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There is a need within human movement sciences for a markerless motion capture system, which is easy to use and sufficiently accurate to evaluate motor performance. This study aims to develop a 3D markerless motion capture technique, using OpenPose with multiple synchronized video cameras, and examine its accuracy in comparison with optical marker-based motion capture. Participants performed three motor tasks (walking, countermovement jumping, and ball throwing), and these movements measured using both marker-based optical motion capture and OpenPose-based markerless motion capture. The differences in corresponding joint positions, estimated from the two different methods throughout the analysis, were presented as a mean absolute error (MAE). The results demonstrated that, qualitatively, 3D pose estimation using markerless motion capture could correctly reproduce the movements of participants. Quantitatively, of all the mean absolute errors calculated, approximately 47% were <20 mm, and 80% were <30 mm. However, 10% were >40 mm. The primary reason for mean absolute errors exceeding 40 mm was that OpenPose failed to track the participant's pose in 2D images owing to failures, such as recognition of an object as a human body segment or replacing one segment with another depending on the image of each frame. In conclusion, this study demonstrates that, if an algorithm that corrects all apparently wrong tracking can be incorporated into the system, OpenPose-based markerless motion capture can be used for human movement science with an accuracy of 30 mm or less.
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INTRODUCTION

Motion capture systems have been used extensively as a fundamental technology within biomechanics research. However, traditional marker-based approaches have significant environmental constraints. For example, measurements cannot be performed in environments wherein wearing markers during the activity is difficult (such as sporting games). Markerless measurements without such environmental constraints can facilitate new understanding about human movements (Mündermann et al., 2006); however, complex information processing technology is required to make an algorithm that recognizes human poses or skeletons from images. Therefore, it is desirable to many biomechanics researchers to develop a markerless motion capture that is easy to use for measurement.

Recently, automatic human pose estimation using deep learning techniques have attracted attention amongst computer vision researchers. Most of these algorithms train the neural network using manually labeled image data and then estimate the human posture, such as joint centers and skeletons, when the user inputs the images or videos to the trained network. When compared to the approach using RGB-Depth cameras such as Kinect (Clark et al., 2012; Pfister et al., 2014; Schmitz et al., 2014; Gao et al., 2015), a deep-learning-based approach has less constraints on the distance between the camera and the target to be measured as well as the sampling rate of video recording. Deep-learning-based approaches have begun with 2D pose estimation, which automatically estimates human joint centers from 2D RGB images, outputting the 2D coordinates in the images (Toshev and Szegedy, 2014; Wei et al., 2016; Papandreou et al., 2018). Additionally, it is possible to identify the 3D human joint locations in the global coordinate system using the 2D human joint locations in synchronized multi-view video camera images following the same procedure as a marker-based motion capture system. More recently, deep-learning-based computer vision studies have been working on 3D pose estimation, which estimates the 3D human joint locations directly using a single algorithm. There have been studies of 3D pose estimation using a single-view camera image (Chen and Ramanan, 2017; Pavlakos et al., 2018; Moon et al., 2019) or multi-view camera images (Rhodin et al., 2018; Iskakov et al., 2019; Pavllo et al., 2019) as input of the pose estimation algorithm.

However, biomechanics researchers require ease of use and sufficient accuracy to achieve the aims of motion analysis. Seethapathi et al. (2019) reviewed pose tracking studies from the perspective of movement science and pointed out that deep-learning-based human pose tracking algorithms did not prioritize the quantities that matter for movement science. It remains unclear whether the accuracy of the deep-learning-based 3D markerless motion capture is appropriate for human movement studies such as sports biomechanics or clinical biomechanics.

Although computer-vision researchers are working to improve the deep-learning-based pose estimation algorithms (e.g., calculation speed and/or correct tracking rate), development of these algorithms is outside the scope of general biomechanics research that investigate the functional mechanisms, injury prevention, rehabilitation, and motor control of human movements. Thus, biomechanics researchers should utilize a combination of publicly available deep-learning-based software and the principles of conventional motion capture systems such as camera calibration or kinematic data processing techniques. OpenPose is one of the most popular open-source pose estimation technologies (Cao et al., 2018) and is deemed easy to use for biomechanics researchers. Therefore, the aim of this study was to develop a 3D markerless motion capture using OpenPose with multiple synchronized video cameras and then assess the accuracy of the 3D markerless motion capture by comparing with an optical marker-based motion capture.



MATERIALS AND METHODS


Participants

Two healthy male volunteers participated in this experiment. The mean age, height, and body mass of the participants were 22.0 years, 173.5 cm, and 69.5 kg, respectively. The participants provided written informed consent prior to the commencement of the study, and the experimental procedure used in this study was approved by the Ethics Committee of the university with which the authors were affiliated.



Overview of Data Collection

Participants performed three motor tasks in the order of walking, countermovement jumping, and ball throwing. These motor tasks were chosen to include different levels of degrees of freedom and speeds of movement; a walking task is a 2D slow movement, a jumping task is a 2D quick movement, and a throwing task is a 3D quick movement. These movements were measured using both a marker-based optical motion capture and a video camera-based (markerless) motion capture. A light was used to synchronize the data obtained from all the video cameras and the two different measurement systems as follows. A light turned on at the center of the measurement space when it was switched on by an experimenter before and after a single trial. The switching on of the light before and after a single trial was recorded by each video camera. The light switch-on frame in a video was manually detected for each camera using Adobe Premiere Pro (Adobe Inc, San Jose, CA, USA). The synchronization frame was determined as one of the start or end frames, depending on the trial, because sometimes one of the start or end frames could not be seen from all camera views. After the synchronization frame was determined, the total number of frames for each video camera was set to be equal. In addition, the light switch-on frame in the analog signals for the marker-based optical motion capture was detected. Finally, marker-based motion capture data was down-sampled to the same sampling frequency as that of the markerless motion capture data.



Marker-Based Motion Capture

Forty-eight reflective markers were attached onto body landmarks, as described in our previous study (Kimura et al., 2019). The coordinates of these reflective markers upon the participants' bodies were recorded using a 16-camera motion capture system (Motion Analysis Corp, Santa Rosa, CA, USA) at a sampling rate of 200 Hz. The elbow, wrist, knee, and ankle joint centers were assigned to the mid-points of the lateral and medial markers, while the shoulder joint centers were assigned to the mid-points of the anterior and posterior shoulder markers. The hip joint centers were estimated using the method described by Harrington et al. (2007). The raw kinematic data was smoothed using a zero-lag fourth order Butterworth low-pass filter. The cut-off frequency of the filter was determined using a residual analysis (Winter, 2009). Data analysis was performed using MATLAB (v2019a, MathWorks, Inc., Natick, MA, USA).



Markerless Motion Capture

The experimental setup and overview of the markerless motion capture are shown in Figure 1. The definition of the coordinate system is as follows that X is lateral/medial, Y is anterior/posterior, and Z is inferior/superior. The markerless motion capture consisted of five video cameras (GZ-RY980, JVCKENWOOD Corp, Yokohama, Kanagawa, Japan). Two measurement conditions, i.e., combinations of video camera resolutions and sampling frequencies, were implemented: 1, 920 × 1, 080 pixels at 120 Hz (1K condition) and 3, 840 × 2, 160 pixels at 30 Hz (4K condition). OpenPose (version 1.4.0) was installed from GitHub (CMU-Perceptual-Computing-Lab, 2017) and run with GPU (GEFORCE RTX 2080 Ti, Nvidia Corp, Santa Clara, CA, USA) under default settings. Twenty-five keypoints (Figure 1) of the participant's body were outputted independently for each frame via OpenPose execution (for details, see CMU-Perceptual-Computing-Lab, 2017). The control points, at which 3D global coordinates could be identified, were measured using the video cameras with use of a calibration pole. The 2D video camera coordinates obtained from OpenPose were transformed to 3D global coordinates using a direct linear transformation (DLT) method (Miller et al., 1980). The raw kinematic data was smoothed using a zero-lag fourth order Butterworth low-pass filter. The cut-off frequency of the filter was determined using residual analysis (Winter, 2009), and the ranges were 5–8 and 2–3 Hz in the 1K and 4K conditions, respectively.


[image: Figure 1]
FIGURE 1. Experimental setup and overview of the markerless motion capture.




Data Analysis

The position data obtained using the marker-based motion capture was downsampled using the spline function to alter the number of frames such that they were the same as those obtained using markerless motion capture. The analysis period durations were defined for each individual motor task: from the second step heel contact to the next heel contact of the same leg in a walking task, from the start of the squatting motion to the recovery of the initial upright stance in a jumping task, and from the toe-off on the opposite side of the throwing arm to the end of the arm-swing in a throwing task. The differences in the corresponding joint positions that were estimated from the two different motion captures throughout the analysis durations were calculated. Mean absolute error (MAE) of the two time-series data during the analysis period durations was used as the indicator of the difference as described by Equation (1), where, n is the number of frames, xm and xo are the positions estimated by the marker-based and OpenPose-based approaches, respectively. It should be noted that the positions of the landmarks that are tracked by OpenPose do not necessarily correspond to the points estimated by the marker-based approach. Therefore, to evaluate the accuracy of markerless motion capture, we compared the corresponding positions of the shoulder, elbow, wrist, hip, knee, and ankle joints, which can be estimated by two motion captures.




RESULTS

Examples of the 3D pose estimations obtained by the two different motion captures are depicted in Figure 2A. In addition, video examples that show the participant's pose during movements are provided as Supplementary Materials to this paper. The representative time-series profiles of joint positions estimated by both the marker-based motion capture (Mocap) and the OpenPose-based markerless motion capture (OpenPose) can be seen in Figure 3. Here, the X, Y, and Z positions of the ankle joint for throwing under the 1K condition, the knee joint for jumping under the 1K condition, the elbow joint for throwing under the 1K condition, and the ankle joint for walking under the 4K condition are shown as representative plots. The MAE of the two plots throughout the duration of analysis is shown in each panel. Qualitatively, the shapes of the time-series profiles were found to be approximately the same.


[image: Figure 2]
FIGURE 2. (A) Examples of participant's pose estimated by the marker-based motion capture (Mocap) and by the OpenPose-based markerless motion capture (OpenPose); (B) Examples of 2D pose tracking success and failure during a (1) ball throwing task and (2) walking task. We defined the apparently incorrect position tracking as failures and defined the others as success based on our visual inspection.
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FIGURE 3. Time series profiles of joint positions estimated by the marker-based motion capture (Mocap) and by the markerless motion capture using OpenPose (OpenPose). Here, the X, Y, and Z positions of (A) the ankle joint for throwing under the 1K condition, (B) the knee joint for jumping under the 1K condition, (C) the elbow joint for throwing under the 1K condition, and (D) the ankle joint for walking under the 4K condition are shown as representative plots. The mean absolute error (MAE) through analysis duration is shown in each panel. Also, 1K and 4K represent that the task was recorded under 1K (1, 920 × 1, 080 pixels at 120 Hz) and 4K (3, 840 × 2, 160 pixels at 30 Hz) conditions when using video-camera-based motion capture, respectively. X is lateral/medial, Y is anterior/posterior, and Z is inferior/superior direction.


Quantitatively, the MAE of joint positions in Figures 3A,B were <20 mm; however, the MAEs of joint positions in Figures 3C,D were >40 mm. The absolute errors were particularly large at specific moments within the analysis duration (i.e., approximately 45 and 80% of the time in Figure 3C, as described in Figures 2A1–3). The MAEs of the corresponding joint positions, estimated from the two different motion captures for all trials, are presented in Table 1. Of these MAEs in Table 1, approximately 47% are <20 mm, 80% are <30 mm, and 10% are >40 mm.


Table 1. The MAEs (mm) as the differences of corresponding joint positions estimated from the two different motion captures.

[image: Table 1]

The accuracy of the 3D pose estimation using the markerless motion capture depends on 2D pose tracking by OpenPose. Because the algorithm that tracks the human pose was applied to each frame of the video independently, within a single trial, there are frames where the participant's pose was well tracked, whereas in others the participant's pose was not well tracked. Examples of pose estimation successes and failures using OpenPose are depicted in Figure 2B. Based on our visual inspection, we defined the apparently incorrect position tracking as failures and the remaining as successes.



DISCUSSION

This study aimed to examine the accuracy of 3D markerless motion capture using OpenPose with multiple video cameras through comparison with an optical marker-based motion capture. Qualitatively, 3D pose estimation using the markerless motion capture approach can correctly reproduce the movements of participants (Figure 2A and Supplementary Videos). The MAE in 80% of all trials conducted was found to be <30 mm. This relatively small error may be due to the shortcomings in the OpenPose tracking precision. Because the majority of computer vision-based pose tracking algorithms, including OpenPose, are based on the supervised learning using manually labeled data, it is inevitable that small errors in 3D pose are caused by inherent noise in the training data.

Relatively large MAEs exceeding 40 mm were observed in certain cases (Figure 3). Observing the estimated pose during movements reveals that the correct joint positions (including noises) are estimated in the trial, including a relatively small error that is <30 mm (e.g., Figures 2A1-1, A1-2, A1-4); however, apparently incorrect joint positions are estimated in the trial including relatively large errors that are more than 40 mm (e.g., Figure 2A1-3). The primary reason for estimating apparently incorrect 3D positions is that OpenPose failed to track the participant's pose depending on the image of each individual frame (Figure 2B). Due to the 2D tracking failures, correction of such failures is required to achieve a more accurate 3D pose estimation. Within this study, for example, the interchange of the left and right segments was retrospectively corrected because, without this correction, the 3D pose was completely different from the human shape. However, recognizing an object as a human body segment (e.g., failures in Figure 2B) was not corrected because it may have required manual tracking; moreover, without the correction, the 3D pose accuracy could be evaluated. Therefore, to use the OpenPose-based markerless motion capture in human movement science studies, it is considered necessary to incorporate algorithms that can correct all such tracking failures.

There are several methods for fixing the tracking failures. One approach is to use the same procedure as that used in the software to operate the traditional marker-based motion capture system in which the errors can be fixed by using the temporal continuity of a point trajectory, assuming rigid bodies of participants' segments, and manually digitizing the correct position. This method may be appropriate for biomechanics researchers because the principles used are similar to those of the traditional marker-based approach. Another approach is to refine the neural network in the deep-learning algorithm. For example, in DeepLabCut (Nath et al., 2019), users evaluated the tracking results outputted from the first-trained neural network and perform secondary-training of the neural network to improve the performance of the algorithm. This method is appropriate for computer vision and machine learning researchers. Therefore, we utilized the first method to correct the tracking failure.

Other sources of error may be data processing, such as time synchronization. The error in the movement direction (i.e., Y direction for walking task and Z direction for jumping task), especially in the 30 Hz measurement (4K condition), tends to be large (Table 1). Within the time series profiles, the timing of synchronization appears to affect to the error of the two motion captures (Figure 3D). However, because this is a problem caused by the process of comparing the two motion captures, the effect of this error on the accuracy of the markerless system measurement should be relatively small.

We used the 1K (1, 920 × 1, 080 pixels at 120 Hz) and 4K (3, 840 × 2, 160 pixels at 30 Hz) conditions when using video-camera-based motion capture, which have lower sampling rates than those of the marker-based motion capture system. However, computer-vision-based pose estimation algorithms have the potential to extend the possibilities of measurement at high sampling rates exceeding 1,000 Hz. When measuring with current marker-based motion capture cameras at a sampling rate of 1,000 Hz or more, the angle of the camera view becomes very small, making it difficult to measure fast movements. Because a computer-vision-based pose estimation algorithm, such as OpenPose, can be applied to high-speed camera images, it is expected to overcome the difficulty.

Furthermore, we used five video cameras for markerless motion capture. Because, in the DLT method, the 3D position coordinates were calculated using the least squares method based on the joint coordinates in each camera coordinate system, the stability of the estimated 3D joint position improves as the number of cameras increases (i.e., the robustness against the probabilistic perturbation of the estimated joint position increases). In addition, if the number of cameras is sufficiently large, the camera that produces large tracking errors in a frame can be excluded from the 3D pose calculation. However, when manual processing is required for camera images, the processing cost increases proportionally with the number of cameras. Therefore, if a researcher increases the number of video cameras for a markerless motion capture, it is better to use the devices and programs that can automatically process most of the data.

In this study, we evaluated the accuracy of markerless motion capture through comparison with an optical marker-based motion capture. However, the marker-based system also has errors, which are mainly due to the skin artifact, (i.e., an error of joint position owing to the deformation of the skin on which the markers were attached on). The errors of the marker-based system can affect the validity of accuracy evaluation of markerless motion capture. Despite this limitation, the marker-based system has been recognized as the gold standard in the field of biomechanics. In addition, it is also difficult to make a similar comparison using a skinless cadaver because the cadaveric-based evaluation has limitations in movement. Therefore, our method for evaluating a markerless motion capture can be considered to be reasonable.

This study is preliminary work and thus requires further examination. Two perspectives may be important as a next step. First, the accuracy of joint positions could be improved so that other biomechanical parameters such as joint angle, joint angular velocity, and joint torque can be used. Thereafter, the accuracy of these biomechanical parameters should be investigated. Second, the task and aim of the study could be chosen so that the analysis can be performed within the accuracy of the current measurement system. Even if the accuracy of a markerless measurement is lower than that of the marker-based system, the markerless system has the advantage of environmental constraints. While limitations still exist, deep-learning-based markerless motion capture is expected to be applied in the future to sporting games and rehabilitations, which are considered to be difficult to measure with marker-based motion capture.



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation, to any qualified researcher.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by Ethics Committee of the Graduate School of Arts and Sciences of the University of Tokyo. The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

NN, TS, KU, and SY conceived and designed the work. NN, LO, AK, YI, SF, and SY performed the experiments. NN, TS, and SY analyzed the data. NN and SY interpreted the results. NN drafted the manuscript. TS, KU, LO, AK, YI, SF, and SY revised the manuscript.



FUNDING

This work was supported by JST-Mirai Program Grant Number JPMJMI18C7, Japan.



ACKNOWLEDGMENTS

This manuscript has been released as a pre-print at bioRxiv (Nakano et al., 2019).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fspor.2020.00050/full#supplementary-material

Supplementary Videos 1–3. The videos show the human pose during walking, jumping, and throwing obtained by two different motion capture.



REFERENCES

 Cao, Z., Hidalgo, G., Simon, T., Wei, S. E., and Sheikh, Y. (2018). Openpose: realtime multi-person 2D pose estimation using part affinity fields. arXiv preprint arXiv:1812.08008. doi: 10.1109/CVPR.2017.143

 Chen, C. H., and Ramanan, D. (2017). “3D human pose estimation= 2D pose estimation+ matching,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (Honolulu, HI), 7035–7043. doi: 10.1109/CVPR.2017.610

 Clark, R. A., Pua, Y. H., Fortin, K., Ritchie, C., Webster, K. E., Denehy, L., et al. (2012). Validity of the Microsoft Kinect for assessment of postural control. Gait Posture 36, 372–377. doi: 10.1016/j.gaitpost.2012.03.033

 CMU-Perceptual-Computing-Lab (2017). OpenPose: Real-Time Multi-Person Keypoint Detection Library for Body, Face, Hands, and Foot Estimation. Available online at: https://github.com/CMU-Perceptual-Computing-Lab/openpose

 Gao, Z., Yu, Y., Zhou, Y., and Du, S. (2015). Leveraging two kinect sensors for accurate full-body motion capture. Sensors 15, 24297–24317. doi: 10.3390/s150924297

 Harrington, M. E., Zavatsky, A. B., Lawson, S. E. M., Yuan, Z., and Theologis, T. N. (2007). Prediction of the hip joint centre in adults, children, and patients with cerebral palsy based on magnetic resonance imaging. J. Biomech, 40, 595–602. doi: 10.1016/j.jbiomech.2006.02.003

 Iskakov, K., Burkov, E., Lempitsky, V., and Malkov, Y. (2019). “Learnable triangulation of human pose,” in Proceedings of the IEEE International Conference on Computer Vision (Seoul), 7718–7727. doi: 10.1109/ICCV.2019.00781

 Kimura, A., Yoshioka, S., Omura, L., and Fukashiro, S. (2019). Mechanical properties of upper torso rotation from the viewpoint of energetics during baseball pitching. Eur. J. Sport Sci. 1–8. doi: 10.1080/17461391.2019.1646810

 Miller, N. R., Shapiro, R., and McLaughlin, T. M. (1980). A technique for obtaining spatial kinematic parameters of segments of biomechanical systems from cinematographic data. J. Biomech. 13, 535–547. doi: 10.1016/0021-9290(80)90054-8

 Moon, G., Chang, J. Y., and Lee, K. M. (2019). “Camera distance-aware top-down approach for 3D multi-person pose estimation from a single RGB image,” in Proceedings of the IEEE International Conference on Computer Vision (Seoul), 10133–10142. doi: 10.1109/ICCV.2019.01023

 Mündermann, L., Corazza, S., and Andriacchi, T. P. (2006). The evolution of methods for the capture of human movement leading to markerless motion capture for biomechanical applications. J. NeuroEng. Rehabil. 3, 1–11. doi: 10.1186/1743-0003-3-6

 Nakano, N., Sakura, T., Ueda, K., Omura, L., Kimura, A., Iino, Y., et al. (2019). Evaluation of 3D markerless motion capture accuracy using openpose with multiple video cameras. bioRxiv 842492. doi: 10.1101/842492

 Nath, T., Mathis, A., Chen, A. C., Patel, A., Bethge, M., and Mathis, M. W. (2019). Using deeplabcut for 3D markerless pose estimation across species and behaviors. Nat. Protoc. 14, 2152–2176. doi: 10.1038/s41596-019-0176-0

 Papandreou, G., Zhu, T., Chen, L. C., Gidaris, S., Tompson, J., and Murphy, K. (2018). “Personlab: Person pose estimation and instance segmentation with a bottom-up, part-based, geometric embedding model,” in Proceedings of the European Conference on Computer Vision (ECCV) (Munich), 269–286. doi: 10.1007/978-3-030-01264-9_17

 Pavlakos, G., Zhou, X., and Daniilidis, K. (2018). “Ordinal depth supervision for 3D human pose estimation,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (Salt Lake City, UT), 7307–7316. doi: 10.1109/CVPR.2018.00763

 Pavllo, D., Feichtenhofer, C., Grangier, D., and Auli, M. (2019). “3D human pose estimation in video with temporal convolutions and semi-supervised training,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (Long Beach, CA), 7753–7762. doi: 10.1109/CVPR.2019.00794

 Pfister, A., West, A. M., Bronner, S., and Noah, J. A. (2014). Comparative abilities of Microsoft Kinect and Vicon 3D motion capture for gait analysis. J. Med. Eng. Technol. 38, 274–280. doi: 10.3109/03091902.2014.909540

 Rhodin, H., Spörri, J., Katircioglu, I., Constantin, V., Meyer, F., Müller, E., et al. (2018). “Learning monocular 3D human pose estimation from multi-view images,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (Salt Lake City, UT), 8437–8446. doi: 10.1109/CVPR.2018.00880

 Schmitz, A., Ye, M., Shapiro, R., Yang, R., and Noehren, B. (2014). Accuracy and repeatability of joint angles measured using a single camera markerless motion capture system. J. Biomech. 47, 587–591. doi: 10.1016/j.jbiomech.2013.11.031

 Seethapathi, N., Wang, S., Saluja, R., Blohm, G., and Kording, K. P. (2019). Movement science needs different pose tracking algorithms. arXiv preprint arXiv:1907.10226.

 Toshev, A., and Szegedy, C. (2014). “Deeppose: Human pose estimation via deep neural networks,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (Columbus, OH), 1653–1660. doi: 10.1109/CVPR.2014.214

 Wei, S. E., Ramakrishna, V., Kanade, T., and Sheikh, Y. (2016). “Convolutional pose machines,” in Proceedings of the IEEE conference on Computer Vision and Pattern Recognition (Las Vegas, NV), 4724–4732. doi: 10.1109/CVPR.2016.511

 Winter, D. A. (2009). Biomechanics and Motor Control of Human Movement. Hoboken, NJ: John Wiley & Sons. doi: 10.1002/9780470549148

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Nakano, Sakura, Ueda, Omura, Kimura, Iino, Fukashiro and Yoshioka. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fspor-02-00050-g003.gif
.
H
£
E
L
z
£

o

g o

35 o

Py o

g2

g e o

2 e et e
P2 T

Ankle (Walk«) o Elbow (Throwi) o






OPS/images/fspor-02-00050-t001.jpg
Walkik  Walksk  Jumpik  Jumpak  Throwsk  Throwax

X 284 246 271 209 217 193
ShoulderR Y 17.0 49.7 125 1.9 277 325
Z 179 165 295 30.8 16.8 13.9
X 4832 6.96 9.36 8.25 473 452
ElbowR Y 370 66.8 27.0 20.5 287 35.1
z 217 222 269 356.3 38.0 389
X 578 752 8.96 831 406 475
WristR Y 190 44.2 132 20.6 287 40.3
Z 157 16.8 238 389 24.7 26.7
X 965 7.67 8.77 6.01 295 25.0
HipR Y 213 49.4 15.0 14.2 135 20.8
Z 244 20.6 31.0 32.1 272 285
X 841 4.09 7.74 6.47 15.2 13.1
KneeR Y 269 48.2 8.48 183 13.8 19.1
Z 104 11.4 14.8 20.9 244 20.4
X 968 873 9.82 6.67 123 19.1
AnkleR Y 288 58.1 9.31 1.0 17.7 222
z 17 20.7 20.6 279 12.4 203

Also, 1x and 4 represent that the task was recorded under 1K (1,920 x 1,080 pixels at
720 Hz) and 4K (3,840 x 2,160 pixels at 30 Hz) conditions when using video-camera-
based motion capture, respectively. X is lateral/medial, Y is anterior/posterior, and Z is
inferior/superior direction.





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Evaluation of 3D Markerless Motion Capture Accuracy Using OpenPose With Multiple Video Cameras



		Introduction



		Materials and Methods



		Participants



		Overview of Data Collection



		Marker-Based Motion Capture



		Markerless Motion Capture



		Data Analysis







		Results



		Discussion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		References

















OPS/images/cover.jpg
, frontiers
in Sports and Active Living

Evaluation of 3D Markerless Motion
Capture Accuracy Using OpenPose
With Multiple Video Cameras





OPS/images/fspor-02-00050-g001.gif
Calibration Pole

]

Video Camera

Camera j

Camera i .

Conrol Point Movement
Measurement  Measurement
| | openpose
Camera Parameter 2D Cocrdmates

2 Keypmms 5P

DLT transform

3D Global Coordinates.






OPS/images/fspor-02-00050-g002.gif
(1) Throwing

(2) Walking

(a11)

(a1:2)

(a21)

(h22)

3D Pose
(a1-3)

(a1-4)

(n2-3)

(2-4)

2D Tracking
(1-1) Success

(81-2) Failure

(82-1) Success

(82-2) Failure









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
’ frontiers
in Sports and Active Living





