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Abstract

Reconstructing dynamic hand-object contacts is essential
for realistic bimanual manipulation, yet it remains chal-
lenging due to heavy occlusions, complex surface details,
and limitations in existing capture techniques. In this pa-
per, we introduce a novel markerless capture method for
accurate and efficient dynamic bimanual hand–object ma-
nipulations. Our approach leverages a dynamic, articulated
representation based on 2D Gaussian surfels to model com-
plex interactions. By binding these surfels to MANO [43]
meshes, we harness the inductive bias of template mod-
els to stabilize and accelerate optimization. To evaluate
dynamic contacts, we curated a new hand–object manip-
ulation dataset with ground-truth contacts, and we demon-
strate that our method achieves state-of-the-art dynamic re-
construction quality and significantly improves contact es-
timation accuracy.

1. Introduction
Skillful object manipulation is one of the most common, yet
impressive, human physical abilities. Human manipulation
of objects is highly dynamic and involves the coordinated
movements of fingers in both hands to perform complex
tasks. An important step in analyzing or replicating ma-
nipulations is understanding the dynamic contacts between
hands and objects [8]. Contact provides a measure of spa-
tial proximity [4, 47, 60] and influences the kinematics and
dynamics [3, 29, 62] of the interaction.

Despite its significance, accurately capturing and re-
constructing dynamic contacts remains a challenge. Ex-
isting markerless contact capture methods rely on low-
dimensional parameterized models for both the hand and
the object. Representations such as hand skeletons [13, 24],
meshes [1], neural fields[34], or parametric hand shape
models [43] are often used, but struggle to capture fine
contact details. Recently, Gaussian-Splatting methods [7,
17, 19, 22, 23, 28, 33, 50, 52, 54–56] have demonstrated
impressive results in accurate pixel-aligned reconstruction,
and Gaussian-based hand avatars [18, 37] have proved su-

perior to other template-based methods. However, they are
not designed for capturing dynamic contacts with relative
hand-object motion, common in complex manipulations.

We address these limitations with a method for cap-
turing contact in complex bimanual hand-object manipula-
tions. Our method employs multi-view markerless capture
for natural manipulations, representing hands and objects
with 2D Gaussian surfels [17] that accurately model sur-
faces and appearance for contact estimation. Specifically,
we bind 2D Gaussian surfels to a parametric hand mesh [43]
for each hand. Unlike grasping, where the object remains
static [37], our approach supports dynamic manipulation,
involving both in-hand and between-hand object motions.
To support this, we initialize a model-free 2D Gaussian sur-
fel model for the object and track its pose over time. Then,
based on surfel pair distances, we can efficiently compute
instantaneous and accumulated contacts.

Evaluating dynamic contacts is challenging due to the
difficulty in obtaining reliable ground truth. Therefore,
we introduce a dataset that provides ground truth contacts
even under heavy occlusion and rapid motion. We ob-
tain ground truth contacts using an improved paint residue
method [20, 37] redesigned for gathering complex manipu-
lations at scale. Experimental results demonstrate that our
method achieves state-of-the-art reconstruction quality and
contact estimation accuracy.

In summary, our contributions are:
• We introduce a method for accurate contact capture in

complex bimanual hand-object manipulation sequences.
Our method reconstructs both the hand and the object
with dynamic 2D Gaussian surfels [17] for accurate sur-
face modeling without misalignments.

• We curate and capture a dataset containing ground truth
contact labels for challenging scenes with heavy occlu-
sion and rapid motion.

2. Related Work
Capturing and Modeling Contact. Accurately capturing
and modeling dynamic hand-object contact is essential for
analyzing and replicating complex hand-object manipula-
tions. However, the skeletal structure and soft tissue of
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Figure 1. Our method captures dynamic contacts with a markerless system using a contact-aware dynamic articulated Gaussian representa-
tion. Given multi-view RGB videos, we bind Gaussian surfels to MANO mesh locally where they remain rigged throughout optimization.
For objects, Gaussians are initialized by placing a coarse point cloud in the global coordinate space.

human hands pose signi�cant challenges. Early methods
relied on instrumented gloves [15, 27, 46], specialized sen-
sors [12, 36, 58], or thermal imaging [4] to capture contacts,
but these methods may restrain natural hand movements,
affect tactile feedback, or even fail to capture dynamic
changes. Existing works attempt to model dynamic contacts
using hand skeletons [11, 13, 24], customized meshes [1],
and MANO models [5, 9, 14, 30, 43, 47]. Although these
methods exhibit impressive quality and generalization, they
often suffer from misalignment and lack the �ne details cru-
cial for precise contact analysis. Inspired by the success of
Gaussian Splatting, recent works [18, 37] adopt 3D Gaus-
sians for appearance modeling that signi�cantly improves
reconstruction quality. However, these methods requires
multi-view videos with minimal occlusions, a carefully de-
signed optimization procedure for training an animatable
Gaussian hand, and fail to capture dynamic contacts in ma-
nipulation scenes.

Dynamic Scene Representation.Recently, 3D Gaus-
sian Splatting (3D-GS) [22] has become a popular represen-
tation for novel view synthesis. Building on 3D-GS, a �urry
of work on dynamic scenes has emerged [7, 19, 23, 28, 33,
41, 50, 52, 54–56]. Dynamic3DGS [33] learns transforma-
tions of Gaussian primitives over time, facilitating dynamic
tracking [49]. Deformable3DGS [56] and 4DGS [50] de�ne
a deformation �eld mapping canonical Gaussian primitives
to speci�c time steps, but this approach struggles with new
content appearing or disappearing. While these techniques
perform well on general scenarios, few provide a dedi-
cated approach for articulated objects like hands. Addition-
ally, driving these methods with a prede�ned hand model
or using them in complex, real-world manipulations re-
mains a major challenge. Efforts like GaussianAvatars [38]
and SurFhead [25] apply Gaussian Splatting to rig para-
metric models (e.g., FLAME [26]) for head avatar recon-

struction [16, 40, 48, 51, 53], highlighting the potential of
template-driven Gaussian Splatting. However, exploiting
dymanic reconstruction for complex hand object manipu-
lations with template models such as MANO [43] remains
unexplored.

3. Preliminary

3D Gaussian Splatting (3D-GS) [22] represents a scene us-
ing anisotopic 3D Gaussian primitives. Each gaussian is
de�ned by a mean positionx i 2 R3 and a 3D covariance
matrix � i , where the covariance matrix� i is decomposed
into a rotation matrixR i and a scaling matrixSi . Appear-
ance is modeled by opacity� i 2 R and colorci 2 Rk using
spherical harmonics, and the parameters are optimized via
rendering loss with a tile-based rasterizer and� -blending.
2D Gaussian Splatting (2D-GS) [17] extends this to more
accurately reconstruct geometry using 2D Gaussian sur-
fels. Each surfel is de�ned by a mean positionx, scaling
s = ( su ; sv ), and rotationr = ( r u ; r v ), wherer u andr v are
tangential vectors. To enhance surface modeling, ray-splat
intersection is used. We adopt 2DGS as our preferred rep-
resentation to more accurately model geometry surfaces for
contact analysis.

4. Method

Given multi-view videos,V, and their camera parameters,
our method accurately reconstructs the geometry, appear-
ance, and contacts between hands and objects in a manipu-
lation scene. Figure 1 presents our pipeline.

Initialization. To accurately capture hand–object inter-
actions, we extract clear and consistent hand and object
masks from the input multi-view images. We employ Seg-
ment Anything V2 [42] to obtain the foreground segmen-
tation masks,M , which include both hands and objects.
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