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Abstract: With the recent increase in interest in machine learning and computer vision, camera-based pose estimation has emerged as a promising new technology. One of the most popular libraries for
camera-based pose estimation is MediaPipe Pose due to its computational efficiency, ease of use, and the fact that it is open-source. However, little work has been performed to establish how accurate
the library is and whether it is suitable for usage in, for example, physical therapy. This paper aims to provide an initial assessment of this. We find that the pose estimation is highly dependent on the
camera’s viewing angle as well as the performed exercise. While high accuracy can be achieved under optimal conditions, the accuracy quickly decreases when the conditions are less favorable.
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Introduction

Libraries like MediaPipe Pose (MPP) [1] (output
displayed in Fig. 1) have been applied in diverse
fields, including complex medical applications such
as joint load prediction [4] and movement limitation
analysis [6], indicating potential use in at-home
physical therapy supervision.

Problem:  This  application requires  high
responsibility and trustworthiness due to its impact
on user health. Incorrect executions during at-home
exercises could lead to inefficiency or injuries [3].
Goal: This work aims to do a first step towards a
quantitative evaluation of MPP, to asses its accuracy
when calculating metrics relevant to physical therapy
and identify its strengths and weaknesses.
Experiment:

« Pose data of 4 subjects performing physical
exercises was gathered using two cameras (C1
and C2) and a motion capture (MoCap) system for
ground truth (GT) comparison.

Five stationary exercises (two push-up variants,
squats, kick-backs on all fours, ground swimming)
were recorded from different angles.

« Qverall, 240 exercises instances were recorded.

Fig. 1: Visualization of the MPP output of a person
performing a squat. The output consists of x-y-z-world
coordinates of 33 different landmarks, with the origin lying
between the hip joints (23 and 24).
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Fig. 2: The data processing pipeline. The GT data was provided by the MTw Awinda MoCap system. For synchronization, a
movement metric was calculated along the vertical axis. To focus on raw pose estimation quality, the calculated metrics were
consistency of shoulder width (SW) and hip width (HW) as well as flexion angles of knees and elbows.

Fig. 4: Top view of the experimental setup. The cameras were
placed such that the image plane is vertical to the ground. The
camera viewing angles are denoted by « for C1 and f for C2.

Fig. 3: Visualization of the evaluation metrics
shoulder width (SW) and hip width (HW). They
were calculated directly form the MP output.
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Results

shoulder width of subj. 4, real value = 0.39

Subject (Angles) SW(C1) SW(C2) HW(C1) HW(C2)
1 (a=90°, 15.39%  14.31% 6.24% 16.63%
1 (a = 180°, 15.15% 11.18% 17.43% 9.78%
£ 2 (@ =90°, 22.55% 14.30% 4.99% 19.36%
& 2 (a = 30°, 20.49%  17.83% 17.30% 30.65%
g 3 (a=190° ¢ 26.41%  10.70% 5.40% 17.89%
E 3 (a = —90°, 8.64% 11.27% 34.37% 19.91%
E 4 (a =90°, 29.05% 5.71% 11.90% 24.23%
E 4 (a =45°, 29.78%  11.22% 12.06%  33.81%
@
Tab. 1: RMSE of the relative SW and HW, as estimated from C1
and C2, separated by set. All values are relative to the normalized
0.10 o measured widths for each subject.
o
a=90° a=4s" B=0* B=-a5°

Fig. 5: Boxplot showing the shoulder width of subject
4, estimated for each set (S1/S2) and from both
cameras (C1/C2).
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Fig. 6: Plot showing the right knee angles of subject 4 while performing two repetitions of the squat exercise. The first set is

shown on the left and the second set is shown on the right.

Exc./Angle (S1,C1) (S1,C2) (S2,C1) (S2,c2) Tab. 2: RMSE over all subjects of one important angle for
each exercise, for both sets and cameras. RE: right elbow
Push-Up/RE 1532 3496 2658 2330 angle, RK: right knee angle. All values in degree (o).
Push-Up v.2/RE 22.40 33.71 29.34 32.71
Squat/RK 9.14 14.19 12.45 14.48
Kick-Back/RK 24.27 18.76 24.90 25.56
Swimming/RE 23.48 50.76 42.22 42.61

Discussion

Body Dimension Comparisons:
« Width estimations are biased and not constant due to a lack of subject size information.
« Astrong dependence on the camera viewing angle is obvious.
« Lower interquartile range/median ratio for angles close to 0° or 90°, higher for 45°.
« To combat bias, shoulder and hip widths were normalized by shoulder heights and root-mean-
square-error (RMSE) calculated for all frames, but the angle dependency is still pronounced.

Angle Estimation Results:
« Viewing angle dependency is noticeable, but less pronounced than for body dimensions.
« Larger deviations from true value seen as angle approaches 0°.
« Angle estimation are most accurate for the squats, where the subjects are standing.
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