

  technologies-10-00072




technologies-10-00072







Technologies 2022, 10(3), 72; doi:10.3390/technologies10030072




Article



Two-Step Validation of a New Wireless Inertial Sensor System: Application in the Squat Motion



Mathias Blandeau *[image: Orcid], Romain Guichard[image: Orcid], Rémy Hubaut[image: Orcid] and Sébastien Leteneur[image: Orcid]





University Polytechnic Hauts-de-France, CNRS, UMR 8201 LAMIH, F-59313 Valenciennes, France









*



Correspondence: mathias.blandeau@uphf.fr







Academic Editor: Mario Munoz-Organero



Received: 28 April 2022 / Accepted: 2 June 2022 / Published: 9 June 2022



Abstract

:

The use of Inertial Measurement Units (IMUs) can provide embedded motion data to improve clinical application. The objective of this study was to validate a newly designed IMU system. The validation is provided through two main methods, a classical sensor validation achieved on a six-degrees-of-freedom hexapod platform with controlled linear and rotation motions and a functional validation on subjects performing squats with segmental angle measurement. The kinematics of the sensors were measured by using an optoelectronic reference system (VICON) and then compared to the orientation and raw data of the IMUs. Bland–Altman plots and Lin’s concordance correlation coefficient were computed to assess the kinematic parameter errors between the IMUs and VICON system. The results showed suitable precision of the IMU system for linear, rotation and squat motions.
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1. Introduction


The medical application of Inertial Measurement Units (IMUs) has been a growing field for more than a decade. The use of real-time motion analysis, human–computer interface or embedded motion capture, and the combination of small size, good reliability and low cost has convinced many researchers in biomechanics to use such systems. One recent application of this technology has been proposed within the Interreg NOMADe project (http://nomadeproject.eu/, accessed on 1 October 2019) to provide insight into the treatment and rehabilitation of people suffering from Neuro-Musculoskeletal Disorders (NMD). According to the World Health Organization, more than 1.7 billion people in the world suffer from NMD [1], and among them, more than 568 million suffer from low-back pain (LBP). Low-back pain is a symptom, not a disease, and can result from several different known or unknown abnormalities or diseases [2]. LBP is a defined pain location, typically between the lower rib margins and the buttock creases [3]. It is commonly accompanied by pain in one or both legs. With 70% to 85% of the population experiencing LBP during their lifetime [4,5], it represents a socio-economic cost estimated at several billion EUR/year [6,7,8] and an increased risk of early retirement as well as sick leave [9]. From a locomotor point of view, LBP sufferers are characterized by significant sagittal trunk lean modifications [10] associated with alterations in their orthostatic balance control [11,12] and gait [13]. Clinical evaluation of LBP patients has relied in part on the history of their complaint and the assessment of their physical condition [14]. Trunk motion is usually assessed by clinical tests such as the fingertips-to-floor test, Schöber test [15] or using inclinometers [16]. Unfortunately, the metrological reliability of these clinical tests remains low [17,18], and they do not allow for movement characterization over the entire range of motion [14]. In the context of clinical testing, using IMUs allows for the acquisition of quantitative motion information that can contribute to the completion of the clinical assessment and rehabilitation follow-up of patients with LBP.



Naturally, in order to avoid any unsuitable use of this system [19], a thorough validation of the IMU system is required. The IMU system created in the NOMADe project has been verified through experiments in previous work [20,21], but only with low-resolution methods (photogrammetry) and without a gold standard reference comparison (e.g., VICON optoelectronic system) for human motion. In order to be accepted by clinicians and used as a rehabilitation tool, the IMU system needs to be validated in comparison to a gold standard. Previous studies of the validity and reliability of wearable inertial sensors mainly focus on applications such as the study of walking [22] or whole-body kinematics [23,24], but seldom in the context of low-back pain rehabilitation.



Precision and accuracy of the sensors are always at the heart of validation papers and are usually assessed through the well-known Bland–Altman method [25]. To date, no standardized and validated protocol exists for sensor placement on the body [26]. It is thus crucial to assess the sensitivity of the motion system in this area, which is known to greatly alter the final kinematic results [27].



Previous research aiming at the validation of IMU systems can be grouped into two categories: (1) purely sensor validation, where the sensors are equipped on machines and submitted to arbitrary motions or static positions [28,29], and (2) segmental functional validation, where a single IMU is used to measure the orientation of one human segment [30,31]. One innovation of this article is to provide both validations in the same study.



The main application of IMUs of the NOMADe project is in the clinical field, particularly in the prevention and treatment of low-back pain. Burns et al. [32] demonstrated that in this context, 91% of therapy interventions were focused on strengthening the hip joint and 83% used the double-leg squat as a muscle-strengthening exercise. The squat motion combines angular motion of the thigh in three planes, and is thus relevant for motion capture validation. Moreover, the IMU system is designed to be used by clinicians without training in motion capture as a pure sensor (measuring only acceleration or angular speed of computed parameters such as kinetic energy [30] or entropy of acceleration signals [33]) or in combination with others to produce joint angles, as in [34]. Hence, the focus of this article is more based on the validation methodology rather than the complexity of potential clinical applications with several joint angles.



Our main goal with this paper was to provide a two-step validation of the gold standard of this new IMU system designed within the NOMADe project. Each step provides exhaustive information on the usage of the IMU system as a pure sensor (acceleration and angular speed) or a joint angle estimation system for motion capture in clinical conditions.




2. Materials and Methods


2.1. Participants


Fifteen healthy subjects (3 females, 12 males), all members of the laboratory (LAMIH UMR CNRS 8201), were recruited to participate in this study (see Table 1). Inclusion criteria were the absence of any neuro-musculoskeletal disorders in the past 6 months. The study was approved by Lille University’s ethics committee (reference number: 2021-523-S97).




2.2. Sensor Validation


The motion analysis system is composed of a Data-Capturing Unit (DCU) receiving the measured data of four wireless IMUs. Details of the IMU system are provided in previous work [35].



A hydraulic hexapod (Rexroth eMotion-2700, Bosch Group, Gerlingen, Germany) was used to perform the sensor validation through accurate, repeatable and controlled motions. This platform is composed of a rigid plate overlaying electrically driven linear servo actuators and six ball-screw spindles generating translation and rotation in the 3 planes of space.



A plywood board was fixed on the hexapod, and the four IMUs were aligned to the hexapod coordinate system and fixed to the board with a wooden casing (see Figure 1). Translations and rotations along the 3 axes were performed at 20%, 50% and 80% of the maximum linear and angular velocity (10 m/s2 and 400 deg/s2, respectively), respectively, and repeated three times.



Kinematics of 6 spherical retro-reflective markers placed on the board were measured with an optoelectronic system composed of 6 infrared VICON® cameras disposed around the wooden casing.




2.3. Functional Validation


To be consistent with the clinical practice [32], the double-leg squat motion was used for the functional validation procedure of the IMU system. For each participant, 13 spherical retro-reflective markers were placed over anatomical landmarks of the pelvis and right lower limb (see Figure 2). One IMU sensor was placed on the pelvis between left and right posterior superior iliac spine. One other IMU sensor was placed on the lateral face of the right thigh, aligned between the trochanter and lateral femoral condyle. Clusters of 3 markers were placed on each IMU to compute their orientation via the optoelectronic system.



Participants completed 3 squatting trials, each lasting 10 s. During each trial, they were asked to perform as many squats as possible, with the arms kept horizontal and maintaining a straight back. A squat was considered as completed when reaching an estimated 90° knee flexion angle. Each participant had the opportunity to train before the trials. A 30 s rest was given between each trial.



For this study, IMU sampling frequency was set to 50 Hz and the output data were orientation quaternion, angular velocity vector and acceleration vector. The reference system for the validation of the IMU system is an optoelectronic system composed of 13 infrared VICON® MX cameras with a sampling frequency scaled at the default sampling frequency of 100 Hz.




2.4. Data Processing


2.4.1. Filtering and Interpolation


Bluetooth data transfer was performed in the form of data packets containing 10 samples each, and occasionally, some packets were not transmitted. All acquisitions with more than 3 missing packets in a row were excluded and a new acquisition was performed. To correct missing packets, the IMU data were re-interpolated at 50 Hz.



Optoelectronic data were resampled at 50 Hz to be easily compared to the IMU data. VICON signals were filtered by a fourth-order Butterworth low-pass filter with a cut-off frequency of 6 Hz (as found in [34]), and IMU signals were filtered by a fourth-order Butterworth low-pass filter with a cut-off frequency of 20 Hz (as found in [36]).



All the data were coming from separated systems (IMU and VICON) and were not synchronous. A cross-correlation algorithm based on linear acceleration was developed to resynchronized all the motion data and to crop all time-series to the common parts (see Appendix A).




2.4.2. Linear Acceleration Computation


The acceleration measured by the IMU system is corrupted by the contribution of Earth’s gravity. To obtain the true linear accelerations of the IMU, one must subtract the gravity vector to the acceleration vector expressed in the global coordinate using the quaternion of orientation between the local coordinate system and the calibration reference system computed by the DCU [21]. First, we must compute the quaternion of gravity.


  Q    g G    =      0     0     0      − 9.81       .      1     i     j     k       



(1)




where  i ,  j  and  k  are the imaginary triplets at the core of quaternion computing. Similarly, we compute the quaternion of acceleration in the local coordinate system (linked to the IMU):


  Q    a  l o c     =      0       a x  l o c          a y  l o c          a z  l o c         .      1     i     j     k       



(2)







Hence, the quaternion of linear acceleration in the global reference system yields:


  Q      a G      l i n   =  Q  l o c / G   ⊗   Q    a  l o c       ⊗    Q  l o c / G    ¯  − Q    g G     



(3)




where    Q  l o c / G     is the quaternion of orientation between the local and global coordinates system,      Q  l o c / G    ¯    is the conjugates quaternion and  ⊗  is the operator for the quaternion product [37]. Going back to the linear acceleration vector in the local coordinate system, we obtain trivially:


  Q      a  l o c       l i n   =    Q  l o c / G    ¯  ⊗   Q      a G      l i n     ⊗  Q  l o c / G    



(4)








2.4.3. Thigh and IMU Sensor Orientation


From the markers applied on the thigh and pelvis, the symphision point, hip joint center and knee joint center were deduced using the regression equation [38]. These points are mandatory to compute the rotation matrix of the thigh, which was then transformed into yaw/pitch/roll angles using a ZYX mobile sequence [39].



The orientation angles of each IMU sensor can be deduced from    Q  l o c / G    , the quaternion orientation. The first step is to compute the rotation matrix of the sensor from the quaternion vector [37], followed by the yaw/pitch/roll angles’ computation explained above [39].





2.5. Data Analysis


The well-known Bland–Altman method [25] was used to obtain a visual representation of agreement between the reference and the measurement system to be validated. According to [40,41], the bias and limit of agreement (LOA) of the Bland–Altman method enables us to assess the correctness and fidelity of a new measurement system. The bias value represents the mean of the difference between systems, and the limits of agreement (LOA) are computed as the bias ± 1.96 times the error’s standard deviation.



Bias can be compensated when the difference shifts from positive to negatives values; hence, the precision is computed as the mean of absolute value of the difference to avoid such a phenomenon.



Lin’s concordance correlation coefficient (CCC) [42] was used in this study to obtain numerical information about the agreement between measurement methods. The CCC quantifies the difference between the abscissa points of a first dataset, the ordinate of a second one and the 45° line corresponding to the perfect agreement [43]. This coefficient is computed by taking the product between the Pearson correlation coefficient and a coefficient measuring the gap between the 45° line and the linear regression line. This CCC was chosen instead of the Intraclass Correlation Coefficient, which does not always give the same results depending on the computation method. A CCC between 0.71 and 0.80 is satisfactory, between 0.81 and 0.90 is fairly good, between 0.91 and 0.95 is very good and above 0.95 is excellent [43]. Finally, the squared Pearson’s correlation coefficient (r2) gives the quality of the linear model to represent the relationship between the two datasets.



The Bland–Altman plot and CCC were used for sensor validation, where linear acceleration and angular velocities were used from the reference system and compared to the IMU measurement. Likewise, for the functional validation, the yaw angle of the thigh computed with VICON was compared to that obtained from the IMUs on the thigh.



All the processing and statistical analyses were performed with MATLAB© R2020b software (The MathWorks, Natick, MA, USA).





3. Results


3.1. Sensor Validation


The results of the statistical analysis based on all hexapod motions are presented in Table 2; examples of Bland–Altman plots are presented in Figure 3 (linear acceleration) and Figure 4 (angular velocity). Regarding the accelerometer data, bias values are extremely low, and both linear regression and Lin’s CCC can be considered as excellent. Despite presenting slightly lower results, angular velocity concordance is still very good to excellent.




3.2. Segmental Functional Validation


Table 3 presents the statistical analysis results of the thigh yaw angle computed with VICON compared to the one obtained from the IMUs on the thigh (i.e., IMU 2, 3 and 4). Examples of Bland–Altman and linear regression plots are presented in Figure 5. Lin’s CCC is excellent.





4. Discussion


The main objective of the present paper was to validate the use of a new IMU system to improve clinical practice using objective measures without requiring expensive investments for physiotherapists. A two-part validation was followed to assess the quality of the measurement at different levels. The first part was a raw sensor validation with arbitrary motions from a hexapod. The second part was classical function validation against a gold standard motion capture system during a squat motion (the main motion in the treatment of low-back pain).



4.1. Limitations


Some limitations are present in our study, starting with the hexapod motions, which are limited in terms of acceleration and angular velocity ranges. Previous research showed that IMU accuracy could be affected by velocity [28]; hence, quicker motions could have produced higher bias or LOA in the results. In Figure 3a, accelerometer measurements sometimes exceed the LOA; this is due to small vibrations of the hexapod platform hitting security limits, which are not captured by the VICON system. Both the wooden casing’s elastic behavior and internal safety limitations within the hexapod motion software might have produced vibrations in the recorded motions.



One source of error in the angular orientation of the thigh could be due to the well-known soft tissue artefacts (STA) and wobbling masses of the lower limb. The STA could impact the IMU and VICON differently because the sensors are not in the same position as the reflective markers. Nevertheless, a preliminary study [44] showed little effects of STA and wobbling masses when accelerations are low (which is the case for squat motion). The lower trunk IMU not only measures the pelvis orientation but also the lower back motion, which brings errors in the hip angle estimation required in biomechanics.



Finally, better precision could have been obtained by combining magnetometer measurements with our IMU. The reason for this choice was that doing so would have resulted in increasing the sensitivity to magnetic disturbance [34,45], which can be very important in medical facilities (high-power cables, MRI, …).




4.2. Validation Methodological Tools


In the field of sensor validation, the notions of accuracy and agreement are often used, and it is crucial to agree on the terminology, as previous studies have shown discrepancies in the use and interpretation or core concepts [46]. The accuracy described the capacity to discriminate two subjects in spite of measurement error (systematic error and random error). A measurement method has good agreement if it is able to measure the same value in a subject twice, independently of the values of other subjects [43]. To employ the new measurement method, it is necessary to evaluate it and compare these results with a method considered as a reference, and to estimate the agreement between these two measurement methods.



The use of a new measurement method requires its validation in comparison with a reference system. In metrology, the science of measurement, according to the latest international standard [47], the validation of a measurement system depends on its accuracy. This concept of accuracy is defined by the correctness and fidelity, via the comparison between the new measurement method and the previously measured value considered as true. The correctness designates the narrowness of agreement between the mean of measurements and the value accepted as a reference. The fidelity represents the narrowness of agreement between a set of measurements. The accuracy expresses the degree of agreement between the new system of measurement and the reference. The agreement is the ability of a measurement method to provide a quantitative parameter value as close as possible to that obtained with another measurement method. The notion of agreement is used more when the new measurement system is simultaneously compared with the reference system under the same measurement conditions [43].




4.3. Sensor Validation


The sensor’s validation is in agreement with previous publications concerning IMUs. In [29], the authors exposed the IMUs to rotations in three axes using a custom-made rotation device, and studied the angular velocity. The Bland–Altman method resulted in bias values between   5  ° / s    and    10 ° / s   ,   LOA ∈       − 5  ° / s      25  ° / s         . Our results presented in Table 2 are slightly more precise, with a bias around   4  ° / s   ,   LOA ∈       − 12  ° / s      3  ° / s         . An error increasing with the angular velocity can be observed in Figure 4. This behavior has been discussed in [29], and its impact on orientation estimations will be very low considering the angular velocities observed in clinical tasks. In [48], accelerations during sit-to-stand motions were compared between IMUs and VICON, resulting in a bias value of around   0.1      m / s   2   ,   LOA ∈       − 0.15      m / s   2      0.38      m / s   2         . This is in agreement with the data presented in Table 2. In the works of Lebel et al. [28], the authors rotated IMUs with a gimbal device and studied the orientation angles in three axes. The obtained mean error was between   5 °   and   12 °  ,   LOA ∈       − 15 °     30 °        . Our results presented in Table 3 are more precise, with a bias between   1 °   and   5 °  ,   LOA ∈       − 8 °     15 °       .  




4.4. Functional Validation


The functional validation results are coherent with the literature. In [23], the authors compared the joint angles from a low-cost IMU system with a classical optical system using either a standard anatomical model [49] or proprietary software. The Bland–Altman method at the hip joint resulted in bias values between   0 °   and   11  . 8 °   ,   LOA ∈       − 10 °     30 °        . Our results presented in Table 3 are slightly more precise, with a bias between   1  . 5 °    and   5  . 3 °   ,   LOA ∈       − 8 °      15 °         .





5. Conclusions


The IMU system created in the NOMADe Project has been positively validated both as a classic IMU sensor and for the squat motion, which is the main exercise during low-back pain treatment. A comparison between the IMU system and a gold standard motion capture system revealed a very good to excellent agreement for sensor validation and an excellent agreement for functional validation.



The pragmatic and “simple” approach (from an ergonomics point of view) at the core of this IMU system is vital to maintain the production of easy-to-use equipment for clinicians and in clinical application.



The two-step validation procedure presented in this article is a more exhaustive approach for validating an IMU system. Indeed, this type of sensor can be used by itself as a “pure” sensor (measuring only acceleration or angular speed) or in combination with other IMUs to produce joint angles.



Future work will be dedicated to using this device for low-back pain rehabilitation evaluation and for the quantification of classical clinical tests based on qualitative parameters.
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Appendix A. Cross-Correlation Algorithm


As explained, the VICON and IMU, being two independent measurement systems, are not synchronized. One solution for this problem could have been to start and stop both systems at the same time, but this was not chosen for it is not precise enough and does not prevent the risk of a constant delay between measurements. Hence, the cross-correlation procedure was chosen to reduce the risk of delayed data.



The algorithm is composed of the following steps:




	
Computing the average point of the pelvis cluster in VICON.



	
Double derivation of the trajectory to obtain linear acceleration (accel_vic).



	
Cross-correlation (xcorr MATLAB build-in function) of the accel_vic with accel_imu, i.e., the computed linear acceleration of the pelvis IMU (see Figure A1).



	
Identification of the cross-correlation maximum value r_max.



	
Synchronization of the IMU and VICON signals at r_max time.



	
Cropping of the IMU and VICON data to obtain similar length for both signals.








All computations were programmed in MATLAB R2020b software (The MathWorks, Natick, Massachusetts, United States of America).
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Figure A1. VICON and IMU signals before cross-correlation synchronization. 






Figure A1. VICON and IMU signals before cross-correlation synchronization.
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Figure A2. VICON and IMU signals after cross-correlation synchronization. 






Figure A2. VICON and IMU signals after cross-correlation synchronization.
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Figure 1. (a) Hydraulic hexapod. (b) IMUs and reflective markers. 
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Figure 2. Marker placement over IMUs and subjects. 
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Figure 3. Linear acceleration Bland-Altman plot between the IMU and VICON system. (a) The systematic bias (solid line) and the 95% limits of agreement (dashed line) are shown. (b) Linear regression (solid line) created by the individual comparison (star markers). 
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Figure 4. Angular velocity Bland-Altman plot between the IMU and VICON system. (a) The systematic bias (solid line) and the 95% limits of agreement (dashed line) are shown. (b) Linear regression (solid line) created by the individual comparison (star markers). 
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Figure 5. Bland-Altman plot of thigh yaw angle between IMU and VICON system. (a) The systematic bias (solid line) and the 95% limits of agreement (dashed line). (b) The linear regression (solid line) and the 45° line (dashed line). 
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Table 1. Characteristics of the participants.
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	Age (Years)
	Weight (kg)
	Height (cm)





	All subjects
	30.7 ± 10.2
	72.6 ± 15.6
	173.1 ± 7.7



	Female
	34.7 ± 9.3
	60.3 ± 13.7
	165.0 ± 3.5



	Male
	30.9 ± 11.1
	76.9 ± 15.1
	176.4 ±6.9
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Table 2. Results computed from the Bland–Altman method and Lin’s CCC of sensor validation for all IMUs compared to the reference system (VICON). All values are averaged between acquisition with standard deviation in parentheses.
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Sensor

	
Parameter Name

	
IMU Back

	
IMU Thigh






	
Accelerometer

(m/s2)

	
bias

	
0.001 (0.004)

	
0.000 (0.022)




	
lower LOA

	
−0.252 (0.111)

	
−0.293 (0.152)




	
upper LOA

	
0.254 (0.119)

	
0.294 (0.180)




	
precision

	
0.067 (0.039)

	
0.078 (0.052)




	
r2

	
0.962 (0.005)

	
0.951 (0.031)




	
Lin’s CCC

	
0.978 (0.003)

	
0.971 (0.017)




	
Gyroscope

(°/s)

	
bias

	
−4.265 (2.119)

	
−4.328 (2.068)




	
lower LOA

	
−11.597 (3.491)

	
−11.555 (3.428)




	
upper LOA

	
3.067 (0.863)

	
2.899 (0.902)




	
precision

	
4.405 (2.134)

	
4.470 (2.078)




	
r2

	
0.983 (0.007)

	
0.982 (0.007)




	
Lin’s CCC

	
0.886 (0.045)

	
0.885 (0.045)
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Table 3. Results computed from the Bland–Altman method and Lin’s CCC of segmental validation for yaw angle of the thigh computed with VICON compared to the IMU. All values are averaged between acquisition with standard deviation in parentheses.
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Sensor

	
Parameter Name

	
IMU Thigh






	
Yaw orientation angle (°)

	
bias

	
1.742 (3.178)




	
lower LOA

	
−7.883 (3.387)




	
upper LOA (°)

	
11.367 (6.252)




	
precision (°)

	
4.756 (2.402)




	
r2

	
0.965 (0.041)




	
Lin’s CCC

	
0.971 (0.039)
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