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Introduction: Marker-less human pose estimation (HPE) is increasingly proposed for 

monitoring physical rehabilitation, yet most models are trained on upright, everyday poses, 

whereas physiotherapy involves lying, sitting and slow, occluded movements. 

Objectives: To determine, posture by posture, how widely used 2D and 3D HPE models behave 

on rehabilitation exercises, how stable their accuracy is across postures, and which requirements 

a rehabilitation-specific estimator must meet. 

Methods: A secondary quantitative analysis of the published UCO Physical Rehabilitation 

benchmark (27 subjects, OptiTrack ground truth) covering seven models: AlphaPose, 

MediaPipe, KAPAO, StridedTransformer, HybrIK, PoseBERT and VideoPose3D. Beyond the 

reported 2D keypoint error, 3D joint-angle mean absolute error (MAE) and throughput, we 

derive a Posture Sensitivity Index, rank stability, rotation gain for supine frames, an accuracy–

throughput Pareto front and the gap to a ~5° clinical reference. 

Results: No model leads in every posture. For 2D keypoints AlphaPose is best on supine frames 

(3.86 ×10⁻² couch-normalized units) and KAPAO on seated (3.24) and standing (3.34) frames; 

supine error is 14–103% higher than the best upright error for every model. For 3D joint angles 

HybrIK is best for supine (6.92°) and seated (7.29°) exercises and MediaPipe for standing 

(11.96°). The best 3D error exceeds the ~5° reference by 1.9°, 2.3° and 7.0° in the three postures, 

and the most accurate models are the slowest (13–16 FPS). 

Conclusions: General-purpose HPE models are not yet sufficient for posture-agnostic 

rehabilitation monitoring. Estimators that reason jointly over all body joints, remain robust to 

non-upright orientation and run in real time are needed; joint-token transformer designs are a 

promising direction. 

Keywords: human pose estimation; physical rehabilitation; joint-angle estimation; posture 

robustness; comparative analysis; markerless motion capture 

 

INTRODUCTION 

Physical rehabilitation restores motor function after injury or surgery, and clinicians judge progress mainly through 

posture and joint range of motion. Much of this therapy is performed at home without supervision, so objective, low-

cost monitoring is valuable [1, 2]. Marker-less human pose estimation (HPE) from ordinary RGB cameras offers such 

monitoring and has been proposed for tele-rehabilitation, gait analysis and motor assessment [3, 4]. Depth cameras 

such as the Kinect were an earlier option but have known limits outside the laboratory [5]. 

Modern HPE models, from convolutional estimators such as OpenPose [6] and HRNet [7] to recent transformer-

based designs, are, however, trained and benchmarked on general-purpose data such as COCO [8] and Human3.6M 

[9], in which people are mostly upright. Rehabilitation differs: many exercises are performed lying on a couch 

(supine) or seated, limbs occlude one another, and the clinically relevant output is a joint angle rather than a keypoint. 

Studies comparing OpenPose-type estimators on upper-limb exercises [10], 3D joint-centre localisation [11] and gait 

kinematics [12] all report that accuracy depends strongly on the model and the activity. The UCO Physical 

Rehabilitation study of Aguilar-Ortega et al. [1] provided the first multi-model benchmark on rehabilitation exercises 

with optical ground truth. It showed that posture and camera viewpoint matter, and it reported per-posture results 

for eight estimators. What that study did not provide is an integrated reading of the results in terms of how stable 



Journal of Information Systems Engineering and Management 
2024, 9(4s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article 

 

 

 

 4856 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

each model is across postures, how accuracy trades against speed, and how far the best models remain from clinically 

useful accuracy. This paper addresses that gap through a structured secondary analysis of the published benchmark, 

and uses the analysis to derive concrete requirements for rehabilitation-specific HPE. 

OBJECTIVES 

The study pursues three objectives: 

O1. To compare seven representative 2D and 3D HPE models posture by posture (supine, seated, standing) on 2D 

keypoint error, 3D joint-angle error and throughput. 

O2. To quantify robustness through derived indices: a Posture Sensitivity Index, rank stability across postures, the 

effect of rotating supine frames, and the accuracy–throughput Pareto front. 

O3. To relate the best achievable errors to a clinical reference and derive design requirements for a rehabilitation-

specific estimator. 

METHODS 

Study design and data source 

This is a secondary quantitative analysis; no new recordings or model runs were made. All primary values are taken, 

with attribution, from the benchmark of Aguilar-Ortega et al. [1] on the UCO Physical Rehabilitation dataset. That 

dataset contains 2160 videos of 27 healthy adults performing eight exercises (lower and upper limb, left and right 

sides) prescribed by surgeons and physiotherapists, recorded by five RGB cameras at 1280 × 720 pixels, with joint 

ground truth from an OptiTrack infrared system. Exercises are grouped by body position into supine (lying leg 

exercises), seated and standing groups. Fig. 1 summarizes the analysis pipeline. 

 
Figure 1. Analysis framework used in this study 

Models under study 

Seven models were retained to cover the main design families (Table 1). HMR [13], also evaluated in [1], was excluded 

because it had the highest error in every posture and has been superseded by HybrIK, which also recovers an SMPL 

body [14]. All models were used in [1] with their public default configurations and without fine-tuning. 

Table 1. Models included in the analysis 

Model Paradigm Output used FPS in [1] 
AlphaPose [15, 16] Top-down CNN, regional multi-person 2D keypoints 15.93 
MediaPipe / BlazePose [17, 18] Lightweight detector–tracker 2D + 3D 66.58 
KAPAO [19] Single-stage keypoints-as-objects 2D keypoints 41.43 
StridedTransformer [20] Spatio-temporal transformer lifting 2D + 3D 21.62 
VideoPose3D [21] Dilated temporal convolution lifting 2D + 3D 19.09 
HybrIK [22] Analytical–neural inverse kinematics 3D 13.21 
PoseBERT [23] Transformer temporal refinement 3D 24.30 

 

Primary metrics 

Following [1], the 2D error of a frame is the mean Euclidean distance over the three joints of the exercised limb (hip–

knee–ankle or shoulder–elbow–wrist), normalized by the projected length of the treatment couch so that errors are 

independent of subject distance and resolution: 

 e2D = (1/3) Σj ‖k̂j − kj‖ / Lcouch (1) 
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The joint angle at the middle joint b of the triplet (a, b, c) and its mean absolute error over N frames are 

 θ = arccos[(v1 · v2) / (‖v1‖ ‖v2‖)],  v1 = ka − kb,  v2 = kc − kb (2) 

 MAEθ = (1/N) Σi |θ̂i − θi| (3) 

2D errors are reported ×100 for readability. Supine values refer to the rotated-video protocol of [1], which gave lower 

error for most models. 

Derived indices 

For each model with per-posture error Ep, the Posture Sensitivity Index is the ratio of its worst to its best posture 

error; a value of 1 means perfectly posture-invariant behaviour: 

 PSI = maxp Ep / minp Ep (4) 

The rotation gain is the relative error reduction when supine videos are rotated by 90° so that the subject appears 

upright, computed from the original and rotated means in [1]: 

 Grot = (Eorig − Erot) / Eorig × 100% (5) 

Rank stability is assessed by ranking models within each posture by mean error. The accuracy–throughput 

Pareto front contains the models for which no other model is both faster and more accurate. Finally, the clinical 

gap is the difference between the best 3D angle MAE in each posture and a ~5° reference, taken from the inertial-

sensor knee-flexion error cited in [1]. 

RESULTS 

2D keypoint localization 

Table 2 and Fig. 2 give the 2D keypoint error. AlphaPose is the most accurate on supine frames (3.86) and has the 

lowest mean over all postures (3.58) and the lowest PSI (1.14), making it the most posture-robust 2D model. On 

seated and standing frames KAPAO (3.24, 3.34) and StridedTransformer (3.26, 3.34) are practically tied for first 

place; the Friedman ranking in [1] places StridedTransformer first for seated exercises. Every model is worst on 

supine frames: supine error exceeds the model's best upright error by 14.2% (AlphaPose), 45.6% (VideoPose3D), 

51.5% (KAPAO), 59.9% (MediaPipe) and 102.5% (StridedTransformer). 

Table 2. 2D keypoint error (×100, couch-normalized; mean ± SD) reported in [1], with derived mean and PSI 

Model Supine Seated Standing Mean PSI 
AlphaPose 3.86 ± 3.01 3.38 ± 1.40 3.49 ± 1.54 3.58 1.14 
MediaPipe 5.58 ± 6.75 3.99 ± 1.81 3.49 ± 1.35 4.35 1.60 
KAPAO 4.91 ± 6.47 3.24 ± 1.19 3.34 ± 1.03 3.83 1.52 
StridedTransformer 6.60 ± 6.68 3.26 ± 1.63 3.34 ± 1.02 4.40 2.02 
VideoPose3D (2D stage) 4.92 ± 4.93 3.38 ± 1.35 3.45 ± 1.07 3.92 1.46 

 

Figure 2. 2D keypoint error by posture (data from [1]) 
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3D joint-angle estimation 

Table 3 and Fig. 3 give the 3D joint-angle MAE. HybrIK is clearly best for supine (6.92°) and seated (7.29°) exercises, 

where its kinematic body prior constrains implausible limb configurations, but its error almost doubles for standing 

upper-limb exercises (13.70°; PSI 1.98). MediaPipe is best for standing (11.96°) and is the most posture-stable 3D 

model (PSI 1.11), although its absolute error is higher than HybrIK's on supine and seated exercises. The lifting-based 

models VideoPose3D and StridedTransformer have the highest angle errors (14.1°–25.1°), because 2D errors 

propagate into the lifted 3D pose. 

Table 3. 3D joint-angle MAE (°; mean ± SD) reported in [1], with derived mean and PSI 

Model Supine Seated Standing Mean PSI 
HybrIK 6.92 ± 10.05 7.29 ± 11.18 13.70 ± 12.35 9.30 1.98 
PoseBERT 9.70 ± 11.41 12.52 ± 9.71 19.75 ± 16.00 13.99 2.04 
MediaPipe (3D) 10.75 ± 16.06 11.33 ± 9.79 11.96 ± 9.99 11.35 1.11 
VideoPose3D 18.84 ± 18.95 14.07 ± 14.80 21.62 ± 18.98 18.18 1.54 
StridedTransformer 15.75 ± 17.75 18.78 ± 18.56 25.05 ± 19.66 19.86 1.59 

 
Figure 3. 3D joint-angle MAE by posture (data from [1]) 

Effect of rotating supine videos 

Table 4 shows that rotating supine videos, so that the subject appears upright, reduces 2D error for four of five models 

(by up to 28.4% for VideoPose3D) and reduces HybrIK's 3D angle error by 61.7%. The effect is not universal: 

StridedTransformer's 2D error doubles and MediaPipe's 3D error rises slightly. The large gains confirm that the 

failures on supine frames are largely caused by orientation bias in the training data rather than by the exercises 

themselves. 

Table 4. Supine exercises, original vs rotated videos (values from [1]; gain derived with Eq. 5) 

Model 2D error orig. → rot. G_rot (2D) 3D MAE orig. → rot. (°) G_rot (3D) 
AlphaPose 4.4 → 3.9 +11.4% – – 
MediaPipe 5.1 → 5.0 +2.0% 10.30 → 10.76 −4.5% 
KAPAO 6.7 → 5.0 +25.4% – – 
StridedTransformer 3.4 → 6.8 −100.0% 19.43 → 15.42 +20.6% 
VideoPose3D 7.4 → 5.3 +28.4% 17.81 → 18.17 −2.0% 
HybrIK – – 17.93 → 6.86 +61.7% 
PoseBERT – – 9.87 → 9.62 +2.5% 

 

Accuracy–throughput trade-off 

Fig. 4 plots the mean 2D error against the throughput reported in [1]. Only AlphaPose, KAPAO and MediaPipe lie on 

the Pareto front; VideoPose3D and StridedTransformer are dominated by KAPAO, which is both faster and more 

accurate. The most accurate 2D model (AlphaPose, 15.9 FPS) and the most accurate 3D model for lying and sitting 
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exercises (HybrIK, 13.2 FPS) are also the slowest, while the fastest model (MediaPipe, 66.6 FPS) is the least accurate 

in 2D. 

 
Figure 4. Accuracy–throughput trade-off of the 2D estimators (derived from [1]) 

DISCUSSION 

The analysis leads to four findings. First, no single model is best across postures. The 2D leader changes from 

AlphaPose (supine) to KAPAO/StridedTransformer (seated, standing), and the 3D leader from HybrIK (supine, 

seated) to MediaPipe (standing). A clinic choosing a model from upright benchmarks such as COCO [8] could 

therefore select one that performs poorly on the lying exercises that make up much of lower-limb rehabilitation. 

Second, posture sensitivity is large and systematic. Supine error exceeds upright error for every 2D model, 

and rotation experiments show that much of this penalty disappears when the image is turned upright. This points 

to orientation bias in general-purpose training data [8, 9] and is consistent with earlier reports that estimator 

accuracy depends on activity and viewpoint [11, 12]. Models that impose structure on the whole body, either through 

a kinematic prior (HybrIK) or through top-down person normalization (AlphaPose), are the most robust. 

Third, the best models remain above clinical accuracy. Relative to a ~5° reference, the best 3D angle errors 

leave gaps of 1.9° (supine), 2.3° (seated) and 7.0° (standing), and the frame-level standard deviations reported in [1] 

are larger than the means, indicating frequent large failures under occlusion. 

Fourth, accuracy and deployability conflict. The most accurate models run at 13–16 FPS, below comfortable 

real-time feedback, while the fastest model is the least accurate. Home rehabilitation needs both. 

These findings translate into design requirements for a rehabilitation-specific estimator: (i) global reasoning over all 

joints so that occluded joints are inferred from visible ones; (ii) robustness to non-upright orientation, through 

training data or architecture rather than manual rotation; (iii) direct support for joint-angle output with a light 

temporal lifting stage; (iv) configurable joint sets for exercise-specific assessment; and (v) real-time throughput on 

mid-range hardware. Transformer designs that represent each joint as a learnable token attending to image features 

and to other joints, such as TokenPose [24] and ViTPose [25], combine global attention with moderate model size 

and are therefore a promising basis. Rehabilitation datasets such as UI-PRMD [26], KIMORE [27], IRDS [28] and 

UCO [1] make fine-tuning and exercise-quality assessment feasible [29], and practical systems such as ExerCam [30] 

show the value of camera-only deployment. 

Limitations. The study relies on values published in a single benchmark [1] of healthy adults in a controlled room, 

so the findings may differ for patients, other exercises or home environments. Throughput figures depend on the 

hardware used in that study. The ~5° clinical reference is indicative rather than a formal acceptance criterion, and 

the 2D and 3D metrics are not directly comparable with each other. Broader surveys of HPE methods are available 

in [31, 4]. 
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CONCLUSION 

This posture-wise analysis of seven human pose estimation models on a rehabilitation benchmark shows that current 

general-purpose models are not yet sufficient for posture-agnostic rehabilitation monitoring. The most posture-

robust 2D model is AlphaPose (PSI 1.14), the best 3D model for lying and sitting exercises is HybrIK (6.92° and 7.29°), 

and MediaPipe is the most stable and fastest 3D option. All models degrade on supine frames, the best 3D errors 

remain 1.9°–7.0° above a ~5° reference, and accuracy comes at the cost of speed. Future work will develop a joint-

token transformer estimator with temporal lifting that addresses these requirements and will evaluate it with the 

protocol and indices introduced here. 
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