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Abstract

The interaction with touch displays has become increasingly popular with the growth of the mobile
devices market. Most people already own at least one of these devices, and use them regularly. By
extension, touch displays, and all applications that make use of this technology have become quite
popular, available by the thousands nowadays. However, these applications don’t make full use of a
user gesture’s potential, focusing mainly on hand’s position and shape. This work proposes a new
approach to identify and classify gestures with different acoustic signatures. To tackle this problem, we
proposed an approach to gesture classification through the sound produced by interaction on a surface.
This approach is provided as a development toolkit, to integrate these features into applications, while
freeing the developer from the need to understand and implement complex classification and audio
processing algorithms. We detail the components of the toolkit’s architecture, and describe the main
processes it implements. To explore and evaluate this approach, a set of applications was developed,
that use the toolkit as a mean to improve interaction and map user’s gestures to concrete actions.
The main outcome of this work is a toolkit built to simplify the development of applications that
make full use of a user’s gestures, and that allows an expedite mapping between the application’s
features and an easily distinguishable gesture.
Keywords: Acoustic sensing, toolkit development, gesture classification, interaction, user interfaces

Introduction
Interacting with touch displays is something that became very usual in our daily life. Most people use
devices (smartphones, tablets,...) equipped with these displays everyday, sometimes even as a part of
their working habits.
Everyone knows how to use these displays, and many applications have been developed, that make use
of all the potential they have, like multiple finger input.
However, most of these applications do not make use of a user gesture’s potential, focusing mainly on
hand’s position and shape. This leads to a loss in expressive power, specially on more complex interfaces.
There are many other acoustic dimensions that can be taken into account and explored, such as intensity
and timbre, allowing the differentiation between simple gestures applied with different body parts.
This process has been called acoustic sensing in several works. The whole process can be relatively
complex, as it includes (among others): sound capture, signal analysis, sampling, and matching against
a database of known gestures. The analysis done is composed mainly by machine learning algorithms,
which may not be easy for every developer to understand and use.
Also, there are currently no toolkits that have all these features readily available for use, without the need
for extensive adaptation and configuration, making the reuse and adaptation of the available toolkits or
the development of new ones quite difficult and time-consuming.
This work will try to solve these problems by providing a simple yet powerful toolkit that includes acoustic
sensing features (to distinguish users’ gestures) on its core, while making it easy to be used and integrated
on the developing of applications. The focus will be to provide these features to devices equipped with
touch displays, in particular mobile devices (tablets and smartphones) and interactive touch tabletop
surfaces.
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Related Work
The signal captured by sound capturing devices contains lots of information that can be used on the
development of tangible acoustic interfaces [1]. These interfaces work based on the principle that when
an object is touched and manipulated, its properties are altered. In particular, the way it resonates (or
vibrates) when it is touched varies depending on how and where it is touched. The vibrations it produces
can be captured and analyzed to infer information about how interaction with the object is being carried.
The audio produced by the interaction with a surface contains information from the way the interaction
is carried on. This information can be captured and processed to infer information from each of the
gestures applied to the surface. This technique has been called acoustic sensing on several works.
Acoustic sensing has been explored as a powerful tool to retrieve information from a user’s interaction
with a surface or object. Some of this information can also be used by developers to enhance interfaces
with new features, and improve interaction on current interfaces. There are 2 main groups on these
approaches: the ones whose main goal is to explore acoustic sensing capabilities for use on touch surfaces,
such as touch displays, and approaches that use acoustic sensing to empower simple objects and surfaces,
possibly ignoring the touch capabilities they may possess.

Touch Approaches
One of these approaches, and the paper preceding this work is [6]. The motivation for this contribution
comes from the fact that current touch technologies limit the interaction by only focusing on input position
and shape. Touching a surface also generates sound, which can be analyzed and used as a method of
input.
To achieve this, a sonically-enhanced touch recognition system was proposed. The main principle is that
two gestures exercised on a touch display can be identical (even if done with different body parts or
objects), but still have different acoustic signatures. In particular, touch produces two main characteris-
tics: the intensity of the impact, and the sound timbre. These two new dimensions can be processed to
expand the interaction space, without adding any complexity to user interaction. To capture the sounds
produced by interaction, a contact microphone was used.
The gesture recognition module is implemented in Pure Data, where sound is captured, filtered, and
analyzed, outputting the recognized gesture (matched against a database of trained gestures). The main
limitation of this approach is that it is more error-prone, because a touch on the device’s case or bezel can
be interpreted as a user’s gesture. This can be avoided by only recognizing highly expressive gestures.
In Tapsense [4], a tool that allows the identification of the object (or body part) used for input on
touchscreens was developed. One of the objectives is tho free users from additional hardware or instru-
mentation to interact with a surface. To achieve this, TapSense uses 2 processes: a method to detect the
position of the input, and a method to capture, analyze and classify impacts on the interactive surface.
It relies on the same basic principle as [6]: different material produce different acoustic signatures.
The processing is done by applying an FFT to the data, and retrieving only those with frequencies ranging
from 0 to 10kHz approximately. With the information obtained, TapSense classifies the gesture using a
support vector machine.
On average, the entire classification process (starting from the time the impact hits the touchscreen) takes
100ms, allowing for real-time interaction. The main limitation of this work is that it fails to recognize
two gestures if they hit the surface at a sufficiently high speed.
Another related but somewhat different approach was proposed on Expressive Touch [8]. Expressive
Touch is a tabletop interface used to infer and calculate gesture intensity using acoustic sensing. The
information captured when the user interacts with a surface are analyzed to allow variant tapping intensity
recognition while interacting with the surface.
In this work, the amplitude of the sound produced by finger taps is used, to estimate the associated
intensity. This decision is supported by the fact that humans have fine-grained control over the pressure
exerted with their hands.
The process used to determine tapping intensity of an input gesture with Expressive Touch is to calculate
peak amplitude for each of 4 microphones placed on the surface, and averaging these values. The main
limitation of this work is the difficulty to transfer this approach to other surfaces, because its structural
properties may compromise the sound capture process.

Non-Touch Approaches
One of the main works on this area that first proposed the use of acoustic sensing to expand interaction
with simple objects or even walls and windows, is ScratchInput [3]. It relies on the unique sound produced
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by a fingernail dragged over a surface.
The analysis performed on this work returns some important properties of the sound: amplitude and
frequency. The recognizer then uses a shallow decision tree to decide on which gesture was made, based
on the signal peak count and amplitude variation.
The main advantage of this tool is that it only needs a simple and inexpensive sensor attached to the
device’s microphone. The limitation is that, as it only relies on the sound produced by the gesture, only
a limited set of gestures can be successfully classified.
In SurfaceLink [2], a system that allows users to control association and share information amongst a set
of devices through simple gestures, was developed. It uses on-device accelerometers, vibration motors,
speakers and microphones. This work proposes that we can leverage on these components to achieve
inertial and acoustic sensing capabilities, that enable multi-device interaction on a shared surface.
This work acoustic sensing approach is similar to the ones already described. However, it is stated that
with further analysis, the gesture direction can be retrieved from the spectral analysis. In particular,
when a user’s finger comes near the device, the resonant frequency decreases, and the opposite occurs
when it moves away. This can be used to distinguish continuous gestures.
This work also states that the speed of a gesture on a surface is directly correlated to the amplitude of the
resonant frequency. When the user does a fast swipe, the gesture accelerates and decelerates quickly. The
slope of increase and decrease in amplitude is also steeper. This allows for a differentiation of gestures’
speeds.
Another finding, coupled to the speed of a gesture, is the gesture’s length. Considering that SurfaceLink
is used mostly for the interaction between devices, the length of the gesture is bounded by the distance
between the devices. It is then possible to compare gestures with different lengths based on their duration.
Other contribution of this work is the fact that SurfaceLink is able to distinguish the shape of a gesture.
By analyzing the spectral information and performing pattern matching, it can infer a fixed set of gesture
shapes, such as lines or squares.

Toolkits
The development of toolkits designed to add gesture classification through acoustic sensing features to
applications and systems is not yet explored. However, there are some toolkits that provide gesture classi-
fication features. These toolkits can be studied to obtain information on the specifics of the development
of toolkits of this kind.
One of these works is GART [7], a toolkit that allows the development of gesture-based applications. The
main objective is to provide a tool to application developers that can encapsulate most of the gesture
recognition activities (data collection and the use of machine learning algorithms in particular). The
system’s architecture is composed of 3 main components: Sensors, that collects data from sensors and
can also provide post-processing of the data; the Library that stores the data and provides a way to
share this data; and the Machine Learning component, which encapsulates all training and classification
algorithms. This system’s gesture classification module uses hidden Markov models as default, but it
allows for expansion with other techniques. In the end, with a relatively low number of lines of code, an
application can use GART to recognize gestures. Still, there are some considerations that the developer
has to take into account when developing an application that uses GART. For example, the developer
must choose an appropriate sensor to collect the data that is needed to the application.
In iGesture [9] a Java-based gesture recognition framework was developed, whose main goal is to help
application developers and recognition algorithms’ designers on the development process. This framework
provides a simple API to access all its features, which hides all implementation details from the developer.
The framework is composed by 3 main components: the Management Console, the Recognizer, and
Evaluation Tools. All these components require an additional one with all common data structures.
This work allows the reuse or addition of new gesture classification algorithms, and the import and export
of already trained gesture sets. It also provides a management console, where the user can test gestures
or create new ones.
Google also developed Gesture Toolkit [5], used to simplify the development of mobile gesture applications.
The motivation of this work is to improve on human-computer interaction, currently based on the WIMP
(window, icon, menu, pointer) paradigm, as it might not be efficient enough on complex interfaces. This
is aggravated where mobile phones are concerned, which have relatively small displays.
The main challenge this toolkit addresses is the development of a simple interface to allow developers to
include gesture classification features with a minimum amount of effort. This is resolved by hiding all
implementation details from the developer, and expose only the needed methods on a simple interface.
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A gesture overlay (a transparent layer stacked on top of the interface widget) is used to collect touch
events, wrap sequences of movements into gestures and sends them to the application. It also moderates
event dispatching of the entire interface, by disambiguating gesture input from regular touch input.
This toolkit provides two different recognizers: one that recognizes the English alphabet and another
that recognizers developer or user-defined gestures (customizable recognizer).
The extension of a set of application-specific gestures at development time is enabled though a gesture
library, that omits all gesture classification details.

Implementation
The toolkit developed is designed to provide a high level programming interface to the audio processing
and gesture classification processes facilitating the building of gesture classification applications. Two
versions of this toolkit were developed, one for each device type: mobile devices and tabletop touch
devices.
The main softwarement requirements that are assured by the developed toolkit is modularity, with a
clear separation of concerns and processes among each component, and real-time support, to ensure a
fast and reliable gesture classification process to not limit the fluidity of the interaction on applications
that use this toolkit.

Toolkit Architecture
The architecture (Fig. 1) is composed of 3 main components, that encapsulate all implementation details
and only expose the needed methods for the integration process. This architecture was designed to be
modular and separate concerns regarding their nature: audio processing, sound events listening, and
gesture classification. The main components of this architecture are AcousticClassifier, AcousticListener,
and AcousticProcessing.
The AcousticProcessing component encapsulates all the signal processing workflow. It is responsible
for starting the audio processing service (as a background service) and its audio input channels, and
capturing the audio. It also communicates with the AcousticClassifier to send and receive information.
The AcousticListener component is responsible for implementing the receiving and handling of messages
from the AcousticProcessing internal processes. It is a simple event listener, that is activated when new
messages are received.
The AcousticClassifier uses the other components to collect and process information obtained from the
devices’ microphone, and provides the gesture classification process. This component also implements all
the methods provided to integrate the developed toolkit on other applications.
Associated to this architecture there is a process flow (Fig. 2) that is sequential, and guarantees that the
toolkit executes all features necessary to the core functionality.
These processes are: data collection, audio processing, gesture classification, and finally the integration
process. The training process is executed independently from the others, but it is also essential to the
toolkit execution.

Figure 1: Architecture overview Figure 2: Architecture’s process flow

The data collection process is implemented by the AcousticProcessing component and is responsible for
capturing the audio from the device’s microphone and prepare it to be handled by the audio process-
ing process. It also collects the application context to start the audio capturing service (running as a
background service).
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The audio processing process collects the audio signal and analyzes it, retrieving the information (audio
features) needed for initializing the gesture classification process. This process was also used to decide
on which gestures would be used on the toolkit (to be then tested). To analyze this, a spectrographic
analysis (Fig. 3 was done on a set of experimental gestures. It was decided to include 3 main gestures
on this approach: a tap, a nail tap, and a knock on the surface.
Associated to this process, there is the need to filter the audio signal to remove some of the noise and
improve gesture classification quality. The set of gestures analyzed present a range of frequencies from
200Hz to approximately 1500Hz (e.g. the tap gesture presents a fundamental frequency of 200Hz, with a
partial on 400Hz). By studying all these frequencies, the decision was to filter the audio and only obtain
frequencies ranging from 100Hz to 2500Hz. This is indeed a conservative range, but it is necessary to
avoid losing relevant information by filtering it.

Figure 3: Spectrographic analysis for a tap gesture

After filtering the audio signal, the information is processed, and the results are sent to the AcousticLis-
tener component, which parses the information and sends it to AcousticClassifier to start the gesture
classification process.
The gesture classification process complements the audio information with the touch event information.
To detect a gesture, it compares the timestamp associated with both audio and touch events and compares
them. If they were detected at approximately the same time (giving an interval to allow the bypassing
of latency problems known to Android), a gesture is detected, composed by both touch and sound
information. This gesture information is then ready to be processed by the receiving application or
system.
This process is only successful if there is a previous gesture training session. The training process is
executed by sampling each gesture 10 times on succession.
The toolkit does not support this process, as it is dependent on having a user interface. To overcome
this limitation, the training process is offered on device-specific implementations, that allow gesture
training and results exporting to reuse on other applications. With these applications it is easy to control
the training process and obtain the files to be imported to allow gesture classification on integrated
applications.
This approach also includes a gesture hit intensity classifier, although the focus was not to provide it as
a fully functional feature, but to study the future integration on the toolkit’s features.

Integration on Applications
The integration process is the final and only exposed process of the toolkit. To integrate the toolkit’s
features on an application, the toolkit module must be included on the application’s development project.
Next, only two methods must be altered on the Android application: the Android activity creation
method, and the touch event handler. These changes, represented on Algorithms 1 and 2, represent small
changes on the integrated application, requiring only the code needed to allow the receiving of information
by the toolkit, and the gesture detection to handle the classified gesture on the target application.
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Algorithm 1 Android activity initialization

1: procedure CreateActivity
2: Initialize activity
3: Initialize a PureDataRecognizer instance
4: ...
5: Attach listener to recognizer
6: Add sound information to recognizer
7: end procedure

Algorithm 2 Android touch event handler

1: procedure DispatchTouchEvent
2: Process touch event
3: Add touch event information to recog-

nizer
4: if Gesture detected then
5: Get gesture name
6: end if
7: end procedure

This demonstrated absence of extensive additional coding and configuration strongly supports the ap-
proach’s objective of providing gesture classification features in a simple, easy way.

Results
The performance of the gesture classification feature was evaluated for both the mobile devices and touch
tabletop versions of the toolkit, and user testing was executed on a prototype application developed to
showcase the integration of the mobile version of the toolkit on a simple Android application.

Gesture Classification
The gesture classification tests were executed by training a set of gestures and then testing the toolkit
classification process. For the mobile version, the 3 indicated gestures were tested: tap, nail and knock.
Additionally, a gesture with a capacitive stylus pen (denoted as STYLUS) was added to test the perfor-
mance of gestures executed with objects.
To test the gesture classification process, a confusion matrix [10] was built (Fig. 4). This methodol-
ogy allowed a complete analysis of the evaluation, and for each gesture, the classification accuracy was
calculated The results (Fig. 5) indicate a 91% overall accuracy rate.

Figure 4: Confusion matrix - Mobile Toolkit

Figure 5: Gesture classification results - Mobile
Toolkit

From the evaluation results, it was also concluded that by adding a relatively different gesture (the
STYLUS gesture) the overall results were harmed, as some of the other gestures (which produced far
better results) were sometimes confused with this gesture. Due to this fact, this gesture was removed
from the gesture set considered for user testing.
The tabletop classification tests followed the same methodology, but this time 6 gestures were considered:
a tap, a knock, a nail tap, a punch, a palm tap, and a pen tap. The added gestures prove the added
reliability of the tabletop setup, that possessed an high-quality pickup microphone.
The results from the tabletop toolkit tests (Fig. 6) indicate a 96% overall accuracy rate.
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Figure 6: Gesture classification results - Tabletop Toolkit

These tests demonstrate that gesture complexity directly impacts the classification rate, as the KNOCK
and PUNCH, being the more complex gestures (i.e. they use a larger body area) are also the ones with
lower gesture classification accuracy.

User Testing
User testing was executed with a population of 15 users with ages ranging from 18 to 50 years. All
users are comfortable with applications of this kind, and are capable of using mobile devices such as
smartphones or tablets.
The objective is to validate if the approach developed allows for another level of interaction with user
interfaces, and if such interaction is executed in an efficient and simple manner.
Each user was asked to perform a set of tasks on a prototype drawing application integrated with the
toolkit, and deployed on a BQ Aquaris E10 tablet. During the tests, some metrics were retrieved: the
execution time for each task, the number of errors (associated to classification errors), and the number
of actions needed to execute the task.
The application’s features were mapped to the 3 gestures: a tap to draw with the pencil, a nail tap to
activate the eraser, and a knock to activate a circle brush.

Figure 7: Gesture classification results for the tabletop toolkit

The results (Fig. 7) show a relatively low execution time for each task (that grow on complexity), and
a low number of errors (easily explained by the accuracy values obtained for each gesture). A simple
survey was also employed to assess user satisfaction with the interaction experience. 11 of the 15 users
indicated a high level of satisfaction towards the experience, and expressed interest on using applications
that use the developed toolkit.

Discussion
By analyzing all of the evaluations results, the developed approach can be considered a success.
The gesture classification tests yielded very positive results, providing a strong positive answer to the
first research question. The developed toolkit (the mobile and tabletop versions) correctly classified the
trained gestures over 90% of the times.
The user testing tests corroborate the hypothesis described on the second research question. Not only
this approach allows a simple development and integration with other applications, it also allows a
satisfactory level of interaction with the application (with over 70% of the tested users being satisfied
with the experiment and the interaction achieved).
However, it is important to also understand this approach’s limitations.
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The trained gestures on the mobile version of the toolkit are relatively limited, as 3 gestures might not
be enough to map all features from an application. Still, they allow a different type of navigation and
can be used as shortcuts for some applications.
The tabletop version yielded better results on this aspect, with 6 fully trained gestures with a classification
rate of over 96%. The disadvantage of this toolkit is that it relies on an external microphone to capture
audio and filter most of the environment noise. This type of microphones may not be available for all
tabletop surfaces.

Conclusions
Conclusions In this paper, an approach to gesture classification allied to acoustic sensing was proposed.
This approach was developed into a toolkit that provides these features, while freeing application devel-
opers from the need to understand complex processes of machine learning or audio processing.
This toolkit was designed to be modular, and to allow easy integration with other applications, by
exposing a well-defined interface and a simple integration process.

To validate this approach, a set of prototype applications was developed that use this toolkit and imple-
ment its features as a method of interaction (by mapping trained gestures to actions on the application),
and a evaluation was executed. This evaluation focused on both the gesture classification process, to
study the quality of the approach developed to classify gestures based on previous training, and on user
tests to the developed prototype applications.
The results obtained from the gesture classification evaluation were very positive, with accuracy results
above 90% for both the mobile devices and touch table’s versions of the toolkit. The user tests also
showcased the quality of the developed approach, with overall positive results and satisfaction from the
15 volunteer users.
These results corroborate the success of the developed approach, and the achievement of all objectives
proposed for this work.

Future Work
Based on the results and conclusions taken from this work, there are some aspects that can be improved
and extended.
The audio processing process can be improved to filter sound in a more effective way and retrieve higher
quality sound information. The integration process could also be improved. The acquisition of data
(currently executed at Android’s touch listener and the approach’s sound event listener) could be further
simplified, to reduce the amount of coding needed for integration.
Finally, the sound intensity level classification process may also be improved, by using another alternative
than the ones studied, and then integrated with the toolkit to allow another level of interaction.
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