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Abstract

Purpose Accurate 3D hand pose estimation supports surgical applications such as skill assessment and robot-assisted inter-
ventions. However, surgical environments pose severe challenges, including intense and localized lighting, frequent occlusions
by instruments or staff, and uniform hand appearance due to gloves, combined with a scarcity of annotated datasets for reliable
model training.

Method We propose a multi-view pipeline for 3D hand pose estimation in surgical contexts that requires no domain-
specific fine-tuning and relies on off-the-shelf pretrained models. The pipeline combines person detection, whole-body pose
estimation, and 2D hand keypoint prediction on tracked hand crops, followed by constrained 3D optimization. We also
introduce a benchmark dataset with over 68,000 frames and 3,000 manually annotated 2D hand poses with triangulated 3D
ground truth, recorded in a high-fidelity physical operating room replica.

Results Quantitative evaluation on the proposed dataset shows that the pipeline consistently outperforms state-of-the-art
baselines for both two- and three-dimensional hand pose estimation. The method substantially improves joint localization
accuracy, achieving up to a 31% reduction in 2D joint error and a 76% reduction in 3D joint position error. The approach
remains robust across increasing levels of scene complexity, including motion and partial occlusions.

Conclusion The proposed multi-view pipeline demonstrates the potential of combining robust detection, tracking, and geo-
metric optimization for three-dimensional hand pose estimation in surgical environments without domain-specific retraining.
Together with the introduced dataset, this work provides a baseline framework and benchmarking resource to support future
research on surgical motion analysis and objective skill assessment.

Keywords Hand Pose Estimation - Benchmark Dataset - Surgery - Multi-view

Introduction helping to preserve the sterile field by reducing or eliminating
physical contact with control panels or non-sterile surfaces

Automatic 3D hand pose estimation in the surgical environ-  [6-8].

ment opens up new possibilities for tracking surgical activity,
enabling detailed analysis of hand motions that can be used
for skill assessment [3], and surgical training [4, 5]. At the
same time, 3D hand tracking has the potential to enable
natural, touch-free interaction with surgical robots, imaging
systems, and augmented or virtual reality platforms, while
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Approaches to 3D hand pose estimation can be broadly
categorized into monocular and multi-view methods. Monoc-
ular methods [9, 10] are mostly learning-based pipelines
that train deep neural networks on large annotated datasets
to directly regress 3D keypoints or model parameters from
RGB images. While powerful in controlled environments,
these methods often exhibit limited accuracy in unseen
scenarios and struggle to generalize to out-of-distribution
environments such as surgical scenes. This limitation can
be mitigated by incorporating additional information from
pose priors [11, 12].
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In contrast, multi-view methods [13, 14] leverage multiple
synchronized viewpoints, making the problem well-posed
and resolving the scale ambiguity inherent in monocular
estimation. They also demonstrate improved robustness to
occlusion, making them the preferred solution for surgi-
cal applications where both robustness and accuracy are
paramount. Typically, these methods consist of two main
stages: (i) detecting 2D joint locations (keypoints) in each
view and (ii) reconstructing the 3D configuration by opti-
mizing the 2D keypoints under geometric and, optionally,
anatomical constraints [15], where 2D hand poses are gen-
erally extracted using data-driven methods [1, 16].

Existing methods for 2D keypoint extraction face signif-
icant challenges under surgical conditions: Surgical lighting
is very bright, focused on a small region, and produces
high-contrast glare, as illustrated in Fig. 1. Occlusions are
frequent, caused by instruments or other staff, and gloves cre-
ate uniform hand appearance with reduced texture cues. Poor
performances of state-of-the-art 2D pose estimation meth-
ods [1, 16] can be mostly attributed to the lack of suitable
training datasets. On one hand, synthetic datasets such as
RHD [9] provide dense annotations but fail to capture real-
world visual noise and occlusions, as hands are typically
rendered fully visible. On the other hand, most real datasets
such as FreiHAND [17] and HandCo [18] lack 3D ground
truth in realistic, cluttered conditions, or are limited to simple,
highly controlled acquisition setups, while [5] is restricted to
egocentric views only. Similar domain shift issues occur for
whole-body pose estimation models that include hand pre-
dictions [1, 16, 19]. Srivastav et al. [20] proposed adapting
instance detection and pose estimation models to surgical
settings but are restricted to body poses only.

In this work, we propose a robust, training-free pipeline
for 3D hand pose estimation in surgical environments that
overcomes domain shift and occlusion challenges without
requiring retraining or fine-tuning. Our design is motivated
by three key observations: (i) Modern object detectors such
as YOLOv11 [21] can reliably detect humans even under
unseen conditions. (ii) Recent tracking models, notably

Fig.1 Example showing the
challenges of hand localization
in surgical scenes caused by
lighting conditions and the
similar appearance of gloves
and gowns. Left: RTMPose [1]
fails to accurately localize the
hands. Middle: our 2D
predictions. Right: SMPL-X [2]
3D reconstruction using our 2D
predictions from the same
viewpoints
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Efficient Track Anything [22], enable robust long-term track-
ing under occlusions, appearance changes, and temporary
detection failures. Their object-agnostic design makes them
more resilient to domain shifts than hand-specific mod-
els, a property we explicitly leverage in surgical scenarios.
(iii) State-of-the-art 2D hand pose estimators achieve highly
accurate joint localization when applied to well-cropped
hand regions.

These insights motivate a top-down multi-stage pipeline,
shown in Fig. 2, that extends the principle of top-down 2D
body pose estimation, namely detecting persons first and then
estimating poses inside their bounding boxes, to the robust
detection and accurate localization of hand joints in surgi-
cal video without domain-specific retraining. The pipeline
first detects individuals using YOLOv11, applies full-body
2D pose estimation within each bounding box, identifies
keyframes with confident hand detections, and then tracks
hands using Efficient Track Anything to maintain tempo-
ral consistency despite intermittent detections. Finally, hand
keypoints are refined using a high-resolution 2D hand pose
estimator.

From the resulting multi-view 2D detections, 3D hand
poses are reconstructed through triangulation followed by
constrained optimization. The optimization enforces repro-
jection consistency, temporal smoothness and shape consis-
tency, producing robust and accurate hand trajectories.

In summary, our main contributions are threefold. First,
we present a modular, training-free pipeline for accurate
multi-view 3D hand pose estimation in surgical environ-
ments. Second, we introduce a novel real multi-view surgical
dataset comprising over 68,000 frames and 3,000 anno-
tated 2D hand poses with corresponding triangulated 3D
ground truth. Third, we conduct a comprehensive evalua-
tion, including quantitative and qualitative comparisons with
state-of-the-art methods as well as detailed ablation studies.
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Method
Problem formulation

We consider the task of estimating accurate 3D hand poses in
multi-view surgical videos captured by a set of calibrated and
synchronized RGB cameras. Let the set of V synchronized
cameras be denoted as C = {C1, ..., Cy}, each providing a
video stream V = {V|, ..., Vy} of resolution W x H. The
sequence contains N synchronized frames, with M; unique
hands visible at time ¢, each represented by J anatomical
joints.

At each time step ¢, the 3D position of joint j for hand

m in world coordinates is denoted by X;” ;€ R3, and its 2D

. . . . m 2 . .
projection in camera view v by x;" i € R~. The projection

function IT,(-) encodes the camera intrinsics and extrinsics,

m
such that X i

=TI1, X;" j> . Predicted quantities are written
as X;" . and f(;” ;. for 3D and 2D joint locations, respectively.
The problem can be decomposed into two subproblems.
The first is 2D hand pose estimation, where given the set
of multi-view RGB frames {V,“}X: |» the goal is to detect and
localize 2D hand joints for all visible hands. Each view v
provides a set of detected hand bounding boxes B; ,, where
bf’u = (Xmin, Ymin»> Xmax, Ymax) denotes the k-th detected

region. Within each bounding box, a 2D hand pose estimator

J
predicts a set of joint keypoints Pt’fv = { (fif v cf v j> } p
g g o

where cf vj € [0, 1] represent their confidence scores.

The second is 3D hand pose estimation, where given the
associated 2D joint detections X}" i and calibrated camera
parameters, the goal is to estimate the corresponding 3D joint

A J
xm. for each hand m.
1]z

configuration Q)"

Intermittent
high-confidence
2D hand poses

Input multi-view
video

Predict Track hand
whole-body bounding
poses boxes

/=
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Viewpoint 1

}

Hand bounding
boxes
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This formulation defines the 3D hand pose estimation
task as the sequential resolution of 2D joint localization and
3D reconstruction under multi-view geometric consistency,
which we adopt in this work. We describe our method for 2D
pose estimation in Sect. 2D hand pose estimation and explore
different sets of constraints from literature for the 3D pose
estimation problem in Sect. 3D hand pose estimation.

2D hand pose estimation

Figure 2 provides an overview of our pipeline. In this sec-
tion, we focus on the 2D pose estimation task (left part of the
schematic), whose goal is to obtain accurate 2D hand key-
points in surgical scenes, where hands often appear small, are
partially occluded, or undergo drastic illumination changes
that obscure visual cues. To address these challenges, we
adopt a modular, top-down strategy that combines reliable
body detection, robust tracking, and high-resolution hand
pose refinement. In the scope of this study, we focus on
the case of a single surgeon in the scene. The overall pro-
cess comprises three main components: (i) whole-body pose
estimation for coarse initialization of hand locations, (ii)
hand tracking from confident detections using Efficient Track
Anything to maintain continuous and robust hand bounding
boxes, and (iii) refined 2D hand pose estimation using a spe-
cialized model applied at near-native resolution for accurate
localization.

Whole-body pose estimation and initialization From syn-
chronized multi-view input videos V), we first detect the
surgeon in each frame using YOLOv11 [21], a state-of-the-
art detector trained on large and diverse datasets. Within each
person bounding box, we apply the RTMPose-XL whole-
body 2D pose estimator [1] to predict full-body keypoints,

Continuous
2D hand poses

3D hand poses

Optimize 3D| |
hand pose |-/ _——>

—

poses

Viewpoint N

Viewpoint N

Viewpoint N

Fig. 2 Overview of our 3D hand pose estimation framework. Given multi-view videos from the OR, we first detect and track persons and then
predict full-body and refined hand poses. Finally, we optimize a sequence of 3D hand poses consistent with anatomical and temporal constraints
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including the hands. These detections provide coarse hand
locations and bounding boxes, which serve as initialization
for the dedicated hand-tracking stage. While these estimates
may be imprecise due to the small image area of hands or
strong lighting variations, they offer reliable priors for sub-
sequent steps.

Hand tracking using Efficient Track Anything Keyframe
selection. A set of keyframes in camera v is chosen based
on the average confidence cf", of all hand joint confidence
scores from the whole-body model. For each hand, the frame
with the highest ¢f", > 0.3 initializes tracking with Effi-
cient Track Anything (1B-parameter TAM model), which
is then propagated forward and backward. When tracking
fails or reaches sequence boundaries, all successfully tracked
frames for that hand are removed from the set, and the pro-
cess restarts from the next highest-confidence frame until no
valid detections remain. This propagation maintains consis-
tent hand identities and continuous localization even during
occlusions, rapid movements, or temporary detection fail-
ures. This process results in robust and temporally coherent
hand trajectories B, , throughout the sequence. The Efficient
Track module (based on SAM2) supports both point- and
bounding box prompting followed by segmentation mask
propagation. In our implementation, the bounding boxes
defined by the predicted 2D hand keypoints from the whole-
body pose estimator (as described in the previous paragraph)
in selected keyframes are used as prompts to obtain reliable
hand masks from well-visible frames. Output segmentations
are then robustly propagated by the tracking module.
Accurate 2D hand pose estimation Each tracked hand
region, cropped according to its propagated bounding box
B; v, is passed to a specialized 2D hand pose estimator for
fine-grained keypoint prediction f(;" v Operating under or
near the native image resolution allows the model to recover
detailed joint locations that are lost in the whole-body esti-
mation stage. This refinement step effectively mitigates the
low-resolution limitation of whole-body methods and pro-
vides precise, temporally stable 2D hand keypoints that serve
as high-quality input for the subsequent multi-view 3D hand
pose optimization. In order to mitigate propagation of subop-
timal 2D hand poses into 3D, individual keypoints are filtered
by the confidence scores produced by the hand model. Joint
predictions associated with confidence scores cf, vj < 0.1
are discarded. In our implementation, we use the state-of-the-
art 2D hand pose estimator RTMPose [1]. The exact model
configuration and training setup are detailed in Section 4 of
the Online Resource 1.

3D hand pose estimation
To obtain temporally consistent 3D hand trajectories, we

formulate the 3D pose estimation problem as a constrained
optimization problem solved with the L-BFGS-B algorithm.

@ Springer

We incorporate constraints from prior work, some previously
used in other contexts, including temporal smoothness, shape
consistency to ensure stable hand geometry, and optionally
biomechanical priors. Given initial 3D hand poses derived
from a canonical hand attached to the triangulated body pose,
we refine them by minimizing a weighted sum of loss terms
that encode these constraints:

Liotal = kreproj Lreproj + Asmooth Lsmooth + )\shapeLshape
+ Abiomech Lbiomech (D

where each loss term is described below. Each frame is opti-
mized sequentially, using the result of the previous frame.
For all subsequent equations, the current frame is indexed
by i.Letjointindex j = I correspond to the wrist. We define
the centered 3D hand pose as )A(l‘?emered =X; — Xi,l that is,
the 3D hand pose with the wrist joint translated to the origin.
For hand m and joint j, the corresponding centered keypoint
is denoted as X?}}Cemered
Keypoint reprojection loss (Lyeproj) This term enforces
geometric consistency between the projected 3D joints and
the observed 2D detections, similar to [14], weighted by the
confidence of the 2D predictions:

~

M \%4
Lreproj = ) > > el I XP) =875 I @)

m=1v=1 j=1

Temporal smoothness loss (Lsmeoth) TO encourage conti-
nuity over time, we penalize large changes in both joint posi-
tions and hand configuration between consecutive frames:

M J
Lsmooth = Z Z ”X;n] - le—l,j Hi 3)

m=1 j=1
Shape consistency loss (Lshape) This constraint ensures that
the hand maintains a consistent shape across time by min-
imizing a rotation-invariant difference between consecutive
frames, conceptually aligned with the method of Hewitt et
al. [13] for body pose:

ALT: A 2
Lshape — ”Xdllgned _ X;:inltered” o where 4)

xaligned _ thenteredRT’ R = VUT,

H = Xgenered Tgeenered =y 5 yT — SVD(H).

This corresponds to the orthogonal Procrustes problem,
which computes the rotation R that best aligns the two cen-
tered point sets in the least-squares sense.

Biomechanical loss (Lpjomech) We also study the potential
contribution of a biomechanical loss, although such terms
are often found to be less effective. This loss encourages
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biomechanical plausibility through a differentiable function
that enforces joint-angle limits and anatomical feasibility,
following Spurr et al. [15].

Benchmark dataset

To evaluate our method, we introduce a novel dataset of surgi-
cal hand motions captured with a calibrated multi-view setup
in a replica of an operating room that faithfully reproduces
real surgical conditions.

The dataset comprises two recording sessions. The first,
SPP (spinal preparation), captures a single-surgeon proce-
dure during the preparation phase using 12 synchronized
static GoPro Hero Black 12 cameras (4K, 30 fps, fixed
shutter). The second, SPI (spinal instrumentation), records
a multi-surgeon cadaveric spinal fusion surgery using 11
GoPro Hero Black 12 cameras. All cameras were synchro-
nized through a custom PCB controller ensuring sub-frame
alignment [23]. Internal and external calibrations were per-
formed using the OpenCV library and [24].

Complexity levels To systematically organize scene vari-
ability and support controlled benchmarking, we define a
hierarchy of scene complexity levels, denoted as L through
Ls. Each level progressively increases the difficulty of hand
pose estimation by introducing factors such as occlusion,
motion, and the number of participants.

Lo - Single-person (static): A single person performs simple
actions while remaining mostly stationary and facing the sur-
gical table, interacting with the patient using small tools. All
hand joints are fully visible in at least two views. This setting
provides clean, unambiguous visual data ideal for baseline
evaluation.

L; — Dynamic single-person (slow, small tools): A single
surgeon performs movements with slow hand motion and
uses small surgical tools. Moderate occlusions may occur,
but the structure of the hands remains largely visible. This
level introduces natural variability while preserving con-
trolled conditions.

L, — Dynamic single-person (fast, large tools): Faster hand
and arm motion combined with the use of larger tools causes
stronger occlusions. These factors challenge temporal con-
sistency and 3D reconstruction accuracy.

L3 — Static multi-person: Several participants (up to three)
remain within the field of view, with limited movement and
minimal occlusions. The setting increases visual clutter but
retains good observability across cameras.

L, - Partial observability: Multiple participants interact
dynamically, often causing hands or tools to be partially hid-
den. Some camera views lose full hand visibility, introducing
realistic visual ambiguity and limited multi-view coverage.
L5 — Dynamic multi-person: The number of visible partic-
ipants changes over time with frequent occlusions, entering

and leaving the scene. This represents the most unconstrained
and complex condition.

In this work, we focus on Ly—L3, which capture increas-
ing complexity. The higher complexity levels (L3-Ls) are
included for future benchmarking. Lo—L; complexity levels
already represent challenging surgical conditions for which
no reliable 3D hand pose estimation methods currently exist
in the literature.

The dataset comprises 20 sequences (300 frames each)

spanning complexity levels Lo—Ls, totaling over 68,000 syn-
chronized multi-view frames.
Anneotation details For each sequence, we manually labeled
10 keyframes per camera, uniformly distributed across the
300-frame sequence (3840 x 2160 pixels), using a custom
annotation tool. This process resulted in approximately 3,000
hand pose annotations. The 2D joint labels were triangu-
lated into 3D ground truth using camera parameters, and
their reprojections are used as the ground-truth 2D hand
poses for evaluation. Annotation quality was further veri-
fied and evaluated through multi-annotator cross-review to
ensure consistency (Section 2.4, Online Resource 1). Across
558 instances labeled by four annotators, mean 2D and 3D
variability remained below 4.7 pixels and 4.6 mm, respec-
tively, demonstrating high inter-annotator consistency.

Experiments

We conduct a comprehensive evaluation of the proposed
method on the 2D hand pose estimation task in isolation
(using 2D and 3D metrics) and compare it against 2D hand
pose baselines, evaluated either independently or in combi-
nation. We also analyze the impact of the studied loss terms
on 3D optimization through an extensive ablation study, all
performed on the proposed dataset across complexity levels
Lo to Ls.

Baselines Our 2D pose estimation evaluation includes both
whole-body and hand-specific baselines. We consider Sapi-
ens [16], RTMPose [1] (noted RTM), and DWPose [19]
(noted DW) as whole-body baselines. In addition, we evalu-
ate a hand pose model from RTMPose [1] (noted HM)—as
used in our pipeline—applied to cropped images extracted
from bounding boxes around the hand regions predicted
by the whole-body models. This setup allows us to isolate
and assess the contribution of the hand-tracking compo-
nent in our approach. The notation A — B indicates
that the whole-body method A is used to obtain the hand
bounding boxes, and the hand pose estimation model B is
then applied within those regions. We deliberately restrict
our baselines to training-free approaches, as our goal is to
benchmark methods that can be directly transferred to new
surgical environments without fine-tuning. Moreover, due to
strong intra-procedural correlations in our dataset, super-
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vised training could lead to data leakage and artificially
inflated performance.

Experimental scores We evaluate our method using stan-
dard metrics that jointly assess 2D and 3D accuracy. The
mean per joint position error (MPJPE) measures the aver-
age Euclidean distance between predicted and ground-truth
3D joint positions, while the mean reprojection error (MRE)
quantifies how well the predicted 3D joints project back into
the 2D image space. The percentage of correct keypoints
in 2D (PCK;p@1) and in 3D (PCK3p @§) represent the
fraction of keypoints whose reprojection or Euclidean error
is below pixel or millimeter thresholds t and §, respectively.
We also report the mean PCK (m PCK), computed as the
average of PCK scores across thresholds (5, 10, 20, 30 for
2D and 5, 10, 25, 50 for 3D), expressed in pixels or mil-
limeters. For 2D detection performance, we compute the
average precision (AP) following the COCO evaluation pro-
tocol [25]. Finally, the mean joint error (MJE) measures the
average 2D Euclidean error between predicted and ground-
truth joints. Together, these metrics provide a comprehensive
evaluation of geometric accuracy, reprojection consistency,
and keypoint localization in both 2D and 3D spaces.

2D pose results Quantitative results are presented in Table 1,
alongside our baseline comparisons. Figure 3 illustrates rep-
resentative qualitative examples comparing the baselines
with our method. The results show that our method signifi-
cantly outperforms state-of-the-art models in predicting 2D
hand poses across all reported metrics. This demonstrates that
our top-down approach, combined with the tracking compo-
nent of the model (noted T), enables more accurate and stable
2D hand pose predictions. The improvement can largely
be attributed to the tracker’s object-agnostic design, which
allows it to localize hands effectively without prior knowl-
edge of the target object. This leads to more reliable bounding
box predictions and, consequently, improved 2D hand pose
estimation. These results are further supported by the 3D
evaluations presented in Table 2, where our method shows a
clear advantage over predictions obtained from whole-body
estimators alone (first row) or when combined with hand-
specific models (second row).

3D pose results Results are summarized in Table 3, with
qualitative examples shown in Fig. 4. Each variant of our opti-
mization method is evaluated independently to analyze the
impact of individual loss terms through an ablation study. As
expected, the temporal smoothness constraint consistently
yields significant improvements. The shape consistency term
provides comparable performance on average but proves par-
ticularly effective for fast hand motions in L, sequences,
where it mitigates the degradation of 2D keypoints. There-
fore, it is retained in our baseline configuration. In contrast,
including the biomechanical constraint decreases perfor-
mance, likely because the most plausible biomechanical

@ Springer

shape does not precisely match the multi-view 2D predic-
tions, leading to lower evaluation scores.

Discussion

Limitations and future work Although the proposed multi-
view pipeline demonstrates strong performance for 3D hand
pose estimation in surgical environments, several challenges
remain unaddressed. The current implementation focuses
primarily on controlled single-person scenarios, while more
complex settings involving multiple participants, frequent
self-occlusions, and low hand visibility pose additional dif-
ficulties that our method does not yet handle effectively.
Execution time is another limitation, as the optimization and
tracking stages remain computationally expensive, requir-
ing around 30-45 min for a 300-frame sequence on an RTX
2060 GPU. Future work will target faster, learning-based
feedforward models trained using 3D annotations produced
by our robust pipeline, paving the way to near real-time
performance. Extending the system to multi-person and
occlusion-heavy scenes also represent key research direc-
tions.

Clinical implications Reliable 3D hand pose estimation
could play an important role in surgical training by enabling
objective, quantitative assessment of technical skills. By ana-
lyzing hand trajectories, motion smoothness, and bimanual
coordination, such systems may provide automated feedback
to trainees, complementing subjective expert evaluation. This
could enable longitudinal skill tracking, allowing perfor-
mance to be monitored across multiple training sessions to
objectively measure progress, and evaluate training effective-
ness.

Conclusion We presented a multi-view pipeline for 3D
hand pose estimation in surgical settings that operates with-
out domain-specific training. The integration of a top-down
approach coupled with robust tracking and pose refinement
yields superior accuracy compared to state-of-the-art meth-
ods, even under challenging occlusions. Despite current
runtime limitations, this work establishes a solid founda-
tion for future real-time, learning-based systems for surgical
motion understanding.

Online resources

The online version of this article contains supplementary
material. Online Resource 1 provides additional technical
details, extended experimental results, and further informa-
tion on the proposed dataset. Online Resource 2 is a video
presenting an overview of the full pipeline and qualitative
results for the SPI and SPP experiments.
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Table 1 Quantitative evaluation on the 2D pose predictions, comparing different state-of-the-art methods against our method. HM refers to the
RTM Hand Model used during pose refinement. * indicates the 2D pipeline without 3D optimization. Best scores, Second Best Scores

Metric Sapiens RTM DW Sapiens - HM RTM — HM DW — HM Ours*
MJE | 29.5 27.5 235 20.9 16.9 17.0 11.8
mPCKap 1 7.7 12.6 14.0 174 20.8 209 228
AP 1 67.3 66.9 66.9 66.9 65.4 66.7 70.3

RTM — HM

Fig.3 Qualitative comparison of 2D hand pose predictions. RTM, DW, and RTM — HM baselines are shown alongside our method, which achieves
more complete and stable hand poses

Table 2 Quantitative results on the 2D pose predictions in 3D. MPJPE weighting factors Areproj = 1.0, Asmooth = 20.0, Ashape = 50.0, and
(mm) and MRE (px): lower is better; m PC K> p and m PC K3 p: higher Abiomech = O (baseline configuration) for all 2D methods. Best and

is better. Results correspond to the 3D optimization in Eq. (1) with second best

Method MPJPE | MRE | mPCKap 1 mPCKs3p 1
RTM [1] 35.8 39.8 39.8 40.8

RTM — HM [1] 51.9 58.1 42.3 414

Ours: RTM + T [22] — HM [1] 8.5 82 76.6 74.7

Table 3 Ablation study

showing the effect of individual Keypoint reprojection v v v v v v v v

optimization terms on Temporal smoothness X v v v X v v v

reconstruction accuracy. Active Shape consistency « % v v « « v v

components are marked with v. . . v v

The metrics reported are MPJPE Biomechanical x x x x x x

and m PCK3p (mm), with MPJPE | mPCKsp 1

Lo-L> denoting increasing Complexity level L 115.1 8.0 8.0 24.0 59.5 75.7 75.4 71.6

scene complexity and the mean i qevel 1, 47.6 88 91 144 645 748 132 645

score over all scenes. Best and

second best Complexity level Ly 297.9 9.5 8.8 69.7 55.9 74.2 754 23.7
Mean 112.9 84 8.5 259 60.4 75.1 74.7 58.6

@ Springer
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Fig. 4 Qualitative results of the full pipeline showing 3D poses reprojected into the original video streams and a 3D SMPL-X [2] render (right).

First row: SPP. Second and third row: SPI

Supplementary Information  The online version contains supplemen-
tary material available at https://doi.org/10.1007/s11548-026-03610-
6.
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