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ABSTRACT
In the area of advanced human-computer interaction, auto-
matic gesture recognition is an important field. Motion data
produced by the accelerometer of a smart watch can be uti-
lized in hand gesture recognition. In this work we examine
the use of a commodity smart watch and a smartphone as the
capture and the processing units respectively, for recognizing
gestures. We claim that if the proper gesture recognition algo-
rithms are applied, the recognition of natural gestures i.e. 3-D
gestures easily performed by an individual can be accurate
enough to be useful in everyday life activities. Symbolic Ag-
gregate Approximation (SAX) and Dynamic Time Warping
(DTW) methodologies are utilized in this context and evalu-
ated using a set of six 3-D natural gestures.
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INTRODUCTION
Gesture recognition is considered extremely important for
smart and efficient human computer interaction. It is a key
component in various application domains, including assisted
living [11, 21], activity recognition [3, 14, 15, 17], smart train-
ing and coaching [16], and others. Gesture recognition can be
realized in different ways, using devices such as cameras or
other sensors to track motion. Currently, recognition using
the visual signal is the most widespread general approach to
recognizing gestures [12, 10]. In such approaches, the cam-
eras are usually installed at fixed locations, and gesture recog-
nition is possible only in a confined, pre-specified space.

Figure 1. The selected gestures, a dot depicts a gesture start.

An alternative to vision-based approaches is to use wearable
motion sensors, like a smart watch. A smart watch equipped
with accelerometer can provide information about the move-
ment of the hand that may be used for recognizing gestures.
The main advantage of using a smart watch is that it doesn’t
impose restrictions to the user. For example, it could be used
for controlling a home appliance (e.g. sound system, air-
condition), or lighting, from everywhere in the house, with-
out requiring camera-based monitoring of all rooms. Further-
more, it could be used for navigating within virtual environ-
ments (e.g. a VR game or educational application). In all
cases, the use of a smart watch eliminates the need for special-
purpose sensors or privacy-compromising devices (such as
cameras), which is particularly advantageous when involving
seniors or people with disabilities.

The aim of this work is to examine whether simple and nat-
ural gestures, such as those depicted in Figure 1, can be reli-
ably recognized using commodity devices like a smart watch
and a smartphone, and to propose specific methodologies to
improve performance and accuracy.

Related work and background information
Some of the techniques proposed for gesture recognition are
designed especially for rapid prototyping of gesture-based
user interfaces. The $1 recognizer [19], a 2-D unistroke rec-
ognizer, is one of them. Its preprocessing algorithm consists
of 4 steps; namely resampling, rotation, scaling, moving. Ini-
tially the gesture is resampled into a fixed number of points,
evenly spaced along the path. Then the path is rotated so that
the line from the centroid of the path to the first point of the
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path is parallel to the x-axis. Non-uniform scaling is used to
fit the path in a reference square. Finally the path is moved so
that its centroid matches (0,0). To compare the gesture with
the templates, the mean value of the Euclidean distance be-
tween the corresponding points is computed. In addition to
the above mentioned preprocessing steps the authors propose
the use of an iterative method to fine-tune the rotation angle.
The gesture is classified to the template it has the minimum
distance from. Another recognizer quite similar to $1 is Pro-
tractor [5]. It uses cosine distance to calculate the distance
between two gestures, and calculate the rotation angle so that
the cosine distance between the two gestures is minimized.
The gesture is not scaled. The $N recognizer [1] is a modifi-
cation of $1 intended for the recognition of multistroke 2-D
gestures. $N-protractor [2] is a variation of $N embedding
the technique of Protractor. The $P recognizer [18] represents
gestures as unordered point-clouds. The $3 recognizer [4] is
a variation of the $1 technique intended to manipulate 3-D
data recorded using the Wii Remote device. Another 3-D ges-
ture recognizer is uWave [8]. This method uses the data of a
three-axis accelerometer. During preprocessing the data are
compressed by an averaging window and subsequently the
new values are non-linearly quantized. Dynamic Time Warp-
ing (DTW) is used to match two time series and the Euclidean
distance is used for distance calculation. The evaluation in [8]
was again performed on data captured with the Wii Remote
device. Xie et al [20] examine gesture recognition using a
smartphone as the sensor. They use dynamic-threshold trun-
cation to remove data recorded before the gesture actually
starts and after the gesture ends. They apply a low-pass filter
to smooth the data. To this time series, they further append
the amplitudes of its Fast Fourier Transform.

In contrast to previous works, gesture recognition using a
commodity smart watch as the motion sensor is examined
here. The Pebble smart watch features a 3-axis accelerometer.
It is calibrated to measure a maximum acceleration of ±4G
(which was found during our experimental evaluation to be
sufficient for capturing correctly all the performed gestures)
and produces integer data measured in milli-Gs. It communi-
cates with an Android or IOS device using the Bluetooth 4.0
(Bluetooth Low Energy) protocol. An abrupt movement of
the Pebble produces a tap event. The user can perform such
an abrupt movement of their wrist to mark the start and the
end of a gesture.

GESTURE RECOGNITION METHODOLOGY

Selected gestures, measurements and recognition meth-
ods
The gestures used for the evaluation of the proposed method-
ology were selected according to the following criteria: they
are characterized by the wrist movement, they are simple and
natural gestures and they are easily repeated, they are differ-
ent from each other in accordance to the combination of the
orientation of the watch and the direction of its movement,
the gravity does not complicate their recognition and if possi-
ble contributes to their differentiation, and they can be related
to commands for the manipulation of devices. The selected

Figure 2. One gesture performed four times by the same user. (a) Raw
data. (b) Data after removing the noise of the tap event.

set is shown in Figure 1. Nevertheless, the proposed system
is flexible and it can be trained to any kind of gesture dataset.

The three axes along which acceleration is measured are
bound to the watch. The accelerometer data received during a
gesture include gravity and are also affected by the change of
the orientation of the smart watch during the movement. Data
also contain noise. The use of tap event at the beginning and
the end of the gesture affects the accelerometer data measure-
ments at those points. Since the duration of a gesture varies
and the accelerometer collects data at a constant rate, the num-
ber of samples for each gesture differs. A heuristic algorithm
to eliminate the effect of the tap event was used. Starting from
the thirtieth measurement from the start and till the thirtieth
measurement to the end, the maximum difference between
two successive measurements was determined, in order to be
used as a threshold. Then, starting from the thirtieth measure-
ment from the start and moving towards the first measure-
ment, the difference between two successive measurements
is calculated; if it exceeds the threshold value, the part of the
gesture before that point is excluded. A similar procedure is
applied to exclude a part of the time series near the end of
it. The resulting time series that represent a single gesture are
then used as input to any of the three techniques for gesture
recognition, which are discussed in the following subsections.
Figure 2 illustrates the measurements received along the X-
axis when a user performed the same gesture four times. The
effect of tap event is obvious in (a) and it is removed in (b).

Figure 3 illustrates the workflow pipeline of the proposed
methods; the SAX, the DTW and the SAX-DTW method,
presented in the next subsections. In all methods the last step
involves the classification of an incoming, unknown gesture
against a “training set” of known gestures. A simple classi-
fier such as the k-nearest neighbor algorithm with k=1, along
with the distance function defined by each of the tree evalu-
ated methods, is used for this purpose.



Figure 3. The main steps of the SAX, DTW and SAX-DTW methods.

The SAX method
SAX (Symbolic Aggregate approXimation) [6, 7, 9] trans-
forms a time series of arbitrary length n to a string of length
w using an alphabet A = {a1,a2, ...aI}. The time series is
initially normalized to have a mean of zero and a standard
deviation of one. Then, Piecewise Aggregate Approximation
(PAA) is used to reduce the dimensionality from n to w. Sub-
sequently, the “breakpoints” bi, i = 1, ...I − 1, to be used for
the discretization of the transformed time series, are selected
according to [6]. The time series is discretized to the selected
alphabet by replacing each value of it that lies between break-
points bi and bi+1 (for i = 1, ...I − 2) with symbol ai+1 (re-
serving symbols a1 and aI for values lower than b1 and higher
than bI−1, respectively). The distance between two symbols
is defined to be zero if their index differs at most by one (i.e.
is zero between symbols ai and ai+1). In any other case,
the distance between symbols ai and ak, where k > i, is de-
fined as equal to bk−1 −bi. The distance between two strings
(each corresponding to a different time series and comprising
w symbols) is computed as the mean of their pair-wise sym-
bol distances (i.e. the mean of the distance between the first
symbol of each of the two strings, the distance between the
second symbol of each of the two strings, and so forth).

To apply the SAX method, we initially combined the data
of the three axes in one time series, first all the x-axis data
followed by all the y-axis data and the z-axis data. We then
normalized each time series to have a mean of zero and a stan-
dard deviation of one, thus jointly normalizing the x, y and z
axis data. The parameters of the SAX method we used were
w = 96 and I = 7, which means we selected to represent a
gesture with a string of 96 symbols (32 for each axis) using
an alphabet of 7 symbols. These parameter values were cho-

Figure 4. Two strings produced by the SAX method representing the
same gesture performed by two different users. Only the pairs for which
the indexes of their symbols differ by more than one contribute to the
distance between the two strings.

sen based on preliminary experiments. Figure 4 illustrates
the final time series produced by the SAX method to repre-
sent the same gesture performed by two different users. The
corresponding symbols are connected.

The complexity of the preprocessing algorithm is O(n), where
n is the length of the time series of the gesture measurements.
The complexity of the recognition algorithm is O(n), where n
is the parameter w of the SAX method.



Figure 5. Two time series that the DTW method produced after compres-
sion for the same gesture performed by two users. The corresponding
points are connected.

The DTW method
Dynamic time warping (DTW) [13] is an algorithm for as-
sessing the similarity of two signals (time series), which is
particularly useful when signals of similar form can differ in
the speed of their evolution in time (e.g., time series corre-
sponding to the same gesture, where a part of that gesture
is executed at a different speed each time). To apply DTW,
we first compress the original time series by applying to it a
moving average filter of width equal to 4 samples, with a slid-
ing step equal to 3 samples (thus limiting the length of the
compressed time series to one third of the original one). In
applying DTW to a pair of time series, we also adopted the
Sakoe-Chiba constraint [13], which restricts the potentially
matching samples of the two time series within an “adjust-
ment window”. The width of this adjustment window was
set to 7 in our experiments. The distance between two points
of the pair of time series is calculated in the 3D space, i.e.
jointly considering the measurements in all three axes of the
accelerometer, using the L1 distance. Then, the distance be-
tween the two time series is calculated as the sum of pairwise
absolute differences for all the sample pairs dictated by the
DTW result, divided by the length of the time series that we
want to classify. Figure 5 illustrates the final time series pro-
duced by the DTW method to represent the same gesture per-
formed by two different users and the corresponding points
of them.

The complexity of the recognition algorithm is O(T ∗
max(n,m)) where T is the width of the adjustment window
and n, m are the lengths of the two compared time series.

The SAX-DTW method
The coexistence of SAX and DTW proposed in this work
combines the best characteristics of both methods, i.e. the
effectiveness and low complexity of SAX and the insensitiv-
ity of DTW to speed fluctuations during the execution of a

Figure 6. According to the SAX-DTW method, only the symbol pairs
that their symbol indexes differ more than one contribute to the distance
between the two strings.

gesture. For this reason, the proposed combination adopts
the alphabet-based time series representation of SAX, and
the definition of the distance between two symbols of the
same method. But, instead of using the default pairwise com-
parisons of SAX, i.e. comparing the 1st, 2nd etc. symbols
of the two strings, it treats the two strings as input to the
DTW method (as described above, with the Sakoe-Chiba con-
straint), thus allowing DTW to find the optimal “warping” of
the second string to the first one. Then, the distance between
the two strings is calculated as the sum of pairwise symbol
similarities for all the symbol pairs dictated by the DTW re-
sult, divided by the length of the string. Figure 6 illustrates
the use of the SAX-DTW method.

The complexity of the recognition algorithm is O(T ∗ n)
where T is the width of the adjustment window and n is the
parameter w of the SAX method.

SYSTEM IMPLEMENTATION AND EXPERIMENTAL RE-
SULTS

Gesture recognition system implementation
The implemented system consists of two companion appli-
cations. The first application runs on the smart watch (Peb-
ble) and is responsible for capturing the accelerometer mea-
surements and sending them to the Android application. The
second application runs on the companion Android device.
The Android application provides the interface to the user,
receives the motion data from the smart watch, updates the
database (template library) with the training gestures and runs
the recognition methods. Pebble and the Android device com-
municate with each other using Bluetooth. The combination
of the two developed applications allows the person wearing
the smart watch to perform a gesture and, immediately after
the second tap event (which marks the end of a gesture), to
have the gesture recognized.



Correct classification (%)
Method Average (all sets) Worst (one set)

SAX 99.01 94.44
DTW 97.04 83.33

SAX-DTW 99.67 98.00
Table 1. Results of personalized gesture recognition.

Performed gesture
Recognized as hh hu hud ud hh2 hu2

hh 48
hu 45
hud 53
ud 54
hh2 1 52
hu2 51

Table 2. Confusion matrix of personalized gesture recognition using
SAX-DTW.

Method evaluation
In order to evaluate the application and the utilized methods
we asked four persons to perform the gestures illustrated in
Figure 1. Each set included at least 5 repetitions of the same
gesture. A few days later the same persons performed addi-
tional gesture sets. Altogether, we collected 8 sets with a total
of 304 gestures. Two types of evaluation were performed in
order to assess the robustness of the proposed methods: one
involving training by the same person and a second utilizing
training by different users.

User-dependent recognition (personalized gesture recogni-

tion)
In this case the first gesture set of user A was used to train the
system and the second set of the same user for testing. This
process was repeated using the second set to train the system
and the first for testing. The above mentioned process was
repeated for all users and the average values are reported in
Table 1 for the three recognition methods. The last column
of this table reports the results for the gesture set where the
corresponding method performed the worst; this is an indica-
tion of how much the performance can be expected to degrade
for a single user. The SAX-DTW method outperforms all the
other methods, achieving correct classification rate that is on
average equal to 99.67% of the input gestures, and ranges for
the individual sets from 98.00% to 100%. Table 2 shows the
confusion matrix for the SAX-DTW method.

User-independent recognition
In order to evaluate the system in the case of the user-
independent recognition, the following process was applied.
The first set of user A was used to train the system. All the
gestures of the other users (B, C and D) were used as the ges-
tures to be recognized. The same process was repeated three
times using the first set for the other users (B, C and D) as the
training set. The results are summarized in Table 3. The SAX
method produced the correct response in 96.44% of the oc-
casions on average, with the lowest rate being 86.11%. The
DTW method produced correct results in 93.15% of the oc-

Correct classification (%)
Method Average (all sets) Worst (one set)

SAX 96.44 86.11
DTW 93.15 72.22

SAX-DTW 99.21 97.14
Table 3. Results of user-independent gesture recognition.

Performed gesture
Recognized as hh hu hud ud hh2 hu2

hh 118 1
hu 112
hud 1 131
ud 134
hh2 4 129
hu2 129

Table 4. Confusion matrix of user-independent gesture recognition using
SAX-DTW.

casions on average, with the lowest correct classification rate
being 72.22%. The SAX-DTW method outperforms all the
other methods, achieving correct classification rate that is on
average equal to 99.21% of the input gestures, and ranges for
the individual sets from 97.14% to 100%. Table 4 shows the
confusion matrix for the SAX-DTW method.

CONCLUSIONS
In this work we examined the feasibility of a gesture recog-
nition system based on a smart watch and a connected smart
phone. The motion measurements obtained by the accelerom-
eter of the smart watch during a gesture were captured and re-
layed to the smart phone. Three alternative recognition meth-
ods were implemented. The proposed SAX-DTW method
was shown to outperform the other two examined methods
and to produce highly accurate results, even in the case of
user-independent training.

Future work will include testing the proposed gesture recog-
nition technique in specific applications in the domain of
health and wellbeing, such as human-computer interaction
for people with disabilities. A field of interest to apply the
SAX-DTW method is automatic sign language recognition.
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