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Abstract

:

Featured Application


During sports training, it is relevant to monitor performance parameters, as, for example, stroke and kick count in swimmers. However, as stroke number can be detected by using a wearable “swim stroke meter”, the number of kicks is usually detected by acquiring video images, which requires dedicated staff. The availability of a wearable kick-count device may be an opportunity to better monitor swim performance also during individual training.




Abstract


Monitoring sports training performances with automatic, low cost, low power, and ergonomic solutions is a topic of increasing importance in the research of the last years. A parameter of particular interest, which has not been extensively dealt with in a state-of-the-art way, is the count of kicks during swimming training sessions. Coaches and athletes set the training sessions to optimize the kick count and swim stroke rate to acquire velocity and acceleration during swimming. In regard to race distances, counting kicks can influence the athlete’s performance. However, it is difficult to record the kick count without facing some issues about subjective interpretation. In this paper, a new method for kick count is proposed, based on only one triaxial accelerometer worn on the athlete’s ankle. The algorithm was validated on data recorded during freestyle training sessions. An accuracy of 97.5% with a sensitivity of 99.3% was achieved. The proposed method shows good linearity and a slope of 1.01. These results overcome other state-of-the-art methods, proving that this method is a good candidate for a reliable, embedded kick count.
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1. Introduction


The production of lightweight, low-cost, and widespread inertial sensors suitable to be embedded in wearable devices has led to their systematic use to monitor, in an unobtrusive way, human posture and motion in several fields such as assisted living [1,2,3,4,5,6], fitness tracking [7,8], and sports [9]. In the latter, the study of human body movements had great improvements in research, allowing the measurement of performance [10,11,12]. Several sports have successfully taken advantage of the use of inertial sensors, i.e., gyroscopes, accelerometers, and magnetometers, often included in a unique device identified as the inertial measurement unit (IMU) [13]. First applications of these technologies in swimming date back to the early 2000s when arm stroke motion and fatigue were monitored with a triaxial accelerometer and gyroscope attached to the wrist joint of the swimmers [14]. Since then, several studies reported in the literature have supported coaches in comprehensive monitoring of the performance of their athletes to develop and refine a training model. For example, in [15] numerous kinematic variables related to propulsion, posture, efficiency, and duration/rate of motion in four main swimming phases (wall push-off, glide, stroke preparation, and swimming) were extracted from an IMU attached to the sacrum. An IMU worn on the wrist or the upper-back was used to discriminate among the different swimming styles in [16,17], whereas in [18] the type of stroke and wall push-offs were detected by deriving pitch and roll angles from an accelerometer mounted on the swimmer’s goggles. In [19], a systematic review of the research studies investigating the use of IMU technology for swimming analysis was presented. As it can be seen, several studies centered on the stroke count, stroke rate, stroke phase, acceleration patterns, distance per stroke, stroke identification, lap time, lap count, acceleration, and velocity. However, few researchers have investigated the utility of inertial sensors to quantify kick count. Evidence shows that kick count should be considered during swimming, especially in freestyle, in which high acceleration and velocity can be achieved by adjusting the swim stroke/kick rate [20]. Particularly, the higher kicking favors buoyancy, hydrodynamics, and speed during swimming. In addition, the information on kick counting can allow coaches to define training programs that condition the legs properly to meet the demands of kicking during the competition.



Evaluating a swimmer’s kick is difficult when observing above water, due to the water turbulence and mass of white water associated when kicking. Moreover, developing and testing an automated algorithm can be useful, such as by integrating this feature into an embedded system that is able to automatically count the kicks during the training sessions and give direct and rapid feedback to the athletes and coaches.



In the literature, few papers have reported a system capable of automatically counting kicks. In [21] the validity and reliability of the kick count through a gyroscope were evaluated. In this case, four gyroscopes were exploited on the left and right thigh and shank. In [22] the kick-count information was provided using a wireless sensor network that included eight end-devices (EDs) transmitting data wirelessly to an access point connected to a PC through an RS232 connection. The ED was worn on a belt on the back of the swimmer and integrated a triaxial gyroscope and a triaxial accelerometer. Only the data from the latter (limited to one axis) was used for the computation of the kick count, applying a threshold algorithm.



The present study aims to develop and validate an algorithm for the evaluation of the number of kicks performed by a swimmer during a training phase. The algorithm is suitable for embedded and real-time processing on a microcontroller-based device. The system exploits only one sensor (a triaxial accelerometer) worn on the ankle to maximize the athlete’s comfort, the system power consumption, and the costs. The implemented algorithm results are independent of how the sensor is worn.



The paper is organized as follows: in Section 2 the methodology is presented, in Section 3 the results are reported and discussed and, finally, in Section 4 conclusions are drawn.




2. Materials and Methods


2.1. Data Collection


To test the capability of the proposed system to accurately recognize the swimming kick gesture in a real scenario, data from 8 professional triathlon athletes (Table 1) were recorded during freestyle swimming training at self-selected speed in a 25 m swimming pool available inside the sports facilities of the University of Parma campus. Each athlete performed two training sessions on two different days and, for each, a total of 400 m was acquired.



Since to acquire the data an engineered waterproof device was needed, a commercial device was selected for this purpose. A Garmin Forerunner 735XT device was exploited as the inertial sensor and it was applied to the right ankle of each athlete. It integrates a triaxial accelerometer and a triaxial magnetometer and it is waterproof up to 5 atm. A custom app was designed to access the collected raw data on the Garmin, and the sampling frequency was set to the maximum allowed, i.e., 25 Hz and 1 Hz for the accelerometer and magnetometer, respectively. These values are suitable for a correct evaluation of human movements during swimming [19].



To assess the ground truth, each athlete’s swimming session was also recorded by a volunteer outside the swimming pool with a GoPro camera. In Figure 1, a frame from one of the videos is shown.




2.2. Data Processing


To detect a kick event, data coming from the accelerometer were processed and the Fraden–Neuman algorithm was applied [23]. This algorithm was introduced for the detection of QRS complexes in electrocardiographic (ECG) signals and it is based on applying suitable thresholds on the amplitude and the first derivative of the signal to be analyzed. The choice of a low computational complexity algorithm is advantageous for future embedded implementation and real-time operation. In this work, the thresholds were adapted to the accelerometer signals to detect the kicks of the athletes.



In the first step, the input signal x(n) was rectified so that:


  𝑦 0 ( 𝑛 ) =   x  n     



(1)







It is worth noting that x(n) means a generic input signal without any reference to a particular component (x-y-z axis). Indeed, the algorithm was independently applied to all three components and the related results were evaluated. Then, a low-level clipper operation was applied to have:


𝑦1(𝑛)=𝑦0(𝑛) if 𝑦0(𝑛)≥ th1



(2)






𝑦1(𝑛)= th1 if 𝑦0(𝑛)< th1








where th1 was set to 40% of the maximum value of the input signal. This value was experimentally tuned to detect a kick event with maximum accuracy.



Finally, the same threshold th1 was applied to the y_d(n) signal, which is the difference quotient of y1(n) computed over the sampling time: if y_d was greater than th1, a kick event was detected. In Figure 2 an example of the signals involved in the algorithm is shown.



This algorithm was applied to the three axes of the accelerometer to verify which axis or which combination of axes guaranteed the highest accuracy.



Data coming from the magnetometer were exploited to assess when an athlete changed direction during the swim (i.e., to count the laps). In addition, in this case, a threshold-based algorithm was applied. The magnetometer x-axis was considered since it is the one on which the contribution due to the forward movement of the athlete was most concentrated (Figure 1). The change of direction was detected when the magnetic field measured on the x-axis changed the sign.





3. Results and Discussion


In Figure 3 and Figure 4, examples of the captured signals for an athlete are reported.



In Figure 3, data related to two pool lengths of a swimming session are shown. The kicks are clearly recognizable as a regular repetition of a precise pattern. It is also possible to observe an intermediate period that does not present such regularity, relating to the athlete’s change of direction.



In Figure 4, the change of direction is observable as a change in the sign of the magnetometer x-axis signal. It is worth noting that this is independent of how the smartwatch was worn. Indeed, since the watch was fixed to the ankle through the strap, any reversal of the sensor would only lead to an inversion of the signal sign without any change in the output of the algorithm. Detecting when an athlete finished a lap and started a new one was not directly related to the main purpose of this work, which is to present a new method for counting kicks during swimming training sessions. However, it can be useful to better analyze the data obtained and compute some parameters such as, for example, the error obtained in the count considering a predetermined distance (e.g., 100 m).



The modified Fraden–Neuman algorithm was applied to all three accelerometer axes. In Figure 5, the result obtained from processing data shown in Figure 3 is reported. The blue line is the difference quotient y_d(n). This was computed as the difference between subsequent samples of the signal y1(n) over the sampling time. The red crosses represent a detected kick.



As it can be noted from a preliminary visual analysis, the x-axis resulted in a poor performance in recognizing kicks, whereas in the y-axis and z-axis the kicks were more likely to be detected.



To evaluate the validity of the detection, the recorded videos were examined as they are considered the gold standard. The timing of the video footage was synchronized with the accelerometer raw data, and each kick detected by the algorithm was verified in the video. Moreover, the presence of a kick in the video not detected by the algorithm was also assessed.



To evaluate the algorithm, performance, accuracy, sensitivity, and specificity were considered. Accuracy can be computed as:


  A c c =   T P s + T N s   T P s + T N s + F P s + F N s    



(3)




where TPs are the true positives, TNs are the true negatives, FPs are the false positives, and FNs are the false negatives. TPs refer to the case in which the algorithm detected a kick and the kick was present in the video, whereas TNs relate to the absence of kicks in the processed data and the video. Finally, FPs and FNs are kicks detected by the algorithm that are absent in the video, and kicks not detected by the algorithm but are present in the video, respectively.



Sensitivity (i.e., TP rate) can be computed as:


  S e n =   T P s   T P s + F N s    



(4)




whereas the specificity (i.e., TN rate) can be computed as:


  S p e =   T N s   T N s + F P s    



(5)







It is worth noticing that, due to the nature of the signals involved in the experiments, it was impossible to count the TNs. Indeed, the absence of a kick is a time interval without kick events, and it is impossible to be quantified in a number. For this reason, the specificity was excluded from the performance parameters evaluated.



In Table 2, the accuracy and sensitivity were reported for each axis.



As expected, the y-axis resulted in the best performance, whereas the x-axis and z-axis did not have sufficient accuracy, despite showing a high sensitivity. However, the average accuracy on the y-axis resulted in 93.81%, with an average sensitivity of 98.7%. Notwithstanding, the x-axis and z-axis provided bad results, especially regarding some athletes’ tests; these data can be exploited to further improve the results on the y-axis. Indeed, it has been noted that in some cases, when the algorithm failed to detect a kick on the y-axis, it was still correctly detected on one of the other two axes. Following this observation, the performances were evaluated by combining a logic OR with the result of the algorithm applied on each of the three axes. The results are reported in Table 3.



Combining all three axes, an average accuracy of 97.5% was achieved with an average sensitivity of 99.33%. It is worth noting that using the three axes also makes the analysis independent of how the sensor was worn. An average error of two kicks every 100 m was computed among all training sessions.



In Figure 6, the inertial sensors count vs. the gold standard is shown. In the optimal case, the regression line has a slope equal to one and an intercept equal to 0.



The linear regression was carried out using the MATLAB curve fitting tool, setting a robust fitting method and minimizing the least absolute residuals (LAR). Robust regression is less sensitive to outliers and the resulting model is less dependent on large changes in a small part of the data. As it can be seen, the curve fitting results had a very good linearity with an R2 of 0.9986. The slope of the line was 1.01, resulting in a relative error in the slope line of 1%.



The result obtained can be compared with results from the literature, showing some advantages. In [21] an algorithm was applied to a gyroscope to demonstrate the validity and the reliability of counting the kicks during a training session using inertial sensors. In this study, accuracy and sensitivity were not reported. However, the authors evaluated the goodness of the fit between the inertial sensor results and the kicks counted in the video footage, resulting in an R2 of 0.957 with a slope of the line of 0.9101. The relative error on the slope line was 9%, much higher than that found in this study. Moreover, a future embedded implementation that relies on an algorithm based on only an accelerometer can lead to lower power consumption and a less expensive solution. Indeed, the stand-alone accelerometer solutions usually have a lower current consumption and costs concerning both stand-alone gyroscopes and integrated IMUs [24,25].



In [22] a threshold algorithm for the kick count and kick rate based on only accelerometric data was reported. In this case, the accelerometer was worn on the swimmer’s back. However, even if the kick rate can be effectively measured with their approach, a very low accuracy (about 49%) in kick count was reported. The authors justified these results with the fact that the swimmers were not in a perfect horizontal position during the training, and their algorithm was very sensitive to the athlete’s position with respect to the vertical plane.



Hence, the approach proposed in this study shows a good accuracy with respect to other studies already presented in the literature, and it is prone to be developed as a low cost, low power, and ergonomic embedded solution.




4. Conclusions


In this paper, a new approach for kick count during a freestyle swimming training session is presented. This solution is based on only one accelerometer sensor worn on the athlete’s ankle. The algorithm is an adaptation of the Fraden–Neuman algorithm, which is traditionally used for detecting QRS complexes in ECG data. The proposed approach was tested on data collected during the training sessions of eight triathletes on two different days. Video recordings of the training were available as the gold standard. Since the training was performed in a 25 m swimming pool, an engineered waterproof device was needed. For this reason, a Garmin Forerunner 735XT was exploited. In order to comprehensively evaluate the effectiveness of the algorithm using parameters such as accuracy and sensitivity, a synchronization of the raw data collected from the accelerometer and the video footage was performed.



During this study the proposed algorithm was applied independently to all three axes of the accelerometer; it was proven that using the combination of the three results through a logical OR function leads to an improvement in the performance. An average accuracy of 97.5% and an average sensitivity of 99.3% were obtained. Moreover, the linearity of the relationship between the kick count with the proposed method and the ground truth was evaluated, finding an R2 parameter of 0.9986 and a slope for the line of 1.01. These results improve on the state-of-the-art methods, proving that this work is suitable as a reliable and accurate method for obtaining the kick count during training. In the future, a complete embedded implementation is planned to integrate this work in a stand-alone, ergonomic solution.







Author Contributions


Conceptualization, L.A., G.G., V.B. and I.D.M.; methodology, V.B.; software, V.B.; validation, L.A., V.P. and V.B.; formal analysis, V.B.; investigation, L.A., V.P. and V.B.; resources, G.G. and I.D.M.; data curation, V.B.; writing—original draft preparation, L.A., V.P., V.B. and I.D.M.; writing—review and editing, G.G., V.B. and I.D.M.; supervision, G.G. and I.D.M.; funding acquisition, G.G. and I.D.M. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Institutional Review Board Statement


The study was conducted in accordance with the Declaration of Helsinki, and approved by the Ethics Committee of Area Vasta Emilia Nord (AVEN) (protocol code 1384/2020/SPER/UNIPR TRIKICK, date of approval 13 April 2021).




Informed Consent Statement


Informed consent was obtained from all subjects involved in the study.




Data Availability Statement


The data are available on request to the corresponding author.




Acknowledgments


We would like to thank Marco Bassoli for his contribution to the experimental part of this research and the students Gabriele Sechi and Luca Zanantoni for their help in the data analysis. Finally, we are grateful to all the swimmers who participated in this study.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Davis, K.; Owusu, E.; Bastani, V.; Marcenaro, L.; Hu, J.; Regazzoni, C.; Feijs, L. Activity Recognition Based on Inertial Sensors for Ambient Assisted Living. In Proceedings of the 19th International Conference on Information Fusion (FUSION 2016), Heidelberg, Germany, 5–8 July 2016; pp. 371–378. [Google Scholar]

	



Cicirelli, G.; Marani, R.; Petitti, A.; Milella, A.; D’Orazio, T. Ambient Assisted Living: A Review of Technologies, Methodologies and Future Perspectives for Healthy Aging of Population. Sensors 2021, 21, 3549. [Google Scholar] [CrossRef] [PubMed]

	



Bianchi, V.; Grossi, F.; De Munari, I.; Ciampolini, P. MuSA: A Multisensor Wearable Device for AAL. In Proceedings of the 2011 Federated Conference on Computer Science and Information Systems (FedCSIS 2011), Szczecin, Poland, 18–21 September 2011; pp. 375–380. [Google Scholar]

	



Ariza-Colpas, P.P.; Vicario, E.; Oviedo-Carrascal, A.I.; Butt Aziz, S.; Piñeres-Melo, M.A.; Quintero-Linero, A.; Patara, F. Human Activity Recognition Data Analysis: History, Evolutions, and New Trends. Sensors 2022, 22, 3401. [Google Scholar] [CrossRef]

	



Serpush, F.; Menhaj, M.B.; Masoumi, B.; Karasfi, B. Wearable Sensor-Based Human Activity Recognition in the Smart Healthcare System. Comput. Intell. Neurosci. 2022, 2022, 1391906. [Google Scholar] [CrossRef]

	



Kristoffersson, A.; Lindén, M. A Systematic Review of Wearable Sensors for Monitoring Physical Activity. Sensors 2022, 22, 573. [Google Scholar] [CrossRef] [PubMed]

	



Aroganam, G.; Manivannan, N.; Harrison, D. Review on Wearable Technology Sensors Used in Consumer Sport Applications. Sensors 2019, 19, 1983. [Google Scholar] [CrossRef] [PubMed]

	



Perez, A.J.; Zeadally, S. Recent Advances in Wearable Sensing Technologies. Sensors 2021, 21, 6828. [Google Scholar] [CrossRef] [PubMed]

	



Rana, M.; Mittal, V. Wearable Sensors for Real-Time Kinematics Analysis in Sports: A Review. IEEE Sens. J. 2021, 21, 1187–1207. [Google Scholar] [CrossRef]

	



Chambers, R.; Gabbett, T.J.; Cole, M.H.; Beard, A. The Use of Wearable Microsensors to Quantify Sport-Specific Movements. Sports Med. 2015, 45, 1065–1081. [Google Scholar] [CrossRef] [PubMed]

	



McGrath, J.; Neville, J.; Stewart, T.; Cronin, J. Upper body activity classification using an inertial measurement unit in court and field-based sports: A systematic review. J. Sports Eng. Technol. 2021, 235, 83–95. [Google Scholar] [CrossRef]

	



Alanen, A.M.; Räisänen, A.M.; Benson, L.C.; Pasanen, K. The use of inertial measurement units for analyzing change of direction movement in sports: A scoping review. Int. J. Sports Sci. Coach. 2021, 16, 1332–1353. [Google Scholar] [CrossRef]

	



Taborri, J.; Keogh, J.; Kos, A.; Santuz, A.; Umek, A.; Urbanczyk, C.; van der Kruk, E.; Rossi, S. Sport biomechanics applications using inertial, force, and EMG sensors: A literature overview. Appl. Bionics Biomech. 2020, 2020, 2041549. [Google Scholar] [CrossRef] [PubMed]

	



Ohgi, Y. Microcomputer-based Acceleration Sensor Device for Sports Biomechanics—Stroke Evaluation by using Swimmer's Wrist Acceleration. Proc. IEEE Sens. 2002, 1, 699–704. [Google Scholar]

	



Hamidi Rad, M.; Aminian, K.; Gremeaux, V.; Massé, F.; Dadashi, F. Swimming Phase-Based Performance Evaluation Using a Single IMU in Main Swimming Techniques. Front. Bioeng. Biotechnol. 2021, 9, 793302. [Google Scholar] [CrossRef] [PubMed]

	



Slawson, S.E.; Justham, L.M.; Conway, P.P. Characterizing the swimming tumble turn using acceleration data. J. Sports Eng. Technol. 2012, 226, 3–15. [Google Scholar] [CrossRef]

	



Hou, P. The study on swimming exercises based on 3D accelerometer data analysis. Int. J. Adv. Comput. Technol. 2012, 4, 239–245. [Google Scholar]

	



Pansiot, J.; Lo, B.; Guang-Zhong, Y. Swimming Stroke Kinematic Analysis with BSN. In Proceedings of the IEEE International Conference on Body Sensor Networks (BSN), Singapore, 7–9 June 2010; pp. 153–158. [Google Scholar]

	



Mooney, R.; Corley, G.; Godfrey, A.; Quinlan, L.R.; ÓLaighin, G. Inertial Sensor Technology for Elite Swimming Performance Analysis: A Systematic Review. Sensors 2016, 16, 18. [Google Scholar] [CrossRef] [PubMed]

	



Silveira, R.P.; de Souza Castro, F.A.; Figueiredo, P.; Vilas-Boas, J.P.; Zamparo, P. The Effects of Leg Kick on Swimming Speed and Arm-Stroke Efficiency in the Front Crawl. Int. J. Sports Physiol. Perform. 2017, 12, 728–735. [Google Scholar] [CrossRef] [PubMed]

	



Fulton, S.K.; Pyne, D.B.; Burkett, B. Validity and reliability of kick count and rate in freestyle using inertial sensor technology. J. Sports Sci. 2009, 27, 1051–1058. [Google Scholar] [CrossRef] [PubMed]

	



Le Sage, T.; Conway, P.; Slawson, S.; West, A. Development of a wireless sensor network for use as an automated system for monitoring swimming starts. J. Sports Eng. Technol. 2013, 227, 184–195. [Google Scholar] [CrossRef]

	



Fraden, J.; Neuman, M.R. QRS wave detection. Med. Biol. Eng. Comput. 1980, 18, 125–132. [Google Scholar] [PubMed]

	



Analog Devices Inc. Website. Available online: www.analog.com (accessed on 5 May 2022).

	



ST Microelectronics Website. Available online: www.st.com (accessed on 5 May 2022).








[image: Applsci 12 06313 g001 550] 





Figure 1. Example of set-up for data collection. The inertial sensor was placed on the right ankle and the ground truth was provided by a recorded video. 
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Figure 2. Example of the algorithm signals. 
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Figure 3. Example of the output of the three-axes accelerometer sensor during two laps of a training session. In the boxes, examples of a kick event on the three axes are underlined. 






Figure 3. Example of the output of the three-axes accelerometer sensor during two laps of a training session. In the boxes, examples of a kick event on the three axes are underlined.



[image: Applsci 12 06313 g003]







[image: Applsci 12 06313 g004 550] 





Figure 4. Example of the output of the x-axis of the magnetometer sensor during a training session (16 laps). 
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Figure 5. Example of processing with the modified Fraden–Neuman algorithm. 
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Figure 6. Relationship between the kick count acquired with the accelerometer and the kicks counted in the video footage for each test. 
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Table 1. Gender, age, height, weight, and BMI of athletes recruited in the study.
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	Athlete Number
	Gender
	Age (years)
	Height (m)
	Weight (kg)
	BMI





	1
	M
	35
	1.84
	74.8
	22.1



	2
	M
	24
	1.75
	65.7
	21.5



	3
	M
	26
	1.75
	65.2
	21.3



	4
	M
	24
	1.75
	68.8
	22.5



	5
	F
	26
	1.66
	53
	19.2



	6
	M
	31
	1.77
	71
	22.7



	7
	M
	28
	1.75
	66
	21.6



	8
	M
	19
	1.78
	68
	21.5







M = male, F = female, BMI = body mass index.
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Table 2. Accuracy and sensitivity of the developed algorithm applied on each axis.
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Test ID

	
x-Axis

	
y-Axis

	
z-Axis




	
Athlete Number

	
Test Number

	
Acc [%]

	
Sen [%]

	
Acc [%]

	
Sen

	
Acc [%]

	
Sen [%]






	
1

	
1

	
69.5

	
100

	
98.2

	
99.80

	
71.10

	
99.8




	
1

	
2

	
73.6

	
99.8

	
84.3

	
100

	
62.80

	
99.5




	
2

	
1

	
36.6

	
100

	
99.4

	
100

	
57.6

	
99.8




	
2

	
2

	
62.8

	
100

	
99.6

	
100

	
59

	
100




	
3

	
1

	
42.6

	
97.5

	
89.9

	
94.3

	
80.4

	
99.8




	
3

	
2

	
56.2

	
100

	
84.7

	
94.9

	
56.7

	
95




	
4

	
1

	
59.3

	
100

	
98.5

	
99.4

	
83.3

	
99.3




	
4

	
2

	
54.2

	
100

	
98.7

	
100

	
93.3

	
100




	
5

	
1

	
0

	
0

	
98.7

	
99.1

	
71.7

	
98.9




	
5

	
2

	
85.7

	
3.4

	
98.7

	
99.8

	
76.7

	
99.8




	
6

	
1

	
88.7

	
99.3

	
96.6

	
98.1

	
41.6

	
60.3




	
6

	
2

	
86.7

	
99.3

	
99.7

	
99.7

	
63

	
67




	
7

	
1

	
61.5

	
64.9

	
81.4

	
100

	
54.1

	
54.6




	
7

	
2

	
70.9

	
99.4

	
74.7

	
93.5

	
65.8

	
68.4




	
8

	
1

	
0

	
0

	
98.6

	
100

	
21.1

	
99.2




	
8

	
2

	
0

	
0

	
99.3

	
99.6

	
45

	
99.6
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Table 3. Accuracy and sensitivity of the developed algorithm applied on each axis and combined with a logic OR.
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Test ID

	
x-Axis or y-Axis or z-Axis




	
Athlete Number

	
Test Number

	
Acc [%]

	
Sen [%]






	
1

	
1

	
98.5

	
99.8




	
1

	
2

	
94.2

	
99.5




	
2

	
1

	
99.6

	
99.8




	
2

	
2

	
99.6

	
100




	
3

	
1

	
90.7

	
99.8




	
3

	
2

	
87.8

	
95




	
4

	
1

	
98.9

	
99.3




	
4

	
2

	
99.3

	
100




	
5

	
1

	
99.1

	
98.9




	
5

	
2

	
99.4

	
99.8




	
6

	
1

	
97.8

	
98.2




	
6

	
2

	
99.7

	
99.7




	
7

	
1

	
98.1

	
100




	
7

	
2

	
94.8

	
100




	
8

	
1

	
98.6

	
100




	
8

	
2

	
99.5

	
99.6
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