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Abstract
Anterior cruciate ligament (ACL) reconstruction surgeries suffer from high relapse
rates, due to the hard problem of placing the replacement graft. 3D models of knees
could be used as training material for medical professionals to practice placing the
ligaments to reduce relapse rates. We have developed a technique that can produce
realistic renders of knees’ interiors that can further be used in this context.

Our technique is based on Neural Radiance Fields (NeRF) to create novel views
of the knee, where we compared the original NeRF implementation and two other
implementations, Self-Calibrating NeRF (SCNeRF) and Nerf in the Wild (NeRF-W)
to choose a starting point for further development. We landed on using NeRF-W as
our baseline model. We have made several extensions to NeRF-W to further improve
the application to ACL reconstruction surgeries, such as correcting ray distortions
to produce accurate renderings and using segmentation masks to help the model
remove medical tools from the renderings. We apply our system to data sets of ACL
reconstruction surgeries and demonstrate results that surpass those of the models
compared. We present an average improvement compared to NeRF-W with 5.7% in
PSNR, 0.69% in SSIM, and 23.5% in LPIPS.

Keywords: NeRF, NeRF-W, SCNeRF, novel view synthesis, computer vision, ACL
surgery
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1
Introduction

1.1 Background

Among knee injuries, anterior cruciate ligament (ACL) injuries rank among the most
prevalent. According to the Swedish national knee ligament registry, around 4000
cruciate ligament surgeries are performed in Sweden alone [21]. Around 20% of the
patients require additional surgery a few years after the initial surgery due to com-
plications with the operated cruciate ligament [21]. An ACL surgery is most often
performed by replacing the damaged cruciate ligament with a replacement graft,
this graft is inserted in the knee using a minimally invasive arthroscopic technique,
where a �ber optic camera together with small instruments are inserted into the
knee [20], this procedure is illustrated in Figure 1.1. Using these small instruments
and the �ber optic camera, surgeons determine where to optimally place the graft
as this placement is important. If the ends of the grafts are placed too far from each
other it can lead to the graft being damaged in the future. If the ends are placed
too close to each other, the graft might not have full e�ect, which may prevent the
patient from regaining the same range of motion they had before surgery, causing
instability in the knee.

To alleviate this problem, we intend to develop a way to easily create renderings of
the inside of a knee, which could be used in future work to assist surgeons in placing
grafts in ACL reconstruction surgery. We intend to use a technique called Neural
Radiance Fields (NeRF) that is used to synthesize realistic 3D scenes from images
using deep learning techniques [17].

1



1. Introduction

Figure 1.1: Illustration of an ACL reconstruction surgery. An arthroscope along
with small medical instruments are inserted into the knee to repair the damaged
cruciate ligament [35].

1.2 Related works

The computer vision �eld has many di�erent approaches to novel view synthesis
that are good for di�erent applications. Structure from motion : An old tech-
nique used to create a 3D scene from images. It requires a lot of pictures and a
wide view of the scene that our data sets do not contain. It lays the foundation
for the camera parameters as well and gives a sparse point cloud for the scene [23].
Neural 3D shape representation : A new technique that maps coordinates to a
signed distance function representing the geometry of the scene, however, it requires
a ground truth depth map that is not available in this application [11].Neural ra-
diance �elds (NeRF) : A state-of-the-art technique in novel view synthesis, it uses
neural networks to model and render detailed 3D scenes by learning each scene's
radiance and volumetric representation. NeRF, seeks to overcome some of the chal-
lenges present in earlier novel view synthesis techniques [17].

We chose to use NeRF in this thesis both due to its state-of-the-art performance
along its popularity. Many NeRF implementations exist, each with properties �t-
ting for this application. Beyond the original NeRF implementation, this thesis also
studies two iterations of it, NeRF in the Wild (NeRF-W) and Self-Calibrating NeRF
(SCNeRF). NeRF-W can handle variable lighting and transient objects that exist
in our dataset and are prevalent challenges in ACL surgeries. To get an accurate
rendering, we intend to test SCNeRF [10], which is a plugin that can be used with
other NeRF models to process distorted images accurately. SCNeRF learns camera
intrinsics (internal parameters) and extrinsics (camera poses) without requiring the
lengthy process of an SfM initialization.

2



1. Introduction

1.3 Aim

This thesis aims to see if it is possible to create novel views of the interiors of knees
using data from ACL surgeries. This thesis is part of a larger project in which the
end goal is to develop a tool to help medical professionals during ACL reconstruction
surgery.

Many di�erent versions of NeRF are intended for di�erent use cases. Firstly, we
intend to compare some of these and then further develop the model or models that
seem most promising in this case.

1.4 Limitations

There are some hurdles in using NeRF in this application since NeRF is developed
to handle rigid and non-dynamic scenes [17]. A knee is not rigid geometry, it can
deform during the operation, and it contains organic matter that does not stay in
one place and can block the �eld of view of the camera lens. During surgery, surgical
instruments may also obstruct the view of the knee.

Additional challenges to address include problems with the lighting in the knee,
which vary with camera movements. Furthermore, during ACL surgeries, the cam-
era predominantly moves in one dimension, posing a challenge for NeRF, which relies
on capturing diverse angles of the scene to be synthesized [17]. These problems will
be evaluated by splitting the data into di�erent data sets of varying quality as de-
scribed in Section 3.1 and evaluating the di�erent models on these di�erent data sets.

The NeRF models intended to be evaluated require orientation and position of the
camera as input, and therefore a structure from motion (SfM) algorithm, such as
COLMAP [23] (2.4.1), will be used to get camera poses and parameters of the input
images. These camera parameters are vital for most NeRF models to create accu-
rate renderings and therefore a big part of this project will be devoted to adjusting
these parameters.

A limitation of the available data is that it is captured using a monocular cam-
era with lens distortion, and most NeRF models have been developed for images
captured using cameras without this distortion [17, 22, 30, 15].

1.5 Research questions

ˆ Is it possible to use NeRF or similar models to synthesize novel views of a
knee's interior?

3
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ˆ Can we improve upon such a NeRF model and how much better does it perform
compared to other NeRF implementations?

1.6 Overview of the thesis

In the above sections, we have outlined the need and importance of this thesis and
the relevant background. In Chapter 2 we present the necessary theory to give the
reader an understanding of the work. This chapter includes information about com-
puter vision and the various NeRF models explained above.

In Chapter 3 we outline our chosen methodology of this thesis, which includes a
section of our data processing (3.1) and our model development (3.2). The model
development section consists of our contributions, which include ray undistortion
(3.2.1), network architectural changes (3.2.2), and the implementation of segmenta-
tion masks (3.2.3).

We present the results of the thesis in Chapter 4, where we show both qualitative
and quantitative results of the compared NeRF models and our data sets. We also
display novel views rendered by our developed model.

In Chapter 5 we outline some of the di�culties in our work, such as issues with
camera parameters, the available data set, and more. The results of an ablation
study are also presented. Finally, we present the conclusions of the thesis alongside
some interesting approaches to further work in Chapter 6.

4



2
Theory

This chapter presents relevant theory to give the reader further insight regarding the
areas involved in this thesis. The two main areas covered are cameras in computer
vision and Neural Radiance Fields.

2.1 Camera models

Cameras play a crucial role in the �eld of computer vision, enabling a digital repre-
sentation of the physical world. Consequently, accurately modeling camera param-
eters is of paramount importance.

2.1.1 Intrinsic parameters

One of the simplest camera models is the pinhole camera model, which can be de-
scribed by placing a barrier with a small opening, aperture, between a 3D object
and a photographic �lm or sensor [8]. The barrier acts as a way to allow only certain
rays of light to hit the �lm; without it, the �lm would be in�uenced by rays from
all visible points on the 3D object, which would lead to a blurry image.

The pinhole camera can be formally de�ned, with the photographic �lm often re-
ferred to as the image plane, the aperture as the pinholeO, or the center of the
camera. The distance between the pinholeO and the image plane is de�ned as

the focal length f [8]. Let P =
h
x y z

i T
be a point on some 3D object visi-

ble by the camera. P is then projected onto the image plane
Q 0, giving the point

P0 =
h
x0 y0

i T
. The pinhole can also be projected onto

Q 0, producing the point C0.

A camera coordinate system
h
i j k

i T
is centered atO with the axis k perpendic-

ular to the image plane, pointing in the opposite direction of the camera. The line
betweenC0 and O is referred to as the optical axis of the camera system. A visual
representation of a pinhole camera can be seen in Figure 2.1.

The 3D world imprints itself on the image plane and can be explained using triangles.
In Figure 2.1 the triangle formed byO; C0; P0 and the triangle formed byO; D; P
are similar, whereD = (0 ; 0; z). The law of similar triangles states that two similar
triangles, 4 ABC and 4 AB 0C0 share the same ratio between their adjacent and
opposite sides. This is formulated as follows

5



2. Theory

Figure 2.1: Formal representation of the pinhole camera model [8].

BC
AB

=
B 0C0

AB 0
: (2.1)

Using this formula, the image coordinatesx0; y0 can be calculated using world coor-
dinates as follows,

DP
OD

=
C0P0

OC0
)

DP
z

=
C0P0

f
; (2.2)

where the distanceOC0 = f and the distanceOD = z, the coordinatey0 can then
be calculated in the following way

PyD
z

=
C0

yPy

f
)

y
z

=
y0

f
) y0 = f

y
z

; (2.3)

where Py; C0
y and P0

y represent the y coordinate of the pointsP; C0 and P0. The
distance fromPy to D is of course justy, in the same spirit, the distance fromC0

y
to P0

y is just y0 sinceC0
y = 0. The coordinatex0 is calculated similarly and thus the

point P0 in the image plane is de�ned asP0 =
h
f x

z f y
z

i T
.

Digital images are most often referenced in another system than those in the image
plane, digital images are split into discrete pixels while the image plane is continu-
ous [8]. Physical sensors, such as lenses, can introduce distortions to the mapping;
thus, additional transformations need to be introduced to be able to map 3D points
in the world to pixel coordinates.

The camera matrix model is a model that describes the parameters that allow us
to represent a 3D pointP as image coordinatesP0. The parameterscx ; cy represent
how the image plane and the digital pixel coordinates di�er by some translation. As
stated before, the image coordinates have their center atC0, the image center, while
pixel coordinates typically have their origin at the lower left corner of the image
called normalized device coordinates (NDC) [8]. To handle this, the 2D points in

the image plane and the image are translated by a vector
h
cx cy

i T
. The mapping

is now updated as follows

6



2. Theory

Figure 2.2: Coordinate system conversion from screen space to NDC space to
raster space [24].

P0 =

"
x0

y0

#

=

"
f x

z + cx

f y
z + cy

#

: (2.4)

Since digital images are expressed in pixels and not in physical measurements, two
new parametersk and l are introduced. These parameters can be described as the
changes of units on the two axes of the image plane and their units arepixels

cm [8].
The previous mapping is adjusted to be

P0 =

"
x0

y0

#

=

"
fk x

z + cx

f l y
z + cy

#

=

"
� x

z + cx

� y
z + cy

#

: (2.5)

In ray rendering the convention is to use the top left corner as the origin with the y
axis pointing in the negative direction, called raster space. The full transformation
from screen to raster coordinate space can be seen in Figure 2.2 and the coordinates

become
h
x � y � z

i T
.

Since the projectionP ! P0 is not linear, it cannot be represented as a matrix-
vector product, which would simplify future derivations. To solve this, homogeneous
coordinates are introduced. A new coordinate is introduced, so that any point

P0 =
h
x0 y0

i T
instead becomesP0

h =
h
x0 y0 1

i T
, correspondingly, any pointP =

h
x y z

i T
becomesPh =

h
x y z 1

i T
. This is referred to as the homogeneous

coordinate system. Using this system, the mapping is described as

P0
h =

2

6
4

�x + cxz
�y + cyz

z

3

7
5 =

2

6
4

� 0 cx 0
0 � c y 0
0 0 1 0

3

7
5

2

6
6
6
4

x
y
z
1

3

7
7
7
5

=

2

6
4

� 0 cx 0
0 � c y 0
0 0 1 0

3

7
5 Ph: (2.6)

Since all work henceforth will be done in homogeneous coordinates, theh index is
dropped. The above transformation can be broken down further

P0 =

2

6
4

� 0 cx 0
0 � c y 0
0 0 1 0

3

7
5 P =

2

6
4

� 0 cx

0 � c y

0 0 1

3

7
5

h
I 0

i
P = K

h
I 0

i
P: (2.7)

The matrix K is called the camera matrix. There is an extension of K that includes
the camera skewness, which means that the angles of the coordinate system axes
are not exactly 90 degrees. As most cameras have zero skew, the skew is assumed
to be zero in this case. A camera's optical zoom a�ects the focal length and thus
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2. Theory

Figure 2.3: Demonstration of how pincushion and barrel distortions a�ect an
image [8].

will a�ect K . The parameters ofK are known as the intrinsic parameters and are
unique to each given camera and zoom value.

2.1.2 Lens distortion

If the aperture of a pinhole camera is too small the image becomes dark and if it
is too large the image becomes blurry. By adding a lens instead of the pinhole we
increase the aperture size and thus the amount of light rays that pass, while also
focusing the rays on the screen. A lens solves some of the issues of a pinhole camera
but also introduces new ones, such as distortion e�ects [8].

The most common distortion e�ect is called radial distortion, which causes the image
magni�cation to decrease or increase as a function of the distance from the optical
axis. The radial distortion is caused by certain parts of the lens having variant focal
lengths. The two most common forms of radial distortions are pincushion distor-
tion, when the magni�cation increases, and barrel distortion when the magni�cation
decreases. A demonstration of these e�ects can be seen in Figure 2.3.

One of the most popular models to represent distortion is the Brown-Conrady model,
which is based on the work of Brown [2] and Conrady [5]. OpenCV [1] is an open-
source software library for computer vision and machine learning, o�ering an exten-
sive range of tools for image and video processing. It employs a simpli�ed version
of this model,

r =
q

x2 + y2;

� d =
1 + k1r 2 + k2r 4 + k3r 6

1 + k4r 2 + k5r 4 + k6r 6
;

xdistorted = x� d + 2p1xy + p2(r 2 + 2x2);

ydistorted = y� d + p1(r 2 + y2) + 2 p2xy;

(2.8)

wherex; y represent the coordinates in image space andk; p represent the camera's
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radial and tangential distortion parameters respectively. Since this model is based
on standard lens physics, it does not handle ultra-wide lenses well [1]. A model that
does this is the Kannala-Brandt model [12]. The Kannala-Brandt model represents
distortion as a function of the angle� , the angle between the optical axis and the
incoming ray.

Let P be a point in 3D coordinates, the coordinate vector ofP in the camera

reference isX c =
h
x y z

i T
and due to homogeneous coordinates, the projection

coordinates of P are(xp; yp) = ( x
z ; y

z ) [29]. Kannala-Brandt then models the �sheye
distortion as

� d = � (1 + k1� 2 + k2� 4 + k3� 6 + k4� 8) (2.9)

wherer 2 = x2
p + y2

p and � = arctan( r ). Using this, the distorted coordinates(xd; yd),
are calculated as

xd = � d
r xp;

yd = � d
r yp:

(2.10)

The �nal pixel coordinates (u; v) can then be computed as

u = f x (xd + �y d) + cx ;
v = f yyd + cy

(2.11)

wheref x ; f y are the focal lengths of the camera along the x and y axes, and� is the
skew coe�cient which is assumed to be 0. [29].

2.1.3 Extrinsic parameters

To relate points from the world reference system to a camera system we need to
perform an additional transformation of a point P. This translation is described
by a rotation matrix R and a translation vector t. Given a point Pw in a world
reference system, the camera coordinatesP, can be computed as

P =

"
R t
0 1

#

Pw : (2.12)

Substituting this into Eq. 2.7, and simplifying gives

P0 = K
h
R t

i
Pw : (2.13)

The parametersR and t are known as the extrinsic parameters, they are external and
do not depend on the camera. The extrinsic parameters, alternatively referred to as
camera poses, describe the position and orientation of a camera in space relative to
a scene.

9
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2.2 Alpha compositing

Alpha compositing or alpha blending is a technique used to combine an image with a
background to display partial or full transparency. Compositing involves rendering
pixels in multiple layers and then merging them into a uni�ed image, referred to as
the composite.

If there is a situation where a foreground image should be inserted before a back-
ground, the foreground and background pixels need to be blended since each pixel
can only display a single color. In alpha composting, a parameter� determines how
much each image commits to the color in a pixel, also de�ned as the opacity of an
image [36]. Let� be the opacity of the foreground image andcf be the pixel color
of the foreground. The �nal pixel color, c, is then determined by mergingcf with
the pixel color of the background,cb, using the formulac = �c f + (1 � � )cb.

In the case of blending colors of several images, employing a technique that involves
breaking down the process into smaller parts is best used. At each step, handle the
object closest to the eye while treating the remaining images as a single entity [36].
This strategy can be seen in Figure 2.4, where the color and opacity of thenth
object as seen from the eye are de�ned as(cn ; � n ). The �nal pixel color produced
with N pictures can be calculated as follows

c = � 1c1 + (1 � � 1)� 2c2

+ (1 � � 1)(1 � � 2)� 3c3

:::

+ (1 � � 1)(1 � � 2) � � � (1 � � N � 1)cN

=
NX

i =1

0

@� i ci

i � 1Y

j =1

(1 � � j )

1

A

(2.14)

2.3 Masking

Masking is a technique in computer graphics that is used to conceal parts of an im-
age. It can be used to create certain e�ects or select certain regions of an image. A
mask uses bitwise operations to turn certain bits or pixels on or o�. To hide certain
pixels in an image and show others, a multiplicative mask can be passed with 0 at
the positions of the pixels meant to be hidden and 1 at the positions intended to be
kept, this mask is then multiplied with the image to produce a masked image [33].
An example of how image masking works can be seen in Figure 2.5.

During the training of a neural network speci�cally tasked with rendering images
using a pixel-wise loss, a mask is useful to force the network to focus on important
parts; this is especially useful if the training images contain parts that are not of in-
terest. As depicted in Figure 3.1, images captured by an arthroscopic camera feature
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Figure 2.4: Example of alpha compositing during composting of several ob-
jects [36].

Figure 2.5: Example of image masking.

a black border (pixel values are 0) surrounding the central lens projection. To force
the network to learn the relevant parts of an image, a mask can be employed. When
the network has produced an image, it will compute a loss between the predicted
image and ground truth and then backpropagate this loss through the network to
update the network weights. The mask is used to set the values of the non-relevant
parts of the loss to zero to not impact the learning of the scene. If the mask were
not to be applied, the network would quickly realize that producing images with
these non-relevant parts yields a lower loss, and thus will try to do so.

2.4 Camera parameter estimation

If ground truth camera parameters are not known they can be estimated with the
help of the techniques detailed in this section.
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2.4.1 Structure from Motion and COLMAP

Structure from motion (SfM) is a technique for creating a 3D model from di�erent
viewpoints in a 2D plane [23]. It is a way to extract camera poses and intrinsics for
a given scene. A popular SfM pipeline used to extract camera parameters is called
COLMAP [23].

COLMAP begins by identifying unique patterns or characteristics, referred to as
features, in each image, which can then be used to match images to each other.
These features should be detectable independently of the geometric changes of the
camera to be used between di�erent pictures from varying angles. The algorithm
uses these features to match pictures into pairs with shared features. These pairs
are veri�ed in the next step through geometric veri�cation, as some of the picture
pairs might be false matches because of features that might look similar but repre-
sent di�erent points in the scene. Geometric veri�cation tries to map the features of
di�erent images through geometric transformations via matrix manipulation of the
pictures. First, it estimates the fundamental matrix that maps the points between
the two images and uses that to check if at leastNF features correspond between
the images. The fundamental matrix describes the relationship between the points
in two pictures and is a geometric constraint that arises from the epipolar geometry
between the images. Epipolar geometry describes how 3D points project onto the
2D plane and how these relate between two images.

RANSAC [6], a method to remove outliers in data, is used to estimate the funda-
mental matrix and test the image pairs to see that they have enough inliers since
matching is prone to noise. This is an iterative process that tries to �nd a �tting
matrix and then tests the number of matching points. If a su�cient number of
points of interest can be assigned to each other through these transformations, the
pairs are veri�ed. After these matches have been completed, they are bundled into
a graph called the scene graph which consists of the images, the features, and the
geometric relationships between pictures.

COLMAP then starts the reconstruction of the scene with this graph. It starts
by choosing an image pair as the initial starting point of the reconstruction. The
starting pair is essential, as a good starting point determines the robustness of the
reconstruction. COLMAP starts by matching images to this �rst pair by looking
for images that share triangulated features with the incorporated images. Choosing
the next image is important because one wrong choice can cascade and cause the
whole reconstruction to become faulty.

COLMAP implements a multiresolution analysis to score each image match to select
the best candidate [23]. This analysis discretizes all images into grids and scores
each grid square with a point if there is a feature there. The scoring system is based
on both the number of features and the distribution of the features. As each cell in
the grid is only counted once, a more uniform distribution is given a higher score.
After this, the images with the highest points get incorporated with the images be-
fore them; see Figure 2.6 for an example of this.
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Figure 2.6: COLMAP's multiresolution analysis for image matching, a more uni-
form spread of features corresponds to a higher score [23].

During the image matching, COLMAP uses the poses of the new images to be able
to track each new viewing angle. On each image, COLMAP uses triangulation to
make sure that the new image observes the existing scene points. This is decided
via the angle needed between the images to align their features; this is calculated
as follows

X ab � � (P0
a; P0

b; Ea; Eb): (2.15)

Where X ab is the triangulated point in 3D space calculated using� (�), the chosen
triangulation method. The arguments of� (�) are �P0

a; �P0
b the coordinates of the

feature in imagea and b and Ea; Eb the world to camera projections withE =
[RT � RT t]. X ab is then used together with the translation vector of the images to
calculate the angle

cos� =
ta � X ab

jj ta � X abjj 2
�

tb � X ab

jj tb � X abjj 2
: (2.16)

If the triangulation angle, � , is su�cient so that the new image observes the points
and the depth is positive, the new image is registered in the model and is added
as part of the scene and its corresponding view. The reason for all the redundancy
is that features can easily be mistaken for each other. In the early stages of model
construction, whenever a new image is registered and triangulated, COLMAP runs
local bundle adjustment to make sure errors are taken care of and do not propagate
through the whole model. When the model has grown through image registration
to a su�cient percentage of all the images, it begins to perform global bundle ad-
justments over the whole set.

Bundle adjustment is an optimization technique to re�ne the 3D structure created.
The main task is to catch degenerate solutions before they can cascade the model to a
point of no return. Degenerate solutions are solutions that might seem viable but do
not represent the best solution and can therefore incur errors in the model. Every
time the scene is extended with a picture, it might a�ect the camera parameters
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calculated for the included pictures. This mostly a�ects the images closest to the new
picture, therefore COLMAP partitions the scene into groups of highly overlapping
imagesG = G r jr = 1 : : : NG where each group shares camera parametersG r . Bundle
adjustment calculates the re-projection loss that is de�ned as

L =
X

j

� j (jj � (G r ; Ec; X k) � x j jj 2
2); (2.17)

where � (�) is the function that projects the scene points onto the image plane.
G r , Ec, and X k are the extrinsics of the camera group, the pose of the camera
for a speci�c image, and the point parameters, respectively. The loss function,� j ,
compares� (�) to the actual point in image space,x j . Using this loss, COLMAP
updates the 3D model, and the camera poses, and computes the loss again until it
converges. After convergence, COLMAP saves the extrinsics for all images and the
intrinsics for the cameras used.

2.5 Neural Radiance Fields

Mildenhall et al. [17] describe a method that takes as input a 5D coordinate (spatial

location x =
h
x y z

i T
and a 2D viewing direction(�; � )) and outputs an emitted

color c = ( r; g; b) and volume density� . The direction is in practice represented as
a 3D Cartesian unit vectord. These 5D coordinates are sampled along camera rays
and fed into a multilayer perceptron (MLP) to producec and � . Volume rendering
techniques are then used to create images using these values. The depicted scenes
are then optimized by minimizing the error between the created and ground truth
images [17].

The 5D neural radiance �eld expresses a scene as the volume density and directional
emitted radiance of any point in space. Camera rays are marched through the scene
to create a sampled set of 3D points that are then fed into the MLP to predict a
color and volume density, a visual representation of this can be seen in Figure 2.7.
These points are sampled in a vectort , consisting of distancestk 2 t from the
chosen scene boundstn and t f . To further optimize the performance of NeRF, a
positional encoding
 is applied to each of the three coordinate values inx and the
three components ofd. The encoding function used is


 (p) =
h
sin(20�p ); cos(20�p ); : : : ; sin(2L � 1�p ); cos(2L � 1�p )

i T
(2.18)

where L is a hyperparameter. The encoding function maps the input to a higher
dimensional space to better �t data containing higher frequency variation, allowing
the NeRF model to more accurately represent high-frequency geometries and tex-
tures [17].

To render the color of any ray in a scene NeRF employs techniques from classical
volume rendering to output new 2D views. NeRF achieves this by estimating the
integral C(r ) in Eq. 2.19 which computes the expected color for a camera rayr (t) =
r o + tr d, wherer o and r d are the ray origin and direction respectively.
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Figure 2.7: Visual representation of how 5D points on camera rays are sampled in
NeRF and then fed into an MLP network to produce a color and volume density [17].

C(r ) =
Z t f

tn

T(t; r )� (r (t))c(r (t); r d)dt; whereT(t; r ) = exp
�

�
Z t

tn

� (r (s))ds
�

:

(2.19)
The function T(t; r ) denotes the probability that a ray will travel from tn to t with-
out hitting any other particle. The volume density � (x) is the probability that a
ray will terminate at a particle at location x.

C(r ) is numerically estimated by quadrature using a strati�ed sampling approach,
where strati�ed sampling is a sampling method where the samples are divided into
subgroups or strata, based on some characteristics, and samples are then taken from
each stratum. The purpose is to ensure a proportional representation of each stratum
in the samples. Quadrature is a numerical method for approximating a de�nitive
integral and is based on the idea of evaluating a function at a �nite number of points
and then using a weighted sum to approximate the integral. The interval[tn ; t f ] is
partitioned into N evenly spaced bins, and then a samplet i is drawn uniformly at
random from each bin

t i � U
�

tn +
i � 1

N
(t f � tn ); tn +

i
N

(t f � tn )
�

: (2.20)

A strati�ed sampling approach results in the MLP being evaluated over a continuum
of positions during the optimization stage even though a discrete set of samples is
being used. These samples are then used to estimateC(r ) using a quadrature rule
from [16] by Max,

Ĉ(r ) =
NX

i =1

Ti (1 � exp(� � i � i ))ci ; whereTi = exp

0

@�
i � 1X

j =1

� j � j

1

A (2.21)

where � i = t i +1 � t i is the distance between neighbouring samples. The process of
computing Ĉ(r ) from the given set of(ci ; � i ) values is straightforwardly di�eren-
tiable. It simpli�es to conventional alpha compositing when utilizing alpha values
� = 1 � exp(� � i � i ).
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For each ray, there areN samples. The �rst N � 1 samples can be considered
foreground objects with opacity� i := 1 � exp(� � i � i ) and color ci , where theNth
sample is the background; the blended pixel value then is computed using Eq. 2.14,

Ĉ(r ) =
NX

i =1

0

@� i ci

i � 1Y

j =1

(1 � � j )

1

A =
NX

i =1

� i ci Ti : (2.22)

NeRF makes use of two networks to represent scenes, a �coarse� network and a ��ne�
network. This two-network structure allows for a much more e�cient rendering of
scenes, the coarse network gives a rough estimate of the density and radiance of
the scene, allowing NeRF to quickly converge to a solution, while the �ne network
re�nes the coarse estimate and produces high-quality results. First, a sample ofNc

locations is sampled using strati�ed sampling and the coarse network is evaluated
at these locations using Eqs. 2.20 and 2.21. Using the output of the coarse network,
a more informed sampling of points is performed along each ray. This is done by
rewriting Eq. 2.21 as a weighted sum of all the colors sampledci , along the ray

Ĉc(r ) =
N cX

i =1

wi ci ; wi = Ti (1 � exp(� � i � i )) : (2.23)

These weights are then normalized tôwi = wi =
P N c

i =1 wj producing a piecewise-
constant probability density function (PDF) along the ray, and from this distribu-
tion, a new sampling ofN f samples is performed using inverse transform sampling.
Inverse transform sampling is a method of generating random samples from any
probability distribution given its cumulative distribution function (CDF). It works
by inverting the CDF to �nd the corresponding value of the random variable for a
given random number from the uniform distribution. Evaluation of the �ne network
is performed at the union of sample sets, and the �nal rendered color of the ray
Ĉf (r ) is computed using Equation 2.21 using all samplesNc + N f . This procedure
produces more samples from regions that are expected to contain more visible con-
tent. The authors of NeRF refer to this process as hierarchical volume sampling and
in Figure 2.8 an illustration of this process can be seen.

At each training step, a batch of camera rays from all pixels in the dataset are
randomly selected, and hierarchical sampling is used to sample a set from both
the coarse and �ne networks. The above-explained volume rendering procedure is
used to render the color from each ray from both the sample sets. The loss is then
calculated as the total squared error between the rendered and ground truth pixel
colors for both of the two renderings

L =
X

r 2R

h
kĈc(r ) � C(r )k2

2 + kĈf (r ) � C(r )k2
2

i
(2.24)

whereR is the set of rays in each batch,C(r ), being the ground truth RGB values
from ray r while Ĉc and Ĉf are the predicted RGB values from the coarse and �ne
volumes respectively [17].
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Figure 2.8: Illustration of how hierarchical volume sampling is performed in
NeRF [7].

2.5.1 NeRF in the Wild

In [15] Martin-Brualla et al. present an extension of the original NeRF method,
which they call NeRF in the Wild (NeRF-W), which is capable of modeling real-
world phenomena in uncontrolled images [15]. NeRF-W is trained on a data set of
internet images of famous landmarks. NeRF-W di�ers from NeRF in that it does
not assume consistency in its input views, where consistency means that a point
in space has the same intensity in two images given an observation from the same
viewing direction and position. The phototourism data set used to train NeRF-W
violates this assumption by two phenomena, photometric variation, and transient
objects.

Photometric variation ; time and atmospheric conditions a�ect the illumination
of objects in a given scene. This issue is enhanced by camera settings and post-
processing steps, such as white balance, variation in auto-exposure settings, and
tone mapping [15]. Transient objects ; internet photographs of landmarks rarely
exist without moving objects or occluders such as tourists blocking the view.

To handle variable lighting and photometric post-processing, NeRF-W extends Eq. 2.21
from NeRF, here referred to asR(r ; ci ; � ), by replacing the image-independent radi-
ancec(t) with an image-dependent radiance,ci (t) = MLP � 2

�
z(t); 
 d ; ` (a)

i

�
. NeRF-

W is composed of three networks; a base component,MLP � 1 , a static component,
MLP � 2 and a transient component,MLP � 3 . The input of the second network
(MLP � 2 ) is z(t), the output of the �rst network (MLP � 1 ), along with the encoding
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function for the viewing direction, 
 d (d), and �nally ` (a)
i is an appearance embed-

ding vector of imageI i .

By using these appearance embeddings as input to the part of the network that
emits color, the NeRF-W model is given some freedom in varying the emitted ra-
diance of a scene while at the same time ensuring that the 3D geometry (predicted
by MLP � 1 ) stays static and the same for all images.

The transient objects phenomenon is managed by de�ning the MLP that emits color
in NeRF as the �static� head of the NeRF-W model, in addition, a �transient� head
is added that emits its own color and density enabling the model to compose images
with occluders without introducing artifacts into the scene. The transient head emits
a �eld of uncertainty, allowing the model to accommodate the reconstruction loss
to ignore pixels and 3D locations deemed unreliable since they are likely to contain
occluders. The transient head is built on top of the volume rendering formulation
in Eq. 2.21 by including transient counterparts� (� )

i ; c(� )
i :

Ĉ i (r ) =
P N

i =1 Ti

�
(1 � exp(� � i � i ))ci + (1 � exp(� � �

i � i ))c�
i

�

whereTi = exp
�
�

P i � 1
j =1 (� j + � �

j )� j

�
:

(2.25)

The expected color ofr (t) becomes the alpha composite of the static and transient
components. The uncertainty of the colorC i (r ) is modeled with an isotropic nor-
mal distribution, with variance � i (r )2 and meanĈ i (r ). The variance is rendered
identically to the color via alpha compositing by using the transient density� �

i :

�̂ i (r ) = R(r ; � i ; � �
i ): (2.26)

To let the transient component of a scene vary across images, each training image
I i is given a second embedding̀(� )

i 2 Rn ( � )
, which is then fed to the transient MLP

together with the output of the �rst network, z(t):

h
� (� )

i (t); c(� )
i (t); ~� i (t)

i
= MLP � 3

�
z(t); ` (� )

i

�
; (2.27)

� i (t) = � min + log
�
1 + exp

�
~� i (t)

��
: (2.28)

An illustration of the model architecture of NeRF-W can be seen in Figure 2.9.
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Figure 2.9: Overview of the NeRF-W model architecture. Given an appearance
embedding, viewing direction, 3D position, and transient embedding NeRF-W pro-
duces static and transient colors alongside a measure of uncertainty [15].

The loss for a rayr in image i with ground truth color C i (r ) is

L i (r ) =
kC i (r ) � Ĉ i (r )k2

2

2� i (r )2
+

log� i (r )2

2
+

� u

N

NX

i =1

� (� )
i : (2.29)

The �rst two terms of the loss are the shifted negative log-likelihood ofC i (r ) given
a normal distribution with mean Ĉ i (r ) and variance� i (r )2. The third term is an
L1 regularization term with a multiplier � u on the transient density. This dissuades
the model from explaining away static phenomena using transient density.

As NeRF, NeRF-W optimizes two networks at the same time, a �ne model as de-
scribed above and a coarse model that only uses the latent appearance embeddings.
Alongside the parameters� , NeRF-W optimizes per-image appearance embeddings
f ` (a)

i gN
i =1 and transient embeddingsf ` (� )

i gN
i =1 . The �nal loss function of NeRF-W is,

X

ij

L i (r ij ) +
1
2

kC(r ij ) + Ĉ
c
i (r ij )k2

2 (2.30)

where� u; � min and embedding dimensionalitiesn(a) and n(� ) are hyperparameters.

2.5.2 Self-Calibrating NeRF

Jeong et al. [10] present Self-Calibrating NeRF (SCNeRF), an online plugin for other
NeRF models that aims to solve both the positioning problem and the problem of
calibrating a camera's parameters. The algorithm learns the geometric parameters
with the help of NeRF's representation of rays. Since most cameras have non-linear
distortion, the camera parameters must be calibrated or estimated before training.
The SCNeRF algorithm is based on the unprojection of pixels to rays
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rd = RK � 1p;

ro = t:
(2.31)

Where rd; ro and t are the projected ray direction, ray origin, and the point of that
origin in 3D space, respectively. R is the extrinsics of the camera and K is its intrin-
sics. With the help of higher-order di�erentials, the distortion is taken into account.
The algorithm continuously optimizes the camera parameters during run-time.

The algorithm is built on three main parts; di�erentiable self-calibrating cameras,
geometric and photometric consistency, and optimizing geometry and camera.

The �rst part of the algorithm is built on the pinhole camera model as described
in Eq. 2.7 with the K matrix being used to map pixels to rays in the image plane.
Due to the intrinsic parameters being non-convex, meaning that there exist a lot of
minima, the K matrix is decomposed into

K =

"
� 0 + � � 0 cx0 + � cx 0

0 � 0 + � � c y0 + � cy 0

#

: (2.32)

The zero-terms in the matrix are the initialized camera values that are provided
to SCNeRF, either from COLMAP estimations or initialized at half the height and
width of the picture, and the � -terms are the residuals that are used to improve
the intrinsics of the camera, the extrinsic matrix is decomposed in the same way.
Trying to directly learn these parameters will result in non-orthogonal matrices and
break the pose estimations. Therefore, the rotation matrix is extended to a 6-vector
representation proposed by Zhou et al. in [38]. The rotations and translations then
become

R = f (a0 + � a);

t = t0 + � t;
(2.33)

wheref (�) is the mapping from 6-vector representation back to 3-vector representa-
tion and a0 +� a is the extrinsic parameters represented in 6D space. The algorithm
uses the decomposed matrices to unproject the pixels to ray vectors and is rewritten
as

rd = RK � 1p ! rd = f (a0 + � a) � (K + � K )� 1p;

ro = t ! ro = t0 + � t:
(2.34)

The rays are therefore a sum of the initial values and the residuals and the algorithm
can thus use the gradients of the rays to optimize the residuals. It does not optimize
the initial values. Since the camera contains a lens that distorts the edges of the
image, SCNerF extends the camera model to include radial distortions. It uses the
fourth-order radial distortion model, which is expressed as
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n = (( px � cx )=f x ; (py � cy)=f y; 1); (2.35)

d = (1 + k1n2
x + k2n4

x ; 1 + k1n2
y + k2n4

y); (2.36)

p0 = ( pxdx ; pydy; 1); (2.37)

r d = RK � 1p0; (2.38)

r o = t; (2.39)

where k = [ k1 + zk1; k2 + zk2] are the radial distortion parameters ,p the pixel
coordinates, andd being the radial distortion.

The optical aberrations of real-world camera models are impossible to represent
mathematically. Therefore, this aberration noise is modeled with raxel parameters
that consist of the camera parameters; coordinates for the pixels, and the corre-
sponding ray's position and directions [18]. The raxel parameters used in SCNeRF
are the ray residuals, the o�set of the rays in 2D space,zd,zo and they are described
as

zd = � rd(p);

zo = � ro(p);
(2.40)

where p is the image coordinate. The rays are then formulated as

r 0
d = rd + zd;

r 0
o = ro + zo:

(2.41)

To extract the ray distortion parameters, bilinear interpolation is run on the images

zd =
px +1X

x= px

py +1X

y= py

(1 � j x � px j)(1 � j y � py j): (2.42)

Bilinear interpolation calculates the values for points in between given points based
on their distance to x and y. Figure 2.10 describes the generation of the rays, both
in direction and o�set.

To calibrate the camera parameters, SCNeRF incorporates geometric and photo-
metric consistency, since it gives additional constraints to calibrate. Geometric con-
sistency is achieved through the projected ray distance (PRD). PRD is measured
on the di�erence between two rays that meet at the same 3D point in the scene;
see Figure 2.11. In theory, they should align, but with an imperfect camera model,
they can be misaligned. This di�erence is used as a novel loss parameter. Let there
be two pictures, image A and image B, viewing the same points in space and let a
point on the ray from image A bexA (tA ) = ro;A + tA rd;A and the same point for
image B,xB (tB ) = ro;B + tB rd;B .
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Figure 2.10: Diagram illustrating the process by which rays are constructed from
various parameters within SCNeRF [10].

Figure 2.11: Representation of the PRD calculation. Given two images and a
point in space the distance between them can be calculated [10].

The distance between these points,̂d = xA xB , is given by the following calculation,

d̂ =
j(rA;o � rB;o ) � (rA;d � rB;d )j

jrA;d � rB;d j
: (2.43)

This is the distance in space between these points but as features further away
from the camera are impacted more by distortion and non-perfect models, SCNeRF
reprojects these points down to image space to measure the distance on the 2D plane
where this impact is normalized. This is done via

d� =
jj � A (xB ) � pA jj + jj � B (xA ) � pB jj

2
; (2.44)

where� (�) is the function that projects the features to the image plane andpA ; pB

are the pixels in the image plane corresponding to the features. The distance is
represented in Figure 2.11. As this distance should be zero it is used as a new loss
function to re�ne the parameters that the rays are built upon.

The photometric consistency ensures that the colors align with the viewpoint, mak-
ing sure that the color and occupancy are viewable from the camera position. Using
NeRF's radiance �elds, SCNeRF reconstructs the color and occupancy in the 3D
space. This representation is di�erentiable for both color and position and can thus
be used to re�ne the parameters. During rendering, a ray is parameterized with the
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variables in Eqs. 2.32-2.34 and Eq. 2.42.

The loss of the network is computed using the volumetric rendering output̂C(r ),
the ground truth C(p) and the images pixel coordinatesI ,

L =
X

p2I

jjC(p) � Ĉ(r (p)) jj 2
2: (2.45)

The gradients of the parameters can be obtained by di�erentiating this function.
For example, the intrinsics gradient that is used to calibrate the camera can be
represented with

@L
@� K

=
@L
@r

 
@r
@rd

@rd
@� K

+
@r
@ro

@ro
@� K

+
@L
@rd

@rd
@� K

!

: (2.46)

To execute the algorithm the network needs to �rst be at a point where the geomet-
ric representation is �ne enough to do the geometric consistency checks. Therefore
SCNeRF allows the network to train to obtain a coarse geometry since it will al-
low the more complex parameters, such as distortion, to be optimized at a better
starting point to avoid degenerate solutions of the parameters. After learning the
geometry, the algorithm introduces the radial distortion parameters, nonlinear noise
of the direction rays, and origin rays. This process is represented in Algorithm 2 in
Appendix A.

2.6 Comparison metrics

In the sections below we describe the metrics used to determine how well a model
performs by comparing the rendered images to ground-truth images.

2.6.1 Peak Signal-to-Noise Ratio

Peak signal-to-noise ratio (PSNR) is a rudimentary way to determine the correlation
between two pictures [9]. It does this on a pixel-by-pixel basis and therefore does
not take into concern any features. PSNR is described in Eq 2.47

PSNR = 10 � log10(
MAX 2

I

MSE
); (2.47)

where MAX I is the maximum possible pixel value of the image, if the pixels are
represented by 8 bits, this value is 255. MSE is the mean squared error between two
images and is de�ned as follows:

MSE =
1

mn

m� 1X

i =0

n� 1X

j =0

kf (i; j ) � g(i; j )k2 (2.48)

where f (i; j ) and g(i; j ) are the ground truth and modeled image pixel values, re-
spectively. The PSNR will be approaching in�nity when the error is small, a perfect
picture will thus result in in�nite PSNR. Therefore a larger PSNR value is better.
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2.6.2 Structural Similarity Index

Structural Similarity Index (SSIM) is a way of comparing perceptual di�erences
between images[9]. SSIM takes into account features, therefore providing a better
value for human perception of likeness [31]. Given two imagesf; g , SSIM is described
as the product of luminancel(f; g ), contrast c(f; g ) and structure s(f; g ),

SSIM (f; g ) = l(f; g )c(f; g )s(f; g ): (2.49)

The luminance component,l(f; g ) is de�ned as

l(f; g ) =
2� f � g + C1

� 2
f + � 2

g + C1
; (2.50)

where� x = 1
N

P N
i =1 x i , is the mean intensity of imagex. The constantC1 = ( K 1L)2,

is added to prevent instability when � 2
f + � 2

g is close to zero,K 1 � 1 is a small
constant andL is the dynamic range of the pixel values [31]. In an 8-bit image, this
value is 255. The contrast componentc(f; g ) has a similar form

c(f; g ) =
2� f � g + C2

� 2
f + � 2

g + C2
; (2.51)

where the standard deviation� x =
�

1
N � 1

P N
i =1 (x i � � x )2

� 1
2 , is used as an estimate

of the contrast of an image,C2 = ( K 2L)2, and K 2 � 1. The �nal component of
SSIM, the structure s(f; g ), can be described as

s(f; g ) =
� fg + C3

� f + � g + C3
: (2.52)

Here, a constantC3 = C2
2 is added as was done in the luminance and contrast

components. The covariance ofx; y, � xy can be estimated as

� xy =
1

N � 1

NX

i =1

(x i � � x )(yi � � y): (2.53)

This yields the following form of SSIM,

SSIM (f; g ) =
(2� f � g + C1)(2� fg + C2)

(� 2
f + � 2

g + C1)( � 2
f + � 2

g + C2)
: (2.54)

SSIM will always produce a number in the interval [0,1] where 0 equates to no
correlation and 1 meaning the images compared are identical, and thus a higher
SSIM score is preferred.

2.6.3 Learned Perceptual Image Patch Similarity

Zhang et al. [37] propose the Learned Perceptual Image Patch Similarity (LPIPS)
metric as a more accurate way to determine the likeness of di�erent pictures com-
pared to SSIM and PSNR. LPIPS measures the perceptual similarity between two
images. It is based on activations from a pre-trained convolutional neural network
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(CNN), that has been trained to perform image classi�cation.

LPIPS extracts the CNN activations for both image patches. The activations rep-
resent the CNN's �understanding� of the images, these activations are more closely
related to human perception than traditional metrics such as SSIM. After extraction
of the activations, LPIPS computes a distance metric between them. This metric
is designed to capture the perceptual di�erence between the image patches, a lower
score indicates that the two patches are more similar. LPIPS is very e�ective at this
task [37].
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3
Method

The original NeRF method [17] assumes rigid objects, which limits its ability to
handle non-rigid scenes e�ectively, and it also requires near-perfect conditions of
the training data, such as a well-lit scene and correct camera parameters. There-
fore, we have compared various NeRF models on the available data sets to determine
which model performs the best.

The methodology for this approach was as follows; �rst, the data had to be pro-
cessed to decide what should be used for training and testing. Some of the models
intended to be compared required additional preprocessing steps; this process is de-
scribed below in Section 3.1.

To be able to choose a model or models to further develop, we compared a few
models with each other. In Section 4.1 we outline which models were chosen for
comparison and why, along with how we performed the experiments.

After the experimental stage was completed, the model that showed the best results
was chosen as the starting point for further development. After this, we entered the
development stage, where we developed our model to further improve the results
achieved in the previous stage. The development was carried out in an iterative
manner, where we continuously evaluated our model and made changes depending
on the results.

3.1 Data processing

In AI-driven research and applications, the data used is of great importance. There-
fore, a big part of the task was to process the available data into usable parts. The
available data of this thesis consists of videos from ACL surgeries performed on
patients with various amounts of interfering elements. They are �lmed using an
arthroscope, an inspection instrument consisting of an image sensor, optical lens,
light source, and a mechanical device [26]. The arthroscope records videos that are
spatially distorted due to the wide angle of the lens [25], creating a distorted view
of the knee's interior. The data consisted of videos recorded in both 60 and 30 fps.
The models were trained on image frames extracted from the data. The frames were
processed to be 1080x1080 pixels; however, to speed up training, we downsampled
the images by a factor of 2 or 3 depending on the model. A mask had been placed
in the alpha channel of the images. This mask was extracted and used to mask
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