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Abstract: Athlete monitoring is a major field of interest for professional and recreational runners as 
well as for coaches to improve performance and reduce injury risk. The development of inertial 
sensors in recent years offers the opportunity to improve the number of monitored training sessions 
significantly. This research used a self-developed inertial sensor in conjunction with a motion 
tracking system and four smart bands to record the runner’s movement and extract parameters such 
as step numbers and frequencies. The data recorded were calibrated before it was high-pass filtered 
to remove gravity components from the signal. A peak detection algorithm was developed to find 
the number of steps, which have been further used to compare the different systems (IMU, motion 
capture, smart bands) and find their agreement. The results showed a very strong correlation 
between the IMU and the motion tracking system of r2 = 0.998, and an r2 = 0.996 between the IMU 
and one smart band. 
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1. Introduction 

The investigation of the performance of runners is of great interest for athletes and coaches. 
Technology used usually includes mostly video camera systems [1], GPS devices [2], and contact 
force plates [3]. Video camera systems are usually very difficult to install, to operate and very 
expensive. Additionally to the long setup process a time consuming digitization process has to take 
place before data analysis can be undertaken. Due to this complexity in conjunction with the low 
availability of this expensive systems, athlete tracking cannot be conducted for every training session. 
GPS devices allow the tracking of the exact point in the Euclidian space but they need a direct line of 
sight to the satellites which limits the use of these devices to outdoor training sessions. These GPS 
devices are also very costly which reduces its usage to professional athletes only. While major 
improvements in an athlete’s running style can be seen by an experienced trainer without the help of 
technical equipment, the trainer will need the help of this kind of equipment to investigate minor 
improvements in the athlete’s technique. 

In recent years smart bands have become more available majorly due to their reduction in 
weight, size, and price. These devices are capable of measuring the number of steps and use these 
values to estimate the calories burned and distance travelled during the run. The data is usually 
transferred to a smartphone which allows keeping a training record for the athlete. In contrast to 
these smart bands, accelerometers have been used by many researchers to find gait phases, lean 
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angles, accelerations, and velocities of runners [1,2,4,5]. There is no validation study, to our 
knowledge, which compared steps derived from smart bands with other measurement systems like 
IMU’s and motion tracking systems. 

This study aims to firstly compare the data collected from the IMU and the motion tracking 
system (considered gold standard in athlete monitoring) to find their agreement and secondly to 
compare data collected from four different smart bands with data collected from the other 
measurement systems to find the agreement. 

2. Methods 

2.1. Instrumentation 

This study used a custom designed inertial measurement unit (IMU) which contains a tri-axial 
accelerometer with a range of ±16 g, tri-axial gyroscope (2000 degrees per second), a tri-axial 
magnetometer and radio capabilities as the first reference system [6]. The IMU was set to record at a 
sampling rate of 100 Hz. A treadmill U.N.O. LTX6 Professional (Beny Sports Germany GmbH, 
Nuernberg, Germany [7]) was used as a second reference system. The four different smart bands used 
were: Fitbit Alta (Fitbit Inc, San Francisco, USA [8]), Samsung Gear Fit SM-R350 (Samsung Electronics 
GmbH, Schwalbach/Taunus, Germany [9]), Vidonn X6 (Vidonn Information Technology Co. Ltd., 
Shenzhen, China [10]), and Xiaomi MiBand 2 (Xiaomi Singapore Pte. Ltd., Singapore, Singapore [11]). 
The motion tracking system used in this research is consisting of 8 NaturalPoint OptiTrack Prime 13 
cameras (Natural Point Inc., Corvallis, OR, USA [12]) which were calibrated before the experiments 
were started and the motion tracking software Motive [13]. The motion tracking system was set to 
record at a sampling rate of 200 Hz. The IMU was attached at the center of an Optitrack Riged Body 
Base (Part number MCP1145) with three Optitrack M4 12.7 mm markers (Part number MKR127M4) 
attached to this base to form an trackable rigid body object. 

2.2. Data Collection 

Six participants (Table 1) with varying experience levels took part in this study which has been 
approved by a universities ethics committee. Data were collected in a laboratory. Each participant 
started with a low effort running trial which was basically used as a warm up run followed by another 
trial at low effort, two trials at medium effort and one trial at full effort each 5 min long. The speed 
of the running trial was set on the treadmill and was either 6	푚 푠⁄ –8 푚 푠⁄ –10 푚 푠⁄  or 8	푚 푠⁄ –10 푚 푠⁄ –
12 푚 푠⁄  for low–medium–full effort respectively. The efforts were chosen by the participants in 
agreement with their self-judged experience and capabilities. As this study investigated the different 
technologies rather than the different participants it can be assumed that the speed of the different 
trials could be neglected. 

Table 1. List of participants with their height, mass, experience, and gender. 

Participant Number Height (cm) Mass (kg) Experience Gender 
1 185 82 Novice Male 
2 161 67 Novice Male 
3 167 57 Novice Female 
4 176 89 Recreational Male 
5 171 62 Recreational Male 
6 166 65 Triathlete Female 

The IMU was attached to the sacrum of the participant by either using a belt or alternatively a 
velcro and special training pants. The vertical direction (aligned with the spine) was represented by 
ax, the mediolateral direction by ay, and the anterior-posterior (aligned with forward direction) by az. 
The smart bands were worn on the left lower arm in the order: FitBit, Vidonn, Samsung, and Xiaomi 
starting from the hand (Figure 1). 
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The measured distance and calories from the treadmill as well as the data recorded by the smart 
bands were manually recorded while the measured data from the IMU were downloaded wirelessly 
into MATLAB® at the end of each running trial. 

 
Figure 1. Smart bands and their order attached to the participants. 

2.3. Data Analysis 

The downloaded acceleration data collected by the IMU was firstly calibrated using a calibration 
method similar to the method described by Lai et al. [14] before it was high-pass filtered using a 
Hamming windowed FIR filter with a 0.5 Hz cut-off frequency as described by Stamm et al. [15]. This 
was done to remove the sensor orientation from the acceleration signal (gravity removal). Figure 2 
presents a data set recorded by the IMU of one running trial (participant 1, blue) with the overlapped 
filtered gravity component (red). 

 
Figure 2. Data recorded by the IMU (blue) with the overlapped gravity component (red). 

The vertical direction was further investigated to find the number of steps. This was achieved 
by applying a peak detection algorithm after the vertical direction data was filtered with a Hamming 
windowed FIR filter with a cut-off frequency of 5 Hz. This way, errors in the peak detection process 
were reduced. Figure 3 presents the vertical direction data (blue) at the start of one low effort trial 
with the filtered data overlaid (red) which was used for the peak detection algorithm. 

The data recorded by the motion tracking system were exported as a CSV file and imported into 
MATLAB® with the built-in import tool. Figure 4a shows the ay channel (which was aligned with the 
spine) of the imported data from the Motion Tracking system where the peak detection algorithm 
could be applied without any further pre-processing. The implemented peak detection algorithm was 
used to find the number of steps for both data sets before they were stored in an array for further 
analysis. A linear regression analysis (coefficient of determination) comparing the number of steps 
(all trials) extracted from the IMU and the motion tracking system was conducted to show the 
alignment of both methods (Figure 4b). Additionally a Bland-Altman analysis was carried out to 
compare the IMU and motion tracking measurements. Further on the steps of every smart band were 
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compared with the steps derived from the IMU in a similar way to find the agreement between the 
two methods. 

 
Figure 3. Vertical direction acceleration (blue) with the filtered acceleration data overlaid (red). 

  
(a) (b) 

Figure 4. (a) Vertical distance recorded by the Motion Tracking system in reference to the ground;  
(b) Regression analysis of IMU vs. motion tracking system. 

3. Results 

One trial had to be excluded from the data analysis due to a problem with the IMU. Three further 
trials showed problems with the step counters of two smart bands. This left a total of 29 running trials 
for further analysis as the problems with the smart bands occurred only for one smart band at any 
time, so data analysis could be carried out for all other smart bands. Table 2 presents the steps 
recorded by all devices for participant 4 as one example. 

Table 2. Recorded steps of all different devices for participant 4. 

Runner 4 Steps Recorded 
Trial IMU Motion Tracking FitBit Samsung Vidonn Xiaomi 

1 811 815 837 816 827 816 
2 833 831 830 837 828 840 
3 862 861 872 866 864 870 
4 837 837 846 836 830 837 
5 871 866 871 717 857 865 

Linear regression analysis of the comparison between the IMU and the motion tracking system 
(all conducted trials) showed that the two systems have a very strong agreement with a slope of 1.011 
and an r2 of 0.998 (Figure 4b). The intercept for all calculations was set to [0, 0] as all devices were 
measuring the same parameter (steps). 

Bland-Altman analysis was additionally used to find the agreement between these two methods 
(Figure 5). The result showed a bias of 3.86 with an upper limit of agreement of 17.8 and a lower limit 
of agreement of −9.99 with all data points inside the 95% confidence bounds. The sca ering around 
the bias is even and follows a normal distribution with a skewness of 0.65 and a kurtosis of 2.05 
(normal distribution is 3). Because of this very strong agreement, further data analysis was only 
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carried out with the number of steps derived from the IMU compared with the individual smart 
bands. Table 3 presents the agreement of the different smart bands with the IMU. 

Table 3 presents the results of the four different smart bands with their individual correlation 
coefficient and slope in regards to a set intercept of [0, 0]. It can be seen that the MiBand 2 from Xiaomi 
has the strongest agreement with the IMU with a slope of 1.006 and a correlation coefficient r2 of 
0.996. Only the FitBit Alta smart band shows another good correlation with a slope of 1.003 and an r2 
of 0.963. Figure 6 presents the regression analysis of all four smart bands. 

  
(a) (b) 

Figure 5. Statistical analysis of IMU vs. motion tracking measurements (a) Bland-Altman analysis (b) 
Histogram of calculated step differences. 

Table 3. Results of the linear regression analysis (steps) derived from the IMU vs. the other devices. 

Device 
IMU 

Slope r2 
Motion tracking 1.011 0.998 

FitBit 1.003 0.963 
Samsung 0.942 0.815 
Vidonn 0.906 0.769 
Xiaomi 1.006 0.996 

 

Figure 6. Regression analysis of IMU vs. smart bands. 

4. Discussion & Conclusions 

This research investigated the number of steps during running of different participants on a 
treadmill utilizing a motion tracking system, a self-developed IMU attached to the sacrum of the 
participant and four smart bands from different brands. 

The overall aim of this study was to validate the IMU sensor mounted at the lower back as being 
a replacement for a complex motion capture system. The comparison of the data sets derived from 
the IMU and the motion tracking system showed a very strong correlation (r2 = 0.998) therefore it can 
be assumed that both systems can detect the number of steps with the same accuracy. Therefore the 
data recorded by the different smart bands was compared with the IMU derived data only. The 
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results for the smart bands have been evaluated to be independent from the speed of the participant 
and trial. The validation of the four different smart bands showed that the Xiaomi MiBand 2 also had 
a very strong correlation of r2 = 0.996, the FitBit Alta had a strong correlation of r2 = 0.963, the Samsung 
Gear Fit had a good correlation of r2 = 0.815, and the Vidonn X6 had a good correlation or r2 = 0.769. 
Further individual analysis of the participants data was not undertaken as this study was focused on 
validating the accuracy of smart bands rather than the performance of an individual participant. 

It can be concluded that the IMU used in this study is the most appropriate substitute for the 
motion tracking system which is considered gold standard in athlete motion tracking. The accuracy 
of the Xiaomi smart band can be considered as good as the accuracy of the IMU and therefore can 
also substitute the motion tracking system in terms to find the number of steps during running. 

The grown availability of these small size and weight smart bands allow a wider use for each 
individual athlete. Nevertheless there are still large differences in accuracy of these devices, with 
some devices being capable of substituting more expensive laboratory equipment such as IMU’s or 
motion tracking systems. A good smart band therefore allows athletes or hobby sportsmen to 
relatively accurately track their training progress for every conducted training session. 
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