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Abstract. This paper describes the testing methodology applied and the results obtained in
evaluating the usability of a system for gesture recognition based on a smartwatch and a
mobile phone. The data acquisition is performed using a single accelerometer with 3 axes,
using an approach based on button segmentation. For our testing purposes, the system has
been set up to recognize 4 arm gestures, that represent specific commands for a music player
that is running on the mobile phone. This setup has also offered us the means to provide users
with easy to recognize feedback on how their actions have been interpreted by the system.
Inspired from real-life scenarios, our testing methodology has considered three major
contexts in which the users should be able to easily interact with the system: while sitting,
when walking and while running.
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1. Introduction

Gesture recognition as defined in (Ahmad et al, 2011) is considered the
process of understanding and classifying purposeful people movements.
Gestures described by hands, arms or upper body, facial and head movements
can be tracked through different means (images, sensors, etc.), analyzed and
matched on specific software commands, depending on the purpose of the
system that uses the recognition.

In our research, we have focused on the capabilities of smartwatches,
which evolved surprisingly in the past few years, to record hand performed
gestures. Currently, wearables like smart bracelets and watches are widely
used for health monitoring, playing music, browsing the internet, control
other smart devices (phones, computers, automated houses), so they are
constantly and naturally integrated into everyday lives. For most of the
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aforementioned activities, the interaction with the user is made by touching
the relatively small screen or pressing the physical buttons of the device. This
approach requires specific visual attention from the user, who very often
needs to interrupt the ongoing activity in order to interact with the device.

For very common situations like riding the bike, jogging, or even walking
at a fast pace, this kind of interruptions can be disrupting, so relying on
interaction techniques that do not require so much focused attention from the
user is recommended. Consequently, we have designed a system that is using
the standard accelerometer that is already integrated into almost all the
wearables devices, to record the movements of the user and to identify
specific predefined gestures which can later be mapped on software
commands. It turned out that off-the-shelf devices can provide very good
input for an arm gesture recognition system.

For gestures monitoring, we have used a smartwatch equipped with a 3-
axis accelerometer and a mobile phone with an Android operating system. As
running the recognition algorithm on the smartwatch has not been possible
due to hardware limitations, the values obtained from the smartwatch's
accelerometer are transmitted to the mobile phone where the processing
algorithm is implemented. For the case study presented in this article, we have
defined a dictionary of 4 gestures which have also been associated with
specific actions used to control a music player that is running on the
smartphone. As a result, the user can start or stop the music and skip to the
next or previous song by describing the corresponding gesture with the arm
on which is wearing the smartwatch.

The two devices involved in our system, the mobile phone, and the watch,
are exchanging information through a Bluetooth connection which is kept
active throughout the entire experiment. The application running on the
smartwatch, which records the data registered by the accelerometer, must be
permanently in the foreground and the application running on the smartphone
can be either in the foreground or in background. In order to give a command
using a gesture, the user must follow the next steps: (1) bring the forearm
parallel to the ground; (2) press a certain button and (3) perform the gesture.
All the gestures are chosen in such a way that at the end of the gesture the
arm is in the same position as it was at the beginning (step 1). The button
press is used as a record trigger in our test system. After pressing the button
the accelerometer data is recorded continuously for three seconds and the
information is sent to the phone. For best results, all the users that participated
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in our test have been instructed to keep the arm in the finish position for the
rest of the time if they finish the gesture in less time than three seconds.

When all the data recorded by the accelerometer for a gesture has been
received on the phone, the recognition algorithm is launched. We have
prepared a database of 240 labeled templates which have been collected from
a single person. As the maximum duration of a gesture can be of three
seconds, all the templates have the same length. The 240 templates represent
15 labeled templates for each of the four gestures with each arm, while the
user was sitting and running. The recognition algorithm implements One
Nearest Neighbor Classifier to find the best matching template in the database
for the new values that come from the accelerometer. The tests we performed
have shown that the number of label templates that are used by the classifier
has a great impact on the system’s accuracy. Using 5 templates for each
gesture we obtained an accuracy of 81.75%, for 10 templates is obtained a
value of 88.83% and for 15 templates the accuracy is 92%. However, using a
higher number of templates has a strong negative impact on performance, so
a compromise between accuracy and response time needs to be made in order
to maximize user’s satisfaction.

The article is structured as follows: in the next section, we have briefly
discussed relevant related work. In section three we are presenting a general
overview of the system used in usability evaluation, while section four details
the gesture recognition approach that we have used. Section five presents a
detailed analysis of the data recorded from the accelerometer, while section
6 describes the methodology implemented for the system’s evaluation and
discusses the obtained result. Finally, the conclusions are introduced and
future improvements are proposed.

2. Related work

In 1989 (Sturman et al, 1989) describes one of the first algorithms designed
for gesture recognition, which has been used data gloves as an input device.
Gestures described and recorded using the gloves have been mapped on
software commands used to manipulate virtual objects. Since then many
approaches to gesture recognition problem that used data gloves appeared,
for instance (Kim et al, 2001) and (Tubaiz et al, 2015).

Another common approach in gesture recognition research is based on
computer vision methods, as described in (Das et al, 2017) and (Dokmanic et
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al, 2014) where ultrasonic depth imaging is used. Monocular cameras were
also used by (Bhuyan et al, 2013) while for more complex environments
binocular cameras achieved a better accuracy as presented by (Jiang et al,
2018), (Chen et al, 2017) and (Feng et al, 2017).

In literature, there are several systems that use an accelerometer and a
gyroscope for gesture recognition. One of the most popular systems that use
only a 3-axis accelerometer is uWave, described in (Liu et al, 2009). It is a
user-dependent system that requires the user to perform all the gestures before
using it. It was defined as a dictionary of 8 gestures and for each one, a
template is stored in the database. The system searches through the templates'
database and Dynamic Time Warping algorithm is used to measure the
distance between the new values and the template. The gesture is recognized
by assigning the label of the template that gives the minimum distance.

uWave also includes a database adaptation phase. This phase was included
because there were observed substantial variations between the gestures
performed by the same user in different days. For this process, uWave will
keep two templates performed on different days for each gesture. The
recognition algorithm will compute the distance between the new input and
both templates and will take the smaller distance as the matching cost
between the input and the dictionary gesture.

In (Akl etal,2011) it is proposed a solution that starts with a training phase
that collects data from a 3-axis accelerometer and uses Dynamic Time
Warping and Affinity propagation to cluster the data. Each cluster will be
represented by one member called "exemplary". The article proposes a large
dictionary that contains 18 gestures. In the testing phase, Dynamic Time
Warping will be used to compute the similarity between the traces from the
database and the real input from the accelerometer. This algorithm will select
the traces that are the closest to the new input data. The selected traces and
the unknown trace will be all projected onto the same lower-dimensional
subspace, so they will all have the same duration. In this subspace, the
recognition problem becomes an li-minimization problem. Both user-
dependent and user-independent approaches are presented and compared,
better results were obtained for the user-dependent approach.

A user-independent approach for detecting 5 unremarkable and fine-motor
finger gestures is presented in (Wen et al, 2016). It combines the data from
the 3 axes (X, y, and z-axis) of an accelerometer, a gyroscope and a linear
accelerometer integrated into a Samsung Galaxy Gear smartwatch. From the
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data 7 statistical features are computed from a 1-second sliding window:
mean, standard deviation, max, min, and 3 quantiles. To these features, there
will be added the lower 10 power bands resulting by applying a Fast Fourier
Transform for the same 1-second window. The performance of the system
was tested using different basic classifiers: support vector machine, Naive
Bayes classifier, Logistic Regression, and K-Nearest Neighbors.

Another user-independent system that is based on features extraction is
presented in (Khan et al, 2012). The features vectors contain Haar coefficients
computed from the accelerometer data recorded for x, y and z axes. Support
vector machine classifier that was trained offline using the uWave gesture
library was used to build a prototype of the system.

An interesting approach based on global alignment kernels is presented in
(Porzi et al, 2013). It is proposed a user-independent approach capable to
recognize 8 distinct gestures, using a 3-axis accelerometer integrated into a
smartwatch. The system also contains two vision-based modules, one for
identifying wet floor signs and other for predefined logs. These modules use
the camera of a smartphone that the user wears at his or her neck. The target
of this system are people with visual impairments.

Inspired from the approach proposed by uWave, our system has been built
as a user-independent gesture recognition application which uses multiple
templates for each dictionary gesture. Dynamic Time Warping is used to
compute the distance between all the templates and the new input gesture and
One Nearest Neighbors classifier will choose the smaller distance.

3. Implementation of the Test System

As mentioned before, our gesture-based user interaction system has two main
components: the smartphone and the smartwatch. In order to easily register
the templates for each gesture and to configure different parameters for our
usability tests, we have also added two more components (see Figure 1):

Web API + Database — is a component that allows us to store the data on
a remote server and not locally on specific devices. In this manner, whenever
deemed necessary, it was easy to update all the templates on all devices.

Angular application — a web-based interface that has been created for
data visualization and analysis.
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Figure 1.Communication architecture of the system

For the experiments, we have used a Garmin Forerunner 935 smartwatch
that has an integrated 3-axis accelerometer. It was directly programmed to
record the data from the accelerometer for 3 seconds after the user has pressed
a certain button and then to send the data to the mobile phone via a Bluetooth
Low Energy connection. To program the smartwatch, Garmin Company
offers a free SDK called Connect IQ. The SDK has a special class to obtain
the data from the accelerometer called AccelerometerData. Using this class,
we obtain a maximum of 25 samples per second for each axis. The
acceleration is measured in millig (mG) units, where 1G (1000 mG) is equal
to earth's gravity acceleration, which by definition is equal to 9.78033 m/s>.

In order to preserve energy and to ensure optimized user experience, the
Connect 1Q SDK imposes many constraints on the applications that can be
developed for the smartwatches. One of the most important is related to the
maximum execution time of a user-defined function. The device uses a
watchdog timer that counts down from some initial value to zero. The
embedded software selects the initial value (for Forerunner 935 is 120 000)
and restarts it periodically. If the counter reaches zero before being restarted,
the reset signal is asserted and the processor will be restarted. The execution
time of Dynamic Time Warping algorithm is greater than the maximum
execution time allowed by the watchdog counter, for this reason, the data
from the accelerometer is sent to the phone where all the processing is
performed.
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An important aspect for data gathering and processing is related to the
accelerometer axis directions when the smartwatch is worn on the left and on
the right hand (see Figure 2). Analyzing the values obtained for the X-axis
when the user performs the same movement but with a different arm, we can
see that they are distinct.

Figure 2. A: smartwatch worn on the left hand and the accelerometer axes direction B: smartwatch
worn on the right hand and the accelerometer axes direction

For instance, if the user has the left arm in a position similar to the one in
Figure 2A and he or she moves his arm in front along the X-axis, the
accelerometer will record negative values of the acceleration on the X-axis.
If the user has the right arm in a similar position and moves his arm in front
along the X-axis, positive values will be recorded by the accelerometer for
the X-axis. As a result, the templates that are used in the recognition process
for each of the gestures are different for each hand. The user has the
possibility to indicate the hand on which he or she is wearing the smartwatch
in the application that is running on the smartphone, information that is used
as a parameter in the gesture recognition algorithm in order to compare the
registered values only with the relevant templates.

The user indicates to the application his intention to perform a gesture by
pressing a predefined hardware button and thus marking the start of the three
seconds interval. The smartwatch will start recording the accelerometer data
continuously for the next 3 seconds and will send the information to the
smartphone. In our tests, we have used a BlackBerry Priv model that runs
Android OS. Both templates' databases for right and the left hand will be
loaded only once, when the application on the smartphone is started, by
calling a Web API that we have implemented. Using the proper templates'
database, the recognition will be performed and the result will be used to
control a music player implemented inside the same application.
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4. Gestures recognition algorithm

For our testing purposes, we have defined a dictionary of four gestures, which
have been bind to the play, stop, skip to next song and skip to previous song
functionalities of a music player (see Figure 3).

fill

=

Figure 3.The dictionary of 4 gestures

For each of the above gestures, we have built a template database
recording each gesture 15 times, with the help of the same person and for
each hand: left and right. Each of the recordings above (gestures * each hand)
has been performed twice: once while sitting and once while jogging. Using
the Web API, all the templates have been saved on the remote server and
downloaded on the test smartphone when the application has been started.

During the experiment, the data recorded by our test subjects have been
transferred by the watch to the phone where the gesture recognition algorithm
was executed. Before actual processing, the Context detection unit had the
role to establish which templates of the available ones will be used for
recognition of the current gesture: the ones recorded while the subject was
sitting or the ones recorded while the subject was jogging. This component
implements a very simple algorithm that analyses only the values recorded
on the Z-axis. This has been proved necessary as important differences were
observed for the values recorded for Z-axis when the users performed the
gestures while sitting versus while they were jogging. All the components of
the system and the data-flow can be visualized in Figure 4.
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Figure 4.General overview of the recognition system

Using the aforementioned templates, One Nearest Neighbors classifier
uses Dynamic Time Warping algorithm to compute the distance between each
template and the new input from the accelerometer and assigns to the output
the label of the best matching template.

Dynamic Time Warping (DTW) is a classical algorithm used to match
two-time series. It is based on dynamic programming and it needs a function
to calculate the distance between two points in the two series like it is
described in (Liu et al, 2009). The system computes the distance between two
points as the absolute value of the difference between the values for those
points. DTW result for two series Gi and Gj will be:

DTW(Gi,Gj) = DTW(x) + DTW(y) +DTW(z) (1)

where DTW(x), DTW(y), DTW(z) are the DTW distances computed for X, y
and z axes.

Nearest Neighbors (K-NN) Classifier is one of the simplest classification
methods. Given a new input g, using the database with labeled templates, K-
NN classifier will find the k& nearest neighbors of g from the database and
among them selects the most frequent class, as described in (Duca et al,
2017). For our implementation, the distance will be measured using DTW
and the value of K will be 1.

5. Accelerometer data analysis

As mentioned in the previous sections, for each gesture we are recording the
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values registered by the accelerometer for three seconds, starting when the
user indicates his intention to perform a gesture by pressing the hardware
button on the watch. The three seconds time-frame has been empirically
established based on measurements performed.
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Figure 5: Previous gesture performed while A: sitting, B: running, C: walking

However, there are users who are finishing the gesture description
significantly faster. In these cases, we have instructed our test subjects to
maintain their hand in a horizontal position (similar to the gesture-start
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position) after describing the gesture for the remaining of the time
(approximately). This has helped significantly with noise reduction in
recorded data which has been translated in better performance in gesture
recognition.

An example of the data recorded for the Previous gesture (its shape can be
seen in Figure 3) can be seen in Figure 5. We have highlighted with a red
rectangle the values recorded during the actual arm movements needed to
perform the gesture, the rest of the values being registered while the user was
preparing to start the gesture description and after the description was
complete (the user still keeping the arm horizontally). The total recorded time
is of three seconds, from the moment the button was pressed.

In Figure 5A, the gesture was performed while the user was sitting. It can
be observed that before and after the gesture has been performed, when the
user is required to keep his forearm parallel to the ground, the values for X
and Y axes are close to 0 and the values for Z are close to -1000 mG units
(the value of acceleration due to gravity at the Earth's surface).

However, analyzing the data from the recording that was performed while
the test subject was running, we can observe that the values registered on all
three axes before and after gesture description are not close to a certain value
anymore (see Figure 5B). Considerable variations of the acceleration can be
seen on the Z-axis because while the user is running he cannot keep his hand
at a constant height. At each step, the hand will move up and down generating
significant deviation on Z-axis. Also, during running, he will move his hand
from left to right and back and forth, so the acceleration on X and Y axes will
also be different than 0.

In Figure 5C, we can view the data recorded when the gesture is performed
while the user was walking. The same observations as to when the user was
running are also valid here, but the values of the acceleration that appear
while walking will be less than those for running. Based on these
observations, we decided to have in the database only two categories of
templates: recorded while the user was sitting and while he was jogging. We
did not include a third category for templates recorded while the user was
walking because we obtained good results in classifying gestures performed
while the user was walking using the existing templates in the two categories.

Due to performance reasons, the recognition algorithm should compare
the recorded data with a minimum of predefined templates. If the templates
from both categories are taken into consideration at each gesture evaluation,
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the performance drops significantly and this is not acceptable for a system
that we intend to use in nearly real-time. For this reason, the Context
detection component has been introduced, that will determine if the user was
running or sitting and only the templates from that category will be used by
the Recognition component.

The algorithm used by the Context detection unit to decide if the gesture
is performed while the user was sitting or running is based on the number of
local maxima that appear on the Z-axis. Before computing this number, a low
pass filter is applied to the signal to attenuate the noise that increases the
number of local maxima. Our implementation of the low pass filter takes a
small window centered at each point of the signal, containing 2 neighbors to
the left and 2 neighbors to the right, replacing the central point by the mean
of all the other points in the window, including the central one. The size of
the window was chosen experimentally in a way that prevents an over-
smoothing of the final result. The computation of local maxima also takes a
window of size 2 and verifies if the point in the center is greater than all the
other points in the window.

A supplementary condition to make the local maxima computation more
resistant to noise was added: the value of the point must be greater than -500
mG. After the number of local maxima is computed a simple threshold
operation is employed to determine if the gesture is made while sitting or
running. If the number of local maxima is greater than 5 then the user is
running, otherwise is sitting or walking. The value of the threshold was
determined experimentally.

6. Usability and performance evaluation

The system is designed to be used by people having different ages, that
practice sports on a regular basis or only occasionally. For these reasons 10
people covering all these categories were asked to use the system. In order to
evaluate the gesture recognition performance every user repeated each of the
4 gestures 5 times under different contexts: sitting, walking and running,
wearing the smartwatch on the left hand and on the right hand. As a result, a
total of 120 gestures have been recorded for each user.

Our test users belong to different age groups: 1 person is under 20 years,
6 persons are between 20 and 30 years, 2 persons are between 30 and 40 years
and one person is over 50 years. Only two of them wore a smartwatch before.
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Taking into consideration the fact that 40 gestures should be performed while
running we also considered as segmentation criterion how much they practice
sports. From the chosen users: 4 practice sport on a regular basis and 6 only
occasionally. None of the users had used a gesture recognition system before.

The gestures and the contexts under which the gestures should be
performed were presented before the experiment to each participant. After
they found out the content of the experiment they had the ability to choose
the order in which they will perform the gestures. A part of them chose to
start doing the gestures with the right hand because they thought that it would
be more uncomfortable. Some of them assumed that performing the gestures
sitting and then walking would be easier, so they decided to start with the
easy part of the experiment. Some of the participants that practice sport every
day preferred to start by running, considering this part as being the most
interesting from the experiment.

We have summarized the most relevant aspects related to the experiments
that were performed:

e The attitude against the experiment: none of the users had used a
gesture recognition system before and all were very curious to see
such a system. Some users have not seen a smartwatch before and they
were very enthusiastic to wear one for the first time. A part of them
required a short training phase, during which they did all the gestures
without recording them into the database because they were nervous.
The people that do not practice sport on a regular basis were afraid
that they would not be able to run and also to perform the gesture at
the same time.

e The order that he/she has chosen for the contexts: all the users are
right-handed and they wear the watch on the left hand. Some of them
started to perform the gestures with the right hand because they
thought that it would be more uncomfortable and they wanted to start
with the most uncomfortable part. Also, some of them considered that
it would be harder to perform the gestures while running, so they
decided to start by performing the gestures while sitting and walking
in order to get used with the gestures before doing them while they
are running.

e The order of gestures in the chosen context: all the users preserved
the order in which we have first shown them the gestures.

e Memorability of gestures: at the first rounds of repetitions we have
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been asked to showcase again the gestures before they started the
round, then they remembered correctly the gestures without any help.

e The opinion about performing the gestures with left and right
hand: the majority of the users did not find any difference between
performing a gesture with the right hand or with the left hand. The rest
of them said that it is more uncomfortable to perform the gestures with
the right hand.

e The difficulty of gestures: four users considered that Previous
gesture is a little bit more complicated than the other gestures. The
rest considered that the gestures have equal difficulty.

e The way of recording the samples while running: some of the users
were running continuously at a moderate rate, some of them were
running continuously at a high rate and some of them stopped running
after a gesture was recorded and sent to the phone for the recognition.

e Improvement suggestions: after the experiment, we have asked all
the users to give at least one suggestion about how to improve the
system. Some of the received suggestions are: add new gestures to
control the volume of the song; add the possibility to control the
YouTube playlist, not only the music player integrated into the
application running on the smartphone; add information about the
distance that a user ran/walked and the average running speed.

For the gesture recognition algorithm, we have used a different number of
templates in the database for all the gestures performed by the users. The
database had 20, 40 or 60 templates, resulting 5, 10 respectively 15 templates
for each gesture. The results of classifying the new input gestures using a
variable number of templates in the database, together with the execution time
for each number have been saved for each user.

The accuracy was computed as the ratio between the total number of
gestures correctly classified and the total number of performed gestures. We
obtained different values for the execution time of the recognition algorithm
when the application was running in the background (another application was
in the foreground, or the screen was locked) or the application was in the
foreground and the screen was unlocked. Table 1 shows the change in
accuracy as the number of templates per gestures in the database is increased,
but this will also increase the execution time of the recognition algorithm. It
can be observed that the accuracy is increasing as more templates are added
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for each gesture, but the execution time is also increasing. We want to use
our system in nearly real-time, so is very important to make a trade-off
between the accuracy and the recognition time.

Table 1.Change in accuracy and execution time as the number of templates per gesture is increased

Templates | Accuracy Foreground Background
per gesture execution time | execution time
5 81.75 0.85 1.88

10 88.83 1.51 3.72

15 92 2.29 59

The Context detection algorithm had an accuracy of 67.75%, for 99.25%
of the gestures performed while sitting the context was detected correctly and
only for 36.25% of the gestures done while running the context was correct.
We run the recognition algorithm on all the gestures performed while running
using only templates from this category. In Table 2, the second column shows
the accuracy of the recognition algorithm that used templates according to the
result of Context detection unit (only the gestures performed while running
were taken into consideration). Also, for the gestures performed while
running the third column shows the accuracy of the recognition algorithm
when only templates belonging to the running category were used.

It can be observed that better results are obtained if we use the output of
the Context detection unit. We detected the running activity using the local
maxima that appear on z-axis values based on the fact that while running the
user will move his arm up and down. This is true in the situation when the
user is running fast, but if the user is running slowly the movement of the arm
will be more smooth, the local maxima will not appear or will be less than 5
(the threshold that we found experimentally) so the gestures will be closer to
the templates recorded while sitting. This explains better results which were
obtained using the output of the Context detection component.

Table 2.Accuracy of recognition the gestures performed while running

Templates  per | Accuracy based on|Accuracy based on

gesture the detected context |ideal context
5 71.75 66
10 81.25 69

15 86.25 72.75
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Looking carefully at the templates recorded during the testing time we
observed that the majority of the wrong classified gestures were mistaken
with gesture Previous. This happened when the gesture was performed too
late after pressing the button and only a short part of the gesture was saved
and sent to the phone. For the situations when then user performs the gesture
too late after pressing the button, the accuracy of the algorithm is affected.
For an user-dependent approach, this issue is less frequent because the person
that records all the training templates becomes familiar with the system,
he/she knows that the gesture should be performed shortly after the button
was pressed.

7. Conclusion

This article describes the testing methodology used for the evaluation of a
simple gesture recognition system that employs a single 3-axis accelerometer
integrated on a smartwatch and leverages a mobile phone to perform the
needed computations. We have built a database of templates for each gesture
that were recorded sitting or running with the left and right hand. The core of
our recognition approach is the Dynamic Time Warping (DTW) algorithm.
In order to reduce response time, only a subset of templates from the database
will be used for the processing of every new input, the subset being selected
based on the hand used for performing the gesture, indicated by the user, and
on the context in which the gesture has been used (while sitting or running)
which is established dynamically.

For testing purposes, the system has been set up to recognize 4 gestures
and it was tested by 10 users that repeated each gesture 5 times under different
contexts: running, walking, sitting, with the right and left hand. We achieved
different values of accuracy depending on the number of templates for each
gesture: using 5 templates per gesture we achieve 81.75%, for 10 templates it
is achieved 88.83% accuracy and for 15 templates the accuracy is 92%.

Further development will involve finding a more flexible way of recording
the gesture, the user will not need to keep the hand parallel to the ground for
the remaining time until 3 seconds have passed since he has pressed the button
for recording. Extending the set of possible gestures in order to increase the
number of commands, will be also considered. Moreover, for decreasing the
recognition time a user-dependent approach will be investigated.
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