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Abstract. Recovering 3D human body motion from video is impor-
tant for applications such as rehabilitation assessment and sports per-
formance evaluation. For prosthesis users, this requires capturing both
natural body joints and the geometry of the prosthetic device, a challenge
that existing methods are not designed to address. Model-based estima-
tors rely on body models trained on non-amputee individuals and cannot
represent prosthesis geometry, while model-free methods lack body kine-
matic priors and are unreliable under occlusion. This challenge is partic-
ularly prominent for users of running-specific prostheses (RSPs), where
the RSP has a complex curved geometry and moves dynamically during
exercise. To fill this gap, we collect RSP3D, the first 3D dataset of RSP
users, covering essential daily-life and exercise actions from participants
with varied amputation conditions, using a multi-camera marker-based
motion capture setup. We formally define the task of prosthesis-aware 3D
pose estimation, evaluate representative methods in a zero-shot setting,
and confirm their individual limitations. We further propose a hybrid
baseline combining model-based body joint estimation with model-free
RSP shape recovery, establishing a starting point for future research.
Our project page is available at https://ut-vision.github.io/RSP3D/
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1 Introduction

Accurately recovering 3D human body motion from videos is a key technology
for understanding human activities. For prosthesis users, capturing the 3D po-
sitions of both natural body joints and prosthetic components is essential for
applications such as rehabilitation assessment and sports performance evalua-
tion. Such prosthesis-aware 3D body recovery can directly improve the quality
of life for prosthesis users and contribute to building a more inclusive society.
While professional athletes typically have access to coaches who can monitor

∗Corresponding author

https://orcid.org/0000-0002-5981-1276
https://orcid.org/0009-0006-3574-8563
https://orcid.org/0000-0003-4206-710X
https://ut-vision.github.io/RSP3D/


2 Y. Wen et al.

Fig. 1: Samples of collected data (left) and challenges faced by existing works in han-
dling pose estimation for running-specific prostheses (RSP) users (right).

their movement and provide feedback, for the majority of running-specific pros-
theses (RSP) users who train independently or in recreational settings, such
expert guidance is not always available. Automated prosthesis-aware 3D analy-
sis can therefore fill this gap, providing objective motion feedback that supports
training and rehabilitation without requiring direct expert supervision. However,
existing methods have not been designed to handle prosthesis users, and there
is a clear lack of both data and methods for this purpose.

This task poses a unique challenge: part of the human body is replaced by
an object that does not follow human anatomical structure, and prostheses lack
shared statistical geometric structure across different users. This breaks the fun-
damental assumption shared by existing approaches, and neither model-based
nor model-free methods can solve it alone (see Fig. 1). Model-based 3D human
pose estimators [45,52] rely on predefined anatomical models [12,16,22] trained
on large-scale datasets of non-amputee individuals, and by design cannot gener-
alize to bodies outside this learned distribution. This means that while they can
robustly estimate body joint positions even under occlusion, they cannot rep-
resent prosthesis geometry. Moreover, prostheses vary widely in shape, length,
and attachment depending on the individual’s amputation condition and activ-
ity, making it difficult to define a common geometric prior. Conversely, model-
free approaches [3, 39, 40] can reconstruct arbitrary 3D shapes without relying
on predefined templates, making them capable of recovering prosthesis geome-
try. However, without body-specific priors, they often fail under occlusion and
cannot capture the correct kinematics of body joints. In other words, this task
inherently requires integrating two distinct approaches: one that understands
the human body and one that can handle arbitrary shapes.

In this study, we address this challenge by constructing RSP3D, the first
dataset that captures 3D poses of prosthesis users, with a particular focus on
individuals using running-specific prostheses (RSPs). Our dataset comprises es-
sential actions for daily activities and specific drills for physical exercise, collected
from diverse participants spanning a range of ages, amputation conditions, and
RSP experience. We use an indoor environment equipped with 16 GoPro RGB
cameras and a marker-based motion capture system, providing 3D annotations
of both natural body joints and RSP shapes. With this dataset, we formally
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define the task of prosthesis-aware 3D human pose estimation, which involves
recovering both natural body joints and keypoints representing the prosthesis
shape in 3D space from video observations.

We then use the collected data for zero-shot evaluation, considering repre-
sentative model-based and model-free methods. For model-based approaches, we
evaluate SAM3D Body [45], MotionBERT [52], and the only existing amputation-
aware method AJAHR [4]. For model-free approaches, we evaluate SpatialTrack-
erV2 [39], which enables 3D point tracking and scene reconstruction from video.
Our evaluation confirms their individual limitations discussed above. Based on
these findings, we propose a hybrid baseline that combines the two approaches:
we use model-based methods for robust body joint estimation and model-free
methods for flexible prosthesis shape recovery, aligning their outputs through
scale and position adjustment, therefore providing a reference for future research
in prosthesis-aware 3D pose estimation.

Our contributions are summarized as follows:

– We introduce the task of prosthesis-aware 3D human pose estimation, which
requires recovering both natural body joints and prosthesis geometry from
video observations.

– We construct RSP3D, the first 3D dataset of RSP users, covering actions
from daily activities to physical exercise, with 3D annotations for both body
joints and RSP shapes, serving as a resource for zero-shot benchmarking.

– We evaluate existing model-based and model-free methods, revealing their
individual limitations, and propose a hybrid baseline that integrates both
approaches to establish a starting point for this new research direction.

2 Related Work

3D Human Pose Estimation 2D human pose estimation aims to detect body
joint locations in image space. Mainstream solutions [10, 25, 32, 43] typically
involve detecting the human bounding box and regressing the heatmap of a
fixed set of body joints. However, these methods face a specific challenge for
prosthesis users, as joint detectors trained on non-amputee individuals may fail
to localize joints near prosthetic limbs. 2D-to-3D lifting approaches convert 2D
joint detections into 3D space [23, 51, 52]. For prosthesis users, these methods
inherit errors from 2D detection, and the lifting models themselves assume a
complete set of body joints, making them sensitive to missing or incorrectly
detected joints.

Direct 3D estimation methods recover body joints and mesh directly from
images [14, 17–19, 21, 31, 45]. By training on large datasets that cover a vari-
ety of body poses and environments, these solutions learn consistent spatiotem-
poral relationships among different joints, enabling robust performance in di-
verse settings and accurate predictions even when joints are occluded. Recent
works [5,38,41,42] have further extended this to reconstructing humans alongside
the objects they interact with. However, these models cannot represent bodies
outside their training distribution, making them unsuitable for prosthesis users.
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Table 1: Comparison with existing datasets.

Dataset Data Source
#

Participants
#

Frames
Prosthesis

Users
Prosthesis

Ann.
Body
Ann.

Human3.6M [16] Real-world Collection 11 3.6M � - 3D
MPI-INF-3DHP [24] Real-world Collection 8 1.3M � - 3D

3DPW [33] Real-world Collection 5 51k � - 3D
LDPose [47] Web Images/Videos - 28k X - 2D

InclusiveVidPose [8] Web Videos - 327k X - 2D
ProGait [46] Real-world Collection 4 412 clips X 2D 2D

A3D [4] Synthetic Data - 1.0M X - 3D
Ours Real-world Collection 6 5.6M X 3D 3D

Across these approaches, the fundamental limitation lies in the assumption of
a complete set of body joints. While 2D detectors struggle to localize joints near
prosthetic limbs, lifting-based and direct 3D methods are further constrained by
body models trained exclusively on non-amputee individuals. As a result, none
of these methods can capture amputations or the geometry of RSPs.

Model-free 3D Reconstruction Model-free solutions recover 3D structures
of arbitrary objects from image observations or 2D keypoints, without rely-
ing on prede�ned shape templates. Earlier research tackled this using non-rigid
structure-from-motion techniques [1,7,20], which recover 3D structure from 2D
point trajectories of deforming objects. 3D-LFM [6] proposes a uni�ed framework
for freeform 2D-to-3D lifting that captures object deformation while preserving
point permutation equivariance, showing generalizability to novel objects. How-
ever, these methods rely heavily on the accurate 2D detection of keypoints, and
often struggle with resolving depth ambiguity due to the sparse nature of inputs.

More recently, foundational backbones for scene depth and 3D pointwise fea-
tures [26, 34, 37, 44] have enabled uni�ed solutions for dynamic 3D/4D point
correspondence, supporting simultaneous scene reconstruction and point track-
ing [2, 11, 35, 36, 39, 40, 48�50]. Without relying on prede�ned object templates,
these methods can recover 3D shapes corresponding to the 2D detection and
segmentation of body parts and RSPs, thus providing a feasible solution for our
task. However, this �exibility complicates the incorporation of body kinematic
priors, reducing the accuracy of natural body joint estimation, as these methods
cannot exploit the kinematic relationships among joints.

Pose Estimation for Prosthesis Users Several recent works have addressed
body pose estimation for prosthesis users. LDPose [47] and InclusiveVidPose [8]
focus on limb de�ciency-aware 2D pose estimation, where they collect data us-
ing web images and videos, and concentrate on detecting intact or residual body
joints separately. ProGait [46] further considers the prosthesis shape in 2D space
for gait analysis. This study involves collecting data from human subjects with
transfemoral prosthetic legs and examines 2D human pose estimation and object
segmentation to facilitate gait classi�cation. AJAHR [4] extends this to 3D by
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Fig. 2: Our recording setup.

predicting amputation-aware body meshes. This is achieved by �rst classifying
the body part amputation and generating a mesh re�ecting this amputation sta-
tus. Furthermore, they propose a synthesis pipeline to generate data for training
and evaluation.

Despite these advances, existing solutions still cannot capture both body
joints and prosthesis geometry in 3D space. The lack of datasets tailored for
this task remains a fundamental obstacle, limiting the development of dedicated
methods (see Tab. 1).

3 Dataset

We collect RSP3D, a motion dataset from prosthesis users focusing speci�cally
on those using RSPs. We capture and annotate both the 3D positions of natural
body joints and the RSP shape, which has not been addressed in 3D in prior
research. This study was approved by the Institutional Review Board under
approval number E2025ALS275. Our data and code are accessible through our
project page. Users must agree to the license and terms of use outlined on our
project page and submit an access request form. Approved applicants will receive
access to the videos and annotations.

3.1 Recording Setup

Camera Setup As shown in Fig. 2, we conduct our dataset collection in an indoor
laboratory, where we record using a combination of an OptiTrack motion capture
system and 16 GoPro video cameras. We place re�ective markers on participants
to capture their 3D positions. The OptiTrack system employs 12 Prime cameras
for marker tracking and one Prime Color camera for video recording. The 16
GoPro cameras surround the recording area to capture video at 60 FPS from
various angles.
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