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ABSTRACT

The field of 3D computer vision and graphics has seen a rapid expansion of late,
making the development of realistic virtual environments and digital representations
of real-world objects possible. Fundamental to this development are 3D reconstruction
techniques that enable the transition of physical objects’ form, color, and surface
particulars to the virtual domain. Current approaches mainly rely on neural scene
representations, which, despite being effective, face challenges such as the need for
a large quantity of captured images and the complexity associated with converting
these representations into explicit geometric forms.

An alternative strategy that has gained traction is the deployment of methods such
as physically-based differentiable rendering (PBDR) and inverse rendering. These ap-
proaches require fewer viewpoints, yield explicit format results, and ensure a smoother
transition to other representation methods. However, in order to effectively assess the
performance of the available methods in 3D reconstruction, it is imperative to utilize
standard benchmark scenes for comparison.

Although there are standard objects and scenes available in existing research, there
is a noticeable deficiency of real-world benchmark data that simultaneously captures
camera, lighting, and scene parameters — all of which are essential for high-quality
3D reconstructions using methods based on PBDR and inverse rendering. In this
study, we present a method for capturing real-world scenes as virtual environments,
incorporating lighting parameters along with camera and scene parameters to enhance
the veracity of virtual representations. In addition, we provide a set of ten real-
world scenes, each with its corresponding virtual counterparts, purposely designed
as benchmarks. These benchmarks cover a basic assortment of geometric structures,
such as convex, concave, flat, and composite surfaces. Furthermore, we showcase the
3D reconstruction results of cutting-edge 3D reconstruction techniques using PBDR

in real-world scenes, using both established methodologies and our proposed one.
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OZETCE

Son donemde 3B bilgisayar goriisii ve grafik alaninda hizli bir genigleme yasanmig
olup, gercek¢i sanal ortamlarin ve gercek diinya nesnelerinin dijital temsillerinin
geligtirilmesini miimkiin kilmistir. Bu gelismenin temelinde, fiziksel nesnelerin gekil,
renk ve ylizey oOzelliklerinin sanal ortama aktarilmasini miimkiin kilan 3B rekon-
stritksiyon teknikleri yer almaktadir. Mevcut yaklagimlarin ¢ogunlugu, genellikle
etkili olsalar da, bliyiik miktarda goriintiiye ihtiya¢c duymalar: ve iirettikleri 3D rekon-
striikksiyonun standart formatlara cevrilmesine iligkin zorluklarla kars: karsiyadir.
Son dénemde dikkat geken alternatif bir strateji, fiziksel temelli tiirevlenebilir ren-
derleme (FTTR) ve ters renderleme gibi yontemlerin kullanilmasidir. Bu yaklagimlar,
daha az bakig agis1 gerektirir ve standart formatlarda sonuclar verir. Bununla bir-
likte, 3B rekonstriiksiyondaki mevcut yontemlerin performansini etkili bir sekilde
degerlendirebilmek i¢in standart olciit sahneleri kullanmak son derece onemlidir.
Mevcut aragtirmalarda standart nesne ve sahneler olsa da, FTTR ve ters ren-
derleme tabanli yontemlerle yiiksek kaliteli 3B rekonstriiksiyonlar i¢in gereken kam-
era, aydinlatma ve sahne parametrelerini ayn1 anda yakalayan gercek diinya olgiit
verilerinin belirgin bir eksikligi bulunmaktadir. Bu calismada, gercek diinya sah-
nelerinin 151k parametrelerini de igeren sanal ortamlar olarak yakalanmasi i¢in bir
yontem sunmaktayiz. Ayrica, temel geometrik yapilarin, yani konveks, konkav, diiz
ve bilesik yiizeylerin yer aldig1 bir dizi gercek diinya sahnesi ve bunlarin karsilik gelen
sanal versiyonlarini igeren bir ol¢iit seti sunmaktayiz. Ayrica, FTTR kullanarak son
teknoloji 3B rekonstriiksiyon tekniklerinin gercek diinya sahnelerindeki sonuclarini,

mevcut yontemlerle birlikte onerdigimiz metodolojileri kullanarak sergilemekteyiz.
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CHAPTER 1

INTRODUCTION

Advancements in 3D computer vision and graphics have enabled the creation of im-
mersive virtual environments, digital replicas of real-world objects, and accurate sim-
ulations of physical phenomena. Methods for 3D reconstruction are of increasing
interest due to their ability to accurately transfer shape, color, and surface roughness
information from the real world to the virtual environment.

Various approaches exist to achieve this kind of conversion between the virtual
and real world. A widely employed technique is to optimize the parameters of a scene
representation directly to minimize the error of rendering a set of captured images.
In the literature, these methods mostly utilize neural radiance fields (NeRF) [9] to
represent the target scene. These methods are able to reconstruct the target scene
with high fidelity; however, there are several limitations due to their inherent de-
sign. Firstly, these approaches necessitate a continuous stream of densely captured
images, which may be unavailable for certain target scenes. Additionally, as a re-
sult of their use of neural implicit scene representation, converting the scene and its
constituent objects to explicit formats for compatibility with conventional geometry
representation methods poses a challenge.

Another widely used method for scene optimization is physically-based differen-
tiable rendering (PBDR). One of the key challenges faced by PBDR-based methods
is the handling of discontinuities that arise at the boundaries of occluding objects.
These disruptions, if not properly accounted for, can introduce significant biases in

the derivatives used in the optimization of scene geometry. However, with recent



enhancements in the computer graphics literature, through sophisticated reparame-
terization techniques, the issues associated with discontinuous integrals introduced
by the renderer have been minimized. As a result, the remaining calculation can be
handled using standard automatic differentiation techniques.

These methods are capable of reconstructing the target scene using a limited
number of viewpoints while offering a comparable level of fidelity with respect to
NeRF-based techniques. Moreover, since these methods often use a base shape and
material and iteratively optimize their shape and surface parameters to reconstruct
the target scene, the output type of these approaches is bounded by the selection of
explicit geometry representation method. Consequently, the resulting format of the
optimized scene is explicit, and it can be converted to any other desired representation
method with ease. However, examples of these methods [1, 2] are limited to virtual
scenes, as their usage in real-world scenes requires the construction of a real-world
scene and its subsequent digital replica.

The applications of PBDR-based 3D reconstruction methods yield significant ad-
vantages across a spectrum of domains where the number of views of the target object
is limited. These domains include, but are not limited to, the generation of digital
assets for computer graphics applications and scene understanding in robotics.

Our work primarily targets the application of cutting-edge 3D reconstruction tech-
niques to real-world scenes that are constrained by limited viewpoint availability. Cur-
rent methods, as referenced in [1, 2], are typically demonstrated using virtual scenes
due to a lack of datasets containing both camera and light source locations. Presently,
existing datasets provide images captured from various viewpoints in controlled en-
vironments. To our knowledge, no available dataset combines images from multiple
known viewpoints with light source location information within such an environment.

To remedy this, we've developed a real-world dataset that includes both cam-

era and light source positions in a controlled setting. Additionally, we identify and



address challenges emerging when transitioning from virtual to real-world scenes, of-
fering possible solutions. One key issue involves the loss function utilized by current
state-of-the-art methods, which tends to be effective exclusively within virtual scenes.
Consequently, we also aim to refine this loss function within our work’s scope, enabling
these advanced 3D reconstruction methods to better adapt to real-world situations

with restricted viewpoint availability.

In summary, our contributions include:

e Implementing cutting-edge 3D Reconstruction techniques [1, 2] designed for

virtual scenes in real-world scenarios, addressing any emerging challenges.

e Introducing a method to capture real-world scenes as virtual ones, incorporating

light source and camera data to better mirror reality virtually.

e Offering a selection of real-world scenes alongside their virtual equivalents, de-

signed to serve as benchmarks.

e Proposing a new method that attempts to improve the loss computation of
existing state-of-the-art methods by incorporating a structural component into
the image-based loss function, with the goal of addressing issues specific to

real-world scenes.

e Presenting the 3D reconstruction outcomes from applying cutting-edge methods
to real-world scenes, using both existing techniques and our proposed method.
Furthermore, we demonstrate the impact of including light information in the

scene optimization process.



CHAPTER 11

BACKGROUND INFORMATION

In the upcoming section, we offer a brief overview of the key principles underpinning
3D shape and scene representation, rendering algorithms, differentiable learning, in-

verse rendering, differentiable rendering, novel view synthesis, and 3D reconstruction.

Scene Parameters

Rendering Output

Figure 1: Representation of an Example Synthetic 3D Scene: The first image il-
lustrates the scene parameters, namely meshes, textures, lights, and cameras. The
second image, on the other hand, shows the rendering output generated using the

scene parameters displayed in the first image.



2.1 Representing 3D Shapes and Scenes

In the realm of computer graphics, scenes and inherent shapes of the scenes are
characterized by the geometry, texture, and material parameters of the objects it
encompasses. Geometry representation is achieved by modeling an object’s or scene’s
shape using a suitable representation technique, while texture representation relies
on the employed rendering technique.

Various methods are employed in computer graphics and computer vision to rep-
resent, compute, and process surfaces. In the literature, the most commonly used
explicit surface representation methods are triangular meshes, point clouds and vol-
umetric representations. As an alternative to these explicit representation methods,
there are also implicit representation methods. Most representative of these implicit
methods are signed distance function representation and neural scene representation.

An illustration of representing 3D Shapes and Scenes is shown in Figure 1.

2.1.1 Triangular Mesh Representation
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Figure 2: Triangular Mesh Representation of the Stanford Bunny [3]: The red circle
highlights a magnified portion of the marked region. The entire mesh is composed of
a set of vertices, edges, and faces that define the shape of the object. A single face is
marked in red within the magnified area.



In a triangular mesh, a 3D model is represented as a collection of interconnected
triangles. Each triangle is defined by its vertices. The vertices are 3D points in space,
usually represented by their (x, y, z) coordinates. The collection of all vertices is
called the ”vertex set”. The triangles are then defined by groups of three vertices,
and the collection of all triangles is called as "face set”. The manner in which the
triangles are connected to each other defines the surface of the 3D model. Figure 2
visualises an example surface represented using mesh representation.

An additional piece of information that is often stored with each vertex is its
"normal” a vector that is perpendicular to the surface of the model at the vertex
location. Normals are used for lighting calculations, as they can determine how light

interacts with the surface, producing effects such as shading and specular highlights.

2.1.2 Point Cloud Representation

Figure 3: Point Cloud Representation of the Stanford Bunny [3]: The red circle
highlights a magnified portion of the marked region. The structure is composed of
a set of points that define the shape of the object. A single point is marked in red
within the magnified area.

Each point in the point cloud represents an actual point in the object or the

scene, and the overall collection of points gives the 3D digital representation of the



scene. However, unlike the triangular meshes, point clouds do not inherently have
connectivity information between the points — they are a ’cloud’ of points without
explicit information about which points are next to each other to form a surface.

Figure 3 visualises an example surface represented using point cloud representation.

2.1.3 Volumetric Representation

Figure 4: Volumetric Representation of the Stanford Bunny [3]: The red circle high-
lights a magnified portion of the marked region. The structure is composed of a set
of voxels that define the shape of the object. A single voxel is marked in red within
the magnified area.

While triangular meshes and point clouds focus on representing the surface of
objects, volumetric representations consider the entire volume of the object. They
divide the object’s volume into discrete volumetric elements (often called ”voxels”
in analogy with pixels in a 2D image), much like a 3D grid. Each voxel in the
grid is assigned a value representing a property of the object at that location in
the grid. This property could be, for example, the material density, or a binary
value indicating whether the voxel is inside or outside the object. More complex
volumetric representations might include additional properties such as color or texture

information. Figure 4 visualises an example surface represented using volumetric



representation.

2.1.4 Signed Distance Function Representation

Figure 5: A circle represented using SDF. The value of the signed distance function
is 0 when the point is on the circle, positive when the point is outside the circle, and
negative when the point is inside the circle. The magnitude of the positive or negative
value indicates the distance to the boundary of the circle.

Signed distance functions (SDFs) are mathematical representations used to de-
scribe geometrical shapes. In comparison to volumetric or triangular mesh repre-
sentations of shapes, SDF's offer virtually infinite resolution, and are amenable to
geometric manipulation. As shown in Equation 1, SDF's denote the orthogonal dis-
tance of a given point x to a surface €2 in an n-dimensional space, with the sign
determined by whether or not x is in the interior of ). The function has negative val-
ues at points where z is inside €). It decreases in value as x approaches the boundary

of Q where the signed distance function is zero, and it takes positive values outside



of . In Equation 1, d(z, ) denotes the Euclidean distance function from the point
x to the surface 2. A visualization of the SDF representation of a circle can be seen

in Figure 5.
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2.1.5 Neural Scene Representation

Observed
Image

Figure 6: Neural Representation of the Stanford Bunny [3]: The area inside the
dashed-lined box is represented by a fully connected neural network. When queried
with the corresponding camera parameters, as illustrated in blue, the neural network
outputs the observed image from that viewpoint. Figure taken from [4].

Representing a scene or an object with a neural representation is to encode the
geometry, appearance, and semantic understanding of it within the parameters of a

neural network. The most significant benefit of using neural networks is that they



can capture complex structures and patterns that may be challenging to model with
traditional 3D representation techniques.

Learning the representation of the target scene is accomplished by training a
neural network to predict the properties of a scene given a viewing direction and
a location in space. Thus, unlike the other methods, neural scene representation
methods require a training process for each individual scene or object to capture the
geometry, appearance, and semantics of them.

Recently, with the advent of neural scene representation methods [9, 10, 11, 12, 13],
Neural Radiance Fields (NeRF) have emerged. A Neural Radiance Field is a fully-
connected neural network that acts as a continuous volumetric scene function. It
takes as input a 3D coordinate and a viewing direction, and outputs the volume den-
sity and emitted radiance at that location. These methods characterize the scene as
a continuous 5D function and can represent the underlying scene with high preci-
sion. However, their representation remains implicit. Consequently, the feasibility of
manipulating and retrieving objects within the scene in an explicit form using this
approach is highly limited. Figure 6 visualises an example scene represented using

neural scene representation.

2.2 Rendering Pipeline

Rendering is a multi-stage process that transforms 3D geometric models into 2D
images or animations that represent a virtual environment from a specific viewpoint.
This process emulates how the human eye perceives the real world, simulating the
behavior of light and its interaction with objects. The quality and realism of rendered
images largely depend on how well this process mimics real-world physical phenomena.

Figure 7 illustrates the steps of the rendering pipeline.
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Figure 7: Steps of a Typical Rendering Pipeline: The illustration depicts the sequence
of processes involved in a standard rendering pipeline.

2.3 Rendering Algorithms

Rendering algorithms are methods that generate a digital image from a 3D model or
scene description by simulating the physical behavior of light and its interaction with
objects in the virtual environment. The main techniques of rendering can be listed

as rasterization [14], ray-casting [15] and ray-tracing [16].

2.3.1 Rasterization

i
/

Target Scene/Object Image Plane

Figure 8: Visualization of the Rasterization Operation: As depicted, each point in
the scene is directly projected onto the image plane.

11



Rasterization, also referred to as scanline rendering, is a techniques in real-time
graphics. This method transforms vector graphics, represented in a geometric data
structure, into a raster image in the form of pixels.

The main advantage of rasterization is its efficiency and speed, facilitated by
dedicated hardware like the Graphics Processing Unit (GPU). However, it lacks in
producing physically accurate lighting effects, as it does not consider the paths of
light rays in its process which is a crucial aspect of mimicking real-world physical
phenomena. Thus, the fidelity of rendered images using this method is not on-par
with methods which use light models for the rendering process. Figure 8 illustrates

the rasterization process.

2.3.2 Ray-Casting

4

¥
a

X

Target Scene/Object Image Plane

Figure 9: Visualization of the Ray-Casting Operation: Starting from the image plane,
rays are projected from each pixel on the plane until they intersect with an object in
the scene. The color of each pixel on the image plane is computed using the color of
the surface that the corresponding ray, projected from that pixel, intersects with.
Ray-casting is a rendering method that, unlike rasterization, considers the path

of light to create an image. Ray-casting involves sending rays from a virtual camera

into a scene and computing the color of the pixel based on the first object the ray

12



intersects. Although ray-casting provides more realistic visuals than rasterization, it
is less efficient, making it less suitable for real-time rendering. Figure 9 illustrates the

ray-casting process.

2.3.3 Ray-Tracing

Light Source

Target Scene/Object Image Plane

Figure 10: Visualization of the Ray-Tracing Operation: Starting from the image
plane, rays are projected from each pixel on the plane towards the scene. Upon
hitting a triangle, they reflect off it and proceed in a different direction. The number
of reflections permitted corresponds to the depth of the ray tracing. The color of
each pixel on the image plane is computed using the combined results from these
reflections.

Ray-tracing is a more sophisticated and computationally intense technique com-
pared to ray-casting. In ray-tracing, rays of light are traced back from the camera
into the scene, allowing for the simulation of complex light paths and effects such as
reflection, refraction, and shadows. This results in more photorealistic images, albeit
at a higher computational cost. Although being computationally expensive for real-
time rendering, advances in dedicated hardware and algorithms over the past years
have brought real-time ray-tracing within reach. Figure 10 illustrates the ray-tracing

process.
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2.4 Physically-based rendering

Physically-based rendering involves the computation of pixel intensity through an
integration over the space of light paths P [17]. In Equation 2, x represents a light
path that includes pertinent information about the scene, such as shape parameters
and texture values. The image contribution function, denoted by f is utilized to

evaluate the level of contribution of a given light path to a particular pixel.

1) = [ e w)ds )
2.5 Differentiable Learning

Differentiable learning, is a subset of artificial intelligence that enables a system to
improve its performance on tasks over time by leveraging statistical methods to learn
from data. It is built upon the premise that algorithms can be trained to make
predictions or decisions without being explicitly programmed to do so. One core
characteristic of differentiable learning is the concept of ”differentiability,” or the
ability to find the derivative of a function, which is fundamental to most machine
learning algorithms’ optimization techniques. This plays a significant role in functions
where the derivative provides a measure of how much a function changes in response

to a small change in its inputs.
2.5.1 Loss Functions

In the context of differentiable learning, a loss function is used to quantify the align-
ment between a machine learning model’s predictions and the actual values. It mea-
sures the model’s performance by expressing the difference between predicted and
ground truth values quantitatively. The objective of differentiable learning is to op-
timize the model’s weights based on the loss function. The choice of a loss function

depends on the specific problem, data characteristics, and machine learning algorithm
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employed. Commonly used loss functions include L1 and L2 losses, which are distance
metrics penalizing deviations between model predictions and ground truth data at
the pixel level.

The L1 loss, also known as Mean Absolute Error (MAE), computes the average
absolute differences of data points. It can be defined formally as shown in Equation

3:

1
Ll([ref> Iren) = N Z |Iref = [ren’ (3)

Here, N represents the number of data points, I,.; denotes the ground truth
value, and I,., represents the model prediction. The absolute value operator is used
to account for negative differences, ensuring that cases where the prediction is greater
than the ground truth value do not distort the average.

On the other hand, the L2 loss, also known as Mean Squared Error (MSE), ad-
dresses negative differences differently. Like MAE, it computes the average deviations,

but instead squares the differences. The formula for MSE is shown in Equation 4:

1

L2(Treg, Iren) = 5 2 Tres = Tren)” (4)

Again, N represents the number of data points, I,.; represents the ground truth
value, and I,., denotes the model prediction. By squaring the differences and av-
eraging them, the L2 loss not only handles negative differences but also becomes
differentiable. However, the squaring operation introduces a quadratic relationship,
where larger differences result in significantly higher errors. Consequently, the L2 loss
heavily penalizes larger errors, potentially distorting the metric if there are outliers
in the dataset. Conversely, small errors at the decimal scale tend to be neglected.

Beside form these fairly simple yet effective loss functions, there are many more
alternatives used in the literature. Peak Signal-to-Noise Ratio (PSNR) is a traditional

method for image quality assessment based on the error sensitivity of human vision.
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It is most commonly used to measure the quality of the reconstructed image. The

PSNR is defined as in Equation 5:

MAX?
PSNR =10 - logy, < 1)

ISE (5)
While PSNR is simple and easy to compute, it’s often criticized for not aligning
well with the human perception of image quality, especially for cases where structural
information is of primary importance.
To overcome the limitations of the PSNR and better mimic the human visual
system, the Structural Similarity Index Measure (SSIM) was introduced. It considers
changes in structural information, luminance, and contrast of the images, which are

all important components of perceived image quality. The SSIM is defined as in

Equation 6:

(2#[,&[{ + Cl)<2UIK + 02)

SSIM(I, K) =
R = e T oo+ 0% + G

(6)

In addition to these more complex loss functions, Silhouette loss, is a commonly
used metric in 3D vision and graphics, particularly in the context of differentiable
rendering. In these settings, it serves as a measure of quality for the rendering of
3D models, comparing the rendered silhouette of the model against a ground truth

silhouette. The silhouette loss for a single sample is defined as in Equation 7:

M N
SilhouetteLoss = Z Z | Srendered (4, 7) — Strutn (7, J)| (7)

i=1 j=1
2.5.2 Optimization Algorithms

An optimization algorithm in differentiable learning seeks to find the best possible
parameters for a model that will minimize the loss function. Gradient descent is one of

the most popular optimization algorithms used in differentiable learning. It iteratively

adjusts the parameters of the model to find the minimum of the loss function. The
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algorithm leverages the gradient of the loss function with respect to the parameters
to update the parameters. If the gradient is positive, the parameters are adjusted in
the negative direction to decrease the loss function, and vice versa if the gradient is

negative.
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Figure 11: Visualization of a Multi-Layer Perceptron (MLP): The figure illustrates a
typical MLP architecture with an input layer, multiple hidden layers, and an output
layer. Data flows from left to right, starting from the input layer and moving through
the hidden layers via weighted connections, before reaching the final output layer.
Each node in the hidden layers applies a non-linear activation function to transform
its inputs. Figure taken form [5].

2.5.3 Neural Networks

Neural networks form the backbone of differentiable learning. They are inspired
by the biological neural networks in the human brain and consist of interconnected
layers of nodes, or "neurons,” that transmit and process data. Each connection
between neurons is associated with a weight, and these weights are what the network
learns during the training process. Neural networks can be simple, with only one

or two layers (as in a perceptron), or they can be complex, with many layers (as in
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deep learning). They can model complex, non-linear relationships and are especially
powerful when dealing with high-dimensional data, such as images or text. Training a
neural network involves using an optimization algorithm, such as gradient descent, to

minimize a loss function and adjust the network’s weights to improve its predictions.

2.6 Inverse Rendering

Scene Description Rendered Image

Forward Rendering
—————
———

Inverse Rendering

Figure 12: The scene description is illustrated on the left-hand side. On the right-
hand side, the output of the forward rendering process is displayed. The inverse of
this operation, known as inverse rendering, aims to generate the scene description
from a given rendered image.

The inverse rendering is the reverse process of the rendering that derives unknown
surface reflectance, lighting, and scene geometry from images of a 3D scene. Inverse
rendering is a fundamental problem in computer graphics and computer vision and
covers almost all research topics that derive the physical properties of a 3D scene from
its images. Specifically, an image of a 3D scene can be determined by the geometry
and layout of 3D objects in the scene, reflectance properties of the objects, as well as

the lighting conditions of the scene [18].
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2.7 Differentiable Rendering

Rendered Image  Reference Image
—.——— J— — —

Scene paramelers : Differentiable Rendering
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Figure 13: Visualization of a Differentiable Rendering Loop: The figure presents
the continuous loop of the differentiable rendering process. Starting with a set of
parameters, the scene is rendered, and the result is compared with a target image.
The difference is then used to adjust the initial parameters through back-propagation,
closing the loop and initiating a new rendering process. This iterative process con-
tinues until the rendered image closely matches the target.

Differentiable rendering (DR) is a method that aims to seamlessly integrate the
rendering process into end-to-end optimization loops by obtaining gradients of the
rendering process. DR enables the optimization of 3D objects by utilizing 2D projec-
tions. Optimization of 3D scene parameters can be achieved through backpropagation
of gradients with respect to the rendering output. To incorporate the rendering layer
into the predicted scene parameters, the loss is computed by an image-based loss
function which compares the rendered and input images in various ways. A widely

used optimization loop is shown at Figure 13.

2.8 Discontinuities in Differentiable Rendering

The objective of differentiable rendering techniques is to compute the partial deriva-
tives of rendered image pixels with respect to the scene parameters. However, this is
a challenging task since changes in visibility are inherently non-differentiable. There

are several reparameterization methods which mitigate the non-differentiability of
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the partial derivatives of rendered image pixels. To achieve this, Vicini et al. [1]
proposed a modification of sphere tracing that dynamically constructs reparameter-
izations to enable accurate differentiable SDF rendering. Additionally, Bangaru et
al. [2] proposed a family of area integrals that is useful for handling discontinuities
in differentiable rendering through convolution. Finally, to avoid discontinuities in
differentiable rendering, Loubet et al. [19] proposed a method that applies carefully
chosen changes of variables to remove the dependence of discontinuities on scene

parameters.

2.9 Novel View Synthesis

Target View
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Figure 14: Visualization of the Novel View Synthesis Task: The figure illustrates
the process of generating a target view from a given target pose, using the provided
source views and source poses. Initially, several source views and their corresponding
poses exist. Given a new target pose, the process synthesizes a novel view, referred
to as the target view, representing the scene as it would appear from the perspective
of the target pose. Figure taken from [6].

Novel view synthesis is a task within computer vision and graphics which aims to
generate unseen perspectives from existing visual data. The procedure requires single
or multiple images of a target object and their associated camera poses as input,
denoting the precise position, orientation, and parameters of the camera at the time
of image capture. The primary objective of this task is to generate a rendering of the
target object as viewed from an unobserved viewpoint, employing an understanding
of object geometry, texture, and the interaction of these elements with environmental

variables such as light and shadow. Figure 14 illustrates the inputs and outputs of
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the novel view synthesis task.

2.10 3D Scene Reconstruction

RGB Images 3D Scene Reconstruction

Figure 15: Visualization of the 3D Scene Reconstruction Task: The figure demon-
strates the process of reconstructing a 3D scene from multiple input images. On the
left, several input images are displayed, which serve as the basis for the reconstruc-
tion. On the right, the resulting image showcases the successfully reconstructed 3D
scene, providing a comprehensive view of the spatial arrangement and depth of the
scene’s elements.

3D scene reconstruction is a fundamental task within the field of computer vision
and graphics. It aims to generate high-fidelity 3D scenes form 2D images, essentially
deriving depth information from flat images to reconstruct the original scene in three
dimensions. Within the computer vision literature, this task is often likened to the
reversal of a traditional 2D image creation process, where 3D scenes are projected
onto a 2D plane. Whereas in computer graphics, the task is also related to the inverse

rendering problem. Figure 14 illustrates the 3D scene reconstruction task.
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The essence of the problem lies in the complexity of inferring 3D spatial informa-
tion from 2D images. Unlike 2D imaging, where a scene is directly captured onto a
flat surface, 3D scene reconstruction aims to also estimate the depth and geometric
characteristics of objects in the scene from 2D views, which presents considerable
technical challenge. The fidelity of the 3D reconstruction can vary based on several
factors, including the quality and quantity of the 2D input images, the accuracy of

the depth estimation and the accuracy of the provided camera positions.

2.11 Ambiguities in Interpreting 3D Shapes from a 2D Per-
spective

Figure 16: Interpreting 3D Shapes from a 2D Perspective: This figure illustrates
the inherent ambiguity in interpreting 3D geometries from a 2D projection. Given a
single 2D perspective, an infinite array of 3D geometries could potentially align with
the observed projection. Figure sourced from [7].

Observing a 3D space from a 2D perspective without the aid of additional priors
presents a significant interpretive challenge due to the infinite array of 3D geometries
that can align with the given projection. This difficulty magnifies the complexity of

3D vision and graphics tasks, as it introduces numerous ambiguities. To counteract
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this, we can incorporate additional priors that help resolving these ambiguities. One
such method involves the use of advanced depth cameras capable of capturing not
only the 2D projection of the scene, but also depth information. Additionally, refining
the illumination settings of the scene can further assist in resolving the majority of
ambiguities present within the 3D space. A visual representation of this phenomenon

can be seen in Figure 16.
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CHAPTER II1

LITERATURE REVIEW

In the following section, we present a concise survey of the methods used for scene
representation, differentiable rendering, 3D reconstruction and currently available

datasets.

3.1 Representing 3D Geometry and Scene with NeRF's

With recent advancements in computer vision and graphics, alternative methods of
representing scenes have emerged. The concept of representing scenes via a fully-
connected deep network was first introduced by Mildenhall et al. [9]. Since then,
several enhancements have been implemented. Martin et al. [10] presents an extension
of NeRF that relaxes its strict consistency assumptions to resolve the severe ghosting,
oversmoothing, and other artifacts that occur in the real-world cases where the input
images are captured in different illumination settings and have occlusions caused by
moving objects.

Although the original neural radiance field methods can accurately capture view-
dependent effects such as reflection, refraction, and translucency, they require dense
view sampling of the scene, which is not always feasible in real-world scenarios. Suhail
et al. [20] proposed a four-dimensional representation of the light field to more ef-
fectively represent the effects of reflection, refraction, and translucency with sparser
sampling of the scene.

Recent improvements in generative methods, when combined with state-of-the-
art NeRF representations, can construct scenes from as few as a single image. Melas
et al. [21] introduced an integration of a conventional image generator and NeRF,

enabling the model to ”dream up” novel views of an object, thus effectively increasing
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the scene’s sampling rate. Despite their capacity to render realistic scenes, these
generative-based approaches rely on prior data, and the estimations made within the

scene are not guaranteed to reflect reality.

3.2 Representing 3D Geometry and Scene with SDF's

Surfaces represented by meshes can be rendered efficiently; however, their fixed topol-
ogy limits their ability to represent arbitrary surfaces. Alternatively, volumetric rep-
resentation is another commonly used method. Volumetric representation is capable
of representing surfaces with arbitrary topology; however, compared to rendering tri-
angular meshes, it is more challenging to efficiently apply surface rendering to surfaces
represented with volumetric representation.

Another alternative to explicit surface representation methods is the utilization
of implicit representation methods. Occupancy functions are commonly used in the
literature to implicitly represent shapes and surfaces. Recently, Lamb et al. [22]
proposed the utilization of occupancy functions to learn restorations for fractured
shapes.

Similar to occupancy functions, signed distance functions (SDFs) are also em-
ployed for the implicit representation of surfaces. There has been a renewed interest
in SDF's as a promising alternative to triangular meshes and volumetric representa-
tions for representing the geometry of shapes. Jiang et al. [23] and Liu et al. [24]
have proposed the use of SDFs for scene reconstruction through differentiable ren-
dering. More recently, Vicini et al. [1] presented a novel reparameterization method
that enables efficient utilization of SDF-based surface reconstruction via differentiable

rendering without the need for complex priors such as depth information.

3.3 Scene Optimization via Differentiable Rendering

There have been multiple methods proposed to achieve differentiable rendering. Loper

et al. [25] introduced DIB-R, a differentiable rendering framework that allows for the

25



computation of analytical gradients for every pixel, overcoming the non-differentiability
of traditional rendering pipelines.

Kato et al. [26] addressed the challenge of integrating polygon mesh rendering
into neural networks for 3D modeling of 2D images. The authors proposed an ap-
proximate gradient for rasterization, enhancing 3D mesh reconstruction and enabling
novel applications like 2D-to-3D style transfer. Their method enabled the potential
of incorporating a mesh renderer into neural networks.

Liu et al. [27] proposed a novel differentiable rendering framework that converts
the non-differentiable rasterization step in traditional graphics renderers into a differ-
entiable form. By treating rendering as an aggregation function, it directly renders
colorized mesh and back-propagates supervision signals to mesh vertices from various
image representations, including silhouette, shading and color images. Notably, it
also conveys gradients to occluded and distant vertices. This approach enhances 3D
reconstruction and image-based shape fitting tasks.

Laine et al. [28] proposed a high-performance, modular differentiable renderer
design that leverages existing graphics pipelines. The proposed design is applicable
within automatic differentiation frameworks and efficiently solves inverse rendering
problems while maintaining high geometric accuracy.

Additionally, a differentiable version of ray-tracing-based rendering has been re-
cently proposed by Li et al. [29]. The proposed solution introduces a novel differen-
tiable ray tracer, capable of computing derivatives of scalar functions over a rendered
image with respect to various scene parameters. Utilizing a unique edge sampling al-
gorithm and efficient importance sampling methods based on spatial hierarchies, the
method can handle non-differentiable visibility terms, generating gradients efficiently

despite scene complexity and desired precision.
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3.4 3D Reconstruction

3D Reconstruction, within the realms of computer vision and graphics, is the process
of generating a 3D depiction or model of an object or setting from 2D images or al-
ternate data streams such as video. The objective of 3D reconstruction is to capture
a digital replica of a particular object or setting. Traditional approaches, such as
COLMAP [30], rely on reconstructing the 3D structure from a sequence of images
captured from various perspectives, often derived from a video source. Notably, these
conventional methods can achieve satisfactory reconstruction results. However, in
recent times, with the advancement of neural network techniques, Neural 3D recon-
struction approaches have emerged as state-of-the-art solutions, delivering superior
performance while maintaining manageable computational costs.

Zhang et al. [31] introduced Neural Reflectance Surfaces (NeRS), a novel approach
for representing real-world scenes, outperforming traditional volumetric models like
Neural Radiance Fields (NeRF). NeRS, tested on multi-view images from online mar-
ketplaces, provides water-tight reconstructions of surfaces and effectively learns their
reflectance properties, demonstrating potential for creating scalable, high-quality li-
braries of real-world shapes and materials.

Recently, Li et al. [32] presented a physically-based network for reconstructing
the 3D shape of transparent objects using a limited number of natural images. The
approach introduces novel methods for modeling complex light transport, refining
transparent shapes, and reconstructing 3D point clouds.

More Recently, Sun et al. [33] proposed a novel method for surface reconstruc-
tion from internet photo collections under varying illumination, using a hybrid voxel
and surface guided sampling technique. The authors also present a novel bench-
mark for evaluation, demonstrating the performance of existing classical and neural

reconstruction methods.
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3.4.1 Multi-View 3D Reconstruction

Wang et al. [34] introduced a unified feature extraction and view fusion in a single
transformer network that enables the exploration of view-to-view relationships us-
ing self-attention among multiple unordered inputs to better capture the underlying
scene.

Recently, Hu et al. [35] proposed a NeRF-based method that leverages depth in-
formation to regularize both multi-view and single-view 3D consistency among pixels.
Tong et al. [36] present a novel method for recovering the 3D geometry of objects
within transparent enclosures by modeling the scene as two distinct sub-spaces and
developing a hybrid rendering strategy.

Additionally, Xiao et al. [37] proposed a neural incremental structure-from-motion
approach. This method estimates the camera poses and scene geometry from a set of
uncalibrated images by learning coordinate multi-layer perceptrons for the implicit
surfaces and the radiance fields from established keypoint correspondences. Not only
does this approach enable camera pose estimation and scene geometry reconstruction
without known camera extrinsics, but it also presents a promising way for neural

implicit rendering without requiring prior knowledge of camera extrinsics.
3.4.2 Single-View 3D Reconstruction

3D reconstruction from a single-RGB image in unconstrained real-world scenarios
presents numerous challenges due to the inherent diversity and complexity of objects
and environments. Thus this problem is still an ill-posed problem today without prior
knowledge.

Deng et al. [38] have proposed a method that leverages off-the-shelf vision-
language models and introduces a dual-component language guidance as conditioning
inputs to the diffusion model. This approach proves particularly beneficial for enhanc-

ing multi-view content coherence, as it refines the general image prior conditioned on
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the semantic and visual features of the single-view input image. Additionally, they
introduce a geometric loss based on estimated depth maps to regulate the underlying
3D geometry of the utilized NeRF.

Furthermore, Shen et al. [39] proposed a comprehensive framework that integrates
visual-language models with object segmentation to transition objects from 2D to 3D,
leading to a robust system for single-view reconstruction tasks. The proposed frame-
work initially employs language-image pretraining to estimate the textual description
of the image. Subsequently, a segment-anything model identifies the object’s region
of interest. The segmented object and its description are then utilized to execute the

3D reconstruction task.
3.4.3 Differentiable Rendering Based 3D Reconstruction

Recent advancements in differentiable rendering techniques has led to the develop-
ment of differentiable rendering based methods for 3D reconstruction of objects and
scenes.

Bangaru et al. [2] introduced an efficient, unbiased differentiable rendering al-
gorithm, circumventing the need for explicit boundary sampling. They converted
the boundary integral into an area integral using the divergence theorem, which is
then suitable for Monte Carlo rendering. Their method integrates seamlessly into
traditional path tracers without requiring specialized data structures for boundary
sampling.

Recently, Vicini et al. [1] proposed an enhanced sphere tracing algorithm for
differentiable rendering of SDFs, enabling precise computation of shape parameter
derivatives. The technique efficiently addresses challenges of shape inversion and
outperforms previous methods by reconstructing synthetic objects using per-pixel
RGB loss, eliminating the need for complex regularization or priors.

Similar to the methods based on NeRF's, these techniques also work on a per-scene
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basis. This means they need continuous adjustment or re-optimization of the under-
lying neural network or scene representation structure. Unlike generative methods,
these techniques do not create non-existent features, as they do not estimate but de-
rive the scene parameters from the input images and are more explainable compared

to neural network-based methods.

3.5 3D Reconstruction Using SDF's

Combining gradient descent, differentiable rendering, and SDF's, it has been shown
that scene reconstruction is achievable trough optimization of scene parameters.

Dong et al. [40] proposed a novel 3D spatial representation, the Probabilistic
Signed Distance Function (PSDF), for data fusion and scene reconstruction. The
PSDF utilizes a hybrid data structure combining voxel and mesh and allows for the
real-time extraction of high-quality surfaces.

Park et al. [41] proposed a learned continuous Signed SDF for high-quality 3D
shape representation and completion. It outperforms traditional methods by rep-
resenting an entire class of shapes and significantly reducing model size, achieving
state-of-the-art performance even with partial or noisy data.

Zhang et al. [42] presented a novel neural surface reconstruction framework that
employs stereo matching and feature consistency to optimize implicit surface repre-
sentation. Using a signed distance field for scene geometry and a surface light field for
appearance, the method shows improved geometry estimation and complex topology
reconstruction.

Recently, Vicini et al. [1] used SDFs to represent the geometry and texture of the
objects to achieve scene parameter optimization via gradient descent using per-pixel
RGB loss.

The use of SDFs for representing scenes offers significant advantages, particularly
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in terms of accommodating topological variations that may arise during scene opti-
mization. Additionally, another feature that enhances the utility of this method is

its compatibility with surface rendering techniques.

3.6 Datasets

Table 1: Overview of available datasets.

Dataset Name Scene | Scene | Includes Camera | Includes Light Is Synchronised Controlled
Count | Type Location Location Environment

DTU MVS [43] 80 Real Yes No No Yes

BlendedMVS [44] | 113 | Virtual Yes No Yes Yes

CO3D [g] 19000 | Real Yes No No No

Ours 10 Real Yes Yes Yes Yes

In the literature, various datasets can be found that are useful for the task of 3D
reconstruction [8, 44, 43]. Jensen et al. [43] presents a dataset known as the DTU
multi-view stereopsis (MVS) dataset, which was created using a carefully designed
controlled environment featuring a stereo camera mounted on a 6 degrees of freedom
(DoF) robotic arm. This setup facilitates the collection of stereo images of the target
objects, along with corresponding camera location information.

Another dataset that has recently been made available is BlendedMV'S [44]. This
dataset is generated using a pipeline that utilizes 3D reconstruction of a densely
captured real-world scene, followed by the generation of rendered counterparts of the
input images using the reconstructed scene. Finally, the rendered and input images
are blended to enhance the global illumination of the final images.

The Common Objects in 3D dataset [8] is another recently released dataset that
contains real multi-view images of target objects, as well as camera location and 3D
point cloud data.

Table 1 provides a summary of the main features and characteristics of the men-
tioned datasets. Although each dataset has its advantages, our specific use case

requires light location and direction information in addition to camera parameters
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to enable the virtual replication of real scenes. To collect the necessary data, we
have constructed a controlled environment, which will be discussed in detail in the

following sections.

3.7 Applications of 3D Reconstruction

In the realm of computer vision and graphics, 3D reconstruction has many applica-
tions in a range of topics, from object detection, autonomous driving, and augmented
reality to virtual reality. Ma et al. [45] proposed a monocular 3D object detection
framework for autonomous driving, which solves this problem in the reconstructed
3D space in order to exploit 3D contexts explicitly. Tian et al. [46] proposed a novel
occlusion handling method based on 3D reconstruction for augmented reality applica-
tions. Sing et al. [47] proposed a mixed reality experience that combines both virtual
reality and augmented reality, and lets players transform their environment into a

virtual environment by utilizing stereoscopic rendering and 3D reconstruction.
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CHAPTER IV

METHODOLOGY

In the following sections, we provide a comprehensive overview of our data acquisition
process for constructing real-world scenes and their virtual counterparts. We then
offer a detailed exposition of the essential data and information of our benchmark
scenes. Subsequently, we delve into the details of our baseline 3D reconstruction
methods and the modifications we made to to the loss calculation to improve the

reconstruction in real-world scenes.

4.1 Creating Virtual Scenes

Accurately capturing 3D models from the real world requires collecting data that is
both precise and representative of the target object. However, given the complexity
of the real world, it is not always feasible to model every physical phenomenon,
such as the location of cameras and light sources, using common RGB cameras and
tools. To better understand and address the current limitations, we apply existing
3D reconstruction methods [1, 2] to scenes captured via a single turntable video using
a smartphone camera, which we further discuss in the following sections. Despite the
ease of application, this method is not able to capture the light source and direction
information used in the inverse rendering process of state-of-the-art methods [1, 2]. In
order to capture the required light information alongside scene and camera data, we
have constructed a controlled environment with multiple cameras and light sources,

where we have knowledge of all their respective parameters.
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Figure 17: Illustration of the data collection process using the methodology proposed
by Reizenstein et al. [8]. Images of the target object from several viewpoints are
shown on the left side. On the right side, an illustration of the data collection process
is shown, where the blue object represents the target object, and the camera models
represent the trajectory of the real camera while capturing a video of the target
object.

4.1.1 Collecting Scene Parameters via Video

To facilitate the reconstruction of real-world scenes from a single turntable video,
similar to the CO3D dataset [8], we generated scenes using the following methodol-
ogy: (1) Capturing a turntable video of a rigid object, (2) Estimating extrinsic and
intrinsic camera parameters with the help of COLMAP [30], (3) Scaling and trans-
lating the scene, (4) Removing the background, and (5) Merging and exporting the
selected background-free frames, along with their corresponding camera parameters,
in Blender 3D [48]. After the creation of the virtual scene, each frame of the captured
video becomes effectively a novel viewpoint inside the virtual scene. Depending on
the need, a desired number of frames can be selected to be used as input for the 3D
reconstruction method. Since our scope is to reconstruct objects where a minimal
number of viewpoints are available, we have selected 6 viewpoints that are equally

spaced apart from each other in terms of the number of frames. Figure 17 provides a
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visualization of this process. Furthermore, the precision of the resulting scene signif-
icantly affects the final output, since any errors that occur in this stage are directly
accumulated in the optimization phase of the used 3D reconstruction method. In this

case, the precision of the resulting scene is bound by COLMAP [30], which is used to

estimate the camera parameters.

Figure 18: Our multi-camera setup which is used to collect data for our benchmark
scenes. The left side shows the setup in the real world, while the right side displays
the virtual counterpart of the test setup. In the virtual scene, the camera models
represent virtual cameras, while the yellow boxes represent diffused LED bars, and
the blue object represents the target object for 3D reconstruction.

4.1.2 Collecting Scene Parameters via Multiple Cameras

To capture the required light information alongside scene and camera data, we have
constructed a controlled environment consisting of 4 cameras and 8 LED light sources,
the location and direction of each instance of which we know. For the process of cre-
ating this environment, we use the following methodology: (1) We custom designed,
manufactured, and assembled the housing for the electronic hardware. (2) We isolated
the entire environment from outside light sources using an opaque, non-reflective ma-

terial. (3) Then, we built a digital replica of the real environment in Blender3D [48§]
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by referring to the CAD model used for the production of the electronic housing. (4)
Finally, we placed the target object inside our real-world scene to capture the neces-
sary reference images. A visualization of our controlled environment is presented in
Figure 18.

For reproducibility purposes, we provide the details of our setup. All four cameras
have a resolution of 1920 by 1200 pixels, a sensor size of 11.3 by 7.1 mm, and a focal
length of 6 mm. Synchronization between cameras is achieved by utilizing their
gigabit Ethernet connection to ensure that the captured images are taken at the
same instance. All LED lights are calibrated to emit 450 lumina of light with the
diffuser panels mounted on. The housing for the cameras and other electronics is
manufactured using off-the-shelf parts with a combination of custom CNC machined
parts. The housing is a square frame where the distance from one inner wall to the
opposing inner wall is 800 mm. The entire setup is isolated from outside light sources
by using an opaque, black-colored material.

While replicating the real-world setup virtually, we utilized the precise camera
parameters, light settings, and enclosure dimensions from our CAD model for the
corresponding fields in Blender3D [48]. Consequently, any potential discrepancies
between the actual scene and the virtual scene are within the production tolerances,

which is 10 mm.

4.2 Benchmark Scenes

To effectively compare different 3D reconstruction methods, the use of benchmark
scenes is imperative. As mentioned in Chapter 3, standard objects, scenes, and
datasets available in the literature are suitable for serving as benchmark scenes for 3D
reconstruction. The available real-world datasets provide scenes with known camera
parameters [43, 44, 8] and synchronized images [44] containing a wide variety of

objects [8] in a controlled environment [43, 44]. Furthermore, by utilizing the currently
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Table 2: Details of the benchmark scenes. For each scene, we used four synchronized
cameras and eight LED light sources with their respective intrinsic and extrinsic
parameters. The original images were captured in the real-world scene, while the
reference images were obtained by transferring the object segment onto a render of
the empty virtual-scene from the corresponding virtual-camera.

Scene Name Original Images Reference Images
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available datasets, the current NeRF-based methods [10] can reconstruct target scenes
with variable lighting in high fidelity. However, while being resilient to appearance
variations and transient occluders, these methods require densely collected images

from a high number of viewpoints, which may not be available in certain scenarios.
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On the contrary, state-of-the-art SDF-based methods [2, 1] can reconstruct scenes
with a limited number of views, but they require precise camera and light source
parameters. Since the current datasets do not include light location and direction
alongside camera parameters, current results for these methods are only presented
using synthetic scenes.

To address this problem, we have prepared several scenes using the setup described
in Section 4.1.2. As target objects, we have selected representative samples to cover
convex and concave cases. Placing the target object inside the camera rig, we captured
synchronized images using our cameras, which we refer to as original images. In
order to utilize the placed object as a reference image for scene optimization, it is
necessary to transfer it from the physical setup to our virtual scene. To achieve this,
we transferred the segments containing the target object from each original image to
their corresponding renderings within the virtual scenes. The resulting images are
referred to as reference images within the scope of our study. Detailed information

about the benchmark scenes is presented in Table 2.

4.3 Baseline 3D Reconstruction Methods for Real-World
Objects

We have selected two state-of-the-art 3D reconstruction methods to present base-
line results for our benchmark scenes. Our first method is primarily based on the
work proposed by Vicini et al. [1], which was originally developed for reconstructing
objects within virtual environments. This method focuses on the inversion of shape
parameters. However, the discontinuous nature of visibility introduces significant bias
in computed derivatives, and traditional shape representations like triangle meshes
face additional difficulties. To overcome these challenges, SDFs are used to represent
shapes, and their zero level set is gradually adapted during optimization. Addition-
ally, this method employs a reparameterization technique that allows for accurate

computation of shape parameter derivatives. This approach has the capability to
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Figure 19: Overview of our pipeline for real-world 3D reconstruction. Boxes with
dashed lines represent updated elements throughout the optimization loop. We cap-
ture target object images using our real-world environment, and use them to generate
reference images. Virtual initial scenes and cameras are constructed to match their
real-world counterparts. After initializing the virtual cameras and scene, scene pa-
rameters are updated based on the difference between the rendered and reference
images.

reconstruct virtual objects solely by utilizing image-based loss functions.

Our second method is primarily based on the work proposed by Bangaru et al.
[2]. Similar to the approach proposed by Vicini et al. [1], this method is also demon-
strated only in virtual environments. They propose a novel method for differentiable
rendering using area sampling. By deriving the area integral from first principles,
they demonstrate an efficient and consistent estimator for the derivative, as well as a
version that produces an unbiased estimate. Their method does not require dedicated
data structures for selecting silhouette edges and can be easily integrated into a tra-
ditional unidirectional path tracer by tracing auxiliary rays. Unlike other approaches
[19], their method does not introduce approximations to the integral and produces
consistent and unbiased estimates. Thus, it enables the optimization of complex scene
parameters to reconstruct the 3D shape and texture of the target object. Thus, sim-
ilar to the first method, this approach also possesses the capability to reconstruct

virtual objects using image-based loss functions.

In order to apply the mentioned methods to real world objects, it is necessary to
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employ our scene creation method outlined in the Section 4.1.2. After creating a vir-
tual representation of the real-world environment, the virtual scene can be optimized
directly to obtain the 3D reconstruction of the target object within the real-world
scene. An overview of our 3D reconstruction methodology is presented in Figure 19.

To calculate the loss between rendered and reference images, we have utilized
multiple loss functions. Similar to Vicini er al. [1], our initial approach for determin-
ing the loss value is the direct calculation of the L1 loss between the reference and

rendered images, as demonstrated in Equation 8.

LLl(L“ef; Iren) = Z |I7"ef F— Iren‘ (8)

Additionally, we have employed the multi-scale L1 loss function, which involves
averaging the L1 losses among decimated reference and rendered images. The formula

for this loss function can be found in Equation 9.

N

Lmulti—Ll ([refa ]ren) - Z (Ll (Ii—decimated—refa Ii—decimated—ren) ) /N (9)
=0

To further optimize performance, we have integrated the multi-scale L1 loss func-
tion with structural losses, specifically, structural similarity loss (SSIM) [49] and
silhouette loss. Our multi-scale L1 + SSIM loss can be found in Equation 10, while
our multi-scale L1 + silhouette loss is defined in Equation 11. This combination

effectively amplifies the influence of structural details on the loss value.

Lmulti—Ll—i—ssim([’r’efa Iren) = Lmulti—Ll([ref> [Ten) + SSIM([’I’ef7 Iren) (10)

Lsilhouette<]refa Iren) = Lmulti—Ll (L"efa ]ren) + LLI(Xref—sila Y;‘en—sil) (1]-)
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CHAPTER V

RESULTS AND DISCUSSION

To provide baseline results for our benchmark scenes, we conducted a series of ex-
periments using the aforementioned 3D reconstruction methods. Within these ex-
periments, we utilized several loss functions to calculate the difference between the
renderings of the current state of the scene and the reference images. We quantita-
tively measured the effectiveness of each method using the metrics L1, L2, Peak Sig-
nal to Noise Ratio (PSNR), Structural Similarity (SSIM), Fréchet Inception Distance
(FID) [50] and Learned Perceptual Image Patch Similarity (LPIPS) [51] enabling an
assessment of the reconstruction quality from different camera viewpoints. Further-
more, we conducted an ablation study to examine the effects of the employed loss
functions, the number of viewpoints, and correct illumination on the performance of

3D reconstruction.

5.1 Experiments and Results on Single Turntable Video

To validate the effectiveness of our 3D reconstruction methods, we generated two real-
world scenes following the methodology presented by Reizenstein et al. [8]. The first
scene, referred to as "the toucan,” features a glass, toucan-like object as the target,
while the second scene, referred to as ”the rubber duck” contains a red rubber duck
as the target object. Both scenes share an identical surrounding environment, with
only the target object being different. Due to the capture technique, virtual versions
of these scenes lack the surrounding objects or the light location and direction, which
are essential for both of the aforementioned 3D reconstruction methods.

We employed the Multi-scale L1 loss as the loss function to compute the error

between the reference image and the rendered image of the specific state within the
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virtual scene. For both scenes, we used 6 viewpoints for the optimization process. We
optimized the virtual scenes for 512 epochs. The details of the parameters we used for
the experiments conducted with the toucan and the rubber duck scenes are provided
in Table 3. Figure 20 illustrates the evolution of the virtual scenes throughout the

optimization process.

Table 3: Experiment Parameters

Scene Name Number of Viewpoints | Learning Rate | Number of Iterations | SPP | SDF Resolution | Render Resolution

The Toucan ) - -
The Rubber Duck 6 de-2 512 128 128 256

Benchmark Scenes 4 4e-2 512 128 128 256
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Figure 20: Single video results obtained using a turntable video of the target object.
The first row presents the results generated from the toucan scene, while the second
row displays the results obtained from the rubber duck scene. The optimization is
conducted for 512 iterations with the multi-scale L1 loss. The illumination in the
scene is assumed to be constant at every point.

As depicted in Figure 20, the mentioned methods are capable of performing 3D
reconstruction without relying on light information or the surroundings of the scene.
However, since the shading and luminance parameters of the scene are unknown, the

resulting 3D reconstruction lacks the level of detail and visual quality presented in

[2] and [1].
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Table 4: Quantitative results for the toucan and the rubber duck scenes.

Experiment Name L1 L2 SSIM PSNR LPIPS FID
The Toucan 0.0012 0.0001 0.9947 38.5752 0.0096  0.1101
The Rubber Duck 0.0014 0.0002 0.9936 37.7716 0.0172  0.1161

5.2 FExperiment Results on Benchmark Scenes

In order to demonstrate the 3D reconstruction performance of the aforementioned
methods while integrating surrounding objects and illumination data from the real-
world scene into the virtual scene, we conducted a series of experiments using our
benchmark scenes. During the scene optimization process, we employed several loss
functions to compute the error between the reference images and the rendered images
of the virtual scene. For all benchmark scenes, we utilized four viewpoints of the
target object for optimization. We optimized the virtual scene for 512 epochs in
all benchmark scenes. The details of the parameters we used for the experiments
conducted with benchmark scenes are provided in Table 3. Figure 21 showcases
the evolution of the virtual scenes throughout the optimization process, as well as
the turntable viewpoints of the 3D reconstructed objects. Turntable videos of these
objects are also available as supplementary material. In the appendix, we present
additional results, which can be seen in Figures 27, 28, and 29.

Furthermore, we collected the differences between the current state of the rendered
images and the reference images using several metrics to quantitatively measure the
quality of the 3D reconstruction. Regardless of the employed loss function in the
scene optimization process, we collected the same metrics for each experiment. We
have compiled the average and standard deviation from all benchmark scenes. These
results, gathered after the final iteration of the optimization loop, are presented in
Table 5. Additionally, we present the raw data for each experiment in Table 6.

Our findings reveal that the presented quantitative results are internally consistent

within each scene, thereby demonstrating the reliability of our experimental setup.
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Figure 21: Multi-camera setup results obtained using four synchronized images of the
target object. The rows marked with A presents the results obtained using proposed
method by Vicini et al. [1]. The rows marked with B presents the results obtained

using proposed method by Bangaru et al. [2].
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Table 5: Quantitative results of the experiments conducted using our benchmark
scenes. For each method and metric, we report the average and standard deviation
across all benchmark scenes. The experiment names follow the format: ”loss function
used in optimization - reparameterization method”. In each column, the best results
are denoted in bold typeface and highlighted in green, while the second-best results
are highlighted in vellow.

Loss Function - Reparameterization Method L1 L2 [ SSIM | PSNR [LPIPS| FID L1 | L2 [ SSIM [PSNR |LPIPS | FID
Averages Standard Deviations

L1 - Vicini et al. [1] 0.0048 | 0.0011 | 0.9724 | 31.9009 | 0.0492 0.0642 | 0.0032 | 0.0015 | 0.0262 | 3.6782 | 0.0482 | 0.1068
L2 - Vicini et al. [1] 0.0056 | 0.0012 | 0.9671 | 30.9960 | 0.0554 0.0619 | 0.0030 | 0.0015 | 0.0253 | 3.5049 | 0.0416 | 0.1055
Multi-Scale L1 - Vicini ef al. [1] 0.0048 | 0.0010 | 0.9725 | 31.9798 | 0.0488 | 0.0560 | 0.0032 | 0.0016 | 0.0257 | 3.6639 | 0.0463 | 0.1083
Multi-Scale L1 + SSIM - Vicini et al. [1] 0.0049 | 0.0011 | 09719 | 31.9299 | 0.0547 | 0.0535 | 0.0031 | 0.0016 | 0.0249 | 3.5767 | 0.0470 | 0.1087
Multi-Scale L1 + Silhouette - Vicini et al. [1] 0.0054 | 0.0011 | 0.9695 | 31.2069 | 0.0500 0.0684 | 0.0035 | 0.0015 | 0.0274 | 3.7065 | 0.0481 | 0.1571
L1 - Bangaru et al. [2] 0.0049 | 0.0010 | 0.9690 | 31.8029 | 0.0591 0.0665 | 0.0030 | 0.0015 | 0.0264 3.4565 | 0.0514 | 0.1141
L2 - Bangaru et al. 2] 0.0058 | 0.0012 | 0.9625 | 30.8708 | 0.0663 0.0602 | 0.0028 | 0.0015 | 0.0284 | 3.3814 | 0.0473 | 0.1087
Multi-Scale L1 - Bangaru et al. [2] 0.0051 | 0.0011 | 0.9679 | 31.6376 | 0.0603 | 0.0470 | 0.0032 | 0.0015 | 0.0279 | 3.5172 | 0.0515 | 0.1062
Multi-Scale L1 + SSIM - Bangaru et al. [2] 0.0052 | 0.0011 | 0.9680 | 31.6075 | 0.0605 | 0.0221 | 0.0035 | 0.0015 | 0.0277 | 3.5038 | 0.0524 | 0.0335
Multi-Scale L1 + Silhouette - Bangaru et al. [2] 0.0051 | 0.0010 | 0.9693 | 31.6437 | 0.0585 0.0712 | 0.0034 | 0.0015 | 0.0262 | 3.5005 | 0.0498 | 0.1616

Interestingly, we observed no significant quantitative improvement when adding a
structural term to the loss function. This observation opens up a discussion on the
evaluation of 3D shape quality from a 2D perspective. However, comparing the two
methods, our quantitative analysis demonstrated that the reconstruction outcomes
achieved using Vicini et al.’s [1] method consistently outperformed those obtained
with Bangaru et al.’s [2] method.

Upon analyzing the runtime per scene for both methodologies, we observe that
Vicini et al.’s [1] method exhibits an average runtime of ~ 2 hours, whereas Bangaru
et al.’s [2] method requires ~ 4 hours. Evidently, Vicini et al.’s [1] approach surpasses
the efficiency of Bangaru et al.’s [2] method by a significant margin.

We conducted our experiments using multiple Nvidia RTX Quadro 6000 GPUs,
with each experiment running on a single GPU. In total, we spent ~ 312 GPU hours

to complete all the experiments we present.

5.3 Effects of Different Loss Functions

Although our quantitative analysis presented in Table 5 does not indicate any sig-
nificant improvement with current metrics, a closer examination of the qualitative
results reveals that the fine details of the target object are captured slightly better.

Figure 22 illustrates the impact of different loss functions on the performance of
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L1 Multi-L1 Multi-L1 + SSIM Multi-L1 + Silhouette

Figure 22: The first row shows the 3D reconstruction results using L1, Multi-scaled
L1, Multi-scaled L1 + SSIM, and Multi-scaled L1 4+ Silhouette loss functions, respec-
tively. The second row indicates the magnification of the section inside the red box
in the same column.

3D reconstruction. As depicted, when using L1 and Multi-Scale L1 loss functions,
the handle of the cup is partially reconstructed. However, the addition of a structural
term, specifically SSIM or silhouette loss, leads to a significant improvement to the
reconstruction quality of the handle.

This contradiction between the qualitative and quantitative data suggests that
solely evaluating the quality of the reconstructed 3D structure through image-based
loss functions is not ideal, particularly in scenarios with limited viewpoints. Conse-

quently, this remains an open research problem.

5.4 Effects of Number of View

In order to assess the limitations of the currently available reconstruction methods, we
formulated three additional scenes with varying numbers of available viewpoints. As
depicted in Figure 23, the camera count was systematically reduced from four to one.
For the case where two viewpoints were available, we utilized two opposing cameras.

Our experiments indicate that while existing 3D reconstruction methods are capable
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Figure 23: Qualitative results of the number of view experiment: The first row is
rendered from an exact viewpoint of one of the cameras. The second row represents
a viewpoint different from the camera viewpoints used in the optimization. Rows A,
B, C, and D correspond to 4, 3, 2, and 1 number of cameras, respectively, which were
used in the optimization.

of reconstructing the target object with only a single viewpoint, an increase in the

number of viewpoints directly enhances the quality of the resulting 3D reconstruction.

5.5 Effects of Correctly Capturing Illumination of The Real-
World Scene

To further validate the benefits of capturing the illumination parameters along with
camera and scene parameters, we have designed two scenes. One scene has the cor-
rect illumination setting, identical with the real-world, while the other scene has a
slightly different illumination setting. Figure 24 displays the resulting reconstructions
from the camera’s viewpoint and a novel viewpoint that was not used in the scene
optimization process.

Upon examining the reconstructions of the two scenes, it is evident that the render-
ings obtained from the camera’s viewpoint are highly similar to each other. However,
when we further investigate the resulting image from the novel viewpoint, we observe

severe artifacts in the reconstructed object within the scene that has the altered
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Figure 24: Qualitative results of the illumination ablation study: Columns A and
C are rendered after 512 iterations in a correctly matched illumination setting with
the real-world scene. Columns B and D are rendered after 512 iterations in a non-
matching illumination setting with the real-world scene. The second row shows the
magnification of the section inside the red box in the first row, in the same column.
illumination setting.

The 3D reconstruction method proposed by Vicini et al. [1] utilizes secondary
derivatives to enhance the reconstruction of the target object. In this regard, correctly
illuminating the scene forces the gradients, ensuring that the resulting reconstruction
contains a minimal amount of artifacts. Thus, when the illumination is arbitrarily
chosen or assumed to be constant, the amount of artifacts or imperfections are signif-
icantly increased. Therefore, including illumination parameters in the optimization

process of the scene, which contains the target object, enhances the fidelity of the 3D

reconstruction when limited number of views are available.

5.6 Current Limitations

Both 3D reconstruction methods have demonstrated their ability to accurately recon-
struct real-world objects. However, it should be noted that these methods may yield
sub-optimal results under certain circumstances. The presence of optical illusions

introduces complexities not easily mitigated by image-based loss, particularly when
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Reference Image Final Rendered Image Final Object Novel View

Figure 25: The first image is the reference image generated using real-world data.
The second image is the state of the scene at the end of the optimization from the
viewpoint of the virtual camera. The third image is the state of the optimized scene
from a novel viewpoint.

the number of available viewpoints is limited. Figure 25 illustrates an example of
this issue. Even after achieving convergence between the optimized state of the scene
viewed from the virtual camera and the reference image, a further analysis of the
3D reconstruction from a novel perspective reveals discrepancies from the intended
shape.

When analyzing turntable videos of the 3D reconstructed objects, the mentioned
artifacts become more apparent. These artifacts are often the result of optical illu-
sions and shape ambiguities derived from the camera’s two-dimensional perspective.
Moreover, upon examining the turntable videos of "The Duck’ scene using 1, 2, 3,
and 4 cameras, it becomes evident that the magnitude of the artifacts in the final 3D
reconstruction increases as the number of cameras decreases. Thus, in cases with lim-
ited viewpoints, the effective evaluation of 3D shape from a 2D perspective becomes
crucial.

As previously stated, assessing the geometry of an object using current image-
based loss functions in limited viewpoint situations is not ideal. A potential solution
to mitigate this issue might involve incorporating additional priors, such as depth

information, into the scene optimization process.
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CHAPTER VI

CONCLUSION

In this study, we initially investigate the real-world performance of state-of-the-art
3D reconstruction methods [1, 2] using the current methodology for real-world data
acquisition [8], where only a limited number of viewpoints are available. However, it is
worth noting that despite the ability of these methods to reconstruct the target object
with only 4 viewpoints, the fidelity of the real-world results falls short in comparison
to the reported results in virtual scenes. This discrepancy can be attributed to the
complex surroundings and illumination settings encountered in real-world scenes.

At present, the existing real-world datasets solely capture camera parameters
along with scene parameters, neglecting the crucial inclusion of illumination settings.
Nevertheless, to attain performance levels similar to those observed in virtual scenes,
the integration of illumination settings becomes imperative for state-of-the-art meth-
ods. In an effort to address this concern, we propose a methodology for capturing
real-world scenes as virtual scenes, which incorporates both light source and camera
data to more accurately represent reality in the virtual environment. Furthermore,
through the implementation of our proposed real-world scene capture methodology,
we have curated a collection of real-world scenes alongside their corresponding virtual
counterparts, specifically designed for benchmarking purposes.

Additionally, we present a baseline method for 3D object reconstruction within
these benchmark scenes and share the obtained results as a baseline for the recon-

struction of real-world objects with limited viewpoints.
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Our empirical investigations demonstrate that in scenarios characterized by lim-
ited viewpoints, current 3D reconstruction methods can successfully retrieve the tar-
get object with an acceptable level of quality. However, the inclusion of illumination
data in conjunction with camera and scene parameters notably enhances the fidelity
of the resulting reconstructions.

Given the considerable improvement in fidelity achieved by incorporating illumi-
nation data alongside camera and scene parameters, it is evident that there exists sig-
nificant potential for further advancements in the domain of 3D reconstruction. One
such potential improvement lies in the incorporation of depth information within our
proposed methodology. Thus, the authors of this study intend to explore and report

on the implementation of such an enhancement in the near future.

o1



APPENDIX A

ADDITIONAL RESULTS
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Figure 26: Single video setup results obtained using six non-synchronized images of
the target object. Obtained using proposed method by Vicini et al. [1].
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Figure 27: Multi-camera setup results obtained using four synchronized images of the
target object. The rows marked with A presents the results obtained using proposed
method by Vicini et al. [1]. The rows marked with B presents the results obtained
using proposed method by Bangaru et al. [2].
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Figure 28: Multi-camera setup results obtained using four synchronized images of the
target object. The rows marked with A presents the results obtained using proposed
method by Vicini et al. [1]. The rows marked with B presents the results obtained

using proposed method by Bangaru et al. [2].
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Figure 29: Multi-camera setup results obtained using four synchronized images of the
target object. The rows marked with A presents the results obtained using proposed
method by Vicini et al. [1]. The rows marked with B presents the results obtained

using proposed method by Bangaru et al. [2].
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Table 6: Raw quantitative results of the experiments conducted using our benchmark
scenes. The experiment name is presented in the following format: Scene Name -
Experiment Preset. Experiment presets are denoted as following: A: L1 - Vicini et
al. [1] B: L2 - Vicini et al. [1] C: Multi-Scale L1 - Vicini et al. [1] D: Multi-Scale
L1 4 SSIM - Vicini et al. [1] E: Multi-Scale L1 4 Silhouette - Vicini et al. [1] F: L1
- Bangaru et al. [2] G: L2 - Bangaru et al. [2] H: Multi-Scale L1 -
2] I: Multi-Scale L1 + SSIM - Bangaru et al. [2] K: Multi-Scale L1 + Silhouette -

Bangaru et al. [2]

Bangaru et al.

Experiment Name
The Duck - A

The Duck - B

The Duck - C

The Duck - D

The Duck - E

The Duck - F

The Duck - G

The Duck - H

The Duck - I

The Duck - K

The Duck Shifted - A
The Duck Shifted - B
The Duck Shifted - C
The Duck Shifted - D
The Duck Shifted - E
The Duck Shifted - F
The Duck Shifted - G
The Duck Shifted - H
The Duck Shifted - I
The Duck Shifted - K
Cup Gray - A

Cup Gray - B

Cup Gray - C

Cup Gray - D

Cup Gray - E

Cup Gray - F

Cup Gray - G

Cup Gray - H

Cup Gray - I

Cup Gray - K

Cup White - A

Cup White - B

Cup White - C

Cup White - D

Cup White - E

Cup White - F

Cup White - G

Cup White - H

Cup White - T

Cup White - K

Cup White 2 - A
Cup White 2 - B
Cup White 2 - C
Cup White 2 - D
Cup White 2 - E
Cup White 2 - F
Cup White 2 - G

Jup White 2 - H
Cup White 2 - T

Cup White 2 - K

L1
0.0029
0.0030
0.0029
0.0030
0.0029
0.0031
0.0031
0.0031
0.0032
0.0032
0.0032
0.0034
0.0033
0.0033
0.0034
0.0034
0.0041
0.0038
0.0038
0.0036
0.0023
0.0061
0.0023
0.0024
0.0024
0.0024
0.0061
0.0024
0.0025
0.0023
0.0031
0.0031
0.0031
0.0032
0.0030
0.0034
0.0034
0.0033
0.0033
0.0033
0.0032
0.0032
0.0033
0.0034
0.0033
0.0033
0.0035
0.0034
0.0037
0.0033

L2
0.0006
0.0005
0.0006
0.0006
0.0006
0.0006
0.0006
0.0006
0.0006
0.0006
0.0005
0.0005
0.0005
0.0005
0.0005
0.0005
0.0008
0.0007
0.0007
0.0006
0.0003
0.0011
0.0003
0.0003
0.0003
0.0003
0.0011
0.0003
0.0003
0.0003
0.0005
0.0005
0.0005
0.0004
0.0004
0.0005
0.0005
0.0005
0.0005
0.0005
0.0005
0.0005
0.0005
0.0005
0.0005
0.0006
0.0005
0.0005
0.0007
0.0005

SSIM
0.9825
0.9815
0.9823
0.9817
0.9825
0.9760
0.9786
0.9762
0.9785
0.9757
0.9813
0.9797
0.9804
0.9803
0.9846
0.9761
0.9742
0.9738
0.9748
0.9788
0.9912
0.9695
0.9913
0.9906
0.9902
0.9907
0.9695
0.9906
0.9887
0.9909
0.9865
0.9866
0.9863
0.9858
0.9870
0.9847
0.9850
0.9848
0.9836
0.9843
0.9866
0.9865
0.9859
0.9851
0.9857
0.9853
0.9845
0.9853
0.9827
0.9861

PSNR
32.3782
32.6064
32.3849
32.4386
32.3342
32.4246
32.2955
32.4814
32.0330
32.4130
33.3641
33.2728
33.0457
33.3706
32.7813
32.9419
31.1081
31.6943
31.4961
32.5878
35.3724
29.6506
35.3780
35.2570
35.0134
34.7224
29.6506
34.8930
34.9149
34.7388
33.1885
33.6878
33.2131
33.0785
33.3934
32.8805
33.4463
33.1484
33.0124
32.9680
32.8887
33.3093
33.0153
33.0264
32.8465
32.5448
33.0076
32.6221
32.9497
31.8513

LPIPS FID

0.0216  0.0059
0.0240  0.0078
0.0224  0.0081
0.0232  0.0083
0.0221  0.0061
0.0371  0.0079
0.0348  0.0085
0.0358  0.0086
0.0318  0.0083
0.0393  0.0087
0.0264  0.0073
0.0285  0.0088
0.0275  0.0087
0.0286  0.0093
0.0254  0.0075
0.0412  0.0081
0.0438  0.0099
0.0440  0.0098
0.0452  0.0101
0.0384  0.0082
0.0183  0.0070
0.0533  0.0133
0.0179  0.0085
0.0194  0.0061
0.0208  0.0052
0.0179  0.0055
0.0533  0.0133
0.0190  0.0069
0.0235  0.0056
0.0181  0.0050
0.0243  0.0049
0.0262  0.0055
0.0254  0.0067
0.0264  0.0074
0.0249  0.0076
0.0297  0.0052
0.0294  0.0069
0.0302  0.0078
0.0315  0.0079
0.0301  0.0080
0.0255  0.0055
0.0252  0.0048
0.0270  0.0048
0.0284  0.0051
0.0288  0.0050
0.0282  0.0050
0.0305  0.0049
0.0281  0.0055
0.0297  0.0052
0.0268  0.0050

Experiment Name
Box - A

Box - B

Box - C

Box-D

Box - E

Box - F

Box - G

Box - H

Box - 1

Box - K

Box Big - A

Box Big - B

Box Big - C

Box Big - D

Box Big - E

Box Big - F

Box Big - G

Box Big - H

Box Big - I

Box Big - K

Box Wooden - A

Box Wooden - B

Box Wooden - C

Box Wooden - D

Box Wooden - E

Box Wooden - F

Box Wooden - G

Box Wooden - H

Box Wooden - I

Box Wooden - K

Bottle Black - A

Bottle Black - B

Bottle Black - C

Bottle Black - D

Bottle Black - E

Bottle Black - F

Bottle Black - G

Bottle Black - H

Bottle Black - I

Bottle Black - K

Bottle Black Shifted - A
Bottle Black Shifted - B
Bottle Black Shifted - C
Bottle Black Shifted - D
Bottle Black Shifted - E
Bottle Black Shifted - F
Bottle Black Shifted - G
Bottle Black Shifted - H
Bottle Black Shifted - I
Bottle Black Shifted - K

L1
0.0082
0.0081
0.0081
0.0087
0.0081
0.0078
0.0075
0.0080
0.0081
0.0078
0.0111
0.0112
0.0111
0.0106
0.0130
0.0106
0.0111
0.0117
0.0128
0.0124
0.0029
0.0030
0.0030
0.0031
0.0029
0.0034
0.0033
0.0033
0.0033
0.0034
0.0026
0.0065
0.0026
0.0028
0.0065
0.0027
0.0065
0.0029
0.0029
0.0028
0.0088
0.0088
0.0087
0.0088
0.0087
0.0088
0.0089
0.0088
0.0088
0.0086

L2
0.0009
0.0008
0.0008
0.0009
0.0008
0.0008
0.0006
0.0007
0.0007
0.0007
0.0011
0.0009
0.0010
0.0013
0.0008
0.0009
0.0008
0.0012
0.0011
0.0011
0.0003
0.0003
0.0003
0.0004
0.0003
0.0004
0.0003
0.0004
0.0004
0.0004
0.0004
0.0014
0.0004
0.0004
0.0014
0.0004
0.0014
0.0004
0.0004
0.0004
0.0054
0.0054
0.0054
0.0054
0.0053
0.0054
0.0054
0.0054
0.0054
0.0053

SSIM
0.9465
0.9494
0.9489
0.9443
0.9500
0.9475
0.9405
0.9413
0.9406
0.9450
0.9088
0.9050
0.9089
0.9126
0.9019
0.9028
0.8914
0.8991
0.8995
0.9047
0.9871
0.9865
0.9864
0.9852
0.9865
0.9747
0.9787
0.9772
0.9784
0.9742
0.9880
0.9590
0.9882
0.9864
0.9590
0.9863
0.9590
0.9842
0.9856
0.9858
0.9656
0.9672
0.9668
0.9667
0.9674
0.9661
0.9639
0.9666
0.9674
0.9671

PSNR
30.4263
30.8390
30.8427
30.3809
30.7157
31.0918
32.2965
31.3798
31.3147
31.3194
29.7323
30.4940
29.9450
30.7104
28.7616
30.5406
30.8494
29.3771
29.5403
29.5001
34.6131
34.7289
34.8032
34.5243
34.8391
34.3886
34.6835
34.4478
34.3541
34.4061
34.3386
28.6664
34.4553
33.8056
28.6664
33.7939
28.6664
33.6245
33.7468
33.9423
22.7067
22.7052
22.7147
22.7064
22.7176
22.7001
22.7036
22.7073
22.7134
22.7101

LPIPS
0.1084
0.1010
0.1021
0.1087
0.1029
0.1155
0.1232
0.1197
0.1233
0.1196
0.1621
0.1508
0.1595
0.1633
0.1668
0.1825
0.1764
0.1831
0.1850
0.1749
0.0267
0.0263
0.0278
0.0285
0.0272
0.0558
0.0443
0.0514
0.0473
0.0522
0.0231
0.0653
0.0240
0.0653
0.0269
0.0266
0.0653
0.0346
0.0305
0.0300
0.0551
0.0529
0.0548
0.0555
0.0539
0.0568
0.0622
0.0569
0.0570
0.0554

FID
0.2295
0.1672
0.1422
0.1064
0.1115
0.1869
0.1507
0.0421
0.1126
0.1132
0.2938
0.3271
0.3403
0.3503
0.5059
0.3498
0.3435
0.3477
0.0407
0.5215
0.0125
0.0203
0.0200
0.0199
0.0149
0.0238
0.0214
0.0209
0.0084
0.0218
0.0671
0.0501
0.0059
0.0085
0.0066
0.0546
0.0283
0.0065
0.0081
0.0069
0.0083
0.0145
0.0143
0.0138
0.0141
0.0185
0.0145
0.0142
0.0138
0.0137
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