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1 Introduction

Human pose and shape estimation is fundamental to medical applications. Tra-
ditionally, motion capture relied on costly marker-based infrared systems requir-
ing extensive manual processing and specialized clinical environments. Although
affordable RGB-D sensors have become ubiquitous, recent computer vision re-
search has largely favoured RGB-only human mesh recovery, side-lining depth
modalities despite their clinical potential. However, controlled settings like gait
laboratories do not require complex "in the wild" algorithms and are well within
the functional range of commercial RGB-D sensors. To bridge the gap toward
biomechanical usability, this work leverages the SKEL [13] body model to regress
biomechanically valid joint angles directly from the body surface, evaluating this
approach on a lower-limb joint angle prediction task using a custom-collected
dataset.

In this work, we exploit the explicit geometric information provided by the
depth of RGBD sensors to propose an efficient kinematics and pose and shape
recovery pipeline.

2 Related works

Markerless motion capture with RGB sensors. Several multi-camera
markerless motion capture solutions like Pose2Sim and MAMMA offer robust
OpenSim-based inverse kinematics (IK); others use joint triangulation or fitted
skin landmarks. However, they all remain costly and complex to deploy. Con-
sequently, monocular systems (e.g., CameraHMR) are increasingly explored as
alternatives in clinical settings. Because SMPL joint angles lack biomechanical
relevance, recent methods bridge this gap by applying synthetic surface markers
to avatars for standard OpenSim IK processing.
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Depth in human-centric tasks. While consumer RGB-D cameras (e.g., Kinect,
Intel RealSense) garnered a lot of interest when they were first introduced, recent
progress has largely favoured RGB-only methods [12]/15] due to the availability of
massive datasets and powerful vision backbones. Nonetheless, depth remains cru-
cial for physical interaction tasks (e.g., robotics, hand gesture recognition [20,21|)
and improves 3D metrics when effectively fused with RGB data [5l/18]. However,
literature on RGB-D-based human pose and shape estimation is scarce. Exist-
ing approaches either rely on deprecated tracking APIs [2] or slow, noise-sensitive
fitting techniques (e.g., SegFit [14] using Human3D segmentation [16]).

Efficient exploitation of depth information. Beyond early or late fusion
strategies [5/18], depth can be converted into point clouds and processed via
specialized architectures like PointNet [8] or Point Transformer [23].

3 Datasets

We train on a set of concatenated datasets, both synthetic or real. The datasets
are presented in Tab. [I]

Dataset Train Validation Test Data type
BEDLAM |4}]17] 826,411 - - Synthetic, subset
HuMMan |[6] 40,868 - - Real, subset
BEHAVE |3] 38,904 6,484 18,216  Real, full dataset
EgoBody [22] 845,708 248,506 617,330 Real, full kinect subset
InterCap |11] - - 400,249  Real, full dataset

Table 1: Description of the datasets used to train, validate and benchmark our method

4 Methods

We propose an optimization-free pipeline, which directly infers joint angles g,
shape § and camera translation t.q,, from a single RGBD image. Unlike con-
ventional RGB models (e.g., CameraHMR [15], HSMR [19]) that rely solely on
a ViT backbone and a single query, our architecture introduces a multimodal
design combining RGB and geometric features through cross-attention with a
set of per-parameter learned queries.

Image encoder. We use a ViT-s |10] backbone pretrained on an ImageNet [9]
classification task. We simply remove the classification head.
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Geometry encoder. A shallow CNN extracts local feature maps, which are
then concatenated pixel-wise with the RGBD channels. These are lifted to 3D
metric space using camera intrinsics to form a fixed-size point cloud, which is
then processed by a 3-layer PointNet-like network.

Decoder. Inspired by DETR [7], a set of learned queries (representing joints,
shape, and translation) iteratively cross-attend to both image tokens and geo-
metric tokens, sharing information via self-attention layers before projecting to
continuous rotation, shape, and metric translation spaces.

5 Results

Pose and shape. Our method is compared against CameraHMR and HSMR us-
ing standard errors (MPJPE, PA-MPJPE, and MVE) alongside additional met-
rics: Mean Translation Error (MTE) and Mean Joint Limits Threshold Crossing
(MJLTC, which counts frames for which any predicted joint-angle is off-limits,
derived from the ones presented in [19]). As indicated, MJLTC is omitted for
CameraHMR (which uses SMPL), and MTE is omitted for HSMR (which uses
weak perspective).

Dataset Method MPJPE PA-MPJPE MVE MTE MJLTC (%)
CameraHMR [15]  51.9 38.2 64.3 836 -
BEHAVE [3] HSMR (19| 94.6 51.3 108.0 - 11.3
Ours 45.5 36.5 56.8 38.3 10.5
CameraHMR 48.8 34.3 57.8  144.3 -
EgoBody [22] HSMR 92.3 48.2 109.6 - 23.5
Ours 42.2 33.9 52.7 73.8 8.9
CameraHMR 51.2 32.3 62.5 116.2 -
InterCap [11] HSMR 82.5 48.9 95.9 - 18.1
Ours 45.7 32.8 57.4 55.0 16.9

Table 2: Results on three test datasets. Our method is compared to CameraHMR (with
ground truth intrinsics provided) and HSMR. All metrics are in mm unless specified,
best results are in bold, lower is better. MPJPE is computed on all 24 SMPL joints.

Tab. [2| shows that our method consistently matches or outperforms RGB-
based state-of-the-art approaches across three public datasets, including the un-
seen InterCap dataset. Key advantages include: high performance by remaining
completely optimization-free; lightweight execution by combining explicit depth
geometry with a small RGB backend; and consistent runtimes by employing a
fixed patch grid sampling step to ensure execution speed remains independent
of the point cloud’s density.
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Kinematics. A dataset was collected using two Femto Bolt (Orbbec, USA),
in a controlled lab environment. We refer to this dataset as AzureTheia. It
comprises recordings of various motions (walking with eyes open, closed, and
with a cane) using a dual-camera setup. 5 subjects (1 male, 4 females) with
different ages and body types are recorded simultaneously by our dual-camera
setup and Theia3D [1] reference system. We proceed to compare hips and knees
flexion from both the Kinect Azure Body Tracking Toolkit (Kinect ABT) and
our method to the ground truth from the Theia3D system.

We evaluate hip, and knee flexion accuracy using Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and the Intraclass Correlation Coef-
ficient (ICC), alongside 95% confidence intervals (2.5th and 97.5th percentiles).
MAE and RMSE are first averaged per-sequence prior to final statistical compu-
tation. Tab. [3|targets situations where the participant faces the camera, whereas
Tab. [ contains sequences from the camera parallel to the patient’s sagittal plane.

Side-camera results show excellent hip (ICC 0.94) and knee (ICC 0.92 to
0.94) reliability, outperforming Kinect ABT across all joints. Front-camera knee
scores moderately decrease (ICC 0.84 to 0.86) due to depth ambiguity in the
sagittal plane.

Kinect ABT Ours
Flexion angle MAE RMSE ICCs,1 MAE RMSE 1CCs1
Left hip 27.08 32.96 0.75[0.73, 0.77] 10.17 11.54 0.91 [0.91, 0.92]
Right hip 29.35 35.15 0.76 [0.74, 0.77] 10.16 11.43  0.92 [0.92, 0.93]
Left knee 8.17 12.36  0.70 [0.68, 0.72] 6.45 8.38  0.84 [0.83, 0.85]

Right knee 844  13.14 0.68 [0.66, 0.70] 6.18  8.11 0.86 [0.85, 0.87]

Table 3: Comparative analysis on lower limbs flexion angles accuracy from the front
camera. MAE and RMSE are in degrees. Ground truth angles are retrieved from a
Theia3D markerless system. Limits of agreement at 95% are provided in brackets.

Kinect ABT Ours
Flexion angle MAE RMSE ICCs,1 MAE RMSE ICCs,1
Left hip 28.64  34.27 0.75[0.72,0.77] 9.31  10.12 0.94 [0.93, 0.95]
Right hip 30.66  36.08 0.73[0.71,0.76] 9.84 10.64 0.94 [0.93, 0.94]
Left knee 7.91 11.58 0.77 [0.74, 0.79] 4.64 5.86 0.94 [0.94, 0.95]

Right knee 7.57 10.83 0.79 [0.77, 0.81] 4.75 6.18 0.92 [0.91, 0.93]
Table 4: Comparative analysis on lower limbs flexion angles accuracy from the side
camera. MAE and RMSE are in degrees. Ground truth angles are retrieved from a
Theia3D markerless system. Limits of agreement at 95% are provided in brackets.
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6 Conclusion

We present a compact, optimization-free RGBD framework for human pose and
shape recovery using a dual-branch encoder and cross-attention decoder. By in-
tegrating metric depth directly, our method achieves state-of-the-art benchmark
accuracy.

A proof of concept in a real lab setting against a Theia3D reference system
shows excellent ICC for hip and knee flexion angles, substantially outperform-
ing the Azure Kinect Body Tracking baseline. Future work will expand clinical
validation to diverse populations and pathological gait analysis.
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