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Figure 1: ReMu is a framework for capturing and reconstructing multi-layer garments
with Image Layers. (a) Given a set of images captured by a static RGB camera, (b) our
method reconstructs 3D garments in layers that fit on a unified human body. These layers
are optimized to avoid possible penetrations, (c) making the resulting 3D garments suitable
for various downstream applications, such as clothing simulation.

Abstract

The reconstruction of multi-layer 3D garments typically requires expensive multi-
view capture setups and specialized 3D editing efforts. To support the creation of life-
like clothed human avatars, we introduce ReMu for reconstructing multi-layer clothed
humans in a new setup, Image Layers, which captures a subject wearing different lay-
ers of clothing with a single RGB camera. To reconstruct physically plausible multi-
layer 3D garments, a unified 3D representation is necessary to model these garments in
a layered manner. Thus, we first reconstruct and align each garment layer in a shared
coordinate system defined by the canonical body pose. Afterwards, we introduce a
collision-aware optimization process to address interpenetration and further refine the
garment boundaries leveraging implicit neural fields. It is worth noting that our method
is template-free and category-agnostic, which enables the reconstruction of 3D garments
in diverse clothing styles. Through our experiments, we show that our method re-
constructs nearly penetration-free 3D clothed humans and achieves competitive perfor-
mance compared to category-specific methods. Code and data are available at https:
//ait.ethz.ch/remu.
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1 Introduction
Digital reconstruction of clothed 3D humans has gained significant attention in academia
and industry, across various applications such as virtual try-ons, 3D gaming, and AR/VR
telepresence. Numerous approaches have been proposed to reconstruct clothed humans in
multiple setups, including multi-view sequences [15, 54, 58, 69, 70], monocular videos [8,
19, 21, 27, 30, 31, 32, 45, 53, 61], and single-view images [1, 11, 22, 23, 28, 35, 38, 48, 49,
63, 64, 68, 72]. However, these reconstructed 3D models typically represent clothing and
the body as a single entity, overlooking the fact that human clothing is often layered. This
also limits use cases in traditional graphics pipelines that require separate layers of clothing
for applications like physical simulation [17, 18, 50] and animation [39]. To overcome this
challenge, one needs to reconstruct clothed humans with layers of garments.

Conventionally, reconstructing garments in multiple layers relies on multi-view images
to capture respective layers of clothing [59]. Such a method demands a calibrated multi-
view camera system and specialized post-processing for mesh cleanup, which is usually
costly and impractical for consumer use. Thus, recent efforts [10, 29, 36, 43] resort to neural
networks to reconstruct multi-layered garment meshes from single-view images. However, it
is difficult to see “beneath" a layer of clothing (e.g., the inside of sleeves under a jacket) from
images. To this end, these methods utilize models trained with category-specific synthetic
data to infer unobserved clothing. Consequently, they often fail to produce realistic results
due to the domain gaps between synthetic and real-world clothing. Moreover, we observed
that the reconstructed garments may present inter-layer penetrations, making them hard to
use for downstream tasks. Therefore, a new technique is required to enable the easy capture
of data and the high-fidelity reconstruction of penetration-free garments.

In this paper, we propose a novel approach to capture and reconstruct 3D clothed humans
using a set of single-view Image Layers that depict humans in different layers of clothing
(see Fig. 1 left). On the one hand, such Image Layers allow for the ease of data capturing
using a single, static RGB camera by having a human subject gradually wear each layer
of clothing. This is a significant advantage over multi-view images or 3D meshes, which
require a synchronized volumetric capture system. On the other hand, Image Layers of-
fer necessary visual information for 3D reconstruction in unobserved regions. Therefore,
the data requirements of category-specific synthetic garments can be alleviated, making our
method template-free and generalizable to garment types.

However, reconstructing multi-layer 3D garments from Image Layers is nontrivial, as
these images do not guarantee alignment of body pose or the correct order of garments in 3D
space. Simply putting reconstructed garment meshes together cannot yield physically plau-
sible results in 3D space. To overcome this challenge, we develop a collision-aware clothing
reconstruction method operating on a unified layered representation. We first reconstruct
garment meshes using an off-the-shelf single-view human reconstruction model [26] and
segment out the clothing using a SAM-based 3D segmentation method [59]. Next, we align
each reconstructed garment mesh with the canonical body using inverse linear blend skin-
ning (LBS). To address the inter-layer penetrations of the clothing, we develop a penetration
removal process to correct physically implausible garment surfaces. Finally, as the resulting
meshes may contain distorted topology and fragmented faces caused by noisy 3D segmenta-
tion, we further leverage the representative power of neural unsigned distance fields (UDFs)
to re-fit and refine the garment meshes with smoother boundaries. Note that our reconstruc-
tion pipeline is training-free and template-free; therefore, it is suitable for the data capturing
of diverse 3D clothing.
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In extensive experiments, we demonstrate that our new reconstruction scheme using
Image Layers is ef�cient in data capture and superior in reconstruction quality. We show
that with the same input conditions, our method outperformed other category-speci�c and
template-based baselines. Moreover, the reconstructed 3D garments are almost penetration-
free, making them compatible with graphic tools (e.g., Blender) for simulation and other
applications (see Fig. 1 right). In summary, our contributions are:

• a new template-free, category-agnostic clothed human reconstruction scheme using
single-view Image Layers.

• a layered clothing representation combining triangle meshes and neural �elds to model
multi-layer garments in a uni�ed canonical body.

• a garment re�nement process for collision-free and high-quality reconstructions.

2 Related Work

Clothed Human Reconstruction. The literature on computer vision and graphics has been
dedicated to 3D clothed humans for decades. With the advancement of neural representa-
tions [55, 56, 62], a new branch of research that reconstructs clothed humans from monocular
videos [8, 19, 21, 27, 30, 31, 32, 45, 53, 61] has emerged. In these methods, human bodies
are decomposed into a canonical body shape and pose-dependent deformations, which are
represented by neural �elds or other explicit models [25, 33, 41, 71]. These approaches allow
for an end-to-end reconstruction leveraging 2D photometric losses and differentiable neural
rendering [42]. Another line of research utilizes data-driven models and generative priors to
enable reconstruction from a single image [1, 11, 22, 23, 28, 35, 38, 48, 49, 63, 64, 68, 72].
These methods depend on models trained with 3D data [52, 59, 67] to address depth ambigu-
ity and unobserved areas on human bodies. Although the approaches mentioned above have
achieved high-�delity reconstruction across various data modalities, they typically represent
the body and clothing as a single-layer model. Our work further extends the reconstruction
setting to a multi-layer scheme and jointly tackles multiple input images.

Multi-layer Clothing Reconstruction. Compared to single-layer clothed human recon-
struction, clothing reconstruction in multi-layer requires a more complex setup to capture
individual pieces of garment [2, 3, 24, 57, 59]. This reconstruction process involves para-
metric body registration [5, 44] and human parsing [65] using multi-view images to align
and segment 3D garments on a human body. To overcome the dif�culty in data capturing,
data-driven approaches [3, 12, 29, 37, 40, 46, 66, 73] have been proposed to reconstruct
3D garments from single-view images. Most of these methods are template-based, em-
ploying a feed-forward network trained to predict the shape and displacement parameters
of each garment template. Other approaches, such as SMPLicit [10], ClothWild [43], and
DrapeNet [13], train a generative model for each garment category and �t the latent code to
the observed image. Although these methods can handle multi-layer garments, they rely on
category-speci�c synthetic data, which often lacks the realism needed for accurate 3D recon-
struction. To enhance reconstruction quality, ISP [36] introduces a shape prior represented
by sewing patterns, with subsequent work [37] integrating deformation priors to address lo-
cal details. However, these data-driven methods do not fully address the ill-posed problem
of reconstructing the inner layers of clothing, which are only partially observed in images.
In contrast, our reconstruction scheme captures garments from Image Layers, allowing us to
apply a template-free and category-agnostic method to reconstruct multi-layer garments.
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Figure 2: Layered clothing reconstruction pipeline. Given a set of Image LayersI , we
register SMPL-X body modelsB and reconstruct watertight meshesM from images. We
then segment out 3D garmentsS through multi-view parsing (Sec. 3.1). Next, we deform
3D meshes to the canonical body poseBc through inverse LBS. These aligned garments are
optimized to remove inter-layer penetrations asM0 (Sec. 3.2). Finally, we �t implicit neural
�elds f to re�ne the garment surface geometry and boundaries (Sec. 3.3).

Layered Representation for 3D Garments. Traditionally, clothing has been modeled us-
ing triangle meshes and 2D sewing patterns [4, 37] to ful�ll the requirements of the movie,
gaming, and fashion industries. Recently, neural representations [10, 14, 16, 20, 34, 39, 43,
60] have emerged as a popular alternative for representing clothing in 3D. Unlike traditional
methods, these neural representations enable smoother and higher-quality 3D geometry and
appearances. For example, ULNeF [51] introduces an approach for managing multi-layer
garments with SDFs, ensuring that each layer remains distinct and collision-free. Implicit
UDFs [9, 13] have been proposed to model open-surface and more diverse garment cate-
gories. While such implicit representations successfully achieved higher-quality geometry
details, handling their physical penetrations became more complicated. Thus, our layered
representation combines the strengths of both triangle meshes and implicit UDFs, offering
an ef�cient way to address garment penetrations and reconstruct high-quality 3D geometry.

3 Method
Given a set of Image Layersf I1; :::; INl g captured by a single RGB camera, our goal is to
reconstruct their corresponding 3D garmentsf G1; :::;GNl g which are properly dressed on
the human subject in layers. Fig. 2 summarizes the work�ow of our multi-layer garment
reconstruction pipeline. We �rst �t a parametric body model and reconstruct a single-layer
garment mesh at each image layer (Sec. 3.1). To register separate pieces of clothing into
a shared 3D space, we deform the garment meshes to a canonical space and remove inter-
penetrations between layers (Sec. 3.2). In achieving high-�delity 3D reconstruction, we
parameterize the garments as implicit UDFs and re�ne their surface geometry (Sec. 3.3).
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3.1 Body Fitting and Clothing Reconstruction

For each Image LayerIk;k 2 f 1; :::;Nl g, we aim to �t a parametric body modelBk to the
image and reconstruct a single-layer watertight meshMk of the clothed subject. For body �t-
ting, we employ an SMPL-X estimator [6] and re�ne the estimated body pose by minimizing
the 2D keypoint [7] reprojection errors. The resulting body modelBk is then utilized by a
single-view 3D human reconstruction model [26] in obtaining a watertight textured meshMk.
However, this textured mesh is composed of multiple garments in a single-layer manner. We
need to segment out the clothing of interest at each layer (e.g., the lower garment fork = 1
in Fig. 2 left). To this end, we develop a 3D segmentation method similar to the one used in
4D-DRESS [59] and GALA [34]. We render a set of multi-view images of the textured mesh
and use Grounded SAM [47] to predict 2D segmentation masks of the selected clothing. To
obtain a 3D segmentation mask, we reproject each 2D mask to the mesh surface and decide
the label of each mesh vertex through voting. Finally, we �lter out disconnected vertices and
smooth out the vertex labels to prevent holes in the surface, yielding a �nal clothing areaSk
de�ned by the 3D segmentation labels as shown in Fig. 2left.

3.2 Garment Registration

Garment alignment. The reconstructed 3D garment meshes from the previous step are not
aligned in the 3D space due to pose variance in each Image Layer. To appropriately dress
every piece of clothing on top of a uni�ed human body, we de�ne a canonical body poseBc
(e.g., T-pose in Fig. 2middle) as the shared 3D coordinate system. We deform each full-body
meshMk back to the canonical body pose using the pose parametersBk with inverse linear
blend skinning (LBS). LetBki denote the bone transformation matrix for SMPL-X body joint
i 2 f 1; :::;21g for poseBk, a vertex of the meshvk 2 Mk can be represented as:

vk = LBS(vc
k) =

21

å
i= 1

wc
i Bkiv

c
k: (1)

Therefore, the inverse LBS forvc
k 2 Mc

k in the canonical poseBc is formulated as:

vc
k = LBS� 1(vk) = (

21

å
i= 1

wiBki)
� 1vk (2)

Note thatMc
k denotes the deformed watertight mesh of layerk in the canonical pose

Bc, andwi ;wc
i represent thei-th skinning weights for a vertex in the original pose and the

canonical pose, respectively. The skinning weights are queried from the nearest vertex in the
SMPL-X body model.

Penetration removal. While the garment meshes are now aligned on top of the canonical
body, there are still potential inter-penetrations across garment layers. To address this, we
develop a penetration removal algorithm. By gradually running this algorithm from the
inner layer to the outer layer, we align and dress every layer of garmentsM0

k on the canonical
human bodyBc and address most garment collisions across layers, as shown in Fig. 2middle.

More speci�cally, penetration removal modi�es the vertex locations ofMc
k so that the

vertices not belonging toSk are on the surface ofMc
k� 1, and the vertices belonging toSk are

slightly outside ofMc
k� 1. We represent the output of this procedure withM0

k for k = 1; : : : ;K.
This ensures that the garment at levelk will be more outside the garment at levelk� 1, thus
they will be penetration-free. We letM0

0 = Bc and apply the following algorithm.
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Figure 3: Visualization of penetration removal. We iteratively displace the penetrating
vertices and register the vertices of non-garment areas. Our algorithm ensures penetration-
free garment layers.

For eachk � 1, we iterate over all the vertices ofMc
k. For each vertexvk

j , we �rst compute
its displacement direction to the bodyM0

0. We de�ne bk
j as the nearest point tovk

j on the
human body surface, and the displacement direction is chosen to be the face normalnk

j at
the pointbk

j . Then we de�ne the linèk
j = bk

j + tnk
j , parametrized byt, and allow the point

vk
j to be only displaced along this line. The displacement amount is determined differently

according to whethervk
j belongs toSk or not.

If the vertex belongs to a non-garment area, i.e.,vk
j =2 Sk, we �nd the intersection between

`k
j and the surface ofM0

k� 1 and place the vertex at the intersection point. If the vertex belongs
to a garment area, we check whether it is inside the watertight meshM0

k� 1. If not inside,
we leave the vertex as is, to avoid damaging the loose deformations. But if it is inside,
it corresponds to an interpenetration case. In this case, we again detect the intersection
betweeǹ k

j and the surface ofM0
k� 1 but place the vertex slightly outside of this intersection

point. The amount is decided according to a small thickness parametere.
As a summary, Fig. 3 illustrates the updating process and Eq. (3) shows the mathematical

expression, wherevk0

j is the displaced vertex andt � corresponds to the intersection between
`k

j andM0
k� 1.

vk0

j =

(
bk

j + ( t � + e)nk
j ; if vk0

j 2 Sk and inside ofM0
k� 1

bk
j + t � nk

j ; otherwise
(3)

3.3 Garment Re�nement

We observe two signi�cant geometric artifacts on these garment meshes after penetration
removal (Fig. 2right). First, noisy 3D segmentation introduces fragmented mesh topol-
ogy near the boundaries of the garments. Second, vertex displacements disrupt the original
smooth garment surface geometry. To achieve both collision-free and high-quality 3D cloth-
ing reconstruction, we employ the representative power of implicit neural �elds for garment
re�nement. We representk-th garment layer using an implicit UDF representation:

fk : R3 ! R� 0; fk(x) = dk;k 2 f 1; :::;Nl g: (4)



VURAN, HO: REMU 7

Figure 4: Generalizablity to garment categories. Existing data-driven methods cannot
reconstruct garments of unseen categories in training, such as long coats and dresses. As
our method is training-free and template-free, we faithfully reconstructed these garments
without any adaptations.

The valuedk indicates the distance of a pointx to the garment surfaceSk. We parameterizefk
as a neural network and �t it to the garment by sampling 3D points near the garment surface.
The UDF �tting objective is formulated as:

L ud f =
1

jNl j

Nl

å
k= 1

Exk� Sk

h
k fk(xk) � dkk

2
2

i
: (5)

After �tting, the output garment meshesGk can be obtained by Marching Cubes. These
garments are smoother and complete in the boundary regions as shown in Fig. 2right.

4 Experiments

4.1 Experimental Setup

Dataset. We use the 4D-DRESS [59] dataset to evaluate our method. This dataset contains
multi-view images and 3D scans of 32 subjects wearing different layers of clothing, including
lower garments (pants, skirts), inner garments (t-shirts, dresses), and outer garments (jackets,
coats). We randomly chose 12 subjects to build an evaluation benchmark of multi-layer
clothing reconstruction. For each subject, we extract the lower, inner, and outer garment
meshes using the ground-truth semantic labels. Since the 3D meshes might be captured in
slightly different poses, we deform the lower and inner clothing to the pose of the outer
clothing. Finally, we render front-view 2D images as the inputs to the baseline methods.
Note that for all the methods, we provide ground-truth poses and labels to rule out errors
caused by pose estimation and focus on clothing reconstruction.

Evaluation Metrics. We follow the evaluation protocol in single-view mesh reconstruction
(e.g., ICON [63], SiTH [26]) using Chamfer distance(CD) and normal consistency (NC) to
evaluate geometry reconstruction quality. Since inter-penetration is crucial for 3D garments
in simulation, we introduce a new metric dubbed Intersection Ratio (IR) to measure inter-
penetration. More speci�cally, we render frontal and back images of garment meshes via
rasterization and compute the total observed areas of the garmentA. Next, we stack all the
inner garments together (including the body mesh) and compute again the areas of the outer
garmentÂ on the rendered images. The Intersection Ratio is calculated as(A� Â)=A, which
indicates the percentage of inter-penetration being observed.


