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Abstract
We present a neural parametric 3D breast shape model and, based on this model, introduce a low-cost and accessible 3D
surface reconstruction pipeline capable of recovering accurate breast geometry from a monocular RGB video. In contrast
to widely used, commercially available yet expensive 3D breast scanning solutions and existing low-cost alternatives, our
method requires neither specialized hardware nor proprietary software and can be used with any device that is able to
record RGB videos. The key building blocks of our pipeline are a state-of-the-art, off-the-shelf Structure-from-Motion
pipeline, paired with a parametric breast model for robust surface reconstruction. Our model, similarly to the recently
proposed implicit Regensburg Breast Shape Model (iRBSM), leverages implicit neural representations to model breast
shapes. However, unlike the iRBSM, which employs a single global neural Signed Distance Function (SDF), our
approach—inspired by recent state-of-the-art face models—decomposes the implicit breast domain into multiple smaller
regions, each represented by a local neural SDF anchored at anatomical landmark positions. When incorporated into
our surface reconstruction pipeline, the proposed model, dubbed liRBSM (short for localized iRBSM), significantly
outperforms the iRBSM in terms of reconstruction quality, yielding more detailed surface reconstruction than its global
counterpart. Overall, we find that the introduced pipeline is able to recover high-quality and metrically correct 3D breast
geometry within an error margin of less than 2 mm. Our method is fast (requires less than six minutes), fully transparent
and open-source, and together with the model publicly available at https://rbsm.re-mic.de/local-implicit.
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1. Introduction

D espite recent advances and emerging applications,
research evolving around 3D parametric models for
the female breast remains rare. Since the seminal

work of Seo et al. (2007), who developed the first classical
mesh-based statistical breast shape model, the field has seen
relatively little progress—especially when compared to the
face domain (Egger et al., 2020)—likely due to the sensitiv-
ity of the data and the resulting lack of publicly available 3D
breast scan datasets. Nevertheless, over the years, 3D para-
metric breast models have found use in a range of medical

applications, including automatic breast volume estimation
from surface scans (Seo et al., 2007; Göpper et al., 2020),
plastic surgery simulation (Kim et al., 2008), model-based
breast segmentation in Magnetic Resonance Imaging (MRI)
volumes (Gallego and Martel, 2011), and surface reconstruc-
tion from 2D photographs (Ruiz et al., 2018) or point clouds
obtained using depth cameras (Mazier et al., 2021). Po-
tential future use cases beyond the clinical domain include
virtual try-on and custom bra design. A common limitation
shared by all of these approaches is the absence of publicly
available code and trained models, which prevents broader
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Figure 1: Contributions. We propose a 3D parametric breast model along with a model-based surface reconstruction
pipeline that is able to accurately reconstruct 3D breast surfaces from a single monocular RGB video. Our model, trained
on over 160 breast scans, builds upon alocalizedneural implicit representation and represents breast geometry as an
ensemble of local MLPs instead of a single global network, signi�cantly improving the level of detail.

adoption and hinders future research. As a consequence
and as of today, none of the above-mentioned methods
is e�ectively accessible to clinicians or other researchers,
and only two publicly available 3D breast models exist: the
Regensburg Breast Shape Model (RBSM; Weiherer et al.
(2023)) and the recently proposed state-of-the-artimplicit
RBSM (iRBSM; Weiherer et al. (2025)). While the RBSM
is a traditional mesh-based statistical shape model built by
applying Principal Component Analysis (PCA) to a set of
110 non-rigidly registered 3D breast scans, the iRBSM takes
a fundamentally di�erent approach by leveraging implicit
neural representations to learn a realistic and expressive
parametric breast model from over 160 subjects. Instead
of using triangular meshes as surface representation, the
iRBSM represents breast shapes as the zero-level set of
a neural Signed Distance Function (SDF), modeled with
a simple coordinate-based Multi-Layer Perceptron (MLP).
Once trained, triangular meshes can be extracted from the
implicit volume using marching cubes algorithm (Lorensen
and Cline, 1987). A major advantage of implicit represen-
tations over PCA-based models is that they eliminate the
need for training data to be in correspondence, entirely
removing the reliance on computationally demanding and
error-prone non-rigid surface registration|a task that is
particularly di�cult in feature-less and partially occluded
breast shapes as discussed in (Weiherer et al., 2025).

In this work, we build upon the neural implicit represen-
tation of the iRBSM and propose a novel open-access 3D
parametric breast model. Our model is inspired by recent
state-of-the-art face models (Zheng et al., 2022; Giebenhain
et al., 2023; Potamias et al., 2025) and employs a decom-
position of the implicit breast domain into multiple smaller
regions, each of which is modeled using alocal neural SDF
anchored at anatomical landmark positions instead of a
single global network. Compared to the iRBSM, our model
provides a signi�cantly higher level of detail, enabling the
recovery of �ne anatomical structures such as skin folds
and nipples. Due to its local nature, we refer to our model

as liRBSM (short forlocalizediRBSM).
Largely independent from these developments|with the

exception of (Ruiz et al., 2018; Mazier et al., 2021)|3D
breast scanning (or imaging) has become standard practice
in plastic surgery over the past two decades, often used
to digitally assess breast volume (Kovacs et al., 2007; Lee
et al., 2016; Seoud et al., 2017; Gouveia et al., 2021) or
symmetry (Eder et al., 2012; Br�ebant et al., 2022; Noisser
et al., 2022; Bai et al., 2023), perform anthropometric
measurements (Hartmann et al., 2021; Leusink et al., 2021;
Wang et al., 2025b), or simulate surgical outcomes (Kim
et al., 2008; Georgii et al., 2014). To create surface scans
of the breast, most researchers and clinicians rely on com-
mercially available 3D scanning solutions, typically requiring
special hardware and proprietary software, such as Artec's
handheld Eva1 or Can�eld's portable Vectra H22 or static
Vectra XT3 system. Although established, well validated
for numerous breast-related applications, and known to
produce highly accurate 3D breast scans, due to their high
purchase price (currently� 10,000 Euros for Artec Eva;
around 20,000 Dollars for Vectra H2), these systems are
typically only available to large hospitals or clinical facilities.
As a result, a recent line of research started to investigate
various cost-e�ective alternatives based onconsumer-grade
hardware, most notably the iPhone (Pinto et al., 2022;
Han et al., 2023; Rudy et al., 2024; Behrens et al., 2024;
Dijkman et al., 2024; Kyriazidis et al., 2025; Chrobot et al.,
2025), in combination with freely available software such
as the 3D Scanner App4. While these methods o�er more
accessibility than Artec's or Can�eld's systems, they are
still limited to certain devices and rely on closed-source
software, restricting transparency and full control over the

1. https://www.artec3d.com/portable-3d-scanners/
artec-eva

2. https://www.canfieldsci.com/imaging-systems/
vectra-h2-body

3. https://www.canfieldsci.com/imaging-systems/
vectra-xt-3d-imaging-system

4. https://www.3dscannerapp.com
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surface reconstruction process which ultimately raises pri-
vacy concerns and imposes laborious work
ows (Chrobot
et al., 2025).

To tackle these shortcomings and based on the proposed
parametric breast model, we introduce a new low-cost, ac-
cessible, and accurate 3D breast surface reconstruction
method that only requires a monocular RGB video as in-
put. Our method produces accurate metrical 3D recon-
structions, is fast (takes less than six minutes to run on a
standard computer with a consumer-grade graphics card),
well-documented, and fully open-source. Moreover, it can
be used in combination with any capturing device that
is able to record RGB videos. From a technical perspec-
tive, our pipeline combines a recent state-of-the-art and
o�-the-shelf Structure-from-Motion pipeline with robust
model-based surface reconstruction.

Our key contributions are outlined in Figure 1 and can
be summarized as follows:

ˆ We present a new 3D parametric breast model that builds
upon a localizedneural implicit representation, signi�-
cantly increasing the level of detail.

ˆ We propose a low-cost and accessible 3D surface re-
construction pipeline that is able to accurately recover
metrical breast surfaces from just a single monocular
RGB video, captured using commodity hardware.

ˆ To encourage further research and widespread adoption,
we publicly release our model and surface reconstruction
pipeline along with an easy-to-use graphical user inter-
face that runs on all common operating systems and
(optionally) without a graphics card. Both available at
https://rbsm.re-mic.de/local-implicit .

2. Related Work

We begin with a comprehensive overview of existing para-
metric 3D breast shape models, followed by a review of
related work on 3D breast surface reconstruction methods.
To contextualize our work within the broad landscape of
shape modeling and (model-based) surface reconstruction
from RGB images, we �nally brie
y summarize related liter-
ature on full-body models and reconstruction techniques.

2.1 Parametric 3D Breast Models

With the exception of (Gallego and Martel, 2011), all exist-
ing models have been trained on 3D breast scans acquired
in a standing position.

Seo et al. (2007) were the �rst to build a parametric
breast model from 28 scans to analyze breast volume and
surface measurements. They assumed symmetric breasts
by simply mirroring the right breast.

Study Representation Method Training Data Pose #Subjects Public?

Seo et al. (2007) Mesh-based PCA 3D breast scans Standing 28 7
Gallego and Martel (2011) Mesh-based PCA Segmented MRIs Prone 415 7
Ruiz et al. (2018) Mesh-based PCA 3D breast scans Standing 310 7
Mazier et al. (2021) Mesh-based PCA Blendshapes Standing 55 7
Weiherer et al. (2023) Mesh-based PCA 3D breast scans Standing 110 3
Weiherer et al. (2025) Implicit (Global) Deep 3D breast scans Standing 168 3

Ours Implicit (Local) Deep 3D breast scans Standing 168 3

Table 1: Overview of existing 3D parametric breast
models. Our model is the �rst to use alocalizedneural
implicit representation.

Gallego and Martel (2011) learned a PCA-based model
from 415 MRI-extracted 3D breast surfaces captured in
prone position. Their model is speci�cally tailored for auto-
matic, model-based breast segmentation in MRI volumes;
hence, it was constructed using data only from a single
breast rather than the full thoracic region.

Ruiz et al. (2018) built a 3D breast model from 310
scans and subsequently �t their model onto 3D breast scans
or a set of three unconstrained 2D photographs taken from
frontal and lateral views (� 90 degrees).

Mazier et al. (2021) proposed arigged 3D breast model
built from 55 artist-created blendshapes to transfer surgical
reference patterns drawn on the model's mean shape onto
any patient in any position by non-rigidly registering the
model to a patient's 3D breast scan. Due to the synthetic
nature of the data, their model is likely to generate rather
unnatural-looking breast shapes, and the overall accuracy
measured in terms of mean absolute error and landmark
error of the surface registrations is moderate.

Weiherer et al. (2023) published the �rst publicly avail-
able PCA-based model of the female breast, trained on 110
high-quality 3D breast scans. While representing a notable
advancement towards making 3D parametric breast models
accessible, their model exhibits correspondence errors as a
result of occluded underbusts in large or sagged breasts|
a common problem in classical PCA-basedbreast models
built from surface-only 3D breast scans (Seo et al., 2007).

To account for this, Weiherer et al. (2025) recently
introduced the iRBSM, the �rstimplicit 3D breast shape
model. Based on correspondence-free neural implicit rep-
resentations (representing breast shapes as the zero-level
set of implicit surfaces parametrized with an MLP) and
trained on 168 breast scans, their model is able to generate
diverse yet plausible breast shapes. However, when �tted
onto point clouds, the global nature of the iRBSM misses
�ne details such as skin folds and nipples.

Only the RBSM (Weiherer et al., 2023) and iRBSM
(Weiherer et al., 2025) are publicly available. A compact
summary of all models is given in Table 1.
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Study Input Data Capturing Device Software (SW) Compatible With Handheld? Public SW? Open-source SW?

Costa et al. (2014) RGB-D Microsoft Kinect Kinect SDK Any RGB-D camera� 7 3 7
Henseler et al. (2014) RGB-D Microsoft Kinect Kinect SDK + Custom Any RGB-D camera� 7 7 7
P•ohlmann et al. (2014) RGB-D Microsoft Kinect Kinect SDK Any RGB-D camera� 7 3 7
Wheat et al. (2014) RGB-D 2 Microsoft Kinects Kinect SDK + Custom Any RGB-D camera� 7 7 7
Lacher et al. (2015) RGB-D Microsoft Kinect Kinect SDK + Custom Any RGB-D camera� 7 7 7
Henseler et al. (2016) RGB-D Microsoft Kinect Kinect SDK + Custom Any RGB-D camera� 7 7 7
P•ohlmann et al. (2017) RGB-D Microsoft Kinect Kinect SDK Any RGB-D camera� 3 y 3 7
Koban et al. (2018) RGB-D 3D scanner (Sense) Supplied Nothing 3 3 7
Lacher et al. (2019) RGB-D Microsoft Kinect Kinect SDK + Custom Any RGB-D camera� 7 7 7
Oranges et al. (2019) RGB-D 3D scanner (Structure Sensor 3D)Supplied Nothing 3 3 7
Tong et al. (2020) RGB-D 2 mod. 3D scanners (HP Pro S3) Supplied Nothing 7 7 7
Luu et al. (2021) RGB-D 3D scanner (Custom) Custom Nothing 7 7 7
Pinto et al. (2022) RGB-D iPhone 11 (TrueDepth) Scandy Pro iPhone & iPad wn TrueDepth 7 3 7
Han et al. (2023) RGB-D iPhone 12 Pro (LiDAR) Custom iPhone & iPad wn LiDARz 3 7 7
Behrens et al. (2024) RGB-D iPhone 11 Pro Max (TrueDepth) 3D Scanner App iPhone & iPad wn TrueDepth 7 3 7
Dijkman et al. (2024) RGB-D iPhone XR (TrueDepth) Heges iPhone & iPad wn TrueDepth 3 3 7
Fu et al. (2024) RGB-D Intel RealSense 3D Slicer + Custom Any RGB-D camera� 3 7 7
Rudy et al. (2024) RGB-D iPhone X (TrueDepth) Scandy Pro iPhone & iPad wn TrueDepth 3 3 7
Kyriazidis et al. (2025) RGB-D iPhone 15 Pro (LiDAR) 3D Scanner App iPhone & iPad wn LiDAR 3 3 7

de Heras Ciechomski et al. (2012) Photo Not speci�ed Custom Any RGB camera 3 7 7
Henseler et al. (2013) Photo 8 DSLR cameras Dimensional Imaging 3D Nothing 7 7 7
Ruiz et al. (2018) Photo Not speci�ed Custom Any RGB camera 3 7 7
Chrobot et al. (2025) Photo iPhone 15 3D Scanner App Newer iPhone & iPad 3 3 7

Ours Video iPhone 12 Mini Custom Any RGB camera 3 3 3

Table 2: Overview of existing low-cost 3D breast surface reconstruction methods. The list comprises all works
that propose or use a�ordable alternatives to commercial 3D scanning systems from companies such as Artec and
Can�eld, all of which rely oncommodity and non-medicalhardware. Among these, our proposed method stands out as
the only pipeline that is (i) compatible with the widest range of devices|that is, any device capable of recording a
standard RGB video, (ii) handheld and publicly available without requiring the purchase of specialized hardware, and (iii)
based entirely on open-source software. We highlight in green the most accessible pipelines, which we de�ne as pipelines
that are handheld (hence do not require extra equipment such as tripods) and rely only on publicly available software.
� Compatibility might require signi�cant adaptation or exchange of the Kinect SDK;yMultiple setups are proposed, and
only some of them are handheld;zCompatibility unclear due to self-developed software (software was developed under
iOS, hence compatibility is assumed for iPhone and iPad).

2.2 Breast Surface Reconstruction

Next, we revisit 3D breast surface reconstruction pipelines,
limiting our scope to low-cost approaches that utilize com-
modity hardware (i.e., methods proposing alternatives to
commercial systems from Artec or Can�eld). A comprehen-
sive overview of these works is provided in Table 2.

RGB-D. The vast majority of the existing pipelines (19
out of 23) use RGB and depth data (referred to asRGB-D),
acquired using RGB-D cameras such as Microsoft Kinect
(Costa et al., 2014; Henseler et al., 2014; P•ohlmann et al.,
2014; Wheat et al., 2014; Lacher et al., 2015; Henseler
et al., 2016; Lacher et al., 2019) or Intel RealSense (Fu
et al., 2024). In this context, Lacher et al. (2017) pre-
sented a systematic comparison between Microsoft Kinect
v1 and v2 and established 3D scanning solutions (Artec Eva
and 3dMD5 stereophotogrammetry system) based solely on
open-source software. They found that both devices pro-
duce satisfactory 3D breast surface reconstructions within
an error margin of 3 mm compared to the ground truth.

Lacher et al. (2019) introduced anon-rigid, template-
free method for surface reconstruction from an RGB-D
stream captured with a Microsoft Kinect. While being able

5. https://www.3dmd.com

to recover clinical-quality 3D breast scans without motion
or breathing artifacts, long runtimes of 1{2 hours prohibit
their method from widespread use in daily clinical practice.

Recently, Fu et al. (2024) proposed a portable setup
involving the Intel RealSense D415 camera. Although their
method reportedly produces 3D breast scans with an average
landmark error of less than 1.5 mm, they employ custom
software not publicly available.

Besides RGB-D cameras, researchers explored 3D breast
surface reconstruction pipelines based on a�ordable (non-
medical) structured light scanners, either commercially avail-
able and handheld (Koban et al., 2018; Oranges et al., 2019)
or custom-built and static (Tong et al., 2020; Luu et al.,
2021). All of these methods rely on proprietary software
and require purchasing special hardware.

A third recent line of work investigated the use of the
iPhone's LiDAR sensor (Han et al., 2023; Kyriazidis et al.,
2025) and TrueDepth camera (Pinto et al., 2022; Rudy
et al., 2024; Behrens et al., 2024; Dijkman et al., 2024)
for 3D breast surface reconstruction. Both studies that
utilize the iPhone's LiDAR sensor report very similar �nd-
ings, evaluating surface reconstruction quality based on
anthropometric distances measured between anatomical
landmarks. Most measurements show reasonable agree-
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ment with ground truth values obtained via measuring tape,
with the notable exception of the nipple-to-inframammary
fold distance. This discrepancy is due to the low spatial
resolution of the iPhone's LiDAR sensor, which captures
only coarse surface geometry and completely fails to repre-
sent high-frequency details|an issue clearly visible in the
poor reconstructions shown in Kyriazidis et al. (2025). On
the other hand, the iPhone's TrueDepth camera appears
capable of reconstructing high-�delity surfaces. Rudy et al.
(2024) report an average surface-to-surface distance of ap-
proximately 1.5 mm between 3D breast reconstructions
obtained with the TrueDepth camera and ground truth Vec-
tra H2 scans. These results con�rm earlier �ndings by Pinto
et al. (2022); however, Dijkman et al. (2024) and Behrens
et al. (2024) report only su�cient reconstruction quality
when assessed in the context of breast volume estimation.

In summary, among all low-cost depth-based pipelines,
only the Microsoft Kinect, when paired with custom soft-
ware (Lacher et al., 2019), and the iPhone's TrueDepth
camera demonstrate the ability to reconstruct high-�delity
3D breast surfaces, positioning them as a real alternative
to commercial 3D scanning solutions. Nevertheless, both
approaches require special hardware and depend on either
non-publicly available or proprietary software.

Photo. Only a few methods have been proposed for re-
constructing 3D breast surfaces from multi-view images.
de Heras Ciechomski et al. (2012) presented a web-based
application for 3D breast surface reconstruction using three
2D photographs taken from frontal and lateral views, along
with user-provided anthropometric measurements. They
reported a mean surface-to-surface reconstruction error
ranging between 2 and 4 mm. The method requires the
user to select landmarks onall three images (22 in total)
and is not publicly available.

Henseler et al. (2013) designed a static setup using
eight DSLR cameras and employed photogrammetry to
reconstruct the 3D surface of the breast. Their setup
is fairly large, complex, and impractical for everyday use,
requiring signi�cant e�ort and space to assemble.

Based on a custom-built 3D parametric breast model,
Ruiz et al. (2018) proposed a 3D surface reconstruction
technique that operates on three 2D photographs captured
from frontal and lateral perspectives (� 90 degrees). The
method �ts the parametric model to a sparse 3D point
cloud reconstructed via triangulation of an automatically
detected set of corresponding 2D landmarks across the
three images. Prior to model �tting, estimated camera
parameters required for triangulation and the back-projected
3D landmarks are jointly re�ned using bundle adjustment.
From a technical perspective, their pipeline is very similar
to our method, except for the fact that we obtain the sparse
point cloud by applying Structure-from-Motion (SfM) to a

Figure 2: Body model vs. breast-speci�c model . We
�t the female version of the popular SMPL model (Loper
et al., 2015) to one of our 3D breast scans, demonstrating
that existing full-body models, despite including the chest
region, can not accurately represent nude breast shapes.

set of multi-view images extracted from a video sequence
instead of three images (note that they essentially also
use SfM, but with a custom keypoint detector). On the
downside, they only evaluate their method based on the
re-projection error of the 3D landmarks, leaving the actual
quality of the reconstructed geometry unclear. Furthermore,
unlike ours, their pipeline is not publicly available.

Recently, Chrobot et al. (2025) employed an iPhone 15
and the 3D Scanner App's photogrammetry mode to recon-
struct 3D breast surfaces from a series of 2D photographs,
automatically taken every 0.8 seconds as controlled by
the application. They report only moderate accuracy, as-
sessed using 14 anthropometric distances measured on the
smartphone-based 3D reconstructions and ground truth
Vectra H2 scans.

In contrast to the aforementioned methods, our pipeline
uses a simple monocular RGB video as input. We chose to
work with video sequences because they are easier and faster
to acquire than individual photographs, thereby minimizing
capture time and reducing motion and breathing artifacts.
Similar to Ruiz et al. (2018), we adopt a model-based 3D
surface reconstruction approach, which is particularly robust
in noisy settings, as expected due to the degraded image
quality of video frames. However, unlike their method,
we employ aneural implicit 3D breast model, enabling
more detailed and accurate surface reconstructions. Our
approach is publicly available, relies solely on open-source
software, and does not require specialized hardware|any
standard RGB camera can be used.

2.3 Human Body Models and Reconstruction

We �nally review related literature on human body mod-
els (that naturally include the breast region) and recent
methods for neural implicit surface reconstruction from a
sequence of multi-view RGB images.

Models. Probably the most well-known full-body model is
SMPL (Loper et al., 2015), a PCA-based parametric human
pose and shape model that uses Linear Blend Skinning to
allow for pose-dependent shape deformations and whose
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Figure 3: Overview of our model's architecture. Instead of using a single global MLP to represent breast shapes,
following Giebenhain et al. (2023), we partition the implicit domain into six smaller regions, centered around anchor
points f a1; a2; : : : ; a6g placed at anatomical landmark positions. Each region is represented by a shallow MLP� i ,
conditioned on a local latent codezi . To account for areas distant from any anchor, we introduce an additional MLP
� 0 that shares the same representation as the local MLPs. The �nal SDF� (x; z) at a query pointx is obtained by
blending the outputs of all MLPs using a Gaussian weighting scheme. An illustration of the spatial in
uence of each
local MLP is shown on the left, visualized on the resulting model's mean shape.

shape space is learned from the CAESAR (Robinette et al.,
2002) dataset. While the female version of SMPL does
include the chest region, as demonstrated in Figure 2, it is
not able to accurately reconstruct nude breast shapes as
it has been trained on 3D scans of women wearing a light
bra. Numerous follow-ups improved upon SMPL, sticking
to its mesh-based representation. Notably, GHUM (Xu
et al., 2020) replaces the PCA-based, linear shape space
with a non-linear shape space learned using a Variational
Auto Encoder. Introduced by Osman et al. (2020), STAR
constrains SMPL's deformations to be more realistic, SUPR
(Osman et al., 2022) uses a factorized representation based
on part models, and SKEL (Keller et al., 2023) re-rigs
SMPL with a biomechanics skeleton.

With the rise of neural implicit representations, Neural
Parametric Models (NPMs; Palafox et al. (2021)) propose
a full-body model with disentangled human shape and pose,
representing shape in canonical pose as the zero-level set of
a latent-conditioned neural SDF, which is deformed through
a learned deformation �eld to yield shapes in posed space.
NPMs di�er from other neural implicit approaches (Deng
et al., 2020; Mihajlovic et al., 2021; Alldieck et al., 2021;
Mihajlovic et al., 2022; Palafox et al., 2022; Mihajlovic et al.,
2025) in that they donot require any domain-speci�c an-
notations (such as a kinematic chain, skeleton, or part seg-
mentations) or knowledge, therefore can be easily adapted
to other parts of the human body. Existing neural implicit
body models are typically trained on human motion datasets
captured from clothed subjects; hence, these models can
not accurately represent breast shapes.

Neural Parametric Head Models (NPHMs; Giebenhain
et al. (2023)) built upon NPMs and proposed a part-based

head model, decomposing the implicit head domain into
multiple smaller regions each of which is represented by a
local neural SDF instead of a single global network. Facial
expressions are modeled as deformations of shape in canon-
ical space, analogously to pose in NPMs. Conceptually
similar to (Zheng et al., 2022), this strategy signi�cantly
increases the level of detail, reaching state-of-the-art results
in dynamic head reconstruction from monocular RGB videos
(Giebenhain et al., 2024).

In this work, we adopt NPHMs' architecture and use
it to model breast shapes. We note that, in this context,
the previously introduced iRBSM (Weiherer et al., 2025)
follows the architecture of NPMs without pose deformations,
whereas our proposed model, liRBSM, resembles NPHMs'
architecture but omits the facial expression network.

Reconstruction. Most of the state-of-the-art neural sur-
face reconstruction methods employ aprior-free approach,
combining implicit surface representations (such as occu-
pancy functions or SDFs) with di�erentiable volume render-
ing (Niemeyer et al., 2020; Yariv et al., 2021; Wang et al.,
2021; Oechsle et al., 2021; Yu et al., 2022; Li et al., 2023;
Wang et al., 2023; Cao and Taketomi, 2024). Per-scene
optimization methods typically su�er from long run-times
and, due to missing geometric priors, degenerate quickly if
only a sparse set of images is available.

In contrast,prior-basedapproaches work well in a few-
shot scenario. More recent methods combine di�erentiable
volume rendering with neural parametric models (Ramon
et al., 2021; Giebenhain et al., 2024) and optional dis-
placement �elds for improved geometrical detail (Grassal
et al., 2022; Caselles et al., 2025) and are primarily being
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