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Abstract

This work summarizes the ideas presented on the
seminar, considering previous and further models
up to the presentation of this paper. An overview
of the paper is presented, clarifying and organizing
it to ease comprehension. The main contributions
of the paper are described along with their results.
Finally a discussion of the advantages and flaws of
the model is presented, pointing out possible im-
provements.

1 Introduction

Throughout the seminar several techniques to re-
construct 3D geometry were presented. Fach one
of them presented their own paradigm and chal-
lenges. Techniques such as point processing based
on point clouds [1] [2], volumetric grids [3], mesh
estimation [4] [5] and signed distance functions [6]
[7] where contemplated.

Up to this point in the seminar, the models pre-
sented where only concerned with the reconstruc-
tion of geometry. This paper serves as a bridge to
a new consideration, the appearance of the object.
Which depends on the material properties and the
lighting conditions of the scene.

Considering the topics presented in the seminar,
it was observed that this paper had unique and in-
novative ideas from which other techniques could
benefit from. In the same manner, the model pre-
sented on this paper could benefit from other ideas
of most recent papers. Under that understanding,
the structure of the paper is as follows: first a com-
parison with previous or related techniques is pre-
sented in section 2, then an overview of the model
for this paper is described in section 3 clarifying
and ordering the main ideas, on section 4 quanti-
tative and qualitative results are discussed, on sec-
tion 5 possible improvements are considered w.r.t

other models and finally on section section 6 the
conclusions are presented.

2 Previous Work

Based on the discussions on the seminar, it was ob-
served that SDFs had certain advantages in com-
parison to previous techniques under certain con-
texts. A optimal use case, can consider the use
of images (given that they are simple to acquire)
to produce a detailed 3D reconstruction that has a
low memory footprint.

Considering the type of input data, models that
can be trained using images have an advantage over
point processing, given that input data is easier to
obtain. In this sense the model is not dependent
on a specialized acquisition method as it is the case
for point clouds which are acquired thought a spe-
cialized sensor.

In terms on memory usage, an SDF works by
calculating the distance from one point to the de-
sired geometry. On the other hand, voxel grids are
a direct mapping on a 3D grid space, this can be
optimized using an octrees. Even with this opti-
mization, the scability is still limited by the desired
output resolution which correlates to the amount of
memory used. This is not the case of SDFs which
don’t rely on mapping. Which allows it to have
a more compact representation, leading to memory
efficiency and open the possibility for more detailed
reconstructions.

Referring to the topology of an object, it was dis-
cussed that mesh estimation is limited on their type
of topology. That is, an initial shape (ellipsoid)
is deformed by adding or changing the position of
Given that the model is the one doing
this process, deforming the mesh such that edges
are broken or added is not an accountable opera-
tion. Given that there is no way that the model
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could remember or reorganize the relationship be-
tween vertices for such cases. This limits the model
to certain type of topologies (genus 0) e.g. shapes
without holes. By the other hand, SDFs work on a
continuous space, where the distance from a point
with a direction to the object is calculated. Which
allows it to work with more complex topologies.

When referring to SDF's, there are different ap-
proaches to train one. [6], [7] train their models
using a mesh and calculating the distance w.r.t one
vertex and [8] considers a volumetric grid. Both of
these methods depend on 3D supervision.

An alternative to this methods is differentiable
rendering, in which the geometry of the object can
be inferred based on images. This considers a ray
tracing model in which a pixel on an image is cor-
related to a point in an object, considering appear-
ance properties. In such a case, if the model is
capable of generating a similar image as in training
it can be said that the model learned the geome-
try implicitly. It was demonstrated by [9] that an
SDF can learn a geometry on an implicit way by
employing an Eikonal regularization. [10] uses this
technique to learn the geometry implicitly based on
silhouettes of images. [11] also used this, but con-
sidered an appearance model. On their differen-
tiable volumetric render, a SDF approximates the
geometry while the appearance is represented by a
texture map.

3 Methodology

The model is composed of two neural networks. An
implicit geometry network (IG) with the job of im-
plicitly learning the geometry of the object. By the
other hand, a Render Network (RN) in charge of
generating an image based on the output and other
parameters obtained from the previous model.

The input data that the model uses is composed
of multi-view images with their corresponding cam-
era positions and masks. The masks, in this case
only account for the object to be reconstructed.
The model will approximate the interaction of light
modeled by ray tracing. To this end, it will use the
sphere tracing algorithm [12] to calculate the inter-
section distance using an SDF f. Given a camera
central point ¢ a ray is casted with a direction v
thought certain distance ¢, until it hits the surface
of the object at T .

Considering the input data, each image and their
camera parameters will be used to generate rays.
These rays will start from the (given) camera cen-
ter and travel along a (sampled) direction passing

through a corresponding pixel and intersecting a
surface point. The intersected pixel of the image
will be later used to approximate the appearance
at the intersection point. Additionally if a pixel is
outside the mask of the image, their corresponding
ray will be considered as non intersecting.

3.1 Implicit geometry

This network consist of an SDF and an embedding
layer. The SDF is represented by a MLP and the
embedding layer by a positional encoding embed-
ding. In order to train the SDF f with training
parameters 6 to correctly approximate a geometry.
A common intersection point Z for rays on different
views must be correctly approximated on a gradient
descend manner. To that end, the authors propose
to use implicit differentiation on the zero level of an
SDF, f(z) = 0. Which implies differentiating w.r.t
v, ¢, 0 and solving the derivatives of ¢t. With that
considerations they propose,
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with 7 being the camera parameters and tg a sam-
pled distance according to the sphere tracing algo-
rithm. Given that this equation makes use of the
gradient w.r.t to x of the SDF and the actual value
of the SDF, it can be seen as a minimization prob-
lem. In which the parameters of f are updated such
that the second term converges to zero, in which
case the SDF needs to approximate the correct ge-
ometry. It’s worth remembering that this operation
will be done on multiple views, which imply that
parameters will be updated differently.

On a similar manner they represent the normal
at the intersection point as:

ﬁ(@, T) = sz(f(eﬂ'); 9)/|’f(1%(077—)7 9)H2 (2)

#(0,7) = ¢+ tov — fzo;0) (1)

3.2 Neural Renderer

On this paper it is assumed that the surface light
field radiance L of a material depends on the bidi-
rectional reflectance distribution function (BRDF)
and the illumination of the scene. This can be mod-
eled by the rendering equation [13]. Given that the
rendering equation is dependent on the direction of
a ray v, its intersection point & and it’s normal 7,
the authors propose to approximate the light field
using a MLP (M).

L(07'777-) = M(i'aﬁ>v§'7) (3)
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Figure 1: Training pipeline

with v being the trainable parameters that account
for appearance. Given that the input of the net-
work M is dependent of the output of f. The re-
sulting radiance represented as a color, should be
approximated to the color of the sampled pixel for
the corresponding intersecting ray.

Although M represent the approximation of a
continuous light field, it doesn’t account for global
illumination. To this end, the result of the embed-
ding layer z presented previously is used as input
to M. This allows the renderer to reason globally
about the geometry.

L(0,~,7) = M(Z,7n,v, 2;7) (4)

3.3 Training

In order for the model to approximate the light field
and the implicit geometry it takes into considera-
tion 3 losses. The first loss considers the L2 norm
difference between the sampled color pixel from im-
age I and the generated color from the renderer M,

1
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with p being the pixel being evaluated and P™ the
set of all pixels inside the mask.

To account for the pixels outside the mask, an
approximation of the differentiation of the binary
mask is used,

Sa(0,7) = sigmoid(—a Itn>iglf(c +tv;0) (6)

with « being a hyperparameter. This is then used

for the mask loss,

1
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with CE being cross entropy loss, which considers
the case where there is no mask (zero). Finally
as a regularization term that will help the MLP
approximate a SDF an Eikonal term is considered,

15 (0) = Eo ||V f(2:0)|| - 1)? (8)

Figure 1 shows an overview of the pipeline, show-
ing which type of data is passed on each stage. Data
to calculate the loss is also shown.

4 Experiments and Results

Four types of experiments were conducted: recon-
struction with known cameras, few cameras, un-
known cameras and disentangling geometry. All
present quantitative and qualitative results, except
for the later that only has qualitative results. Ad-
ditionally and ablation study is presented to show
the influence of different parameters. Throughout
the experiment the DTU MVS dataset [14] is used.
This include different scenes composed of multi-
view images of different objects, with their corre-
sponding camera annotations.

For the experiment with known cameras a model
is trained for each scene using all their images. The
Chamfer-L1 distance and the PSNR reconstruc-
tion metrics are used to compare the model with
other methods like: DVR[11], Colmap[15] and Furu
[16]. The quantitative results show that the model



had better reconstruction metrics compared to the
other models. This can also be observed on their
qualitative results in which it can be observed that
the model generates reconstructions with less arti-
facts and with fine details on the surface. Addition-
ally, upon observing the rendered reconstruction.
It can be seen diffuse, glossy and specular compo-
nents, which serves as an indicator that the neural
renderer was able to approximate the appearance
of the object in the scene.

On a similar manner, the model was trained
with few cameras and compared only with Colmap.
The reconstruction, again quantitatively was bet-
ter; while qualitatively better details, less artifacts
and realistic appearance are observed. For the ex-
periment with unknown cameras, the authors relied
on the SIFT [17] algorithm to find correspondences
between images and then through linear interpola-
tion generate a noisy approximation of the camera
parameters. Through this experiment the authors
wanted to demonstrate that the model was capable
of accounting noisy cameras and correcting them.
The results, are similar to the previously discussed.

On their ablation study they train the model
without considering certain parameters and opti-
mizations. In terms of reconstruction details, it is
observed that the viewing direction, the normal and
the feature vector have a great impact. Without
these parameters lighting and geometry can be con-
fused which leads to artifacts. Additionally if noisy
camera parameters are used without accounting for
their correction, very bad reconstruction are ob-
tained. This highlights the importance of using ac-
curate camera parameters or optimizing noisy data
correctly.

The model trains two neural networks, one that
accounts for geometry (IG) and another for appear-
ance (RN). Given that the normal for an intersec-
tion point is not computed by the network, rather
calculated on an intermediate stage. The authors
claim this condition allows for disentanglement of
geometry and appearance. Which means, train-
ing on different scenes with different appearances
and then just changing the RN between geometries,
should be possible. This claim is proven to be true,
by looking at the qualitative results of transferred
appearance. It can be observed that the material
properties adapt to the new geometry and also their
specular, diffuse and glossy properties.

5 Discussion and Improvements

During the presentation of this paper, important
observations were discussed. The most prominent
ones highlighted the dependence of the model on
camera parameters and masks. This dependence
limits the model to only work under lab settings in
which the acquisition of the input relies on special-
ized equipment and pre-processing.

For camera parameters, the authors recognized
this limitation, suggesting the use other methods
to calculate the camera coordinates based on multi
view images. In the paper, SIFT is used to find cor-
respondences between multi-view images. Consid-
ering this approach already achieves good results,
an improvement could be done by having a bet-
ter feature detector. This could be done using two
paradigms: model based models and neural net-
works. For the former, good alternatives to SIF'T
can be SURF [18] and KAZE [19]. These two meth-
ods have the advantage of having better matching
precision. Additionally, SURF is the fastest among
them.

Another alternative is the use of neural net-
works, using convolutional neural networks has
been demonstrated by [20] [21] to have better de-
scriptors than SIFT. A suggested improvement can
consist of either pre-training a model to calculate
camera parameters or to jointly train the model.
The later will entail, extending the Implicit Geom-
etry network by adding convolutional layers. This
idea may be plausible given that the authors al-
ready extended the SDF with a positional encod-
ing embedding. A further improvement can con-
sider directly the flow field between images instead
of the camera parameters. For that end, FlowNet
2.0 [22] could be used.

Regarding the use of masks, the authors mention
that for each scene they had to manually annotate
each of the masks, which is a problem if the model
want to be used outside a lab environment. It was
also pointed out during discussion, that the use of
mask give a strong clue to the model about the ge-
ometry. As it was shown by [11] an SDF is capable
of learning the geometry based on the silhouette
from different views. This can also be the case for
this model, only that the learning is done implicitly.

In order to eliminate the dependence of masks.
A suggested improvement can consist of either pre-
training a model to do the segmentation or to
jointly train the model considering a masking mod-
ule. This again will signify extending the Implicit
Geometry network, in this case to account for seg-



mentation. To this end Equation 7 could be re-
placed with a corresponding loss for such a model.
Although this idea still need to be proven, a good
candidate could be Masked-attention Mask Trans-
former [23] which has proven to be a robust and
efficient method for segmenting images.

Referring to the neural renderer, it was trained to
approximate the surface radiance field of different
objects. These objects were composed of materi-
als which presented a continuous BRDF. On this
regard two observations were made, the model is
not capable of disentangling lighting from material
properties and complex materials modeled with non
continuous functions are not accounted.

For the first case, in order to factor lighting and
material, two networks could be trained with their
corresponding losses. For the lighting network this
could be estimated using an architecture similar to
[24]. This model works with stereo vision, given
that the model uses multi view images it is possible
to implement it taking this consideration. As for
the estimation of the BRDF, in order to also tackle
the second observation it would be convenient to
use a Space Varying BRDF (SVBRDF) which is a
non continuous function and as such more complex
to estimate, allowing to render more realistic im-
ages. In order to approximate this function [25],
[26] and [27] have demonstrated it is possible using
either deep or convolutional neural network. Fi-
nally, the rendering network will be feed using the
output of both networks and considering the nor-
mal and intersection point. A good candidate for
this type of network will be the differentiable ren-
derer of [28] which approximates the light radiance
as a sum of diffuse and a specular lobes over 24
Spherical Gaussians.

Considering the above, it would be interesting
to observe a disentanglement between lighting and
SVBRDF and try it for different geometries. On
that topic, the disentanglement presented on this
paper have many potential use applications on
fields that involve design of products e.g. clothes
and furniture design. It can also be used on aug-
mented reality. If such improvements can be ap-
plied, the model has the potential to be flexible
and work on an outside environment.

6 Conclusions

Throughout the seminar many 3D reconstruction
methods were observed, each one with their own
advantages depending on the context. At the time
of presenting this paper, SDFs were the main topic

and as such a comparison with previous methods
was done. This paper served as a bridge between
only geometry reconstruction and reconstruction
considering appearance.

The method for reconstructing 3D geometries us-
ing an implicit geometry network and neural ren-
derer was presented. Making clarification that were
not explained in detail on the paper. Then an in-
terpretation of the quantitative and qualitative re-
sults was discussed. Finally the main points dis-
cussed during the presentation of the paper were
presented. And for such possible alternatives were
suggested.

This paper present very innovative ideas. High-
lighting: the use of two specialized networks, calcu-
lating the geometry through implicit differentiation
of the intersection point, accounting for global illu-
mination using a positional embedding as a feature
vector, calculating the normal independent of the
network as to allow disentanglement and transfer of
appearance. Considering the ideas of papers which
estimate the appearance using another paradigm.
New ideas emerged which could help the previously
mentioned.
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