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Abstract

:

Inertial motion capture (IMC) has gained popularity in conducting ergonomic studies in the workplace. Because of the need to measure contact forces, most of these in situ studies are limited to a kinematic analysis, such as posture or working technique analysis. This paper aims to develop and evaluate an IMC-based approach to estimate back loading during manual material handling (MMH) tasks. During various representative workplace MMH tasks performed by nine participants, this approach was evaluated by comparing the results with the ones computed from optical motion capture and a large force platform. Root mean square errors of 21 Nm and 15 Nm were obtained for flexion and asymmetric L5/S1 moments, respectively. Excellent correlations were found between both computations on indicators based on L5/S1 peak and cumulative flexion moments, while lower correlations were found on indicators based on asymmetric moments. Since no force measurement or load kinematics measurement is needed, this study shows the potential of using only the handler’s kinematics measured by IMC to estimate kinetics variables. The assessment of workplace physical exposure, including L5/S1 moments, will allow more complete ergonomics evaluation and will improve the ecological validity compared to laboratory studies, where the situations are often simplified and standardized.
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1. Introduction


The use of inertial motion capture (IMC) systems for measuring human movement is constantly increasing. In the context of ergonomics evaluation, IMC is used in the field for ambulatory assessment of physical workloads by analyzing human postures and movement [1]. In comparison to studies performed in the laboratory, numerous studies described the important benefits of workplace analyses [2,3,4].



Kinematic data obtained from IMC systems have been validated in several studies in the laboratory by comparison to data obtained from optoelectronic motion capture (OMC) systems, considered as a reference system. These validation studies have been performed for various applications [5,6], including work tasks with complete body movements and acquisition duration of over 30 min (Robert-Lachaine et al., 2020 [7]; Robert-Lachaine et al., 2017 [8]). The estimation of kinetic variables such as back loading from IMC systems has also been validated in the laboratory [9,10]. In this case, the use of an additional force platform was required to measure the ground reaction forces.



Because of the need to measure the contact forces between the subject and his environment (in most cases, the ground reaction forces), most in situ ergonomics studies are limited to a kinematic analysis [2,3,4]. However, the addition of physical exposure indicators based on kinetic data would allow a more complete ergonomic evaluation. Back loading is a variable commonly used for ergonomics studies [11,12,13,14,15] but rarely measured in a field. Wearable devices such as instrumented shoes or pressure insoles have been proposed to estimate ground reaction forces in the field; however, the use of instrumented shoes [16,17] influences the subject’s natural pattern [18] and force measurement errors with pressure insoles are an important limitation to its use [19].



An alternative is to estimate contact forces only from IMC kinematic data by solving the inverse dynamics problem [20,21,22]. The main limitation of this technique is that this problem is undetermined in the case of multiple contacts (double support or contact with feet and hands). Three different approaches can be used to solve this indeterminacy. First, empirical methods propose linking motion to effort [23,24], but these have only been used for walking. Second, from a database using force platform measurements, some studies have applied machine learning methods to solve the inverse dynamics problem [25,26]. The tasks studied must be standardized so that the tasks used for learning remain sufficiently similar to those studied. In addition, a large motion set is needed for the learning phase to be efficient. Third, the use of optimization techniques with a contact model has been proposed [27,28,29]. From a set of theoretical contact points, the external forces are estimated via an optimization function that minimizes the external forces or muscle forces while ensuring compliance with the equations of dynamics. In most cases, this approach is used for tasks involving foot contact only. In the case of additional hand contacts, this issue was addressed for manual material handling (MMH) tasks [30,31,32]. The use of these methods in the field is currently limited by the fact that the validation tasks were standardized and mainly carried out in a laboratory setting, so that the handling loads were carried using handles and tasks did not require moving the feet. Moreover, some motion capture systems used for validation of methods using only kinematics data, such as the OMC system, are not suitable for use in the field.



The aim of this paper was to evaluate the accuracy of an optimization-based approach using only IMC kinematics data to estimate kinetic variables, particularly back loading, during representative workplace MMH tasks. This approach was evaluated in the laboratory by comparing it to a reference method composed of an OMC system and a force platform (OMC + PF).




2. Materials and Methods


2.1. Experimental Procedure


Nine male subjects (height: 176 ± 8 cm, mass: 77 ± 14 kg) participated in the experiment. Inclusion criteria were a good physical capacity according to the Physical Activity Readiness Questionnaire (PARQ), no musculoskeletal disorder affecting work or present in the last seven days according to the Nordic questionnaire, and work experience in MMH varying between 0.5 and 5 years (2.2 ± 1.3). Exclusion criteria were a BMI over 30 and age over 60 years. The study was conducted according to the guidelines of the Declaration of Helsinki and approved by the Ethics Committee of Université Laval (QC, Canada) (2018-001 A-2, dated 20 December 2019). Informed consent was obtained from all subjects involved in the study. The tasks consisted in transferring loads from a lifting to a deposit location. The task setup was performed using a convertible experimental setup (Figure 1) that consisted of two locations used for both lifting and depositing. Four areas were available at each location: at a low level (“L”,    H 1  = 16   cm), at a middle level (“M”,    H 2  = 116   cm), at a high level (“H”,    H 3  = 190   cm), and at a low level with a depth (“D”,   De =   54 cm). One of the two locations was mobile, which allowed us to set up two transfer distances between the lifting and the deposit sites (  Di = 0.75   m and   Di = 1.5   m). Six different loads were used to simulate different work contexts: 3 boxes without handles (26 cm deep × 35 cm wide x 32 cm high): 2 kg, 10 kg, and 20 kg, a large 10-kg box with handles (82 × 46 × 38 cm), a 10-kg box with handles (26 × 35 × 32 cm), and a 20-kg gravel bag. For some tasks, instructions were given to the participants to impose movement variability: with or without pre-grip and post-deposit manipulations; with and without feet displacements; different lift techniques (for example, stoop or squat); free and fast pace; different controls of the load (simulation of a fragile object and release).



Four or eight repetitions were executed for each experimental condition. For two consecutive repetitions, the deposit location of the first repetition becomes the lifting location of the second repetition, and vice versa until the last repetition of the trial is executed (see Robert-Lachaine et al. [33] for more details about experimental procedures). The description of each trial is detailed in Supplementary Materials (Table S1). Overall, 156 loads were transferred by each participant.



Human motion was captured simultaneously with an IMC system (XSens MVN Link, Xsens technologies, Enschede, The Netherlands) and an OMC system (Optotrak Certus, Northern Digital Inc., Waterloo, Canada). The IMC system was composed of 17 magnetic and inertial measurement units (MIMU) (head, scapulae, sternum, pelvis, arms, forearms, hands, thighs, shanks, and feet), sampled at 240 Hz (Figure 2). For the OMC system, a three-marker cluster was rigidly fixed on each MIMU (Figure 2). Eight cameras recorded at 40 Hz the 3-D coordinates of these markers. At the beginning of each experiment, the locations of 45 anatomical landmarks were identified in relation to their respective cluster. The ground reaction forces (GRF) were measured by a large homemade force platform (1.90 × 1.40 m) at 1000 Hz [34].



All the trials were captured using three video cameras (20 Hz) to identify the transfer phases (see Section 2.2). The OMC system, force platform, and video cameras were hardware synchronized. The OMC and IMC systems were synchronized by using a dedicated high-speed flexion/extension elbow movement before each trial, where the peaks of hand velocity signals were used.




2.2. Transfer Phase Identification


The transfer phase corresponded to the period of time when the participant fully supported the load, which is the most relevant phase for ergonomics studies. The start and end instants of each transfer phase were manually identified from the video cameras. The start instant has been identified as the instant when the load is no longer in contact with the lifting support. The end instant has been identified as the instant when the load initializes its contact with the deposit support. Only the transfer phases were considered in this study.




2.3. OMC + PF-Based Computation


The biomechanical model used was composed of 18 rigid segments (head, upper trunk, lower trunk, pelvis, clavicles, arms, forearms, hands, thighs, shanks, and feet) linked by 17 joints corresponding to 43 degrees of freedom. For each joint, the sequences of rotation were chosen to follow the ISB recommendations [35,36]. In particular, for the L5/S1 joint, the successive rotation angles corresponded to flexion/extension (z-axis), lateral bending (x-axis), and axial rotation (y-axis). The geometrical parameters were subject-specific calibrated using motion capture data and an optimization-based method [37]. Body segment inertial parameters were estimated from an anthropometric table [38]. From the positions of the 45 anatomical landmarks (estimated from the locations of the 12 rigid clusters) the joint coordinates were computed using a multibody kinematics optimization approach [39].



An inverse dynamics step was then performed to obtain intersegmental joint moments. The measured GRF was used in a recursive Newton–Euler algorithm with a bottom-up approach. The velocities and the accelerations were computed with a second-order finite-difference method. To improve this computation, the joint coordinates were beforehand filtered with a fourth-order Butterworth low pass filter with a cut-off frequency of 6 Hz and no phase shift.




2.4. IMC-Based Computation


Data from MIMU were processed with MVN Analyze software [40] which integrates a sensor fusion algorithm. The joint coordinates and the biomechanical model were extracted from this software by using an mvnx file. The MVN biomechanical model (XSens built-in) is composed of 23 rigid segments (pelvis, L5, L3, T12, T8, neck, head, shoulders, upper arms, lower arms, hands, upper legs, lower legs, feet, and toes) where each joint is assimilated to a spherical joint. The same anthropometric table used for the OMC + PF-based computation approach was used to compute the body segment inertial parameters. Five new segments (head + neck; T8 + T12 + shoulders; L5 + L3; left foot + toe; right foot + toe) were formed by the combination of MVN model segments to match the segment definitions of the anthropometric table [23].



The external forces estimation approach was the same as the one previously detailed [31,32]. This approach used discrete contact points under feet and on hands: 8 points under each foot and 8 points on each hand [31,32]. These points were located in order to map the contact area of the biomechanical model. At each sample over time, a contact point was considered active if an external force could be applied on this point. A contact point under a foot was active if it was sufficiently close to the ground at a sufficiently low speed [41,42]. As only transfer phases were analyzed, the contact points on the hands were always considered active. Contact forces were estimated using an optimization procedure, which consisted of minimizing the sum of squared contact forces respecting the dynamic equations applied on the subject and applied on the load. The center of mass of the load was estimated in the middle of the subject’s hands and only its mass was considered. Then, using the estimated GRF, the same inverse dynamics step as for OMC + PF-based computation (see Section 2.3) was applied.




2.5. Data Analysis


OMC + PF and IMC-based computation were compared in terms of GRF, the center of pressure (CoP) position, and L5/S1 moments. As the expression of the coordinate systems of both computations had only the vertical axis in common, the resultant force of the anteroposterior and mediolateral axes (transverse force) was used for comparison. As the origin of the two coordinate systems was not the same, the relative position of the CoP is expressed in terms of the pelvic coordinate system located at the L5/S1 joint. The position analyzed is that of its projection in the horizontal plane. Considering all trials of all participants, root mean square error (RMSE) of vertical and transverse GRF, antero-posterior (AP) and medio-lateral (ML) components of the relative position of the CoP, and flexion and asymmetric (combination of the lateral bending and axial rotation components) L5/S1 moments were computed. RMSE was also calculated for each load mass: 2 kg, 10 kg, and 20 kg.



Moreover, L5/S1 peak and cumulative moments were evaluated for each transfer with both computations and then compared. These measures are typical indicators used in ergonomics studies [33,43,44]. For each transfer, the flexion and asymmetric L5/S1 peak moment were identified for the OMC + PF-based computation. To make sure to identify the IMC-based computation peak relative to the same phase of the transfer as for the peak of OMC + PF, this peak was identified in a range of 100 frames (at 240 Hz) centered on the identified instant peak of the OMC + PF. Bland-Altman bias (b), confidence interval (CI; 1.96 times standard deviation or 1.45 times interquartile range for non-normal distributions) as well as the coefficient of determination (R2) and RMSE were calculated.





3. Results


RMSE between GRF, the relative position of the CoP, and L5/S1 moments computed with both OMC + PF and IMC are presented in Table 1. The errors on GRF were higher for the vertical force than for the transverse. The errors on the relation position of the CoP were, on average, 3.5 cm along AP and ML directions. No visible difference was observed between these two directions. Concerning back loading assessment, the errors on L5/S1 flexion moments were higher than for asymmetric moments. For each of these variables, the increase in handled mass is associated with an increase in the estimation error.



Correlations between OMC + PF-based and IMC-based computations of L5/S1 peak moments are displayed in Figure 3 and corresponding Bland–Altman plots are displayed in Figure S1. For the flexion component, the variety of MMH tasks performed resulted in peak values ranging from 12 Nm to 340 Nm for the OMC + PF-based computation, with an average of 174 Nm. For the asymmetric component, the peak values were between 14 Nm and 160 Nm for the OMC + PF-based computation, with an average of 58 Nm. The RMSE is quite similar for both components (Table 2); the coefficient of determination was higher for the L5/S1 peak moments. For both components, a bias of about −17 Nm was observed, which means that the IMC-based computation generally underestimates the OMC + PF value.



Correlations between OMC + PF-based and IMC-based computations of L5/S1 cumulative moments are displayed in Figure 4, and corresponded Bland–Altman plots are displayed in Figure S2. For the flexion component, the cumulative values were between 1 Nm·s and 640 Nm·s for the OMC + PF-based computation, with an average of 172 Nm·s. For the asymmetric component, the cumulative values were between 4 Nm·s and 195 Nm·s for the OMC + PF-based computation, with an average of 50 Nm·s. RMSE errors were found higher for the flexion component with a coefficient of determination above 0.95. Biases of about −15 Nm·s were observed for flexion and asymmetric components, which means that the IMC-based computation generally underestimates the OMC + PF value.




4. Discussion


The present study evaluated an IMC-based computation approach for estimating kinetic variables, especially back loading, during continuous sequential lifting, carrying, and lowering. GRF and L5/S1 moments estimated from IMC were compared to an OMC + PF-based computation. On a large variety of representative workplace MMH tasks, acceptable errors and excellent correlations were found on L5/S1 moments estimation for the flexion component, while lower correlations were found for the asymmetric component.



4.1. IMC-Based Estimation Accuracy


The external forces estimation method is based on dynamic equations. Most errors come from kinematics [8,9] and inertial parameters of body segments [20]. It has been reported that the part of errors due to the kinematics is preponderant in the dynamic equations and especially in the calculation of dynamic residuals [45]. This is probably accentuated using an IMC system where, for example, the need for a calibration phase and drift phenomena induces errors in the kinematics. Moreover, the estimation of the contact forces distribution is a critical challenge in the case of multiple contacts between the subject and the environment [20] since an infinite number of solutions respecting the dynamic equations exist. The assumption of selecting the solution minimizing a cost function necessarily induces additional errors.



The errors obtained on the GRF estimation (mean of 39.6 N for vertical force and mean of 24.8 N for the transverse force) are of the same order of magnitude or lower than similar methods developed in the literature. By using the XSens IMC system, Larsen and Svenningsen [46] reported estimation errors of 89 N, 17 N, and 39 N on vertical, anterior-posterior, and mediolateral GRF components, respectively. By using the Perception Neuron IMC system, Diraneyya et al. [47] reported estimation errors of 84 N, 61 N, and 88 N on vertical, anterior–posterior, and mediolateral GRF components, respectively. For this latter study, these larger errors are probably due to kinematics errors provided by the low-cost IMC system [7]. On L5/S1 moments estimation, the errors obtained in this current study (mean of 21.4 Nm for the flexion component and mean of 15.6 Nm for the asymmetric component) are slightly higher than those reported for trunk bending tasks (between 5 Nm and 10 Nm on each axis [21]) or for MMH tasks measured with an OMC system (14 Nm for flexion and about 10 Nm for asymmetric component [31]). The latter study also considered phases where there is no effort applied to the hands. For both GRF and L5/S1 moments estimation, Delisle et al. [48] reported errors of the same order of magnitude using an OMC system and considering only the resultant GRF. Thus, considering MMH tasks representative of the workplace, the errors obtained here seem acceptable.



Several indicators used in ergonomics studies are based on back loading that can be characterized by the L5/S1 moments. The use of an IMC-based computation will introduce some estimation errors compared to an OMC + PF-based computation, considered as a reference for this type of analysis. On all the subjects and tasks studied, excellent correlations between both computations were obtained for indicators based on flexion L5/S1 moments. However, lower correlations were obtained for indicators based on asymmetric L5/S1 moments, particularly for the peak values. Since the error on the relative position of the CoP was of the same order of magnitude in the AP and ML direction, this error had a similar impact on both components of L5/S1 moments. The lower amplitude for the asymmetric moment thus led to lower correlations.



In addition, the mass of the load seems to have a significant effect on the estimation errors: the higher the mass, the larger the error. The heavier the load, the more the kinematic errors will have an important impact on the kinetics. In particular, errors in estimating the position of the hands in relation to the L5/S1 joint can explain this phenomenon. The higher the mass of the load, the higher the error in the estimation of the moment arm will influence the L5/S1 moment estimation. With the use of an OMC system, the moment arm is directly evaluated from the position of markers. With an IMC system, this moment arm is indirectly estimated from the orientation of several segments and by using a multi-segmental model. Thus, for example, a small error in the estimation of the shoulder kinematics or a small error in a limb length can lead to a large error in the relative position of the hands. Many studies have evaluated the accuracy of IMC systems in terms of joint angles, but few on the estimation of the relative position of anatomical landmarks such as the moment arm between the L5/S1 joint and the hands. Koopman et al. [10] reported an error on this moment arm, at the instant of peak moment, on average 10 ± 4 cm. This error corresponds to the order of magnitude of the error induced on the L5/S1 moments estimation by the increase in mass of the load. In addition, the load was modeled here as a point mass, whose kinematics was estimated from the kinematics of the hands. The approach used has an influence on the dynamics [49]. The influence of this simplified modeling increases when the mass of the load increases.




4.2. Prospects for Use


The results obtained showed excellent correlations between the estimation of flexion L5/S1 peak and cumulative moments. This study shows the potential of using only IMC to estimate these indicators in ergonomics studies in a wide range of MMH tasks.



Back loading estimation based on IMC opens up perspectives for in situ applications; for example, to evaluate working situations [33,43], evaluate MMH techniques, or study the influence of individual characteristics [11,50]. Conducting these studies in the field will improve the ecological validity compared to laboratory studies, where the situations are often simplified and standardized. The computation method developed in this study is based only on the full body kinematics of the handler, measured with an IMC system, and some additional information: mass of the load and instants of the transfer phase. Apart from the MIMU placed on the body segments, no force measurement (GRF or load contact forces) and no measurement of the load kinematics are needed. This avoids the need for instrumentation of the working environment and keeps the environment as it is naturally. The use of indicators based on asymmetrical L5/S1 moments should be used with precaution since the correlations obtained between both computations were lower. The identification of the main sources of error for the evaluation of these indicators is an important future step. For errors coming from kinematics, few studies focus on variables such as the moment arm between the L5/S1 joint and the hands or segmental accelerations. A correct evaluation of these variables is, however, essential for this type of motion-based estimation method. Moreover, a study focusing on the cost function used in the optimization procedure could improve the results. This cost function should enable to mimic as well as possible the distribution function of the efforts between the different contact points. As this function is task-dependent, a particular study is necessary in the case of MMH tasks. Considering internal forces, for example intersegmental joint moments, could be an avenue for improvement.



The identification of the transfer phases was here made manually by video observations, which can be time-consuming. The development of automatic identification would facilitate the use of the IMC-based method in the workplace. A machine learning method based on hand kinematics has been proposed in the literature [32] but needs to be validated in MMH tasks such as those performed in this study.



A wide variety of handling tasks was considered in this study. The conditions and instructions imposed allowed for variations in the type of foot displacements (no movement vs. several steps), in handled loads (masses, with or without handles, stiffness), in dynamics (slow vs. fast), in techniques (low vs. high, squat vs. stoop, torsion or not), etc. These tasks were intentionally designed to cover multiple variations of working contexts and individual performance of MMH tasks can be individually performed, which should be representative of many occupational settings.




4.3. Limitations


This study presents several limitations. First, both computation methods (IMC and OMC + PF) used their own biomechanical model. The reported differences come from different sources: kinematics, biomechanical model, and external contact forces. The comparison performed does not allow to distinguish the influence of these different sources. Second, although the elaborated method estimates the forces applied on each foot and each hand, only the resultant GRF was evaluated because it was measured by one large force platform. Several force platforms or hand force sensors have been used in other similar studies [17,30,32,51] but have the disadvantage of limiting footstep strategies or requiring loads with instrumented handles. The use of this IMC-based method for the computation of lower limbs or upper limbs intersegmental moments would require further validation. Third, only a relatively small group of male subjects participated in this study. A similar study with female participants would be relevant to provide a more complete validation. Finally, the experiments were performed in a laboratory context with controlled magnetic disturbances. The use of IMC systems being sensitive to these disturbances [52], a feasibility study in the workplace, comparable to what has been performed for kinematics [53], would be interesting.





5. Conclusions


The current study proposed and evaluated an IMC-based computation approach for estimating L5/S1 moments during MMH tasks. Various tasks and working contexts were analyzed to be representative of many occupational settings. For all these tasks, acceptable levels of error were found on GRF estimation and L5/S1 moments. Excellent correlations were obtained for ergonomic indicators based on flexion L5/S1 peak and cumulative moments between IMC and OMC + PF computations. Lower correlations were obtained for indicators based on asymmetric L5/S1 moments, particularly for the peak values. This approach permits us to estimate these indicators only based on the handler’s kinematics measured by an IMC system, the mass of the load, and the instants of the transfer phase. This avoids the need for instrumentation of the working environment and keeps the environment as it is naturally. The addition of physical exposure indicators based on kinetics, such as back loading, will allow more comprehensive assessments directly in the workplace, for example, to evaluate working situations, evaluate MMH techniques, or study the influence of individual characteristics.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/s22176454/s1, Table S1: Description of MMH tasks configuration and experimental conditions; Figure S1: Bland-Altman plot between OMC + PF based and IMC based computations of L5/S1 peak moments; Figure S2: Bland-Altman plot between OMC + PF based and IMC based computations of L5/S1 cumulative moments.





Author Contributions


Conceptualization, A.M., H.M., P.C., A.P. and X.R.-L.; Data curation, A.M., H.M. and X.R.-L.; Formal analysis, A.M., H.M. and X.R.-L.; Funding acquisition, P.C., A.P. and X.R.-L.; Investigation, X.R.-L.; Methodology, A.M., H.M., P.C., A.P. and X.R.-L.; Software, A.M. and H.M.; Writing—original draft, A.M.; Writing—review and editing, A.M., H.M., P.C., A.P. and X.R.-L. All authors have read and agreed to the published version of the manuscript.




Funding


Funding for this project was obtained from IRSST [grant #2017-0019] and its scholarship programs, and the Mitacs Acceleration program.




Institutional Review Board Statement


The study was conducted according to the guidelines of the Declaration of Helsinki and approved by the Ethics Committee of Université Laval (QC, Canada) (2018-001 A-2, dated 20 December 2019).




Informed Consent Statement


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




Data Availability Statement


Not applicable.




Acknowledgments


The authors are grateful to Christian Larue for his help during the development of the protocol.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Schiefer, C.; Ellegast, R.P.; Hermanns, I.; Kraus, T.; Ochsmann, E.; Larue, C.; Plamondon, A. Optimization of inertial sensor-based motion capturing for magnetically distorted field applications. J. Biomech. Eng. 2014, 136, 121008. [Google Scholar] [CrossRef] [PubMed]

	



Battini, D.; Persona, A.; Sgarbossa, F. Innovative real-time system to integrate ergonomic evaluations into warehouse design and management. Comput. Ind. Eng. 2014, 77, 1–10. [Google Scholar] [CrossRef]

	



Labaj, A.; Diesbourg, T.; Dumas, G.; Plamondon, A.; Mercheri, H.; Larue, C. Posture and lifting exposures for daycare workers. Int. J. Ind. Ergon. 2016, 54, 83–92. [Google Scholar] [CrossRef]

	



Prairie, J.; Corbeil, P. Paramedics on the job: Dynamic trunk motion assessment at the workplace. Appl. Ergon. 2014, 45, 895–903. [Google Scholar] [CrossRef]

	



Cuesta-Vargas, A.I.; Galán-Mercant, A.; Williams, J.M. The use of inertial sensors system for human motion analysis. Phys. Ther. Rev. 2010, 15, 462–473. [Google Scholar] [CrossRef]

	



Filippeschi, A.; Schmitz, N.; Miezal, M.; Bleser, G.; Ruffaldi, E.; Stricker, D. Survey of motion tracking methods based on inertial sensors: A focus on upper limb human motion. Sensors 2017, 17, 1257. [Google Scholar] [CrossRef]

	



Robert-Lachaine, X.; Mecheri, H.; Muller, A.; Larue, C.; Plamondon, A. Validation of a low-cost inertial motion capture system for whole-body motion analysis. J. Biomech. 2020, 99, 109520. [Google Scholar] [CrossRef]

	



Robert-Lachaine, X.; Mecheri, H.; Larue, C.; Plamondon, A. Validation of inertial measurement units with an optoelectronic system for whole-body motion analysis. Med. Biol. Eng. Comput. 2017, 55, 609–619. [Google Scholar] [CrossRef]

	



Kim, S.; Nussbaum, M.A. Performance evaluation of a wearable inertial motion capture system for capturing physical exposures during manual material handling tasks. Ergonomics 2013, 56, 314–326. [Google Scholar] [CrossRef]

	



Koopman, A.S.; Kingma, I.; Faber, G.S.; Bornmann, J.; van Dieën, J.H. Estimating the L5S1 flexion/extension moment in symmetrical lifting using a simplified ambulatory measurement system. J. Biomech. 2018, 70, 242–248. [Google Scholar]

	



Corbeil, P.; Plamondon, A.; Handrigan, G.; Vallée-Marcotte, J.; Laurendeau, S.; Ten Have, J.; Manzerolle, N. Biomechanical analysis of manual material handling movement in healthy weight and obese workers. Appl. Ergon. 2019, 74, 124–133. [Google Scholar] [CrossRef] [PubMed]

	



Gagnon, D.; Plamondon, A.; Larivière, C. A Comparison of lumbar spine and muscle loading between male and female workers during box transfers. J. Biomech. 2018, 81, 76–85. [Google Scholar] [CrossRef] [PubMed]

	



Marras, W.S.; Parakkat, J.; Chany, A.M.; Yang, G.; Burr, D.; Lavender, S.A. Spine loading as a function of lift frequency, exposure duration, and work experience. Clin. Biomech. 2006, 21, 345–352. [Google Scholar] [CrossRef] [PubMed]

	



Ning, X.; Zhou, J.; Dai, B.; Jaridi, M. The assessment of material handling strategies in dealing with sudden loading: The effects of load handling position on trunk biomechanics. Appl. Ergon. 2014, 45, 1399–1405. [Google Scholar] [CrossRef]

	



Plamondon, A.; Denis, D.; Delisle, A.; Larivière, C.; Salazar, E. Biomechanical differences between expert and novice workers in a manual material handling task. Ergonomics 2010, 53, 1239–1253. [Google Scholar] [CrossRef]

	



Dutta, T.; Holliday, P.J.; Gorski, S.M.; Baharvandy, M.S.; Fernie, G.R. A biomechanical assessment of floor and overhead lifts using one or two caregivers for patient transfers. Appl. Ergon. 2012, 43, 521–531. [Google Scholar] [CrossRef]

	



Faber, G.S.; Koopman, A.S.; Kingma, I.; Chang, C.C.; Dennerlein, J.T.; van Dieën, J.H. Continuous ambulatory hand force monitoring during manual materials handling using instrumented force shoes and an inertial motion capture suit. J. Biomech. 2018, 70, 235–241. [Google Scholar] [CrossRef]

	



Liedtke, C.; Fokkenrood, S.A.W.; Menger, J.T.; van der Kooij, H.; Veltink, P.H. Evaluation of instrumented shoes for ambulatory assessment of ground reaction forces. Gait Posture 2007, 26, 39–47. [Google Scholar] [CrossRef]

	



Stöggl, T.; Martiner, A. Validation of moticon’s opengo sensor insoles during gait, jumps, balance and cross-country skiing specific imitation movements. J. Sports Sci. 2017, 35, 196–206. [Google Scholar] [CrossRef]

	



Ancillao, A.; Tedesco, S.; Barton, J.; O’Flynn, B. Indirect measurement of ground reaction forces and moments by means of wearable inertial sensors: A systematic review. Sensors 2018, 18, 2564. [Google Scholar] [CrossRef]

	



Faber, G.S.; Chang, C.C.; Kingma, I.; Dennerlein, J.T.; van Dieën, J.H. Estimating 3D L5/S1 moments and ground reaction forces during trunk bending using a full-body ambulatory inertial motion capture system. J. Biomech. 2016, 49, 904–912. [Google Scholar] [CrossRef] [PubMed]

	



Lee, C.J.; Lee, J.K. Inertial motion capture-based wearable systems for estimation of joint kinetics: A systematic review. Sensors 2022, 22, 2507. [Google Scholar] [CrossRef] [PubMed]

	



Karatsidis, A.; Bellusci, G.; Schepers, H.; de Zee, M.; Andersen, M.; Veltink, P. Estimation of ground reaction forces and moments during gait using only inertial motion capture. Sensors 2016, 17, 75. [Google Scholar] [CrossRef] [PubMed]

	



Yang, E.C.-Y.; Mao, M.-H. 3D Analysis system for estimating intersegmental forces and moments exerted on human lower limbs during walking motion. Measurement 2015, 73, 171–179. [Google Scholar] [CrossRef]

	



Guo, Y.; Storm, F.; Zhao, Y.; Billings, S.A.; Pavic, A.; Mazzà, C.; Guo, L.-Z. A new proxy measurement algorithm with application to the estimation of vertical ground reaction forces using wearable sensors. Sensors 2017, 17, 2181. [Google Scholar] [CrossRef]

	



Wouda, F.J.; Giuberti, M.; Bellusci, G.; Maartens, E.; Reenalda, J.; Van Beijnum, B.-J.F.; Veltink, P.H. Estimation of vertical ground reaction forces and sagittal knee kinematics during running using three inertial sensors. Front. Physiol. 2018, 9, 218. [Google Scholar] [CrossRef]

	



Aurbach, M.; Wagner, K.; Süß, F.; Dendorfer, S. Implementation and validation of human kinematics measured using IMUs for musculoskeletal simulations by the evaluation of joint reaction forces. In CMBEBIH 2017; Badnjevic, A., Ed.; Springer Singapore: Singapore, 2017; Volume 62, pp. 205–211. ISBN 978-981-10-4165-5. [Google Scholar]

	



Karatsidis, A.; Jung, M.; Schepers, H.M.; Bellusci, G.; de Zee, M.; Veltink, P.H.; Andersen, M.S. Musculoskeletal model-based inverse dynamic analysis under ambulatory conditions using inertial motion capture. Med. Eng. Phys. 2019, 65, 68–77. [Google Scholar] [CrossRef]

	



Konrath, J.M.; Karatsidis, A.; Schepers, H.M.; Bellusci, G. Estimation of the knee adduction moment and joint contact force during daily living activities using inertial motion capture. Sensors 2019, 12, 1681. [Google Scholar] [CrossRef]

	



Larsen, F.G.; Svenningsen, F.P.; Andersen, M.S.; de Zee, M.; Skals, S. Estimation of spinal loading during manual materials handling using inertial motion capture. Ann. Biomed. Eng. 2020, 48, 805–821. [Google Scholar] [CrossRef]

	



Muller, A.; Pontonnier, C.; Robert-Lachaine, X.; Dumont, G.; Plamondon, A. Motion-based prediction of external forces and moments and back loading during manual material handling tasks. Appl. Ergon. 2020, 82, 102935. [Google Scholar] [CrossRef]

	



Muller, A.; Pontonnier, C.; Dumont, G. Motion-based prediction of hands and feet contact efforts during asymmetric handling tasks. IEEE Trans. Biomed. Eng. 2019, 67, 344–352. [Google Scholar] [CrossRef] [PubMed]

	



Robert-Lachaine, X.; Corbeil, P.; Muller, A.; Vallée-Marcotte, J.; Mecheri, H.; Denis, D.; Plamondon, A. Combined influence of transfer distance, pace, handled mass and box height on spine loading and posture. Appl. Ergon. 2021, 93, 103377. [Google Scholar] [CrossRef] [PubMed]

	



Desjardins, P.; Gagnon, M. A force platform for large human displacements. Med. Eng. Phys. 2001, 23, 143–146. [Google Scholar] [CrossRef]

	



Wu, G.; van der Helm, F.C.T.; (DirkJan) Veeger, H.E.J.; Makhsous, M.; Van Roy, P.; Anglin, C.; Nagels, J.; Karduna, A.R.; McQuade, K.; Wang, X.; et al. ISB recommendation on definitions of joint coordinate systems of various joints for the reporting of human joint motion—Part II: Shoulder, elbow, wrist and hand. J. Biomech. 2005, 38, 981–992. [Google Scholar] [CrossRef]

	



Wu, G.; Siegler, S.; Allard, P.; Kirtley, C.; Leardini, A.; Rosenbaum, D.; Whittle, M.; D’Lima, D.D.; Cristofolini, L.; Witte, H.; et al. ISB recommendation on definitions of joint coordinate system of various joints for the reporting of human joint motion—Part I: Ankle, hip, and spine. J. Biomech. 2002, 35, 543–548. [Google Scholar] [CrossRef]

	



Puchaud, P.; Sauret, C.; Muller, A.; Bideau, N.; Dumont, G.; Pillet, H.; Pontonnier, C. Accuracy and kinematics consistency of marker-based scaling approaches on a lower limb model: A comparative study with imagery data. Comput. Methods Biomech. Biomed. Eng. 2020, 23, 114–125. [Google Scholar] [CrossRef] [PubMed]

	



Dumas, R.; Chèze, L.; Verriest, J.-P. Adjustments to McConville et al. and Young et al. Body segment inertial parameters. J. Biomech. 2007, 40, 543–553. [Google Scholar] [CrossRef]

	



Lu, T.-W.; O’Connor, J.J. Bone position estimation from skin marker co-ordinates using global optimisation with joint constraints. J. Biomech. 1999, 32, 129–134. [Google Scholar] [CrossRef]

	



Schepers, M.; Giuberti, M.; Bellusci, G. Xsens MVN: Consistent tracking of human motion using inertial sensing. Xsens Technol. 2018, 1–8. [Google Scholar]

	



Fluit, R.; Andersen, M.S.; Kolk, S.; Verdonschot, N.; Koopman, H.F.J.M. Prediction of ground reaction forces and moments during various activities of daily living. J. Biomech. 2014, 47, 2321–2329. [Google Scholar] [CrossRef]

	



Jung, Y.; Jung, M.; Ryu, J.; Yoon, S.; Park, S.-K.; Koo, S. Dynamically adjustable foot-ground contact model to estimate ground reaction force during walking and running. Gait Posture 2016, 45, 62–68. [Google Scholar] [CrossRef] [PubMed]

	



Lavender, S.A.; Andersson, G.B.J.; Schipplein, O.D.; Fuentes, H.J. The effects of initial lifting height, load magnitude, and lifting speed on the peak dynamic l5/s1 moments. Int. J. Ind. Ergon. 2003, 31, 51–59. [Google Scholar] [CrossRef]

	



Plamondon, A.; Larivière, C.; Denis, D.; St-Vincent, M.; Delisle, A. Sex differences in lifting strategies during a repetitive palletizing task. Appl. Ergon. 2014, 45, 1558–1569. [Google Scholar] [CrossRef]

	



Muller, A.; Pontonnier, C.; Dumont, G. Uncertainty propagation in multibody human model dynamics. Multibody Syst. Dyn. 2017, 40, 177–192. [Google Scholar] [CrossRef]

	



Larsen, F.G.; Svenningsen, F.P. Estimation of Spinal Loading Using Inertial Motion Capture and Ground Reaction Force Prediction: A Validation Study. Master’s Thesis, Faculty of Health Science and Technology, Aalborg University, Aalborg, Denmark, 2018. [Google Scholar]

	



Diraneyya, M.M.; Ryu, J.; Abdel-Rahman, E.; Haas, C.T. Inertial motion capture-based whole-body inverse dynamics. Sensors 2021, 21, 7353. [Google Scholar] [CrossRef]

	



Delisle, A.; Gagnon, M.; Desjardins, P. Kinematic analysis of footstep strategies in asymmetrical lifting and lowering tasks. Int. J. Ind. Ergon. 1999, 23, 451–460. [Google Scholar] [CrossRef]

	



Akhavanfar, M.; Uchida, T.K.; Clouthier, A.L.; Graham, R.B. Sharing the load: Modeling loads in opensim to simulate two-handed lifting. Multibody Syst. Dyn. 2022, 54, 213–234. [Google Scholar]

	



Shojaei, I.; Vazirian, M.; Croft, E.; Nussbaum, M.A.; Bazrgari, B. Age related differences in mechanical demands imposed on the lower back by manual material handling tasks. J. Biomech. 2016, 49, 896–903. [Google Scholar] [CrossRef]

	



Muller, A.; Corbeil, P. Back loading estimation during team handling: Is the use of only motion data sufficient? PLoS ONE 2020, 15, e0244405. [Google Scholar] [CrossRef]

	



Robert-Lachaine, X.; Mecheri, H.; Larue, C.; Plamondon, A. Effect of local magnetic field disturbances on inertial measurement units accuracy. Appl. Ergon. 2017, 63, 123–132. [Google Scholar] [CrossRef]

	



Robert-Lachaine, X.; Larue, C.; Denis, D.; Delisle, A.; Mecheri, H.; Corbeil, P.; Plamondon, A. Feasibility of quantifying the physical exposure of materials handlers in the workplace with magnetic and inertial measurement units. Ergonomics 2020, 63, 283–292. [Google Scholar] [CrossRef] [PubMed]








[image: Sensors 22 06454 g001 550] 





Figure 1. Experimental convertible setup consisting of two areas used for lifting and deposit locations. “D”, “L”, “M”, and “H” indicate the four areas available for both lifting and deposit.    H 1   ,    H 2   , and    H 3    indicate the low, middle, and high level of the load, respectively;    D e    represents the distance of a potential depth; and    D i    represents the distance between the lifting and the deposit sites. 
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Figure 2. Experimental setup with the IMC system, the OMC system, and the force platform. 
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Figure 3. Correlation plot between OMC + PF-based and IMC-based computations of L5/S1 peak moments. 
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Figure 4. Correlation plot between OMC + PF-based and IMC-based computations of L5/S1 cumulative moments. 
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Table 1. RMSE between OMC + PF and IMC for the GRF, relative position of the CoP, and L5/S1 moments curves during the transfer phase.
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RMSE

	
Ground Reaction Force (GRF)

	
Relative Position of the Center of Pressure (CoP)

	
L5/S1 Moments




	
Vertical

	
Transverse

	
AP

	
ML

	
Flexion

	
Asymmetric






	
All

	
39.6 N

	
24.8 N

	
3.5 cm

	
3.5 cm

	
21.4 Nm

	
15.6 Nm




	
2 kg

	
27.1 N

	
19.2 N

	
3.0 cm

	
3.3 cm

	
15.1 Nm

	
12.0 Nm




	
10 kg

	
40.0 N

	
24.9 N

	
3.5 cm

	
3.6 cm

	
21.4 Nm

	
15.8 Nm




	
20 kg

	
52.9 N

	
30.9 N

	
4.0 cm

	
3.6 cm

	
28.5 Nm

	
19.1 Nm
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Table 2. Bland–Altman bias (b), confidence interval (CI), as well as the coefficient of determination (R2) and RMSE between OMC + PF-based and IMC-based computations for L5/S1 peak and cumulative moments.
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RMSE

	
b

	
CI

	
R2






	
Peak

	
Flexion

	
26.5 Nm

	
−16.4 Nm

	
35.0 Nm

	
0.87




	
Asymmetric

	
27.0 Nm

	
−17.8 Nm

	
30.1 Nm

	
0.31




	
Cumulative

	
Flexion

	
31.6 Nm·s

	
−18.3 Nm·s

	
41.8 Nm·s

	
0.96




	
Asymmetric

	
18.6 Nm·s

	
−12.1 Nm·s

	
22.9 Nm·s

	
0.76
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