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Abstract—The emerging and continuous technology progress
leads to its widespread use in the most diverse areas. One such
case is sports sciences. The heart rate monitoring vests, in-
field positioning monitoring, goal-line or video-referee technol-
ogy are just some examples of approaches used nowadays in
football practice. In the case of tennis, rugby, or volleyball, the
"hawk eye" is also a very useful commonly used technological
breakthrough. In this paper we describe the development of
a convenient, practical and low cost system , including the
data acquisition hardware and machine learning workflow for
data analysis, that uses inertial signals applied to the practice
of swimming. This is intended to help athlete and coach in
swimmer’s performance evaluation and improvement, through
the extraction of several performance indicators. Experimental
evaluation has shown promising results. A 100% accuracy in
turn recognition (turns and stops), a precision of 100% in the
recognition of backstroke style and a precision of 89.60% in
the three remaining swimming techniques (butterfly, breaststroke
and crawl) could be achieved. Real swimming data were collected
from different athletes, in order to develop a representative
database and assess the performance of the system in dynamic
conditions.

I. INTRODUCTION

Swimming is one of the best known and oldest sports in
the world. It emerged as a competitive sport in the early
1800s in England and it is an Olympic sport since the first
edition of the modern Olympic Games in 1986, in Athens.
Since then, and in order to make the sport more competitive,
several studies have been carried out over the years leading
to the introduction of technical changes to the swimming
modalities we know today. There are now 4 official modalities:
butterfly, backstroke, breaststroke and frontcrawl. They are
then distributed for several distances and race types.

Technological aids can now be found in most of the sports
we choose to practice or just observe. Since swimming is one
of the most popular sports in the world, technologies that help
athletes and coaches in their daily work have started to emerge
a few years ago.

Although it is a somewhat underdeveloped area, there are
some devices already available that promise to help swimmer
and coach with improving sports performance and injury
prevention. There are two main sub-categories of currently
used devices: video-based ones (most common), and wear-
able devices based on biosignal data and/or inertial signals.
Both have their advantages and disadvantages, as would be
expected. In order to help coach and athlete in their daily
training logistic issues, in this work we propose a wearable
device, together with signal processing and machine learning

workflows based on Attitude and Heading Reference System
(AHRS) for technical gesture classification and computation
of performance indicators.

Our main goal is to develop a prototype device that collects
inertial signals from a swimmer, as well as relevant informa-
tion, to help athletes and coaches in daily training, allowing
not only a faster evolution but also the prevention of injuries
associated with stroking technical errors.

The remainder of this paper is organized as follows: Sec-
tion II describes the device used in this study; Section III
details the topics related to the acquisition of data (database
and device’s positioning in the athlete’s body). Section IV
introduces the acquired data processing system (where the
developed algorithms are explained in detail), as well as
enunciates the extracted performance indicators. Section V
presents these algorithms tests results, and Section VI sets
forth the conclusion as well as future work perspectives.

II. BITALINO R-IOT

In this context, it is necessary that the device meets certain
requirements. A small IMU that with a good processing power,
along with a remote data transmission module (for eventual
real-time communication), and with a great autonomy level is
required.

Due to its technical specifications, the BITalino R-IoT
gathers multiple convenient properties for our work, reason
for which it has been chosen as the hardware base to build
upon. This device includes a temperature sensor and an inertial
measurement unit (IMU) containing a 3-axis accelerometer,
gyroscope and magnetometer, allowing the calculation of the
absolute orientation of the module in space (i.e. AHRS).

By default, the device sends the acquired data (22 channels)
via WiFi, through the OSC protocol. However, according to
[1], this type of signals are strongly attenuated in the aquatic
environment. Therefore, the R-IoT firmware was modified so
that the acquired data could be sent through the serial port and
saved directly onto a memory card, building upon the work by
Reis and Silva [2], in which the OpenLog hardware base was
selected as the memory card interface. The communication
between both devices would occur through the Universal
Asynchronous Receiver-Transmitter (UART) interface.

The solution implemented for this work uses a SparkFun
OpenLog datalogger to save the R-IoT data stream. In Figure
1, the developed prototype is represented as well as the
coordinated axes relative to the data collected by the IMU.



Figure 1: Developed prototype based on BITalino R-IoT and
SparkFun OpenLog along with its coordinate axes.

The goal was to save all the data acquired by the R-IoT onto
the memory card at a sampling frequency of 100 Hz. However,
to obtain a stable 100 Hz logging over a long period of time,
it is only possible to store the sampling time [ms], the 3 axes
of the accelerometer [g], gyroscope [o/s] and magnetometer
[gauss] and the three Euler and the heading angles [o]; these
are the strictly necessary variables to capture the athlete’s
movement. These variables are thus stored with a precision
of 2 decimal places. Thus, at each instant of time 14 variables
are recorded. The greater the amount of data to be logged at
each instant of time, the lower the sampling frequency that can
be used, since the data storage process is very time consuming.

The files are written to a memory card in Comma-separated
values (CSV) format; in a file of this type, each line corre-
sponds to a sampling instant and, within the same instant, the
different variables are separated by commas. In this way, the
subsequent reading of the files by the data processing software
becomes quite simple.

In order to be later used by others, the developed firmware
is opensource available 1.

III. DATA ACQUISITON

In Section III-A the device’s position in the athlete’s body
is approached so that the maximum number of features can be
extracted providing the minimal discomfort to the swimmer.
Real data were collected from several athletes with various
levels of experience. The information about the athletes as
well as the signals collection protocol is presented in Section
III-B.

A. Body Positioning

It was decided to apply the device on the athlete’s lower
back to collect data. In this way, the identification of the stroke,
turns, stops, stroke count, body rotation, among other charac-
teristics can be easily extracted. In Figure 2, it is possible to
observe a representation of the athlete’s body, as well as the
device, together with the respective coordinated axes system
that accompany him in his movement while swimming. In

1https://github.com/PIA-Group/firmware-bitalino-riot-openlog

this way, it can be concluded that the x axis points in the
direction of motion, the y axis points in the lateral/side-to-
side direction, and the z axis in the vertical direction. The
device has been placed inside a sealed bag so that it is not
impaired by the aquatic environment. To attach the device to
the athlete’s body a kinesiology tape was used. Although not
designed to serve this kind of purpose, this tape is quite strong,
elastic and water resistant. The athletes indicated that they felt
comfortable with the presence of the device, describing that
it would be the most practical and least inconvenient place to
have it in the daily training comparatively to placements like
the wrist, head cap or goggles.

Figure 2: Body reference frame for a swimmer where x, y
and z are the forward, side-to-side and vertical motions of the
swimmer, respectively (adapted from [3])

B. Database

In order to prove the good functioning of the device and the
developed algorithm, real world data were collected in a 25
meter pool with athletes of various ages, heights, weights and
expertise levels. Table I shows the athletes’ personal data who
were part of the signal data collection; the various columns
present the athlete’s age (A), gender (G), height (H), weight
(W) and expertise level, respectively. Prior to the enrollment
in the data acquisition protocol, the goals of the study and
experimental procedures were detailed to the swimmers, and
an informed consent was collected from each athlete. As
shown in the table, the collected data set has a diversity
of swimmer profiles. Data were collected from swimmers
and triathletes, ranging from 18 to 29 years of age, with
various levels of experience, different swimming techniques
and personal turning habits, so that the system could model all
levels and be evaluated with all types of athletes and technical
aspects.

Each athlete was asked to swim 100 meters of each tech-
nique, resulting in a total of 400 meters per subject. No
other type of requirement has been made concerning either
the swimming techniques order or the number of stops made
during the signal collection process. This is because the
algorithm is capable of recognizing each stop and isolating
each segment individually for later analysis and processing.
In this way, each athlete swam each segment in the order they
wanted and stopping as many times as necessary. However,
two athletes reported failing to complete the intended protocol:
one of them swam only 50 meters butterfly of the 100 inteded

https://github.com/PIA-Group/firmware-bitalino-riot-openlog


Table I: Athletes database information.

A [years] G H [cm] W [kg] Expertise Level
1 18 M 178 61.5 National triathlete
2 18 M 180 74.2 National triathlete
3 18 M 174 63 National triathlete
4 20 M 175 65 Retired swimmer
5 18 F 164 57 International triathlete
6 18 M 172 60 National triathlete
7 29 F 168 58 National triathlete
8 21 M 177 67 International triathlete
9 24 M 178 74 Retired triathlete
10 25 M 172 60 Retired triathlete
11 20 M 170 60 International triathlete
12 18 M 168 55 National triathlete
13 23 M 182 71 International triathlete

ones and the other swam 50 meters of each stroke style
first and another 100 meters of frontcrawl at the end totaling
50m butterfly, 50m backstroke, 50m breaststroke and 150
frontcrawl.

Thus, a total of 202 laps were obtained: 48 butterfly laps,
50 backstroke laps, 50 breaststroke laps and 54 frontcrawl
laps. The inertial data collection was accompanied by a video
footage, in order to corroborate the information outputed by
the system. However, no image processing technique was used
to assist the system in the provided features computation.

IV. ANALYTICS

We develop a set of data processing algorithms to empower,
both athlete and coach with the ability to analyze not only
the swimmer’s technical movements, but also his performance
throughout the training. A Matlab script was created with
the aim of analyzing and extracting information from the
athlete’s movement, always taking these considerations into
account. Figure 3 shows the main workflow of the developed
data analysis system, in particular the several modules of the
proposed system can be observed. In the first module, the
required variables for the correct execution of the algorithm
are defined; these variables include the length of the pool, the
name and path of the file to be processed, among others. In
the second module, the CSV file containing the data to be
processed is loaded. Then, the third phase consists in finding
swimmer’s turns and stops so that the swimming segments
can be isolated and processed later. In a fourth phase and
as soon as the stop and turn identification ends, the stroke
the athlete is swimming in each lap is estimated. In a fifth
phase and according to the stroke estimated on the previous
module, the number of strokes that the athlete gave in each of
the laps is counted. The developed method is also explained
and discussed. Then, and based on all the previous processing
phases, a final feature extraction is performed (turns and stops
as well as body balance and rotation statistics, trunk elevation,
stroke rate and lap times). Finally, the collected and processed
signals as well as some relevant events, such as the start and
end of each turn/stop are ploted in case the coach wants to
analyse each collected signal and go beyond the presented
features.

Figure 3: IMU data analysis system workflow.

A. Performance Indicators

In this section we present the performance indicators ob-
tained with the algorithms, which will be further explained
and discussed. The performance indicators considered for the
developed system are:

• Turns and Stops Statistics: The duration of each turn and
stop throughout the training is provided to the trainer,
as well as the duration and location of the most time-
consuming turn.

• Stroke Technique: The stroke style the athlete swims in
each of the laps is provided to both swimmer and coach.

• Lap Time: The lap time is computed based on the turn
and stop identification. For the result to be reliable and
accurate, the time the athlete spends stopped can’t be
counted in lap times. Thus, turns and stops are processed
differently to compute lap times. Therefore, in a lap that
begins and ends with a turn, the time is calculated from
the minimum in the pitch signal referring to the turn that
starts the lap, to the minimum of the turn that finishes
the lap. In the case where the lap is preceded by a stop,
the time is counted from the moment the stop is given
as finished; on the other hand, if the lap is preceeded or
succeeded from a stop, the time is counted until the stop
ends or begins, respectively.

• Stroke Count: The number of strokes in each lap, for any
of the 4 swimming stroke styles.

• Stroke Rate: The stroke rate is computed in two distinct
phases. Firstly, the average arm stroke period is com-
puted. Secondly, the inverse of this value is calculated,
which is then multiplied by 60, so that the result is
computed in strokes/min.

• Trunk Elevation: The trunk elevation is a feature only
applicable to symmetrical stroke techniques, i.e., breast-
stroke and butterfly. It consists of the difference between
the maximum and the minimum pitch angle values within
an arm stroke cycle. Thus, a notion of the athlete’s trunk
elevation in each executed stroke can be taken. While a
poor trunk elevation of the torso leads to a hard stroke
recovery, an excessive trunk elevation represents not only
an unnecessary expenditure of energy but also slows the
athlete’s motion. The average trunk elevation at each lap
is also computed.

• Body Balance: The body balance, or pitch angle, is a very
important and indicative performance indicator of several
structural problems in an athlete’s technique. A weak leg
kick during frontcrawl results in a too low pitch angle,
for instance. There are two ways to present this indicator,



depending on the type of style the athlete is swimming.
In the case of non-symmetrical styles (i.e. frontcrawl and
backstroke), the goal is to keep a pitch constant and close
to 0o. In this way, when the athlete swims these stroke
styles, the average lap pitch is computed. On the other
hand, in the case of symmetrical styles (i.e. breaststroke
and butterfly) the pitch varies greatly during each stroke
execution. Thus, in these cases a vector of maxima and
a vector of minima, whose size is equal to the number
of strokes performed by the athlete in a given lap, is
returned. Thus, for all given strokes in a lap, it is possible
to analyze the minimum and the maximum pitch angles.
In each lap, the maximum pitch average as well as the
minimum are also computed.

• Body Rotation: The body rotation, or roll angle, is also
used to correct structural problems on the athlete’s tech-
nique. Again, giving the frontcrawl example, a poor body
rotation results, among others, in a weak athlete’s slide
after the stroke; on the other hand, an excessive rotation
of the torso unbalances and slows down the athlete. This
feature is presented in an analogous way to the previous
one, changing the symmetrical stroke styles to the non-
symmetrical ones and vice versa. Thus, in the case of the
symmetrical stroke techniques, the average rotation of the
athlete’s body during a given turn is presented (a value
that should be close to 0o), while in the case of non-
symmetrical stroke styles two vectors are returned: one
of maxima and one of minima with information related
to the strokes given by the athlete.

In our system, more relevance was given to swimmer’s tech-
nique, never neglecting the training session statistics. For the
athlete to improve, it is necessary to have the combination of
these two areas; if the athlete does not improve his technique
over time, he will reach a threshold where, even with enough
training, he will not be able to improve his performance.
Other performance indicators could have been computed and
provided from either one or another area, but priority was
given to those considered most relevant.

B. Turns and Stops Identification

In order to segment the laps and extract swimming features,
the first step in the data processing is the identification of
the athlete’s turns and stops. It could be concluded, from a
detailed analysis after data collection, that the most indicative
sign of turns and stops was, as expected, the pitch angle.
This happens because all the four strokes styles involve the
athlete being in a horizontal position, i.e., that the athlete’s
back plane is practically parallel to the water surface one. In
this way, when the athlete reaches the end of the pool, he
has two alternatives: either make a turn in order to quickly
reverse the direction of movement, or he stops. In both cases,
the pitch undergoes a sharp change. When the athlete makes
the turn (either a tumble turn or an open turn), and since
the device is placed on the lower back, the angle changes
from a value in the vicinity of zero to a fairly high absolute
value (close to ±90o), and again has a value close to zero

when the athlete ends the turn. The pitch therefore has a local
maximum or minimum (depending on the type of turning in
question) when the athlete makes a turn. When the athlete
stops swimming the pitch changes from values close to zero,
as previously mentioned, to -90o (the angle corresponding to
a position where the athlete is standing). In Figure 4 the pitch
signal obtained from a preliminary test where the athlete was
asked to swim 50 meters of each stroke technique in a pool
of 25 meters is shown; in short, the athlete completed two
laps in each of the techniques. Figure 4 also shows the stroke
style relative to each signal portion. In this figure the stops are
represented with a cross while the turns are represented with
a circle.

Figure 5 shows the main structure of this stop and turn
searching algorithm. In the first phase, the data processing
algorithm tries, with some restrictions, to locate the local
maxima and minima in the pitch angle signal. As shown by
Figure 4, there are several local maxima and minima, so the
search has to be restricted by placing certain conditions: firstly,
only peaks with an amplitude greater than 50o are considered,
and there must be a minimum distance of 1 second between
each local maximum and minimum, so that it is considered a
turning or stopping. The angular value was determined based
on empirical data collected from various athletes. As shown
by the figure, the useful pitch zone used by the athlete during
the swimming period is at ±20o. On the other hand, when
the athlete gets up or when making a turn, the pitch is in the
±90o zone. The aim was to find a value between ±20o and
±90o. Thus, the value of 50o was chosen. There are sometimes
consecutive inflection points that could lead the algorithm to
fail. Thus, as there are no laps with times less than one second
and the athlete does not maintain a turn for more than this time,
this was the chosen value.

Once local maxima and minima are obtained, it is necessary
to segment them into turns and stops, so that important
characteristics and data can be extracted from the turns. First
of all, the local maxima are excluded immediately from this
segmentation procedure. These are necessarily turns since,
when the athlete stands up, the pitch falls close to -90o; thus,
only the local minima are analyzed. The athlete is considered
to stop if the event lasts more than 3 seconds. Once again, this
value was chosen based on empirical data. Turns last about 1
second, while shorter stops take approximately 4-5 seconds.

C. Outlier Turns Detection

There are, however, certain exceptions that are not detected
by this set of operations. This is the case, for instance, of
the backstroke to breaststroke turn: the athlete can choose
to do a bucket turn (a backward flip which starts with the
athlete’s palm touch on the wall) or, more often, a cross-over
turn (after the athlete touches the wall with his upper arm
over his body, his back has to be driven in the touch hand
direction to complete the turn). In the cross-over turn, the
most frequent one, the athlete’s back maintains an angle close
to 0o during the whole movement execution. As a result, this
turning movement is not recognized by the algorithm since



Figure 4: Example of an athlete’s body pitch during the preliminary experience.

Figure 5: Proposed system architecture for turns and stops
identification.

there is practically no difference in the pitch angle. In this
way, and to prevent more situations of this type that might not
have been contemplated in the collected dataset, a search for
outliers was implemented. Outliers are identified through the
swimming segments duration (time between turns). That is, an
athlete has a given pattern of lap duration times over a given
number of laps. If at any given lap there is a turning that was
not identified, the consequent "lap" time will approximately
correspond to twice the normal. Thus it will be identified as
an outlier and, subsequently, the exact location where the turn
occurred is found. Using lap duration times, the identification
of these kind of outliers is thus based on median absolute
deviations (MAD). For a random variable vector A, made up
of N scalar observations, MAD is defined as represented in
Equation 1. A value is labeled as an outlier when it is more
than three scaled median absolute deviations away from the
median.

MAD = median(|Ai −median(A)|), i = 1, 2, . . . , N (1)

Once an outlier has been detected, the exact location where
the turning occurs is found. Obviously it has to be somewhere
in that time interval but, if the turn was not detected through
the previously stated processing, it is impossible to be detected
only through the pitch signal. Thus, the heading angle is used
to detect the approximate location where it occurs.

The heading angle is used, since it represents the compass
direction in which the device is pointed to. Then, through the
pitch signal, and from the approximate location where the turn
is known to be, its exact location is found. So, when the athlete
reaches the end of the lap and reverses the movement direction,
the device starts to point to the opposite side, changing the
heading angle by approximately 180o. For this purpose, the
place where the mean of the heading angle signal changes
most significantly is searched for. This search is conducted
using only the signal segment where the outlier was detected.
This part of the signal is thus divided into two distinct regions.
The search is performed minimizing the sum of the residual
(squared) error of each region from its local mean. Then, to
obtain the exact location of the turn, the maximum absolute
pitch angle point in the vicinity of the heading angle one is
searched for. The considered proximity is 3 seconds around
the initially computed heading angle point.

A very important feature that can be obtained in the im-
provement of performance, is the time spent by the athlete in
the turning. For this, a 0.5 second temporal window which is
slided over time is used. The window must be small enough
so that the start and end of the turns are recognized at the
exact location, but cannot be so small that it is susceptible to
artifacts in the signal. In order to determine the end of the
turn/stop, the window is initially placed at the local minimum
or maximum and it is slided, in 0.01 second intervals (the
sampling period time), to the place where the average values
contained in this window are within the range of -20o to 20o,
which is the normal pitch range for an athlete while swimming.

As for determining the turn/stop start, the process is similar:
the window is initially placed at the local minimum or maxi-
mum and is slided in the opposite direction (in the direction of
the reference’s origin), in 0.01 second intervals, to the place
where the average of the values contained in this window is
within the range of -20o to 20o. Once again, in Figure 4, a
green marker (either a circle in the case of a turn or a cross in



the case of a stop) may be observed around each turn or stop
beginning, while a red marker is defining the end. With this,
the automatic identification of turns and stops is completed.

D. Stroke Technique Estimation

Swimming cycles (turns) are separated from the other seg-
ments after the previously described processing. The next step
is to estimate the stroke technique the athlete is swimming,
so that it is possible to proceed with the features’ extraction
related to his performance and technique. Davey et al. [4]
have developed an algorithm that is based on the energy gen-
erated by the accelerometry signal. They used the raw signals
obtained from the analog/digital converter and, through some
processing techniques, could determine the stroke technique
with which each athlete was swimming. Thus, a technique
based on this approach was used. Figure 6 shows the workflow
of the proposed algorithm.

Figure 6: Proposed system workflow for stroke estimation.

Firstly, since the signals are recorded onto the memory card
already in units of the SI system, it must be converted to raw
data. Then, given that the signal coming from the accelerom-
eter includes high frequency components, it is filtered in a
48-order Hamming low-pass window with a cutoff frequency
of 0.5 Hz [5]. Thus, the average of the accelerometry signal
in the vertical axis (Z-axis) in SI units is analyzed: if it is
less than zero it is known that the athlete was swimming
backstroke, as it is the only stroke technique that is swam
with the back turned towards the pool bottom (inverted Z-
axis); in a second phase, if it is not verified that the athlete was
swimming backstroke, the energy of each of the 3 channels
for the given turn is calculated according to the Equation 2,
using the filtered raw signal.

Echannel = round


N∑

n=1
|x(n)− x|

N

 (2)

In the case of frontcrawl (and since backstroke is already
eliminated), the Y -axis channel energy is much higher than
the one verified in the other two stroke styles, due to the
rotation of the athlete’s body in each frontcrawl stroke. In
this way, it becomes simple to distinguish frontcrawl from
the others. Between breaststroke and butterfly techniques,

although similar, it is found that butterfly has more energy
in the Z-axis (due to the stroke’s ondulatory movement) and
in the X-axis (since it is a faster style than breaststroke).

Each lap gives rise to a point in space, depending on the
energy of each of the accelerometry channels. Therefore, it is
necessary to divide the space into 3 regions (decision regions)
so that, afterwards, it is possible to carry out the classification
of the stroke technique the athlete swam at each given lap. Two
state-of-the-art machine learning approaches were used: in the
first instance, since it was a problem of dividing the space
into different regions, a Support Vector Machine (SVM) was
applied. In order to attempt the improvement of the results that
were obtained with the SVM, in a second instance an artificial
neural network was also tested. The performance achieved by
each of the approaches is presented in Section V.

E. Stroke Count

The first characteristic that is drawn from the athlete’s
swimming segment is the number of strokes given in a certain
lap. To do this, each technique is approached in a different
way, since each has its own way of swimming. Figure 7 shows
the workflow of the proposed system for non-symmetrical
techniques stroke count.

Figure 7: Proposed workflow for the arm stroke counting for
non-symmetrical swimming techniques.

Both frontcrawl and backstroke have an alternating arm
stroke; that is, the limbs movements are not symmetrical, as
happens with breaststroke and butterfly. In this way, with each
arm stroke given by the athlete, there is a normal rotation of
the trunk. This rotation is then the method that will be used
for frontcrawl and backstroke strokes recognition. In Figure 8,
the athlete’s lower back rotation angle (roll) can be observed
throughout the test. It can be observed that during the first four
laps (2 laps in frontcrawl and 2 laps in backstroke), there is
an almost periodic and sinusoidal wave. Each of these peaks
(both maxima and minima) thus represents an athlete’s stroke.

To perform stroke count, the signal is filtered with a 48-
order low pass Hamming window at a cutoff frequency of
3 Hz, in order to remove the high frequency components it
may have, smoothing it. Then, a search for local maxima
and minima is performed, when detecting turns, placing as a
restriction that there can only exist a stroke in intervals of 100
milliseconds and that it has to have a minimum body rotation
of 20o (for both frontcrawl and backstroke cases). A simple
outlier detection based on the peaks height is also performed,
in order to eliminate false positive arm strokes. This outlier
detection is presented below. Each detected inlier inflection



point is then interpreted as an arm stroke. The restrictions are
placed so as to avoid false consecutive "strokes". The variables
were once again determined based on empirical data collected
on a series of preliminary tests.

In Figure 9 the block diagram showing the main operation
of the stroke detection algorithm for symmetric stroke styles
is presented.

The process of handling collected data for stroke counts in
symmetric styles is more complex than the process developed
for non-symmetric styles. For these techniques, and as would
be expected, stroke detection cannot be performed through the
rotation angle of the athlete’s lower back, since in both styles
there is no rotation of the torso. Thus, since it is the pitch
angle that varies the most in each given stroke, it was the
signal used to count them.

In a first step, the signal is filtered with a 48-order low pass
Hamming window at a cutoff frequency of 3 Hz. Then, the
search for local maxima and minima is performed exactly as
done with non-symmetric execution stroke styles.

A stroke cycle corresponds to the signal segment between
consecutive minima. However, not all consecutive minima
correspond to an arm stroke segment. In this way, a signal
comparison algorithm was used to identify them. In a first step
and since the signal segments do not have all the same size, a
resampling was performed. For the later part of the processing,
all the segments constituting a stroke cycle candidate have
200 samples. In order to have a comparative term, a mean
wave is calculated: this wave is computed based on 50%
of central signal cycles. That is, from 25% to 75% of total
signal segments between consecutive minima. It is exactly at
the beginning and at the end of the segments that outliers
can be found. Then, the Dynamic Time Warping (DTW)
algorithm is used to align both signals (the mean wave and
the stroke cycle signal segment candidate). DTW "stretches"
two vectors, A and B, onto a common set of instants such
that the Euclidean distances between corresponding points, is
the smallest possible. To stretch the inputs, DTW repeats each
element of A and B as many times as necessary. It can be
assumed that A represents the candidate for stroke cycle and B
represents the previously calculated mean wave. Finally, with
the signals aligned, the distance between them is computed.
In this case, three distance metrics are used: the Euclidean
distance, the Cosine distance, and the Correlation distance.
Finally, based on the segments’ distances, an outlier detection
is performed in order to find only the true stroke cycles.

V. RESULTS

The results obtained using the proposed algorithms for
computing the identified swimming performance indicators are
presented in this section.

A. Turns and Stops Identification

In the set of collected data there are, in total, 202 laps. Each
lap is obviously separated by a turn or a stop, which has to be
identified in such a way that features can be extracted from
that segment, and that the lap time can be counted and the

swimming segments can be isolated for later processing. Thus,
in the collected dataset there are 181 turns and 34 stops. All the
181 + 34 = 215 segments that separate two consecutive laps
were duly detected. It is therefore possible to conclude that the
proposed detection algorithm has an accuracy of 100% with
respect to the identification of this type of segments. However,
regarding to the distinction between these segments in turns
and stops, the algorithm did not perform perfectly, even if
it was close enough to that. Table II presents the confusion
matrix, which illustrates the performance of the classification
algorithm for the 215 existing segments.

Table II: Turns and stops confusion matrix.

Estimated
Turns Stops

Turns 179
83.3%

2
0.9%

98.9%
1.1%Reality

Stops 0
0%

34
15.8%

100%
0%

100%
0%

94.4%
5.6%

99.1%
0.9%

As can be seen from Table II, there were only two misclas-
sifications: two consecutive turns made by the same athlete
that took more than 3 seconds and were therefore classified
as a stop. In any case, the variable that dictates the separation
time between a turn and a stop is a configurable parameter
of the algorithm. However, in a competitive context of daily
use, the athlete often makes stops of less than 3 seconds; in
this context, turns also never exceed this value. As such, this
variable value was kept in the 3 seconds since, nevertheless,
the result is fairly positive when considering that there were
2 errors in 215 segments, corresponding to a classification
accuracy of 99.1%.

B. Stroke Technique Classifiers

Each technical style has its own way of execution, different
properties and therefore suffers different types of processing.
Thus, one of the first steps in processing the acquired data is
the recognition of the swim style in each of the laps. Therefore,
an automatic classifier was developed to perform this task. In
a first phase, the position of the device is evaluated: in the
case where the orientation of the Z axis reports a negative
value (in the order of -1g), it is known that the athlete has
swum backstroke; otherwise, a classifier is used to estimate the
swimming technique that the athlete has swum. Two different
approaches were used: an SVM and a Neural Network. In
both cases, different training methods and metrics were tested
in order to infer which leads to the best result. The dataset
consists of 48 (butterfly) + 50 (breastsroke) + 54 (frontcrawl)
= 152 laps. For each set (method, metric) 1000 runs were
performed. In each one, the test set was chosen randomly from
the total set. The remaining dataset was used to perform the
classifier training. For each of the sets, the respective accuracy
(mean) and standard deviation across all the runs are presented.
At each run, the test set has 30 elements, while the training
set has the remaining 122. Twenty percent of the total value of



Figure 8: Example of an athlete’s body roll during the preliminary experience.

Figure 9: Proposed system workflow for the arm stroke count-
ing for symmetrical swimming techniques.

the data set was selected for testing and the remaining eighty
percent for training.

Figure 10 shows the total set of acquired data used to
perform the training and testing of the automatic classifier.
Although the energy values of the backstroke laps could
be computed and ploted, only the points corresponding to
the remaining three swimming techniques were represented,
since the backstroke technique is classified based on the
orientation of the device. As can be seen, the dataset is not
linearly separable since there is an intersection in the point
cloud of butterfly technique points and breaststroke ones. The
backstroke style was recognized with 100% accuracy in the
50 laps contained in the dataset.

Table III shows the obtained results (accuracy + standard
deviation) for both the applied techniques.

Table III: Stroke technique classification best results.

Accuracy Std Deviation
SVM 89.00% 5.51%
NN 89.60% 5.67%

Regarding SVM training, three different kernels were used
to map it from the input space to the feature space. The
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Figure 10: Stroke estimation dataset.

aim is to conclude which one has the best results. Thus, the
Radial/Gaussian Basis Function kernel, the linear kernel and
the polynomial kernel are used in this context.

Regarding the Radial Basis Function, the standard σ was
used (σ = 1). In the polynomial kernel several orders were
used in order to conclude which one is best suited to the
collected dataset. When the data is not perfectly separable, the
training algorithm must allow some mis-classification in the
training set (soft margin). For that purpose, we used the box
constraint cost margin, where the higher the box-constraint, the
higher the cost of the misclassified points, leading to a more
strict separation of the data. At the limit, the box constraint
can be infinite (hard margin).

The best precision is obtained for the polynomial kernel
with soft margin, where BoxConstraint = 105 and ρ = 1,
where ρ represents the polynomial order. The precision ob-
tained was 89.00% and the standard deviation was 5.58%.

Secondly, a classifier based on a Neural Network was
trained. The Neural Network consists of 3 layers: the in-
put layer which is composed of 3 neurons (corresponding
to the 3 axes of energy of the accelerometer), the hidden
layer composed of 10 neurons, and the output layer that is
composed also by 3 neurons (corresponding to the 3 styles



to be classified, i.e. butterfly, breaststroke and frontcrawl).
Three different optimization methods were used to perform
the network training: Levenberg-Marquadt backpropagation
method, Gradient Descent and Gradient Descent with Mo-
mentum methods. These methods seek to find the minimum
value of the minimization criterion in each of the iterations.
The network training stopping criterion was 10000 iterations
(epochs) or a mean squared normalized error (mse) less than
0.04.

The best performance is obtained for the Gradient Descent
with Momentum algorithm, when the momentum constant α =
0.5 and the learning rate η = 0.3. The accuracy obtained in
this case is 89.60% with a standard deviation of 5.67%. In this
way, the result obtained with this Neural Network is slightly
higher than the result obtained with the SVM, although very
close.

C. Stroke Count

Concerning stroke count, there is a way of counting the
strokes referring to symmetrical stroke styles, and another dis-
tinct way of counting the strokes referring to non-symmetrical
techniques. Both methods are based on a detection of outliers
whose expression / condition is presented in Equation 3. For
a given element Ai from a vector A to be considered valid, it
must obey the condition expressed in Equation 3 based on its
mean (A), standard deviation(σA) and at a given threshold k.
Thus, it is necessary to choose the threshold value k that is
represented in this condition. For this, accuracy plots for each
case were performed.

A− (k × σA) < Ai < A+ (k × σA) (3)

Equation 4 shows the accuracy expression, where FP
represents the false positives, FN the false negatives, TP the
true positives and TN the true negatives. A false positive is a
real stroke that is discarded by the algorithm; that is, it is not
counted as an arm stroke. On the other hand, a true negative
is a candidate for stroke that is correctly rejected.

Accuracy =
TP + TN

TP + FP + TN + FN
(4)

1) Non-Symmetric Techniques:

In Figure 11 the accuracy plot for the frontcrawl is shown.
The point displayed in the figure corresponds to the optimal
threshold value, i.e., the value that leads to the highest algo-
rithm accuracy. Thus, this value returns not only the optimal
threshold to be applied in this case, but also the respective
algorithm accuracy associated with this threshold level. Thus,
for frontcrawl, k = 2 is used; this threshold value leads to an
algorithm accuracy of 97.48%.

In its turn, Figure 12 shows the accuracy plot for the
backstroke technique. In this case, the optimal threshold value
is equal to k = 2.36. This threshold level leads to an
algorithm accuracy of 95.69%. This value is slightly lower
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Figure 11: Accuracy plot for frontcrawl.

than the previously presented one for frontcrawl, due to the
discontinuity that occurs in the moment before the turn. Some
of the times the last stroke is not recognized, since it is
performed in a continuous rotation of the trunk that culminates
in the turn approach.
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Figure 12: Accuracy plot for backstroke.

2) Symmetric Techniques:

With respect to symmetric stroke styles, the DTW algorithm
was used to perform the alignment of all candidate stroke
segments with the mean stroke wave signal. The distance
between each of these signal segments and the mean wave
signal was then computed. Thus, three different metrics were
used to compute this distance: the Euclidean, the Cosine and
the Correlation distances. Only the plot corresponding to the
highest accuracy value is presented.

In the breaststroke case, the Euclidian distance guarantees
an accuracy of 89.89%; the Cosine distance achieves a preci-
sion of 88.99%, and the accuracy of the Correlation distance
goes substantially up to 91.52%. In this sense, for arm stroke
counting in this technique, the Correlation distance is used,
applying a threshold k = 0.74 that guarantees an accuracy of
91.52%, as can be verified by Figure 13.

Finally, for butterfly swimming technique, the accuracy
achieved using the Euclidean distance was set at 91.99%;
for the Cosine distance, an accuracy of 83.39% is reported
and, with the Correlation distance, an accuracy of 90.88% was
obtained. In this way, the Euclidean distance is used to count
the butterfly strokes, using a threshold k = 1.34 and leading
to an accuracy of 91.99%, as shown in Figure 14.
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Figure 13: Accuracy plot for breaststroke.
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Figure 14: Accuracy plot for butterfly.

In the case of the symmetrical stroke techniques, both results
are very close. In both cases, the division of a few strokes
into two distinct signal segments was verified because of their
presented pattern. In these cases, one stroke results in two
outliers.

VI. CONCLUSION AND FURTHER WORK

In this work we described the design and development of
a swimming system capable of assisting coach and athlete
in their daily training. On one hand, when applied to swim-
ming, the video analysis used in other sports is unpractical,
inefficient and too expensive. On the other hand, the analysis
based on inertial signals are poorly developed, providing few
performance indicators to athletes and coaches. Based on this
premise, a system based on inertial signals was designed. This
system was devised to be precise, comfortable, functional, and
have an accessible price, so that all athletes who wanted to
practice the modality and to be a step ahead could readily
use it in order to be continuously improving their technique
and performance. Thus, by using an AHRS and adapting it
to the aquatic environment by making some changes to its
hardware and firmware, a prototype of such a system has been
developed, together with software modules for data analysis.

The obtained results are quite positive; the precision in
the identification of stops and turns using Euler angles is
100%, while the accuracy in the classification of this type
of segments was 99.1%. On the other hand, the automatic
classification methods used to perform stroke style recognition
also presented a very good performance: backstroke had a
recognition accuracy of 100%; for the remaining 3 stroke
techniques, while the best SVM got a precision of 89.00%,

the best neural network got a performance of 89.60%. The
classifiers were trained based on the energy obtained from each
of the accelerometry channels. Lastly, as far as stroke counting
is concerned, the accuracy of the algorithms developed is
about 91.99% for butterfly, 95.69% for backstroke, 91.52%
for breaststroke and 95.69% for frontcrawl. Since each athlete
has his own stroke pattern, stroke recognition in symmetrical
stroke styles becomes more difficult; in the case of a butterfly,
for example, the athlete’s lower back movement during the
underwater course is practically equal to the one performed
in the swimming segment. It is important to stress that none
of the available commercial systems or solutions proposed in
the literature, to the best of the author’s knowledge, has pre-
viously used Euler angles to perform processing and compute
swimming performance indicators, as well as none reported
the trunk elevation, a performance indicator proposed in this
paper.

As far as future work prospects are concerned, there are a
number of approaches that can be taken. Investigate a radio
transceiver (other than WiFi), which is not so strongly attenu-
ated in the aquatic environment so that real-time communica-
tion, albeit to a limited extent, can be feasible; place the IMU
in other athlete’s body areas, in order to extract other features
that could not be extracted with the device in the athlete’s
lower back; improve the classification accuracy of the stroke
style by adding more features of the various collected signals
to the training process or, lastly, consider a generalization of
the device’s position on the athlete’s body in order to make
the performance indicators extraction independent from its
positioning orientation.
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