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Abstract

Articulated objects, as prevalent entities in human life, their 3D representations play
crucial roles across various applications. However, achieving both high-fidelity
textured surface reconstruction and dynamic generation for articulated objects
remains challenging for existing methods. In this paper, we present REArtGS, a
novel framework that introduces additional geometric and motion constraints to
3D Gaussian primitives, enabling realistic surface reconstruction and generation
for articulated objects. Specifically, given multi-view RGB images of arbitrary
two states of articulated objects, we first introduce an unbiased Signed Distance
Field (SDF) guidance to regularize Gaussian opacity fields, enhancing geome-
try constraints and improving surface reconstruction quality. Then we establish
deformable fields for 3D Gaussians constrained by the kinematic structures of
articulated objects, achieving unsupervised generation of surface meshes in un-
seen states. Extensive experiments on both synthetic and real datasets demon-
strate our approach achieves high-quality textured surface reconstruction for given
states, and enables high-fidelity surface generation for unseen states. Project site:
https://sites.google.com/view/reartgs/home.

1 Introduction

Articulated objects are ubiquitous in our daily lives. Modeling articulated objects, i.e. mesh recon-
struction and generation, holds significant importance in many fields including virtual and augmented
reality [16| 36]], object manipulation [40, 31]], robots [33}[17] and human-object interaction [37, [12].
Currently, the surface and shape reconstruction for articulated objects is a non-trivial task due to the
challenges: firstly, articulated objects exhibit complicated and diverse geometric structures with a
wide range of scales. Secondly, articulated objects possess varied kinematic structures, and the static
surface meshes generated from vanilla 3D reconstruction methods fail to meet practical interaction
requirements. Under this circumstance, PARIS [[14] attempts to use multi-view images from two states
for articulated object dynamically reconstruction with neural implicit radiance fields. Nevertheless,
PARIS lacks geometric constraints, leading to shape-radiance ambiguity and additional errors for
motion analysis.
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In recent years, 3D Gaussian Splatting

(3DGS) Q] achieves realistic and real-time

novel view synthesis through explicit representa-

tion with 3D Gaussian primitives. Some subse-

quent works have expanded 3DGS to surface re-

construction42,[8,/1] and dynamic reconstruc-

tion [38,[13/4]. However, existing 3DGS-based

surface reconstruction methods typically suffer

from insuf cient geometric constraintgtp] or Figure 1: Given multi-view RGB images of ar-
impose constraints by restricting the shapes ¢ulated objects from two arbitrary states, our
Gaussian primitives §, 6], leading to noisy REAMGS enables high-quality textured surface
surface reconstruction results. On the oth&resh reconstruction and generation for unseen
hand, current dynamic reconstruction metho@éates.

via 3DGS tend to input motion time and spatial

positions into neural networks to obtain the de-

formed positions of Gaussian primitive3d 4]. Consequently, these methods require continuous
supervision throughout the entire motion, which limits their ability to generate surface meshes in
unseen states. In general, introducing 3DGS as a ready-to-use technique into articulated object
surface reconstruction and generation is still not feasible and remains a challenging task.

In this paper, to address the aforementioned issues and make full advantage of 3DGS, we propose
REArGS, a novel approach th&econstructs andEnerates high-quality texture-rich mesh surfaces

for Articulated objects via 3>aussiarSplatting, only taking multi-view RGB images from two
arbitrary states. Speci cally, unlike most 3DGS methods based on the opacity eld, which may lead
to noisy surface extraction due to the non-strict linearity of the opacity eld, we rst introduce the
Signed Distance Function (SDF) eld to facilitate geometry learning. Then we propose a geometry
constraint which encourages the SDF values of the Gaussian primitives approach zero when their
opacity values reach the maximum , achieving unbiased guidance of the SDF eld over the opacity
eld. In this way, we can take advantage of the strong linearity of the SDF eld to explicitly establish

a connection between Gaussian opacity eld and the scene surface, which signi cantly enhances
geometric learning and reduces artifacts.

Subsequently, we employ the optimized Gaussian primitives as an accurate geometry initialization
for dynamic surface generation. Due to the absence of intermediate states, we leverage the kinematic
structures of articulated objects to model time-continuous Gaussian deformable elds in an unsuper-
vised fashion, and constrain the deformable elds using learnable motion parameters. Concretely, we
propose a heuristic method for unsupervised part segmentation and formulate the deformable elds
of dynamic parts via the motion parameters. Our REArGS is evaluated on PartNet-M&#]ignd

AKB-48 [15] object repositories, ranging from synthetic to real-world data. Extensive experiments
demonstrate that our REArGS outperforms existing state-of-the-art methods in articulated object
surface reconstruction and generation tasks, as shown in Fig. 1.

In summary, our main contributions can be summarized as follows: (1) We propose REArtGS, a
novel framework introducing 3DGS to conduct high-quality textured surface reconstruction and
time-continuous generation for articulated objects, only using multi-view images from two arbitrary
states. (2) Our REArGS exploits an unbiased SDF guidance for 3D Gaussian primitives to enhance
geometric constraints for improving reconstruction quality, and also establishes the deformable elds
constrained by kinematic structures of articulated objects to generate unseen states in an unsupervised
manner. (3) We incorporate REArtGS into various scenes ranging from synthetic to the real-world
data across many different articulation categories. The extensive experimental results demonstrate
that our approach signi cantly outperforms SOTAs in both mesh reconstruction and generation tasks.

2 Related Work
2.1 Articulated Object Shape Reconstruction

Object surface reconstruction is a well-established problem for understanding the full geometric
shape of objects. Some works introduce to encode continuous functions that model the objects using
Signed Distance4, 22, radiance 21, 27, 30] and occupancyJ0]. To achieve both geometry and
motion analysis in a single forward, Ditt®][and REACTO PR9] propose to generate shapes at
unseen states from pair observations. Speci cally, PARW &lleviates the 3D data requirement



limitation and succeeds in reconstructing shape surface with only RGB images. Most recently,
ArticulatedGS ¥] and ArtGS [L8] introduce 3DGS to achieve both the reconstruction and motion
estimation of articulated objects. However, these methods still suffer from insuf cient geometry
constraints, which may lead to noisy surface mesh outputs. Therefore, our REArtGS aims to address
these issues, and proposes geometric and motion constrained 3DGS for this task.

2.2 Surface Reconstruction with 3aDGS

3D Gaussain Splatting has become increasingly popular technique for surface reconstruction in
recent years10, 11, 41, 26]. GOF [42] establishes opacity elds of 3D Gaussians using ray-
tracing-based rendering, and extracts the surface meshes by the opacity level set.8pax@iS [
PGSR [] seek to transform 3D Gaussians into 2D at representation, obtaining accurate normal
distribution. Although improving the surface reconstruction quality, these methods still lack more
reasonable geometry constraints. Several researchers attempt to integrate SDF representation with
3D Gaussians3y, 2, 35, 3], but these approaches commonly use SDF to regularize normals and
guide the pruning of 3D Gaussians, without substantial optimization of Gaussian opacity elds.
Meanwhile, some works conduct dynamic reconstruction using 3DGS. Deformable 3DGS proposes a
deformation eld to reconstruct dynamic scenes with 3D Gaussian primitives. 4B[3&/grages

a spatial-temporal structure encoder and a multi-head Gaussian deformation decoder to derive the
deformed 3D Gaussians at a given time. However, these methods rely on complete supervision of the
motion process, limiting their capacity for generating unseen states. The similar issues also occur in
DGMesh [L3] and REACTO R9]. We provide more analysis and comparison of the related works in
Appendix B.

Figure 2: The overall pipeline of REAGS. We introduce additional geometric and motion constraints
for 3D Gaussian primitives, achieving high-quality surface mesh reconstruction and time-continuous
generation, with only multi-view images from arbitrary two states.

3 Method

The overall framework of our REArGS is illustrated in Fig. 2. Taking multi-view RGB images from
two arbitrary states = 0, s = 1 of articulated objects, we aim to achieve high-quality textured mesh
reconstruction and generation at any unseen states besx®2 g 1].

We rst introduce SDF representation and propose an unbiased SDF regularization to enhance the
geometry constraints of 3D Gaussian primitives. In this manner, we improve the reconstruction
quality and yield dense point clouds at state 0, providing an accurate geometric prior for
subsequent dynamic reconstruction. Then we establish time-continuous deformable elds for 3D
Gaussian primitives constrained by the kinematic structures of articulated objects. Given asy state
we can derive the deformed positing of Gaussian primitives through the deformation elds in an
unsupervised fashion. The details of our approach are elaborated below.

3.1 Reconstruction with Unbiased SDF Guidance



To better preserve the geometric features of Gaussian primitives, we use the ray-tracing-based 3DGS
following GOF, which evaluates rendering contribution of Gaussian primitives directly without the
3D-to-2D projection step. However, the Gaussian primitives still suffer from insuf cient geometric
constraints. Concretely, the opacity elds lack an explicit link with scene surface, which may lead to
noisy outputs in surface reconstruction of articulated objects.

To address the limitation, we rstintroduce SDF
representation to guide the geometry learning
of Gaussian primitives. We utilize a Multi-layer
Perceptrons (MLP) with 8 hidden layers to learn
the SDF values for spatial position inputs, and
the scene surface can be represented by the zero-
set:

S= x2R¥jf(x)=0 €N}

Following Neus B2], we can derive the opacity ] ) )
A for the centex; of GaussiarG; from learned Figure 3: The illustration of unbiased SDF regular-
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where denotes a Sigmoid functiofi(x;+1 ) is approximated as:

f(xis1)= F(x)+ F9x) x 3)

N = max

where x = RSr. R 2 R® 3 is the rotation matrix derived from Gaussian's quaternion, and
S 2 R® 3 s the diagonal matrix of Gaussian's scalimgs the normalized ray direction. Nevertheless,
the SDF-opacity conversion is not directly applicable to tHdending rendering. This is because
each 3D Gaussian primitive models a local density distribution, while Eqg. 2 only maps the global
positions to their opacity values and neglects the local properties of Gaussian primitives. Therefore,
we de ne the opacity of Gaussian primitive combining the rendering contributiproposed in GOF
as:

i =" (Gi)

= A maxe ¥XTX) (4)

= A max e L(rirct?+20l r t+of o)
whereo,, r are the camera center and incident ray direction represented in the local coordinate
system of GaussiaB;, which can be acquired by local scaling matrix and rotation matri@;ofThe
maximum value of (G;) occurs at ray depth , expressed as follows:
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The rendering equation based ons represented as:
X Y1
C= cai @ 9 (6)
i=1 j=1

whereN is the number of Gaussian primitives involved irblending andt; is the color modeled

with spherical harmonics. To leverage SDF to constrain the geometric learning of Gaussian primitives,
we rst introduce a bell-shaped functiong to modulate the transformation from SDF to opacity and
replace the original Sigmoid activation functionin Eq. 2, formulated as:

ek f(x)

k(f(x)) = W

()

wherek is a learnable parameter that adjusts the function shape and we initially setitto 0.1. Intuitively,
the Gaussian primitive closer to the surface has a higher opacity value.



However, since® is determined solely by the Gaussian's center, a non-alignment still exists between
the maximum points of and", which can be formulated as:

thias = argtma>(“) argtmax") 8

To mitigate this bias, we propose an unbiased regularization for the SDF value at dagfiellowing:
Lunbias= KF (0+ t 1)kj 9)

whereo, r are the camera center and incident ray direction. Through the unbiased regularization, we
encourage that when the rendering contribution of a Gaussian primitive reaches its maximum value,
the corresponding spatial position is close to the scene surface, as shown in Fig. 3. In this manner, the
SDF representation is able to regularize the opacity elds without bias and facilitate more reasonable
distribution of Gaussian primitives over scene surface. We provide more detailed elaboration and
proof in the Appendix C.1.

3.2 Mesh Generation with Motion Constraints

Due to the explicit representation of Gaussian primitives, we can acquire accurate dense point
clouds from reconstruction, serving as initial geometry for mesh generation. Then we establish time-
continuous deformable elds for 3D Gaussians to infer the deformed positiat states. However,

it is challenging to optimize the deformable elds for Gaussian primitives only with the supervision
of two states. Accordingly, we exploit the kinematic structures of articulated objects to constrain
the Gaussian deformation eld. We rst assume that the articulated motion only includes rotation
and translation following PARIS. Then we employ a heuristic method to ef ciently predict the joint
type through movement trend of points, which is elaborated in the Appendix C.3. For rotation joints,
our learning objective is to determine their rotation axis and rotation angle. Speci cally, we take the
pivot pointo, 2 R3 of the rotation axis and a normalized quaternip® R* as learnable parameters,
where the quaternion can be decoupled into the rotationaa@sR® and rotation angle. For
prismatic joints, our learning objective is to determine their translation direatiarsl translation
distancesn. Similarly, we take the unit vectat 2 R3 representing the translation direction and the
translation distance as learnable parameters.

Subsequently, we formulate the deformable elds through a canonical state. Given the rotation
motionSO(3) 2 R® 3, we de ne its canonical state as = 0:5 and the rotation angle of stasecan
be expresses as:
_(s 9

s S (20)
wheres 2 [0;1]and 2 [ =2; =2]. The angle-bounded parameterization is able to prevent the
singularity in exponential coordinates whierk > . Using Rodrigues' rotation formul&f], the
deformed positiorxs can be derived as following:

Xs= |l +sin( s)K +(1 cos(s)K? (x o)+ o (11)

whereK is a skew-symmetric matrix formed by the rotation rotation axésdl 2 R® 3 is a unit
matrix. Meanwhile, we align the local quaternions of 3D Gaussian primitives after rotation through
guaternion multiplication.

For the prismatic motiom d 2 R3, we take advantage of the vector space structure of Euclidean ge-
ometry by setting = 0. The deformed positiors can be naturally acquired by linear interpolation,
formulated as:

Xs=X+s md (12)

unlike rotation motion, this parameterization avoids singularities due to the at Riemannian structure
of R3.

However, the deformable elds should be applied exclusively to movable Gaussian primitives.
Consequently, the Gaussian primitives need to be segmented into dynamic and static parts. To address
this challenge, we propose an unsupervised method for dynamic part segmentation. We rst only
input the multi-view images at the end state during warm-up training iterations, and then perform an
initialization segmentation of the dynamic part. The segmentation criterion for the initial dynamic



Figure 4: The qualitative result of surface reconstruction on PartNet-Mobility dataset. We show both
textured and non-textured meshes for the best comparison.

components is represented asxj > , wherej «j is the L1 distance of spatial position variation
during the warm-up training, andis its average value. Furthermore, the spatial transformation of the
dynamic part should align with the learnable motion parameters. Hence the dynamic part among the
Gaussian primitives is re-evaluated at certain intervals of iterations, where the criterion for revolute
or prismatic joints is represented as:

S K
jm  mj< Lm 13
K

AN

where”, i are the rotation angle around agisind the translation distance respectivelys the
tolerance threshold which decreases as the number of iteri&tionsreases.

Moreover, our method can be conveniently transferred to multi-part articulated objects, through
sequentially learning the segmentation masks and motions of each individual part. Please refer to our
Appendix C.4 for more details.

3.3 Optimization and Textured Mesh Extraction

Since the shapes of Gaussian primitives are not limited, the normal distributions of Gaussian primitives
are dif cult to estimate accurately. However, Gaussian's normals should be parallel to the gradients of
SDF in an ideal case. We consequently introduce additional regularization to regularize the normals
of Gaussian primitives by SDF representation, expressed as follows:

1 X jini 1 f(xj

L normal = N | ( m) (14)

wheren; represents the normal of Gausstan which is calculated following GOF:
ni= RIS 'r. (15)

whereR is the rotation matrix encoded by Gaussian's quaternionSaiscthe scaling matrix. We
also employ the Eikonal regularization terBj fo encourage SDF gradient direction perpendicular to
the surface, represented as:

1 X ,
Leic= & (krf(xi))ky 1) (16)
i=1
The overall training objective is formulated as follows:
L=1Lc+ 1lumvias* 2Lnormat 3lek+ 3la (17)
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