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Interactive Reconstruction of Monte Carlo Sampled Images with Depth of Field
Simon Petersson

Department of Computer Science and Engineering

Chalmers University of Technology and University of Gothenburg

Abstract

The likelihood of deploying Monte Carlo path tracing as a real-time rendering tech-
nique for global illumination in production systems is ever-increasing. In recent
years, developments in both software and hardware, have taken us much closer to
a first version of such systems. Fast reconstruction techniques for approximating
higher quality images from low sample count Monte Carlo renders, without adding
additional samples, has been particularly influential.

We develop a convolution neural network for reconstructing Monte Carlo rendered
images with low sample counts at interactive speeds. In particular, we focus on
extending an already developed neural network to support depth of field effects.
Our network is a deep autoencoder that utilizes a set of auxiliary buffers, containing
additional information about each pixel. We propose a novel auxiliary buffer based
on the circle of confusion size in each pixel. We show that by allowing the network
to access this buffer during reconstruction, it learns to distinguish between points in
and out of focus. Our network reconstructs images at highly interactive frame rates
but does not meet the reconstruction quality of many other approaches. We discuss
potential reasons behind these performance limitations and suggest a few next steps
to improve reconstruction.

Keywords: Computer Graphics, Path Tracing, Real-Time Ray Tracing, Depth of
Field, DOF, Machine Learning, Deep Learning, Autoencoder, Computer Science,
Thesis
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1

Introduction

1.1 Background

The strive towards greater realism is prevalent in many real-time rendering applica-
tions. In recent years, rasterization with physically-based rendering has been applied
in many such applications to improve realism. While these techniques often pro-
duce good looking results, there are many scenarios in which they fall short. Two
examples include global illumination and depth of field effects. I order to achieve
better results, by producing overall higher quality renders than rasterization tech-
niques allow, real-time rendering applications would utilize path tracing to solve the
rendering equation approximately [16, 12].

However, the inherent time-complexity in accurately evaluating the rendering equa-
tion using Monte Carlo integration does not lend itself well to real-time rendering.
Compared to offline rendering where often hundreds or even thousands of samples
per pixel are gathered to produce quality results, even the fastest of path-tracers can-
not perform much better than a few samples per pixel at 1080p 30Hz [5]. Even with
new top-of-the-line hardware such as NVIDIAs RTX-series, that dedicate special-
ized hardware to perform ray-tracing, fully path traced scenes cannot be realistically
rendered at real-time speeds. As a result of such a low sample count, any image
sampled using Monte Carlo integration contains a significant amount of noise.

The development of techniques that can produce good looking imagery from such
noisy input is thus critical. Even for offline rendered images, where noise is not as
prevalent, similar techniques are used to denoise images and improve quality [2, 34].
Over the last few years, many techniques for reconstruction and denoising of images
with low sample counts at interactive speeds have been developed [5, 29, 20, 38].
Most of these produce good looking results but are limited in the types of images
they can process. In particular, deep neural networks have been shown to produce
particularly good results for denoising both in real-time scenarios [5, 30] and in
offline rendering [2, 34].

Chaitanya et al. present a deep autoencoder capable of reconstructing images with
very low sample counts at interactive speeds [5]. While their approach indeed pro-
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duces good looking results, it fails to incorporate stochastic primary ray effects such
as motion blur and depth of field. Such effects are important aspects of producing
realistic looking visuals in some applications. Consider a game with fast-moving
objects, where motion blur is a vital part in ensuring visual quality, or a set of
development tools used during movie production, where being able to preview the
effects of depth of field could be crucial in ensuring a productive workflow for the
artist.

1.2 Problem definition

Deep neural networks have been shown to work particularly well for real-time de-
noising of Monte Carlo sampled images [5, 30]. Many of the recent and most popular
techniques produce good looking results, but do not handle stochastic primary ray
effects such as depth of field and motion blur [5]. As mentioned in Section 1.1, these
effects can be an integral part of producing visuals of sufficient quality. It is thus
interesting to consider ways in which deep neural networks can be used to denoise
these effects at interactive speeds.

This thesis aims to develop a denoising technique based on a deep neural network,
capable of denoising images with stochastic primary ray effects at interactive speeds.
Focus is put towards the support of stochastic primary ray effects by extending an
already developed network to support these features. To solve this problem, we
have to provide an answer to the following statement; How do we have to extend
the network with additional inputs and layers, for it to recognize these stochastic
primary ray effects?

We define interactive speeds to be a maximum of 75ms per frame, which means
that to keep the denoising process interactive, the time per frame should not exceed
75ms or ca 13 fps. This time limit was chosen with the reasoning that going above
75ms would significantly impact the interactivity of an application.

1.2.1 Limitations

To further narrow the scope of the thesis, we limit the development of a deep neural
network by extending an already developed network. In particular, we extend the
network presented by Chaitanya et al. [5]. Because of this, we do not consider how
the technique we develop could be generalized or adapted to other networks. Focus
is instead put towards trying to show that deep neural networks can be used to
denoise such phenomena at interactive speeds.

We have chosen only to consider the depth of field effect. Other stochastic primary
ray effects are certainly interesting, but given the limited amount of time we have
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available, we cannot successfully consider them all. Depth of field was chosen based
on our interests, its simplicity over motion blur [25], and plausible ideas on how to
achieve successful results at initial stages of the thesis.

Also, due to restrictions in time, we do not develop an interactive application that
utilizes the network for denoising. Instead, the network is given input from images
that have been pre-rendered, and evaluation is performed on the output. We consider
the network successful if it shows clear differentiation in the denoising of points in
focus and out of focus, and is capable of doing so in under 75ms.

Furthermore, we only consider images that have been sampled using path tracing.
No time was spent on denoising images generated using other ways of approximating
the rendering equation.

1.3 Ethical Considerations

There are important ethical aspects to consider when dealing with software capable
of advanced image processing. For the software developed during this thesis, one
particular thing that comes to mind is denoising and reconstruction of images that
were intentionally blurred or otherwise distorted by its creator. While this is not
the intended use case of the developed software, given that the software is learning-
based, it might be possible to train it at such tasks.

We argue in a few different ways that this work does not contribute to such unethical
use cases. First, the extension to support depth of field does not make any significant
contribution in this regard. Second, other already developed offline approaches
would cover mostly the same use-cases. Given that these offline based approaches
do not have restrictions on processing time per frame, they will always perform
better or at least on par at such denoising or reconstruction tasks. Third, the
network requires a set of additional input buffers be provided for each frame to
produce good results. Such additional buffers would be almost impossible to obtain
unless one is rendering the scene themselves, in which case the creator mentioned
above would be oneself, and the problem would be obsolete.



1. Introduction




2

Previous Work

Zwicker et al. [38] provide a good overview of the area before 2015. They divide the
denoising techniques into two separate types. Techniques that, based on analytical
analysis of the light transport equation, enhances the Monte Carlo samples and
reconstruct images this way [38], as well as techniques that statistically analyzes
Monte Carlo samples and reconstructs images using this information [38]. We note
that none of the techniques summarized by Zwicker et al. [38] use a data or learning-
based approach to reconstruction, in fact, Zwicker et al. end their overview by
stating that these approaches are still largely unexplored. Even so, we provide brief
descriptions about the papers that are most relatable to our thesis.

From the techniques that perform analysis of the light transport equation, quite a
few include support for depth of field effects [4, 24, 25]. Mehta et al. use axis-aligned
filters to successfully reconstruct and adaptively sample Monte Carlo sampled im-
ages including soft-shadows, diffuse and moderately glossy indirect illumination, and
depth of field [22, 23, 24]. Munkberg et al. [25] build on the work from Belcour et
al. [4], developing sheared filters that are capable of reconstructing depth of field
and motion blur. Both Mehta et al. and Munkberg et al. reconstruct frames at
interactive speeds, but do not take a learning-based approach to reconstruction,
however.

The approaches mentioned were developed by explicitly analyzing the light transport
equation with respect to depth of field. The statistically-based approaches summa-
rized by Zwicker et al. are generic with respect to stochastic primary ray effects, as
they reconstruct pixels by building weighted averages of Monte Carlo sampled pixels
— even if some techniques might produce worse results with them present [38]. A
common approach among such statistical methods is to utilize auxiliary buffers to
improve reconstruction results. Dammertz et al. use auxiliary buffers to construct
an edge-avoiding a-trous wavelet filter, capable of reconstructing frames at highly
interactive frame rates [8]. Li et al. [15] and Rouselle et al. [28] both use auxiliary
buffers, as well as SURE [32] error estimation and multiple cross-bilateral filters to
perform reconstruction. Both Li et al. and Rouselle et al. fail to reconstruct frames
at interactive frame rates, spending seconds or minutes reconstructing each frame.

Bauszat et al. [3] extend and generalize the work done on adaptive manifold filtering
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by Gastal and Oliviera [9]. They generalize the adaptive manifold filtering to support
an arbitrary amount of samples per pixel and improve the efficiency of the sweep-blur
filtering developed by Shirley et al. [31]. Their approach supports the reconstruction
of frames with global illumination and depth of field at real-time reconstruction
speeds but does not apply a learning-based method.

Building on the work by Dammertz et al. [8], Schied et al. [29] has recently de-
veloped a successful real-time reconstruction filter. They use temporal filtering and
project previous frames forward to effectively increase the number of sample count
and improve temporal stability. Additionally, they split the reconstruction into di-
rect and indirect lighting to improve reconstructed results in poorly sampled shadow
edges. They reconstruct frames at approximately 10 ms in 1080p resolution, but
specifically mention stochastic primary ray effects, such as depth of field, as a limi-
tation in their method [29].

Mara et al. developed a similar approach to Schied et al. [29] Mara et al. use a
cross-bilateral filter, temporal filtering and forward projection of previous frames,
and split the reconstruction into multiple parts. In contrast to Schied et al., they
split the indirect lighting into two parts of diffuse and glossy lighting. This improves
reconstruction results in reflective surfaces [20].

Bako et al. [2] at Disney have recently developed a learning-based denoiser that
uses convolutional neural networks to perform denoising of Monte Carlo sampled
images. Their network takes low sample count images and auxiliary buffers as input,
and predicts a kernel of weights. The predicted kernel is applied across the image
to perform denoising. They report that predicting kernels improves convergence
significantly compared to training the network to produce a pixel color directly [2].
Their network reconstructs a single frame at 1080p in about 12 seconds.

Vogels et al. [34], also at Disney, use a similar idea of kernel predicting convolutional
neural networks. They provide theoretical analysis on why kernel predicting net-
works perform better than the direct prediction of pixel colors, as reported by Bako
et al. [2]. They develop a convolutional neural network that utilizes residual blocks
[11], skip connections, and temporal information from multiple frames to improve
reconstruction results [34]. They report a reconstruction speed of 10.2 seconds at
1920x804.

To our knowledge, there are no learning-based denoisers capable of handling distri-
bution effects such as depth of field at interactive frame rates.
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Theory

This chapter gives explanations to some of the theory used during the thesis. A cer-
tain level of basic understanding is presumed, particularly in machine learning areas.
We start by explaining path tracing and how to approximately solve the rendering
equation. We then move on to image denoising and its applications for Monte Carlo
rendered images. Finally, we describe the core machine learning concepts that were
used to develop the model explained in Chapter 4.

3.1 Path Tracing

We provide a general overview of the rendering equation and how it can be calcu-
lated using ray tracing. A thorough walkthrough of the rendering equation, path
tracing, and many more related topics can be found in the excellent Physically based
rendering: From theory to implementation [27], which has recently been made freely
available online.

Path tracing is a way of rendering images by simulating how light behaves as it
bounces around in a 3-dimensional space. Kajiya introduced the rendering equa-
tion and path tracing as a method for solving said rendering equation in 1986
[12]. The equation, shown in 3.1, describes the outgoing radiance from a point
x in the direction w,. For some readers, at first sight, the equation might look
intimidating. We split the equation down into two parts to understand it bet-
ter. The first part L.(z,w,) describes the amount of radiance that is being emit-
ted from a point x towards the direction w,. The second part of the equation,
Jo fr(z,ws, we) Li(x, w;) (w; - n)dw;, describes the amount of incident radiance to-
wards the point x that is being reflected again in direction w,. In other words, the
rendering equation at some point z equals the amount of light that the point emits
in a given direction w,, plus the amount of light that bounces off the point x towards
the same direction w,.

Lo(,w,) = Lo(z,w,) + /Q Fol, wi, wo) L, w) (w; - n)dw, (3.1)
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To render images using the rendering equation, we need to understand the integral
in further detail. Consider that the irradiance towards a point x can be expressed
as the integral of incident radiance from all directions in z’s hemisphere Q2. Thus
to evaluate the irradiance towards z, we want to find the incident radiance from
all individual directions into z. Simply evaluating all directions into z would be
unreasonable, so we have to approximate the integral in some way. For now, assume
that we can iterate over all incoming directions, and focus instead on how to calculate
the incident radiance from one direction. We split the integral into three parts; First,
the bidirectional reflectance distribution function (BRDF) f,(z, w;, w,). The BRDF
describes the fraction of light incident from direction w; that is also reflected in
direction w,. Second, the dot product w; - n between the surface normal n and
the incoming direction w;. This dot product describes how the irradiance from
point z, coming from direction w;, is weakened by the angle between n and w;.
Finally L;(z,w;) is the incident radiance towards the point = from direction w;. As
mentioned, together, these three parts describe the light that hits a point = from
direction w; and is reflected again in direction w,.

To reach this understanding, we assumed that we could iterate over all incoming
directions in z’s hemisphere. This assumption does not hold. Iterating all incoming
directions would take an infinite amount of time and resources; thus, we need to
find a way to evaluate the integral without calculating all possible values. Kajiya
proposes to approximate the integral using Monte Carlo integration [12]. In doing
this, we trade processing time for potential noise in the rendered image, i.e., the
more samples we take of the integral, the less noise we have in the image.

Note that the rendering equation is recursive since the irradiance in one point is
dependent on the incoming radiance towards that point. Thus to evaluate the
rendering equation at one position, we have to evaluate the rendering equation at
all positions were the outgoing radiance of that point contributes to the incoming
radiance of the current point, and so forth. To provide a method of evaluating this
recursive structure, we utilize ray tracing within the scene.

While it might seem logical to start tracing rays from the position of each light within
a scene, this would be extremely inefficient. Consider all the light rays emitted from
each light that never ends up at the viewer’s eye. There is no way of knowing which
rays these are when starting ray tracing at the light position, and so we would waste
resources tracing rays that never contribute to the final image. Instead, we start
tracing light rays at the viewer’s eye and into the scene, effectively tracing light rays
backward. This is often referred to as backward ray tracing.

To achieve this, we send one ray into the scene for every pixel on the image be-
ing rendered. Once the ray intersects an object within the scene, we evaluate the
rendering equation at this position. Evaluating the rendering equation requires us
to send a new ray into the hemisphere €2 of that point, and evaluate the rendering
equation at the new intersection position, and so forth. This recursive process is
stopped once the next ray either does not hit any object within the scene or when
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Eye

Figure 3.1: The recursive process of path tracing performed on a simple scene.
The solid arrows represent the light ray originating in the pixel. The dashed arrows
represent direct sampling of light at each position where the solid arrow ray path
intersects an object.

it hits a light. See Figure 3.1 for a visualization of this recursive process.

In some scenes, the probability of a ray hitting a light might be very small or
none at all, causing light rays to be potentially unbounded in length. To avoid
wasting resources, we want to avoid light rays becoming too long. We achieve this
by bounding the light rays using Russian Roulette [27]. Russian Roulette randomly
stops recursion, cutting the light rays short with a random probability every time
we trace another ray recursively. Additionally, with such a low probability of hitting
a light, only those few ray paths that hit a light eventually contribute to the final
color of a pixel. To find those paths more often, it turns out we can split the integral
in the rendering equation into two separate parts, one part representing the direct
light and one part representing indirect light. In other words, the light that comes
directly from a light source, and the light that has bounced off other points within
the scene, before hitting the current point. To account for this, we trace multiple
rays recursively at every intersection point, one ray towards every light, and one ray
towards a random direction in the hemisphere. Note that the ray being sent directly
towards each light only contributes to the points illumination if it reaches the light
and is not blocked by some object within the scene. Tracing separate rays for direct
and indirect light at every intersection this way is often referred to as next event
estimation. See Figure 3.1 for a visualization on how this works.

To generate images using this method, we trace rays from each pixel in the image
multiple times. We combine the results for all rays originating at a pixel by averaging
the results for that pixel. The number of times we trace a ray from a pixel is often
referred to as the number of samples per pixel (spp). See Figure 3.2 for an example
of how the different number of samples affect the final result. Note that taking
additional samples for all pixels corresponds to taking more samples of the Monte
Carlo integration of the rendering equation, and thus it reduces noise in the final
render.
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Figure 3.2: Showing different stages of the path tracing process, having traced
different amount of samples per pixel. From top to bottom, left to right: 1spp,
8spp, 16spp, 256spp and 512spp

3.1.1 Depth of Field

Depth of field (DOF) is the distance between the nearest and farthest point in an
image where objects are considered to be in acceptably sharp focus. All objects
outside this area are thus considered out of focus. DOF is a widely used effect by
artists and photographers. It is commonly used to draw attention to specific areas
in a frame or to improve the visual appeal in the final image. An example of depth
of field is shown in Figure 3.3.

Whether or not an object is considered to be acceptably sharp is determined by the
circle of confusion. The circle of confusion is a measurement of the area in which
light rays from a single point collapse and form a circle on the camera sensor. The
circle of confusion size is determined by the camera’s aperture and focal length, as
well as the size of the medium displaying the image. In general, a point is considered
acceptably sharp when the circle of confusion is smaller than a single point on the
medium were the image is displayed. In our application, a point is thus considered
acceptably sharp when the circle of confusion is smaller than the area covered by a
single pixel.

10
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Rendering DOF using ray tracing was introduced by Robert L. Cook et al. in 1984
[7]. By sending rays through a virtual lens before they enter the scene, we can
simulate how light refracts on hitting the lens of a real camera. In a real camera,
it is the bending of the light as it passes through the lens that causes DOF effects.
Accurately simulating how light rays bend through a glass lens before they pass into
the scene would undoubtedly produce DOF effects in our final render. However, by
utilizing our virtual lens properly, we can significantly simplify the process, avoiding
many calculations needed to simulate the bending of light rays as they pass through
the glass of the lens.

To render DOF using our virtual lens, we need to determine a focal distance fp as
well as an aperture A of the lens. Note that in a regular camera, one cannot change
the focal distance directly. Instead, the focal distance is a result of changing the
aperture as well as the focal length.

Having values for both fp and A, rendering images with DOF effects is reasonably
straight forward. For every primary ray R that was being sent into the scene from a
pixel, we instead generate a secondary ray S. The secondary ray S has its origin at
the lens and travels into the scene similar to how R did. We use this secondary ray
as the light ray that contributes to the color of the original pixel where R originated.
As a result, we effectively have a light ray that originates in the pixel and bends as
it goes through the lens.

To generate S, we need to find an origin position Sp as well as a direction Sp. To
find the origin Sp, we sample a position on the lens using the radius A and set Sp
to that sampled position. To find the direction Sp, we use the focal point fp in the
scene and get the direction between the fp and Sp. We get that Sp = | fp S . To
calculate the focal point fp within the scene, we use the focal distance we deﬁned
and the direction of the primary ray Rp; we get that fp = fp * Rp.

Figure 3.3: A comparsion between the same image rendered with and without
depth of field.

11



3. Theory

3.2 Image Denoising & Reconstruction

As mentioned in Section 3.1, the amount of noise in an image is dependent on how
many samples per pixel we take for that image. The amount of noise in an image
is therefore highly dependent on the amount of time we can spend rendering that
image. For offline rendering applications, this might be several hours. In interactive
applications, we do not have the privilege of such large amounts of time per frame.
Instead, for an interactive application at 30fps, we could only spend around 33
milliseconds rendering per frame.

In practice, noise is unavoidable in most scenes. Even for offline rendering, any
reasonably complex scene with a reasonable amount of rendering time produces
some noise. It is thus a vital part of the rendering process to apply some denoiser
as a post-processing effect after Monte Carlo rendering has been completed. There
are many examples of production level renderers doing so [2, 6].

Applying a denoiser as a post-process is not the same as an approximation of the
rendering equation. A side effect of this is that it is not as accurate, and can
introduce artifacts into the final render. The benefit of the denoiser is that it is
significantly faster than collecting more samples per pixel. In an optimal scenario,
we would be able to build a denoiser that produces similar enough results that the
difference would be barely noticeable.

For offline rendering this is certainly possible [2, 6]. We can spend a significant
amount of time running a denoiser for each frame since producing noise-free images
by adding additional samples would take large amounts of time. Additionally, given
a reasonable amount of time spent rendering, there is a lot of information available
for a denoiser to work with. We can thus apply sophisticated filters and produce
high-quality results.

For interactive rendering applications, we are not so lucky as to have such favorable
conditions under which to apply a denoiser. The amount of information available to
an interactive denoiser is in the approximate range of a handful of samples per pixel,
compared to the hundreds or even thousands of samples for an offline denoiser. Ad-
ditionally, we cannot spend as long performing the denoising operation. Again, take
an interactive application at 30fps where rendering and denoising combined would
now have to be performed in around 33 milliseconds. Considering these factors,
the complexity of interactive denoising of Monte Carlo sampled images becomes
immediately apparent.

12
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3.3 Deep Learning

We assume that the reader is knowledgeable in most basic machine learning concepts.
However, since large parts of the thesis consist of work on a deep learning model, we
spend this section explaining some of the core concepts we use to develop our model.
In particular, we describe the basics on convolutional neural networks, explain what
an autoencoder is and how they can be used to reconstruct data, as well as talk
briefly about max pooling. More in-depth descriptions can be found in the book
Deep Learning [10].

3.3.1 Convolutional Networks

A convolutional neural network (CNN) is a type of neural network introduced by
LeCun et al. in 1989 [14], which uses convolutions instead of matrix multiplication
in at least one of its layers [10]. CNN’s can be used for processing data in any form
of a grid, but are mainly used for analyzing visual media.

In general, convolution is a mathematical operation that calculates the integral
of the product between two functions F(x) and W(z) [10]. When working with
convolutions in CNN’s we often refer to F'(z) as the input and W (x) as the kernel
of the convolution.

The mathematical definition of a convolution applies to any two functions. In the
context of CNNs, we can redefine and simplify the convolution slightly to better
fit our purpose. Working with different types of media on the computer, we often
represent the media using a discrete set of values. Consider, for example, an image
represented as a 3-dimensional matrix. Representing an image this way, we can read
the input F'(x) as a matrix of values. We assume that similarly, the kernel W can
be represented using a matrix. The product between these two functions R = F'x W
is then equal to the element-wise matrix multiplication between their matrices. It
follows that the convolution is calculated as the integral over R. Since the possible
values of R are entirely represented by the output matrix, calculating the integral
corresponds to summing all elements in matrix R.

While this represents a valid convolution, it is uncommon that the size of the kernel
exactly matches the size of the input. In theory, given a few restrictions, we can
choose any kernel size. The number of dimensions in the kernel must remain the
same as in the input. Additionally, it is important that the depth, or the number of
channels, in the kernel remains the same as the channel count of the input. Keeping
these restrictions in mind, we can change the size of the kernel as we see fit. In
practice, it is common that the kernel size remains rather small. Keeping the kernel
size small keeps the number of trainable parameters down, as it is the values within
the kernel that change during training.
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Figure 3.4: An example of applying a 3x3 kernel to a 2-dimensional image. We
start the sliding position with the kernel in the top left most corner of the input,
each sliding step the kernel is moved one step towards the right. Once the kernels
right edge reaches the right edge of the input, the next step the kernel is wrapped
around to the left side of the input and moved down one step. We keep sliding
the kernel until the bottom right corner of the kernel hits the input’s bottom right
corner.

Changing the kernel size, even with these restrictions in mind, breaks the element-
wise multiplication between the input and the kernel. To correct for this, we add
an extra step to the convolution process. With a smaller kernel size, there are not
enough values in the kernel to perform element-wise multiplication with the input.
Instead, we slide the kernel along the dimensions of the input. We skip sliding
along the depth or channel dimension since its size remains the same. While sliding
the kernel along the input dimensions, we perform a convolution at each position,
resulting in the application of the same small kernel across the whole image. The
output matrix is then the derived scalar for each convolution placed at the kernels
center position. See Figure 3.4 for an example of this process.

The attentive reader might have noticed that sliding the kernel along the input
this way can potentially reduce the dimensions of the final matrix compared to the
input. This happens because the center of the kernel never reaches the edges of the
input. We can solve this problem by applying padding to the edges of the input.
Essentially we pad the input with zeros in all dimensions but the channels, allowing
the center of the kernel to reach the edges of the input. As a result, the dimensions
of the output matrix matches that of the input.

During training, the values in the kernels are changed to detect different features

in the input. To illustrate the usefulness of such kernels, we provide a few example
kernels and the result of applying them to images. See Figure 3.5.
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Original images provided by Michael Plotke. Licensed under CC BY-SA 3.0. The above
image has been modified and is licensed under the same license. Original content accessed
from https: //en. wikipedia. org/wiki/Kernel_ (image_ processing)

Figure 3.5: The results of applying a few different types of sliding convolution
kernel across an image. The first kernel produces an approximation to the 3x3
Gaussian blur, the second produces a sharpness effect, and the final kernel is an
edge detector.

3.3.2 Pooling

Pooling is a type of layer often used in convolutional neural networks. It takes
some input and reduces the dimension of that input, in turn reducing the number of
trainable parameters and computations needed to evaluate the network. By reducing
the number of trainable parameters, it also helps avoid overfitting the network.

Reducing the input’s dimensions is done by grouping the values in the input, and
deriving a new value for each group. The size of output from the pooling layer
depends on the stride and size of the pooling layer. Derivation of a new value for
each group can be performed in multiple ways, the most common of which is using
the max operator.

Performing the pooling operation is similar to how sliding the kernel across the
input works in CNN’s. We explain the process using the max operator and thus
explain the process of a max-pooling layer. A filter, similar in concept to the kernel
in convolutions, is slid along the dimensions of the input. Each time it moves some
number of steps over the input corresponding to the stride of the layer. Each filter
evaluation, the maximum value in the input that overlaps the filter, is taken as the
value of the output matrix. See Figure 3.6 for an illustration of the process.
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Figure 3.6: Illustrates the process of a max pooling layer. The pooling layer has
a filter size of 2x2 and a stride of 2. Each color represents the area covered by one
filter application.

Encoder Decoder

Input —i> — > Code — = —t> Output

Figure 3.7: An autoencoder with a deep neural network on each side of the code.
The encoder converts data into the internal code. The decoder takes the code and
tries to reconstruct the original input provided to the encoder.

3.3.3 Autoencoders

Autoencoders have been part of machine learning research and applications for many
decades [10]. In recent years, they have been one of the most prominent methods in
generative modeling [10]. The applications of autoencoders are many, both in image
processing and other areas, but some relevant works include lossy image compression
[33] and anomaly detection [1].

In its most simple form, an autoencoder is a neural network that attempts to learn
to copy its input to its output. Autoencoders consists of two separate operations
as well as an internal data representation often referred to as the code. The two
operations lie on each side of the code, effectively converting data to and from it.
The encoder takes some input x and applies a function F(x) = h, converting an
input x to code h. The second operation, known as the decoder, takes input in the
form of a code h and tries to reconstruct the original input x again by applying
another function D(h). Figure 3.7 shows a basic autoencoder setup that uses this
structure.
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A neural network that copies its input over to its output would not be particu-
larly useful. Instead, autoencoders are built only to be able to copy their input
approximately. It is essential that the autoencoder cannot merely learn the identity
function to perfect its training. There are multiple ways to ensure this does not
happen, and different solutions result in different types of autoencoders. In turn,
different autoencoders are used to learn different properties.

Restricting the dimensions of the code h to be lower than that of the input x is one
way to ensure the autoencoder does not learn the identity function. If the code has
a lower dimension than the input, it is impossible for E(x) = h to be true if E is
simply the identity function, since the encoding function E is required to encode
the input in some other way. Autoencoders that follow this principle are known as
undercomplete autoencoders. Given this restriction, undercomplete autoencoders
try to minimize a loss function L(x, D(F(x))), where L is a metric that penalizes
the network for the reconstruction result D(FE(x)) being different from the original
input x.

An autoencoder type that is of particular interest in this thesis is the denoising
autoencoder (DAE). Instead of restricting the dimension of /4 to avoid learning the
identity function, a DAE is trained to reconstruct a corrupted version x’ of the input
into the uncorrupted version x. The loss calculation is given by L(x, D(E(x’))). By
carefully inspecting the loss function, it is clear that learning the identity function
would not be optimal, since x’ # x.

We can indeed utilize DAEs when trying to denoise Monte Carlo renderings, in
fact, the concept is quite straight forward. Take the original input x as a render
of reference quality, and the corrupted input x’ as a render of the same frame, but
with a significantly lower sample count. We can then train the DAE to reconstruct
the reference quality frame from the lower sample count version. While it is straight
forward to apply the concept of autoencoders to denoising Monte Carlo renderings,
it is far from trivial to have the autoencoder learn the proper encoding and decoding
functions. We walk through our implementation of these functions in Section 4.3.1.

When reducing the dimension of the input significantly in some manner, e.g., using
convolutions or max pooling, we may lose essential information to the reconstruction
process [19]. Mao et al. show that we can retain detail in the reconstructed image
by adding skip connections between convolution and deconvolution stages. Clean
inputs pass through skip connections, allowing the deconvolution step to combine
convoluted and clean inputs, retaining detail in the final output. Chaitanya et al.
show that a similar approach can be taken with an autoencoder [5]. In an au-
toencoder, we add skip connections between encoder and decoder stages, effectively
achieving the same result as Mao et al.
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Methods

In this chapter, we provide an in-depth description on the implementation of the
applications developed during our thesis. In Section 4.1, we give an overview of all
systems and how they work together. In Section 4.2 we detail the implementation
of a path tracer. Finally, in Section 4.3, we describe the development of a denoiser
that can process images with DOF effects, produced by the path tracer described
in the previous section.

4.1 Overview of System Setup

The system can be split up into two separate subsystems, a path tracer, and a
learning-based denoiser. These combine into a system that tries to train a learning-
based denoiser to reconstruct Monte Carlo sampled images with low sample count
into images of comparable quality to one with a higher sample count.

To train the denoiser, we need access to a training and evaluation dataset. We
must be in full control of generating the dataset, to allow any form of customized
generation of data points, potentially improving convergence significantly.

To generate the dataset, we developed a path tracer. The implementation is ex-
clusively in C++ and is entirely CPU based. The path tracer renders a provided
configuration, specifying the scene, render quality, animation frames, lights, and
output folders. For each configuration, the path tracer produces all necessary data
points for the denoiser to train and evaluate its performance. Images are rendered as
512 by 512 pixels and are being saved to disk continuously as they finish rendering.
The denoiser then reads the files from disk during initialization of the datasets.

The denoiser is a neural network based on the DAE concept. The network is con-
figured to train on data generated by the path tracer. For each training session,
the network tries to learn the appropriate behavior of reconstructing images from a
single scene. Depending on the configuration, the path tracer renders a few hundred
or a few thousand frames. The network is then configured to train on a subset of
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all rendered frames, and evaluate its performance on the remaining frames. Gener-
alization of the network is thus in the context of a single scene.

During a training session, the best weights and losses for the network are con-
tinuously saved to disk, allowing for evaluation and visualization of the network’s
performance throughout the training session. Additionally, we can later use each
saved model in a separate application by loading the network back into memory and
use it solely for denoising purposes.

4.2 Path Tracer

While the aim of the path tracer is not to be a production-ready image renderer,
we have to produce images of sufficient quality to evaluate the performance of the
denoiser. To properly assess the performance of the denoiser, it is important that
our path tracer is capable of rendering images of comparable quality to the ones
that would typically be used in a real-time rendering application. To produce such
renders, a set of key features were identified as essential parts of the path tracer. The
following sections walk through each feature in detail. Here we provide a general
summary of the path tracer’s execution life cycle. We suggest that readers refer
back to this summary as they read through the upcoming sections.

The execution process of the path tracer follows the description given in Chapter 3
rather closely. Originating at the camera position, we trace a ray towards the scene
in a direction determined by considering the position of the pixel, and the lens’ focal
length and aperture. We use Intel Embree [35] to trace the ray throughout the scene.
If Embree reports a hit within the scene, we evaluate the rendering equation at that
position. If not, we determine the result of that ray from the scene background.
Evaluating the scene background consists of determining what position the ray hit
our environment map and use that point as the final result of the ray traversal.

Evaluating the rendering equation is done in three steps. First we perform direct
light sampling by picking a random light in the scene and trace a shadow ray from
our point towards the light. If the shadow ray intersects another object within the
scene before hitting our light, we determine the point where the ray originated to
be in shadow. In this case, the light does not contribute to the illumination of the
originating point. If the shadow ray reaches the light, we evaluate the contribution of
illumination to the originating point provided by the light. Second, we importance
sample the BRDF for the next ray direction to continue tracing the ray. The BRDF
is evaluated using the newly sampled direction. Third, we recursively trace the
sampled path from the BRDF within the scene using Embree and evaluate the
rendering equation at each point of intersection. We stop recursion once the ray
does not hit an object in the scene, or the ray is canceled from Russian Roulette.
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4.2.1 Lighting

To properly light the scenes used during the thesis, we deemed it necessary to
implement two types of light sources. First, an environmental light source that
could be used to increase realism. Second, a positional based light that could be
used to light specific areas of a scene with higher precision. These two types of light
certainly do not cover all lighting situations but are enough to produce sufficient
training material.

We implement support for environmental lighting by loading and sampling HDRI
images. Images are loaded into a simple data structure that can be sampled using
UV-coordinates over the image. We also construct a 2D-Distribution over the in-
tensity along the texels for each HDRI map. We use this distribution to importance
sample the environment light, allowing us to improve convergence significantly while
using environment lights [27].

For positional lights, we implemented one-directional area lights. These lights are
importance sampled with the reciprocal to their area, significantly improving con-
vergence.

To improve convergence and overall speed further, we implement next-event esti-
mation, multiple importance sampling [27] when sampling all types of lights, and
single light sampling [27] to improve speed in scenes with multiple light sources.

4.2.2 Materials & Shading

An essential part of having the path tracer generate realistic visuals are good sim-
ulations of different types of materials. Different types of material models allow for
the simulation of different materials. We must choose a model capable of rendering
all the materials we need. The subset of materials that we require is reasonably
small, and so a relatively simple model is appropriate.

Our path tracer implements support for diffuse and specularly reflective materials.
We implement diffuse materials through the Lambertian BRDF, and specularly
reflective materials through a partly implemented GGX[36] BRDF. When defining
each material, we have to specify the base color, emission color, metallic ratio, index
of refraction, and roughness parameters. We read these parameters through textures
that are mapped onto each object, allowing parameters to vary across the surface
of an object, improving detail further.

We decided not to implement support for refractive materials. Some of the scenes
rendered using the path tracer would undoubtedly have looked better with sup-
port for refraction, but it is not a requirement to evaluate the performance of the
denoiser. Implementing support for these types of materials would have been too
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time-consuming. However, the GGX BRDF is fully extendable to support such
materials as well [36].

In some shading models, roughness is referred to as shininess; these two parameters
describe the same phenomena. In our model, we use the roughness parameter,
while in the scene archive were we retrieved our scenes [21], the material files use a
shininess value. To correct for this, we convert the shininess value from the scene
files into roughness while loading the scene. We apply a simple formula given in
equation 4.1, where R is the roughness and S the shininess of the material. This
formula converts shininess values in the approximate range 0 — 5000 into roughness
values in the range 1.0 — 0.02.

R = max(,/2/(S + 2)),0.02) (4.1)

4.2.3 Depth of Field

When adding support for DOF in a path tracer, there are multiple levels of com-
plexity one can choose. We implement a relatively simple model by replacing the
usual pinhole camera model with a thin lens approximation [27]. Our shutter is a
simple circular shape, and we do not support changing between different types of
camera models. Our implementation closely follows the description given in Section
3.1.1.

Given the circumstance in which we are rendering, DOF is perhaps one of the more
essential features in our path tracer. It is important to consider how different types
of implementations might impact the results. It turns out that the simple thin lens
approximation serves our purposes quite well. Adding support for additional features
such as different types of shutter shapes would significantly increase the complexity
of the denoiser’s task. It seems appropriate that one would try to achieve good
results with a simple DOF model, and then add additional complexity later.

4.2.4 Auxiliary Features

To improve the convergence of the denoiser, we provide a set of auxiliary feature
frames as input to the network. We get back to this and provide further detail in
Section 4.3.2. It is thus a requirement for our path tracer to produce these auxiliary
feature frames. In particular, the path tracer needs to support rendering frames
with albedo, normal, roughness, depth, and circle of confusion maps.

Rendering most of these frames is relatively straight forward. When determining

the direction of the primary ray, before sampling a position over the aperture of the
lens, we check if the current path tracer configuration tells us to render an auxiliary
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Figure 4.1: Shows all auxiliary buffers rendered by the path tracer. From left to
right: Albedo, Circle of Confusion, Normal, Depth, Roughness.

frame. If we are rendering any auxiliary frame except for the albedo map, we skip
sampling the lens. Effectively resulting in all auxiliary frames except the albedo map
having no DOF effects applied, we provide further motivation on this decision in
Section 4.3.2. We trace the primary ray in the scene using Embree, and if we hit an
object, we evaluate the value for the auxiliary frame. For the albedo and roughness
maps, this evaluation is straightforward. We read a value from the material that the
primary ray hit and return it as the result. For normal, depth and circle of confusion
maps, things are slightly more involved. Note, however, that none of the auxiliary
frames are recursively traced during rendering. We stop tracing paths within the
scene after the primary ray has hit a surface.

When reading the normal from the position in the scene hit by the primary ray,
we get a normal in world space. One could argue that our denoiser works in view
space, always looking at the scene from the camera’s point of view. It thus seems
appropriate that we should convert the normal to view space before giving it to
the denoiser. Additionally, to map each direction onto a color channel, we apply a
mapping to the direction of the vector in each dimension as given in Listing 1.

auto remappedNormal = vector3(
(normal.x + 1.0f) * 0.5f,
(normal.y + 1.0f) * 0.5f,
(-normal.z + 0.5f) * 0.5f,
);

Listing 1: Shows how viewspace normals are converted into appropriate RGB
channels being saved to disk and eventually sent as input to the denoiser.

We evaluate the depth of a point within the scene by reading data from Embree.
Once Embree returns that the primary ray hit an object in the scene, we query for
the length of the ray. Since this primary ray vector originates in the camera, the
length of the traced ray equals the depth within the scene relative to the camera.
However, a depth buffer is commonly represented with values in the range 0 — 1
while the depth value provided by Embree can be any positive number. Rendering
this buffer to an image thus requires a remapping of the depth value. The mapping
is highly dependent on the scene being rendered. We remap the value by dividing
the depth value provided from Embree by an approximate total depth of the scene,
which we specify manually for each scene.
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Evaluating the circle of confusion map at a point within the scene is the most
complicated auxiliary feature. We refer the reader to Section 4.3.2 for the reasoning
behind the design of this auxiliary feature. In the following paragraph, we describe
the value we seek and how we calculate that value.

For each point in the scene where the primary ray hit, we want to determine whether
or not we are within the acceptable area of depth of field for the observer to determine
the object in focus. If we are within this area, we want to express that. If not, we
want to express how far away from this acceptable area we are. First, we have to
determine two values that apply for the entire scene; An acceptable and a maximum
circle of confusion size we expect to see within our scene. These values are not the
same for every scene but depend on the size of the scene. As such, they have to be
determined on a scene by scene basis. Second, we calculate the circle of confusion
at the point where the primary ray hit the scene. We use this value to calculate the
difference between the determined maximum circle of confusion size and the actual
size. We then divide this difference by the scene maximum to get a value between
0 — 1. The closer this value gets to 0, the less in focus the point is. See Listing 2
for the actual code used during the rendering of Fireplace.

const auto distanceHitToLens = distance(
primaryRayHit.position,
camera.getPositionVector ()
);
const auto distanceBetweenCameraAndImgPlane = 1.f;
const auto circle0fConfusionInMM = camera.aperture * (
abs(distanceHitToLens - camera.focalDistance) /
distanceHitToLens
) * (
distanceBetweenCameraAndImgPlane / camera.focalDistance
) * 100.f;

// Ezample values used during training for our sceme "fireplace.
const auto acceptableCoCSizeInMM = .65f;
const auto sceneMaxCoCSizeInMM = 15.f;

auto pixelColor = 1.f;
if (circleOfConfusionInMM > acceptableCoCSizeInMM) {
pixelColor = (
sceneMaxCoCSizeInMM - circleOfConfusionInMM
) / sceneMaxCoCSizeInMM;

return vector3(pixelColor);

Listing 2: Shows the code used for rendering the circle of confusion map during
the fireplace scene
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4.2.5 Importing and Animating Scenes

Being able to iterate on scene setups quickly is an integral part of producing high-
quality training data. Support for importing scenes produced in a modeling software,
where we can quickly perform changes to the scene setup, is thus a crucial part of our
application. We implemented a system capable of importing scenes from the FBX
file format, in combination with loading a custom configuration file. By utilizing
both of these files, we support importing scenes with models, materials, textures,
area lights, environmental lights, cameras, and animations.

When training neural networks, the training data must be diverse enough that the
network performs well on the validation set. To generate data points with enough
diversity, we need a mechanism to produce multiple different frames within a scene.
The path tracer supports animating the position, rotation, focal length, and aperture
of the camera. We use this to perform scene fly-throughs, where we progressively
change the focal length and aperture, resulting in the animation of DOF effects
throughout the fly-through.

Animations work by reading and interpolating keyframe data from the imported
FBX file and the custom configuration file. For each frame, we find the two closest
keyframes and read their values. We linearly interpolate between these two values
with our current frame as the time parameter and update the appropriate value on
the camera before rendering the next frame.

4.2.6 Performance & Efficient Rendering

Rendering the approximately 3500 frames used during training in reference quality
was going to be unreasonable unless a few performance improvements were made.
Since the path tracer is entirely CPU based, rendering is relatively slow compared
to many production level renderers. While production-level performance is not a
requirement, the path tracer needs to be fast enough that rendering a significant
amount of training data can be done without limiting the progress of the thesis. We
managed to secure resources on SNIC, a computing cluster available to researchers
and students at Chalmers, reducing the need for performance improvements slightly,
but not eliminating it. Since there is no graphical context available on the SNIC
cluster, we had to make sure that the path tracer could run entirely without it by
eliminating OpenGL from the implementation.

Evaluating the performance of the path tracer, it was immediately clear that thread
utilization was far from optimal — a crucial issue when running computations on a
computing cluster. Multithreading had been naively implemented using OpenMP by
specifying that the loop over each pixel should be performed in parallel, resulting in
massive CPU spiking with CPU utilization jumping between 70 — 90%. We resolved
this by dividing each frame into 16 by 16 pixel rendering jobs. We initialize a thread
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pool that picks from these rendering jobs and reports back when a block has finished
rendering, resulting in the path tracer utilizing between 90 —100% CPU at all times,
a significant improvement from before.

We also found that the path tracer was spending a significant amount of cycles
sampling the BRDF. To mitigate this, we combine the BRDF sampling of the next
bounce within the scene and the BRDF sampling for multiple importance sampling.
Effectively halving the number of times we sample the BRDF. Additionally, we
introduced a cache where we store values that are used multiple times during the
evaluation of the material. We also introduced fast inverse square root [17] in areas
where accurate normalization is not a crucial part of the calculation.

4.3 Denoiser Implementation

The development of the denoiser is based on the work presented by Chaitanya et
al. [5]. Here we present our approach to reproducing their results, as well as ex-
tending their work to support images with DOF effects. The network we develop is
not identical — even without support for DOF effects — to the one developed by
Chaitanya et al., but has been modified to improve convergence during our testing.

Our implementation uses Python and PyTorch [26] to define, train, and evaluate the
network. We perform training and evaluation on the GPU using PyTorchs’ built-in
GPU support. Due to not having an appropriate GPU available, we initially tried
training and evaluating the network on the CPU. Our CPU implementation worked
well for testing and developing the network, but resulted in unreasonable training
times once we run training sessions with more comprehensive data sets.

-------p Skip connection @ Encoder Convolutional Block @ Decoder Convolutional Block ﬂ:ﬂ m::r::tolug?gabour

Figure 4.2: Shows the structure of the denoiser.
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Figure 4.3: Shows the way in which each convolutional block is constructed. The
encoder block shown is the first block in the full network, and the decoder block
is the first decoder block in the full network. All blocks follow the same structure,
except the last decoder block in which the Leaky RelLU activations are gone.

4.3.1 Denoiser Network Setup

The denoiser is a DAE where the encoder and decoder are built up of what we refer
to as blocks of convolutions. We also utilize skip connections between correspond-
ing encoder and decoder stages like explained in Section 3.3.3. The input to the
network is a single deep image, and the output is a 3-channel image representing
the illumination at each pixel. Both the input and the output are covered in further
detail in Section 4.3.2.

In the encoder, each block represents three 3 by 3 convolutions. Each convolution
has a padding of one and is activated using Leaky ReLU [18], with parameter o =
0.1. Each encoder block increases the channel count of the deep image as it passes
through the block. The increase in channel count happens in the first convolution,
and the two following convolutions then operate on the increased number of channels.
Figure 4.3 illustrates the channels changing over the convolutions inside each block.
Between each encoder block is a 2 by 2 max-pooling layer, effectively halving the
size of the image every time it passes through a block.

The decoder blocks are represented by two 3 by 3 convolutions and a concatenation of
the input from the encoder-decoder skip connection. Each convolution has a padding
of one and is again activated using Leaky ReLU [18], the exception being the last
decoder block which skips activation entirely for all convolutions. Concatenation of
the skip connection is performed before any convolutions are applied, which means
that the channel count in the first convolution is twice that of the output from the
last block. The first convolution reduces the channel count to the same as the one
provided by the output of the previous block, before the next convolution increases
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it again. See figures 4.2 and 4.3 for illustrations on how this works. Between each
decoder stage, we perform a 2 by 2 nearest neighbor upsampling.

The smallest block, or the bottleneck, is very similar to the encoder blocks. The
difference is that none of the convolutions change the channel count. Before the
bottleneck, max-pooling is applied to fit the data into the bottleneck. After the
bottleneck, we apply upsampling to allow the data to pass into the next decoder
stage.

Chaitanya et al. make heavy use of recurrent connections to improve their results.
We tried implemented recurrent connections similar to Chaitanya et al. in our
encoder blocks, but saw no significant benefits in performance. It is likely that the
missing performance gain was due to improper implementation. However, due to
time restrictions, we moved on with the thesis. As such, we do not have recurrent
connections as part of our final implementation.

The network has five encoder stages, five decoder stages, and one bottleneck. Chai-
tanya et al. propose that the channel count for each block-pair be 32,43, 57,76, and
101. These channel counts worked well before incorporating DOF effects. However,
when adding support for DOF effects, we provide additional inputs to the network
as detailed in Section 4.3.2. It seems appropriate to allow the network a correspond-
ing amount of additional channels to learn the new input. We found that increasing
the channel count for each block-pair worked well. The new channel counts for each
block-pair are 36,48, 64, 85, and 113.

4.3.2 Denoiser Input & Output

The DAE takes input in the form of a deep image. A deep image is a collection of
images where the channels have been concatenated, forming a deeper image with
more channels. Inspired by Chaitanya et al. we provide the network with albedo,
normal, roughness, and depth maps to perform denoising on images without DOF.
To try and add support for DOF, we concatenate an additional auxiliary feature on
the deep input image.

We want to provide the denoiser with information on whether a specific point on the
image is in focus or not. Additionally, since points outside of the acceptably sharp
area can vary significantly in their sharpness, the network must be able to determine
how out of focus a point is. To achieve this, as explained in Section 3.1.1, we evaluate
if the circle of confusion is small enough to evaluate each pixel as acceptably sharp.
If it is not, we calculate how out of focus this pixel is relative to other pixels in
the frame. We have developed a method for rendering a frame that represents both
of these aspects. See Section 4.2.4 for more details on its implementation. See
Figure 4.4 for a visualization of how the circle of confusion frame might look in a
few different scenarios.
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Figure 4.4: Shows the circle of confusion buffer for different times in the scenes
fireplace and living room. The fully white area represents the area in the scene
where the frame is acceptably sharp. For the rest of the frame, the brighter an area
is, the more in focus that area is considered.

In providing the denoiser with an auxiliary frame representing this information, the
hope is that it manages to reconstruct areas in and out of focus differently. In areas
where the focus is, or moves towards, acceptable, having a clear differentiation be-
tween edges in geometry is important. In areas where the focus is not as acceptable,
it is most likely more useful to find the average color over a specific area in the scene.

The output from the network is an image with 3 channels representing the illu-
mination at each pixel on the input frame. We follow the procedure described by
Chaitanya et al. to avoid having the network reconstruct fully textured scenes. We
apply demodulation of the noisy single sample input and the reference output by the
albedo map before training the network on that input/output pair. A re-modulation
by the albedo map is then made once the network has finished the reconstruction of
the illumination to get the final result. Specifically, demodulating refers to dividing
the input and reference frames by the albedo map. Re-modulating then refers to
multiplying the albedo map back into the frame.

An important part of the work by Chaitanya et al. is that the auxiliary buffers can
be rendered using only one sample per pixel. If we start increasing the number of
samples while rendering the auxiliary buffers, we effectively increase the number of
samples per pixel required as input to the denoiser, which, of course, defeats the
purpose of a denoiser which aims is to reconstruct images with low sample counts.

Not being able to take more than 1spp for each auxiliary buffer becomes a problem
when we add support for DOF in the path tracer, as the primary ray becomes non-
deterministic. Through experimentation, we ended up ignoring the DOF effects
for all auxiliary features except albedo. It turns out that we can get the network
to recognize the effects of DOF by doing this. For the albedo buffer, we cannot
simply ignore the DOF effects, however. Because we perform the demodulation of
the noisy input and reference output using the albedo buffer, without DOF effects,
the demodulation result becomes incorrect in areas out of focus. Instead, we sample
the albedo buffer using DOF effects and perform training at 1spp and 24spp for the
albedo buffer. We present the results of these different trainings in Chapter 5 and
discuss the side effects and possible improvements to this approach in Section 6.1.
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4.3.3 Generating the dataset

While generating the training and validation datasets, we perform several steps of
data pre-processing. Before any processing is performed, the data consists of an
ordered set of frames from a single scene in size 512 by 512 pixels.

The frames are manually split up into sets of training and validation frames. The
split between training vs. validation is approximately 70 — 80% training data and
30 — 20% validation data. We try to separate the two sets such that the validation
set is not identical to the training set, but still resembles it, which indeed is not too
difficult since most scenes tend to have a common theme throughout.

For each frame in a scene, we let the path tracer render 10 different versions of the
noisy single sample input. We can utilize the same output reference and auxiliary
buffers across all noisy versions, which allows us to increase the amount of training
data tenfold without any significant increase in rendering time.

Chaitanya et al. describe a pre-processing step where they generate sequences of 7
consecutive frames, which seems mostly to be a side-effect of the recurrent nature
of their DAE. Even though we do not implement the recurrent connections in our
denoiser, we utilize this split into sequences to perform data augmentation in a
similar way that Chaitanya et al. do.

Creating the sequences consists of a couple of rather simple steps. First, we chunk
the total number of frames into parts of 7 consecutive frames. For each such chunk,
we iterate over the frames starting at the first frame. Given a 25% probability, we
stop at a specific frame and change the noisy sample input to one of the other nine
available versions, keeping the target output and all other auxiliary features the
same. Effectively this results in stopping the camera, allowing the network to train
on the same frame twice for two different noisy inputs. Second, once a sequence has
been finished, we reverse the order of the frames with a random probability of 50%,
which results in training data where the camera moves in the reversed direction 50%
of the time.

Once the frames in all sequences have been set, before it is ready to be input into the
denoiser, we perform additional pre-processing of each frame. For each sequence,
we pick a random 64 by 64 crop position across the image and rotation by either
90, 180, or 280 degrees. We apply these crops and rotations to each frame within
the sequence. Finally, we perform albedo demodulation of both the noisy input and
reference output at this stage as well.

After all pre-processing has been completed, we store the processed frames in a
NumPy memmap structure. This allows us to fetch the images back into memory
easily during training, allowing us to separate the time spent pre-processing the
images from the actual training of the network and increase overall training time as
a result.
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4.3.4 Loss Calculation

To appropriately penalize all parts of the reconstruction, we construct the loss func-
tion from two separate loss functions by a weighted sum. We have a spatial compo-
nent Lg, penalizing overall loss of quality in the reconstructed image, and a gradient-
based loss function L, penalizing missing edges and features in the reconstructed
image. We weight the two components by 0.8 and 0.2 respectively:

L=08xLs+02x*L, (4.2)

The spatial component calculates the mean of the absolute difference between each
pixel in the reconstructed frame:

1 N

where P is the output from the network, T is the target output of the network, and
1 is each pixel in the frame.

The gradient component is calculated using the Laplacian of Gaussian (LoG). LoG
is a combination between the Laplacian and the Gaussian operators. Laplacian is
used to detect edges in images but is very sensitive to noise. It is therefore common
to apply a Gaussian operator before the Laplacian to lower the amount of noise. We
calculate the gradient loss component as follows:

> (LoG(P) — LoG(T))?

Ly = S LoG(T)? Y

where again P is the output from the network, T is the target output of the network,
and each sum is performed over all elements in the resulting image.

4.3.5 Training the Denoiser

We train our network until we notice a significant and consistent increase in val-
idation loss. We train using the Adam optimizer with parameters 5; = 0.9 and
P2 = 0.99. We use a minibatch size of 4 sequences or 28 frames. During each epoch,
we compare the performance against previous epochs and continuously store the
best loss values. If the current epoch performs better than all previous versions, we
save the network weights to disk and continue with the next epoch. For each epoch,
we also store the training set loss and validation set loss, regardless of whether they
improve or not.

The learning rate is adjusted throughout the training by changing it slightly each

epoch. For the first epoch, the learning rate starts at 0.0001. We increase the learn-
ing rate tenfold during the first 10 epochs using a geometric progression resulting
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in a learning rate of 0.001. After the first 10 epochs the learning rate is slowly
decreased every epoch. The exact learning rate modification is shown in equation
4.5, where FE; is the epoch index starting at 0.

IR 0.0001 * 1.25893% if E; <= 9.
B \/LE—iO.OOOl x 10, otherwise.
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Results

In this chapter, we present the results from various training sessions using the model
detailed in Chapter 4. We start by explaining how the evaluation and measurements
have been set up in Section 5.1. In Section 5.2, we present the results from denoising
with a model that has not been extended with DOF support, and as such tries to
replicate the results from Chaitanya et al. [5]. In Section 5.3 we present the results
of reconstruction having introduced DOF support into the model.

All training sessions, evaluations, and measurements were performed on a machine
running Ubuntu 16.04.6 LTS. The machine uses an Intel Xeon E5-2690 v3 processor,
has 56GBs of RAM, and uses one of the GPUs on a K80 Tesla graphics card.

5.1 Evaluation Setup

To evaluate the performance of each trained network, we have set up a simple Python
script. When evaluating a training session, we load the best available weights for
the network based on the measured training loss. Using the loaded network, we
perform denoising on the complete collection of frames for that particular scene. For
each frame, we measure the time it took to denoise that frame and the structured
similarity (SSIM) [37] between the reconstructed and reference frames. When all
frames have been denoised, we measure the average processing time and SSIM across
all images and report back.

Measuring the time to denoise each frame, we include the actual denoising as well
as the re-modulation of the albedo. We do not, however, include the time it takes
to load the image from disk, perform any metric calculations such as SSIM, or any
other tasks that are irrelevant to the actual denoising process.

Since training sessions are always performed on a single scene, generalization is
always measured on different frames within the same scene. We do not measure
how a network that was trained on one scene performs while processing frames
from another scene. While this type of cross-scene generalization is undoubtedly
interesting, this was not the aim of the network developed for this thesis.
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Scene Average Denoising Time | Average SSIM | # Frames
Cornell Box 5.410 ms 0.904 940
Fireplace 5.250 ms 0.795 998
Living Room 5.373 ms 0.792 910
Sponza (No DOF) 5.103 ms 0.819 778

Table 5.1: Denoising metrics for each scene trained and evaluated during the thesis.
Shows the average time spent denoising per frame, the average SSIM [37] per frame,
and the number of frames used to calculate the average values. All measurements
were taken using a network trained with albedo 24spp.

5.2 Denoising without DOF

We evaluate the quality of the reconstruction before adding DOF support to set
a baseline for comparison. This baseline can then be used when evaluating the
network that has been extended to support DOF. Without knowing how our network
performs before adding DOF, we cannot evaluate how the changes have affected the
reconstruction quality. In this section, we provide results of reconstructing the
Sponza scene using a network that has not yet been extended to support DOF.

Looking at the convergence plot in Figure 5.1, we see that the validation loss reaches
a stable point fairly quickly. The training loss keeps progressing, indicating that the
network lightly overfits towards the training data, which is interesting since most of
the frames in Sponza are relatively similar. We want to note here that the validation
data is slightly darker overall than the training data, which might be the reasoning
behind this behavior. See Figure 5.2, where the first row of images is from the
training set, and the second row is from the validation set.

Overall our results are significantly worse than the ones presented by Chaitanya et
al. We reconstruct the Sponza scene with an average SSIM of 0.819, while Chaitanya
et al. manage to achieve an SSIM of 0.953 for Sponza [5]. In Figure 5.2 we see a
significant loss of quality in darker regions. See, for example, the missing shadows
behind the red flag, and the area behind the arch in the first row of images. Note,
however, that some details are still present. In particular, all arches are well defined,
and some details are present in the pillars underneath the arches. In general, we
believe that being able to penalize darker regions further would have improved the
results quite significantly.

While hard to notice in the frames presented in this chapter, the network produces

significant flimmering between consecutive frames in animated sequences. Chaitanya
et al. try to resolve this with their utilization of recurrent connections [5].
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Convergence of loss for Sponza scene

Loss

10 30 50 70 90 110 130 150
Epoch

—— Train Validation

Figure 5.1: The loss during training of the Sponza scene.

Reference Reference

Figure 5.2: Denoised frames of the Sponza scene. One column represents the
reconstructed frames and the other one the rendered reference frames. The zoomed
in crops showcase specific areas where we see significant details reconstructed or
shadows not reconstructed properly.
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A B C C (Reference)

Figure 5.3: Denoised frames from an animated sequence in Cornell Box. The
animation only changes the cameras aperture and focal distance. The crops show
specific areas where we see significant change in focus. The last image is the reference
image of frame C. All images were denoised using the albedo 24spp network.

5.3 Denoising with DOF

The goal of adding DOF support in the denoiser is that it learns to distinguish
between points in and out of focus, and handles them appropriately. In practice,
this means points in focus keep the same amount of sharpness that they had before
incorporating DOF in the model, and points out of focus are blurred appropriately
to match the reference images.

For each scene, two sets of training sessions and evaluations have been run, one
with an auxiliary albedo frame sampled at 24spp, and one with the albedo frame
sampled at 1spp. It is also worth mentioning that we have run experiments with all
auxiliary frames being non-rasterized. According to our tests, this does not seem to
improve convergence significantly. As such, we do not report any results on different
combinations of auxiliary frames being rendered as rasterized vs. non-rasterized.

Looking at figures 5.3, 5.4, and 5.5 we can see a clear difference between points in
and out of focus, indicating that the network is capable of distinguishing between
such points. While not shown in any figure, we would also like to note that in frames
where the aperture is 0, we can see the network trying to denoise the whole frame as
if it was in focus — indicating that the circle of confusion auxiliary frame impacts
the denoising results of the network.

We manage to get quite good results for simple scenes. In particular, for the Cornell
Box scene, we reconstruct images with an SSIM of 0.904. When we increase the
complexity of the scene, the SSIM falls significantly. We achieve an SSIM of 0.795
for Fireplace and 0.792 for Living Room. This reflects clearly in the images presented
in figures 5.3, 5.4, and 5.5. The reconstructed images in 5.3 are significantly better
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than those in 5.4, and 5.5. We also note that even for simple scenes such as Cornell
Box, we see significant artifacts in large flat areas. See Figure 5.3 behind the cube
for a reference point of such a large flat surface. These areas are also the ones that
generate most of the significant flimmering mentioned in Section 5.2.

For more complex scenes, we see an overall decrease in quality. Specifically, we note
that a significant amount of details disappear, even for points in focus. See Figure
5.4 image C, where details on both the fireplace and the horse on top of the fireplace
are almost entirely gone. While there is still a difference between points in and out
of focus, the network seems to overshoot quite significantly, and thus points in focus
still significantly lack well-defined edges and details. We see similar behavior in the
Living Room scene.

A B
"”

Figure 5.4: Denoised frames from an animated sequence in Fireplace. The anima-
tion only changes the cameras aperture and focal distance. The crops show specific
areas where we see significant change in focus. The last image is the reference image
of frame C. All images were denoised using the albedo 24spp network.

C (Reference)

A B C C (Reference)

Figure 5.5: Denoised frames from an animated sequence in Living Room. The
animation only changes the cameras aperture and focal distance. The crops show
specific areas where we see significant change in focus. The last image is the reference
image of frame C. All images were denoised using the albedo 24spp network.
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Figure 5.6 shows that by utilizing the albedo map sampled at 24spp, we improve
training loss significantly. Additionally, we note that the number of samples in the
albedo impacts the generalization of the network onto the validation set. Surpris-
ingly, it is the network trained with albedo sampled at 1spp that performs better
on the validation set relative the training set. For Living Room, the validation loss
at 1spp albedo even surpasses the 24spp albedo version around epoch 100, again
indicating that the 24spp albedo version is easier to overtrain.

For the Cornell Box scene, we observe a different behavior. Figure 5.7 shows, contra-
dictory to Figure 5.6, that the network trained with 1spp albedo performs slightly
better than the network trained with 24spp albedo. Given that the only difference
is the number of samples in the albedo map, we can venture as far as to guess that
this behavior depends on the complexity of the albedo map. Figure 5.8 shows a
comparison between the complexity of the albedo map in all three different scenes.

Convergence of loss for Fireplace scene Convergence of loss for Living Room scene
2
1.7 —— 24spp Albedo (Training) - -- 24spp Albedo (Validation) i —— 24spp Albedo (Train) -~ - 24spp Albedo (Validation)

+| — 1spp Albedo (Train) 1spp Albedo (Validation) ' — 1spp Albedo (Train) 1spp Albedo (Validation)

Loss
Loss

20 40 60 80 100 120 160 200 240 280 300 20 40 60 80 100 120 140 160 180 200
Epoch Epoch

Figure 5.6: The loss during training of the Fireplace and Living Room scenes.

Convergence of loss for Cornell Box scene

13—

1.2 o

Loss

10 30 50 70 90 110 130 150
Epoch
—— 24spp Albedo (Train) - -~ 24spp Albedo (Validation) —— Ispp Albedo (Train)

-~ - 1spp Albedo (Validation)

Figure 5.7: The loss during training of the Cornell Box scene.
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Figure 5.8: The different Albedo auxiliary buffers with both 1spp and 24spp. The
top row shows the 1spp frame and the bottom row the 24spp.

It is also interesting to look at the difference in denoised results between using the
albedo 24spp and 1spp frames. We show both variants in Figure 5.9. We see that
the amount of noise in the final reconstructed image depends heavily on the amount
of noise in the albedo map, in particular in areas of the frame that are out of focus.
This behavior is to be expected. The 1spp albedo map contains significantly more
noise in out of focus areas, as seen in Figure 5.8. As such, unless the network learns
to counteract the noise in the albedo map, re-modulating the reconstructed result
by the albedo carries along that noise to the final result.

In some frames, we see significant artifacts that impact the overall quality of the
reconstruction results heavily. See Figure 5.4 image A and B for examples. These
extreme values carried along from the output of the network, and do not seem to
be a side-effect of the albedo modulation process. The reference image modulated
by the albedo map does not have these artifacts, so they are indeed an incorrect
reconstruction from the network. It is unclear what exactly is causing this.

Finally, the denoiser can process a single frame of size 512x512 in about 5ms, achiev-
ing an approximately 200fps at this resolution, which is certainly in the realm of
real-time denoising. We do not measure the performance of the path tracer since
the goal was not to build an interactive path tracer.
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Figure 5.9: The difference between the result of denoising images with a network
that has been trained with 1spp and 24spp albedo. The left, more noisy image, is the
1spp albedo reconstruction and the right image is the 24spp albedo reconstruction.
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Conclusion

Throughout this report, we have covered many topics. We started by explaining the
theory behind the core concepts used during the thesis in Chapter 3. We then moved
onto Chapter 4, where we explained the methodologies used during the development
of a path tracer, and the extension of a DAE to support DOF. In Chapter 5 we
presented the results of our extended DAE and showed how it performed while
denoising frames in several different scenes. In this chapter, we discuss the results
presented in Chapter 4 and close off with some conclusions on the final results of
the thesis.

6.1 Discussion

The reconstruction results before adding DOF support, presented in Section 5.2,
are overall worse than the reconstruction presented by Chaitanya et al. [5]. There
are many potential sources of this. First, we are missing the implementation of the
recurrent connections detailed by Chaitanya et al. As a side effect, we are missing
much information collected and stored in these recurrent connections. Chaitanya
et al. mention that these recurrent connections store information across multiple
frames and combine these to generate higher sample count images [5]. Second, our
training material might not be as optimized as the ones used in the original paper.
Third, there might be parts of the implementation that are missing or incorrect
because of missing, or misunderstood, implementation details. Nevertheless, we can
see that our network does interpret the results correctly, and produces acceptable
results, even if we cannot get quite all the way:.

While introducing the recurrent connections from the original paper could poten-
tially improve the results significantly, both with and without DOF, it might intro-
duce some ghosting artifacts into the DOF reconstruction as well. It would then
be interesting to evaluate how the method developed by Schied et al. [30] could be
used to try and reduce ghosting artifacts in areas that are out of focus.

We note that our execution time for denoising a single frame is significantly faster
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than that of Chaitanya et al., who report a processing time of 54.9 ms for a single
frame at 1280x720 [5]. We denoise a single frame at 512x512 in approximately 5 ms.
Assuming execution time scales linearly with the number of pixels, as reported by
Chaitanya et al. [5], we would denoise a single frame at 1280x720 in around 15 ms.
Still significantly beating the original implementation. This is another indicator that
we might be missing a few parts of the network, and thus, we save time not having to
perform those missing operations. It is likely that a significant amount of the saved
execution time is due to the missing recurrent connections in our implementation.

We see a significant loss of quality in darker regions of our reconstruction results.
This might primarily be due to not having implemented the gamma correction prior
to loss calculation, which Chaitanya et al. mention specifically helps with penalizing
darker regions further. We did not end up implementing this gamma correction, as
our network outputs negative values initially during training, and gamma correction
cannot be performed on negative values when 0 < v < 1. This gamma correction
missing might have played a big roll in dark regions not getting penalized enough
during training. We tried including areas of Sponza that are extremely dark as part
of the training data, this, however, only resulted in black splotchy circles in the
reconstruction result, and no performance gain in dark regions.

When we introduce DOF support into the network, we see a fall in performance, in
particular in focused areas of the frame. We get significant over-blurring for points
in focus and thus lose valuable detail in these areas. There are multiple approaches
we suggest taking to fix this. It would be interesting to add another term to the loss
function that penalizes areas in focus harder for missing edges and detail. The circle
of confusion auxiliary buffer could potentially be used to determine which areas to
penalize more. Additionally, we do not, in either of our scenes, have a particularly
large set of frames that has an aperture of 0, i.e., most of our frames include points
that are out of focus. It could potentially be largely beneficial for convergence to
allow a more significant part of the training set to be frames were no areas are out
of focus.

The average SSIM stays almost the same as we extend the network with DOF.
Although this sounds good in theory, we believe this result is slightly misleading.
Manually comparing the reconstruction results, we see significantly better results
before adding DOF support. Which, again, is mostly due to a significant amount
of detail missing in focused areas after adding DOF support. It is interesting then
that the SSIM does not change significantly. We believe the reason for this is that
even if edges and details disappear, it is easier for the network to reconstruct blurry
areas, and so since large parts of many frames are blurry, we get a similar SSIM
score.

As mentioned in Section 5.3, our final result in out of focus areas depends heavily
on the amount of noise in the albedo buffer. If our current network were to coun-
teract this, it would have to learn to produce noise that in turn counteracts the
noise introduced when re-modulating by the noisy albedo. Given that the network
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struggles with reconstructing fine details in geometry, it seems unlikely the network
learns to reconstruct this type of exact noise. We instead propose the introduction
of another pre-processing step. We suggest denoising the albedo map separately,
before demodulating the input and reference using the map. The amount of noise
in a specific area of the albedo frame only depends on how out of focus that area is.
For areas that are considered acceptably sharp, the albedo map contains no noise,
and for areas that are heavily out of focus, the albedo map contains significantly
more noise. See Figure 5.8 for a visual representation of this relationship. While out
of focus areas contain noise, because of the simple, gradient-like, nature of the out
of focus areas in the albedo map, a less noisy version generally seem quite simple to
estimate from that noise. Even for a single sample per pixel albedo map, we predict
that a fairly straight forward average across an area of pixels that depends on the
size of the circle of confusion should work fairly well in most scenarios. Alterna-
tively, provided one applies a rather fast filter, it would be interesting to consider
how the approach presented by Kalantari and Sen [13] could be utilized to denoise
the albedo map.

6.2 Conclusion

In conclusion, we have managed to extend a DAE developed by Chaitanya et al.
[5], capable of denoising Monte Carlo sampled images with low sample counts, to
distinguish between points in and out of focus. We have developed a new auxiliary
buffer that provides the network with information on how out of focus each point
in a frame should be. We used rasterized versions of all auxiliary buffers except for
the albedo, which is sampled through a thin lens, similar to ordinary illumination.
Because of its stochastic nature, and the pre-, and post-processing steps performed
using the albedo map, the inherent noise in this map limits the amount of noise in
the final reconstructed image.

We did not manage to reproduce the results presented by Chaitanya et al. in their
entirety. Our network, even without DOF support, was missing quite a bit of quality
in the reconstruction. Additionally, our extensions to the network cause significant
loss of detail in the reconstructed results, even for points in focus. To avoid this loss
of quality in details, we propose a change to the loss function as a first next step to
correct for this.

We manage to perform denoising in around 5 ms per frame. However, the overall
low quality of details in the denoised frames, and the inherent noise in the albedo
map indicate that both additional and more complex denoising steps might be a
requirement to apply the denoiser in practice. Most likely increasing this time
significantly.
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6.3 Future Work

We see multiple avenues for possible extension and improvements upon the work we
have presented in this report. We believe that the most relevant work lies in trying
to avoid losing important details in the reconstructed results. Thus, as mentioned in
Section 6.1, we believe that adding an additional term to the loss function penalizing
the loss of detail in focused areas might be a good way forward. Additionally, to
further increase quality and applicability of the work, adding a separate denoiser for
the albedo map as an additional pre-processing step is something we would like to
see tested.

It should also be highly relevant to incorporate the recurrent connections imple-
mented by Chaitanya et al. [5]. In theory, recurrent connections should significantly
improve the results of the network without DOF support, and it would be interest-
ing to evaluate how adding those recurrent connections would affect the changes we
have made to the network.

It would be interesting to evaluate how the size of the frame that is being recon-
structed impacts the performance of the DOF reconstruction. In theory, the accept-
able circle of confusion depends on the area within a scene covered by a single pixel.
The area covered by a single pixel changes as the number of pixels in the frame
changes, thus the acceptable circle of confusion should change too. If one finds
that the performance of the DOF reconstruction changes significantly depending on
frame size, an additional extension would perhaps be to avoid having to specify the
acceptable circle of confusion while calculating the auxiliary buffer.

Another extension, which is less directly relatable, is extending the network to sup-

port additional stochastic primary ray effects. We focused on DOF in this thesis, we
would, however, like to see motion blur implemented as an additional extension.
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