CDFactivity(n)} × ySK(n) +

N
n=15

{CDFactivity(n + 1) − CDFactivity(n)} × ySTT-D(n). (2)

Similarly, expected energy consumption for ORACLE-G is computed as

eORACLE-Gactivity =

30
n=1

{CDFactivity(n + 1) − CDFactivity(n)} × ySK(n) +

N
n=31

{CDFactivity(n + 1) − CDFactivity(n)} × ySTT-G(n). (3)

From expected energy consumptionwe compute daily energy consumption as

Emodality
activity = α × emodality

activity (4)

where α is the average number of messages entered daily for a given activity.
Table 6 shows the daily energy consumed (Emodality

activity ) by different text activities and input modalities. The numbers in the
parenthesis next to the activity names represent the average number of messages entered for each activity per day. For
example, 110 SMS, 4 Tweets, 18 Emails, and 42 IMs are sent each day on average [2,4,5,8,9]. The last column shows the total
energy consumption per day from all text activities. We make the following observations:
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Table 6
Daily energy consumption of different activities using different input modalities.

Input modality SMS (110) Twitter (4) Email (18) IM (42) Combined

SK 2,528 J 186 J 11,509 J 614 J 14,837 J
STT-G 1,628 J 98 J 3,915 J 458 J 6,099 J
ORACLE-G 1,536 J 97 J 3,915 J 412 J 5,960 J
STT-D 834 J 50 J 2,003 J 235 J 3,122 J
ORACLE-D 810 J 50 J 2,003 J 221 J 3,084 J

Table 7
Energy consumption (J/char) of the smartphone and tablet.

Input mode Samsung S3 Samsung S4 Tablet nexus7

STT-G-WiFi 0.11 0.12 0.27
STT-D-WiFi 0.08 0.10 0.19
SK 0.45 0.59 0.87
Swype 0.57 0.61 1.02

Fig. 6. Battery level consumption for phone and tablet.

• If users always choose SK for all their text activities, they will consume a total of 14,837 J each day, which is nearly 50%
of the phone battery capacity (Samsung S3 battery has a capacity of 28,728 J).

• Choosing STT over SK will drastically reduce daily energy consumption. STT-G would save 8738 J or 30% of the battery
and STT-Dwould save 11,715 J or 40% of the battery.

• Surprisingly, ORACLE cannot save much beyond STT, i.e. STT performs close to the theoretical optimal. There are two
factors that contribute to this outcome. First, aswe can see in the CDF graphs (Fig. 5a), only a small fraction of themessages
are shorter than 14 characters. Second, there are many long emails, which consume significant energy when SK is used,
but it is precisely the large length that helps STT to save energy. This is an encouraging finding, because it means that
one can achieve near optimal energy consumption by simply using STT for all activities.

4.2. Secondary experiment results

4.2.1. Devices, networks and battery charge level
The secondary experiments used the Samsung Galaxy S3 used in the primary experiments, a Samsung Galaxy S4 and a

Google Nexus 7 tablet. They are connected to WiFi and/or 3G cellular networks. The Samsung Galaxy S4 represents devices
with more powerful hardware and Nexus 7 tablet represents devices with bigger screens and larger batteries. Table 7
presents the energy consumption rates of the three devices for the all input modalities. It shows that the tablet consumes
approximately twice as much energy as the S3 per character for all text input modalities. In addition, S4 consumes slightly
more energy than S3 mainly due to a higher resolution screen and a faster processor.

Fig. 6 shows the energy consumed by the three devices as a percentage of the device battery, when used for texting by the
13–17 age group. The results show that all devices display similar characteristics despite the tablet consuming twice asmuch
energy per character and the tablet battery having double the capacity (16Wh/57600 J) of the S3 battery (7.98Wh/28728 J).
The S4 battery (9.88 Wh/35568 J) is around 25% larger than S3’s, which is however not always enough to offset the extra
power consumption of hardware.

In the case of STT, both smart phones display more than double the energy efficiency of the tablet and in the case of SK,
the tablet performs a bit better battery percentage wise. We speculate that this due the smart phones having more energy
efficient communications hardware than tablet. Since the percentage increase in energy consumption is similar for all the
three input modalities across the three devices, the main observation of previous subsection, namely the choice of different
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Table 8
Power consumption of location service.

Input mode S3 S4 GPS consumption
S3 S4

Google-Wifi-GPS-on 1.53 W 1.65 W
Google-Wifi-GPS-off 1.29 W 1.47 W 0.24 W 0.18 W
Google-3G-GPS-on 2.03 W 2.10 W
Google-3G-GPS-off 1.73 W 1.95 W 0.30 W 0.15 W

input modalities is device independent. In other word, the battery life of different devices are similarly affected by choice of
input modalities.

As STT is dependent on sending data to server for analysis, its energy consumption will be influenced by the network
connectivity. To assess the impact, we measured the power consumption of STT when the smart phone was connected to
a 3G cellular network, and a WiFi network, in three different locations, namely inside a research laboratory, a residential
apartment, and inside a student laboratory at a University. The mean power consumption of STT-G in the three locations
were all approximately 2Wwith a standard deviation under 0.1W. Hence the results of previous subsection is also location
independent.

When the experiment was repeated at a battery charge level of 30%, the current drain is increased by 5%–10% comparing
to when the smart phonewas fully charged (≥95%). This we believe is due to the discharge behavior of chemical batteries as
explained in [36]. The regulator used for power management increases the current drain to compensate for battery voltage
drop. However, this again does not affect the main observation as the power consumption is not dependent on the battery
charge level.

Thus the primary results (choice of input modalities) will remain the same, regardless of the screen size, processing
power and battery charge level and will only be influenced by the network type, the application and usage.

4.2.2. Location service
Google utilizes location service for STT conversion, it is also interesting to know the portion of extra power consumption

due to location service and speech streaming respectively. We found almost no difference in terms of power consumption
for STT-D while keeping the GPS module on and off. The GPS symbol on the phone also indicates STT-G uses GPS as oppose
to STT-D. Table 8 shows the power consumption of STT-G for the two difference smart phone under different network type
and GPS status. The net power consumption used on location service is deduced, which shows an 0.2 W is drawn from the
GPS module on average.

However, the status of location service again would not affect observations in primary experiment. Both the results of
STT-G and STT-D are presented, representing upper and lower boundary of STT energy consumption. Only slight change in
the intersection points is observed, the main trend remains the same.

4.2.3. ‘‘User typing style’’ analysis
For SK, the energy consumption could be influenced by the user ‘‘typing style’’. To investigate this, we analyzed effect

of touch size and touch duration each key press by developing a simple application which measured the touch time and
duration.

Fig. 7 shows the touch time of users during the experiments, which is done by using Gaussian kernel density estimation. It
shows that the difference between themean touch times of users is approximately 55ms, and 80% of all touches has a touch
duration under 90 ms. It is clear that the touch time varies from user to user and shows distinct touch style each user has.
Users type faster/touch lightly will have the distribution pushed to the left hand-side, while users having a more preferable
touch timewill have the distributionmore concentrated as shown in the graph. Touch sizes were found to be similar among
all the users, with a mean touch size to be 0.04 cm2 and standard deviation of approximately 0.01 cm2. When individual
touch is analyzed separately, the power consumption of each touch is found to be independent on both touch size/pressure.3
However, It is also observed that energy consumption of each touch is positively correlated with the touch size/pressure.
This is mainly due to the fact that touch size/pressure is correlated with touch time, where a larger touch size or stronger
pressure is often associated with longer touch time.

This analysis shows that typing style, namely the speed and theweight of touch, result in variation of power consumption
between ±6% of 1 W. Thus, the different ‘‘typing styles’’ of users do not have tangible impact on the power consumption of
SK.

4.2.4. Impact of Haptic feedback
The same message was input three times under two scenarios: haptic feedback on and off. The average power

consumption for turning haptic feedback on was 0.973W, while keeping haptic feedback off consumes an average 0.966W.
As a result, haptic feedback has no significant impact on the power consumption of SK as well.

3 The pressure results are taken from Nexus 7 tablet, which has a resistive screen.
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Fig. 7. Probability density function of the touch time for users.

Fig. 8. Error rate for all input modalities.

4.2.5. Error characteristics
SK, Swype and STT display different error characteristics. The SK errors are random and evenly distributed (trickle errors),

where as the Swype and STT be word specific and thus tend to occur in groups (burst errors). The two STT engines display
different error behavior. STT-G shows higher accuracy (91.69%) when compared to STT-D (77.11%) for the set of experiments
which consisted of the 7 inputs as shown in Fig. 8. The accuracy is shown to be lower than when using SK (96.47%) or Swype
(92.38%). Also, Swype error rate increases with the length of interaction.

There have been significant work done in terms of text entry error and correction models [37–39]. Users correct errors
differently depending on whether they are using STT/Swype or SK, thus we use different error correction model for different
input modalities. Whenever a user makes a mistake when using SK, it is generally a single character. Thus the error is
corrected by deleting the erroneous character and enter the correct character. Therefore with SK, each error results in 2
key strokes. As a result, for a message of length L chars, if one assumes an error rate of e% and that the user will only need
to delete the wrong character once, the final length of character input interaction would be L × (1 + 2e)%. Because overall
user’s input speed when using SK is constant, i.e. that the completion time is linear, error corrected completion time can be
derived, the energy consumption calculated.
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(a) Overall. (b) Zoom in.

Fig. 9. Error corrected energy consumption comparison of three input modalities.

On the other hand, for Swype and STT, the prediction engine will underline the words that could be in error. Assuming
users take t seconds to press the word and choose the right word in a list of words with similar pronunciation, a message
length L characters and an error rate e%, the average number ofwords that need to be corrected can be determined. In turn the
extra time, and hence the energy taken to correct all the errors could be determined. Finally, t can be estimated by adding
mean press duration from Fig. 7 and thinking/reaction time, where a total number of 500 ms is used in the calculation.
The results obtained using the above two methods is shown in Fig. 9. Comparing Fig. 9 with Fig. 4, the error rates of the
different text input modalities do to have a significant impact, and therefore the findings of the primary experiments still
hold.

4.2.6. Optimal modality selection with error correction
It can be seen in the error corrected energy consumption Fig. 9, the intersections where STT-D and STT-G consume more

energy than SK are 14 chars and 28 chars. The energy consumption fitting functions change very slightly, thereforewe expect
no tangible changes on the conclusions we draw in the primary experiments.

5. Discussion

5.1. Observations

This study has shown that overall, of the three text inputmodalities that are commonly used, the SK has the lowest energy
consumption for short interactions. For longer interactions, the STT has the lowest energy consumption. Swype on average
is the least energy efficient. The results also show that, these findings hold true regardless of the variations in user usage
and speaking styles, the type of access network being used, and the type of device that is being used. There is also higher
potential for STT to have better efficiency gains than SK as the technology improves this will make STT the most efficient
form of interaction, except for very short interactions (less than 5 characters). Also, it is clear from the finding that, the
streaming Google STT as opposed to ‘‘batch’’ processing Dragon STT models have significant energy implications because of
the energy overheads of keeping the communication hardware of the mobile device in an active state. The obvious solution
is to consider a hybrid approach where ‘‘adaptive bundling’’ is used. This warrants further investigation. Furthermore,
Google STT utilizes GPS module resulting in a 10%–20% increased power usage on average, which could be further
optimized.

When the length distributions of different input categories are taken into consideration, overall the expected energy
consumption of STT is always lower than SK. For inputting emails in mobile phone, using STT could at least reduce the
energy consumption by 60%. However, there is little gain for always switching to the optimal modality. On the other hand,
it would be worthwhile for users to switch between SK and STT based on the input length of Instant Messaging for an extra
7.5% reduction in energy consumption.

With the current availability of STT and Swype applications and the trends in text based interactions of smart mobile
device users, such as messaging and social media interactions, there will be clear choice for users from solely an energy
point of view, as most of these interactions will involve pressing a button, or swiping the screen. However, there are many
other factors that will influence users choice of the input modality. Table 9 provides a comparison of what we believe will
be the most important of these factors, and provides a subjective assessment of the benefits of SK, STT, and Swype with
respect to these factors. When all the factors are taken into account, none of the three input modalities standout as the
obvious choice. Therefore it is necessary to develop a recommendation system that takes into account these factors and acts
as guide for the users as currently most users are unaware of the implications specially with respect to their battery usage.
As a simple change, we propose to set the default input modality for long input task, i.e. Email, as STT.
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Table 9
Characteristics of different input modalities.

Input modes Accuracy Convenience Privacy Speed Energy consumption
Short Long

SK Highest Low High Fast Lowest Low
STT Lowest High Low Fastest High Lowest
Swype Medium High High Slower Low High

5.2. Limitations

There are potentially a number of limitations of the experiment that were carried out. Firstly, we only considered the
input modalities with respect to English. This presents the best case scenario, as STT and Swype engines are optimized
for English. Although it is possible that other languages provide different results, we do not expect major impact on our
results by considering English only as the language will equally affect all input modalities. Second, the sample sizes and
the user population that were used was small. This was necessary because we needed to use the experimental setup
discussed in Section 3 which required the device battery to be ‘‘hijacked’’ to get fine grained energy measurements. We
attempted to mitigate this by having users of different nationalities (4 nationalities) and range of age groups (20–50 years)
who were regular smart mobile device users. Further we used inputs that are representative of the type of interactions
these users would have, from published data. Therefore, despite the sample being small, we do believe that our results are
representative. Use of a higher number of users we believe would not lead to significantly different results. Third we only
used three devices with a single operating system, Android. Despite the differences in the three devices, we could not see
any indication that our results were device dependent. As for the operating system, it was not possible to carry out the same
set of experiments on iOS. We believe this is not a real limitation as the overall findings will be applicable across platforms
as the fundamental reasons for the differences stem from the users, applications and the use of the different hardware
components of the smart mobile device. Finally, although the error rates when using STT tend to be higher than when using
SK, the methodology used provides a fair comparison for two primary reasons. (a) The accuracy of STT is improving and (b)
the power consumption of STT at the longer lengths is significantly lower than that of SK. Therefore, overall STT will be the
most energy efficient at longer lengths (greater than 30 characters).

6. Conclusion

Formobile devices, text input has become one of themajormodes of interaction. Consequently, there is urgency to better
understand the energy consumption dynamics of this important interaction. Since text can be entered using different input
modalities, any energy consumption study for text interaction must be done with regards to these modalities. In this paper,
we have studied energy consumption dynamics of three primary input modalities, SK, Swype, and STT. Our findings suggest
that choice of input modality has a major influence on energy consumption of text input. By choosing STT as the universal
modality for all types of text inputs, a typical user can save 30%–40% of the battery depending on the choice of STT software.
STT software that buffers speech samples at the device and sends them in bulk to a remote server for conversion to text can
save significant energy compared to those that stream the speech to the server.
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