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Abstract

This project explores the possibility of creating virtual validation data by using
augmented reality. We have developed a shader that aims to make a virtual car
look as similar as possib]e to a real car for an object detection artificial neural
network (ANN), especially in low-light situations. The shader takes the output
from a graph cut-based shadow segmentation algorithm in order to match the
lighting of the scene. A virtual car rendered with this shader is compared to a
realistic model car both by using output values from an object detection ANN
and by visual assessment. The results are also compared to another virtual car
using a simpler shader that does not take the scene into account. Our results
show that our shader makes the virtual car look visually similar to the model car
compared to the simpler shader, but it was not possible to show that the ANN
found our shader more realistic than the simpler shader.

Keywords: Augmented reality, computer graphics, C++, shadow segmentation, scene

ana]ysis, artificial validation data
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Chapter 1

Introduction

In the video surveillance industry there are currently many artificial neural networks (ANN)
in development for detecting trespassers or certain kinds of objects. These object detection
tools can be used for preventing crime by alerting security staff of people or vehicles entering
restricted areas, or for other security reasons such as detecting people or vehicles in dangerous
areas like construction sites or train tracks. However, one downside of any kind of ANN is
the need for huge amounts of training and validation data. It is important to have validation
data to ensure that the ANN is able to give reliable results in varying types of situations, like
different environments and lighting conditions. For example, the same ANN should ideally
detect a trespasser Walking outside during nighttime in a snowy landscape, as well as during
the day in a busy warchouse. Naturally, some situations are more common than others, and
the ANN therefore risks performing worse in more rare scenes and generating false negatives
or positives. Recreating videos of these conditions can be difficult, especially since the de-
sired object needs to be present. One way to bypass this problem is to use augmented reality
to render a virtual object on top of the real scene. A big challenge of this approach is to match
the lighting of the object to that of the scene.

In this project, we have worked with Axis Communications AB to try and augment a vir-
tual car by macching the lighting of a static scene recorded by a camera, using the graphics
API OpenGL. The goa] of the project is to recreate low—light situations that generate known
false negatives for an object detection ANN, but with a virtual car instead of a real car. This
would open up the possibility of using the virtual car for generating validation data that can
be used to further develop a vehicle-detection ANN.

1.1 Project scope

Matching the lighting of a virtual object in augmented reality is a well known problem with a
lot of research. Yet, rescarch on augmented reality using only a single image, especially in un-




1. INTRODUCTION

usual lighting conditions, is rare. The main idea used in this project is to create a shadow seg-
mentation algorithm to find the shadows in the image by classifying pixels as either shadow
or non-shadow. Then, similarly to Madsen and Nielsen [10], it is assumed that the ratio be-
tween shadow and non-shadow areas of the same object is approximately the same in the
whole scene. This ratio will be found from the shadow segmentation, and used to color the
car and its cast shadow. Additionally, the shadow segmentation will also be used to determine
where it is appropriate to render a shadow. To evaluate the performance of the shader based
on scene analysis, the same 3D model of the car will be rendered with a simpler shader that
only uses the color information from the 3D model and no information from the scene. This
simpler shader will be referred to as the basic shader in this report, and the shader based on
scene analysis will be called the advanced shader. Both of these virtual cars will be compared
to the ground truth, the real car, and if the advanced shader is more similar to the ground
truth than the basic shader is, then this shows that our method has made the virtual car more
realistic. This evaluation is partially done using two purely visual comparisons, but the most
important part is using an object detection ANN to determine if a virtual car can be detected
in the same way as a real car. To our knowledge, using an object detection ANN to compare
the appearance of a virtual object to a real counterpart is not something that has been done
before.

1.1.1 Limitations

For this project, a single light source is assumed to be present in the scene. Its position, color
and strength are assumed to be known, and the car is assumed to be moving on a flat surface.
The virtual car will also not affect the lighting of the real scene, apart from casting a shadow
on the ground plane. The position of the ground plane is also assumed to be known, at least
approximately. This is a valid assumption since the user already has to manually place the
car in the virtual space along with its animation points. The ground plane is simply a virtual
quad that covers at least the area the car moves in. All image analysis is performed on a single
video frame. The car is never occluded by any objects in the scene, but it can be shadowed.
Only low-light scenes are used, but there needs to be clear shadows visible in the scene. The
materials in the scene should predominantly be diffuse.

1.2 Research questions

The research questions for this thesis are as follows:

« Will the output from the ANN be more similar to the ground truth when using the
advanced shader, compared to the basic shader?

« Will the PSNR value between the ground truth and the advanced shader be higher,
compared to the PSNR between the ground truth and the basic shader?

+ How do the virtual cast shadows and blur impact the PSNR value and output from the
ANN of the virtual car compared with the ground truth?

« Does the advanced shader make the virtual car look more similar to the ground truth,
from the perspective of a human observer?
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1.3 Contributions

By investigating how to create a shader that adapts based on a single image of the background,
this thesis contributes to the research field of augmented reality. Furthermore, the project
compares how a vehicle detection ANN reacts to a video of a real car compared to a similar
video with a virtual car. This exp]ores the possibility of using augmented reality to create
artificial validation data, specifically in low light scenes with a single light source.

There are some ethical and societal concerns regarding both the use of augmented reality and
object detection that need to be addressed. Firstly, realistic artificial videos might be used
to spread disinformation that can be harmful to governments, corporations or individuals.
When developing and implementing methods for generating artificial data, it is therefore im-
portant to use this data wisely. In regards to creating artificial validation data for an ANN,
one benefit of using virtual objects rather than real objects is that this removes many privacy
concerns. With a virtual car, there is no problem with storing identifying aspects such as
license plates that otherwise would need to be censored or protected. It might also safer to
use a virtual car for scenes where it could be dangerous to use a real car, such as building sites
or train tracks.

Additionally, there is a risk of bias when using artificial data for either training or validation
of a model. Since our project will only be used for validation, it cannot directly affect the
training, but if the validation is faulty in some way, it could still lead the model astray. Of
course, even real data can be bad, but for artificial data there will always be an extra step, a
disconnection from the real world, to be aware of. It could therefore be problematic if too
much trust is put in artificial data. This could lead to situations where the ANN does not
work properly in critical situations, for instance not detecting a car standing still on train
tracks as a train approaches. However, as a risk of bias exists from lack of real validation data
as well, this project aims to counter an existing problem of object detection.

1.3.1 Work distribution

Most of the code was written in collaboration, with both people looking at the same screen
and discussing what to write next. An equal amount of work from both people was also put
into the writing of the report. Apart from that, a few things were handled separacely.

Gustav was responsible for implementing and tuning the graph cut algorithm and for
processing the output from the ANN. This included parsing, removing outliers and match-
ing videos. Kristina was most responsible for finding relevant research, investigating how
to improve and implement the histogram equalization and matching the animation of the
virtual car to the real video.

When filming the videos for the ground truth, Gustav controlled the movement of the
model car and Kristina handled the filming, as well as labeling of videos.

9



1. INTRODUCTION

1.4 Structure of this thesis

The Introduction includes motivations and research goals, as well as other related research.

The next chapter, Theory, provides the theoretical background that the work is based
on. The chapter contains, among other things, an introduction to computer graphics, graph
cut a]gorithms and histogram equa]ization. The chapter Methods includes the method and
experiment setup to collect ground truth data.

The chapter Results presents all results related to the research questions. The Discus-
sion discusses our approach and our resules. This chapter also contains thoughts on future
work which could improve the performance. Finally, the Conclusion answers the research
questions presented in the introduction.

1.5 Related work

Augmented reality can be used for many different purposes, and therefore different kinds
of assumptions can be made depending on the situation and available resources. In general,
it is very difficult to match the lighting of a virtual object to that of a real scene from just
a single frame. In fact, obraining the light information from just a single frame is an ill-
posed problem [10], which means that assumptions of the scene or additional information
are necessary in order to find a unique solution. There are also many factors that make up
the light conditions, such as how many lights are present, what types of light sources they
are and the color and intensity of the light sources. To limit the scope of this project, the
position of the light source is assumed to be known. In this section, we will present some
previous research on matching the light conditions in augmented reality and obtaining light
information from an image, along with their assumptions and limitations.

1.56.1 Finding light information with known light po-
sition
In an outdoor environment, the light direction can be found by assuming that the time, date,
position and orientation of the camera is known and in that way calculating the position of
the sun, as is done in a paper by Madsen and Nielsen [10]. In this paper, they assume that the
sun can be modeled as distant disc light source, and the sky can be modelled as a sky dome
which gives the scene some ambient light. The radiance and irradiance from the sun and sky
is found by finding the relationship between areas in shadow and non-shadow, together with
the calculated position of the sun and the normal of the ground plane. The shadow and non-
shadow areas of the scene are found with the help of a soft-shadow segmentation algorithm
based on graph cuts. The a]gorithm on]y uses information from a sing]e image to segment the
shadows, with the only assumption being that the scene only contains diffuse surfaces. This
approach could be suitable for outdoor images taken during day-time, but not so much for
images or videos taken during nighttime when the sun is no longer the primary light source.
The test set for this project will include images with one primary light source in an otherwise
dark environment, which is a very different situation compared to what this algorithm was
made for. But perhaps the light source in our images could be modeled as the sun in this

10
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method. Tt seemed like the main difference would be that the user would have to know the
position of the light source, rather than to calculate it using the time and geographical loca-
tion. Another potential problem is that the light from the sun is assumed to be directional
due to the fact that the sun is very far away from the earth, whereas the light sources in our
images are point lights. This could lead to slightly inaccurate results, but it might be possible
to adjust the model so the vector of the incoming light is different depending on the where
we are in the scene like for a point light, rather than static as is the case for directional light.

This method seemed to be quite suitable given the limitations for the project. However, when
reading more closely it became clear that not enough information was given in the paper and
that some additional limitations by the authors are present. The shadow segmentation algo-
rithm runs in real-time, thus adapting as the scene changes which could be a very positive
thing if one wants to record the same outdoor scene for a long period of time. Nonetheless,
the algorithm has to be initialized with the mean ratio between objects in shadow and ob-
jects outside shadows. This initialization step should ideally be automatic, but in the paper
they manually find this ratio by taking the mean value of the ground floor in shadow divided
by the mean value of the ground floor in non-shadow. With this ratio, they are then able to
use their a]gorithm to find how strong a shadow is at any given point in the image, there-
fore making it possible to detect soft shadows as well. But demanding that the user knows
the mean ratio between shadow and non-shadow might be asking for too much in our case.
Therefore it was decided to not use the approach by Madsen and Nielsen.

Some papers on shading virtual objects in augmented reality assume that there is a 3D model
of the real scene available [7]. How detailed this mesh has to be and the way it is used dif-
fer a bit between papers. Jacobs et al. use a method that renders realistic shadows from a
single image and with a corresponding 3D model of the scene [7]. The 3D model consists of
both the geometric information and the textures, but the geometric reconstruction can be
of poor quality and the algorithm will still give realistic shadows according to the authors.
If'a 3D model is not available, another way of acquiring 3D information of the scene is by
using a camera with a depth sensor. Jiddi et. al. [8] present a method that uses a RGB-D
camera to estimate the positions of multiple light sources and their corresponding intensi-
ties. This method is also adapted to work for scenes where textured surfaces may be present.
They use the 3D information to estimate the illumination ratio of the scene, and through an
iterative process find the light sources whose shadow maps most line up with the estimated
illumination.

11
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Chapter 2
Theory

The focus on this section lies mostly on different parts of computer graphics that are im-
portant to comprehend in order to understand the rendering of the virtual car. Some other
relevant subjects for the project are also described.

2.1 Types of light

Three common types of light in computer graphics are ambient light, point light and di-
rectional light [T} p. 67]. Ambient light means that all points in the scene receive the same
intensity. Point 1ights have an intensity that decreases with a factor of 1/1’2 where r is the dis-
tance from a given point in the scene to the point light. Finally, directional light is when the
rays from the light are parallel. For example, the sun is often modeled as a directional light,
since it is so far away and therefore the light rays are assumed to be in the same direction.

2.2 Virtual 3D models

The most simple geometric shape in computer graphics is the triangle, where each corner is a
point with known coordinates in a 3D space [I, p. 463]. These points, called vertices, can pos-
sess other ateributes like normal direction and color. Typically, to create a more complicated
shape, a mesh is created by connecting a ]arge collection of triang]es togetber. Each triang]e
that makes up the mesh is then called a polygon. However, to render the model to a screen
to make it visible more steps are needed. Firstly, the coordinate space for the model is not
the same as for the whole scene itself. Otherwise it would be difficult to coordinate having
several objects in the scene. Secondly, the computer needs some way of determining how to
color all parts of the 3D model on a 2D-screen. These things are done using shaders, which
will be described further in the section below.

13



2. THEORY

2.3 Shaders

In order to render an object in computer graphics, a shader needs to be attached to the object.
A shader in OpenGL consists of two parts, the vertex shader and the fragment shader [T1].
The vertex shader is called for each vertex in the model and can perform mathematical op-
erations on them. The only mandatory operation is to transform the coordinate system of
the vertex position from model space to clip space and give the result as an output. For more
information about the clip space we refer to Real-time rendering by Akenine-Méller et al. [T}
p- 18], but in short it is a coordinate space which is used to determine which projection the
camera uses (e.g. orthographic or perspective) and which 3D points are too far away or too
close and therefore should not be rendered. The fragment shader is called for each pixel of the
screen that the object covers to determine which color they should have [I1]. A very simple
fragment shader could perhaps be to color every pixel of the object white, creating a white
silhouette. For more complex fragment shaders additional information might be needed,
such as more output from the vertex shader like vertex normals and colors. If there is at least
one light source in the scene, information about it could be passed to the fragment shader
to determine where the object should have shadows etc. The fragment shader could also be
used to make objects appear more shiny or matte, or to add a texture to the object. From
this, it is probably clear that different shaders can give an object very different appearances.
What type of shader to use depends on what the desired outcome is. In OpenGL, shaders are
written using a specific shading language called GLSL (OpenGL Shading Language).

2.3.1 Phong shading

Phong shading is a popular shading model in real-time graphics. It approximates that the
reflection of all materials consist of three parts [II]. An example of the three parts are shown

in Figure

Ambient Diffuse Specular = Phong Reflection

Figure 2.1: Visual example of the three components of the Phong
reflection model [22].

To properly describe Phong shading, a few variables need to be introduced. For any pointona
surface, there is a normal that points outwards from the surface and a view vector that points
from the point of the surface to the camera. Also, there is a light vector that points from the
point to the light source and finally a reflection vector that is the light vector mirrored in the
normal. Figure[2.2]shows these four vectors in the same image.

14



2.4 COLOR SPACES

Figure 2.2: Vectors used to calculate Phong shading. The vector L is
the light vector, N is the normal of the surface, R is the reflection
vector and V is the view vector.

These vectors are then used for calculating how much light shines on each part of the object.
The mathematical equation for calculating the intensity of a light source on an object is as
follows,

I =k, L,+ky-L;-max(l-n,0)+k,-L,-max(r-v,0), (2.1

where k4, kg and k; describe the color of the light from each type of reflection (ambient,
diffuse and specular) and where L, Ly and Ly describe how much incoming light each part
contributes with. The vectors I, n, r and v correspond to the vectors shown in Figure The
final term @ determines how concentrated the specular highlight is. If @ is a large value then
the specular highlight will cover a smaller area, giving the appearance of a very shiny object.

2.4 Color spaces

The most common way to store color information about an image is to use the RGB color
space. The color of each pixel is determined by looking at the contribution from the three
color channels red, green and blue. Most commonly, each channel can have a value between 0
and 255, where a black pixel corresponds to all color channels being 0 and a white pixel means
that all color channels have the value 255. When performing image analysis on an image, the
RGB color space might not always be the best way of extracting the desired information. An
alternative way of describing color is to use the HSV color space [9]. Similarly to RGB, HSV
uses three channels. The three channels describe the color’s hue, saturation and value. The
range for hue is [0°, 360°], where a low value represents red colors and higher values become
yellow, green, cyan, blue and magenta. The saturation and value range from 0 to 1. Another
approach is to use the CIELAB color space, also referred to as the L*a*b* color space. The
first channel L* describes the perceptual lightness of the color, whereas a* places the color on
a red-green scale and b* places the color on a blue-yellow scale [12]. The L* channel has the
range [0, 100], where O is defined as black and 100 is white. The a*-channel is usually clamped
to be in the range [-128, 127], where negative values are more green and positive values are
more red. Similarly, b* is also usually clamped to be in the range [-128, 127], where negative

15
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values are more blue and positive values are more yellow. In a pixelwise comparison between
two images, there are several things that need to be taken into account. One such is which
color space to work in. The default color space of RGB is good because of its simplicity, but
is commonly regarded as unfaithful to how changes in color are seen by the human eye [14].
That is, a distance in RGB color space might not accurately represent how the human eye
would describe the difference between two colors. Such a color space is called not perceprually
uniform. An example of a color space that is perceptually uniform, however, is CIELAB. The
HSV color space is approximately—uniform.

2.4.1 Converting an image to grayscale

There are a few different methods that can convert an image to grayscale. A grayscale image
has a sacuration of 0 in the HSV color space, meaning it can be used to reduce the saturation
of the base image. Assuming the image is in the RGB color space, the simplest solution is
to calculate the mean of the three channels for each pixel and use that for every channel.
However, this is not an optimal solution. Often, the resulting grayscale image is too dark.
This is because RGB color space does not correspond directly to how our eyes perceive color.
In reality, the different color channels need to be weighted in order to produce a grayscale
image that looks good. One common way of doing this is to convert each RGB pixel to a
single luminance Y value in XYZ color space, as defined in the CIE 1931 color space [17]. The
equation for the conversion is as follows.

Y =0.2126R + 0.7152G + 0.0722B, (2.2)

where Y is the luminance and R, G and B represent the color channels in RGB color space.

2.5 Histogram equalization

For a graysca]e image with on]y one color channel, histogram equa]ization can be used to
increase the overall contrast [15]. The main idea of this technique is to first create a histogram
of the image with 255 bins, for each possible pixel value, and then redistributing these bins
uniformly.

2.5.1 Contrast limited adaptive histogram equaliza-
tion (CLAHE)

Since histogram equalization takes the entire image into account when increasing the con-
trast, there could be cases where the local contrast is not increased as much in certain regions
of the image. Adaptive histogram equalization (AHE) works by dividing the image into re-
gions, and performing histogram equalization in every region [16]. This would increase the
contrast locally in this region. However, this also enhances the noise in the image, which
might not be desirable. A variation of AHE that aims to decrease the noise is contrast lim-
ited adaptive histogram equalization (CLAHE). The main idea behind this technique is to
clip high peaks of the histogram at a certain threshold, and redistributing the clipped values

equally over the whole histogram.

16



2.6 SHADOW MAPPING

2.6 Shadow mapping

While shaders such as Phong shading can render self shadows onto objects, shadow mapping
is the process of rendering cast shadows from objects. In order to calculate where the shadow
should be, a depth map from the light source’s position is needed. A depth map is a grayscale
texture where the value of the pixel describes the depth at that point. This makes sure that
only the polygons closest to the light source can cast a shadow. When rendering the shadow
from the main camera’s perspective, the idea is to take each pixel of the ground floor and
transform it to find the corresponding point in the depth map. If the depth between the
light source and the transformed point is bigger than the depth from the depth map, it means
that some other object exists between the point and the 1ight source. Therefore there should
be a shadow at that pixel. Depending on if the light source is directional light or a point
light, the transformation between the camera’s perspective and the light’s perspective is either
an orthographic projection or a perspective projection. The difference between these two
projections is shown in Figure

ORTHOGRAPHIC PROJECTION PERSPECTIVE PROJECTION

Q Q

Figure 2.3: Visual example of the orthographic and perspective pro-

jection [20].

The results from this method will likely give shadow edges that look a bit pixelated due to
low resolution. This happens because the depth map has a fixed resolution, which results in
multiple Fragments samp]ing from the same depth value in the depth map. This effect can
be reduced by increasing the resolution of the depth map or decreasing the size of the area
that the shadow map should take into account. Something to note is that the angle of the
light rays from the light source and the ground plane also affects the rate of pixelation. A low
angle between the light and the ground will result in more pixelation, because each pixel in
the depth map corresponds to a greater area on the ground plane.

2.7 Image segmentation via graph cuts

Graph cuts can be used to partition an image into two disjoint sets of pixels, by creating a
graph based on the image for instance as described by Boykov and Jolly [3]. Every pixel in
the image is seen as a node, and 4-neighboring pixels are bound to each other with edges.
In this report, these nodes will be referred to as pixel nodes, and the edges between them as
neighbor edges. Additionally, there are two unique nodes called terminals. Individually, they
are called the source and the sink, or s and t. From cach of these two nodes, edges are drawn
to every pixel node in the image. These edges are henceforth called terminal edges. This means
there are virtually three sets of edges: edges between two pixel nodes, edges between a pixel

17



2. THEORY

node and the sink, and edges between a pixel node and the source. These edges can be either
undirected or directed. In either case, they are all Weighted, and the Weights are what decides
if the segmentation is successful. An example of how image segmentation via graph cut can

look like is shown in Figure

Segmentation result

Background
terminal

Foreground
terminal

Graph

Figure 2.4: Visual example of an image segmentation via graph
cut [23]. Note that in this report, the goal of the segmentation is
not to segment foreground and background but rather shadowed
and non-shadowed areas of the image.

To make a cut in a graph means that a set of edges is removed (or cut) from the graph such
that there is no way to travel from the source to the sink. This specific graph cut is a so-called
minimum cut, meaning the cut that minimizes the total weights of the removed edges is cho-
sen. To find a minimum cut, a common process is to first solve the maximum flow problem
for the graph. There are several well-known algorithms that can be utilized to do this [2][4][5].

Since the minimum cut minimizes the total weights of cut edges, that means that a high
weight on an edge between two pixels leads them to be closely connected, meaning it is diffi-
cult to separate them. On the contrary, a low weight means the pixels can easily be separated
from each other, and a weight of 0 would mean they are separated by default.

One might ask how exactly the two parts of the segmented image are obtained from the
graph. The trick lies in the terminal nodes (the source and the sink) and the fact that they
are initially both connected to all nodes. After the graph has been cut, we know there is no
way to go from the source to the sink. Since no more edges are cut than necessary, this means
that all pixel nodes are connected to either just the source, just the sink, or neither of the
source and the sink. All that is needed, then, is labeling all pixels according to whether they
are connected to the source or not.
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2.7 IMAGE SEGMENTATION VIA GRAPH CUTS

The most critical part of this algorithm is choosing the weights. As stated before, a high
weight on an edge makes it more difficult to cut while a low weight makes it easier to cut.
The process of choosing the weights depends entirely on the application, on what the two
segmented parts of the background should represent. Something else to consider is whether
to use a directed graph or not. To make things clear, a minimum cut can be found in essen-
tially the same way for both a directed and an undirected graph, by finding the maximum
flow. However, some algorithms for maximum flow work differently depending on the type
of graph. If an undirected graph is used, that means there is one neighbor edge between every
pair of neighboring pixel nodes. If a directed graph is used, there are instead two neighbor
edges between each pair, because the flow needs to be able to go both ways between pixels.
For the terminal edges, however, the flow is always going in one direction - out of the source,
into the sink - which makes those edges virtually unchanged. A visualisation of the two kinds

ofgraphs can be seen in Figure

20 90 20 90
t t
(a) An undi- (b) A di-
rected graph rected graph.

Figure 2.5: A comparison between two types of graphs. The weights
on the edges represent capacity, not flow. Both graphs have two pix-
els, numbered 1 and 2 and marked with different shades of gray. The
terminal nodes are marked with horizontal lines. The source s is on
the top, and the sink t is at the bottom. The edge weights are not
exact but should still aim to give an indication of range and perspec-
tive between different edges.

The advantage that comes from using directed graphs is that the neighbor weights do not
just represent the probability of the two pixels belonging to different classes, they represent
the probability of one of the pixels specifically being classified as one class and the other as
the other class. This has the potential of changing the results in some situations.
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2. THEORY

2.8 Post-processing

In this context, post-processing refers to many different operations that can be done to alter
an image after the rendering has been completed. Because of this, it is done mostly in two
dimensions, and it can take into account more than just one vertex or pixel at once. If an
image consists of mu]tip]e rendered objects, then post-processing can be performed sepa-
rately for each one, with different operations, before combining the results. Some examples
of post-processing operations are blur, inversion of colors, noise, pixelation or grayscale. In
this report, only blur is used, but it is not unthinkable that other operations could be used
to good effect as well.

2.8.1 Blur

One example of post-processing is blurring. There exists multiple ways to blur an image, and
which to use depends mainly on how much the image should be blurred. A common model
when working with blur and several other image processing operations is to use a kernel
and a convolution. The kernel is a matrix that determines how to add or subtract different
pixel values to get different results. In other words, the kernel shows how the neighbors of a
pixel and the value of the pixel itself influence what the post-processed pixel value should be.
Through convolution, the kernel is then applied to each pixel in the image. Some examples

of kernels are presented in Equations (2.3), and below.

NI
L PR (2.3)
M1 11

The kernel in Equation blurs by using the average of the pixel and its 8-neighbors,
weighting them all equally. This is called 3 X 3 box blur.

1 I 21
Te 2 4 2 (2.4)
1 21

The kernel in Equation blurs by using the pixel and its 8-neighbors, weighting the pixels
closer to the middle higher than the ones further away. This specific matrix is an approxima-
tion of Gaussian blur.

1111 1
St
P (2.5)
Bl 1
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The kernel in Equation blurs by using the average of the pixel and the 24 pixels closest
around it, weighting them all equally. This is called 5 X 5 box blur.
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2.9 Peak Signal-to-Noise Ratio (PSNR)

The PSNR is a measurement that can be used for pixelwise comparison of two images [13].
The value is in decibels and the higher PSNR two images have, the more similar they can
be assumed to be. The equation for calculating the PSNR is shown in Equation where
MAXG is the highest pixel value of the ground truth image. The PSNR value is calculated
using mean-square error (MSE), which is shown in Equation The ground truth image is
notated as G, and the other image as V. The values w and & are the width and height of the
images in pixels. Since the images are represented in the RGB color space, the MSE includes

a division by 3 and the third sum with k.

w h 3
1
MSE = —— 3 > > (G.j.k) = V(i.j. b)Y 2.6)
i=1 j=1 k=1
PSNR =20 - log,((MAX;) — 10 - log,,(MSE) (2.7)
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Chapter 3
Methods

3.1 Generating ground truth

In order to create different darker lighting conditions that the ANN struggled with, ideally
the lighting should be controllable in the scene, and the environment should be relatively
casy to change. This is difficult to do with a real car, since it requires a lot of space and that
would make it hard to control the lighting. Therefore, a small model car was used instead in
a dark room where the type and amount of light could be easily controlled. An image of this
model car is shown in Figure The car was moved using thin threads, where the color was
chosen to be as unnoticeable as possible. The movement of the real car was made to be as
even as possible, to make it easier to match the animation of the virtual car. In addition to
this, the placement of the camera in relation to the scene would ideally be similar to the way
real surveillance cameras are installed. Otherwise there would be a risk of the false negatives
occurring due to the change in perspective rather than light. Usually, cameras are placed
fairly high so that they are looking down at the scene in order to capture as much of the area
as possible. This was also easier to achieve when having a smaller scene.

Figure 3.1: The model car used to create the ground truth. The scale
is 1:24 to a real car.
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It was known that the ANN is more likely to generate false negatives in low light situations
with a strong visible light source in the image. Therefore, the majority of the ground truth
data was Captured under such lighting conditions. All images included one main 1ight source,
in or out of frame, with generally low levels of ambient light. The ambient light was regulated
by additional low-intensity lights lit from far away. The intensities of the ambient light and
the main light source were chosen in such a way that it was possible for a human to detect the
car from the camera feed. For the algorithm to work, the scene requires strong cast shadows
to be present somewhere at the lower half of the frame. To create these shadows, two boxes
of different colors and materials were placed in the scene. The boxes were placed so that
they would not occlude the real car in any way in the videos, since this behaviour would be
impossible to easily recreate with the virtual car. The material of the ground floor was chosen
to be as smooth as possible, to avoid self shadows that might make the shadow segmentation
more difficult. In Figure four screen shots from a ground truth video are shown. Similar
screenshots from all of the ground truth videos can be seen in Appendix@

Figure 3.2: Screenshots from a video filmed as ground cruth. The

car moves from the left to the right over time. Note that parts of the
background have been blurred to preserve confidentiality.

3.2 The virtual car, animation and virtual
background

The virtual car was found online on the website cgerader [19], and was created by the user
TankStorm. It has 5000 polygons, and the colors were altered to match the real model car.
This model was chosen due to the low number of polygons, since too many could make the
animation of the car not run as smooth. The car is shown in Figure
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3.3 SHADOWS

Figure 3.3: The virtual car with the basic shader.

The animation of the real car was manually adapted to be as close as possible to that of the real
car. For videos which required heavy computations, the speed of the animation was affected
and the car did not move as smoothly due to frame drops. To try and reduce the difference
in speed between different virtual cars, the shader was adapted to run all calculations even
if it was not necessary (e.g. compute placement of virtual cast shadow for videos where no
cast shadow was used). Still, there were minor differences in animation speed, which were
manually adjusted to match the video of the real car as closely as possible.

The background scenes for the videos with the virtual car was created by using a screen-
shot of the real scene and adding it as a texture to a quad that covered the screen. Ideally, the
background for the virtual scenario should simply be a live video of the real scene, with the
virtual car as an overlay. However, the static background was used instead to make testing
more flexible and to save time.

3.3 Shadows

One key part to accurately render a virtual car in a real scene was to give the car a proper
shadow. This was done using shadow mapping. A slightly simpler method than the one de-
scribed in sectionwas used since the only virtual object in the scene was the car. Instead
of having to compare depths, we could just see where there was any object at all that blocked
the light rays and draw a shadow accordingly. This was possible since the car was the only
virtual object that could cast a shadow on the ground. The shadow of the car was rendered
onto a quad that represented the ground floor in the scene.

This virtual shadow also had to match the real shadows in direction and strength. To achieve
this, the real shadows in the scene needed to be analyzed. It was assumed that the position,
color and strength of the light source in the scene was known, since they would have been
complicated to find by image analysis. Finding the light position in the image would have
been relatively simple in an image where the light source is visible, just by locating the bright-
est part, but to then determine the depth along the possible line would have required much
more information. We would have had to find shadow edges and triangulate their vectors,
and that would only have given a rough estimate. Finding the color of the light source would

have been possible if the position had already been found, but the strength would have been
harder.
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In order to calculate the proper light levels of the virtual shadow, the shadowed areas of
the scene needed to be segmented from the directly lit areas. A graph cut algorithm was used
for this. Then, similarly to the method proposed by Madsen and Nielsen [10] , three con-
stants were calculated, one for each channel in RGB color space, corresponding to the ratio
between lit and shadowed areas. The assumption about the relationship between light and
shadow in the scene is illustrated in equation (3.1).

Rshadow Rlight
Ghadow | = [rR r rB] : Glight > (3.1
Bshadow Blight

where rg, g, rp are the three constants. These ratios were then used to convert lit pixels in
the scene into shadowed ones, in order to create a virtual shadow for the car. The shadow seg-
mentation algorithm was implemented in MATLAB, because it has support for many image
analysis tec}miques. An attempt was made to implement the shadow segmentation al gorithm
in C++ and run it on the camera, but due to time constraints this could not be completed.
From MATLAB, the segmented image and statistics regarding the color of shadow and non-
shadow areas were exported to the camera, where the rendering was performed.

3.3.1 Shadow segmentation

Originally, a thresholding algorithm [12] was considered for the shadow segmentation, but
it proved to be too inflexible. It could perform well on one scene and then perform signifi-
cantly worse on another, with no way to adapt between them. By using a graph cut algorithm,
the goal was to counteract some of these problems. The flexibility of being able to choose
the edge weights freely and the fact that the graph could take the entire image into account,
rather than analyze one pixel at a time like thresholding, were the main perceived advantages.
A disadvantage, however, was that the graph cut was more complex to both implement and
use, but we still deemed it necessary.

In this application, the focus was on segmenting shadow and non-shadow areas of the image.
This fact was fundamental in choosing the weight functions. Shadow areas were defined as
all places where the light from the light source could not reach. Since these areas were gener-
ally darker than the non-shadow areas, the most simple and natural way to discern whether
a pixel is likely to be in shadow or not was to look at the light level of the pixel. This was
done using the value channel V in the HSV color space. Most of the weights were based on
the values of the pixels, after converting them from RGB color space to HSV. To increase the
contrast of the V-channel, histogram equalization was used. For images where the light source
was visible to the camera, the shadows closest to the light source would be wrongfully seen
as brighter by the camera because the light bleeds out from the light source. This behaviour
was made even more apparent after applying histogram equalization, often leading to these
pixels being wrongfully classified as non-shadow pixels by the graph cut algorithm. Using
CLAHE instead of regular histogram equalization made these shadow pixels darker, resulc-
ingina genera]]y more accurate shadow segmentation. For scenes where the 1ight source was
not visible by the camera, using CLAHE instead often worsened the shadow segmentation
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3.3 SHADOWS

somewhat. Therefore CLAHE was only used for scenes where the light source was visible by
the camera.

Weight functions

This section describes in detail how the graph was constructed and how the weights were de-
termined. A directed graph was used, which does not impact the source and sink weights but
changes the approach for the neighbor weights greacly. Firse, the sink was chosen to corre-
spond to shadow pixels and the source was chosen to correspond to non-shadow pixels. Thus,
the edges between the pixel nodes and the sink were weighted according to the probability
that the pixel node was a shadow pixel, and similarly, the edges between the pixel nodes and
the source were weighted according to the probability that the pixel node was a non-shadow
pixel. Deciding the weights on both of these kinds of edges were complicated, for the same
reasons. If it was easy to decide if a single pixel was in shadow or not, no graph cut would
have been necessary. The problem stemmed from the fact that a shadowed area of a bright
color can often be brighter than a lit area of a dark color. However, despite this ambiguity,
the light level of the pixel was still regarded as relevant and not something that should be
ignored. Therefore, the weights in both of these sets were directly based on the value V in
HSV color space. The value V goes from 0 to 1 and corresponds to the brightness of the pixel.
We chose to use weights that take into account both the value V after CLAHE and the value
V in the original image. The second of these was taken only in reference to the mean of the
entire image. For the source weights, the following formula was used.

Ws(Vh’ Vo) =60 Vh +50 maX(Vo — Mo> 0), (32)

where W; is the weight on the edge between the source and a pixel node, Vj, is the value of
the pixel after CLAHE, V, is the value of the pixel in the original image and p,, is the mean
value in the original image.

W,(Vi, V,) =50 = V) + 80 max(u, — V,, 0), (3.3)

where W, is the Weight on the edge between a pixel node and the sink, V), is the value of the
pixel after CLAHE, V, is the value of the pixel in the original image and g, is the mean value
in the original image.

These were the weights we found to work the best on our set of scenes. We tested many
different weight functions and performed graph cuts on several different scenes to deter-
mine this. We chose to use the weights that worked well on the greatest number of scenes.

For the third set of edges, the neighbor edges, the fact that we used a directed graph had
more importance. The weights were set to correspond to the probability that two pixels be-
longed to the same class, either shadow or non-shadow. Assume that we have two connected
pixel nodes called pixel 1 and pixel 2. The weight on the edge from pixel 1 to pixel 2 would
then be based on the probability of pixel 1 being non-shadow and pixel 2 being shadow, and
the weight on the edge in the other direction would do the opposite. The exact values of
these weights were also nontrivial to determine. Two pixels could have had very different
brightness values but still both have been non-shadow, if they were on the border between
two objects with widely different colors.
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Two different functions were used to calculate the weights between two pixel nodes. Again
using the example edge from pixel 1 to pixel 2, the function used depended on which of the
pixel nodes had the highest value V after CLAHE. If pixel 1 had the highest value, Equation
was used. Otherwise, Equation was used. In both equations, W, is the neighbor
weight, Vj is the value of pixel 1 and V; is the value of pixel 2.

2
W,(V1,Vy) = 34
ViV = 5 Vs v 004 G4
W,(Vi,V,) =501 -V; +V5) (3.5)

After both equations, the resulting weight was rounded up to the nearest integer. A visuali-
sation of the weights can be seen in Figure
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Figure 3.4: Visualisation of neighbor edge weights.

These neighbor weights were, like the source and sink weights, determined by performing
shadow segmentation on several different scenes with different Weight functions. These func-
tions led to the best results overall, giving good results on the greatest number of scenes.

Additional operations

The general rule was to separate pixels with widely different lightness, and keep together
those of similar ]ightness. However, a prob]em emerged with the fact that color seldom was
completely changed from one pixel to another. Even in an image where clear borders be-
tween objects could be seen, zooming in often showed that the border was actually gradual
over several pixels. This meant that even with a good approximation of how the color of a
pixel changes when in shadow, such a comparison could very rarely be made between two
neighboring pixels since the entire change was almost never seen from one pixel to its neigh-
bor. This was countered somewhat by lowering the resolution of the image specifically for the
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graph cut. This also reduced the compurtational time, since fewer nodes were needed. How-
ever, the resolution could not be lowered too much because of the risk of loss of potentially
important information. In our experiments, we lowered the resolution to 1/7 both row-wise
and column-wise, using bicubic interpolation in MATLAB.

A common technique in image segmentation, for instance used in an article by Boykov and
Kolmogorov [3], is to use a seed that is placed by the user. This seed initializes parts of the
graph by marking shadow and non-shadow areas, and helps in making a good segmentation.
However, we chose not to use a seed, since it would require user interaction that was prob-
lematic to achieve for a graph cut that was supposed to be automatic. A seed was not required
for our segmentation to work, but it would have made it casier to classify especially bright
shadow areas or dark non-shadow areas.

To obtain the shadow ratio 7 and the mean color of the shadows, only information from
the lower half of the image that shadow segmentation had been performed on was used. In
all the scenes we looked at, the background was generally a lot darker than the rest of the
scene, due to the low-light situation. While it is not necessarily incorrect to classify these ar-
cas as shadow, they are not shadows cast by objects and should therefore be excluded from the
estimate of 7 and the mean color of the shadows. By only including pixels from the lower part
of the image, the found shadows would be more likely to be cast shadows since these types of
shadows are usually found on the ground of the scene. Ideally, it would have been preferable
to look at the pixels below the horizon line of the image, but it is difficult to determine where
this line is in a given scene.

3.3.2 Virtual shadows on real objects

In order to ground virtual objects in the real scene, the object should cast shadows that af-
fect the real scene. Otherwise, it will become obvious to an observer that the virtual object
does not belong in the real world, or might give the impression that the object is floating.
An examp]e can be seen in Figure It was unknown how the ANN would react to shad-
ows or the lack thereof, but given the shadows’ importance for a human observer, they were
deemed reasonable to include regardless. For this project, the virtual shadows were achieved
by rendering a virtual ground floor underneath the car and using shadow mapping to deter-
mine where the cast shadow from the virtual car should be. The mean ratio between shadow
and non-shadow areas obtained from the shadow segmentation of the scene was used to de-
termine the color of the virtual shadow. This was done by mapping the coordinates of the
ground quad to the coordinates of the screen to get the correct pixel color of the background,
and then multiplying that pixel value with the shadow ratio if there should be a shadow there
according to the shadow mapping. Note that this method works under the assumption that
the ground is flat, and that the shadow is only cast on the ground and not on any surrounding
objects.
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(a) With a vircual (b) Wichout a vir-
shadow. tual shadow.

Figure 3.5: A virtual car with and without a shadow.

3.3.3 Real shadows on virtual objects

The opposite problem is how to make the cast shadows from the real scene affect the virtual
car. In other words, if the car is driving through a real shadow, then the car should become
darker. For this, we needed to determine where these real cast shadows should be on the car.
To solve this, we used the result of the shadow segmentation, a black-and-white image that
segmented the scene into the two areas, shadow and light. Each pixel of the virtual ground
plane was then mapped to the corresponding pixe] in this binary shadow segmentation im-
age, thus classifying each pixel of the virtual ground plane as either shadow or light. For each
pixel of the virtual car, a line was traced from the light source through the vertex connected
to the pixel, onwards until it met the virtual ground plane. If the point on the ground was
marked as shadow from the shadow segmentation, that meant that the light was unable to
reach that point because a real object in the scene blocked it. This meant that the ]ight would
not have been able to reach the virtual car either, had it been real. As such, that pixel on the
car was marked as shadow and the shader for the car colored that area using only the contri-
bution from the ambient light.

This type of shadow is referred to as an object shadow in this report. An example can be

seen in Figure @
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(a)  Object (b) No object
shadow. shadow.

Figure 3.6: A virtual car with and without an object shadow. Since
the car is in shadow, the left image shows the “correct” 1ighting.

3.3.4 Double shadows

In most cases a cast shadow from the virtual object is needed to make it look more realistic.
Still, there are cases where a shadow can instead have the opposite effect. This happens when
the object is placed in an area of the scene where there already is a cast shadow on the ground
from a real object in the scene. Rendering a virtual shadow on top of the real shadow will
create a so called double shadow. An example can be seen in Figure Given that the scene
is lit mainly by one light source, this double shadow is not very realistic. In other words, this
means that it is not enough to just determine what color a shadow from the virtual object
should have, but also where it is suitable to render it. Also, if the virtual object’s shadow is
only partially covered by the real shadow then the two shadows should ideally be the same
color and blend seamlessly. This problem was also handled by using the results of the shadow
segmentation. Since the segmentation produced an image with light and shadow shown as
white and black, it was simple to map the position of the shadow cast by the virtual object
and see whether it overlapped with a shadow area in the scene or not. For good results, note
that this method required the shadows to be very sharp and that the shadow segmentation
was very accurate.
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(a) No dou- (b) Double
ble shadow. shadow.

Figure 3.7: A virtual car without and with a double shadow. Since
the car is in shadow, the left image shows the “correct” lighting,

3.3.5 Creating the shader for the car

From the shadow segmentation it was possible to get an estimated ratio between the shadow
areas and non-shadow areas. We could also obtain the mean value for each color channel in
shadow and non-shadow areas. The shader for the virtual car was based on the Phong re-
flection model, and it was assumed that the lighting of the real scene followed this model as
well. This meant the shadow areas would correspond to the areas that were (ideally) only af-
fected by ambient lighting. However, the ambient component of the Phong reflection model
consists of two factors, k, and the L,, where the values in k, depend on the object itself and
L, depends on the lighting. The mean value of the shadow areas in the scene was therefore
not only affected by the ambient light, but also the material properties of the objects in the
scene. To estimate L, from the mean value in the shadows, we therefore needed to make an
assumption about k,. Taking inspiration from the gray world assumption [21], it was assumed
that the intrinsic colors of the objects in the scene are gray on average. The ambient 1ight L,
was then found as follows,

L = Rshadow Gshadow Bshadow
¢ 05 ° 05 ° 05 )

where Rgradow, Gshadow aNd Bghadow are the mean values for each color channel in the shadow
arcas of the scene. The ambient color of the car was then calculated by multiplying &, from
the car with L,. The diffuse component of the shader for the car could then be found using
the ratio between shadow and non-shadows in the following way,

L, k, L, -k,(1-r)

S e Lok = 2T
La‘ka-i-Ld'kd d ¢ " r

where 7 is the ratio between shadow and non-shadow areas. Note that multiplication was
done by element between vectors in this case, since we were looking at each color channel
independently from each other. The color of the specular highlights was set to (1,1, 1) for

all scenes.
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After trying this shader on a few scenes, it became apparent that the virtual car was a lot
more saturated in color compared to the real car. The lower saturation of the real car could
possibly occur due to having a low light scene, in combination with the type of camera that
was used. To try and prevent oversaturation of the virtual car the ambient part of the shader,
L, - k4, was desaturated by a factor s. This factor was found by experimentation on three
different scenes in different lighting conditions. For each scene, five different strengths of
ambient light were used. In each scene and light situation two images were taken, one image
with a panel of 12 different colors placed in shadow and one image without the panel. Addi-
tionally, an image was taken of the panel in a well lit sicuation with white light. This image
was also slightly manipulated to better reflect how the colors looked like in real life, since the
goal of this image was to acquire an approximate k, for each color. The scenes were then ana-
lyzed to calculate 7 and L, for each lighting condition. Together with the information about
k, taken from the reference image described before, the estimated shadow color was found
for the colors on the panel. To calculate s for the scene, the saturation of this shadow color
was divided by the saturation of the true shadow color, taken from the image which included
the color panel in the scene. The final value for s was then found through linear regression.
Since the mean shadow color was already a part of the model, we decided that it would not
be appropriate to include this as a parameter in the linear regression. The parameters that
were tested were the shadow ratio and a constant.

3.4 Post-processing

When looking at the ground truth, the virtual car seemed to show more details whereas the
real car was a bit more unfocused. To imitate this, a post-processing effect that would blur
the car was created. To apply blur to only the car, we rendered the car to a blank texture
of the same size of the screen, blurred it and then rendered the texture to the screen. Since
we used blur on a texture, it was useful to modify the kernel slightly. We based the blur on
the kernel in Equation (2.3). However, since texture coordinates range from 0 to 1, moving
“one pixel” in the convolution was not trivial, and instead we had to move by a float number.
We used ﬁ as our offset, meaning that when the kernel was applied in the convolution, it
looked at the pixels offset from the middle pixel by ﬁ of the screen resolution. In this way,
an object would become equally blurred regardless of the screen resolution. To make it more
clear, if the screen resolution had been 300 by 300 pixels then the kernel was as shown in
equation (3.6). If the screen resolution had been 600 by 600 pixels then the kernel was as
shown in equation (3.7). That is to say, pixels two steps away from the middle pixel were used
instead of those one pixel away in that case.

N
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3.5 Methods for evaluation

There needed to be a way to evaluate the results, that is the videos of the virtual car, and de-
termine whether they were good or bad, and where improvements were needed. The specifics
of how that was done is described here.

First, a statement about what was to be evaluated. As previously stated, the goal was to create
avirtual car object that resembled a real car as much as possible, mainly from the perspective
of an ANN but also visually. As such, it was logical to compare two videos taken in the same
environment. One with a real car and one with a virtual car, the second adjusted to macch
the first one as well as possible in movement. The evaluation was divided into three separate
parts. The first part was a visual assessment, where the real and virtual car were compared by
human eyes. This assessment compared for instance lighting, shadows and reflections. The
humans in question were ourselves, to save time during the development process, and since
this evaluation method was mainly a complement to the other two methods. The second part
was also a visual assessment, but was in contrast to the first performed as a direct pixelwise
comparison of the same frame in the two videos by calculating PSNR, peak signal-to-noise
ratio. That is, a computer made a strict comparison to see how well the visuals matched. The
third part was performed by the ANN. It too compared the two videos, but because it was an
ANN,; it was more difficult to determine what exactly it examined. In any case, the ANN pro-
duced bounding boxes that showed where it detected a car. The position of these bounding
boxes were output, along with a score that represented how certain the ANN was. The score
ranged from 0 to 100, while the position, in x and y coordinates, ranged from —1 to 1. In gen-
eral, a high score meant that the ANN deemed that the detected object was very likely to be
a car, and a lower score meant that the ANN was more uncertain. If the ANN at some point
did not detect the car, it was counted as a score of 0. In this report, these three comparisons
will be referred to as human comparison, pixelwise comparison and ANN comparison, respectively.

One reason for having multiple ways of comparison was to avoid some ambiguity. The most
important of the three comparisons could have been argued to be the ANN comparison, but
the score did not communicate what exactly made the ANN react. That is, it could very well
be that two cars that looked very different could have gotten very similar scores, at least in
some situations. Since the aim of this project was to create a virtual car that gave the same
results as a real car in all situations, it was reasonable to ensure that the cars looked similar.
If the cars looked similar and the ANN reacted in the same way, it was easier to argue that

the goal had been reached than if it was only the ANN.

3.5.1 ANN comparison

In the ANN comparison, both the score and the bounding box positions were compared. For
the bounding boxes, the Jaccard or Tanimoto index [6][18] was used, meaning we calculated
intersection over union. If the bounding boxes are denoted A and B and their arcas are
denoted as |A] and | B, then the Jaccard index can be written as

ANB| |AN B
JAUB| |Al+|B|-|ANB|
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3.5 METHODS FOR EVALUATION

This method always results in a ratio between 0 and 1, where 0 means the bounding boxes
do not overlap at all and 1 means they overlap completely. When comparing two moving ob-
jects in different videos, it was important that the movement of the objects could be closely
matched to each other. A mismatch could easily lead to an invalid decrease in the Jaccard
index.

Regarding the scores in the ANN comparison, there were not as many alternatives when
comparing as for the bounding boxes. Since the score was just a sing]e number between 0
and 100, the easiest way to compare them was to calculate the absolute difference, and that
is what was chosen. The relative difference or square error would not have been unfeasible
choices either.

These output parameters were obtained at an unknown, varying rate, and to easier compare
two different setups where the parameters of the virtual car had changed, their means were
calculated. For some cases, the entire sequence of values was plotted, for easier visualization
and for added clearness regarding where in the sequence the likeness was better and worse.
Timestamps were then used to match the sequences in time. Since the output parameters
were not acquired at a fixed time interval, the output values were un]ikely to match perfectly
in time when comparing two videos. To make comparisons between videos possible, interpo-
lation was used to estimate the score and bounding box position at a specific time. However,
interpolation would not always be suitable in some situations, since there could be periods of
time when the ANN simply did not manage to detect the car. It was decided that if the time
difference between two observation was longer than one second, then no interpolated values
would be created between them. Thus when comparing two videos, the first observation in
each video would be lined up with each other, and then the closest following observation
would be found and the corresponding point in the second video would be found by inter-
polation. If it was impossible to interpolate a point in the second video, the resulting Jaccard
index would be 0 for that observation, and the score of the second video would be 0. This
was repeated for all observations in the videos. This meant that in instances where both cars
were not detected by the ANN, the mean Jaccard index and mean score difference were not

affected.

3.5.2 Pixelwise comparison

For the pixe]wise comparison, a sing]e frame of the car in approximate]y the same position
was taken from an image with the real car and the virtual car to calculate PSNR between
them. The image was cut to focus only on the car, to avoid noise from other parts of the
image negatively impacting the PSNR. We wanted the focus to be only on the similarity of
the cars, rather than than how similar the videos were as a whole. The PSNR was calculated
in the RGB color space.

As mentioned in Section one downside of RGB is that it is not perceptually uniform, unlike
CIELAB. One might wonder, then, why RGB was chosen and not LAB. The reason for that
is that there were already two other ways of comparison, one of which was the ANN com-
parison and the other of which was the human comparison. Since the focus was ultimately
on the ANN, and there already was a human comparison, there was no need to ensure that
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the pixelwise comparison actually used a color space that matched human perception. Also,
because the end goal of the comparison was only to be able to present differences between
two images in a way could be understood and compared to other pairs of images, the most
important thing was just to use the same metric for everything. RGB was hence chosen, for
simplicity. However, it is not unthinkable that comparisons made in other color spaces could
result in more accurate numbers in some aspect.

3.5.3 Basic and advanced shader

Having stated that the comparison was made between the real car and the virtual car, there
was no way to get any perspective just from that comparison. Any results would be un-
grounded and without a point of reference. To create a baseline, we used two different
shaders, one basic and one advanced. The basic shader is a shader that only returns k4 of
the object, whereas the advanced shader uses the Phong reflection model and takes the out-
put from the scene analysis into consideration. Less formally, the basic shader represented
the car model in the state it was before we begun this project and the advanced shader rep-
resented the car model’s state after we were done. As such, the basic shader could be used
as a baseline. Both shaders were used in the comparisons, with the goal of showing that the
advanced shader made the virtual car more similar to the real car than the basic shader did.

3.5.4 Scenes, situations and settings

Apart from using two different shaders for the virtual car, we also made use of several differ-
ent options to create variation and a larger sample size. We used five different scenes, which
could vary in placement and strength of light source, ground material and placement of ob-
jects. A scene together with a car moving in a certain way was called a situation. Mostly, each
scene only contributed to one situation, but one scene had three different sicuations. Within
cach situation, several different settings were also defined. Apart from variation, these set-
tings were meant to be used to investigate and highlight how small changes in the car or
shadows impacted the results. We decided to use a setting called ‘Regular’ as the base setting,
Another setting was called ‘No virtual shadows’, where we did not render any virtual cast
shadow for the car. A third was ‘Blur’, where post-processing was used to blur the car. These
settings were tested for the virtual car both with the advanced and the basic shader. A fourth
and fifth option were only used in situations where the car passed through shadows in the
scene. The fourth was ‘Double shadow’ and meant that double shadows were not removed.
The fifth setting was only used for the advanced shader, and was called ‘No object shadow”.
This setting had the car not changing appearance from going through shadows. Compar-
isons between the settings were done in two ways. The first way was to choose one setting
and compare the results for that setting with the basic and advanced shader. The second way
was to choose either the basic or the advanced shader and then compare the resules of two
different settings for that shader.
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3.5.5 Handling false positives and outliers

When retrieving output data from the ANN;, it was clear that some output values were caused
by other sources than the car. That is, the ANN sometimes reacted to other things in the scene
and treated them as cars. These false positives were not of interest, since the focus was only
on how the ANN reacted to the real and virtual car. In most cases, the bounding boxes of
these false positives were placed very differently from the bounding boxes of the car, making
them casy to identify and remove. In two videos of the ground truth, there were instances
when the ANN detected an object with a bounding box that was close to that of the car, but
with a different size. These values were kept, since it was possible that these outputs could
have been caused by the car and therefore ideally should be recreated by the virtual car as

well.
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Chapter 4

Results

This section presents the results from the desacuration experiment and the two different
shadow segmentations that were tested, as well as comparisons between different versions of
the virtual cars in different scenes.

4.1 Desaturation factor

After performing linear regression, the coeflicient for the shadow ratio was not shown to
be statistically significant, and was excluded from the model. As such, only the constant
desaturation factor s remained. The results of the experiments to determine s can be seen in
Figure The estimated value of s was 0.3413 calculated as the mean of all values in Figure
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Figure 4.1: Saturation ratio plotted against shadow ratio. The
shadow ratio has been calculated as a mean over the shadow ratios

of the three RGB color channels.

4.2 Shadow segmentation

Two examp]es of the shadow segmentation using two different techniques are shown in Fig-
ures andbelow. For the first scene in Figure both the thresholding and graph cut
algorithm find the shadows from the boxes and classifies parts of the ground floor closest
to the right and left edge as shadow. In Figure 4.3| the threshold technique is unable to find
the shadows in the center of the scene. The graph cut algorithm is significantly better at
segmenting this area. As a reminder, the shadow segmentation used when developing the
shader was the graph cut algorithm.
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4.2 SHADOW SEGMENTATION

(a) Thresholding. (b) Graph cut.

(c) Base image.

Figure 4.2: Results from two types of shadow segmentation. Subfig-
ure (a) shows the shadow segmentation performed by the threshold-
ing algorithm, while (b) shows the shadow segmentation performed
by our graph cut algorichm.

I ! L 4

(a) Thresholding.

bt

(b) Graph cut.

(c) Base image.

Figure 4.3: Results from two types of shadow segmentation. Subfig-
ure (a) shows the shadow segmentation performed by the threshold-
ing algorithm, while (b) shows the shadow segmentation performed
by our graph cut algorichm.
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4.3 Comparisons

In this section, we present the mean bounding box overlap (Jaccard index), mean difference
in score as well as the PSNR value for the virtual car in 7 different situations, compared to a
video of the real car in the same situation. Several different settings are used for both shaders
in every situation. Note that parts of the background have been blurred for all images of the
scenes, in order to preserve confidentiality.

Before looking at observations from individual situations, it would be best to summarize
a few thing that stayed consistent between them. When post-processing was used to blur the
virtual car, it was almost never detected by the ANN; and as such, was assigned a score of 0.
However, the blurred car always achieved a higher PSNR value than the cars with the regu-
lar setting. The PSNR value was always higher for the advanced shader, compared to when
the basic shader was used in the corresponding situation. Also, the PSNR value was almost
always higher when a virtual cast shadow was rendered.

Regarding the human comparison, it was casier for us to see the virtual car in a scene com-
pared to the real car. The virtual car always stayed separate from the background, while the
real car sometimes merged with it, either in shadows or close to the light source. The virtual
cast shadow was necessary for the car to look realistic for a human observer, as well as re-
moving double shadows and rendering object shadows. The advanced shader also made the
car look more realistic. Therefore, the regular advanced shader is deemed the best by human
comparison. Regarding blur, there were both situations where the blur made the virtual car
look less realistic and ones where it made it look more realistic. In general, the real car was
less sharp than the virtual car with the regular setting, but significantly more sharp than the
virtual car with the blur setting. That is, the virtual car generally looked more similar to the
real car without blur. However, in the aforementioned cases where the real car merged with
the background, it also became less focused. In those instances, the blurred virtual car looked
considerably more realistic than the one without blur.

4.3.1 First scene

The first scene used in the tests can be seen in Figure Three videos were filmed with
this background. One where the car moved in a straight line from the left part of the scene
to right, one where it moved from the back to the front, and the last video showed the car
moving from the front to the scene to the back.

The comparison between the virtual car and the real car in the case where the car moved
from left to right is shown in Table[#.1] The mean Jaccard index was approximately the same
for both shaders when no virtual shadow was rendered. The regular advanced shader had a
somewhat lower mean Jaccard index compared to the regular basic shader. In general, the
mean score difference was lower when using the basic shader. In the ground truth video, the
car became brighter when it drove through the middle of the scene, and darker closer to the

edges.
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4.3 COMPARISONS

Figure 4.4: A scene with a visible light source and two objects that

cast shadows. The scene was used to produce the results in Tables

The arrows show the paths of the car in the three videos.

I }\/Iean : Mean Image
asic shader accar score
index difference PSNR
Regular 0.3851 46.3774 15.8911
No virtual shadow 0.3774 49.6005 12.7088
Blur — 26.9390 16.2882
Mean Mean Image
Advanced shader Jaccard sc.ore PSNR
index difference
Regular 0.3490 57.7820 19.0392
No virtual shadow 0.3797 53.9259 13.9505
Blur — 26.9390 19.4050

Table 4.1: Virtual car with two different types of shaders, compared
to statistics from a video of a real car. The table was made using the
scene shown in Figure with the cars moving from left to right.

The comparison between the virtual car and the real car in the case where the car moved from
the back to the front is shown in Table The mean bounding box overlap was generally
similar between the basic shader and the advanced shader, with generally low values and the
advanced shader having the highest value. The score difference was the lowest when using
the advanced shader with a virtual shadow and no post-processing.

43



4. RESULTS

The comparison between the virtual car and the real car in the case where the car moved
from the front to the back is shown in Table In general, the basic shader had a lower

mean Jaccard index and higher score difference compared to the advanced shader.

4.3.2 Second scene

The next scene is shown in Figure The car moved from the left side of the scene to the
right side in a straight line, and the evaluation parameters are shown in Table The score
difference was the lowest when the car was blurred. However, do note that the ANN still did
not detect the car at all when blurred, so the score of the blurred virtual car was always 0.

Mean

Mean

Basic shader Jaccard score :)nsl;g:{
index difference
Regular 0.0998 26.2049 13.9402
No virtual shadow 0.1036 25.8179 11.4129
Blur — 41.1384 14.2422
Mean Mean Imae
Advanced shader Jaccard score 5
. . PSNR
index difference
Regular 0.0922 23.9682 15.6267
No virtual shadow 0.1499 25.4621 12.2745
Blur — 41.5899 15.7907

Table 4.2: Virtual car with two different types of shaders, compared
to statistics from a video of a real car. The table was made using the
scene shown in Figure with the cars moving from the back of
the image to the front.

Mean Mean Imae
Basic shader Jaccard score p Sl\?R
index difference
Regular 0.2469 21.7081 14.2052
No virtual shadow 0.2403 22.5571 11.3792
Blur — 29.9677 14.4439
Mean Mean Imae
Advanced shader Jaccard score 5
. . PSNR
index difference
Regular 0.3798 14.2396 15.5731
No virtual shadow 0.3378 11.5926 12.0436
Blur — 29.9677 15.7686

Table 4.3: Virtual car with two different types of shaders, compared
to statistics from a video of a real car. The table was made using the
scene shown in Figure with the cars moving from the front of
the image to the back.
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The third lowest score difference was found when using the advanced shader without remov-
ing double shadows. Generally the mean Jaccard index was about the same for the advanced
shader. The highest mean Jaccard index was found with the regular basic shader. The PSNR
value was slightly higher when object shadows were not used, compared to the regular set-
ting. When no double shadows were removed, the PSNR value was a bit lower.

Something worth to note from the human comparison is that the real car almost seems to
merge with the shadows at times, which is Something neither of the virtual cars can imitate.
This problem is shown in Figure Even when the virtual cars are in a dark shadow, it is
casy to see them for a human eye.

Figure 4.5: A scene with a visible light source and two objects that

cast long shadows. The scene was used to produce the resules in

Table The arrow shows the path of the car.
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r . I

Figure 4.6: Four different cars in the same situation. From top left

to bottom right, row-wise: real car, advanced virtual car with blur,
basic virtual car, advanced virtual car. Note that the real car merges
with the shadow while the virtual cars are easy to separate from the
shadow for a human eye.

‘ Mean Mean Image
Basic shader Jaccard sc.ore PSNR
index difference
Regular 0.3858 54.0341 13.5639
No virtual shadow 0.3011 52.5120 11.9768
Blur — 27.1111 14.0029
Double shadow 0.2561 44.4768 13.0534
Mean Mean Image
Advanced shader Jaccard score 5
. . PSNR
index difference
Regular 0.3744 56.6732 17.5591
No virtual shadow 0.3774 57.7544 14.3280
Blur — 27.1111 17.9657
Double shadow 0.3712 46.9793 16.3690
No object shadow 0.3739 59.8626 17.7048

Table 4.4: Vircual car with two different types of shaders, compared
to statistics from a video of a real car. The table was made using the

scene shown in Figure with the cars moving from left to right.
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4.3.3 Third scene

The next scene is shown in Figure[4.7]and is similar to the previous one in Figure[4.5] but with
a higher intensity of ambient light. The car also moved from left to right and the evaluation
data is shown in Table[#.5] Here we can see that the mean Jaccard index was the highest with
the basic shader without a virtual cast shadow. The mean Jaccard index is also higher for
the virtual car in this scene, compared to the scene in Figure The advanced shader had a
higher PSNR value when double shadows and real shadows were taken into account.

Figure 4.7: A scene with a visible light source and two objects that
cast long shadows that are brighter than the ones in Figure The
scene was used to produce the results in Table The arrow shows

the path of the car.
b }\/Iean | Mean Image
asic shader accar score
index difference PSNR
Regular 0.5671 12.5042 14.3377
No virtual shadow 0.5697 14.4897 12.8407
Blur — 76.1615 14.8579
Double shadow 0.2546 19.1760 13.9233
Mean Mean Image
Advanced shader Jaccard sc'ore PSNR
index difference
Regular 0.3916 11.7645 19.3373
No virtual shadow 0.3955 11.6870 15.7127
Blur — 76.1615 20.0789
Double shadow 0.4976 16.6839 18.1465
No object shadow 0.4045 11.3184 19.3361

Table 4.5: Virtual car with two different types of shaders, compared
to statistics from a video of a real car. The table was made using the
scene shown in Figure with the cars moving from left to right.
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For this case we elect to show a plot of the score over time, for the advanced virtual car and

the real car, see Figure More such plots can be found in Appendix
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Figure 4.8: Scores on a scale from 0 to 100, for the virtual and the

real car.

4.3.4 Fourth scene

In this next scene the light source was placed so that it was not visible from the camera’s
perspective. The scene can be seen in Figure In this situation, the car moved from the
left part of the scene to the right, and the evaluation data is displayed in Tab]e The mean
Jaccard index was quite low for the virtual car, with the exception of the case with the regu-
lar advanced shader. The mean score difference was similar between the basic and advanced
shader when no post-processing was used.

In the video of the real car, the ANN had a few observations that deviated from the rest
(see Appendix Figures [B.11b] and [B.12b). These occurred between 9 and 12 seconds from

the first observation of the car. These observations were kept since their bounding boxes

were positioned similarly to the rest, which suggested that they were observations of the car
rather than something in the background. The score also decreases occasionally during this
time frame when looking at the resules from the virtual car with the advanced shader and
basic shader with the regular setting.
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€ o alie i)

Figure 4.9: A scene with a light source outside the image, to the left,

and two objects that cast shadows. The scene was used to produce

the results in Table The arrow shows the path of the car.

Mean

Mean

. Image
Basic shader Jaccard seore p Sl\?R
index difference
Regular 0.0441 22.7065 12.3185
No virtual shadow 0.0616 21.4721 12.3904
Blur — 68.0241 12.7498
Mean Mean Image
Advanced shader Jaccard seore PSNR
index difference
Regular 0.1866 22.3403 13.6904
No virtual shadow 0.0594 24.6612 13.7941
Blur 0 55.0890 14.1603

Table 4.6: Virtual car with two different types of shaders, compared

to statistics from a video of a real car. The table was made using the

scene shown in Figure with the cars moving from left o right.

4.3.5 Fifth scene

The last scene used is found in Figure For this situation, the car moved from the bottom

left corner of the scene to the upper right. The mean Jaccard index was approximately the

same when using the basic and advanced shader, and in both cases somewhat lower when

no virtual cast shadow was rendered. The mean score difference was generally somewhat

higher for the advanced shader compared to the basic shader, and Considerably higher when

post—processing was used.
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Figure 4.10: A scene with a visible light source and two objects that
cast shadows. The scene was used to produce the resules in Table
The arrow shows the path of the car.

Mean Mean Image
Basic shader Jaccard score P SNgR
index difference
Regular 0.4865 19.4164 | 14.0010
No virtual shadow 0.4779 20.2031 11.9958
Blur — 54.1461 14.3587
Mean Mean Image
Advanced shader Jaccard score 5
. . PSNR
index difference
Regular 0.4819 25.1981 15.9602
No virtual shadow 0.4775 23.3894 | 13.1186
Blur — 54.1461 16.1846

Table 4.7: Virtual car with two different types of shaders, compared
to statistics from a video of a real car. The table was made using the
scene shown in Figure with the cars moving from diagonally

across the scene from the lower left to the upper right.
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Chapter 5

Discussion

In this section, the results are analyzed and compared.

5.1 The virtual shadows

The inclusion of the virtual cast shadows increased the PSNR value of the virtual car in al-
most all cases, with the exception of the videos filmed in the scene shown in Figure It is
expected that the PSNR would increase with a cast shadow, since more pixels of the back-
ground would be more similar. A reason for why the scene shown in Figure4.9|instead gave a
lower PSNR value could be the result of poor alignment of the virtual car to the ground cruth.
This meant that the virtual shadow covered areas of the image where the ground truch had no
shadow, therefore lowering the value. Moreover, the virtual shadow made the car look more
integrated with the scene for a human, and therefore more realistic. Regarding the output
from the ANN, the virtual cast shadow does not seem to impact the ANN in a significant
way. For both the advanced shader and the basic shader, there were cases when the virtual car
had a higher Jaccard index and lower score difference with a virtual shadow, as well as cases
where the Jaccard index decreased and the score difference increased. For instance, in Table
the output values from the ANN are less similar to the ground truth for the advanced
shader, and in Table 4.6/ the opposite was true. A reason for this could be because the ANN
is mainly trained on detecting the car itself and that other details in the background, such as
a cast shadow, do not contribute as much to the end result. Moreover, the vehicle detection
ANN is likely also trained on images where a cast shadow from the car is not visible by the
camera, such as when the main light source is behind the camera. Therefore the ANN should
probably be able to detect a real car, regardless of if a cast shadow is present or not, which
might explain our results.

Moving on to the impact of the double shadows, the sample size is decreased to a modest two
scenes, resulting in four samples. Thus, it is difficult to draw reliable conclusions. In Table
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including a double shadow decreases the mean score difference for both the basic and the
advanced shader. However, in Table 4.5] both mean score differences are instead increased.
For all cases, the impact of the double shadows is relatively large. The PSNR, on the other
hand, seems to have less significance, but at the same time more confirmed direction. Not
removing double shadows always decreases the PSNR value. This is fully logical, since a dou-
ble shadow will darken a part of the image that would otherwise remain unchanged between
the virtual and real video. Of course, this assumes that the shadow segmentation has been
performed accurately. The Jaccard index is lowered for the basic shader but unchanged for
the advanced shader. This could potentially hint at the ANN mistaking the double shadow
for a part of the car when the simple shader was used, which led to a misplacement of the
bounding box.

The object shadow has even less samples, only two. One case slightly increases the mean
score difference for the advanced car and one slightly decreases it. However, both of these
changes are small enough that they could likely have originated from misalignment when
matching the videos, and as such no conclusion would have been possible to draw even had
both cither increased or decreased. Regarding the PSNR, the changes are small but not al-
ways positive. The prob]em in the scene shown in Figure is that the real car melted into
the shadow while the virtual car with the advanced shader became too dark, darker than the
shadow itself. This can be seen in the top left and bottom right part of Figure Without
the object shadow, the part of the virtual car that was in the shadow became brighter and
matched the real car slightly better. This only led to a big difference in Table not in Table
since the shadows were brighter in the latter and the real car did not melt into them. The
Jaccard index does not seem impacted in any way by the inclusion or exclusion of the object
shadow.

5.2 Advanced and basic shader comparison

It is clear from the results of the pixelwise comparison that the advanced shader makes the
virtual car look more similar to the real car than the basic shader. This is easily seen in the
‘Image PSNR’ column, in which the advanced shader always has a higher value than the cor-
responding field for the basic shader. However, the ANN comparison is more varied. There
is not a clear pattern regarding which shader performs the best. For instance, in Table[4.1] the
advanced shader generally has a higher mean score difference than the basic shader (worse

performance), but in Table the opposite is true.

The mean Jaccard index is also not trivial to interpret. In many cases, it is too low to make
a meaningful comparison, especially since the Jaccard index is sensitive to how well the two
compared videos are synced to each other. This makes it somewhat unreliable.
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5.3 Real and virtual car comparison

As stated in the results, the human comparison made it clear that there were some situations
where the virtual car was much more visible than the real car. We believe this is what created
the large gap in score between the virtual and the real car. There are many reasons for why this
could be the case. One reason could be that the image of the scene and our assumptions were
not enough to accurately capture the necessary lighting parameters. As mentioned before
in Section obtaining the light information from a single image is an ill-posed problem,
meaning that more information is needed to get a solution. It is therefore possible that our
assumptions about the scene were not enough to get an accurate resule. Furthermore, the
virtual car remained Fair]y static in color for the duration of the video, unless it entered into
areas that were marked as shadow. In the ground truth videos, the car did not always look
the same in all positions of the scene. For example, in scenes with a visible light source the
car became brighter when it was positioned in the middle of the scene, compared to when it
was placed closer to the edges. This could have been one of the reasons for why the virtual
car differed in score in comparison to the ground truth. For instance, in Figure the real
car gets a lower score after about 10 seconds, which is likely when the car is closest to the

light source in the scene in Figure

5.4 Blur

The impact of blur as a post-processing effect on the results was a great one. On one hand,
the PSNR was always higher when using blur compared to other options for the same shader
type. On the other hand, the ANN was unable to detect the blurred car, both when using
the basic shader and the advanced shader. This is obviously not a favorable result. Of course,
being able to make the virtual car look visually similar to real car is an important step, but
the main focus was on making the ANN treat the virtual car the same way as it did the real
one. It is difficule to know how far the blurred car is from actually being detected, but by
reducing the amount of blur one should reasonably be able to find a good balance where the
virtual car is detected by the ANN, but does not achieve as high score as the ones without
any blur.

A behaviour that the virtual car seems to be unable to recreate is how the real car seems
to almost blend into the background when entering shadow areas in low light settings. An
example of this can be seen in Figure The virtual car with the advanced shader became
too dark when entering the shadow, and different parts of the car such as headlights and
wheels remained detailed. In the ground truth, it almost looks as if the car is entering fog.
The virtual car with the advanced shader and post-processing overall looks too blurred, but
in the shadows the blurred effect is closer to the ground truth.
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5.5 Future improvements

There are many things that could be done to improve the results and performance described
in the carlier sections. Listed here are a few suggestions.

5.5.1 The virtual car model

The virtual 3D-model of the car and the real model car are similar, but not copies of each
other. The virtual car is less detailed and does not include some elements of the real car,
such as the light gray plates on the sides of the car and the dark color of the trunk cover.
These differences could have affected the result, especially for the pixelwise evaluation. For
future work, using a more similar 3D-model or a 3D-scan of the real car will likely give a more
reliable result.

5.5.2 More advanced blur

Our results suggest that blur can greatly affect how easily the ANN can detect the car. By
using a more advanced version of blur, we expect better results could be achieved. The first
option is to simply try using varying amounts of blur and investigate its impact. Instead
of blurring the entire car, another option is to only blur the parts of the car that are in its
self-shadow, because those are the darkest and therefore hardest for a camera to see clearly.
A third option is to blur the car together with the parts of the background closest to it, in
order to merge the car with the background.

5.5.3 Scene variation

When producing the result, only 7 different situations were used, and three of the videos
were filmed in the same scene. This is a very limited data set, and it is therefore difficult to
determine what the results would be from a video taken in a new scene. The scenes in the
data set are also quite simple and similar visually. In the last scene, shown in Figure a
different ground material was used but otherwise it had a lot of the same elements as the other
scenes. The main reason for Why so few situations were used was because of time constraints

and lack of resources.

5.5.4 Gradient shadows

One problem that the graph cuts struggle with is when the scene includes gradient shadows.
A gradient shadow appears when a shadow on a surface gradually turns to light along the
surface, rather than having a distinct edge. The graph cut algorithm is binary, meaning it can
only classify a pixel as either non-shadow or shadow, nothing in between. There are methods
for obtaining a soft shadow segmentation, where the amount of shadow is indicated by a
number between 0 and 1, 0 being no shadow and 1 being full shadow. One such method has
been made by Madsen and Nielsen [10]. Using that would result in a better representation of
the 1ighting in the scene, and could lead to more accurate results when rendering a shadow
for the virtual car.
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5.5 FUTURE IMPROVEMENTS

5.5.5 Working with a real car

As ground truth data, it would of course be more realistic to use a real car racher than a
model car, but it would also be more complicated. A larger testing ground is required, and
bigger equipment for controlling the lighting. Filming could only be performed when it is
dark outside and when the weather permits, which depending on location and season can be
more or less of a problem.

By using a real car, another possibi]ity connected to the 1ighting is enabled, name]y using
the headlights of the car to create difficult lighting situations for the camera. It is known
that a camera can be blinded if the car’s headlights are aimed straight ac it, which is a situa-
tion that is entirely possible, to not say unavoidable, when driving a car at the same level as
the camera. Of course, such a thing would in theory be possible even with a model car, but
it would most ]ike]y be difficult to find one that has strong enough ]ights to create the same
effect.

To liken the virtual car to a real car with headlights, virtual spotlights could be added to
the front of the virtual car and used to create an artificial flare effect. However, it must be
noted that the virtual head]ights need to illuminate elements in the real scene, such as the
floor and potential objects and walls in front of car. Depending on what accuracy is sought,
this could require a 3D model of the scene to solve correctly.

5.5.6 Double shadows

The method for avoiding double shadows was to use the shadow segmentation as a binary
mask which showed where a virtual shadow could be rendered. This worked best when the
whole rendered shadow was either surrounded by shadow pixels or non-shadow pixels. But
when the virtual shadow is only partially covered by a real shadow, some double shadows
occur on the edge between them. There are also some pixels on the edge that become too

bright. Examples of this can be seen for the virtual cars in Figure

A possible alternative way of solving this problem would have been to use shadow removal
on the scene to make the transition between real and virtual shadows more smooth. By first
finding and removing all shadows in the scene and saving the result as a separate texture, the
new shadows would have been rendered by using the pixel values from this texture multiplied
with the shadow ratio to hopefully give a smoother result.

5.5.7 More advanced shaders

There are several ways in which the shaders could be improved to make the virtual car look
more realistic, which would probably yield better results. One is to use normal maps, specular
maps and occlusion maps to easily add more details to an otherwise plain car. Phong shading
has its limits. Another way is using physically based rendering (PBR), which aims to achieve
photorealism and model the flow of light as in the real world. However, this could potentially
be too taxing for a real-time application, especially if it is rendered on a camera with limited

resources.
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5. DISCUSSION

5.5.8 Depth detection

One of the requirements in this project was to use only a single video frame for the scene
analysis, which removes several options that require a 3D model of the scene. However, one
possible solution would be to utilize an algorithm that can determine depth in a single image,
and from that construct a 3D model. Such an algorithm would most likely be based on Al
Since the image only shows the scene from one direction, the 3D model would be limited to
just depth from that point of view, but that would still open up a lot of new possibilities.
Some such possibilities are described in Section
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Chapter 6

Conclusions

In this thesis, we have investigated how to analyze an image taken in a low-light setting to
acquire information about the lighting conditions, and how this can be used to improve the
appearance of a virtual car. We have developed a shadow segmentation algorithm in order to
extract color information from the shadows and non-shadows of the scene. The evaluation
has been done by comparing a virtual car to a real model car, both visually and with PSNR,
as well as by comparing output parameters from a vehicle-detecting ANN. Two different
shaders were used to determine the appearance of the virtual car. One basic shader, which
rendered the car without taking any light or shadow into account, and one advanced shader,
which used information from the shadow segmentation. Both shaders were tested with some
parts of the rendering varying. This was to see what effect for instance virtual shadows and
blur had.

The following research questions were asked and answered in this project:

Will the output from the ANN be more similar to the ground truth when using the
advanced shader, compared to the basic shader? No, not in any clear way.

Will the PSNR value between the ground truth and the advanced shader be higher,
compared to the PSNR between the ground truth and the basic shader? Yes, the PSNR was
always higher when using the advanced shader compared to the basic shader.

How do the virtual cast shadows and blur impact the PSNR value and output from the
ANN of the virtual car compared with the ground truth? Virtual cast shadows genera]]y
increased the PSNR value and made the car look more realistic, but did not change the out-
put from the ANN in any relevant way. Blur also increased the PSNR, but made it almost
impossible for the ANN to classify the virtual car as a car.

Does the advanced shader make the virtual car look more similar to the ground truch,
from the perspective of a human observer? Yes. The car looks much better and more sim-
ilar to the ground tructh when using the advanced shader than when using the basic shader.
However, there are still sitcuations where the virtual car differs noticeably from the ground
truth.
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6. CONCLUSIONS

In summary, the advanced shader made the car visually more similar to the real car compared
to the basic shader, but from the perspective of the ANN the advanced shader did not make
the car more realistic. Therefore it is not suitable to use videos of the virtual car with the
advanced shader as validation data for the ANN. However, several different approaches have
been identified that might lead to more desirable results in future research.
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Appendix A

Screenshots from tl’lC ground tI'lltl’l

The following figures aim to visualize the movement of the real car in the seven videos used
as ground truth. Each figure has four subfigures, which show the car at different points in
cach video. The order in time from first to last is top right, top left, bottom left, bottom
right. Note that parts of the backgrounds have been blurred to preserve confidentiality.

Figure A.1: Screenshots from the video with the background shown
in Figure The car follows the path of the arrow pointing to the
right.
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A. SCREENSHOTS FROM THE GROUND TRUTH

Figure A.2: Screenshots from the video with the background shown
in Figure The car follows the path of the arrow pointing to the
bottom of the image.

Figure A.3: Screenshots from the video with the background shown
in Figure The car follows the path of the arrow pointing to the
top of the image.
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Figure A.4: Screenshots from the video with the background shown

in Figure

Figure A.5: Screenshots from the video with the background shown

in Figure @
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A. SCREENSHOTS FROM THE GROUND TRUTH

Figure A.6: Screenshots from the video with the background shown

in Figure @

Figure A.7: Screenshots from the video with the background shown

in Figure @l
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Appendix B

Bounding boxes and scores

The following figures can give more insight into the results. They are structured in pairs
that each correspond to a certain situation in the results. The first figure in each pair show
the results for the regular basic shader and the second for the regular advanced shader. Both
are compared with the real car. Also, each figure has two subfigures that show bounding
box coordinates and scores. The bounding box coordinates are shown as four different plots,
corresponding to the different boundaries of the box, which are left, top, right and bottom.
All coordinates range from —1 to 1, where —1 is the leftmost or lower part of the screen and
1 is the rightmost or upper part of the screen.
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(a) Bounding box. (b) Score.

Figure B.1: Detailed results of the ANN comparison for the regular

basic shader in Table
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B. BOUNDING BOXES AND SCORES
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Realistisk virtuell bil for battre validering
av artificiell intelligens

POPULARVETENSKAPLIG SAMMANFATTNING Gustav Klotz, Kristina Patrikson

Artificiell intelligens som detekterar olika objekt blir allt vanligare. Vart arbete gick ut
pa att gora en virtuell bil sd lik en riktig bil som mojligt, speciellt i svdra miljoer med
daligt ljus, sa att den skulle kunna anvandas istallet for en riktig bil for att kontrollera

att en Al funkar.

Idag anvénds Al till bildanalys inom manga olika
foretag och forskningsomraden. For 6vervakning
av trafik eller sédkerhetsklassade omraden pagar
arbete for att konstruera AI som kan detektera
och varna sédkerhetspersonal nér bilar befinner sig i
dessa omraden. Nar man trédnar en Al behovs myc-
ket data, men efter tréaningen behéver Al:n ocksd
valideras, det vill siga att man kontrollerar att
den klarar sig bra pa sadant den inte har trénats
pa. Ett potentiellt sitt att forenkla insamlingen
av denna valideringsdata ar att lata en virtuell bil
kora framfor en bild av en riktig bakgrund.

Malet var att forbattra en virtuell bil sa att den
sag béttre ut i morka situationer, fér annars stack
den ut som alldeles for ljus. Den gamla bilen sag
likadan ut oavsett bakgrund eller ljus, medan var
nya bil &ndrades i utseende. Vi jamférde bade den
gamla och nya bilen med en riktig bil, for att kun-
na se om var nya var béttre. Vi jamférde ocksa
bade genom att se pa hur lika bilarna var varand-
ra, men ocksa genom att se hur Al:n reagerade pa
de olika bilarna. Om var nya bil fick liknande re-
aktioner fran Al:n som den riktiga bilen sa var det
bra.

Vi delade upp bilden i skugga och icke-skugga
for att rdkna ut hur morkt det var i skuggorna
jamfort med i ljus. Vi kunde dven utnyttja upp-

delningen for att veta nér den virtuella bilen skulle
ha skugga pa sig.

Resultatet visade att var nya bil sag béttre ut
dn den gamla, men tyvérr tyckte Al:n att bada
var ganska olika den riktiga bilen. Detta kan bero
pa att de virtuella bilarna har svart att smaélta
in i skuggor, och diarmed hittas lattare av Al:n,
speciellt i de morkaste bilderna. Var virituella bil
kan darfor inte anvindas for att validera en Al

Figur 1: Den riktiga bilen (Ovre), gamla virtuella
bilen (Nedre vénster) och nya (Nedre hoger).
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