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Abstract:

With the advancement of technology, it is now possible to accurately record and evaluate various physical
exercises. In this study we measured acceleration values during the burpee exercise, developed an algorithm to
detect it based on recorded data, and assessed its intensity. Ten test subjects (aged 21.1+1.60 years, height
181.6+10.69 cm and weight 76+12.30 kg) participated in research, performing a total of 60 burpees (6 each) to a
sound signal at 7 seconds intervals. The acceleration values were collected using the PHYPHOX mobile app.
with the phone attached to the test subject's left arm just below the deltoid muscle. Data from the application
were transferred a computer screen, positioned next to the test subject, and then exported to MS Excel. The
highest acceleration values of up to 62 ms-2 were achieved in the first phase of the exercise when the palms hit
the floor during the transition to the push-up. Slightly lower acceleration values were recorded during the
transition from the push-up to the squat and when landing on the ground after a jump. The extension of the legs
after landing on the ground was marked as the end of exercise. We used the moving average smoothing method
to filter the values from the individual English squats. The beginning of the exercise was identified by the
smoothed acceleration value exceeding the limit of 0.5 and not falling below this limit for the next 200 values.
The end of the exercise was identified in a similar way, but from the opposite side: the acceleration value had to
exceed the limit value of 3 ms”(-2) and the next 200 values did not fall below this threshold. This way, we
managed to identify the necessary data with 99% accuracy. We expressed the intensity of the Burpee as an
average of the corresponding values, and it ranged from 4.06 to 11.37 ms”(-2). The research results will be used
to diagnose specific motor performance.
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Introduction

Technological progress has an impact on various areas of knowledge, including sports science and other
broader areas of life. The demand to study the technological innovations rises with their increasing popularity,
especially within the sports industry. Technology provides many advantages in the field of sports and sports
science and it allows us to record and evaluate the progress of various physical exercises. (Mali, 2020; Kos,
2018; Grun, 2011).

We must ask ourselves three basic questions when studying the impacts of modern technologies on
sports and physical activity.

1. What parameters are we going to monitor?

2. During which exercise will we monitor the selected parameters?

3. How are we going to record and evaluate the data?

Acceleration is one of the critical factors for achieving excellent results in sports. Its analysis has a
decisive impact on the evaluation and improvement of sports performance (Pernek, 2015). The ability to change
speed and direction through acceleration and deceleration are important attributes for a successful performance
in many team sports (Dragijsky, 2016). Starting from a static position (acceleration) is often crucial for soccer
players because it allows them to react quickly to changes in the game and win an advantage over the opponent.
This can be decisive when fighting for the ball, escaping the defense or making quick turns while dribbling.
Measuring acceleration provides the coaches with valuable information about the players' fitness, training
effectiveness and in-match performance. These data can then be used to optimize the training programs
(Delaney, 2018). Acceleration is also interesting in other sports, e.g. during the strikes in combat sports or in
table tennis (Izzo, 2023a; 2023b).

The relationship between sprint acceleration and the level of various fitness parameters was also
demonstrated (Afandi, 2021; Sahin, 2014). Based on the above, we consider acceleration to be an ideal
parameter that can be used to assess the course and intensity of physical activity.
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If we focus on the selection of exercises, we must take into account their simplicity, complexity and
ease in terms of the use of additional equipment. The "burpee" (or the English squat), which was invented by R.
N. Burpee in the 1920s, is one of the most popular physical exercises of today. It is well-known all around the
world, and games and competitions associated with the burpee are held worldwide (Pelovoy, 2023). It is a
functional exercise that combines squats, planks, push-ups and lunges, and it is one of the most effective fat
burning exercises. When a proper technique is used, all major muscle groups of the body, including the chest,
back, legs and abdomen, are activated. This exercise does not require special or heavy equipment, as it is
performed directly with one's own weight (Podstawski, 2013; Tai, 2022). It is also important to consider whether
the exercise can be done in various speeds of execution, which is directly related to acceleration.

The burpees themselves have been used in many research studies either as part of a diagnostic test
(Moura, 2016; Kojic, 2021; Podstawski, 2019), but only in terms of the number of repetitions in which the speed
of performing the exercise was decisive. Other uses of the burpee include the development of movement
capacity (Cepulenas, 2011; Masagca, 2024), and the physiological response of the body was also assessed when
the exercise was performed as part of a HIIT program (Perez-ifran, 2022; Bingley, 2019; Mayr Ojeda, 2022).
However, we did not find any research where individual repetitions would be assessed in terms of the course and
intensity of execution. The variability of use suggests that the burpee is an ideal exercise that can be assessed
through acceleration.

The third question related to recording, analyzing and evaluating a given exercise can be addressed
through new approaches in monitoring the exercise intensity with the help of wearable devices and mobile
applications that can monitor and evaluate exercise intensity on an individual level with integrated sensors, thus
contributing to more accurate planning of physical activity (Sahlan, 2019). If we consider the fact that the
majority of the population own a mobile phone, it is the easiest way to track acceleration. In recent times, mobile
phones have often been used as measurement tools in physics, university laboratories and schools. These phones
were usually equipped with an accelerometer, gyroscope, magnetometer, pressure sensor and a microphone.
Until recently, apps could only export raw data into a table. In addition to recording the data from sensors, the
PHYPHOX app can process the data from sensors in real time, and in some settings also in advance. In the user
interface, it is possible to set up a new experiment with the relevant type of processing and presentation of
measurements. The app also allows the users to share the smartphone screen with another device, such as a
desktop computer (Pierratos, 2020). Detection of motor activities using the accelerometer in a mobile phone is
commonly used in many apps and devices to track physical activity and exercise. The accelerometer can be used
to detect steps. Different activities, such as running, cycling, walking up/down the stairs, etc., have specific
movement patterns that can be recognized by analyzing the accelerometer data. In order to achieve an accurate
detection of the motion activity using an accelerometer, it is often necessary to use a combination of data
processing algorithms (Brezmes, 2009; Khan, 2010). It is important to use the transformed acceleration data,
which are independent of the position of the phone (Heng, 2016). This option is also offered by the PHYPHOX
app. In our case, we want to detect a single repetitive exercise and measure its intensity, which can be achieved
by averaging the values. When comparing acceleration and exercise intensity measured by VO2max, average
acceleration values over a certain period of time are commonly used (Ng, 2024). In this case, we need to
accurately identify the beginning and end of the exercise and the associated acceleration values. With the help of
video analysis, which is an integral part of sports research (Wang, 2004), it is possible to match the acceleration
data with the exact position of the body during exercise when a phone is linked to the video projector. This
results in the goal of the work to analyze the course of acceleration values during the burpee and create an
algorithm for its detection when evaluating specific motor performance.

Material & methods
Study design

In our research, we used kinematic video analysis supplemented with data tracking from an
accelerometer. The study included the analysis of 60 Burpees from 10 test subjects (6 repetitions each) aged
21.1£1.60 yr., height 181.6£10.69 cm and weight 76+£12.30 kg. The test subjects did not suffer from orthopedic
and neurological injuries.

The procedures presented were in accordance with the ethical standards on human experimentation and
in compliance with the Helsinki Declaration. All subjects were informed about the potential risks and signed a
written informed consent before data collection. Burpees were performed independently at a sound signal at an
interval of 7 seconds, and the test subjects were instructed not to exert significant movement activity between the
repetitions. The course of one sequence (Burpee) consisted of the basic position (standing upright), from which
the test subject moved after the sound signal into the lying position (plank) with outstretched or slightly bent
arms in the shortest possible time, followed by the second phase, i.e. a transition from the lying position into a
jump and back to the basic position (standing upright).

The acceleration values were collected using the PHYPHOX mobile app with the mobile phone in a
case attached to the test subject's left arm just below the deltoid muscle. The PHYPHOX app recorded the
accelerations along the x,y,z axes and the overall acceleration magnitude m=\/(x’\2+y’\2+z’\2 ) in ms”(-2) with
the relevant time stamps. The values were recorded without the gravity g component and when the mobile device
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was motionless, the acceleration values had a zero value in all positions. In our research, a Sony Xperia XZ2 was
used with a recording frequency of 206. 7 Hz. The measurement data were exported into csv and MS Excel, with
the first column containing the time values, followed by the accelerations on the x and y axis and the total m
(phyphox.org). The values displayed on the mobile phone were transferred to the PC desktop using SCRPY (or
Screen Copy), a free and open-source application that allows to display and control an Android device from a
PC. It uses an ADB connection via USB and does not require rooted devices. SCRCPY has very low latency,
meaning there is little to no delay between the device and the computer (scrpy.org). The PC screen was then
projected onto a screen at a distance of 4 meters using a data projector.

The entire process was video recorded on an iPhone 12 mini with a recording frequency of 120 fps
(frames per second). The camera was placed at a height of 80 cm from the floor at a distance of 3.5 meters from
the exercising test subject and it simultaneously recorded the test subject performing the exercise and the right
part of the projected screen where the corresponding acceleration values were displayed (Fig. 1).
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Fig. 1 Schematic representation of the research situation (top view and camera view)

Statistical analysis

In our research, we worked with the values of total acceleration magnitude m. The data were processed
in three steps. In the first step, we identified the data that were displayed below each other on the x,y,z andm
axis at a specific time in the video recording. We have explicitly assigned these four numbers to the four
numbers exported to MS Excel. This way, we paired the time data from the video to the accelerometer and
created an auxiliary timeline in seconds where each value from MS Excel was assigned to the specific frame in
the video recording. This practically meant that the time data from the accelerometer were reformatted to the
time data from the video recording. In the second step, we selected the data corresponding to the individual
English squats according to the timeline, and in the third step, we conducted the statistical analysis itself.
The collected data were analyzed using descriptive statistics: mean (M), standard deviation (SD), maximum
(max) and minimum (min). Pearson's (r) and ICC correlation was used to determine the relationships between
the variables. The significance levels were atp < 0,05 and p < 0,01. The data pertaining to the individual
repetitions of the English squat were extracted by smoothing the values using a moving average. The statistical
analyses were performed in MS Excel 2016, IBM SPSS 22 and JASP 0.16.4.0.

Results

Approximately 8,000 acceleration values were recorded during testing, with approximately 400 to 900
values per repetition. We have identified three significant moments that divide the exercise into the individual
phases. The first phase spanned from the beginning of the exercise through the transition to the squat, the contact
of the palms with the floor and ended with the loss of contact between the feet and the floor. At this moment, the
highest acceleration values of up to 62 ms-2 were achieved. The second phase consisted of the transition to a
push-up and ended with the transition to a squat and the loss of contact between the palms and the floor. The
third phase consisted of a transition to the standing position, followed by a jump and it ended with a landing on
the floor, which was also accompanied by high acceleration values. After landing on the ground, there was a
slight swaying and stretching of the legs, which concluded the exercise cycle. In terms of time, the first phase
was the shortest, and the second and third phase had approximately the same duration (Fig. 2).
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Fig. 2 Visual representation of the acceleration values during testing
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When filtering the values representing the Burpee, we used the moving average smoothing method. To
eliminate the unwanted external factors, an average of 11 values (5 before and 5 after the given value) was used
instead of the given value, and the data were smoothed 9 times with this method. The beginning of the exercise
was identified by the smoothed acceleration value exceeding the limit of 0.5 and not falling below this limit for
the next 200 values. The end of the exercise was identified in a similar way, but from the opposite side, and in
three possible ways: the acceleration value had to exceed the limit value of 1 ms”*(-2) (burpeeendl), 2 ms”(-2)
(burpeeend?2) or 3 ms”(-2) (burpeeend3) and the next 200 values did not fall below this threshold. The resulting
intensity was calculated as the average of the values (recorded by the PHYPHOX app) representing one burpee
repetition. When evaluating a specific case, the English squat was identified according to video analysis, which
consisted of 499 values, and the resulting intensity, i.e. the average acceleration, was 10.75 ms”™(-2) . However,
when filtering the values using a moving average, the start of the exercise was identified with a deviation of 33
values before the actual start of the exercise. The end of the exercise was shifted compared to the actual values:
in the case of burpeeendl, the deviation was 11 values beyond the real end, the burpee consisted of 543 values
and the intensity was at the level of 9.71 ms”(-2). In the case of burpeeend2, the deviation was 16 values before
the actual end, the burpee consisted of 516 values and the intensity was at the level of 10.17 ms”(-2) . With
burpeeend3, the deviation was 31 values before the actual end, the burpee consisted of 501 values and the
intensity was at the level of 10.37 ms”(-2) (Fig. 3).
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Fig. 3 The course of the burpee based on the actual and smoothed values

When filtering the values, the deviations took on a positive or negative course depending on the fact
whether they were before or after the actual start and end of the exercise in the numeric column. In the individual
filtering methods (increased acceleration above the value of 1, 2 and 3 ms-2), incorrect detection of the
beginning and end of the exercise also occurred due to the test subject's involuntary movements between the
repetitions. In the burpeeendl detection method, altogether 20 of the 60 burpee repetitions observed were
incorrectly identified. The detection of the beginning of the exercise showed a deviation ranging from -885 to
1577 values with an average of 247 values; the deviation in the detection of the exercise end ranged from -1924
to 1337 values with an average of 122 values. In burpeeend2, a total of 9 burpee repetitions were misidentified.
The detection of the beginning of the exercise showed a deviation ranging from -6 to 1437 values with an
average of 157 values; the deviation in the detection of the exercise end ranged from -610 to 1437 values with an
average of 113 values. All burpee repetitions were correctly identified in the burpeeend3 method. The detection
of the beginning of the exercise showed a deviation ranging from -6 to 93 values with an average of 7 values; the

deviation in the detection of the exercise end ranged from -146 to 174 values with an average of 7 values (Fig.
4).
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Fig. 4 Deviations from the actual state when filtering the acceleration values
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After the comparison of the actual number of values belonging to the individual burpee repetitions identified by
video analysis (RE) and the number of values filtered by smoothing the moving average, the burpeeendl and
burpeeend2 method (E1, E2) did not show significant agreement ICC p > .05. In the burpeeend3 method (E3),
the number of values was almost identical to the actual conditions ICC = .98, CI .91 - .99, F(59,59) = 19.21, p <
.01. When comparing the intensity, the burpeeendl method did not show a significant agreement with the actual
conditions ICC p > .05. The burpeeend2 method demonstrated significant agreement ICC = .76, CI .59 - .86,
F(59,59) =4.12, p < .01. In the burpeeend3 method (E3), the resulting intensity was almost identical to the actual
conditions ICC = .99, CI .98 - .99, F(59,59) = 90.21, p < .01., as was the case in the number of values. The
dependence between the number of values and the resulting intensity of the exercise was demonstrated with
actual values r (118) = -.82, p < .01 as well as with the method of filtering the burpeeend3 values r (118) = -.80,
p <.01 (Tab. 1).

Table. 1 Number of values and intensity of the English squat with different detection methods and
their comparison

M SD Min Max ICC r

Number of values
RE 599.20 95.36 461 941
El 724.03 244.90 222 1432 RE-E1 N.S.
E2 642.85 160.71 172 1180 RE-E2 N.S.
E3 598.57 86.77 454 837 RE-E3 ** RE-RE **
Intensity E1-E1 N.S.
RE 7.79 1.65 4.06 11.37 E2-E2 N.S.
El 434 3.00 0.17 10.31 RE-EI N.S. E3-E3 **
E2 6.76 2.34 0.32 10.71 RE-E2 **
E3 7.79 1.58 431 10.85 RE-E3 **

Notes: RE - number of values and intensity determined according to video analysis, E1 - number of values and
intensity determined according to the burpeeendl method, E2 - number of values and intensity determined
according to the burpeeend2 method, E3 - number of values and intensity determined according to the
burpeeend3 method

Dicussion

The aim of our study was to analyze acceleration values during the Burpee and propose an algorithm for
its detection. Our work is the first one that deals with this exercise in such detail. Our research has been focusing
on the burpee for quite some time. It is mainly due to the complexity of this exercise and the possibility to
influence its strength and endurance potential. Another advantage is the duration of the Burpee, which opens up
new possibilities in the design of short-interval movement programs. In the past, we focused on the use of the
Burpee in fitness training (Siska, 2017; Siska, 2020) and we investigated the time and intensity required to
perform the exercise, but the data acquisition process was complicated in terms of the necessary equipment. We
wanted to find an easier way to diagnose performance in this exercise, and the mobile phone turned out to be the
perfect choice. The PHYPHOX app offers trouble-free recording of acceleration values, which can be exported
into the csv format, which is readable in MS Excel. Attaching the phone to the body using a commonly available
case is also very easy.

If we focus on the Burpee as part of a diagnostic test, the methodology of execution varied. In Kojic
(2021) and Podstawski (2013, 2019), the burpee was executed without the push-up into the plank on outstretched
arms, no jump was done afterwards and the exercise ended with a transition to an upright position with a hand
clap above the head. Although the methodology was not described in detail, Moura (2016) used Burpees both
with the push-up and jump. Similarly, in Perez-ifran (2022) and Mayr Ojeda (2022), the burpee was performed
in its entirety with the push-up and jump. In our research, we decided to perform the burpee with a jump, but we
instructed the test subjects not to raise their arms above their heads. Similarly, the test subject didn't have to do a
push-up and could have his/her arms extended or slightly bent during the plank phase. This variant was chosen
because of its speed, which was our focus. A slight bending of the arms activated the spring mechanisms and the
test subjects could develop a higher intensity. The intensity parameter seems crucial to us especially if the
exercise is always performed only after a single repetition, but with maximum effort. In this case, the logical
decision was to monitor the acceleration during the exercise.

Based on our unpublished preliminary research, we conclude that the acceleration values recorded by
the PHYPHOX app reflect the intensity of the exercise fairly well, but we could not determine exactly which
values correspond to the individual body positions and precisely define the beginning and end of the exercise.
This was the main reason for carrying out our research. The assumptions from the preliminary measurements
were confirmed and the course of the acceleration during the exercise reflected the intensity of execution. The
test subjects were instructed to perform the first Burpee slowly, the second one quickly, and the third one with
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maximum effort. Not all test subjects performed the exercise according to these instructions, but the graph shows
clear differences between the repetitions. However, our current research was not focused on different intensities
because these were not its main goal, and will be assessed in detail in upcoming research. For greater clarity, we
divided the exercise into individual phases, which show that the highest acceleration values are achieved when
the palms hit the floor and the feet lose contact with the floor. The transition to the push-up and to the squat was
the least intense. High acceleration values were also observed in the third phase, which had the highest intensity.
The most essential task for our subsequent research was to be able to quickly filter out the data representing the
Burpee. We managed to achieve this goal by smoothing the values using a moving average. Although there are
many approaches to identify and recognize motor activity based on neural networks, artificial intelligence, etc.
(Brezmes, 2009; Khan, 2010; Gupta, 2022; Kulsoom, 2022), we wanted to work further with the data and
therefore decided to work in MS Excel.

At the beginning of the research, we tackled the issue of simultaneously seeing the exercising test
subject and the phone screen in a format that allows us to identify the acceleration values. We connected the
phone to the computer with a data cable and displayed the screen content using Screencopy. Then, using a
projector, we displayed the data from the phone on a screen placed next to the exercising test subject. The second
issue was related to the assignment of exported values in MS Excel to individual body movements. We created
an auxiliary timeline based on the time data from the accelerometer, but this timeline did not exactly match the
timeline from the video recording due to the different frequency of the recording. The application recorded 200
values per second and the video was recorded at 120 frames per second. In case of time data mismatch, we
worked with the value that was currently displayed on the video recording. The detection algorithm was
designed as follows: the values recorded by the PHYPHOX app were inserted into the first MS Excel column,
the smoothed values were inserted in the next 9 columns, the detections of the beginning and end of the exercise
were shown as true/false in the next two columns, and the next column contained the specific lines where the
exercise started and ended. In the last column, the average of the values corresponding to one burpee repetition
was calculated. The individual methods of detection (burpeeendl, 2, 3) showed significant differences. The
burpeeend! and burpeeend2 method identified all repetitions correctly, but also marked the burpee values
incorrectly, and this resulted in enormous deviations from the actual state. We considered only the first 60
detected repetitions in the analysis. The burpeeend3 method showed high consistency, it identified all the
repetitions correctly, and the deviations from the actual state were acceptable. According to the video analysis,
there were from 461 to 941 values per Burpee, which corresponded to an intensity from 4.06 ms”(-2) to 11.37
ms”(-2). In the case of burpeeend3, we reached almost identical results and the resulting significant correlations.
With this method, we were able to identify 99% of the data corresponding to the burpee, but this finding will
definitely have to be verified on a larger sample. We hypothesized that the faster the burpee (fewer
corresponding values), the higher the intensity, which was also confirmed by the actual values identified in the
video analysis as well as by the burpeeend3 method, but not absolutely. This finding suggests that the intensity
may slightly differ even when the burpees are performed at the same speed.

Conclusions

We conclude that we managed to analyze the course of acceleration during the Burpee. With the help of
video analysis, we were able to identify the individual phases and the total length of the Burpee, and we
determined its intensity as an average of the corresponding values.

We found a way to quickly filter the values representing the Burpee. The intensity of Burpee, which
was calculated based on video analysis and using the moving average smoothing, was a 99% match. The
research results will be used to diagnose specific motor performance.

This paper is part of the VEGA 1/0482/21 research grant "Standardization of specific short-interval load as a
motor test of strength-endurance abilities in combat sports"”

Conflicts of interest - If the authors have any conflicts of interest to declare.
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