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Abstract

We introduce D’-Human, a method for reconstructing
Dynamic Disentangled Digital Human geometry from
monocular videos. Past monocular video human recon-
struction primarily focuses on reconstructing undecoupled
clothed human bodies or only reconstructing clothing, mak-
ing it difficult to apply directly in applications such as ani-
mation production. The challenge in reconstructing decou-
pled clothing and body lies in the occlusion caused by cloth-
ing over the body. To this end, the details of the visible area
and the plausibility of the invisible area must be ensured
during the reconstruction process. Our proposed method
combines explicit and implicit representations to model the
decoupled clothed human body, leveraging the robustness of
explicit representations and the flexibility of implicit repre-
sentations. Specifically, we reconstruct the visible region as
SDF and propose a novel human manifold signed distance
field (hmSDF) to segment the visible clothing and visible
body, and then merge the visible and invisible body. Exten-
sive experimental results demonstrate that, compared with
existing reconstruction schemes, D?-Human can achieve
high-quality decoupled reconstruction of the human body
wearing different clothing, and can be directly applied to
clothing transfer and animation production. Code is avail-
able at https://ustc3dv.github.io/D3Human/.

1. Introduction

Clothed human body reconstruction has long been a re-
search focus in the fields of graphics and computer vision,
and has a wide range of applications in many fields such
as virtual reality, augmented reality, holographic commu-
nication, film production, and game development. Com-
pared to film-level reconstructions requiring numerous cam-
eras and artists for modeling, reconstructing high-quality
clothed human bodies from monocular videos holds more
practical value for general users. In scenarios such as telep-
resence and virtual try-ons, the 3D avatars used should be
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easily accessible, visually realistic, and easy to edit, in-
cluding modifications to clothing and posture. Therefore,
how to reconstruct high-fidelity, decoupled representations
of clothed human bodies using monocular video remains a
long-standing research problem. Through decoupled recon-
struction, clothing can be separated from the human body,
enabling efficient adjustment and editing of different cloth-
ing styles, postures, and body shapes. This decoupling not
only enhances the flexibility and practicality of 3D recon-
struction, but also improves the realism of detailed features,
providing greater potential for personalization and dynamic
interaction of virtual characters.

We aim to develop a method to decouple and reconstruct
the clothed human body from monocular videos. However,
this is a very challenging task because 1) monocular videos
only provide single-view 2D image information and lack
direct 3D depth perception, 2) real captured videos contain
various clothing styles, irregular textures, and complex hu-
man poses, 3) body parts occluded by clothes are not vis-
ible in the input video, which also poses a great challenge
to reconstruction. Existing methods can be divided into ex-
plicit expression methods and implicit expression methods.
Among them, explicit expression methods usually rely on
pre-acquired templates. Some methods [16, 17, 54] use
scanners, while other methods [2, 28, 39] rely on paramet-
ric models [20, 32], and the reconstruction quality mainly
depends on the representation ability of the model. Implicit
representation methods [9, 14, 21, 23, 40] use NeRF [35]
or SDF [38] to model the clothed human body, but they usu-
ally produce an inseparable whole body or exhibit average
geometric quality.

We propose a decoupled human body reconstruction
scheme, named D3-Human (Dynamically Disentangled
Digital Human), which combines explicit and implicit rep-
resentations to address the main challenges of template gen-
eration and the dynamic deformations. In decoupled human
body reconstruction, generating clothing templates is par-
ticularly challenging. Traditional methods, such as those
based on parametric models [28] or feature lines [43], rely
heavily on priors, limiting the types of clothing they can
represent. Although implicit unsigned distance field (UDF)
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representations [5, 13, 29, 31] provide some solutions, they
perform poorly when single-view supervision is limited (see
experiments 4.3). For the visible region, inspired by G-
Shell [30] and DMTet [50], we define an optimizable hu-
man manifold signed distance field (hmSDF) on the non-
decoupled clothed human surface to separate clothing from
the body. For the invisible regions of the body, we adopt
the explicit representation of the corresponding regions of
the SMPL [32] model to ensure the plausibility of the body
shape and seamless integration with the visible region. This
approach enables detailed and decoupled reconstruction of
clothed human bodies.

We reconstruct different human bodies wearing various
outfits based on monocular videos, to demonstrate the ca-
pabilities of our method. Compared to existing methods
that require over a day [21, 43, 52] for reconstruction,
D?-Human reconstructs a decoupled template of clothing
and body in a much shorter time (about 20 minutes) and
completes the full sequence within several hours, achiev-
ing competitive reconstruction accuracy. Furthermore, we
demonstrate examples of applications in animation produc-
tion and clothing transfer to showcase the wide-ranging ap-
plicability of the decoupled representation. In summary, the
contributions of this paper include the following aspects:

* A hybrid reconstruction method combining explicit and
implicit representations is proposed, which is capable of
reconstructing high-quality, decoupled clothing and hu-
man body from monocular video.

¢ For the clothed human body in visible areas, we introduce
anovel representation, hmSDF, which can accurately seg-
ment 3D clothing and body through easily obtainable 2D
human parsing, without any 3D clothing priors.

* The reconstructed decoupled clothing and human body
can be easily applied to animation production and cloth-
ing transfer applications, offering realistic and detailed
geometric quality.

2. Related Work

Decoupled Representation of Clothed Human Body.
Most methods reconstruct the clothed human body geome-
try as a whole, including representations like mesh [2, 3],
point clouds [34, 55], SDF [4, 6, 21, 37], and occu-
pancy [46, 47]. These reconstruction methods maintain
good detail in visible areas but are inconvenient for appli-
cations like animation and clothing transfer. A more effec-
tive approach is to independently represent clothing and the
body, modeling them as decoupled, layered representations.
GALA [27] and ClothCap [42] utilize 3D segmentation to
obtain separate clothing and body meshes from 3D and 4D
scans, respectively, a method constrained by the high cost
of acquiring scan data. Neural-ABC [5] constructs a decou-
pled human body and clothing parametric model based on
UDF (unsigned distance function) representation, but its re-

construction of details is limited. SCARF [9] reconstructs a
mixed representation of a clothed human body from video
sequences, but the NeRF [35] representation of clothing is
limited in geometric effect. ReLoo [15] utilizes a double-
layer SDF to reconstruct clothed human bodies. However,
due to the watertight nature of SDF, it cannot directly re-
construct open meshes. Some other methods focus on re-
constructing clothing [7, 8, 20, 45, 56], which allows decou-
pling by using SMPL [32] as the underlying body; however,
the body often lacks detail in these approaches.

Reconstruction from Monocular Video. 3D clothed
human body reconstruction from video inputs typically re-
lies on motion and deformation cues to recover deformable
3D surfaces. Early works acquired actor-specific rigged
templates [16, 17, 54] or used a parametric model as a
prior [2]. Many efforts [9, 23, 39-41, 52], based on
NeRF [35] and 3DGS [25], reconstruct animatable human
avatars from dynamic videos, primarily focusing on render-
ing effects, but the quality of geometric reconstruction is not
ideal. [14, 21, 51] reconstructed high-quality clothed hu-
man body geometries, but the clothing and underlying body
are not separable. DGarment [28] and REC-MV [43] recon-
structed dynamic clothing, excluding the body. Our method
can reconstruct decoupled clothing and the underlying body
while ensuring geometric quality.

3. Method

Given a monocular video containing /N frames, which de-
picts a person in motion wearing clothing, as {; | t =
1,...,N}L D*-Human aims to reconstruct high-fidelity, de-
coupled, and spatio-temporally continuous clothing and un-
derlying body meshes {G; | t = 1,..., N} without us-
ing 3D clothing template priors. With the goal of achiev-
ing maximum realism, the observed areas captured by the
video, such as the exposed head and clothing, should be re-
constructed with great detail; areas obscured, such as body
parts covered by clothing or self-occluded by the body,
should be reconstructed as plausibly as possible.

To achieve these objectives, We combine the flexibility
of implicit representations with the robustness and rapid
rendering capabilities of explicit representations to achieve
the best results. Notably, the surface of a watertight clothed
human can be segmented into clothing and body parts by
closed curves. Therefore, we first utilize image and human
parsing segmentation sequence information to reconstruct
the separated clothing and body meshes in the visible areas.
Then, with the help of SMPL [32], we complete the invis-
ible body areas and generate decoupled clothing and body
templates. Finally, normal information is additionally used
to jointly optimize the clothing and body to enhance details.
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Figure 1. The algorithm of D3-Human composes two stages: template generation and detailed deformation. In the template generation
stage, the watertight clothed human body is segmented via hmSDF and completed using SMPL, yielding disentangled clothing and body
meshes. During the detailed deformation stage, two neural networks are utilized to model non-rigid deformations for clothing and body.
Both stages employ LBS deformation from canonical to observed space and are rendered into 2D images for loss computation.

3.1. Overview

The proposed method can be divided into two stages: de-
coupled template generation and detailed deformation. Fig-
ure | shows the overall pipeline of our approach. The tem-
plate is defined in the canonical pose space and deformed to
the observed space using LBS.

In the template generation stage, the initialized
DMTet [50] is optimized into a watertight clothed human
and then segmented into clothing and body regions using
our proposed optimizable hmSDF. The regions fully oc-
cluded by clothing cannot be directly reconstructed from
images, so we complete them using SMPL. After generat-
ing the decoupled template, we use two MLPs to model de-
tailed deformations for each frame of the body and clothing
meshes separately. During optimization, both the decou-
pled template and the meshes with detailed deformations
are transformed to the observed space using forward LBS
deformation and are supervised by images, normal maps,
and parsing masks through a differentiable renderer.

3.2. HmSDF Representation

In this section, we define the clothing template G, and the
body template Gy, in canonical space. Considering that the
body parts obscured by clothing are invisible in the video,

we further divide the clothing and body into the visible body
Sy, the invisible body Uy, and the visible clothing S.. The
visible body S is obtained via segmentation after recon-
structing the whole clothed body, while the invisible body
Uy is completed using the SMPL model. The visible and
invisible bodies are merged to form the body template Gj.

The visible clothing and body are represented by a hy-
brid representations[50] that combines a tetrahedral mesh
grid (Vr, T') and a neural implicit signed distance function
sp(z), where € Vp and s,(x) is a neural network with
learnable weights 7. The surface of S, U S, can be repre-
sented by S,, = {z € R? | s,,(z;n) = 0}. The mesh can be
extracted using methods following G-Shell [30].

Since the reconstructed watertight clothed human body
Sy = Sy U S., we define a continuous and differentiable
mapping v : S, — R on S, to characterize whether a point
belongs to Sy, or S,:

<0, Vz € Interior(Sy),
=0, Vz e,
>0, Vz € Interior(S.),

v(z) =

where A represents the boundary line between S, and S..
We denote v as the human manifold signed distance fields,
termed hmSDF. This differs from the definition of mSDF
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in G-Shell, which only considers points located inside the
open surface. In mSDF, regions > 0 are inside (valid), and
< 0 are outside (invalid). In contrast, our approach consid-
ers points on both sides of the hmSDF (the visible clothing
and body). In hmSDF, regions > 0 are clothing S. (mSDF
Case 1), and < 0 are body S}, (mSDF Case 3). There are no
invalid regions exist in the watertight clothing-body surface.

3.3. Region Aggregation.

Ideally, an optimized hmSDF function v should accurately
segment the visible clothing S. and body S,. However, due
to inaccuracies in the human parsing mask of each frame
and inconsistencies between frames, inaccuracies may oc-
cur in the boundary line A, as illustrated in Figure 2. When
inaccuracies occur in the neighborhood of v(z) = 0, it
causes the segmented regions Sl; and S; to contain holes
and creates undesired segmented regions S and S!'. The
small fragments contained in .S;’ and S are inevitably dis-
connected from other subgraphs.

AV Y S.>0
WAV /NS g \VAVA

Inaccurate Segmentation
Figure 2. Schematic of region aggregation. For the correct seg-
mentation results, S, and S, correctly segment the body and the

Correct Segmentation

cloth. For inaccurate segmentation results, S: should merge with
/ 1 ’
Sy, and S, should merge with S..

We obtain the number of connected components for each
category from the input image. Since the vertices of incor-
rectly classified connected components are usually fewer,
the category of each subgraph, S;, S., S{/, and S/, can be
determined by calculating the number of vertices in each
connected component using the depth-first search method.
The correct S, and S, can be obtained by aggregation as
follows:

Sb = merge(sl/n Sg)a (1)
Sc = merge(Sé, Sl/),) 2

We demonstrate the process of aggregation of .S, and S,
in Algorithm 1.

3.4. Deformation Fields

Similar to previous methods [21, 43], we use the SMPL-
based Linear Blend Skinning (LBS) method to model large
deformations based on skeletal movements, and employ
non-rigid deformation fields to model subtle deformations.
However, a key difference is that clothing and body fol-
low different motion rules. Therefore, we use two separate

Algorithm 1 Region Aggregation Algorithm

Input: The initialization segmentation Sy and S directly
obtained from A; The correct number of subgraphs for .5
and S, are o and g, respectively.

Calculate all connected subsets @5, of Sg;

Calculate all connected subsets .. of SS;

Sort @, based on the number of vertices;

Sort Q. based on the number of vertices;

Extract S} and S} based on oy from Qy;

Extract S, and S/ based on a2 from Q.;

Obtain S, by Equation | and filter out duplicate points.

Obtain S, by Equation 2 and filter out duplicate points.
return .S, and .S without holes and fragments.

non-rigid deformation fields to model the non-rigid defor-
mations of clothing and body respectively.

Non-rigid Deformation. Due to its limited degrees of
freedom, LBS deformation can only model large deforma-
tions and is unable to represent smaller details, such as the
folds of clothing. Therefore, for detail deformation, we use
two MLPs to model the non-rigid deformations of clothing
and the human body. D is the MLP for non-rigid deforma-
tions:

xt = D(‘Ea hta E(CC), d))a

where x is the point in canonical space, x! is the point after
deformation in frame ¢, h' is the latent code corresponding
to frame ¢, E(x) is the positional encoding, and ¢ are the
network parameters that need to be optimized. For cloth-
ing and the body, the networks and parameters are indepen-
dently separate.

LBS Deformation. Linear Blend Skinning (LBS) defor-
mation models the transformation from canonical space to
observed space based on skeletal deformation. Given the
SMPL shape parameters /3 and pose parameters 6;, the LBS
deformation W can be written as:

G (8,6:) = W(D(x), 8,6, W(x)),

where D(z) represents the non-rigid deformation of cloth-
ing and body, G is the deformed mesh, and W(z) is the
method for computing the skinning weights of x based
on SMPL. We refer to some clothing simulation meth-
ods [11, 49] to calculate the skinning weights. For both
clothing and body, we use a shared skinning deformation
model.

3.5. Occlusion-Aware Differentiable Rendering

Differentiable rendering is used to render the geometry in
the observed space to 2D, which allows for the calculation
of loss with 2D supervision. Following some differentiable
rendering methods [18, 30, 36], we utilize a differentiable
rasterization approach to render the mesh. Compared to
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volumetric rendering methods, rasterization-based render-
ing enables differentiable rendering for explicit meshes and
offers better time and memory efficiency.

For clothed bodies, occlusion may occur between the
body and clothing, which can lead to occlusion when ren-
dering the visible areas of the clothing from the same view-
point. Therefore, only rendering the clothing mesh to obtain
a clothing mask may produce results inconsistent with the
supervision signals, as illustrated in Figure 3. When render-
ing the clothing mesh alone, the obtained mask (d) cannot
be used to correctly compute the loss with the GT mask
(c). One approach is to render both the clothing and body
meshes simultaneously and then extract the clothing region
from the mask (e), allowing for correct loss computation
with the GT mask (c). To solve this problem, we label the
faces of both the clothing and body, rendering them simul-
taneously. We then use rasterization to generate occlusion-
aware 2D labels, where the effective area of the body label
is the body mask Mj, and the effective area of the clothing
label is the clothing mask M,.

(a) (b) (© (d) ©)

Figure 3. Demonstrating the differences between rendering of
individual garments and rendering dressed human bodies when
hands are occluded. (a) is the color image of the captured clothed
human; (b) is the complete clothed body mask obtained from
SAM2 [44]; (c) is the clothing mask obtained from SAM?2; (d)
is the mask obtained by rendering only the clothing mesh; (e) is
the mask of the effective clothing area after rendering the com-
plete clothed body mesh.

3.6. Training
3.6.1. Training Strategy

Our method consists of two stages: template generation and
detail deformation optimization. In the template generation
stage, we leverage hmSDF directly learn the clothing tem-
plate from mask supervision, without relying on 3D cloth-
ing priors. In this stage, deformation is achieved solely
through LBS, and parameters are optimized through RGB
Loss, Mask Loss, Eikonal Loss, Encourage Hole Opening,
and Regularize Holes. In the detail deformation stage, we
introduce an additional Perceptual Normal Loss as a re-
construction term, while regularization is applied through
Collision Penalty and Geometry Regularization to optimize
non-rigid deformation.

3.6.2. Reconstruction Loss

We minimize the difference between the rendered result and
the input image through the following objective:

RGB Loss. The MSE loss L is calculated between
the rendered RGB image and the supervision image. We
calculate for all valid pixels P as following,

color = |P| Z (]lb

‘ch(p) : Lmse(Icv fc)) )

mse Ib7 [b)
(3)

where 1 (p) indicates the category to which the current pixel
point p belongs. When 1, (p) is true, pixel p belongs to the
body; when 1.(p) is true, pixel p belongs to the cloth. Both
1y(p) and 1.(p) can be true simultaneously, or only one
may be true, depending on the mask used for supervision.
I, is the rendered RGB image of the body, /. is the rendered
RGB image of the clothing, I, is the ground truth RGB im-
age of the body, and I, is the ground truth RGB image of
the clothing.

Mask Loss. Although irrelevant backgrounds have al-
ready been removed in the RGB image supervision, the in-
dependently added mask loss can further constrain the ac-
curacy of the edges, as,

mdsk |P| Z (]lb mse Mbajw’b)
peP )

+ ]lc(p) : Lmse(A{ca Mc))v

where M, is the ground truth mask of the body, and M, is
the ground truth mask of the clothing.

Perceptual Normal Loss. We obtain the normals of the
image through Sapiens [26] as ground truth, to leverage the
prior information trained on large-scale human body data.
Rendered normals and supervision normals need to be nor-
malized and aligned to the observation space. We use the
perceptual loss [19, 24] to further enhance the effective-
ness of the rendered normals.

Lper = Z s (N) — s ()12, (5)

where N is the rendered normal, and N is the ground truth
normal, and ¢; (*) denotes the activation of the i-th layer in
the MobileNetV2 network [48].

3.6.3. Regularization Term

Eikonal Loss. To ensure a reasonable signed distance field,
we add an Eikonal term [12] to the gradient g of the SDF
value at each tetrahedral vertex when optimizing the SDF:

Lk = »_ (lgull2 = 1)%. 6)

ueVr
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Encourage Hole Opening. With limited viewpoints, it
is necessary to identify the opening positions using only im-
age information. We encourage hmSDF openings by adopt-
ing a regularization term similar with [30] as,

Liole = Z Lhuber(V(u))- (7

w:v(u)>0

Regularize Holes. To avoid excessively large openings,
we impose constraints on all points that are visible from the
current viewpoint as

Lreg—hole = Z Lhuber(l/(u) - 61)7 (8)
w:v(u)=0

where €7 is a positive scalar.

Collision Penalty. This ensures that the garment does
not penetrate the underlying body, inspired by [11, 49]. We
implement it as

Leottision = Z Keottision max(eg — d(x),0)°. 9)

vertices

In particular, when the distance between the two layers is
too close, rendering can produce computational errors, so
the value of €5 is set to 0.005.

Geometry Regularization. To ensure that the optimiza-
tion is constrained, we encourage generating smooth de-
formed results. Inspired by Worchel et al. [53], we add nor-
mal consistency term Ly consise and Laplacian term Liaplacian-

4. Experiments

We conduct qualitative and quantitative experiments to
demonstrate the effectiveness of D*-Human. For qualita-
tive experiments, we use subjects from PeopleSnapshot [2]
and SelfRecon [21]. For quantitative experiments, we use
the synthetic dataset constructed by SelfRecon. It pro-
vides accurate ground truth for the meshes. Additionally,
we perform ablation studies on the discussion of UDF and
hmSDF, as well as the effectiveness of the perceptual nor-
mal loss, and demonstrate applications in clothing transfer
and physics-based animation production.

4.1. Quantitative Evaluation.

Since there is no public real dataset available for evaluat-
ing the geometric quality of decoupled clothed human re-
construction from monocular video, we use four synthetic
datasets provided by SelfRecon [21], each containing ge-
ometric ground truth and rendered videos. As these pro-
cessed data are not open source from REC-MV [43], we
manually labeled the split points and used the official tools
to generate the feature lines. We also employ CLO3D [1] to
separate clothing and body from the source data for quan-
titative evaluation. We report the Chamfer Distance (CD)

for clothing, body, and the complete clothed human of each
method’s results. For methods that do not support decou-
pling, we only report the CD for the complete clothed hu-
man. We present the visualization of the quantitative com-
parison in Figure 4 and report the metrics in Table 1. The
results show that our method achieves the best results in the
metrics, provides detailed and accurate visual effects, and is
capable of correctly decoupling the human body and cloth-
ing.

4.2. Qualitative Evaluation.

We compare our method to methods capable of reconstruct-
ing clothed human bodies from image sequences, using sev-
eral sequences from the PeopleSnapshot [2] dataset and one
sequence from SelfRecon [21] to include dress. For all
methods, we extract consecutive frames from a complete ro-
tation and present the comparison results for the first frame
in Figure 7. The additional sequential results and discussion
are presented in the supplementary materials.

As we can see, REC-MV [43] can accurately recon-
struct clothing but lacks the level of detail achieved by our
method. Due to the lack of further optimization for the body
in REC-MYV, directly using SMPL results in mesh penetra-
tion. BCNet [20] reconstructs clothing that can directly use
SMPL as the underlying body; however, it only supports
reconstruction with consistent clothing categories and lacks
almost all detail. DELTA [10] enhances head details based
on SCAREF [9], and allows direct decoupled reconstruction
of clothing and body. However, because it uses NeRF [35]
representation for clothing, it cannot extract smooth geom-
etry, leading to numerous artifacts in the clothing geometry.
SelfRecon [21] uses the SDF representation to reconstruct
clothed human bodies with correct shapes but lacking de-
tail. GoMAuvatar [52] employs a Gaussians-on-Mesh rep-
resentation, resulting in relatively coarse meshes. Neither
method can achieve decoupling of clothing from the body.
Compared to these methods, our approach successfully de-
couples clothing from the body while maintaining a richer
level of detail.

4.3. Ablation Study.

Implicit UDF or hmSDF? Several articles [5, 8, 30, 31]
have demonstrated results by using the implicit Unsigned
Distance Field (UDF) to represent clothing with undefined
categories, leveraging dense supervision from meshes or
multi-view images. However, we found that UDF strug-
gles to produce robust results due to the limited supervision
provided by single-view dynamic human reconstruction, as
shown in Figure 5. The UDF reconstruction resulted in nu-
merous small holes, a large hole in the abdominal area, and
failed to create an opening at the cuffs. In contrast, hmSDF
achieved an accurate garment shape.

Although UDF uses a network to model shapes and pos-

10841



//ﬁ\%
W 7 ‘
\

Malel | .

Reference Images GT

Ours REC-MV w/ SMPL REC-MV  BCNet

il

DELTA SelfRécon GoMAvatar

Figure 4. Quantitative comparison of the proposed method with REC-MV [43], BCNet [20], DELTA [10], SelfRecon [21], and GoOMA-
vatar [52]. We use purple to visualize clothing that can be decoupled from the body. For REC-MV and BCNet, SMPL [32] was added as

the body to show the complete reconstruction of the clothed human.

Table 1. Qualitative comparison across four synthetic sequences. We report the Chamfer Distance (CD) between the reconstructed surfaces
(cm) and ground truth. For REC-MYV, BCNet, DELTA and our method, we report the CD for clothing, body, and the full clothed human
body, respectively. For SelfRecon and GoMavatar, we only report the CD for the full clothed human body. The unit is e ~. We highlight the
[BESE value and the second best value. We show Malel and Male2 in Figure 4, and Femalel and Female3 in the supplementary materials.

Femalel

Method Clothing Body  All

Female3
Clothing  Body

Malel Male2
All Clothing  Body All Clothing  Body All

REC-MV [43] 1.416 1.789 1.148 | 0930  2.082

1.461 0.614 1.945 0.619 0.693 1.201 0.616

BCNet [20] 1.685 10.252 5.561 4.571 10.112  5.681 2.589 6.236  4.802 2.007 4.109 2.853
DELTA [10] 2.177 0.973  1.388 2.173 0.820 0.915 1.327 1.498 1.702 1.884 1.073 1.132
SelfRecon [21] - - 3.420 - - 2.249 - - 1.310 - - 1.454
GoMavatar [52] - - 7.319 - - 5.058 - - 2.382 - - 3.163
Ours 1.065 0966 0959 | 1.109  0.742 0.636 | 0478 0.321 0270 | 0.355 0.325 0.279
Front View Side View Front View Side View
= _ Y — - e
s
3 Py
4 \\J
. | 4
Fal i Reference Input MSE  Perception
“d e 1 Figure 6. Ablation study on normal loss. The reference input in-
Implicit UDF HmSDF cludes normals and images. The top row shows the rendered nor-

Figure 5. Ablation study on clothing reconstruction using implicit
UDF [31] with deformation field [22] and hmSDF, applied to the
male-3-casual data from the PeopleSnapshot [2] dataset.

sesses strong representational capabilities, it still has cer-
tain problems: (1) UDF is non-differentiable at the O-level
set. Although several solutions [13, 29, 31] have been
proposed for mesh extraction and multi-view reconstruc-
tion problems, UDF remains sensitive near the 0-level set,
and areas with poor supervision signals may lead to recon-
struction failures. (2) The ability to extract surfaces from
implicit UDF is limited. Surface extraction from implicit

mals, and the bottom row shows the rendered meshes.

UDF [13] is limited to manifold surfaces [33], and regions
that are non-manifold in the implicit representation may fail
to be extracted. (3) The strong representational capability of
UDF reduces its noise resistance; for instance, the large hole
in the abdominal area is caused by occlusion in the clothing
mask. An example of occlusion is shown in Figure 3.
Perceptual Normal Loss. We attempt to remove the
normal consistency loss and replace it with mean squared
error and angular error. While the normal consistency loss
focuses on feature consistency and can produce perceptu-
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Animation results

Figure 8. Decoupled reconstruction applications. Reconstructed
clothing and body can be animated using physical simulation
methods. Additionally, clothing can be easily swapped to create
animations with different outfits.

Reconstruction

ally consistent results, the mean squared error and angu-
lar error focus on pointwise features, which may result in
less smooth results. We show the normal rendering results
in Figure 6. Calculating the cosine or MSE loss between
the rendered normals and the reference normals results in
rough and noisy reconstructions. Using the perceptual nor-
mal loss, on the other hand, produces smoother results that
preserve the features and details of the reference image.

4.4. Applications.

We demonstrate the clothing transfer after decoupled recon-
struction and the application of physics-based animation.

REC-MV w/ SMPL REC-MV

/|

DELTA

BCNet SelfRecon

Figure 7. Qualitative comparison. Comparison of our method with other methods on real image sequences. We visualize the first frame of
each sequence. Compared to other methods, our results achieve better performance in reconstruction details and disentanglement capability.

GoMAvatar

The results are shown in Figure 8.

Clothing Transfer. Since our model is capable of re-
constructing decoupled clothing and human bodies, cloth-
ing transfer can be achieved by separately reconstructing
two clothed human figures and exchanging their garments.

Physics-based Animation. The reconstructed clothing
and body geometry can be used with physics-based simula-
tion methods to create more realistic animations. Compared
to non-decoupled reconstructions [21], which make it diffi-
cult to establish motion between clothing and body, we use
HOOD [11] to create more authentic clothing details.

5. Conclusion

We introduced D3—Human, a method that could reconstruct
decoupled clothing and body directly from a short monoc-
ular video. By leveraging the robustness of explicit rep-
resentations and the flexibility of implicit representations,
D3-Human ensured the reconstruction of detailed features
while maintaining the plausibility of body parts obscured by
clothing. To achieve the separation of 3D clothing from the
body, we proposed a novel representation called hmSDF de-
fined on human body, which was able to obtain 3D segmen-
tation using only 2D human parsing, without any 3D cloth-
ing priors. Thanks to this novel approach, we are able to
achieve competitive reconstruction accuracy with much less
computation time while ensuring the decoupling of cloth-
ing and body. The decoupled reconstruction results can be
easily used for detailed animation production and clothing
transfer. Our D3-Human can create high-quality and easily
editable human geometry using only one camera, providing
a technical foundation for the widespread adoption of many
applications, such as highly editable digital avatar creation.
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