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Abstract

Advanced driver assistance and safety systems increasingly rely on interior sensing
systems, such as Occupant Monitoring Systems (OMS) and Driver Monitoring Sys-
tems (DMS). These systems depend on accurately calibrated interior cameras to
provide reliable detection of behavior and positioning of the driver and occupants.
Traditional camera calibration often relies on dedicated targets such as checker-
boards, but such methods can be difficult to integrate into large-scale production
environments.

This thesis investigates targetless extrinsic calibration of an OMS camera by esti-
mating its six degree of freedom pose from a single image of the car interior. Instead
of using calibration targets, the proposed approach uses interior features as reference
points. Two methods are evaluated: a relative method using a nominal reference im-
age, and an absolute method using triangulated 3D points from known established
views.

The results show that extrinsic calibration using interior features is possible, with
especially strong rotation estimation. Both methods presented here achieve errors
as low as 0.09 degrees on synthetic data, while translation proved more challenging
within the small mounting tolerances. The Absolute Method performed best for
translation on synthetic data, reducing the error from an average of 5 mm to 1 mm,
whereas the Relative Method showed no reduction in error. The Relative Method
did however show better performance on limited real vehicle data by consistently
reducing the reprojection error compared with the uncalibrated baseline.

Overall, the thesis demonstrates the potential of targetless calibration for scalable
OMS camera deployment. Although it is demonstrated on car interiors, the proposed
pipeline is domain-agnostic and may be applicable to other environments containing
repeatable visual features.

Keywords: Extrinsic camera calibration, targetless calibration, 6DOF pose estima-
tion, occupant monitoring system, feature matching.
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Below is the list of acronyms that have been used throughout this thesis, presented
in alphabetical order:

2D Two-dimensional

3D Three-dimensional

6DOF 6 Degrees of Freedom

ADAS Advanced Driver Assisting System
CDF Cumulative histogram

DMS Driver Monitoring System

FoV Field of View

IR Infrared

LLM Large Language Models

LPIPS Learned Perceptual Image Patch Similarity
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ML Machine Learning
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Introduction

Improving vehicle safety is one of the challenges in automotive engineering. One
way of addressing this challenge has been the development of increasingly advanced
driver-assistance and perception systems. In recent years, significant advances in
computing power have enabled the data processing and split second decision-making
required for safe advanced driver-assistance systems (ADAS). Examples of such sys-
tems that are included in a new Volvo car are collision avoidance and lane keeping
aid. Beyond providing visual and audible warnings of a potential danger, the col-
lision avoidance system can intervene by actively controlling the vehicle’s steering
and braking to prevent or mitigate collisions [1].

1.1 Background

To support these safety-critical systems, vehicles require a continuous stream of
reliable input data. Most modern cars are equipped with a sophisticated suite of
sensors such as cameras, radars, ultrasonic sensors and lidars, which provide the
vehicle with data depicting its surrounding environment.

A newer class of safety systems is interior sensing systems, which make use of sim-
ilar sensors inside the vehicle [2]. Two examples are Occupant Monitoring Systems
(OMS) and Driver Monitoring Systems (DMS) which primarily rely on cameras for
detection [3]. These systems look at the driver and passengers to detect conditions
such as driver distraction, incorrect seatbelt positioning and unsafe posture. For
these systems to provide reliable estimates, which make the vehicle safer without
generating unnecessary warnings, their readings must be consistent. Achieving such
consistency requires accurate camera calibration. This thesis was conducted in col-
laboration with Volvo Cars with the broader aim of contributing to safer vehicles
through improved calibration of interior monitoring cameras.

1.1.1 Problem description

Extrinsic camera calibration is a critical prerequisite for most vision-based applica-
tions. However, existing calibration methods typically rely on dedicated calibration
targets, controlled environments, or manual intervention. This complicates deploy-
ment in well established large-scale production-line settings, especially for interior
facing vision systems.

This thesis addresses the challenge of estimating a camera’s six degrees of freedom
(6DOF) pose, i.e., its three dimensional position and orientation, using a single snap-
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shot of the vehicle’s interior. By exploiting naturally occurring structural features
as reference points, the proposed approach aims to eliminate the need for specialized
calibration targets. The goal is to enable a faster, more user-friendly, and scalable
calibration process that can be deployed in real world environments, both on and
beyond the production line.

1.1.2 Research questions

The problem description can be summarized as three concrete research questions:

1. To what extent can state-of-the-art feature extractors and matchers reliably
establish correspondences across varying vehicular interior environments?

2. What quantitative accuracy can be achieved using the proposed targetless cal-
ibration pipeline, and how does this compare to relying solely on the camera’s
uncalibrated nominal pose?

3. To what extent is the proposed calibration pipeline suitable for scalable de-
ployment in automotive production environments?

1.2 Scope

The thesis focuses on a monocular camera mounted in a typical position for monitor-
ing occupants of a vehicle. The calibration performed using the estimation method is
limited to camera pose rather than intrinsic parameters. Furthermore, it is assumed
that the parts of the interior that are not dynamic, such as seats, belts or steering
wheels, are fully static, and stay consistent across all data. It is also assumed that
the camera is a fish-eye infrared (IR) camera, and that the images are therefore in
grayscale and significantly distorted.

The project makes use of synthetic data generated from virtual cameras within a
simulation environment. The usage of synthetic images saves time and guarantees
access to the ground truth. In this thesis, that means having knowledge of the true
pose of the camera, making both development and validation easier. Furthermore,
it is assumed that adjustable interior components, such as seats and steering wheels,
remain fixed throughout the data collection.

Due to limited amounts of data covering real images and ground truth labels, the
project will not pursue an end-to-end ML solution, as these might not adapt well
from synthetic data to real data. This also limits the number of unique vehicles
tested for the final evaluation of the system.

For this problem, it is assumed that the camera is mounted in a fixed nominal
position, with installation crrors limited to a certain tolerance range. It is assumed
that there is a maximum deviation of +3° in orientation and +3 mm in position
along each individual axis.

Since the thesis aims to develop a non-intrusive calibration method, the proposed
approach is limited to software-based solutions. Additionally, the project excludes
tools restricted to non-commercial use and prioritizes software that does not require
paid licensing.

2



1. Introduction

1.3 AI usage

The authors of this thesis have had access to and used Large Language Models
(LLMs) as part of this project. During development LLMs have been used as
code-generators for rapid prototyping covering initial implementation of parts of
the presented pipelines and evaluations. Furthermore, they have also been used for
troubleshooting of produced code.

For this paper, LLMs have been used iteratively as reviewers, with its feedback and
suggestions being taken into account by the authors. With this said, the authors of
this report take full responsibility for the entirety of the content produced in this
report and the work provided to Volvo Cars.
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Preliminaries

This chapter gives a brief overview of camera geometry and calibration, together with
an introduction to tools either used throughout the thesis, or deemed interesting for
the topic.

Throughout the thesis, 2D points in the image are referred to as image points, 3D
coordinates in the scene as world points, and the corresponding points in the camera
coordinate frame as camera points.

2.1 Camera geometry

Camera geometry explains the mathematical transformation from a world point in
3D space to an image point in 2D space. This transformation can be expressed by
Equation 2.1:

u Xu
Mol =p| Y] (2.1)

Zw

1 1

In this equation, A is a scaling factor, u and v correspond to the pixel coordinate
of the image point, P is the camera matrix of size 3 x 4 and X, Y,,, Z,, make up
the 3D coordinate of the world point. The equation uses homogeneous coordinates,
which solves the dimensionality discrepancy. Furthermore, the camera matrix P can
be formulated using Equation 2.2:

P=K[ R | t], (2:2)

where K is a 3 X 3 matrix containing the intrinsic parameters of the camera, while
R, t denote the pose of the camera, that is, the rotation and translation in 3D. In the
two upcoming sections 2.1.1, 2.1.2, the parameters are introduced in more detail.

2.1.1 Camera extrinsics

The camera extrinsic matrix represents a rigid transformation in 3D, from a world
coordinate system O, to a camera coordinate system O.. This transformation is
done according to the 3 x 3 rotation matrix R and translation along the 3 x 1 vector
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t as can be seen in Equation 2.3:

X,
X rin iz T3 lg Yw
Yol =1 1o 12 713 1y Zw (2.3)
Ze r31 T3z T3z I 1“’

Here, the subscripts of each axis X, Y, Z describe the coordinate system of which it
is expressed.

2.1.2 Camera intrinsics

The intrinsic matrix K is used to project camera points in the camera coordinate
frame to image points on the image plane. This projection is done using five intrinsic
parameters, focal length f,, f,. principal point c,,c, and skew s, resulting in the
matrix seen in Equation 2.4:

fa: s Cg
K= 0 fy Cy . (2.4)
0 0 1

2.1.3 Distortion

There is an additional factor that affects the internal projection from 3D to 2D in a
camera equipped with a lens, namely, lens distortion. Two main types of distortion
exists, radial distortion and tangential distortion. Radial distortion is a result of
the light rays bending more towards the edges of the lens rather than in the center.
This results in straight lines in the real world appearing as curved in an image.
Tangential distortion expresses itself by tilting the image and is present if the lens
is not mounted perfectly perpendicular to the plane of the image sensor. The two
types of distortion mentioned here are visualized separately in Figure 2.1. However,
the distortion in a real image can be made up of a combination of both types of
distortions.

/
/
/

/
]

[]

Original Image Radial Distortion Tangential Distortion

7
[ ]
[ ]
[ ]
[ ]
[

Figure 2.1: A figure depicting the two main types of distortion present in typical
camera systems.
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There are multiple camera models that incorporate lens distortion into the typi-
cal pin-hole camera model [4] [5] [6]. All of these models can accurately simulate
distortion to a certain degree, depending on the field of view (FOV) of said camera.

2.1.4 Fish-eye camera model

This thesis makes use of the Kannala-Brandt camera model [5] to govern the trans-
formation of a 3D world point to a 2D image point in the used wide-angle lens
camera. Below follows an outline of the mapping from a 3D world point to a 2D
image point.
The world point is expressed in the camera coordinate system according to Equation
2.3, where X,, Y, and Z_ is the camera point coordinates and X,,, Y,, and Z, are
the world point coordinates. The angle from the sensor plane to these camera
coordinates are calculated using the following equation:
_ Xy, (Yey

6 = arctan( (Zc) + (Zc) ).
This angle is then used together with the distortion coefficients to calculate the
fisheye distortion angle 84 given by

0a = 0(1 + k10 + ko0 + k30° + k40,

which is further used to calculate the distorted camera point coordinates x’ and 3/
using

X = ed &
(GNP
, Oq Y.
y — _
()2 + (3)?) Z

These coordinates are finally converted into image point coordinates which lie on
the sensor plane, using the following equations:

u= fu(2' +ay') + cg,
v=fyy +cy.

2.1.5 Reprojection error

Reprojection error is a geometric error corresponding to the image distance between
a projected world point and its true, measured 2D projection on the image plane.
It is a standard metric used to quantify how accurately an estimated camera model
represents the physical environment. To calculate this error, a known 3D world
point is projected onto the image plane using the camera’s extrinsic and intrinsic
parameters. The Euclidian distance between the ground truth image coordinates
(u; and v;) and their mathematically reprojected counterparts (u; and v}) yields the
reprojection error for a single point:

E;, = \/(u7 —ub)? + (v; — v})2. (2.5)

7
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To evaluate the fit of the camera model across N observed image points, the mean
reprojection error is expressed as the average of these individual errors:

1 N
EF=—> F,. 2.6
N; (2.6)

2.1.6 3D-point triangulation

A world point can be triangulated by back-projecting two image points from two
cameras with different poses. This triangulation is visualized in Figure 2.2, and a
more in-depth explanation follows below.

The 2D projections of X; and X, are shown as green circles in the figure and are
denoted with xy, 2!, 22, ¥},. By back-projecting the coordinates of the image-points
of cameras C'1 and C2 through their respective camera matrix P, the blue rays
are traced. Each corresponding ray intersects in a 3D location, triangulating the
position of the two 3D object points X; and X5 shown as orange crosses.

Figure 2.2: Visualization of the triangulation process.

2.1.7 Homography

A homography transformation is not coupled to camera geometry per se, however, it
is often used within computer vision. Fundamentally, a homographic transformation
is a transformation mapping from one planar surface to another. The result of a
homographic transformation is visualized in Figure 2.3. Transformation of a point

8
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(x,y) in the source plane to the corresponding point (2',y’) in the target plane is
computed for the 3 x 3 matrix H as

X i
y| =H |y
1 1

A key practical application of this is perspective transformation, which determines
how a planar surface appears from different camera perspectives. In that case, the
homography matrix H is calculated according to Equation 2.7, where K5, K are the
intrinsic matrices of camera 1 and 2, R,t are the relative rotation and translation
between the two cameras, n is a vector orthogonal to the viewed plane and d the
distance from said plane to the optical center of camera 1.

t-nT
H=K2-<R— Z;)«;l (2.7)

An important fact for Equation 2.7 to be valid is that the environment viewed by
the camera is a 2D plane. This is due to parallax, meaning that a visualized object
closer to the camera moves faster relative to the camera than an object far away.
This is troublesome since a view of a non-planar environment would require the 3D
distance to all corresponding 2D points if the camera experiences a translation for
this equation to be valid. This is however not the case for rotation, as a rotation shift
all of the pixels equally. For a pure rotation homography transformation (¢ = 0),
Equation 2.7 can be rewritten to

H=K, R- K[ (2.8)

(a) Original image. (b) Image transformed using a rotation
homography matrix.

Figure 2.3: Image transformed using a homography matrix.

2.2 Camera pose estimation

Extrinsic camera calibration or pose estimation is the task of estimating a camera’s
pose in 3D given a set of image point projections [7]. The derived pose can be

9



2. Preliminaries

calculated in an absolute or relative fashion. The absolute estimate returns an
absolute pose in the world coordinate system, while the relative estimate returns
the relative transformation between a reference camera coordinate system to the
current one. Below follows a more comprehensive introduction to the two methods.

2.2.1 Absolute pose estimation

This problem is commonly called a Perspective-n-Point-problem (PnP), where n is
the number of world points with corresponding image points used. With a require-
ment of n > 3 for the solver to yield a finite number of solutions, in the case of
n = 3, it yields four plausible solutions [8]. The procedure consists of acquiring
three or more distinctive world points and their corresponding projection onto the
image plane.

Provided the 3D - 2D correspondencies, there exist multiple solvers, some of which
date back to 1841, and some that are more recent, such as the method presented by
Gao et al. (2003) [9]. The solvers can be roughly grouped into two camps, iterative,
and non-iterative solvers. Gao’s method is an example of a non-iterative solution
where an algebraic expression is used to derive the pose of the camera.

Iterative methods have, however, been proven to be more accurate and flexible [7].
Pan and Wang also argues that the iterative method is generally more robust [10].
A general iterative method works by converting the pose solving problem into a
nonlinear least squares problem, where the reprojection error in either image plane
(2D) or object space (3D) is minimized. As with any non-linear optimization, the
risk of reaching a local minima solution exists, which Pan and Wang mention as one
of the drawbacks of an iterative solution together with the higher computational
cost [10].

2.2.2 Relative pose estimation

The relative pose estimation relies on epipolar geometry to calculate the transforma-
tion between two separate cameras and is widely used as part of the Structure from
Motion (SfM) technique. This method works by finding a number of image points,
with five as a minimum, corresponding to the same world points in the two camera
views. Provided these image points, and a solver such as the five-point algorithm
[11], the essential matrix can be retrieved. By applying singular value decomposition
on the essential matrix it can be decomposed into its components, a rotation matrix
and a normalized translation vector describing the transformation from one camera
to the other.

The aforementioned five-point algorithm builds upon a core concept within camera
geometry, namely the Epipolar constraint. Below follows a short introduction into
this constraint and its governing geometry.

Epipolar geometry

Epipolar geometry is the geometry governing stereo vision, where two cameras view
a 3D scene from two separate positions. In Figure 2.4, X is the world point, Oy,
and Op are the optical centers of the left and right camera respectively. The plane

10
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Left view Right view

Figure 2.4: A figure showcasing the fundamentals of epipolar geometry [12].

that connects the three points Og, Op, X is called the Epipolar plane. The two 2D
projections of X are the image points called z; in the left camera and xg in the
right. The 2D point at which the left camera sees the right camera can be seen as ey,
in the aforementioned figure and this point is called the Epipole of the left image.

The line O7-X is seen as a point x by the left camera since it passes through its
optical center, whereas the same line is seen as the red line in the right image. This
red line is called the Epiline of the point x;. The same thing can be seen the other
way around where the line zp-ey, is the epiline of zg.

These epilines create the foundation for a constraint, the so called epipolar con-
straint. This constraint states that for any X with its corresponding image point
in the left camera, you do not have to search the entire view of the right camera to
find this X, since this X is constrained to lie on the epiline of z;. Building upon this
constraint, Equation 2.9 can be constructed, where z,z) are a pair of corresponding
projected camera points from cameras one and two of a specific world point, and £
is the essential matrix:

r] Bzl = 0. (2.9)

Using Singular Value Decomposition (SVD), this E can be further decomposed into a
rotation and translation according to Equation 2.10 and 2.11. This rotation matrix
R and translation vector t describes the transformation between the two camera
poses. From FE, this vector ¢ can only be retrieved up to scale, meaning its direction

11
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is known but not its magnitude.

0 —t. t,
=]t 0 —t, (2.10)
—t, t, O
E =[t]«R (2.11)

Sampson distance

Sampson distance is a first-order Taylor approximation of the algebraic error of the
epipolar constraint in Equation 2.9. This error is present due to imperfect image
point matchings, pixel noise, or an inaccurate essential matrix £. The Sampson
distance is often used as the objective in iterative solvers used to estimate E. The
squared Sampson distance of two image point correspondences z1, 2} from two dif-
ference views, where the transformation between the two views can be decomposed
from the matrix F, is given by

(" Eay)?

d? = .
(Ez1)i + (Bx1)3 + (ET2))t + (ET2)3

(2.12)

2.3 Feature detection and matching

In this thesis, a feature is defined as consisting of two parts: a keypoint, which speci-
fies its position, and a descriptor, which is a vector that describes its characteristics.
Defining sparse local features of an image is a fundamental part of many problems
within computer vision. Object detection, 3D-scene reconstruction and pose change
estimation rely on scale and rotation invariant features. In these problems, features
are used to locate correspondences over different views of the same object. For this,
the keypoints provide information of the correspondences position in each view. The
descriptors describe the characteristics of each detected keypoint and enable match-
ing between separate views. In an ideal case, the descriptor of two corresponding
features from two views, results in the same exact vector, in reality, this is rarely
the case making the matching non-trivial. An example of feature detection and
matching can be seen in Figure 2.5 where the Chalmers logo is photographed from
two different angles.

One of the first solutions to the feature detection problem was Scale Invariant Fea-
ture Transform (SIFT), introduced by David G. Lowe in 2004 [13]. Lowe shows
that SIFT is scale invariant and also robust against changes in illuminance and ad-
dition of noise. This method provides a robust way of identifying the same features
across different images, enabling applications like pose estimation. Other papers
have shown that different approaches can have other advantages. ORDB, presented
by Rublee et al. (2011), is another feature detector that is orders of magnitude
faster than SIFT [14]. This feature detector is rotation invariant and much more
resistant to high levels of noise than SIFT, but in contrast to SIFT, it is not scale
invariant.

12
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Figure 2.5: Matched features between two different images of the Chalmers logo.

Features are useful on their own, but to solve the problems of image matching
and 3D-scene reconstruction, feature matching is needed. The optimal method to
match features is to evaluate the descriptors of the features and identify the nearest
neighbor among all of the other features [13]. This way of matching is known as
brute-force matching. How the nearest neighbor is found depends on what kind of
descriptor is used. For vector based features like SIFT, it is based on a linear search
of the euclidean distance of the descriptor vectors [13]. Binary features like ORB
often use Locality Sensitive Hashing (LSH) to find the nearest neighbor [14]. The
features can be matched using these exact methods, but this is not very efficient, and
not suited for all applications. To solve this, there are more sophisticated and fast
approaches to matching, for example, Fast Approximate NN (FLANN) matching.
FLANN presents faster solutions to matching both vector based and binary based
feature descriptors with little or no sacrifice on precision [15].

2.3.1 Learning-based methods

Machine learning (ML) and more specifically, neural networks have shown promising
results for feature detection and matching [16]. Recent work on dense feature match-
ing have increased the robustness of correspondence estimation under large changes
in viewpoint and illumination. In a conference paper, Edstedt et al. (2023) presents
RoMa, a state-of-the-art feature detector and matcher built on a neural network [17].
RoMa achieves large gains in difficult benchmarks, showing strong pose estimation
performance thanks to its superior robustness compared to previous approaches.

Xfeat is another neural network-based feature detection and matching method that
is made to be efficient and fast, enabling it to run smoothly on resource-limited
devices [18]. There are also methods that only perform feature matching, like Light-
Glue. LightGlue is a feature matcher that can use classical detectors like SIFT, or
neural network-based solutions, to detect features [19]. SuperPoint is one of these
learning-based feature detectors, and is based on a convolutional neural network
[20]. SuperPoint and LightGlue are presented more in depth below.
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SuperPoint

SuperPoint is a fully-convolutional neural network feature point extractor, presented
by Detone et al. [20]. The network can be seen in Figure 2.6 and consists of one
encoder and two parallel decoders, with its structure enabling the input to be an
entire image rather than a patch of an image. The encoder manages to decrease the
spatial dimensionality to one eighth of the input by combining convolutional layers,
pooling layers, and non-linear activation functions.

Interest Point Decoder w
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Figure 2.6: The network architecture of SuperPoint visualized [20].

This is done by grouping the pixels in patches of 8 x 8 and then storing them
depth-wise in the resulting output tensor. This results in fewer computations during
training while at the same time enabling the retrieval of the original dimensionality
by reshaping, avoiding the possible issue of having to upsample on the decoder-side of
the network. The same output tensor is forwarded to the two decoders, the keypoint
decoder and the descriptor decoder, respectively. The keypoint decoder computes a
probability of each pixel containing a keypoint and the descriptor decoder computes
fixed length L2-normalized descriptors.

This entire network has then been trained in a self-supervised manner. Detone et
al. initially trained the detection part of the network on labeled images containing
geometric shapes, the resulting network they call MagicPoint. They further show
that MagicPoint greatly outperforms classical corner detection methods such as
FAST [21] and Harris corners [22] on a held-out test set of the aforementioned
geometric shapes dataset. These differences were especially prominent when noise
was introduced to the data.

Detone et al. further uses this MagicPoint together with Homographic adaptation
to create pseudo-ground truth labels on previous unlabeled images. This data is
then used to train the resulting SuperPoint network, where the prediction of the
detection part of the network is compared to the pseudo-ground truth labels. For
the descriptor training, two images are fed into two separate SuperPoint networks,
network 1 retrieves the original input image, whilst network 2 gets the same image
that has been altered with a random homography transform. The descriptor loss
is then based on the similarity of the pairs of corresponding descriptors from the
two networks. The entire network is trained using the combined loss of the interest
point and descriptor encoders.

Detone et al. conclude their report by sharing results on homography estimation
on the HPatches dataset using SuperPoint, where they state that SuperPoint shows
high repeatability in its detection and a performance that exceeds methods such as
LIFT [23] and ORB [14] when used for estimating the homography. The license of
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SuperPoint allows for commercial use, which was one of the constraints of the thesis
work.

LightGlue

LightGlue is a deep neural network that matches feature points between two images
[24]. Tt is a continuation of the work on SuperGlue, presented by Sarlin et al. in 2020
[25]. Multiple parts of the network have been reworked to make LightGlue faster,
more efficient and more accurate than SuperGlue. The network visualized in Figure
2.7 processes feature points from both images jointly through a transformer back-
bone, using both self-attention and cross-attention units at each layer. This enables
the model to capture the internal geometry of each image and the correspondences
between them to effectively match feature points and reject outliers. This outlier
rejection combined with early stopping also makes LightGlue much more efficient
than brute force matching methods. Much like SuperPoint, the LightGlue license
allows for commercial use, which was a constraint of the thesis.

Layer #1 Pruning Layer #N Matching
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Figure 2.7: The network architecture of LightGlue [24].

2.3.2 End-to-end ML methods

In addition to the aforementioned feature detection and matching methods, there
are also end-to-end ML approaches. These perform feature detection and match-
ing, and finally include a pose estimation. Kendall et al. (2015) demonstrated that
a convolutional neural network could be trained to calculate the 6DOF pose from
a single image [26]. This estimation worked indoors and outdoors and had a re-
spectable error of 0.5m and 5 degrees indoors. Building on this, Chaudhry et al.
(2025) showed that deep learning models could be used to calculate both extrinsic
and intrinsic camera parameters [27].

2.4 Robust model fitting

A challenge in processing real world data is that it is inherently noisy. The perfor-
mance of the state estimators mentioned in Section 2.2 is greatly affected by the
accuracy of the correspondence between the world points and their corresponding
image points or the 2D to 2D image points matches. This is even more pronounced
if the correspondences are few, since the addition of one outlier to a small set of
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inliers has a greater impact on the ratio between them than it would if the set of
inliers was larger.

To solve this problem, Martin A. Fischler and Robert Bolles presented their method,
Random Sample Consensus (RANSAC), back in 1981 [28]. The method works by
iteratively trying to fit a model to experimental data. Initially, the model is fitted to
as few data points as possible, from there, the number of points closely surrounding
the model indicating that they are compatible with the model are saved and used
to update the parameters of the model. Points that do not align with the intended
model, meaning they exceed a deviation threshold 7 from the model, are excluded
from the model estimation. Martin and Robert conclude their report by stating that
with RANSAC they have introduced a new paradigm for fitting a model to experi-
mental data. By interpreting and smoothing data that contain significant portions
of gross errors, it is ideally suited for applications in automated image-analysis where
interpretation is based on data provided by error-prone feature detectors [28].

For long, RANSAC was the go-to method for robust model fitting, however, the
original has some inherent issues related to choosing its tuning parameters such
as its deviation threshold. To tackle this problem, more modern adaptations of
RANSAC exist, examples of these are, LO-RANSAC , MAGSAC++ , GC-RANSAC
and USAC [29][30][31][32]. Among these modern iterations, MAGSAC++ [30] fun-
damentally redefines how data points are evaluated by eliminating the use of a strict,
manually tuned deviation threshold 7.

In classical RANSAC, the sclection of 7 is critical. With this, a point is classified
as either an inlier or an outlier based on whether its residual falls below this hard
boundary. MAGSAC++ removes this limitation by introducing a marginalization
approach. Instead of choosing a single threshold, the algorithm marginalizes over a
continuous spectrum of noise scales o up to a maximum expected threshold 7,,... By
treating the noise scale as an unknown variable, every data point is assigned a weight
based on its likelihood of being an inlier across all considered noise levels. This allows
the algorithm to remain highly robust even when the precise noise characteristics
are unknown.

Beyond threshold marginalization, MAGSAC++ introduces major speed improve-
ments over its predecessors. It uses an optimized weight updating strategy that
significantly accelerates the model refinement process. Additionally, it integrates an
advanced sampling method, rather than picking random points blindly across the
entire image as RANSAC does, the sampler leverages that true matches are usually
clustered close to one another in physical space. This allows MAGSAC++ to find
a set of true inliers in fewer iterations.

2.4.1 Robust relative pose estimation

Algorithm 1 shows the outline of an algorithm exemplifying how RANSAC can
be used for essential matrix estimation. The algorithm makes use of two sets of
corresponding points and the deviation threshold 7 as arguments.
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Algorithm 1 Essential Matrix Estimation with RANSAC Outlier Rejection Algo-
rithm

1: bestEssentialMatrix = null

2: maxInlierCount = 0

3: iterations = calculateMaxIterations(confidence = 0.95, outlierRatio = 0.5, sampleSize = 5)
4: for i = 1 to iterations do

5 samplel, sample2 = randomlySelectMinimalSamples(points1, points2, sampleSize = 5)
6:  hypothesesE = solvebPointAlgorithm(samplel, sample2)

7:  for each E in hypothesesE do

8: inliers = ||

9: for each pl, p2 in pointsl, points2 do

10: error = computeSampsonDistance(pl, p2, E)

11: if error < threshold then

12: inliers.append(pl, p2)

13: if length(inliers) > maxInlierCount then

14: maxInlierCount = length(inliers)

15: bestEssentialMatrix = E

16: iterations = updatelterations(maxInlierCount, totalPoints, confidence)

17: finalEssentialMatrix = refineModelLeastSquares(bestEssentialMatrix, inliers)
18: return finalEssentialMatrix
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Methods

This thesis investigates a vision based approach for estimating the pose of a camera
on the inside of a car. The method is based on the identification of the interior
features of the car, without any modifications. The features of an image are matched
with the features of another image to calculate the camera’s pose. To solve the actual
calibration, two methods are proposed, the Relative Method in Section 3.3 and the
Absolute Method in Section 3.4. The Relative Method calculates the relative pose
change from a nominal reference camera to the un-calibrated camera by comparing
their views. The Absolute Method uses two cameras with known poses to calibrate
a third camera.

The methods and tools used within the two suggested pipelines are implemented
with the help of OpenCV [33], an open source computer vision library.

3.1 Data collection

To be able to test and validate the pose estimation pipeline, a lot of data is needed.
The images have to be representative of real world scenarios, in this case, differing
mounting poses. The pose is assumed not to rotate more than +3° and not to
translate more than +3 mm along each axis of the camera coordinate frame. To
test that the pipeline is capable of estimating all real world scenarios, images of
random combinations of rotations and translations must be collected.

Validating how well the pipeline performs is done by creating synthetic images with
known pose transformations. Thanks to knowing the ground truth pose, the error
can easily be calculated, and potential biases become clear. However, this does not
ensure that the pipeline works on real world vehicles. Therefore, real images must
also be collected. Images from different vehicles of the same model is desirable to
evaluate how the model performs in representative real world scenarios.

3.1.1 Synthetic images

Synthetic images are collected using a simulated environment in Unity [34]. The
images are generated using a simulated model of a vehicle that contains both a
camera and light sources. To emulate the information collected by the real camera,
only one of the color channels is used to capture the images. The real camera
system captures IR images, and uses IR lamps to illuminate the interior. To mimic
this, the simulated camera only uses the red color channel, as this is the closest
frequency-wise to IR, and the scene is illuminated with red light. By making the
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simulated images as similar as possible to real data, the system can be developed
using ground truth pose data while minimizing compatibility issues with the real
system. Additionally, because the pose estimator requires a reference image with a
known pose during real-world calibration, a simulated image can be used. Feature
matching between the simulated and real images is significantly easier when the two
datasets are visually coherent.

Since many images with different poses must be captured, the process of capturing
images is automated. This automated process captures as many images as needed
with randomized poses within the +3° and +3 mm range. Each axis can be changed
individually resulting in 7% generated images, since all six axes are changed in seven
integer steps from —3 to 3. Saving all 7 = 117,649 possible images would generate
an excessive amount of data. Instead, a random sample of the poses is saved to
reduce the size of the dataset while avoiding systematic bias.

To facilitate the process of developing and testing parts of the system, datasets
originating from the same environment with different transformations are created.
The different transformations are pure translation, pure rotation and transformation.
In Figure 3.1, four images are shown, three belonging to each of the aforementioned
datasets and the fourth being an image taken with the nominal pose of the camera.
In addition to the synthetic data mentioned above, synthetic data depicting the
vehicle in a sunny outdoors environment is gathered. For this, the camera has been
shifted and rotated according to the same tolerances as with the synthetic data.
This data is purely used to evaluate the robustness to different lighting conditions
of the system. An example of an image from the natural lighting dataset can be
seen in Figure 3.2.

3.1.2 Real images

Real images were collected from two separate vehicles of the target vehicle model.
To test that the pipeline works in real world conditions, images are collected from
the two vehicles in varying lighting conditions. The real images are also used to
validate the performance on real world data. An image of the interior of a vehicle
of the target model is shown in Figure 3.3.

3.2 Intrinsic camera calibration

The cameras are intrinsically calibrated using the methodology described in Section
2.2.1, and implemented using OpenCV functionality, an overview can be seen in Al-
gorithm 2. The algorithm makes use of three arguments, a folder containing images
of the calibration board with different poses, the size of the internal checkerboard
pattern, and the size of the checkerboard squares in millimeters.

To simplify the calibration, the world points are generated as a list containing the
3D coordinates reflecting where each black square intersects another black square in
a nominal chessboard pattern. Furthermore, the board is assumed to be flat, which
means z = 0 for all intersections, and the z,y coordinates increase according to
the pattern and square size. This means that, even though the checkerboard that
is present in the images is moved between separate images, this is not apparent to
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(a) Nominal pose [0, 0, 0, 0, 0, 0]. (b) Translated pose [-2, 0, 3, 0, 3, 0].

(c) Rotated pose [0, 3, 0, -2, 0, 3]. (d) Transformed pose [-3, 2, 3, 2, 2, 0].

Figure 3.1: Four synthetic images demonstrating different camera poses in
[‘r7¢?y)972:7¢] Order.
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Figure 3.2: Synthetic image with the vehicle in a natural lighting condition.

Algorithm 2 Intrinsic Camera Calibration Algorithm

1: procedure INTRINSICCALIBRATION(img_ folder, patternSize, squareSize)

2 objPoints < generateNominal3dChessboardCoordinates(patternSize, squareSize)
3 imagePoints < ||

4 for each image in imgFolder do

5: imgP ¢« findChessboardCorners(image)

6: if imgP is found then

7 imagePoints.append (imgP)

8

9

end if

end for
10: cameraMatrix, distCoeffs < calibrate(objPoints, imagePoints)
11: calibrationError + ||
12: for each image in imgFolder do
13: imgP + findChessboardCorners(image)
14: rotation, translation < solvePnP (objPoints, imgP, cameraMatrix, distCoefls)
15: imgPoints2 <+ projectPoints(objPoints, rotation, translation, cameraMatrix, dist Coefls)
16: error <— norm(imgP, imgPoints2, L2) /numberOfPoints
17: calibrationError.append(error)
18: end for
19: return cameraMatrix, distCoeffs, calibrationError

20: end procedure
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Figure 3.3: Real image captured from the interior camera of a vehicle in a garage
setting.
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the algorithm. The algorithm sees the board as static and the camera’s position as
dynamic between images. This in turn does not affect the intrinsic parameters, and
since the extrinsic parameters are not of interest in this calibration, this implemen-
tation makes the retrieval of exact 3D coordinates of the board much easier.

By using OpenCV'’s fisheye.calibrate() on the generated object points and all corre-
sponding image points contained in the files in the calibration folder, the intrinsic
parameters and the distortion coefficients of the camera are found.

To validate the calibration-method and its parameters, a reprojection error is cal-
culated. This is done by projecting the nominal world points through the retrieved
camera matrix and comparing the resulting 2D projected image points to its corre-
sponding match in the original image. In addition to doing this during calibration,
the same reprojection is done post-calibration on a hold-out evaluation dataset.
For the virtual camera, images of a chessboard pattern placed in the Unity environ-
ment facing the simulated camera are captured, whereas for the real camera, images
of a chessboard pattern are captured using the interior camera of a vehicle.

The retrieved parameters from the real car are assumed to be representative for all
cars having the same type of camera, limiting this calibration to be performed only
once. In Figure 3.4a, one of the synthetic calibration images can be seen and in
Figure 3.4b, that image is undistorted. In Figure 3.5a, one of the real images can
be seen, and in Figure 3.5b, that image is undistorted.

(a) Image of a checkerboard. (b) Undistorted image of a checkerboard.

Figure 3.4: Images of a checkerboard from the simulated camera.

3.3 Relative pose estimation pipeline

The implemented relative pose estimation pipeline is shown in Figure 3.6, and can
also be seen in a larger format in Figure A.1. It takes two images with their cor-
responding camera intrinsics matrix and distortion coefficients, and outputs the
relative pose change between the two images. One of the images is from a camera
that is considered to have a nominal pose, and the second image is taken using a
camera with an unknown pose. With this information, the second camera can be
calibrated, and its view changed to match the pose of the nominal camera.
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(a) Image of a checkerboard. (b) Undistorted image of a checkerboard.

Figure 3.5: Images of a checkerboard from the real camera.

In a production setting, the reference image may be either a synthetic nominal image
from a virtual model or a real image from a calibrated nominal vehicle. This method
requires only one nominal reference view, making either option feasible.

This method is referred to as the 'Relative Method’.
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Figure 3.6: Overview of the Relative Method pose estimation pipeline.

3.3.1 Preprocessing

Before feature extraction and matching is performed, both images go through pre-
processing in order to improve matching robustness. The first step is to give the
images more similar illumination levels. The illumination processing normalizes the
illumination between the images by matching their cumulative histograms (CDFs).
The CDF for each image is calculated and fused to create a combined target CDF.
The pixel intensities of both images are then remapped to match this target dis-
tribution. This equalizes the intensity levels of the images while preserving their
structural content, allowing better feature matching. This illumination normaliza-
tion method is heavily inspired by the method proposed by Daud et al (2012) [35].
The images are then passed through an edge sharpening filter to make the image
features more distinct. In Figure 3.7, preprocessing has been performed on one sim-
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ulated image and one real image, pictured in Figure 3.7a, 3.7b respectively. The
results of the preprocessing can be seen in Figure 3.7¢,3.7d.

(¢) Synthetic image after preprocess- (d) Real image after preprocessing.
ing.

Figure 3.7: Images of vehicle interiors before and after preprocessing.

3.3.2 Feature detection

Features from both images are extracted using SuperPoint, up to 2048 points are
collected from both images. For each point, the network outputs a coordinate z,y,
a confidence score ¢ and a 256-dimensional descriptor vector d. For this thesis,
no adaptation or training was performed on the SuperPoint network. Instead it is
applied to the problem as is, with the network and weights as presented in the report
by Detone et al. [20]. The points detected by SuperPoint on a simulated image can
be seen in Figure 3.8. The feature extraction in the pipeline does not have to be
done by SuperPoint, and can easily be exchanged with extractors such as SIF'T or
ORB.

3.3.3 Feature matching

The features found by SuperPoint are matched using LightGlue. LightGlue estab-
lishes correspondences between the extracted feature sets. In Figure 3.9, matches
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Figure 3.8: SuperPoint features found.
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between a simulated image with a nominal pose and an image rotated —3° about x,
3% about y and 3° about z are shown. In Figure 3.10, only 1% of these matches are
chosen, making each match more visible. The LightGlue matching in the pipeline
can easily be exchanged with one of the more classical matching methods mentioned
in Section 2.3.

LWL TR TR TR RS B 1

Figure 3.10: 1% of the matches found by LightGlue.

3.3.4 Undistortion

After feature matching, the keypoints of the matched features are undistorted.
Undistortion corrects the point coordinates for lens distortion, ensuring real world
straight lines appear straight in the projected 2D geometry. This is done using the
camera intrinsic matrix and the distortion coefficients retrieved from the calibration
mentioned in Section 3.2. In Figure 3.11a, the detected features are shown on top of
the image, and in Figure 3.11b, these points are undistorted, as well as the image.
The importance of undistorting the points is made clearer in Figure 3.12. In Figure
3.12a, the points have been distorted to match the distortion of the simulated cam-
era. In Figure 3.12b, both the image and the points have been undistorted using
the intrinsics of the camera.
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(a) Features on top of the original image. (b) Undistorted features on top of the
undistorted image.

Figure 3.11: Simulated images with detected SuperPoint features.

(a) Grid of points on the original image. (b) Undistorted grid of points on top of
the undistorted image.

Figure 3.12: Simulated images with a grid of points.
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3.3.5 Pose recovery

The relative pose is then estimated using the undistorted image point correspon-
dences. First, the essential matrix is calculated using the five-point algorithm solver
[11] applied to the matched and undistorted image points. The five-point algo-
rithm only considers five image point correspondences. These are initially chosen
randomly, but they are iteratively refined using MAGSAC++. The MAGSAC++
threshold is scaled using the focal length, since the undistorted points are expressed
in camera coordinates which are normalized to the camera’s focal length. This new
threshold is calculated using the equation below.

outlier threshold

scaled threshold =
seate resho focal length

Finally, the camera rotation matrix R and the normalized translation vector ¢ are
extracted from the essential matrix using SVD. With the retrieval of the essential
matrix and the intrinsic matrix from Section 3.2, the complete camera matrix P for
the previously non-calibrated camera is known up to scale.

3.3.6 Translation vector scaling

The inherent issue with working strictly in 2D is scale ambiguity, meaning that
the perceived scale of an object in the 2D projection is highly dependent on its
absolute distance from the camera. Due to this problem, the translation vector
retrieved in the previous section is normalized and of unit length, having no real
world interpretation.

To solve this scale ambiguity issue, a scale factor from unit length to millimeters is
calculated. This is done by triangulating two 3D points and comparing the distance
between them to the real world distance.

The triangulation is done by iterating through all features found in the non-calibrated
camera view and match it to previously stored features from the nominal image us-
ing a brute-force matcher. The stored features correspond to 2D projections of
easily recognizable 3D world points of which the distance between them have been
measured in the physical car. These stored features are called landmarks and their
image points are back-projected into 3D, triangulating the two world points corre-
sponding to the features. The euclidean distance between these points is compared
to the real world distance and the scale factor is calculated as

real world distance

S =
triangulated distance

and this scale factor is multiplied to the normalized translation vector as
t=5"thorm
where t is the final translation estimate.
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3.4 Absolute pose estimation pipeline

This estimation method combines world point triangulation and the absolute pose
estimation methodology presented in Section 2.2.1, where the relationship between
corresponding image and world points is used to retrieve the camera’s parameters.
The pipeline is pictured in Figure 3.13, and can also be seen in a larger format in
Figure A.2.

The method makes use of three separate images, two images from cameras with
known poses, and one image from the camera that should be calibrated.

From this point, this estimation method is referred to as the ’Absolute Method’.
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Figure 3.13: Overview of the Absolute Method pose estimation pipeline.

3.4.1 Feature detection & matching

Features are found in the three separate images using SuperPoint and matched with
LightGlue. LightGlue can only match two sets of features at once, however, the
entire pipeline relies on accurate correspondences over all three images. To solve
this, a three-way correspondence is created according to

Af:(FlmFs)m(deFQ):FlmFngd

where M is the resulting matched set derived from the feature sets F; originating
from images i = 1,2, 3.

3.4.2 Undistortion

The resulting image points from the previous step are undistorted to restore real
world geometries. Since the end goal is to estimate the extrinsic parameters, this
is done to the image points from all three images. However, it could also only
be applied to the sets from the cameras with known poses if the objective was to
estimate the entire camera matrix, but this would require small changes to the rest
of the pipeline.
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3.4.3 World point triangulation

The sets of image points in the matched set M from the two cameras with known
poses are together with their camera matrices used to triangulate a set of 3D world
points as per Section 2.1.6. These world points are then the 3D counterpart of the
image points of M originating from the un-calibrated camera. This results in a set
of 2D - 3D correspondencies necessary to perform PNP calculation.

3.4.4 Pose estimation

A PNP solver is applied to the aforementioned set of 2D - 3D correspondencies, for
this, the method makes use of OpenCV’s solvePnPRansac(). This solver iteratively
estimates the camera’s pose using RANSAC for outlier rejection. In each iteration,
RANSAC includes four of the correspondence points to retrieve an estimate of the
pose, using this pose, the world points are projected into 2D and a reprojection error
comparing these 2D points to the original image points is calculated. By redoing
this for all points, a set of inlier image-world-point pairs is established, and this set
is used for the final iterative estimation of the pose.

3.5 Evaluation

The systems are developed in a domain that consists of simulated images but is
aimed to solve an issue in the real world domain. This means that it is insufficient
to evaluate the performance in only one of these domains. Three evaluation methods
arc presented. While some of these methods are exclusive to either the simulated or
real world domain, combining them provides a comprehensive assessment, ensuring
that strong simulated results translate effectively to real world performance.

3.5.1 Ground truth comparison

As mentioned in Section 3.1.1, a lot of data is gathered in a simulated environment
where the camera view can be changed frecly. By step-wise changing the pose of
the camera and saving the image taken together with information about the pose
for the said snapshot, data containing the ground truth pose can be gathered. This
makes it possible to compare the estimated pose of the camera with its ground
truth pose and recover a numerical expression of how well the estimate is. The
ground truth pose is stored according to a fixed coordinate frame, originating from
an assumed nominal position of the camera. From this position, translations along
the fixed coordinate frame in XY, Z are described in millimeters, and rotations are
described extrinsically using Euler angles expressed in degrees.

The accuracy of the estimation is evaluated using the combined Mean Absolute
Error (MAE) rotation and translation-wise over all axes. Strict rotation-errors are
also expressed using the MAE of the Geodesic distance, which is the shortest path
between two rotation matrices. In addition to this, the distribution of error per axis
is fitted with a Gaussian distribution and its mean value p and standard deviation
o are calculated.
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In order to evaluate the robustness to different lighting conditions of the system, the
same test will be run on the natural lighting dataset mentioned in Section 3.1.1.

3.5.2 Point mapping error

Reprojection error is commonly used to evaluate both extrinsic and intrinsic camera
calibration. This measure is evaluated by calculating the euclidean distance between
two corresponding image points, as mentioned in Section 2.1.5. This measure re-
quires a combination of image and world points, which the Relative Method does
not inherently have access to, whilst the Absolute Method does and typically makes
use of to iteratively improve its estimate.

The Relative Method, on the other hand, typically makes use of the Sampson dis-
tance mentioned in Section 2.2.2 to evaluate how well the estimated essential matrix
fits the experimental data. This measure is also typically used to iteratively exclude
outliers and improve the estimate.

To enable fair cross-method comparisons on the suggested methods, both measures
arc implemented using a hold-out set called Landmarks. A more in-depth explana-
tion of the implementation is found below.

The evaluation landmarks dataset

As part of the translation vector scaling in the Relative Method, a dataset was cre-
ated containing fixed recognizable points in the car. Their positions in the nominal
frame have been manually annotated and then linked to a SuperPoint feature within
5 pixels of that point. The locations and descriptors of the features matched to the
manually marked landmarks are saved in a database together with an ID. The ID,
location, and descriptor of a known point in the interior is called a landmark. To
make sure that all of these landmarks are found in both synthetic and real images,
two separate databases are created by doing the same process for the nominal syn-
thetic image and a real image. These landmark image points are visualized as green
dots in Figure 3.14 and Figure 3.15.

Since the positions of these landmarks are known in different views, a second view of
these landmarks is used to triangulate the 3D world points of these landmarks. This
completes the necessary data to perform both the reprojection error and the sampson
distance evaluation. However, as explained in the introduction to this section, the
estimates make use of these measures during optimization, which could result in
each of the estimation methods having a biased result towards their optimization
method if not treated.

To solve this problem, features of the Landmarks dataset are actively excluded from
the features used to perform the estimation. This ensures that the features used
for the estimation are not the same as those used for the evaluation. However, a
downside of this is that the pose estimate might be less accurate due to this exclusion.
The landmarks have been chosen in a way that they are positioned on static objects,
making them ideal for evaluating reprojection error between environments where
dynamic objects, such as seats, have been moved. Similarly, these points would
also be ideal to use for the pose estimate in the same scenario, resulting in a worse
estimate than if no evaluation and no exclusion were done.
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Figure 3.14: The nominal synthetic image with the landmarks highlighted in green
with their location in the image.

Figure 3.15: A real image with the landmarks highlighted in green with their
location in the image.
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Reprojection error

To evaluate the accuracy of the pose estimation pipelines, the theoretical reprojec-
tion error is applied to the detected landmarks. First, the landmarks are localized
within the target image and associated with their corresponding 3D world point
from the database. To establish a baseline metric, these 3D points are projected
onto the image plane using the camera’s intrinsic parameters, the fisheye distortion
model detailed in Section 2.1.4, and an assumed nominal pose. The error between
these projected image points and the image points of the localized landmarks yields
the baseline reprojection error.

Next, this identical projection is repeated using the newly estimated extrinsic pose.
By evaluating the difference between the reprojection error of the estimated pose
and the nominal baseline, the performance of the pose estimation can be quantified.
A decrease in this error indicates that the estimated pose more accurately aligns the
known 3D features with their true expected locations on the image sensor.

Sampson distance

The sampson distance is used to evaluate the epipolar consistency of the estimated
relative pose. The same landmark correspondences as in the reprojection error
evaluation are used. For each landmark, the image point in the nominal image is
denoted x;, and the corresponding image point in the target image is denoted x..
The points are first undistorted and expressed in normalized camera coordinates.
The Sampson distance is then computed using Equation 2.12 together with the
essential matrix obtained from the estimated pose.

This gives an approximation of the geometric error between each point and its epipo-
lar line. A lower value therefore indicates that the estimated pose better satisfies the
epipolar constraint for the landmark correspondences. For each evaluated image, the
mean, median, and maximum distance over all localized landmarks are reported. As
with the reprojection error evaluation, the landmark features are excluded from the
pose estimation step to avoid using the same correspondences for both estimation
and evaluation.

3.5.3 Image re-alignment

By applying the estimated extrinsic parameters to the images taken using an un-
calibrated camera, the images are transformed to match the nominal image. An
image re-alignment does not render any numerical expression in the similarity be-
tween the original and the re-aligned image. However, it can still provide results in
terms of visual feedback of the estimated pose transformation.

This thesis makes use of homography transformation as mentioned in 2.1.7 to per-
form image re-alignment. Since the interior camera’s view is not of a planar surface
and instead of a vehicle interior with objects located at different depths, the ho-
mography is expressed in its simplified format only incorporating rotation. The
homography matrix is calculated according to equation 2.8 with the rotation matrix
extracted from the estimated extrinsic parameters.
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Image similarity scores

To numerically express how well the resulting image re-alignment aligns with the
nominal image, tools frequently used to evaluate image similarity are deployed.
These tools are Mean Squared Error (MSE), Structural Similarity Index Measure
(SSIM) [36] and Learned Perceptual Image Patch Similarity (LPIPS) [37].

MSE calculates the squared error between each corresponding pixel value in the two
images and returns the mean value of this. This is a quick and effective measurement
of how similar two images are, however, it is notoriously poor at matching human
visual perception. For this, SSIM is commonly used throughout the industry, SSIM
computes its similarity-score as a combination of the two images luminance, contrast
and structure. LPIPS is a deep learning approach similar to SSIM, where the two
images are fed into a pretrained image classification network, and their similarity
is scored depending on the similarity of the intermittent output of this network.
As part of this report, AlexNet [38] is used as the pretrained image classification
network.
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Results

This chapter presents the results gathered from the experiments mentioned in Sec-
tion 3.5. The experiments are performed using the data gathered according to Sec-
tion 3.1 and applied to the two developed pose-estimation-methods. The nominal
image used for all experiments is a nominal synthetic image from a simulated vehi-
cle. When applicable, the results of the two methods are compared to a ’baseline’
displaying the retrieved error of performing no calibration.

Furthermore, for synthetic data, the ground truth pose is used as a comparator
for the reprojection error. The ground truth is the optimal pose that can be re-
trieved from the pose-estimation-methods. Thus if a projection matrix constructed
using this pose, results in a reprojection error, this indicates that this error is a
measurement error and not an error due to a bad pose.

4.1 Ground truth comparison

Ground truth comparison was performed using synthetic data generated in a Unity
simulation environment as mentioned in Section 3.1.1. The evaluation is divided
into three sections: Rotations, Translations, and Transformations, evaluated on
their corresponding dataset. The first two sections analyze performance under pure
rotation and pure translation, respectively. The transformations section evaluates
data subjected to complete rigid body transformations, combining both rotational
and translational movements.

4.1.1 Rotations

Both methods were tested on the synthetic dataset mentioned in Section 3.1.1. This
dataset contains 343 synthetic images that closely resemble real images of the car
positioned in a dark garage setting. An example of such data can be seen in Figure
3.1a, this figure shows the nominal view from which the rotations are calculated.

The test compares the estimated relative rotation from said nominal view with the
ground truth, which is shown in Figure 4.1. The discrepancy between the estimate
and the ground truth is shown in Figure 4.2, together with the Mean Absolute Error
(MAE) of all three axes. Figure 4.3 shows histograms depicting the error distribution
of each rotation axis, a Gaussian distribution has been fitted to each histogram and
its parameters are displayed. All of this data is summoned and displayed in Table
4.1, where the performance of the Relative and Absolute Method are compared to
the Relative’s pipeline except it uses other commonly used feature extractors and
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matchers. In addition to this data, a baseline is presented as the first result, this
baseline present the overall error over the dataset provided no estimation is done.
The same test was performed on the Natural lighting dataset where the same nomi-
nal view as before was used, see Figure 3.1a, and the pose responsible for each image
was calculated. The aforementioned dataset consists of 62 images and the results of
the test have been summarized and can be found in Table 4.2.

Ground Truth vs Estimated Rotation Per Axis
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Figure 4.1: Resulting rotation estimate and the ground truth rotation of each axis
visualized on a subset of the synthetic rotations dataset. The estimate is calculated
using the Relative pipeline using SuperPoint and LightGlue.

Table 4.1: Table showcasing the performance of the rotation estimate on the
synthetic dataset. The estimation error is presented with the combined axes and
geodesic MAE together with each axis mean error 1 and standard deviation o. The
results from the two final implemented versions of the pipelines are shown in bold.

Detector Matcher Dataset Method Geodesic MAE (°) | Euler XYZ MAE (°) | X p(®) [ Xa(®) | Y u(®) | Yo(°) [ Z u(°) | Z 0(°)
None None Synthetic | None 3.33 5.14 - - - - - -
ORB Brute-Force | Synthetic | Relative 1.69 7.86 1.06 7.21 -0.47 | 4.06 2.93 32.45
SIFT Brute-Force | Synthetic | Relative 0.19 0.68 0.04 0.74 0.00 0.04 -0.53 | 9.71
SIFT LightGlue | Synthetic | Relative | 0.62 2.45 -0.73 1024 |-0.01 | 0.69 -0.50 | 15.83
SuperPoint | LightGlue | Synthetic | Relative | 0.07 0.09 0.00 |0.02 |0.00 |0.02 0.00 |0.07
SuperPoint | LightGlue | Synthetic | Absolute | 0.07 0.10 0.00 0.03 -0.01 | 0.03 |-0.01 |0.07

From Tables 4.1, 4.2, it can be gathered that the implementations of the Relative
Method using SuperPoint and LightGlue are superior to the other combinations of
feature detectors and matchers. The combination of ORB and brute-force matcher
performs the worst. This is probably due to inclusion of either outliers or incorrect
matches which leads to a high MAE and high variance in the error. Both SIFT
implementations perform reasonably well with some outlier estimates increasing its
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Per-Axis and Combined Rotation Error
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Figure 4.2: Difference between the estimate and the ground truth rotation of each
axis visualized on a subset of the synthetic rotations dataset.

Per-Axis Rotation Error Distribution (Estimate - Ground Truth)
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Figure 4.3: Each axis estimation error shown as histograms with a fitted Gaussian
distribution. The error is calculated over the entire Synthetic dataset.

Table 4.2: Table showcasing the performance of the rotation estimate on the natu-
ral lighting dataset. The estimation error is presented with the combined axes MAE
together with each axis mean error p and standard deviation o. The results from
the two final implemented versions of the pipelines are shown in bold.

Detector Matcher Dataset | Method Geodesic MAE (°) | Euler XYZ MAE (°) | X p(°) [ Xo(®) [ Y pu(®) [ Yo(®) [ Zp(®) | Zo(°)
None None Natural | None 3.29 5.06 - - - - - -
ORB Brute-Force | Natural | Relative 91.54 82.54 -2.91 48.95 | -3.60 | 32.78 |-4.94 | 55.95
SIFT Brute-Force | Natural | Relative 3.53 31.33 2.27 50.97 | -1.81 8.58 3.69 23.46
SIFT LightGlue | Natural | Relative 0.18 0.19 -0.06 | 0.06 -0.06 | 0.04 0.00 0.07
SuperPoint | LightGlue | Natural | Relative | 0.09 0.12 -0.03 | 0.03 |-0.03 |0.02 0.01 | 0.07
SuperPoint | LightGlue | Natural | Absolute | 0.09 0.14 0.05 0.04 -0.01 | 0.04 -0.02 | 0.07
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overall MAE. Table 4.2 showcases the strength of LightGlue in matching features
across multi-modal data where the MAE of SIFT with LightGlue is much smaller
than SIFT and brute-force. Furthermore, the Relative Method performs better
than the Absolute Method in its rotation estimate, the difference is however, not
significant.

4.1.2 Translations

Just as with the rotation, both methods ability to estimate pure translation was
tested. This test was performed according to the same methodology as the rotation
but on a synthetic translation dataset consisting of 38 images. A comparison between
the translation estimate of the Relative Method and the ground truth of this dataset
is visualized in Figure 4.4. A more comprehensive result of the entire test can be
seen in Table 4.3.

Ground Truth vs Estimated Translation Per Axis
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Figure 4.4: Resulting translation estimate of the Relative Method and the ground
truth translation of each axis visualized on a synthetic translation dataset. The
estimate is calculated using the Relative pipeline using SuperPoint and LightGlue.

This part of the system was also further tested on two different datasets, namely
Syntheticis and Syntheticsg, consisting of larger translations. Both datasets consist
of images originating from the same synthetic environment, however, Syntheticys
consists of 77 images with poses changing in the range of 415 mm, and Synthetics
consists of 65 images ranging in +50 mm.

For this evaluation the size of the estimation error must be put in relation to the
size of the translations since they are inherently dependent. For example, an error
of 5 mm can be considered rather good if the translation itself is 10 m but not if the
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Table 4.3: Table showcasing the performance of the translation estimate on the
synthetic translation dataset. The estimation error is presented with the combined
axes MAE together with each axis mean error p and standard deviation o. The
results from the two final implemented versions of the pipelines are shown in bold.

Detector Matcher Dataset Method XYZ MAE (mm) | X p(mm) | X o(mm) | Y p(mm) | Y o(mm) | Z p(mm) | Z o(mm)
None None Synthetic | None 5.16 - - - - - -

ORB Brute-Force | Synthetic | Relative 192.12 40.13 181.29 -37.20 160.35 -7.74 480.53
SIFT Brute-Force | Synthetic | Relative 7.57 -0.12 2.14 -0.37 2.80 1.24 5.28
SIFT LightGlue Synthetic | Relative 35.27 6.25 38.07 -21.79 133.12 1.02 10.34
SuperPoint | LightGlue | Synthetic | Relative | 5.29 -0.03 1.95 0.06 2.01 -0.29 2.31
SuperPoint | LightGlue | Synthetic | Absolute | 1.04 0.16 0.58 0.27 0.47 0.13 0.30

translation is 1 mm. To solve this, all of the errors are normalized which enables fair
cross-dataset comparison. The errors are expressed as a percentage of the maximum
elongation along one axis contained in that dataset and can be found in Table 4.4.

Table 4.4: Table showcasing the performance of the translation estimate on the
synthetic dataset with exaggerated translations. The estimation error is presented
as a percentage of the maximum translation along one axis within that dataset.
This error is further broken down into parts, as the angular and magnitude error
between the estimated and ground truth vectors, the magnitude error is expressed
as an percentage in the same way as the overall MAE.

Detector Matcher | Dataset Method | XYZ MAE (%) | £ XYZ MAE (°) | |XYZ]| MAE (%)
None None Synthetic None 172 - -

SuperPoint | LightGlue | Synthetic | Relative | 176.3 49.0 92.7

SuperPoint | LightGlue | Synthetic | Absolute | 34.67 8.92 9.3

None None Synthetic;; | None 175.7 - -

SuperPoint | LightGlue | Syntheticys | Relative | 57.33 5.92 38.6

SuperPoint | LightGlue | Syntheticy; | Absolute | 7.87 2.23 2.6

None None Syntheticsy | None 182.3 - -

SuperPoint | LightGlue | Syntheticsy | Relative | 24.48 1.40 15

SuperPoint | LightGlue | Syntheticsy | Absolute | 3.25 0.861 1.2

Table 4.3 displays a less than satisfying result from the Relative Method concerning
the translation estimate. The two main components of this estimate is the up-
to-scale translation vector retrieved from the essential matrix and its triangulated
scaling factor. During the tests it was clear that the distance between the triangu-
lated world points was fluctuating wildly, varying from ~ 20 to ~ 2000 from one
image to the other. This is not a scientific artifact, instead by analyzing Figure 2.2,
this result and problem is quite intuitive. Due to the small deviations in position
(£3 mm) the views overlap and the back-projected rays becomes next to parallel,
which in combination with noisy feature matching leads to an incredibly sensitive
triangulation.

The Absolute Method on the other hand is not dependent on the calibration view
to perform its triangulation, instead it uses an image from the Synthetics, dataset,
which makes it more robust and accurate. However, its estimate is also not perfect,
hinting at the problem of estimating the initial translation vector can be inherently
difficult for small translations. The reason for this may be that a small translation
does not displace the image points enough to be able to draw strong conclusion
regarding the camera’s displacement, this is discussed more in depth later in the
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reprojection part of the evaluation.

With the feedback of information contained in Table 4.3, a test on larger transla-
tions was conducted, resulting in the results found in Table 4.4. This table further
confirms the hypothesis of a large portion of the Relative Method’s translation error
being dependent on the size of the translation, as we can see the MAE drop from
176% of +3mm to 24.48% of 50 mm. This hypothesis can be further strenghtened
by comparing Figure 4.4 to Figure 4.5, where it in the latter figure can be seen that
the estimate generally follows the ground truth much closer than the former, both
in scale and direction. Actually, the MAE for Syntheticsy would be even lower if
it were not for some exaggerated translations leading to a semi-blocked view of the
camera, resulting in a failed localization of the triangulation landmarks. This can be
seen in Figure 4.5 where the estimate is close to zero for all axes for some samples,
an example of this can be seen in the seventh sample.
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Figure 4.5: Resulting translation estimate of the Relative Method and the ground
truth translation of each axis visualized on the Syntheticsy translation dataset. The
estimate is using SuperPoint and LightGlue.

In addition to the triangulation working better for larger translations, the improved
performance of both methods concerning the angular error over larger translations in
Table 4.4, suggests that the translation vector itself is easier to estimate accurately
for larger translations.

4.1.3 Transformations

Finally, the two methods were evaluated on complete rigid transformations with
the same overall procedure as with the rotation and translation evaluations. Both
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methods were tested on the synthetic transformation dataset with 125 images and
the natural lighting dataset containing 53 images, the results are gathered in Table
4.5 and 4.6 respectively. Table 4.5 shows once again the Relative Method using

Table 4.5: Table showcasing the performance of the transformation estimate on
the synthetic dataset. The results from the two final implemented versions of the
pipelines are shown in bold.

Detector Matcher Dataset Method Euler XYZ MAE (°) | X p(°) X o(°) Y u(°) Y o(°) Z pu(°) Zo(%)
None None Synthetic | None 5.30 - - - - - -
ORB Brute-Force | Synthetic | Relative 3.93 -0.20 4.66 -0.30 3.13 0.16 21.65
SIFT Brute-Force | Synthetic | Relative 0.31 -0.01 0.17 0.01 0.14 0.00 0.09
SIFT LightGlue | Synthetic | Relative | 0.32 -0.02 0.17 0.00 0.14 0.01 0.08
SuperPoint | LightGlue | Synthetic | Relative | 0.35 -0.03 0.18 0.00 0.15 0.01 0.08
SuperPoint | LightGlue | Synthetic | Absolute | 0.10 0.01 0.03 -0.01 0.03 -0.01 0.07
Detector Matcher Dataset Method XYZ MAE (mm) X p(mm) | X o(mm) | Y p(mm) | Y a(mm) | Z p(mm) | Z o(mm)
None None Synthetic | None 5.05 - - - - - -
ORB Brute-Force | Synthetic | Relative 60.98 7.18 73.37 -3.02 86.94 36.91 292.92
SIFT Brute-Force | Synthetic | Relative 6.93 -0.07 2.27 -0.52 2.80 0.07 4.95
SIFT LightGlue | Synthetic | Relative 6.61 -0.14 1.93 -0.09 1.93 -0.07 5.49
SuperPoint | LightGlue | Synthetic | Relative | 6.32 -0.17 1.94 -0.32 2.12 -1.33 4.81
SuperPoint | LightGlue | Synthetic | Absolute | 0.93 0.24 0.47 0.11 0.41 0.07 0.34

ORB as heavily inferior to its counterparts. However, the performance covering both
rotation and translation is quite even when using both SIFT and SuperPoint. SIFT
is slightly better at rotation, and SuperPoint slightly more accurate in translation,
but there are no significant differences in either of the cases. Further, it is clear that
with the introduction of rotations, the translation estimate of the Relative Method
on small translations is still bad. The best result achieved with this method is a
MAE = 6.32mm which can be compared to what the average error would be if
no calibration or adjustment were made, resulting in a MAE of 5.05mm over this
dataset.

Furthermore, it is clear that for this test the Absolute Method is superior, having
32.3%, 14.7% of the MAE over both rotation and translation, respectively, compared
to the best results using the Relative Method.

Table 4.6: Table showcasing the performance of the transformation estimate on
the natural lighting dataset. The results from the two final implemented versions of
the pipelines are shown in bold.

Detector Matcher Dataset Method XYZ MAE (°) X u(®) X o(%) Y (%) Y o(%) Z (%) Zo(°)
None None Synthetic | None 5.34 - - - - - -
SIFT Brute-Force | Synthetic | Relative 51.34 1.50 48.32 -1.39 17.41 0.52 34.22
SIFT LightGlue | Synthetic | Relative 0.36 -0.02 0.20 -0.06 0.14 0.02 0.09
SuperPoint | LightGlue | Synthetic | Relative | 0.35 0.01 0.18 -0.01 0.15 0.02 0.09
SuperPoint | LightGlue | Synthetic | Absolute | 0.14 0.04 0.04 0.00 0.04 0.00 0.08
Detector Matcher Dataset Method XYZ MAE (mm) | X p(mm) | X o(mm) | Y p(mm) | Y o(mm) | Z p(mm) | Z o(mm)
None None Synthetic | None 4.81 - - - - - -
SIFT Brute-Force | Synthetic | Relative 5.05 0.03 1.87 0.58 2.04 0.35 2.00
SIFT LightGlue | Synthetic | Relative 4.47 -0.21 1.82 0.49 1.92 -0.21 1.49
SuperPoint | LightGlue | Synthetic | Relative | 4.38 -0.15 1.81 0.47 1.90 0.33 1.47
SuperPoint | LightGlue | Synthetic | Absolute | 1.76 0.16 0.58 0.95 0.58 -0.20 0.37
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4.2 Point mapping error

The point mapping error evaluation consists of two different metrics, reprojection
error and sampson distance. Reprojection error is an evaluation of a mapping from
3D to 2D and sampson distance can be interpreted as an evaluation of a 2D to 2D
point mapping. Below follows both of them, evaluated on the landmarks hold out
set on synthetic and real images separately.

4.2.1 Synthetic images

Reprojection error

The two methods were evaluated using reprojection error for the three synthetic
datasets. The results of this can be seen in Table 4.7. For both the transformation
and rotation datasets, both methods reduced the reprojection error greatly, with
the Absolute Method proving to be slightly better on both datasets. The difference
is bigger for the transformation dataset, where the Absolute Method is 2 pixels
better than the relative. This is most likely due to a worse capability to estimate
translations, which is shown in the results for the translation dataset. For this
dataset, the Relative Method does not improve the reprojection error, whereas the
Absolute Method actually manages to reduce the error.

Two specific images are also included in the table. For these specific examples, the
Absolute Method performs slightly better, but both greatly reduces the reprojection
error. The images are shown in Figure 4.6 together with a visual representation of
the reprojection error for the baseline and estimates.

The reprojected world points of the landmarks are shown as red, yellow or green
dots, and the corresponding detected landmarks are shown as blue circles. If a
reprojection error for a point is less than 2 pixels, the point it shows up as green, it
shows up as yellow if that error is less than 5, and red otherwise.

Table 4.7: Table showing the mean reprojection error for the different datasets.

Datasct Baseline (px) | Ground truth (px) | Relative Method (px) | Absolute Method (px)
Synthetic Transformations 51.21 3.69 5.42 3.46
Synthetic Rotations 49.96 3.73 4.07 3.54
Synthetic Translations 3.92 2.59 4.00 2.56
Image with pose [0,-3,0,-2,0,2] | 54.14 - 4.14 2.81
Tmage with pose [3,3,-3,-2,1,-1] | 48.88 - 3.26 1.98

Sampson distance

The sampson error for both methods was evaluated on the datasets containing trans-
lations. The mean reprojection error for all points in each image is recorded, and
the mean, median and maximum of these means are presented in Table 4.8. The
Relative Method performed slightly better than the Absolute Method when it comes
to the maximum reprojection error, but they were quite similar when it comes to
the mean and median values.
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(a) Simulated image 1.

(c) Relative pose estimate for simulated  (d) Relative pose estimate for simulated
image 1. image 2.

e

(e) Absolute pose estimate for simulated  (f) Absolute pose estimate for simulated
image 1. image 2.

Figure 4.6: Reprojection error for landmarks for the baseline and the estimates
from both methods on two simulated images.
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Table 4.8: Table showing the sampson distance for the synthetic dataset.

Datasct Method Mean (px) | Median (px) | Max (px)
Synthetic Translations Relative 1.9 1.95 2.77
Synthetic Translations Absolute 2.04 1.91 3.93
Synthetic Translations Ground Truth | 1.82 1.69 2.88
Synthetic Transformations | Relative 2.01 1.94 3.35
Synthetic Transformations | Absolute 2.20 2.05 4.45
Synthetic Transformations | Ground Truth | 2.4 2.31 4.53

4.2.2 Real images

Reprojection error

Two images from cameras in different vehicles were used to evaluate the perfor-
mance of the two methods using the reprojection error. In Table 4.9, the baseline
reprojection error and the results of the two methods is shown.

The Relative Method performs better for both images, but the difference is larger
for image 1. Using this method resulted in a smaller reprojection error than the
baseline, which can not be said when applying the Absolute Method, since this
method only managed to reduce the error for the second image.

In Figure 4.7, the reprojected world points of the landmarks are shown as red, yellow
or green dots, and the corresponding detected landmarks are shown as blue circles.
If a reprojection error for a point is less than 2 pixels, the point it shows up as green,
it shows up as yellow if that error is less than 5, and red otherwise.

Table 4.9: Table showing the mean reprojection error for the two real images.

Dataset Baseline (px) | Relative (px) | Absolute (px)
Real image 1 | 20.31 9.04 21.31
Real image 2 | 16.42 7.45 12.04

Sampson distance

The sampson error for the same points in the two images, for both methods, is
presented in Table 4.10. Here, the error for each point in an image is stored and the
mean, median and max is calculated from that. The Relative Method gets a slightly
lower mean for both images and a much lower maximum error for image one. In
image 2, the Absolute Method instead gets a lower maximum error.

4.3 Image re-alignment
This section covers the results of the image re-alignment evaluation mentioned in
Section 3.5.3. The images are transformed with a homography transformation using

the estimated rotation and Equation 2.8.

46



4. Results

(e) Absolute pose estimate for image 1.  (f) Absolute pose estimate for image 2.

Figure 4.7: Reprojection error for landmarks for the baseline and the estimates
from both methods on two real images.
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Table 4.10: Table showing the sampson distance for the two real images.

Dataset Method | Mean (px) | Median (px) | Max (px)
Real image 1 | Relative | 13.12 14.04 28.57
Real image 1 | Absolute | 13.55 11.92 39.14
Real image 2 | Relative | 9.45 10.01 17.72
Real image 2 | Absolute | 10.23 10.17 16.17

Small deviations in structure and alignment are hard to distinguish from two sep-
arate images, these changes are, however, more prominent if the images structural
outline are placed on top of each other. This is done with blending, meaning that
the resulting image is created pixel-by-pixel by computing a weighted sum of the
corresponding pixel intensities in the two source images. Additionally, each image
is undistorted and padded with zeros where data is lost as a result of undistortion
or sub-optimal pose.

The nominal image in Figure 3.1a is used as the target view, to which the test data
should be aligned, both for synthetic and real images.

4.3.1 Synthetic images

A synthetic image taken with pose [—1,—3,2,—2,—3, 3] is used as a source view.
The resulting blend with the nominal image without transformation can be seen in
Figure 4.8a, and the transformed using the relative and Absolute Method are found
in Figure 4.8b, 4.8c respectively.

As a result of the image-blending the initial image in Figure 4.8a appears blurry
due to an overall misalignment in the visual features in the interior. From viewing
this image it is clear that the image consists of two separate images placed on top
of each other.

Figure 4.8b and 4.8c shows that both estimates re-aligns the images well. In these
two images, the depicted objects from the two views appear to align well. In contrast
to Figure 4.8a, in these images it is hard to distinguish one view from the other if
not for the edge of the second view appearing as part of the image.

4.3.2 Real images

The real image shown in Figure 3.3 is used as the source view for image-alignment.
The result of blending this with the nominal synthetic image with and without any
transformation can be seen in figures 4.9, 4.10 and 4.11.

At first glance, the results found in figures 4.10 and 4.11 do not show any successful
re-alignments. However, this is mostly due to the dynamic objects such as seats and
cup-holders not being in the same position in the pictured 3D environments. For
a more proper re-alignment result, the focus should instead be on static objects in
the view, such as the center console and door-handles. As an example of this, see
Figure 4.12 for a zoomed-in view of the center console between the non-aligned and
re-aligned blend of the synthetic and real car data.

Figure 4.12b shows that the center console aligns well across the two images after
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(a) Undistorted blend of two synthetic
images with no transformation.

(b) Undistorted blend with one image (c) Undistorted blend with one image
transformed with the relative rotation es- transformed with the absolute rotation
timate. estimate.

Figure 4.8: Three figures displaying the blended alignment of two synthetic images
with and without transformation.
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Figure 4.9: Blend with no transformation.
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Figure 4.10: Blend with the real image transformed with the relative rotation
estimate.
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Figure 4.11: Blend with the real image transformed with the absolute rotation
estimate.

(a) Without re-alignment. (b) With Relative Method’s re-
alignment.

Figure 4.12: Zoomed-in view of the center console with and without re-alignment.
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the re-alignment. This is especially prominent in the far horizontal edge, where this
edge occurs two times in Figure 4.12a, this is however not the case for the re-aligned
version as that has one consistent edge.

This was just one example of several static objects that appear well aligned in figures
4.10 and 4.11, another would be the door-handles. From these two images it can
furthermore be gathered that the Relative Method’s transformation seems to align
the two images better than the Absolute Method.

4.3.3 Image similarity score

In an effort to numerically evaluate how similar the transformed source image is to
the target image, three measures are evaluated as mentioned in Section 3.5.3. An
undistorted version of the synthetic nominal image is used as a reference image for
this evaluation. The same real and synthetic images as per the previous section are
reused as source-images for this evaluation, also these undistorted. The result of
this evaluation can be seen in Table 4.11 and 4.12.

Table 4.11: Table showing the image similarity scores with the best scores ex-
pressed in bold text. An undistorted version of synthetic image with pose [-1,-3,2,-
2,-3,3] is used as source image.

Dataset MSE | LPIPS | SSIM
No transform 0.029 | 0.316 0.731
Relative transformed | 0.021 | 0.122 | 0.763
Absolute transformed | 0.020 | 0.122 | 0.764

Table 4.12: Table showing the image similarity scores with the best scores ex-
pressed in bold text. An undistorted real image used as source image.

Dataset MSE | LPIPS | SSIM
No transform 0.049 | 0.378 | 0.546
Relative transformed | 0.050 | 0.375 | 0.547
Absolute transformed | 0.051 | 0.381 | 0.539

For the transformed synthetic image as source image as part of Table 4.11, all
measures indicate that the re-alignment produced by both methods make the image
more similar to the nominal counterpart. The only measure that shows a clear
indication of this is however LPIPS that decreases from 0.316 to 0.122, whereas the
other measures just show a small inclination towards this result.

Coherently the measures struggle to numerically express the differences between
non-transformed and transformed real image as shown in Table 4.12. The numerical
discrepancy between the best and worst result of each measure in this table is small,
making it difficult to draw any definitive conclusions. With the two images depicting
interiors with multiple objects having different colors between them and also the
dynamic objects having different positions, this result is somewhat expected.
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Discussion and conclusion

This chapter summarizes the main results of the thesis and discusses their implica-
tions for the targetless camera calibration in vehicle interiors. The applicability of
the proposed methods in real world scenarios is discussed. Finally, the main lim-
itations of the work are discussed, and suggestions for future research and further
development are presented.

5.1 Project summary

This thesis addresses the problem of performing camera calibration without the need
for specific calibration targets. The thesis showed how large reprojection errors can
be expected if no calibration is performed. These results are based on expected
variations in virtual camera pose originating from tolerances in the camera mounting
position in the ranges +3° and +3 mm in rotation and translation, respectively.
Without any adaptations to the camera projection, i.e. without using any calibra-
tion method to estimate and then model the extrinsic parameters , the mounting
variations will result in different 3D objects appearing in the same place in the im-
age for different vehicles. This complicates computer vision tasks such as object
classification and detection using tools such as bounding boxes in the image. Since
the position of the boxes is often fixed in the image, the content of the box may
vary due to the variation in mounting position.

This could result in a bounding box that is larger than necessary, modeling the high
uncertainty of its position. This could lead to a bounding box that encapsulates
multiple positions in the car, resulting in incorrect detections. The bounding box can
also be smaller than sufficient, resulting in detections escaping the correct bounding
box to another, or detections being left out entirely.

To solve the camera calibration problem, two methods were developed. Both im-
plementations are targetless and rely strictly on software, requiring no manual in-
tervention in the current production line to perform the calibration. What they do
require, however, is either one or two reference images, for the relative and Absolute
Method respectively.

Both methods require a nominal image. This image can either be a true nominal
image, meaning that it is positioned in a nominal known pose. It can also be an
image with an assumed nominal image, meaning that its coordinate system and
view is the reference for all downstream cameras, etc. The second method requires
one additional image, the pose of this second camera should have a substantial
change in its position in relation to the nominal camera, while still viewing the
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same unobstructed scene. The size of the translation used for this thesis is > 50
mm and is purely a guideline derived from the results found in Table 4.4, which
show that triangulation is more accurate for larger translations.

For both development and evaluation of the two methods, synthetic data was used.
This synthetic data was collected using a simulated model of the real car in a Unity
environment. The synthetic data enabled data collection with known camera poses,
which was later used as the aforementioned reference images and for evaluation.
In addition to the synthetic data, the two methods were evaluated on real data
originating from two unique vehicles of the corresponding make and model.

Three different evaluation strategies were applied to the two methods. The first
evaluation method consisted of comparisons between ground truth poses and esti-
mated poses on sets of synthetic data. This was followed by point mapping error,
covering two typical metrics used within the field of camera calibration, the repro-
jection error and sampson distance. The estimates from the two methods were used
to realign images, and the result is visualized and evaluated using popular image
similarity metrics.

5.2 Main findings

This thesis has demonstrated that camera pose estimation from a single snapshot
of a vehicle interior is feasible; however, the robustness of the resulting estimate
depends on which DOFs are considered. Both proposed pipelines were able to ac-
curately estimate rotation on synthetic data, but translation was significantly more
challenging.

Among the evaluated feature extraction and matching approaches, the combination
of SuperPoint and LightGlue was found to give the most accurate and reliable pose
estimates.

Both estimation methods showed strong performance on synthetic data. For the
dataset of transformed images, they reduced the mean reprojection error from 51.2
pixels to 5.4 pixels and 3.5 pixels for the relative and absolute pose estimation meth-
ods, respectively. On real data, the Relative Method achieved superior performance,
in terms of reprojection error, on the two available real images. It approximately
halved the reprojection error for both images, whereas the Absolute Method pro-
duced a noticeable reduction in reprojection error for only one of the images.

5.2.1 Rotation estimation

Rotation estimation was the strongest part of the estimates regarding both methods.
On the synthetic dataset, the methods exhibited very similar performance, result-
ing in an euler MAE of 0.09° for the Relative Method and 0.10° for the Absolute
Method. The geodesic error was 0.07° for both methods. The same tendencies were
observed on the natural dataset, where the Relative Method achieved marginally su-
perior performance. However, both methods can be concluded to estimate rotational
parameters with high accuracy on the synthetic data.

For the synthetic rotation dataset, both methods substantially reduced the repro-
jection error. Specifically, the reprojection error decreased from 49.96 px to 4.07
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px and 3.54 px for the relative and Absolute Methods, respectively. This indicates
that, given a set of 2D image points and their corresponding 3D world points, the
2D projections of the 3D points more closely match the observed 2D image locations
after calibration. This implies that the estimated camera parameters provide a more
accurate explanation of the object’s position in the image following the calibration
procedure.

The reprojection error of around 4.07 px and 3.54 px is very close to the reprojection
error retrieved using the ground truth rotation, which is 3.73 px. This indicates
that a significant part of the error from the estimates comes from measurement
noise for the reprojection error measurement. The noise most likely stems from the
localization of the landmarks. The features detected by SuperPoint are not always
detected on the exact same location in the image each time. This localization noise
is due to how the network is constructed and is acknowledged by the authors of the
SuperPoint paper [20]. Crucially, this magnitude does not imply a systematic bias
of 3.73 px across all detections, which would severely degrade the performance of
the estimator. Assuming the localization noise is zero mean and isotropic, the law of
large numbers dictates that given a sufficiently large set of feature correspondences,
the directional errors converge to zero during optimization. This means that a small
set of correspondences based on the landmarks dataset, is more sensitive to noise
than all correspondences found from two car interiors. Furthermore, to mitigate
the impact of statistically significant deviations, both estimation pipelines employ
outlier rejection schemes in form of MAGSAC++.

The observation that the ground truth rotation yields a slightly higher reprojection
error than the Absolute Method is not necessarily unexpected. The reprojection
error is computed using both the camera extrinsics and the intrinsics. Since the
same intrinsics are used during pose estimation and evaluation, any inaccuracies in
the intrinsic calibration may be partially compensated for by the estimated extrin-
sics. As a result, an estimated pose that is incorrect may be estimated as it can
compensate for errors in the intrinsic model. Conversely, even though the ground
truth rotation represents the correct physical orientation of the camera, projecting
points with imperfect intrinsic parameters can lead to a higher reprojection error.
Therefore, a lower reprojection error does not necessarily imply a more accurate
pose in terms of true extrinsics. A reprojection error close to that of the ground
truth does, however, indicate that the estimated extrinsics are close to the ground
truth extrinsics.

5.2.2 Translation estimation

Estimating the translational components proved challenging for both estimation
methods. Specifically, resolving the small translational offsets arising from the in-
herent mechanical tolerances of production vehicles presented a significant difficulty.
For this small translation dataset, the Relative Method resulted in a larger error
than the baseline error, i.e. the average error that is caused by the random transla-
tions. The Absolute Method performed significantly better and was able to estimate
translation with approximately millimeter-level accuracy. This method managed to
reduce the mean error from 5 mm to 1 mm.
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While this constitutes a substantial improvement over the baseline, the relative gain
was less pronounced than that observed for the rotation estimates. The inferior
performance of the Relative Method is primarily attributable to the minimal per-
spective change between the nominal and actual camera poses, since this change is
negligibly small in comparison to the distance to the points of interest.

This minimal change in perspective is also reflected in the reprojection error evalua-
tion. For the synthetic translation dataset, the baseline reprojection error was 3.92
px, as opposed to the 49.96 px of the rotation dataset. This demonstrates how much
more of a difference the changes in rotations make to the pixels of the images than
the changes in translation. This reprojection error was reduced to 2.56 px using
the Absolute Method, whereas the Relative Method did not manage to decrease the
error, and instead produced an error of 4.00 px. This points in the same direction
as the ground truth comparison results, that show that the Relative Method cannot
reliably estimate translation, but the Absolute Method can.

5.2.3 Translation vector scaling of the Relative Method

The poor translation performance of the Relative Method was further investigated by
isolating the effect of the translation vector and its scaling. Since small translations
cause only minor visual changes, the estimated translation vector is both difficult
to recover and sensitive to errors in triangulation. To test whether the translation
estimate was the main source of error, an additional experiment was performed in
which the Relative Method was used with the translation vector fixed to [0,0,0]T.
This simplified variant reduced the reprojection error from 5.42 to 5.01 px on the
synthetic transformation dataset. A similar improvement was observed on real data,
where the error decreased from 7.45 to 6.91 px for real image 1, and from 9.04 to
8.91 px for real image 2. These results are summarized in Table 5.1.

Table 5.1: Reprojection error for the Relative Method with translation estimate
and with translation set to zero.

Data Baseline (px) | Relative Method (px) | Relative Method t=0 (px)
Real image 1 | 20.31 9.04 8.91
Real image 2 | 16.42 7.45 6.91
Synthetic 51.21 0.42 5.01

By omitting the translation vector, the Relative Method is made much more com-
pact and simple, see Figure 3.6 where the entirety of the yellow box is omitted.
Furthermore, this also makes the method more robust, since it is not dependent
on the sensitive triangulation. Indeed, it does result in a system with all of the
above attributes while also outperforming the original Relative Method in terms of
reprojection error.

5.2.4 Comparison of the estimation methods

The translation accuracy is the biggest difference between the methods. The Rel-
ative Method estimates the pose difference between two images, given that one of
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the image is from a camera with a nominal pose, the other camera can be calibrated
to this pose. Its main advantage is that it is simpler and only requires one nominal
reference view. Its main weakness is the translation scaling, which does not work
well on small scales. This scaling also adds complexity to the method, since it needs
a database of points with known distances between them and a way to find two of
these points. This requires more manual labor and input.

The Absolute Method uses an additional camera view with known pose to trian-
gulate world points and then estimate the pose of a third camera using 2D-3D
correspondences. This results in this method estimating translation much better
than the Relative Method. The disadvantage with this method is that it requires
more setup. For the Relative Method, a real image could be used as the nominal
camera pose. This is much harder for the Absolute Method. For that to be used
in the Absolute Method, there would have to be a second camera with a (to a very
high accuracy) known pose in relation to the mounted OMS camera.

5.3 Real world applicability

Much effort has been invested both during development and evaluation for the two
methods to be robust and invariant to differences in color and lighting. An exam-
ple of such a measure is the pre-processing step in the Relative Method where a
luminance normalization function and sharpener is applied to the image.

The goal of the thesis was to produce a calibration method that was ready for
use both in the production line and after production. Some results support the
belief that the two suggested methods satisfy this, and some results indicate that
they do not. Below follows some aspects and viewpoints concerning the real world
applicability given the results.

5.3.1 Real data evaluation

To investigate how well the two methods would function in the real world, tests on
real data were conducted as per the last chapter. The real world evaluation was
performed on images from two unique vehicles limiting the strength of the possible
conclusions that can be drawn from them.

With this mentioned, the Relative Method produced lower point mapping error than
the Absolute Method, and a smaller reprojection error than the baseline on both
images. This indicates that the Relative Method is superior to the Absolute Method
and also the baseline of not performing any calibration on real data. Furthermore,
in terms of the Relative Method outperforming the baseline on both synthetic and
real data, this shows that the Relative Method is not severely negatively affected by
the switch from synthetic to real data.

The point mapping results on real data exhibit a steep decline in performance for
the Absolute Method, which on the synthetic data performed comparatively to the
ground truth pose and outperformed the baseline and Relative Method in reprojec-
tion error. On the real data however, the Absolute Method performs worse than the
baseline on one of the images and slightly better on the other.
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The image re-alignment test shows a similar result where the visual part of the test
shows that the re-alignment using the relative estimate seems to align the two images
better than the absolute. This is also shown with the image similarity metrics even
though the differences in the result is not significant.

The general suprising theme with the real data evaluation is the steep decline in
performance of the Absolute Method. This method either performs comparatively
or outperforms all others on all synthetic data tests, but for the real data, it does not.
It instead performs significantly worse than the Relative Method. It is important
to add, however, that this conclusion is based on two images, which makes it hard
to conclude that this would be a general fact.

Both methods rely on SuperPoint and LightGlue for feature extraction and match-
ing. A significant decline in performance for both methods would indicate that
these two methods struggle to accurately locate good matches across the different
datasets. This is not the case, but the Absolute Method does have a slightly dif-
ferent matching problem than the Relative Method. The Absolute Method has to
match the features between three different images, meaning the Absolute Method
normally relies on fewer matches.

Furthermore, for evaluation, the features of all landmarks are excluded from the
estimation. As previously mentioned, the landmarks are selected on clearly identifi-
able static features which would also be optimal for estimation. This may result in
too few good features for the iterative solver to use in order to accurately estimate
the pose, resulting in a inferior estimate.

Additionally, the estimated pose from the real vehicle, results in a large translation
(> 30 mm) along one of the axes. This could be a bad estimate, but it could
also show that there is a discrepancy between the model and the actual car. This
discrepancy could be that the camera in the simulated car is positioned differently
than the camera in the real car. But it could also be explained with the geometry
within the interior being different. None of these two aspects are within the scope
of this thesis to evaluate.

In order to further investigate this and draw strong conclusions, more real data
would be necessary. However, for the available results and data, we believe that the
Relative Method is ready for real world use. Whereas the real world applicability
is uncertain for the Absolute Method. Further investigation and troubleshooting on
more data would be needed to make any conclusions.

5.3.2 Lighting conditions

The project suffered from a small dataset of real images taken in different environ-
ments. As a result of this, it was unclear how the lighting affected the imagery and
thus also the features and the estimation results.

To counter this knowledge gap, a worst case-scenario-dataset was created which was
called 'Natural lighting’ and this was used to evaluate the methods. This evalua-
tion did not expose any direct flaws with any of the methods, although the overall
performance on it was slightly worse than the original synthetic dataset.

This evaluation was later proven to be less insightful, since post-development, we
received more real data with different lighting conditions, a summary of this data
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can be seen in Figure 5.1.

This real data shows that the worst case dataset was beyond worst case, since the
real data shows no exaggerated changes in luminance dependent on its surroundings.
Instead, the luminance level seems fairly consistent over the four images, even though
the exterior light setting changes.

However, the results of applying the methods on the natural lighting dataset could
hint at the pipeline also does work for combinations of IR and RGB cameras, in
terms of a reference image from an IR camera being used to extrinsically calibrate
a RGB camera.

(a) Garage setting with an unknown (b) Car outdoors with natural lighting.
lighting condition.

(c) Garage setting with no lit exterior (d) Garage setting with lit exterior light-
lighting. ing.

Figure 5.1: Four images demonstrating different lighting conditions from the real
car.

5.3.3 Production-line considerations

Even though this thesis has not investigated or tested a traditional calibration ap-
proach of utilizing dedicated calibration targets within the vehicle’s interior to per-
form extrinsic camera calibration, it is deemed reasonable that the result of one of
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these methods would outperform or equal that of the two presented methods. The
belief is however, that this solution would not be sought after by neither Volvo Cars
or the scientific community.

A traditional approach with calibration targets in the interior camera calibration
case, would most probably require a specially built station in the production line.
A hypothetical implementation of this calibration-station would place the targets in
known poses relative the car frame and then perform a traditional PnP calibration
routine similar to what was presented in Section 3.2. This would be applicable to
future cars, but it could not be implemented in cars that are already in production,
if not additional stations external to the production line were built.

With neither of the methods requiring any adaption to the current production line,
the two calibration methods functionality can be readily applicable within and be-
yond a well-established production line. And since both methods solely rely on
software, these calibration methods could theoretically be uploaded to the vehicles
as a part of an over-the-air update. Furthermore, as shown in Section 5.3.2, dif-
ferent exterior lighting conditions does not seem to affect the imagery significantly,
enabling the calibration to be executed from wherever the vehicle is parked. This
enables the same calibration technique to be deployed for both future and past cars
of the intended model. One limitation that have been recognized with both cali-
bration techniques is that humans seated in the calibrated vehicle may obstruct the
view to an extent that not enough features are retrieved.

As mentioned, the two proposed methods does not need any hardware to function.
They do, however, require reference images. This thesis has used synthetic imagery
as reference, but these could be replaced with real images as long as the pose of
the originating camera is either known or assumed to be nominal. This is especially
useful for the Relative Method that only relies on one of these images. For the Ab-
solute Method to utilize real imagery, the transformation between the two reference
images must be known, making real images slightly harder to implement for this
method than its counterpart.

Additionally, since both methods only require reference images, the method is gen-
eral, allowing the method to be applicable to other possible vehicle models as long
as the correct reference imagery is acquired. The method is also not limited to cars
or the car’s interior, instead it could be used on any scenery that does not suffer
from too few identifiable features. This since the two methods rely on a minimum
of five and three reference points for the relative and Absolute Method respectively,
to compute any estimation.

5.4 Limitations

This paper is written as part of a master’s thesis project, and thus inherently ex-
periences limitations in form of resources. The work had a duration of 20 weeks
and all work was done by two master’s students. With these conditions, it limits
the number of solutions and implementations that is possible to experiment with.
It has also resulted in a prioritization of immediately promising methods over other
that require further work and tuning. Below follows three sections that cover how
the aforementioned limitations and others affected the results of this project.
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5.4.1 Data deficiency

As part of this thesis, the authors had access to a model of the car within a Unity
game engine environment. Using this model, scripts to automatically gather data
across varying camera poses, efficiently generating large datasets were developed.
This allowed for ground truth pose evaluation and rigorous testing of the two point
mapping errors which are outlier prone.

However, this project had a large deficit on real data from unique vehicles. As a
result of this, both the development and evaluation was affected. For the develop-
ment, this led to precautions and general choices that may not have been necessary
as mentioned in Section 5.3.2.

Regarding the evaluation, few unique real data-samples were provided to us. This
limited the evaluation covering to what extent the performance of the two methods
was transferrable from synthetic to real data, which was mentioned in more depth in
Section 5.3.1. In this section we conclude that the Relative Method seems to estimate
the pose reasonably well on the available data but the Absolute Method does not.
Which is an unintuitive result since the latter method perform better than or equal
to the former in all other measurements. With more data this could be investigated
further, and both methods estimate could be evaluated on more unique vehicles with
different colored interiors, better representing the entire vehicle lineup. This would
increase the certainty that the estimates work for most cars of the intended make
and model, which cannot be done with the data available.

5.4.2 Landmarks exclusion

For the ground truth comparison in Section 4.1, all detected features were used when
calibrating the camera. This was not the case for the later sections in the result
where all features matched to a landmark were excluded from the calibration. This
ensured that the evaluation was not biased in terms of optimizing and evaluating
on the same image points.

However, as previously mentioned, this may have negatively impacted the estimate,
especially on real images. When two synthetic images are compared to each other, all
dynamic objects such as seats are in the same position. This makes it sustainable to
use features on these dynamic objects and also static ones when estimating the pose.
When comparing synthetic to real, the dynamic objects are positioned differently,
making the outlier rejections exclude them from the estimate correctly. However,
this makes the estimate heavily dependent on the features from the static objects.
With the implementation of landmark exclusion, it is therefore reasonable to expect
a decrease in performance in the estimate. This leads to an indirect measurement
error, since the system performs bhetter when the estimate is not evaluated.

How much this landmark exclusion affects the estimate cannot be measured directly.
If more time was available, a starting point would be to exclude the landmarks for
the ground truth comparison, and compare the results with and without landmark
exclusion. However, this may not show any significant decrease in performance
since the synthetic data is not as reliant on the static features corresponding to the
landmarks as mentioned above.
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5.4.3 Intrinsic calibration assumptions

Although a method of performing intrinsic calibration is presented as part of the
method chapter, the authors have not intended to investigate such a calibration
method in depth. This calibration was performed purely to establish non-distorted
geometries from image points which enables the pose estimation calculations.

The calibration was performed on two separate real vehicles, resulting in two results
with what was deemed an insignificant discrepancy between each intrinsic measure.
From this, the values retrieved from the two calibrations have been used alternatively
to evaluate whether one is better than the other in terms of decreasing errors seen
in the real car evaluation. No such clear indication has been found, and thus both
sets of intrinsic parameters are assumed to be representative for the entire lineup of
cars with the same camera.

However, in strict terms, this assumption is probably incorrect, and the extrinsic
parameters could be estimated more accurately if the correct intrinsic parameters
were known for each camera. How much difference this actually makes spanning
a large set of unique vehicles is unknown. The inclusion of intrinsic parameter
estimation is mentioned as a part of the future work of this thesis.

5.5 Research questions

The answer to the research questions is presented in this section. The research
questions are the following:

1. To what extent can state-of-the-art feature extractors and matcher reliably
establish correspondences across varying vehicular interior environments?

2. What quantitative accuracy can be achieved using the proposed targetless cal-
ibration pipeline, and how does this compare to relying solely on the camera’s
uncalibrated nominal pose?

3. To what extent is the proposed calibration pipeline suitable for scalable de-
ployment in automotive production environments?

5.5.1 Question 1

The results show that state-of-the-art learning-based feature extraction and match-
ing methods can reliably establish correspondences across varying vehicular interior
environments, both between simulated and real images. In particular, SuperPoint
together with LightGlue consistently outperformed traditional approaches in both
the quantity and quality of correspondences.

The results of the Absolute Method and the Relative Method in Section 4.1 showed
that enough qualitative matches were acquired to establish correspondences between
the simulated images using SuperPoint and LightGlue. This can be seen in Table
4.5. What is further prominent in this table is that the same relative pipeline
using state-of-the-art feature extractor and matcher succeeds where the traditional
approaches fail. This is shown with the difference in MAE of the Relative Method
using the combination of SuperPoint and LightGlue versus any other combination
of feature detector and matcher.
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The reprojection error for the real images further shows that a satisfactory amount
of accurate matched features is established for the Relative Method to reduce the
reprojection error for both images. Meanwhile, it may also display that a sufficient
number of correspondences cannot be established for the Absolute Method to work
accurately, at least not after landmarks exclusion.

The amount of correspondences found with the different detectors and matchers has
been evaluated and the results can be found in Appendix B. From this evaluation,
it is clear that SuperPoint together with LightGlue can reliably establish corre-
spondences across varying vehicle interiors. For the simulated image, this method
produces the highest number of matches, but the other methods also manage to
produce a lot of matches. The SuperPoint 4+ LightGlue method is alone, however,
in reliably being able to produce matches for the real images. This method produces
on average 1413.38 and 671 matches for the synthetic transformation images and
real images respectively.

5.5.2 Question 2

The proposed targetless pipeline clearly improves the camera pose estimate com-
pared to relying on the uncalibrated nominal pose, but the improvement depends
strongly on whether rotation or translation is considered. On synthetic pure rota-
tion data, the baseline has a geodesic MAE of 3.33°, whereas the Relative Method
achieves a geodesic MAE of 0.07°) and the Absolute Method a geodesic MAE of
0.07°.

For the synthetic translation dataset, the baseline error is 5.16 mm. Using the
Relative Method, this is increased to 5.29 mm, which is likely due to the transla-
tion vector scaling problem mentioned earlier. The Absolute Method did however
decrease this error to 1.04 mm.

The reprojection error for the synthetic transformations dataset has a baseline pixel
error of 51.21 pixels. This is reduced to 5.42 pixels using the Relative Method and
3.46 pixels using the Absolute Method. This demonstrates that the targetless cali-
bration greatly improves the reprojection error for synthetic data over the baseline.
For the real data, the baseline is on average 18.4 pixels for the two images. This is
reduced to an average of 8.2 pixels using the Relative Method and 16.7 pixels using
the Absolute Method. The Absolute Method does not manage to reduce the error
for both images however, producing a larger error for image 1. This shows that
the Relative Method manages to significantly reduce the reprojection error over the
baseline. This improvement is important to enable accurate detection using the
OMS camera.

5.5.3 Question 3

The proposed methods show strong potential for scalable deployment in automo-
tive production environments. In contrast to traditional calibration approaches re-
lying on physical calibration targets, both presented methods are fully targetless
and software-based. This removes the need for additional calibration hardware and
dedicated calibration stations. This enables the same calibration method to be inte-
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grated both within and beyond the production line. This software implementation
further enables the possibility of recalibration after production, for example through
service procedures or over-the-air software updates.

The Relative Method has on available real data showed that it more than halves the
reprojection error over the baseline of assuming the camera is positioned according
to a nominal pose. On the same data, the Absolute Method has shown mixed results.
To prove either of these two methods operational enough to be implemented in a
production line, further evaluation has to be performed on a larger dataset of images
from real cars.

5.6 Future work

This section covers topics and problems that are deemed interesting by the authors
to further investigate provided more available resources.

5.6.1 Real data collection

Before implementing any of the two suggested pipelines for production use, they
need to be evaluated on more real data. This data will allow for deeper insight
into many vital parts of the final results. These being, the lack of performance of
the Absolute Method on real imagery, the robustness and performance of the two
methods, and how well the tolerances in the synthetic data are represented in the
real world.

Suggested future work would be to perform the point mapping error evaluation on
a larger real world dataset. This could also be done with and without landmark
exclusion to see how this affects the result.

5.6.2 The translation estimation of the Relative Method

Due to limitations in time and resources, the implementation of the translation vec-
tor scaling was slightly lackluster. The original results from the non-scaled trans-
lation estimate implementation on the synthetic translation data showed that per-
forming this estimate is not trivial. With the estimate being nowhere near the
ground truth in many samples, not only in magnitude, but also in direction. These
results have affected the amount of resources later invested in the vector scaling.
To perform the vector scaling, a dataset called Landmarks was created. From these
landmarks, any two points where the real world distance between them is known
could have been used. However, the final implementation made use of two specific
landmarks, these being the two positioned in the rear seat in Figure 3.15. These
were chosen since they showed high repeatability in terms of feature matching. With
this said, they were not found at all times, which led to a non-scaled translation
vector for those samples. Furthermore, the landmarks matching was performed with
a brute-force matcher, which struggled to match features over synthetic to real and
also between the two real images.

The matching from synthetic to real was solved by the authors creating two sets
of landmarks, one for the synthetic dataset and one for one of the real images.
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The matching between the two real images was never solved, leading to insuffi-
cient matches and no scaling for the second real image. With the current setup of
brute-force matcher, a set of landmarks would most certainly have to be created for
numerous types of different colored interiors.

The suggested future work would be to implement the LightGlue matcher for the
landmarks matching, since this can mitigate the problem of matching features orig-
inating from different colored interiors. It would also be beneficial to implement
more landmarks in the matching process, this would allow for an iterative process
choosing which two landmarks were found and the appropriate real world distance
for the scaling factor to be computed. This would render a more robust translation
vector scaling, and a more accurate translation vector in terms of magnitude than
was originally shown in this thesis.

5.6.3 Intrinsic camera calibration

As mentioned in limitations, the intrinsic parameters gathered from the calibration
in Section 3.2, were assumed to be representative for all imagery. Since the main
objective of the thesis was to determine the extrinsic parameters, this was a natural
limitation.

The intrinsic calibration has been performed on two unique real vehicles, where the
end result displayed a difference in the parameters. This difference did not generate
any significant differences in terms of the reprojection error on real data, and thus
one set of parameters were used for all other evaluations. However, it can still be
considered to be of interest. In Chapter 2.2.1, it was mentioned that there may
be a possibility of extending the Absolute Method to also estimate the intrinsic
parameters. This is because the method provides all information required for this
calibration, namely the 2D-3D point correspondences.

The idea is to follow the matching procedure used in the current Absolute Method.
Using the image points originating from the two reference images, these points would
be undistorted and used to triangulate 3D object points. Further, by entering these
object points and the distorted image points from the un-calibrated camera into
an entire camera matrix estimator, the extrinsic and intrinsic parameters should be
possible to estimate.

Estimating the entire P matrix, enables more degree of freedom in terms of possible
configurations responsible for such a projection, which could result in a less accurate
estimate for the extrinsics. The future work could investigate this idea further,
evaluate how well this works, and if this results in a trade-off between accurate
estimation of one set of parameters or an approximate of both.

5.7 Final conclusion

This thesis demonstrates that targetless extrinsic calibration of an interior OMS
camera from a single snapshot is feasible using repeatable interior features.

Across experiments on synthetic data, both proposed pipelines achieve a very high
rotation accuracy, while translation estimation is substantially more challenging at
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production scale tolerances. The Absolute Method provides the strongest transla-
tion performance on synthetic data, whereas the Relative Method shows the most
consistent improvement over the nominal baseline on the limited real vehicle evalu-
ation.

Overall, the results support software only, targetless calibration as a scalable ap-
proach for interior sensing, with further real world validation identified as the pri-
mary remaining step.

As a final suggestion from the authors to Volvo Cars, the most promising pipeline
to implement with minimal additional development, is the Relative Method assum-
ing zero translation. Within the expected mounting tolerances, translation induces
comparatively small image displacement while being difficult to estimate robustly.
By excluding the translation vector scaling of the Relative Method, the pipeline
becomes simpler and more robust, while maintaining comparable results in terms of
reprojection error.
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B

Comparison of feature matchers
and extractors

Three different combinations of feature extractors and matchers were compared
using differences between the nominal image and both real and simulated images.
The methods compared were ORB together with a Brute Force (BF) matcher, SIFT
together with a BF matcher and SuperPoint together with LightGlue. The number
of matches and the number of MACSAC inliers for estimating the essential matrix
were recorded. The results for a simulated image with the transformation [2,3,-2,-
1,2,3] are presented in Table B.1. It is clear that ORB + BF performs much worse
than SIFT 4 BF and SuperPoint + LightGlue. Both of these methods perform
similarly in terms of matches but Superpoint 4+ LightGlue produces twice as many
MAGSAC inliers. The 50 first matches from the SIFT 4+ BF method and SuperPoint
+ LightGlue method for the same simulated image is shown in Figure B.1.

Detector Raw Inliers
ORB + BF 193 83
SIFT + BF 1180 212
SuperPoint + LightGlue 1442 429

Table B.1: Comparison of detector matching results for a simulated image.

The same results are also gathered for a real image. These results are presented in
Table B.2. This matching scenario is much more challenging and therefore produces
much fewer matches. ORB + BF produces too few matches that are MAGSAC
inliers for this to be a reliable method. Both ORB + BF and SIFT + BF creates a
lot of faulty matches, while SuperPoint + LightGlue produces much more consistent
matches. This is illustrated with the drawn matches in Figure B.2.

Detector Raw Inliers
ORB + BF 119 8
SIFT + BF 953 46
SuperPoint 4+ LightGlue 651 69

Table B.2: Comparison of detector matching results for a real image.

The SuperPoint + LightGlue method produces on average 1413.38 and 671 matches
for the synthetic transformation images and real images respectively, it also produces
417.75 and 75.5 MAGSAC inliers for the synthetic transformation images and real
images respectively.
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B. Comparison of feature matchers and extractors

(b) Drawn matches for SuperPoint + LightGlue.

Figure B.1: Drawn matches between the first 50 matched points.
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B. Comparison of feature matchers and extractors

(b) Drawn matches for SuperPoint + LightGlue.

Figure B.2: Drawn matches between the first 50 matched points.
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