MoAngelo: Motion-Aware Neural Surface Reconstruction for Dynamic Scenes
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Figure 1. We present MoAngelo, a dynamic multi-view reconstruction method, that can produce more detailed geometry than competitors
and avoids smoothing out details. Our method is based on a static template reconstruction using NeuralAngelo [14], however, in contrast
previous approaches, our template is flexible and refined during the optimization of the deformation fields which leads to better accuracy.

Abstract

Dynamic scene reconstruction from multi-view videos re-
mains a fundamental challenge in computer vision. While
recent neural surface reconstruction methods have achieved
remarkable results in static 3D reconstruction, extending
these approaches with comparable quality for dynamic
scenes introduces significant computational and represen-
tational challenges. Existing dynamic methods focus on
novel-view synthesis, therefore, their extracted meshes tend
to be noisy. Even approaches aiming for geometric fidelity

often result in too smooth meshes due to the ill-posedness of
the problem. We present a novel framework for highly de-
tailed dynamic reconstruction that extends the static 3D re-
construction method NeuralAngelo to work in dynamic set-
tings. To that end, we start with a high-quality template
scene reconstruction from the initial frame using NeuralAn-
gelo, and then jointly optimize deformation fields that track
the template and refine it based on the temporal sequence.
This flexible template allows updating the geometry to in-
clude changes that cannot be modeled with the deforma-
tion field, for instance occluded parts or the changes in



the topology. We show superior reconstruction accuracy
in comparison to previous state-of-the-art methods on the
ActorsHQ dataset.

1. Introduction

Dynamic reconstruction, the task of recovering the dynamic
geometry of a scene captured from multi-view videos, re-
mains a challenging problem with many applications in vir-
tual and augmented reality, scene understanding and dy-
namic asset creation. Recent advances in reconstruction
and novel view synthesis have shown impressive results
for static scenes [13, 14] but moving objects increase the
complexity and computational demands of the setup sub-
stantially. The core difficulty in dynamic reconstruction
stems from the ill-posedness of the problem: recovering
time-varying 3D structures from sparse viewpoints requires
priors and regularization to disambiguate between changes
caused by motion and viewpoint variations. Early meth-
ods relied on pre-defined templates and structured motion
models. While these approaches work well on controlled
datasets, they are limited by their reliance on explicit sur-
face representations and hand-crafted motion priors, mak-
ing them struggle with complex deformations and topolog-
ical changes.

Neural Radiance Fields (NeRF) [2, 21, 22] have revo-
lutionized static 3D scene representation by demonstrating
that neural fields can capture view-dependent appearance
effects. Despite the impressive novel-view synthesis results,
the volume rendering approach neglects the representation
of geometry, which makes it difficult to extract 3D meshes.
As a solution to this, Neural SDFs [14, 30, 33] represent the
geometry as a neural signed distance function (SDF) instead
of a volume density, enabling the extraction of high-quality
surfaces by applying marching cubes [15]. However, these
methods are limited to static scenes and it remains challeng-
ing to extend them to dynamic scenes with the same quality
of results.

Due to the overall success of neural radiance fields, sev-
eral methods have extended them for dynamic settings by
adding a temporal dimension or a deformation field [12,
24, 26, 29]. However, the same difficulties with extract-
ing meshes from volume densities remain. Current trends
in dynamic scene representation rely heavily on deformable
3D Gaussian splatting (3DGS) [32, 35] which are more ef-
ficient to optimize but also target mainly novel-view syn-
thesis. Some methods represent the moving geometry as a
neural SDF [27] or track 3DGS together with a mesh [36].
In these cases, the extracted geometry lacks fine geomet-
ric details and the reconstruction quality is not compara-
ble with the quality of static 3D reconstruction methods.
The reasons range from the template being implicit only
which averages the geometry through the sequence making

it overly smooth [27], to limited mesh resolution for op-
timization reasons [36].In summary, dynamic scene repre-
sentation methods are achieving impressive novel-view syn-
thesis results but lack the capability to extract high fidelity
geometry.

In this work, we propose a novel framework for high-
fidelity dynamic neural surface reconstruction. Our idea
is based on taking NeuralAngelo [14], the current state-of-
the-art in static reconstruction based on neural SDFs with
highly detailed reconstructions, on the first frame, and then
extending it to iteratively optimize neural deformation fields
that track the movement of the template through time while
jointly refining its geometry. Our project page is avail-
able at: https://mohamed—-ebbed.github.io/
moangelo

Contributions.  Our main contributions are as follows:

* A novel framework for dynamic reconstruction that
jointly deform the reconstructed template of an initial
frame while tracking the movements of it and refining its
geometry at the same time.

* Highly detailed dynamic reconstructions from multi-view
videos that preserve surface details even in longer se-
quences with large movement.

* Our experimental results show that we outperform pre-
vious methods both qualitatively and quantitatively by a
large margin.

2. Related Work

We focus this section on directly related work using RGB
data but a more general survey including depth information
can be found in [37].

2.1. Static 3D Reconstruction

Classical multi-view reconstruction algorithms used to rely
on feature extraction and matching [8, 18] or photomet-
ric stereo by using lighting variations to recover surface
normal information [1, 11]. These methods typically pro-
duce explicit surface representations such as point clouds
or meshes, which provide a direct geometric interpretation
but struggle with fine details. Recently, 3D Gaussian splat-
ting [13] has been established as a powerful explicit repre-
sentation that combines the benefit of point-based methods
with differentiable rendering. Even though this representa-
tion was developed for novel view synthesis, countless ex-
tensions have been proposed to improve geometric fidelity
and the quality of surface extractions [7, 10, 35].

Neural Field-based Methods A completely different ap-
proach is taken by neural field-based methods which im-
plicitly define the scene properties like geometry or radi-
ance by functions encoded in a neural network. This di-
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rection became increasingly popular after the introduction
of Neural Radiance Fields (NeRF) [21] for novel view syn-
thesis, but implicit representations have been widely used
for reconstruction before due to the flexibility in optimiza-
tion [5, 20]. The quickly growing field addressed exist-
ing challenges with implicit representations through vari-
ous architectural and algorithmic improvements: Instant-
NGP [22] drastically accelerated training and inference
through multi-resolution hashgrids. In the direction of
pure geometry representation, NeuS [30] replace the NeRF
density-based formulation with a pure signed distance func-
tion (SDF) to enable straightforward surface extraction, and
[33] closed the gap between volume and surface rendering
by learning the relationship between a density and signed
distance function. The highest level of geometric detail has
been achieved by combining hashgrids with SDFs, which
was used in NeuS2 [31], MonoSDF [34], and NeuralAn-
gelo [14]. Our dynamic reconstruction is based on extend-
ing Neuralangelo to work for dynamic scenes by initially
reconstructing a high-quality template mesh, then jointly
track its movement using deformation fields and furtherly
tuning the geometry of the template mesh.

2.2. Dynamic 3D Reconstruction

Dynamic reconstruction adds an additional time dimension
to the problem, which increases the computational com-
plexity significantly. Early methods relied on pre-defined
templates and structured motion models. For example, non-
rigid structure-from-motion extended classical bundle ad-
justment to handle deformable objects by assuming low-
rank deformation [4]. Multi-view stereo techniques, on the
other hand, were able to incorporate temporal consistency
through optical flow and surface tracking [8, 23].

The success of neural fields in static reconstruction nat-
urally led to extensions in the dynamic setting. Nerfies [24]
and D-NeRF [26] decomposed the problem into optimizing
for a canonical NeRF that represents the canonical scene
properties, and a deformation field representing the non-
rigid deformations of the canonical scene. We follow a
similar idea, instead of implicitly optimizing for the canon-
ical scene, we explicitly define it as the initial frame of the
scene and initially reconstruct it and furtherly tune its ge-
ometry through time. We also iteratively optimize for a de-
formation field that tracks the movement of that template
mesh. SceNeRFlow [29] also defines the template scene
as the first frame and iteratively optimizes for a deforma-
tion field to track it, however their approach is mainly fo-
cused on novel-view synthesis because the geometry is rep-
resented as a volume density, therefore it is not straightfor-
ward to extract dynamic meshes from their representation.
On the other hand, our geometry is represented as a neural
SDF, making it easy to extract high-resolutional meshes us-
ing marching cubes. Additionally, the current trend is to use

dynamic 3D gaussians that deform through time [32], how-
ever these approaches suffer from the same problem that
they are only focused on novel-view synthesis, and suffer
from the same problems that face gaussian splatting meth-
ods [35] when extracting a 3D mesh from them, thus all the
current methods are limited only to novel-view synthesis.
We refer the reader to [28] for an in-depth survey of recent
non-rigid reconstruction methods.

Most related to our work, and thus used as competitors
in the experiments section, are the following works: Hu-
manRF [12] is able to produce high resolution 4D recon-
structions by generating a 4D volume density, but the vol-
ume density leads to noisy mesh extractions. The method
of Tensor4D [27] implicitly optimizes for a template scene
and a deformation field represented by 4D feature grid fol-
lowed by a shallow MLP. The feature grid is decomposed
into low-rank tensors using tensor decomposition methods
[6]. The template scene is implicitly optimized for, there-
fore the resulted template scene is very smooth, leading to
reconstructed meshes that lack the fine geometric details.
Not limited to neural fields, GauSTAR [36] combines dy-
namic 3D Gaussian splatting with a template reconstructed
from HumanRF and deformed based on the movement of
the Gaussians, however the resulted meshes are not high-
resolutional, so they doesn’t capture the fine geometric de-
tails.

3. Problem Setup and Notation

This section will introduce the problem setup, representa-
tions, and notation (Tab. 1) we used.

Symbol  Description

t time step variable, frame index

fsdt signed distance function of geometry,
also called template and canonical frame

frgb the radiance field of the template frame

Ty 3D coordinate of point ¢ in frame ¢
indices are dropped when irrelevant

Tiy x;,; deformed into canonical frame

Si, d; SDF value and geometric features of x;

IL. form deformation field for frame ¢

Table 1. Overview of most important notation.

3.1. Objective

Given a sequence of multi-view RGB images of a scene
captured from N¢ cameras, each consisting of Ny frames,
our objective is to reconstruct Ny high-quality triangular
meshes, where each mesh M, represents the detailed geom-
etry of the scene at time step i. Optionally, segmentation
masks may be provided for each frame to focus only on the
object of interest.



3.2. Geometry Representation

The scene geometry is represented as signed distance func-
tion (SDF) f.qr : R®* — R in a multi-resolution hash
grid [22] followed by a multi-layer perceptron (MLP) with a
single hidden layer of 64 neurons. The SDF returns the dis-
tance to the closest surface, with the sign indicating whether
the point lies inside or outside the surface. A triangular
mesh can be extracted from the SDF using the marching
cubes algorithm [16]. The hash grid comprises 16 resolu-
tion levels, ranging from 323 to 20243. Each level outputs
a 4-dimensional feature vector, which are concatenated to
form a total feature vector of dimension 64. This feature
vector is then concatenated with the input 3D position z,
and the resulting vector is passed to the MLP to predict
both the SDF value s at that point and an additional fea-
ture vector d. The surface normal at x is computed as the
gradient of the SDF with respect to the input position, i.e.,
n = V fsat(x). This gradient can be efficiently calculated
using PyTorch’s automatic differentiation [25]. At the be-
ginning, fyqr i initialized by running NeuralAngelo [14] on
the first frame, then the template is tracked and gradually re-
fined during our optimization.

3.3. Appearance Representation

The appearance of the scene is represented using a radiance
field figh(z,v,n,d), which maps the 3D position z, view-
ing direction v, surface normal n, and the SDF feature vec-
tor d to a color value c.

4. Methodology

We propose a novel framework for dynamic reconstruction
based on explicit modeling of the template reconstructed
from the canonical frame, and joint optimization of motion
and template for the rest of the sequence. Our method starts
with a static reconstruction of the first (or canonical) frame
using NeuralAngelo [14] (see Sec. 4.3). In contrast to previ-
ous work, we use this reconstruction as an explicit represen-
tation that is regularized and refined during the optimization
of the motion (see Sec. 4.1) morphing it into later frames,
see Sec. 4.2. This combination results in a high fidelity re-
construction of fine details.

4.1. Motion Representation

We represent the scene motion as a collection of deforma-
tion fields, each mapping points from the coordinates of the
current time step ¢ (observation frame) into the canonical
frame. The geometry at time ¢ can then be computed as

stdf(w) = fsdf(féeform(x))a (D

where € R?, fietorm @ R® — R3, and fogr : R? — R
is the signed distance representation of the template. Each
Jotorm consists of a multi-resolution hash grid with the
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Figure 2. Overview of the joint optimization of the template fs4r
and the deformation to each observation frame f3.,,.,. The move-
ment for frame ¢ is stored in a deformation field f&.,.,, and op-
timized based on the current state of the template fsqr. However,
the gradient information of this update is propagated to fsq¢ which
is refined in turn.

fsdf

same number of levels, feature dimensions, and resolutions
as the hash grid as fsq¢. The hash grid is followed by single-
layer MLP with 64 neurons. (see Sec. 3.2). Specifically, the
deformation fields predict an so(3) transformation from the
observation frame to canonical frame, then the transforma-
tion is converted to a rotation matrix R; and a translation
vector T; using exponential mapping [19]. We apply the
transformation to x; ¢ as follows:

RivT‘i = féeform(xi’t) (2)
Ty = Ryw; y + T 3)

In contrast to previous work [26, 27], we model and de-
form the template fsq¢ explicitly, and can optimize its ge-
ometry and appearance to high fidelity and without over-
smoothing. However, this also requires explicit tracking of
the template in all frames which we describe in the next
section.

4.2, Template Mesh Tracking

Each deformation field f% . needs to map the geome-
try of the corresponding frame ¢ exactly to the right posi-
tion of the template geometry fyq¢, which will be optimized



through volume rendering.

Volume Rendering.  For each frame ¢, we need to render
the 3D neural fields into 2D to compare them to the input
images. To that end, we shoot [V, rays at random pixels
and 80 many 3D points x; along these rays. The signed
distance value s; and feature vector d; for x; can be com-
puted in the canonical frame by taking s;,d; = fsar(Z;)
and the normal vector as n; = Vg fsar(2;) . R; is applied
to the normals to move them from canonical space back to
observation frame. Finally, the color ¢; at x; is computed as
¢i = frgn(&i,vs, di, n;) where v; is the viewing direction of
the ray.

To render the correct RGB value C,. for the pixel, we
need to integrate all points on the ray shooting through it.

N
Cr =3 Tai-ci @)

where «; is the opacity of z; and T; = H;:ll(l -« )

the transmittance which represents the probability a ray will
reach the sample without being occluded, the standard way
to compute the weighting [14, 30].

o) — max (‘bs(si)@:(is)(si-i-l)’ 0) ’

Where &, is the derivative of the sigmoid function,
known as the logistic density distribution.

4.2.1 Optimization

The deformation field f¢ ;. . for each frame ¢ is optimized
separately but initialized with f1;! . or identity for ¢ = 0.
The total loss function is

Ltotal = Lrender + )\maskﬁmask + Aeikﬁeika (5)

definitions of each term follow below. The loss function
is very similar to a static single frame reconstruction using
NeuralAngelo [14] (see Sec. 4.3), In each observation frame
t, we optimize for the current f7, form- Not all geometric
details were necessarily visible during initialization, due to
(self-)occlusions or topology changes, therefore we refine
the template scene to handle these changes by allowing the
gradient signal back to fyqr and f;.q,. The joint optimization
of the template and each deformation field enables a refine-
ment of the geometry and appearance which leads to much
more accurate and temporal consistent reconstructions than
a static template or implicit template frame can.

While reconstructing the template, we run the optimiza-
tion for 250k steps with AdamW optimizer [17] which take
2 hours, then for the following time steps we run it for 25k
steps for each time step ¢ which take 30 minutes for each

time step. The number of iterations is treated as a hyperpa-
rameter to balance quality and runtime. We also optimize
the hash grid of each deformation field in a coarse-to-fine
manner to prevent overfitting. Initially, we start the opti-
mization with 4 active levels, and every 1000 steps we acti-
vate an additional level until all 16 levels are active.

Rendering Loss. To optimize the template scene, we
sample a minibatch of N, pixels from a random image
with ground truth RGB value of C, and compute the L1
re-rendering loss between the rendered RGB colors of the
shooted rays to these pixels and their ground truth values as
follows:

(6)

N,
render - §
N j—

Masking Loss. Furthermore, to encourage the template
scene represent only the object of interest, we use 2D seg-
mentation masks to guide the optimization to the region
where the object of interest lies. Specifically, we sum the
weights along the ray and apply a binary cross-entropy loss
between this sum and the corresponding mask value. In
our experiments, we set \,,qs% as 0.1 when optimizing for
the template scene, and increase it to 1.0 when tracking the
template.

ZBC’E W,, M,) @)

r=1

L:mask

Where W, is the weights sum of samples on ray r and
M, is the mask value.

Eikonal Loss. Additionally, to encourage the SDF to con-
verge to a plausible SDF, we apply the eikonal regulariza-
tion [9] on the normal vectors by penalizing the deviation
of their L2-norm from one as follows:

N, Ng
elk

NG

|V:L’fsdf('rr7i) ||2 -

S r=1i=1

Aeik 18 set to be 0.1 while optimizing for the template
and while tracking it.

4.3. Template Reconstruction

The optimization in Sec. 4.2.1 requires an initialization for
the explicit template fsq¢ and appearance f.o5. We use
the state-of-the-art static reconstruction method Neural An-
gelo [14], which achieves state-of-the-art performance
among Neural SDF-based methods, on the multi-view im-
ages of the first frame to get this initialization. While the



reconstruction of NeuralAngelo is very accurate, it cannot
include information from later frames which might lead to
small inaccuracies in the template due to occlusions or am-
biguities, but also topological inconsistencies due to larger
movement in later frames. Our refinement during optimiza-
tion, see Sec. 4.2.1, allows us to increase the fidelity, remove
mistakes and adapt the topology of the template without re-
lying on a perfect reconstruction from NeuralAngelo. With
this, we can achieve a high-quality reconstruction for each
frame in only 25k steps, which amounts to 10% of the opti-
mization time for the template scene.

5. Evaluation

In the following section, we present the experimental eval-
uation of our proposed method against several baselines
on dynamic reconstruction based on a quantitative evalu-
ation (Sec. 5.2), qualitative results (Sec. 5.3), and an abla-
tion study (Sec. 5.4). Additional qualitative examples can
be found in the supplementary material. Experiments were
done on a single Nvidia A100 GPU with 80GBs memory.

5.1. Experimental Setup
5.1.1 Dataset

To evaluate our method and compare it with the other base-
lines, we use the ActorsHQ dataset [12]. It consists of
multi-view videos of moving humans captured from 160
high-resolutional cameras with a total of 39,765 frames.
We experiment on 6 scenes from the dataset with sequences
where the actor is moving ranging from 30 to 40 time steps
due to computational demands. We choose ActorsHQ be-
cause it the only multi-view video dataset that contains
ground-truth meshes for all frames which we use to quantify
and compare the reconstruction accuracy.

5.1.2 Baselines

To show that our method achieves the best geometric qual-
ity for dynamic scenes, we compare with different recent
dynamic approaches:

Tensor4D [27] represents the geometry of the dynamic
scene using a neural SDF defined by a 3D feature grid
followed by a shallow MLP. They implicitly optimize for
the template scene by having a deformation field aligning
the positions of the observation frame to the coordinates
of the template scene. The 3D and 4D hashgrids are de-
composed into low-level tensors using tensor decomposi-
tion methods [6].

HumanRF [12] uses a neural field representation that maps
the 4D input (z,y, z,t) to a volume density and an RGB
value. The neural field consists of a 4D grid followed by
a shallow MLP. The 4D grid is decomposed into lower
rank multi-resolution hash grids using tensor decomposi-

Scene Tensor4D [27] GauSTAR [36] HumanRF [12] Ours
Actorl 0.0150 0.00833 0.0091 0.0057
Actor5 0.0187 0.2200 0.1100 0.0037
Actor6_1 0.0160 0.0077 0.0087 0.0068
Actor6_2 0.1830 0.0078 0.0088 0.0058
Actor7 0.0110 0.0067 0.0046 0.0035
Actor8 0.3590 0.0068 0.0119 0.0059
Average 0.1005 0.04288 0.0255 0.0052

Table 2. Reconstruction Accuracy. We report L;-Chamfer dis-
tance (lower is better) for all methods. Our method provides the
most accurate reconstruction on all scenes.

tion. Since the geometry is encoded in a volume density,
the extracted 3D meshes are low quality because the exact
surface intersection is unknown.

GauSTAR [36] combines 3D Gaussians splats with a
3D mesh. The initial template mesh is initialized from
HumanRF[12], and while the 3D Gaussians are tracked
through time, the template mesh is deformed accordingly.

5.2. Quantitative Evaluation

To evaluate the quality of our reconstructions quantitatively
and to compare them with the baselines, we compute the
Chamfer distance [3] between the reconstructed meshes and
the ground truth meshes by sampling a point cloud of 1M
points from each surface and computing the L; Chamfer
distance between them. Results are reported in Tab. 2 and
we outperform all competitors on all scenes. To extract
meshes from HumanRF, we use the postprocessing pro-
posed in GauSTAR [36]. Specifically, we apply marching
cubes on the density field and use the provided 3D occu-
pancy grids computed from the segmentation masks in the
dataset to zero the non-occupied regions in the volume den-
sity grid. For this reason, it is not be possible to extract a
mesh from HumanRF if segmentation masks are not avail-
able. Our method does not suffer this limitation since the
zero level set of an SDF is always well defined.

5.3. Qualitative Evaluation

Fig. 3 presents a direct qualitative comparison which shows
that our method reconstructs much finer details than com-
petitors and even provides accurate results in complex
cases. A video of the reconstruction of all sequences in
comparison to the baselines on ActorsHQ can be found on
the project page. Additional qualitative figures can be found
in the supplementary.

5.4. Ablation Study

In this section, we evaluate the different design choices of
our framework, we run a quantitative comparison between
the different variants and our full version using the same
experimental settings mentioned before. We show in Tab. 3,
that our full version achieves the best average L;-Chamfer
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Figure 3. Qualitative results of competitors and MoAngelo (our method) from four different scenes in the ActorsHQ dataset. Our method
reconstructs the highest fidelity geometry without unnecessary noise and does not have major failure cases.



Figure 4. Visualization of renderings for novel-view synthesis. Top: Our renderings. Bottom: Ground truth, We demonstrate that our
approach is capable not only of producing highly accurate meshes but also of generating high-quality renderings for novel-view synthesis

w/o C2F deform

w/o deform init

w/o refinement

Ours (full)

Figure 5. Ablation study on the effect of different design choices.
Our full model achieves the best reconstruction quality.

Scene w/o refine. w/o deform init. w/o C2F deform  Ours (full)
Actorl 0.0973 0.0057 0.0074 0.0057
Actor5 0.0359 0.0042 0.0037 0.0037
Actor6_1 0.0088 0.0073 0.0070 0.0068
Actor6_2 0.0062 0.0068 0.0062 0.0058
Actor7 0.0043 0.0039 0.0035 0.0035
Actor8 0.0089 0.0071 0.0080 0.0059
Average 0.0269 0.0058 0.0059 0.0052

Table 3. Ablation Study. We report L;-Chamfer distance (lower
is better) for all the variants of our framework, our full version
achieves the best chamfer distance on most scenes and on average

distance on the scenes.

5.4.1 Refining the Template Scene

In our framework, gradients are propagated back to the tem-
plate scene, allowing it to adapt to topology changes and oc-
clusions that occur after the first frame. When this gradient
flow is disabled and only the deformation field is optimized,
the quality of the reconstruction is significantly degraded as
shown in Fig. 5. This degradation happens because the de-
formation field alone cannot capture topology changes or

occlusions, as it can only model non-rigid transformations
from the current frame to the template’s coordinate space.

5.4.2 [Initializing the Deformation Field

In our experiments, we show that it is necessary to initial-
ize the deformation field f%, form With the weights of the
previous deformation field ;e_flm,m, the experiments show
that initializing the deformation field every time step from
scratch makes it challenging for the deformation field to
represent the correct deformation, the higher ¢, the larger
is the transformation back to the template scene, leading to
a noisy reconstruction as demonstrated in Fig. 5.

5.4.3 Coarse-To-Fine Optimization of the Deformation
Field

In our setup, we optimize the deformation field in a coarse-
to-fine manner, we initially start with 4 active hashgrid lev-
els, and gradually activate a new level every 1000 steps.
Initiating the optimization with the complete 16 hashgrid
levels, lead to overfitting and the inability to accurately rep-
resent the deformation as shown in Fig. 5.

6. Conclusion

We presented MoAngelo, a multi-view dynamic recon-
struction method, based on deforming a template from
a static reconstruction method to later frames while
updating and refining the template during optimization.
This joint update of geometry and deformation prevents
oversmoothing, can update previously noisy or occluded
parts and is flexible enough to incorporate later topol-
ogy changes. In experiments, our method outperforms
the previous state-of-the-art in reconstruction accuracy
and provides significantly more visually pleasing results.
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