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Abstract

Autonomous driving has the potential of increasing traffic safety and enabling greater
automation in our society. These systems rely on high precision sensor data, not
the least from cameras, in order to detect and map out the environment around a
vehicle. In doing this, knowledge about how the sensors are mounted is of crucial
importance. This is typically calibrated in a static rig upon manufacturing a vehicle,
but after driving for a while the orientation of sensors might change due to bumps
and vibrations, thus requiring regular recalibration.

This thesis presents an automated refinement method for the rotations of cameras
mounted on a car. There are four fisheye cameras with a wide field of view, that
together can be used to form a 360◦ view of the surrounding ground. This is what
you typically see on the display when parking a modern car. There are also three
regular cameras, of which one is looking forwards and two are looking backwards
but slightly to the left and right, respectively. Given images taken by the cameras
at the same time, we find pixel coordinates that correspond to the same real world
point for cameras with pairwise overlapping fields of view. Using this information we
then optimize all camera poses simultaneously, starting from an initial pose estimate.

The performance is evaluated by two criteria. Firstly, we consider the surround
view images that are created by stitching together fisheye camera images projected
onto the ground plane. Looking at the overlap between cameras, the alignment
of e.g. lane markings and shadows in the ground plane indicates the quality of a
calibration. Secondly, we manually annotate point correspondences for each over-
lapping camera pair in each scenario. These are used to calculate a quantitative
error metric, essentially telling us how close the pixel coordinates are to actually
originate from the same real world point for the given camera poses.

The results indicate that our method achieves an accuracy comparable to that of a
static calibration rig. This is a very promising result, since the time and space con-
suming rig calibration could possibly be switched for a calibration method that can
run while the car is driving. Additionally, the fisheye camera calibration appears to
achieve an accuracy comparable to other state of the art methods, while also being
applicable to a wide range of driving environments and allowing for other cameras
to be included in the calibration as well.

Keywords: Computer Vision, Extrinsic Calibration, Bundle Adjustment, Surround
View System, Fisheye Camera, Rotation Optimization.
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1

Introduction

Autonomous systems, including robots and self driving cars, are undergoing signif-
icant development in today’s society. When these systems are designed to operate
reliably, they have the potential to deliver substantial benefits, particularly in en-
hancing safety and enabling greater automation. To function effectively they rely on
sensors such as cameras and lidar, which gather real time data from the surround-
ing environment. This data is then processed to support decision making processes
onboard the system. The environment that is measured is often complex, non ho-
mogeneous and changes with time, highlighting the need for robust collection and
processing of data.

This thesis is conducted in collaboration with Zenseact, where efforts are being made
to create such autonomous driving systems for cars, thus requiring high precision
sensor data. One hurdle is that as the vehicles drive around, the orientation of
sensors may change, causing a discrepancy between how they were mounted in the
factory and their actual poses relative to the car. This rotation deviation may be on
the order of several degrees, which produces visible errors when stitching overlapping
fisheye camera images together. It also limits the accuracy of object detection and
localization for both fisheye and regular cameras.

The current method used at Zenseact to solve the extrinsic calibration problem is
based on [1]. It finds an optimal least squares solution to the hand-eye calibration
problem, i.e. for one camera at a time. The camera rotation is found by estimating
the motion through consecutive video frames. The method achieves an accuracy
comparable to solutions applying nonlinear optimization to a similar problem for-
mulation. However, it seems reasonable that one could increase both the accuracy
and speed of the calibration by combining data from several sensors to formulate a
joint optimization problem for the whole system.

This thesis aims to develop a multi sensor approach to the online extrinsic calibra-
tion. We do this by finding point correspondences between overlapping fields of
view for both fisheye and longer range cameras mounted on a moving car, and then
optimizing the camera poses such that the correspondences are the most likely to
originate from the same world point. Our calibration method outputs the rotation
of the cameras relative to the car body. The overarching goal was to develop a
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1. Introduction

fast and accurate calibration method, and that the overlapping fisheye images when
stitched together produce well aligned birds eye view images.

1.1 Research Questions

The main research questions to be answered are the following.

• How well does a multi sensor approach to fisheye camera calibration

perform, in terms of accuracy and convergence speed, compared to

the current online calibration method and pattern based calibration

stations?

• How can the accuracy of the calibration be evaluated in a reliable

way without the need for external measuring tools?

• How can data from other cameras be combined with data from the

fisheye cameras to make a joint extrinsic calibration, and what is

the performance of such a system?

1.2 Limitations

The following limitations are put on the method and scope of the project.

• The project only considers online calibration methods, i.e. ones that run when
the car is driving, as opposed to pattern based approaches such as placing
checkerboards around the car.

• We only optimize for the rotations of cameras, as the translations are assumed
to be fixed.

• We limit the calibration to refinement of a known initial estimate of the abso-
lute camera poses.

2



2

Theory

The method considered in this thesis is to a large extent based on standard tech-
niques from geometrical computer vision. These concepts are explained on a general
level in the first section of this chapter. We describe how real world 3D points are
projected to the image plane of a camera, and how to find the 3D point given two
such corresponding projections of the same point into different camera views. Then
we show how light is propagated through a fisheye camera lens, also describing the
radial distortion model used in this project. After that, some state of the art models
for finding point correspondences between images are presented. Then we discuss
bundle adjustment, a very central concept to this project, which is about optimizing
camera poses and 3D points in a scene simultaneously. In doing this one optimizes
over rotation matrices for the camera poses, and since these matrices have nine ele-
ments but only three degrees of freedom, we also reference work on a more compact
representation of rotations as well as their derivatives. Finally, some other literature
on extrinsic calibration of a surround view system is presented.
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2. Theory

2.1 Multiple View Geometry

The field of multiple view geometry mainly considers the geometrical properties of
3D objects being projected into 2D planes at different view points. This is usually
applied to camera images of real world objects. By finding coordinates (pixels) that
correspond to the same 3D point between such 2D images, one can both construct a
point cloud of the 3D environment and find the poses (position and orientation) of
the different view points (cameras). The results from this field can be used for lots
of different computer vision tasks, for instance camera calibration, visual odometry
and recreating/scanning 3D structures. The information in this section is based on
the book [2], which also provides an even more detailed explanation for the central
concepts of geometrical computer vision.

2.1.1 Projective Space

Consider the case in Figure 2.1. A camera placed at point C is pointing in the
direction (0, 0, 1)⊤ expressed in its own coordinate system (x, y, z)⊤. Now consider
a point q that lies in a plane orthogonal to the camera direction, which we for
now can think of as the image taken by the camera. This image a two dimensional
projection of a three dimensional space. The image is constructed by detecting
incoming light rays passing through the camera center C. This means that the
point q in the image may in fact originate from any point p along the ray from C

in the direction q − C. For this reason, the points p and q are equivalent in this
projective space since they project to the same point. Now assume that the point
q lies in the plane z = 1. We can get q from p by dividing by the third coordinate,
i.e. if p = (x, y, z)⊤ then q = (xq, yq, 1)⊤ = (x/z, y/z, 1)⊤. The point p is called a
homogeneous coordinate of (xq, yq)

⊤.

Figure 2.1: Visualization of projective space for a camera placed in C and pointing
in the direction z. Images captured by the camera are 2D projections of 3D space.
Thus, using a single image we only know the direction towards 3D points, but not
the distance to them. Therefore the points p and q are equivalent in the projective
space.
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2. Theory

Up to this point we have only considered points in the camera coordinate system.
Let’s instead look at how points X = (X, Y, Z)⊤ in some world coordinate system are
projected into the camera view. To get the coordinate x of the point X transformed
to the camera coordinate system we apply the camera pose matrix P =

[

R t
]

.

Here R ∈ SO(3) is a rotation matrix and t ∈ R
3 is a translation vector. This gives

x ∼ P

[

X

1

]

=
[

R t
]

[

X

1

]

= RX + t. (2.1)

The point is simply rotated by R and translated by t, using this notation. Also

note that
[

X 1
]⊤

is a homogeneous coordinate of the 3D point X. Now, to find
the camera pose in the world coordinate system we use the fact that the camera
center C in the world coordinate system is the origin 0 = (0, 0, 0)⊤ in the camera
coordinate system, i.e.

0 = RC + t ⇐⇒ C = −R−1t = −R⊤t. (2.2)

The rotation of the camera is the inverse of the rotation of points, i.e. R−1 = R⊤.

2.1.2 The Pinhole Camera

As for the actual images taken by the camera, there is a final step in the projection.
In a pinhole camera incoming light rays pass through a small hole at the camera
center C and end up on a sensor on the other side. The mapping from image plane
coordinates (x, y) in the plane z = 1 to pixel coordinates (xp, yp) are given by







xp

yp

1





 = K







x
y
1





 =







f 0 cx

0 f cy

0 0 1













x
y
1





 , (2.3)

where f is the focal length and (cx, cy) is the principal point. These are the intrinsic
(camera specific) parameters of the pinhole camera.

2.1.3 Triangulation

As we have already seen, given the projection of a 3D point X into one camera we
can only determine the direction of the point from the camera center. However,
if we can find the same point projected into a second camera, then we know that
the point should lie at the intersection of the two 3D rays, as visualized in Figure
2.2a. To find such point correspondences between images, one typically uses feature
extraction and matching methods, described later in this text. Because the matching
process has a limited accuracy and the images have a finite resolution, the rays will
in general not intersect. Instead the optimal solution is found at the closest point
between the rays, as illustrated in Figure 2.2b. If we then were to project the
triangulated point X back into the images, the reprojected point would differ from
the original image points.
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2. Theory

(a) The ideal case. The triangu-
lated point X is found at the in-
tersection between the rays.

(b) Solution with noise. The tri-
angulated point X is the middle
point where the rays are closest.

Figure 2.2: Triangulation of a 3D point X that has projected down to the image
points x1 in camera 1 with camera center C1 and x2 in camera 2 with camera center
C2.

Consider again the geometry of Figure 2.2b. If the distance from the cameras to the
point X is large compared to the distance between the cameras, i.e. ||X − C1|| ≫
||C2 −C1||, then a small deviation in matched pixel coordinates will result in a large
uncertainty in the translation to the point. The triangulated point may even end
up behind the cameras. For example, imagine that you take a picture of the sun,
move a couple of meters while keeping the direction of the camera fixed, and then
take another picture. The sun is very far away compared to the translation between
the camera poses, so it will project to the same pixel coordinates in both images.
For this reason, you can not use these images to estimate the distance to the sun.
Also, you can not find the distance you moved between the images only using this
information.
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2. Theory

2.2 Fisheye Camera Model

Fisheye cameras are characterized by a wide field of view (usually around 180o), and
consequently their distortion can not be modeled accurately using a pinhole camera
model. In this project, the method described in [3] is used for intrinsic calibration
of both fisheye lens and long range cameras. Since the wide field of view can not be
projected onto a finite image plane, we instead project the points onto a unit sphere
around the camera center. The geometry is visualized in Figure 2.3. For a 3D point
X we get the unit sphere coordinate xsphere = (xsphere, ysphere, zsphere)

⊤ by

xsphere = λP

(

X

1

)

, (2.4)

where P =
[

R t
]

is the camera pose matrix and λ is a constant, and then normalize

by finding λ such that ||xsphere|| = 1. From this we can calculate the radius r =
√

x2

sphere + y2

sphere and the inbound angle θ = arctan( r
zsphere

). Now we apply the radial

distortion model from [3] as

ρ(θ) = θ + k1θ
3 + k2θ

5 + k3θ
7 + k4θ

9, (2.5)

where k1, . . . , k4 are intrinsic parameters. The sphere coordinates are scaled by the
factor ρ

r
and then rescaled by the focal length and principal point, yielding the pixel

coordinates (xpxl, ypxl) as














xpxl = fx
ρ

r
x + cx

ypxl = fy
ρ

r
y + cy

(2.6)

in the captured image.

Figure 2.3: Radial distortion of the fisheye camera lens. In the fisheye camera,
incoming light rays bend towards the middle of the camera sensor, where larger
angles θ from the camera direction result in higher curvature. A pinhole camera, on
the other hand, does not change the angle of incoming light.
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2.3 Feature Extraction and Matching

Finding performant ways to match corresponding pixels between images is an active
area of research, and there are a lot of different methods proposed in the litera-
ture. The process is usually divided into two steps, feature extraction and feature
matching. The former is about extracting pixel coordinates and descriptors (a vec-
tor representation for the appearance of each keypoint) in individual images. The
latter is about matching corresponding keypoints between images. These used to be
purely algorithmic, such as the (still) widely used method SIFT [4], but nowadays
practically all research in the area is focused towards machine learning approaches.

A recently developed feature extractor is ALIKE [5] and its improved version ALIKED
[6]. Like previous methods it applies a convolutional neural network to the input
image, which outputs a score map and a descriptor map. The score map contains a
score for each pixel, representing the probability of the pixel being a keypoint. The
descriptor map contains a descriptor vector for each pixel. Unlike other methods
that simply choose the pixel with the highest score in regions of interest, ALIKE/A-
LIKED makes use of the score distribution in local score patches. For such patches,
the keypoint position is calculated as the sum of pixel positions weighted by the
softmax value of their score. In this way, the method is able to find features at
sub-pixel positions. It achieved similar or better accuracy compared to other state
of the art models, while being able to process several times as many frames per
second.

When it comes to high performance feature matching, there are a lot of different
methods, but one commonality is that they all seem to be based on machine learning
models. Some recent ones are LightGlue [7], DiffGlue [8] and OmniGlue [9]. The
accuracy is quite similar for all of these models, evaluated over general computer
vision tasks.
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2. Theory

2.4 Bundle Adjustment

As we saw in section 2.1.3 we can estimate the position of 3D points in the world by
triangulating point correspondences. We also stated that the rays originating from
the cameras in general do not intersect perfectly. Because of this, the projection of
a triangulated point back into the camera images will end up offset from the point
correspondences. A homogeneous 3D point X = (X, Y, Z, W )⊤ projected into a

camera P =
[

R t
]

with rows P k will end up at the image plane (z = 1) coordinates

(

P 1X

P 3X
,
P 2X

P 3X

)

. (2.7)

The distance between correspondences x = (x, y) in image plane coordinates and
reprojected points is called the reprojection error [2], which we can write as

∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

(

x − P 1X

P 3X
, y − P 2X

P 3X

)∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

. (2.8)

The total squared reprojection error for a system of cameras i = 1, . . . , m and 3D
points j = 1, . . . , n can be expressed as the sum

∑

i,j

∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

(

xij − P 1

i Xj

P 3
i Xj

, yij − P 2

i Xj

P 3
i Xj

)∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

2

(2.9)

of the individual errors. Bundle adjustment is the process of minimizing this en-
tity with respect to the camera poses and 3D points (and sometimes also intrinsic
parameters) simultaneously, i.e. solving the problem

min
{Pi},{Xj}

∑

i,j

∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

(

xij − P 1

i Xj

P 3
i Xj

, yij − P 2

i Xj

P 3
i Xj

)∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

2

. (2.10)

If the error follows a Gaussian distribution with zero mean, then this minimization
problem is equivalent to finding the maximum likelihood estimate [2]. Thus we can
find optimal camera poses and 3D points by solving a sparse, nonlinear least squares
optimization problem.
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2.5 Rotation Representations

Rotation matrices R in three dimensions can be defined by

{R ∈ R3×3 | RR⊤ = I, det(R) = 1}, (2.11)

i.e. orthonormal 3 × 3 matrices with determinant +1 [10]. This also means that
they have only three degrees of freedom, as opposed to the 9 matrix elements. Thus,
when optimizing directly over a rotation matrix there are additional constraints that
need to be enforced. Therefore it is common to use a different representation that
allows for unconstrained optimization.

Another way to represent rotations is through axis-angle parametrization, i.e. a
unit vector v ∈ R3 that specifies the direction of the rotation axis, and rotation
of an angle θ around that axis [11]. Since v is a unit vector it can be represented
by two numbers, and thus there is still only three degrees of freedom. However, an
even more compact parametrization is exponential coordinates given by the vector

v = θv =
(

v1 v2 v3

)⊤
. This relates to the rotation matrix R by the exponential

map
R = exp([v]×), (2.12)

where

[v]× =







0 −v3 v2

v3 0 −v1

−v2 v1 0





 . (2.13)

On the contrary, to convert R to axis-angle or exponential coordinates, we have

θ = ||v|| = arccos

(

trace(R) − 1

2

)

(2.14)

and provided that θ ̸= 0

v =
v

||v|| =
1

2 sin θ







R32 − R23

R13 − R31

R21 − R12





 . (2.15)

In [11], an expression for the derivative of a rotation matrix expressed in exponential
coordinates is derived, namely

∂R(v)u

∂v
= −R[u]×

vv⊤ + (R⊤ − I)[v]×
||v||2 . (2.16)

Using these results, one may directly use the three values of v for the state vector
to be optimized, providing a compact formulation for unconstrained optimization.
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2.6 Surround View System Calibration

There exists some literature specifically on extrinsic calibration of a surround-view
system, i.e. a system of fisheye cameras mounted on a vehicle. In this project only
online calibration methods will be considered, eliminating pattern-based methods
(like placing chessboards in overlapping camera views). A common online method
is to minimize the photometric error, meaning the intensity difference in the overlap
between images projected down on the ground plane. This is a reasonable method
in the sense that the application of the surround view system often is to produce
birds eye view images of the car surroundings. The photometric-based system in [12]
achieves good short range accuracy. However, it lacks in long-range accuracy because
of a limited pixel resolution in the ground plane [13], and for the purposes of this
project it would also be hard to combine the method with the long range cameras
that detect points further away from the vehicle. Because of this, it seems more
advantageous to develop a feature-based method, i.e. detecting points of interest in
the environment and either tracking them through time or finding correspondences
between images from adjacent cameras with overlapping fields of view.

One method that uses only feature correspondences from the overlap in fisheye
camera images is described in [14]. The article was published in 2014, before the
widespread usage of neural networks for feature matching purposes. Therefore fea-
ture matching in the high distortion fisheye images was an issue. They were able to
match features from objects far away, but had to project images to virtual views,
specifically in the ground plane, for features closer to the cameras. Thus the geom-
etry is approximated by a flat ground plane for close points and infinitely far away
points for all other features. Initial pose estimates were refined to get relative pose
measurements. Then they establish a common coordinate system to form estimated
absolute poses, and then refine these estimates. The results show a somewhat good
accuracy with a mean value of 0.55◦ error between the optimized poses and their
ground truth values. The method does however seem limited by the assumptions
about flat ground plane and points at infinity. Also, projected camera views typi-
cally require some interpolation between missing pixels in the new view, which might
have resulted in larger errors in the feature matching process.

There are some other articles using feature based methods, but they are typically
limited to special environments or require further information. For example, [15]
and [16] also use odometry data and do not make use of overlapping fields of view.
Another example is [17], in which the method is based on detecting lane markings in
fisheye images. The front and back fisheye camera poses are estimated first, followed
by the left and right camera poses, and then refinement of the estimates. They also
assume the lane markings to be parallel. This results in a quite general method,
and shows relatively good results, but it is still limited by the need for clear lane
markings.

Recently, the article [13] was published, proposing a method where the user is re-
quired to click on matching keypoints on the ground plane in images from adjacent
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cameras. It also takes as input the intrinsic calibration as well as an initial estimate
of the translation and rotation of the cameras. The optimization differs from regular
bundle adjustment, because the correspondences are projected to the (assumed flat)
ground plane, resulting in two 3D points in this plane for each matched pixel pair.
The objective function is then taken as the sum over distances between these points.
The method showed a high accuracy calibration on both short and long distances
in the birds eye view images. This indicates that using point correspondences in
overlapping fields of view can yield high performance calibrations.

The article [13] also highlights some limitations of using birds eye view photometric
error as an evaluation metric. Photometric error does not account for differences
in illuminations and exposure time for the cameras. Also, points that lie above
the ground plane are projected differently for different camera angles. This yields
errors dependent on the specific appearance of the three dimensional structures, that
should ideally not affect the outcome of the calibration. Instead the article proposes
the use of mean distance error, i.e. the average distance between pixels projected
back to the ground plane, and uses this for evaluation with some annotated points.
Overall the method seems interesting, but has limited applicability since it requires
manual clicking and only considers points in the ground plane.
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Method

The method is in large focused towards applying local optimization to the camera
poses in order to minimize the reprojection error for point correspondences in the
overlapping fields of view. The chapter starts with an overview of the camera setup
and data collection, and then describes the developed pipeline from start to end.
The first step is about finding point correspondences between images from the cam-
era pairs. These are undistorted to give the directions of the light rays relative to
the cameras. After that the undistorted points are triangulated using initial pose
estimates, and points that are too far away from the cameras are rejected. The
analytical expressions needed to calculate the residual (reprojection errors) and Ja-
cobian are derived, and are then implemented to run least squares optimization.
We minimize the reprojection error with respect to the camera rotations and the
position of the 3D points, starting from the CAD model rotations and the triangu-
lated points. The optimization is performed in several stages, each one lowering the
threshold of allowed residual lengths. Finally, the evaluation metrics are discussed.
Both the birds eye view images and reprojection errors of manually annotated points
are considered in order to enable both a qualitative and quantitative analysis.
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3.1 Camera Setup

The setup consists of seven cameras of three different types mounted on a car. The
camera types are listed in Table 3.1 and a top view of the setup is shown in Figure
3.1. For the optimization that is described later, the camera pairs with large enough
overlap in their fields of view are used. For the fisheye cameras, this means each
camera is paired with its two neighbors. The long range back left and long range
back right cameras both overlap with the fisheye back camera, as well as the left and
right one, respectively. The fisheye cameras are time synchronized, meaning that
they capture images at the same time, whereas the long range cameras are not. This
is a problem for our method since the cameras will have moved by a certain distance
in the driving direction, creating a larger uncertainty in camera translations. We
try to mitigate this by choosing scenarios where the car moves relatively slowly.

Table 3.1: The resolution and field of view (in the horizontal direction) for the
different camera types.

Camera type Resolution Field of view
Fisheye 1936 × 1220 195◦

Long range front 3848 × 2168 120◦

Long range back 3848 × 2168 70◦

Figure 3.1: The camera setup on the cars, visualizing the approximate mounting
position, direction and field of view for each camera. Fisheye cameras are depicted
in green and long range cameras in blue. There are four fisheye cameras mounted
in the grille, trunk lid and the left and right side view mirrors of the car. A forward
looking long range camera is mounted close to the rear view mirror. There are also
two long range cameras mounted in the side view mirrors looking backwards but
slightly to the left and right, respectively.
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3.2 Input Data

The input data consists of three parts, namely the intrinsic calibrations, the ideal
poses and images captured by the cameras. The intrinsic parameters are the focal
length, principal point and the distortion coefficients from (2.5). The ideal poses are
given by the CAD model of the vehicle, and consist of the translation and rotation
of the cameras in the vehicle coordinate frame. There are a number of images from
each camera taken at the same timestep (or the closest timestep for the long range
cameras). The method is quite general when it comes to driving environment, but
we require that there are enough objects close to the car (within 20 m) to extract
features from. For the evaluation step we also require some images taken where
the ground is relatively flat and contains some type of lines (e.g. lane markings or
shadows) to inspect the overlap in the birds eye view images.

3.3 Extracting Feature Correspondences

In order to find pixel coordinates corresponding to the same point, ALIKED [6] is
used to extract features and LightGlue [7] is used to match the features between
images. The matching is performed directly on the images, even for the fisheye
cameras, as this has seemed to produce good results. When running the matching
on rectified (undistorted) images, we seem to get similar results, but to some extent
the fisheye images seem more natural looking. Also, the rectified image requires
interpolation between some pixels, whereas some pixels are not transferred to the
new image, so we lose some information in the process. A comparison is shown in
Figure 3.2.

(a) Fisheye image. (b) Rectified image.
(c) Image from long
range forward camera.

Figure 3.2: Example of an image from the forward looking fisheye camera, the
same image rectified and an image taken by the forward looking long range camera.
The rectification process reverts the radial distortion, which can for example be seen
by the road sign post on the right being straightened out. Note that the rectified
image contains a larger field of view than the long range forward image, but in a
zoomed in view of the rectified one they look very similar.

The matching is done for all overlapping camera pairs with images taken at the
same timestep (or the closest available timestep in the case of long range cameras).
Around 10−30 images are used for each camera, but one could of course use more
if needed. We simply need enough matches to get a robust estimate of the poses in
the end, after discarding bad correspondences (as explained later). We assume that
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the camera poses are constant relative to the car body for the duration of the data
collection. The problem is formulated in the vehicle coordinate system, so we can
treat all matches as if they were from the same image. Note that the point cloud of
3D points we then get as a byproduct of the method is not a valid reconstruction of
the outside world though, since the car moves between the times that images were
captured.

From the matching process we get a number of pixel coordinate pairs for each camera
pair. However, not all of these are true matches, as can be seen in Figure 3.3. Note
that including false matches in the optimization negatively affects the accuracy of
the method, as they might yield a huge reprojection error (which is the quantity to
be minimized later). Now, for the fisheye cameras we would like to avoid having
3D points behind the camera at any point, so we filter out matches that have an
inbound angle larger than 75◦, i.e. keep only the ones within a 150◦ field of view.
Also, closer to the edges of the fisheye images a one pixel difference corresponds to
a larger angle difference in ray direction than for pixels close to the center.

Figure 3.3: Example of matched feature coordinates between the left and front
looking fisheye cameras. The feature points (green dots) are connected by the green
lines to their respective matched point. Some matches are false correspondences, for
example the three lowest points on the ground.

3.4 Triangulation and Filtering of Points

Now that we have found some matches, we would like to undistort the points in
order to get the direction of the light rays relative to the camera poses. We can
rewrite the distortion model in (2.5) as

θ + k1θ
3 + k2θ

5 + k3θ
7 + k4θ

9 − ρ(θ) = 0, (3.1)

and then given ρ find θ from the roots of the polynomial. The undistorted matches
can then be triangulated in order to give an initial estimate of the 3D points. For
this the camera poses from the CAD model of the sensor setup is used.

Before starting to optimize, we do some additional filtering. Firstly, points that
triangulate to behind any of the cameras are removed. Secondly, recall that the
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translations of cameras do not affect the reprojection of 3D points far away from
them. The translations enforce that the rotations will also be given in the vehicle
coordinate system. Thus, for the case of all points being far away from the cameras,
the rotations may end up all offset in some direction. The relative rotations would
still be the optimal ones, but the absolute rotations (in the car coordinate system)
might be wrong. Therefore, we save only the points that triangulate to within a
distance of 20 m.

3.5 Local Optimization of Camera Rotations

The optimization problem can be formulated as the least squares problem

min
q

∑

i,j∈S

||rij(q)||2 (3.2)

for cameras i = 1, . . . , m and 3D points j = 1, . . . , n, where the residual rij(q) is the
vector between the matched pixel coordinates and the projection of the 3D point
back into the image. q is the state vector. Note that the sum only includes the
index pairs (i, j) that are in the set S of point correspondences. Since each point
j originates from the triangulation between two cameras, the sum consists of 2n
elements. The problem can be rewritten as

min
q

||r(q)||2, (3.3)

where r(q) ∈ R
4n is a single column vector of the stacked individual residuals rij(q).

3.5.1 Residual Calculation

The residual is formulated as the reprojection error

rij =

(

rij,x

rij,y

)

=

(

xij,match − xij,reprojected

yij,match − yij,reprojected

)

(3.4)

for matched pixel coordinates (xij,match, yij,match). (xij,reprojected, yij,reprojected) is the
reprojection of the homogeneous point

Xj =











Xworld
j

Y world
j

Zworld
j

W world
j











(3.5)

in the world coordinate system into camera i. For a certain index pair i and j the
reprojected point is given by







xreprojected = fx(xsphere
ρ
r
) + cx

yreprojected = fy(ysphere
ρ
r
) + cy

, (3.6)
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where (xsphere, ysphere, zsphere) are the coordinates on the unit sphere around the cam-
era center for the point X projected into the camera coordinate system. r is the
radius

r =
√

x2

sphere + y2

sphere (3.7)

in the xy-plane of the camera and ρ = ρ(θ) is given by the distortion model in (2.5).
In turn, θ is given by tan(θ) = r

zsphere
, and provided that the point is in front of the

camera (−π/2 < θ < π/2) we can apply the inverse to get θ = arctan( r
z
).

Now denote the point X (in world coordinates) projected into the camera coordinate
system by







X
Y
Z





 = PX =
[

R t
]

X =







P 1X

P 2X

P 3X





 (3.8)

for rows P k of the camera matrix P . We also know that






xsphere

ysphere

zsphere





 =
1√

X2 + Y 2 + Z2







X
Y
Z





 . (3.9)

Then we can rewrite the expressions

r =

√

√

√

√

(

X√
X2 + Y 2 + Z2

)2

+

(

Y√
X2 + Y 2 + Z2

)2

=

√
X2 + Y 2

√
X2 + Y 2 + Z2

(3.10)

and

θ = arctan
(

r

z

)

= arctan

(√
X2 + Y 2

Z

)

. (3.11)

Now we have all of the expressions needed to calculate the reprojection error for a
given point Xj and camera pose Pi.

3.5.2 Jacobian calculation

Returning to the residual expression in (3.4), we would like to calculate the Jaco-
bian J as a function of the rotations vi = (vi,1, vi,2, vi,3) in exponential coordinates
and homogeneous 3D coordinates Xj = (Xworld

j , Y world
j , Zworld

j , W world
j )⊤. The state

vector has 3m elements from the rotations and 4n elements from the homogeneous
coordinates. In each row of the Jacobian, the only non-zero elements are the ones
that correspond to the rotation of the current camera i and the point j. That is,
the Jacobian is a sparse matrix where every two rows are of the form







... ∂rij,x

∂vi,1

∂rij,x

∂vi,2

∂rij,x

∂vi,3
... ∂rij,x

∂Xworld
j

∂rij,x

∂Y world
j

∂rij,x

∂Zworld
j

∂rij,x

∂W world
j

...

... ∂rij,y

∂vi,1

∂rij,y

∂vi,2

∂rij,y

∂vi,3
... ∂rij,y

∂Xworld
j

∂rij,y

∂Y world
j

∂rij,y

∂Zworld
j

∂rij,y

∂W world
j

...





 . (3.12)

Deriving an expression for the partial derivative for any of the state variables q, we
get

∂rij,x

∂q
=

∂

∂q

(

xmatch −
(

fx(xsphere

ρ

r
) + cx

))

= −fx
∂

∂q

(

ρ
xsphere

r

)

, (3.13)
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and applying the multivariable chain rule yields

∂rij,x

∂q
= −fx

(

ρ
∂

∂q

(

xsphere

r

)

+
xsphere

r

∂ρ

∂q

)

. (3.14)

For the first summand we can rewrite

xsphere

r
=

X√
X2 + Y 2

(3.15)

and then express the derivative as

∂

∂q

(

X√
X2 + Y 2

)

=
∂

∂X

(

X√
X2 + Y 2

)

∂X

∂q
+

∂

∂Y

(

X√
X2 + Y 2

)

∂Y

∂q
. (3.16)

The derivatives of X, Y and Z with respect to q will be derived later in the text.
For now we can evaluate























∂

∂X

(

X√
X2 + Y 2

)

=
1√

X2 + Y 2
− X

1

2

2X

(X2 + Y 2)3/2
=

Y 2

(X2 + Y 2)3/2

∂

∂Y

(

X√
X2 + Y 2

)

= − XY

(X2 + Y 2)3/2

. (3.17)

We can get the derivatives of rij,y instead by simply switching X for Y and vice
versa in the above expressions. For the second term in (3.14), the derivative of ρ
can be expanded as

∂ρ

∂q
=

∂ρ

∂θ

∂θ

∂q
, (3.18)

where
∂ρ

∂θ
= 1 + 3k1θ

2 + 5k2θ
4 + 7k3θ

6 + 9k4θ
8 (3.19)

and
∂θ

∂q
=

∂θ

∂X

∂X

∂q
+

∂θ

∂Y

∂Y

∂q
+

∂θ

∂Z

∂Z

∂q
. (3.20)

Using the expression for θ from (3.11) we get















































∂θ

∂X
=

1
(

X
Z

)2

+
(

Y
Z

)2

+ 1
· 1

2

1
√

(

X
Z

)2

+
(

Y
Z

)2
· 2X

Z2
=

1

X2 + Y 2 + Z2

XZ√
X2 + Y 2

∂θ

∂Y
=

1

X2 + Y 2 + Z2

Y Z√
X2 + Y 2

∂θ

∂Z
=

Z2

X2 + Y 2 + Z2
· 1

2

Z√
X2 + Y 2

· (−2)
X2 + Y 2

Z3
= −

√
X2 + Y 2

X2 + Y 2 + Z2

.

(3.21)

Now the only unknown expressions are ∂X
∂q

, ∂Y
∂q

and ∂Z
∂q

. For q ∈ v, these are elements
of the matrix
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∂(PX)

∂v
=

∂(R(v)XX,Y,Z + tW )

∂v
=

















∂X
∂v1

∂X
∂v2

∂X
∂v3

∂Y
∂v1

∂Y
∂v2

∂Y
∂v3

∂Z
∂v1

∂Z
∂v2

∂Z
∂v3

















. (3.22)

The camera centers C are constants, but t = −RC is dependent of R. Therefore
we have

∂(PX)

∂v
=

∂R(v)(XX,Y,Z − WC)

∂v
, (3.23)

which using the result from [11] can be rewritten as

∂R(v)(XX,Y,Z − WC)

∂v
= −R

[

(XX,Y,Z − WC)
]

×

vv⊤ + (R⊤ − I) [v]×
||v||2 . (3.24)

For q ∈ X, we get

∂(PX)

∂X
= P =

















∂X
∂Xworld

∂X
∂Y world

∂X
∂Zworld

∂X
∂W world

∂Y
∂Xworld

∂Y
∂Y world

∂Y
∂Zworld

∂Y
∂W world

∂Z
∂Xworld

∂Z
∂Y world

∂Z
∂Zworld

∂Z
∂W world

















. (3.25)

Now we have all of the expressions needed to calculate the Jacobian.

3.5.3 Implementation

The state vector to be optimized consists of the 3D points and the camera rotations
rewritten in exponential coordinates (initialized from the CAD model values). When
converting the initial rotation matrices into exponential coordinates using (2.15) we
require a nonzero θ from (2.14). If θ = 0 we add a small perturbation to the rotation.
Note also that we optimize over the homogeneous coordinates, i.e. a four number
representation (X, Y, Z, W ) of the 3D points. This is for numerical reasons. Points
may end up being far away during the optimization, and we would like to avoid
having large values in the state vector. Homogeneous coordinates allow to preserve
the numerical scale while the cartesian coordinates (X/W, Y/W, Z/W ) change size.

One might ask whether it is necessary to also optimize the 3D points, as opposed to
only optimizing for the rotations. The alternative would be to, in every iteration of
the optimization, triangulate 3D points from the matches. This is undesirable, as
some points may end up behind the cameras and cause weird reprojections, impeding
the optimization process. Also, the analytical Jacobian calculation above would no
longer hold, since X would not be independent of the rotations. Therefore it is
deemed more beneficial to optimize both rotations and 3D points.

The trust region reflective algorithm is used to optimize the least squares problem.
In each step, the residual and Jacobian matrices are calculated using the expres-
sions derived in the previous sections, with one exception. We optimize over the
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normalized coordinates, i.e. pixel coordinates rescaled by the focal length and prin-
cipal point. This is partly for numerical reasons, but also because we want to weigh
the errors equally for all cameras independent of their resolutions. This way we
essentially optimize the camera angles rather than the pixel values.

The optimization is divided into several stages, as listed in Table 3.2. The used loss
functions are linear (f(z) = z), and Tukey [18], defined as

f(z) =











C2

6

(

1 −
(

1 − z2

C2

)3
)

if |z| < C,

C2

6
otherwise,

(3.26)

with C = 4.685 as suggested in [19] (for data of unit variance). The sum of squares
we had in (3.2) is the optimization problem with linear loss function. For any loss
function f we instead solve

min
q

∑

k

f(rk(q)2) (3.27)

for elements rk in the residual vector. The function scale s listed in Table 3.2 is used
to rescale the loss function, which is supposed to be used for data of variance 1, so
that we instead use

f(z) = s2f

(

z2

s2

)

. (3.28)

This essentially defines what we consider to be an acceptable reprojection error for
the current stage. For this reason all points that yield a higher reprojection error
after the optimization stage are also rejected. The specific values in Table 3.2 are
received through experimentation, from which these values seemed to give satis-
factory results. Since the focal length of the fisheye cameras is roughly 400 pxl/m
the values x from s = x

400
can be interpreted as the pixel equivalent in the fisheye

cameras. After some of the iterations we also filter out points that are behind any
of the cameras or further away than 20 m.

The motivation for this optimization method is that we in general will have bad
matches among the point correspondences. Therefore we apply a robust loss func-
tion, in this case Tukey, at different function scales in order to reduce the residual
lengths for the good matches, and discard the bad matches. The Tukey loss function
at our different scales is shown in Figure 3.4. The idea is that the optimization will
decrease the lengths of residuals in the steep (high derivative) areas for the good
correspondences, and leave the bad ones behind to be discarded. After that the
linear steps are supposed to weigh the remaining points equally.
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Table 3.2: Optimization stages with a consecutive narrowing of the allowed residual
lengths. After each stage we filter away matches that give too large reprojection
errors. The loss functions are rescaled by the function scale. Note that this has
no effect on linear loss. Filter by distance after indicates whether or not to remove
points behind cameras or further away than 20 m.

Stage 1
Loss: Tukey

Function scale: 10

400

Filter by distance after: No
Stage 2

Loss: Tukey
Function scale: 5

400

Filter by distance after: No
Stage 3

Loss: Tukey
Function scale: 2

400

Filter by distance after: Yes
Stage 4

Loss: Linear
Function scale: 2

400

Filter by distance after: Yes
Stage 5

Loss: Linear
Function scale: 2

400

Filter by distance after: No

Figure 3.4: The Tukey loss function with function scale s set to 10, 5 and 2 pixels.
The horizontal axis shows residual lengths, and the loss function is applied to the
squared residuals. Note that the loss function has derivative zero at the tails and is
very flat close to the center.
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3.6 Evaluation

For a qualitative overview of the accuracy of the method, birds eye view images are
generated using the fisheye camera poses from the CAD model, our optimization
method and other available calibrations (factory calibration, dynamic pattern rig or
the motion estimation method in [1]). This is done using image sets with a rela-
tively flat ground containing lane markings, shadows or other features that indicate
whether the overlapping parts are well aligned.

In order to create the birds eye view images, the fisheye images are first undistorted
and projected to the flat ground plane, which is assumed to be parallel to the
horizontal part of the car coordinate system, and offset vertically by a constant
height. The images are projected to a square of size 20 m by 20 m centered at the
car coordinate system. Note that in doing so, we also apply an interpolation to
replace missing pixels in the projected image. Then the pixels outside of a 180◦

field of view are turned black to simplify interpreting the images. We combine the
projected images from all four cameras by simply averaging over the pixel values.
The resulting birds eye view image thus has four brighter areas with the pairwise
overlapping parts of the camera views. An example is shown in Figure 3.5.

Figure 3.5: Example of a birds eye view image. An image of a car body is included
in the middle to specify the orientation. The darker rectangles are areas that only
use projections from a single camera, and the brighter parts contain overlapping
camera views.

This is a fast and simple way to compare calibration accuracies. However, there are
some important drawbacks from using this method. It requires a good estimate of
the height of the vehicle coordinate system above the ground. This is not a fix value,
but might vary with e.g. the suspension system, tire pressure and cargo weight. It
also assumes that the car body is parallel to the ground, which might not be true if
the car carries an uneven load distribution. Even if it was, the ground is often not
perfectly flat. We assume a flat ground plane, and can thus only expect points that
actually lie in this plane to align for calibrated cameras. Objects above the ground
plane, on the other hand, will project in different directions for different cameras.
For an intuitive understanding, you can think of the projection on the ground plane
as the shadow the objects would cast on the ground if the camera was a light source.
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In order to get a more quantitative evaluation metric, some point correspondences
are annotated manually. In the evaluation step, they are triangulated and then re-
projected into the camera view. This is done for the CAD model poses, the currently
used calibration poses and our optimized poses. This reprojection error is used as
an accuracy metric. Note that the accuracy of these annotations is also limited,
probably to around 0.5 − 1.0 pixels. For each scenario, 10 such correspondences are
annotated for each camera pair.

The extrinsics calibrations currently used on the cars come from one out of two
sources. For some scenarios the poses are from a factory calibration, i.e. a static,
pattern based calibration that is performed once in the factory when a new car is
built. For the other scenarios the poses are from a dynamic pattern based calibration
station, where the car is standing on a rotating platform with lots of different target
patterns around it. This type of calibration is performed regularly. The calibration
stations are shown in Figure 3.6. For some scenarios we can also access results from
the aforementioned motion based method in [1].

(a) Factory calibration station
(forward view).

(b) The dynamic pattern-based
calibration station.

Figure 3.6: The pattern-based calibration stations. Their output calibrations are
used for comparing the accuracy to our method.
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Results

The results consist of birds eye view images and reprojection errors from manually
annotated point correspondences. For each scenario, we use 10 annotated correspon-
dences for each camera pair. All annotation reprojection errors are given in units
of fisheye image pixels. For the long range cameras their errors are rescaled to the
equivalent number of fisheye camera pixels (without the radial distortion) for inter-
pretability. Then we average over all camera pairs. This is calculated using both
the CAD model poses, the current calibration used in the car and our optimized
calibration.

The data is split into some sets with only fisheye images and some with all cam-
eras included, mainly because of the uncertainty that follows from non consistent
timestamps with the long range cameras. Also, the surround view system in itself
is a recurrent research subject, which allows for comparison between this work and
some of the research described in section 2.6. Within these sections we also split
the data into some sets where the factory calibration is given, and some where the
latest dynamic pattern calibration is given, in order to compare performance to both
types.
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4.1 Surround View System

For the following, only fisheye camera images are used in the scenarios.

4.1.1 Comparing with Factory Calibration

The reprojection errors are listed in Table 4.1, along with links to the corresponding
birds eye view images. Table 4.2 shows the average angle error between the factory
calibration and our calibration. The relative angles for all cameras are listed in
Appendix 2.

Table 4.1: Average reprojection error (and standard deviation in parentheses)
over the annotated correspondences using camera poses from the CAD model, the
factory calibration, the motion based method in [1] and our optimization method.
Only fisheye cameras are included in this part.

Scenario
index

CAD model
poses

Factory
calibration

Motion
estimation

Our
calibration

Birds eye
view

1 4.20 (1.53) 2.24 (2.35) 1.65 (1.10) 0.66 (0.62) Figure 4.1
2 3.06 (2.36) 1.49 (1.03) 2.49 (1.15) 0.67 (0.46) Figure 4.2
3 2.35 (2.82) 1.53 (1.05) 3.72 (1.56) 1.02 (0.73) Figure 4.3
4 7.84 (4.20) 4.28 (3.62) 1.87 (1.25) 0.91 (0.70) Figure 4.4
5 6.01 (4.88) 3.17 (2.56) 2.11 (1.17) 0.97 (0.69) Figure 4.5
6 4.03 (2.43) 1.28 (0.83) 1.85 (1.48) 0.85 (0.66) Figure 4.6
7 4.32 (1.88) 2.40 (1.40) 1.76 (0.88) 0.88 (0.63) Figure 4.7
8 4.77 (3.18) 2.67 (2.05) 1.87 (1.30) 0.86 (0.71) Figure 4.8
9 4.77 (2.14) 2.26 (1.71) 1.37 (1.06) 0.70 (0.52) Figure 4.9
10 6.04 (4.49) 4.15 (2.55) 1.18 (0.76) 0.83 (0.79) Figure 4.10

Overall 4.74 2.55 1.99 0.84 -

Table 4.2: Average absolute value of the relative rotation angles (in degrees) be-
tween the factory calibration and our calibration for scenario 1-10 with only fisheye
cameras.

Scenario
index

Angle in
x-direction

Angle in
y-direction

Angle in
z-direction

1 0.9 0.3 0.26
2 0.51 0.28 0.93
3 0.54 0.29 0.62
4 0.75 0.33 0.69
5 0.56 0.26 0.52
6 0.24 0.18 0.72
7 0.39 0.36 0.22
8 0.3 0.34 0.48
9 0.63 0.3 0.41
10 0.59 0.36 0.29
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(a) Image 1,
CAD pose.

(b) Image 1, fac-
tory calibration.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, fac-
tory calibration.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, fac-
tory calibration.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.1: Birds eye view images created using the poses from the CAD model,
the factory calibration, the motion based online calibration method in [1] and our
optimization method for scenario 1 with only fisheye images. Note that there is
an elevated sidewalk in the right part of each image, so we can not expect lines to
overlap there. Lines on the road should align.
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(a) Image 1,
CAD pose.

(b) Image 1, fac-
tory calibration.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, fac-
tory calibration.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, fac-
tory calibration.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.2: Birds eye view images created using the poses from the CAD model,
the factory calibration, the motion based online calibration method in [1] and our
optimization method for scenario 2 with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1, fac-
tory calibration.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, fac-
tory calibration.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, fac-
tory calibration.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.3: Birds eye view images created using the poses from the CAD model,
the factory calibration, the motion based online calibration method in [1] and our
optimization method for scenario 3 with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1, fac-
tory calibration.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, fac-
tory calibration.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, fac-
tory calibration.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.4: Birds eye view images created using the poses from the CAD model,
the factory calibration, the motion based online calibration method in [1] and our
optimization method for scenario 4 with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1, fac-
tory calibration.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, fac-
tory calibration.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, fac-
tory calibration.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.5: Birds eye view images created using the poses from the CAD model,
the factory calibration, the motion based online calibration method in [1] and our
optimization method for scenario 5 with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1, fac-
tory calibration.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, fac-
tory calibration.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, fac-
tory calibration.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.6: Birds eye view images created using the poses from the CAD model,
the factory calibration, the motion based online calibration method in [1] and our
optimization method for scenario 6 with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1, fac-
tory calibration.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, fac-
tory calibration.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, fac-
tory calibration.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.7: Birds eye view images created using the poses from the CAD model,
the factory calibration, the motion based online calibration method in [1] and our
optimization method for scenario 7 with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1, fac-
tory calibration.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, fac-
tory calibration.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, fac-
tory calibration.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.8: Birds eye view images created using the poses from the CAD model,
the factory calibration, the motion based online calibration method in [1] and our
optimization method for scenario 8 with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1, fac-
tory calibration.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, fac-
tory calibration.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, fac-
tory calibration.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.9: Birds eye view images created using the poses from the CAD model,
the factory calibration, the motion based online calibration method in [1] and our
optimization method for scenario 9 with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1, fac-
tory calibration.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, fac-
tory calibration.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, fac-
tory calibration.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.10: Birds eye view images created using the poses from the CAD model,
the factory calibration, the motion based online calibration method in [1] and our
optimization method for scenario 10 with only fisheye images.
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4.1.2 Comparing with Dynamic Pattern Calibration

The reprojection errors are listed in Table 4.3, along with links to the corresponding
birds eye view images. For scenarios 11, 12 and 14 the motion estimation results are
not available due to missing data. Table 4.4 shows the average angle error between
the dynamic pattern calibration and our calibration. The relative angles for all
cameras are listed in Appendix 2.

Table 4.3: Average reprojection error (and standard deviation in parentheses) over
the annotated correspondences using camera poses from the CAD model, the latest
dynamic pattern calibration, the motion based method in [1] and our optimization
method. Only fisheye cameras are included in this part.

Scenario
index

CAD model
poses

Pattern
calibration

Motion
estimation

Our
calibration

Birds eye
view

11 4.82 (4.89) 0.82 (0.58) - 0.66 (0.59) Figure 4.11
12 9.03 (5.56) 1.44 (1.06) - 1.00 (0.75) Figure 4.12
13 10.12 (2.95) 0.81 (0.53) 2.37 (1.48) 0.86 (0.61) Figure 4.13
14 6.02 (3.84) 0.90 (0.59) - 0.66 (0.52) Figure 4.14
15 6.79 (4.01) 0.47 (0.32) 8.89 (8.62) 0.59 (0.41) Figure 4.15
16 7.38 (2.77) 0.65 (0.78) 2.84 (1.65) 0.58 (0.91) Figure 4.16
17 10.04 (3.26) 0.95 (0.69) 3.49 (2.43) 0.41 (0.32) Figure 4.17
18 9.12 (6.91) 0.78 (0.56) 8.01 (5.90) 0.92 (0.82) Figure 4.18
19 11.84 (9.23) 0.78 (0.55) 6.91 (5.65) 0.59 (0.58) Figure 4.19
20 16.32 (9.09) 1.09 (0.71) 1.29 (0.65) 0.72 (0.61) Figure 4.20

Overall 9.15 0.87 4.83 0.71 -

Table 4.4: Average absolute value of the relative rotation angles (in degrees) be-
tween the dynamic pattern calibration and our calibration for scenario 11-20 with
only fisheye cameras.

Scenario
index

Angle in
x-direction

Angle in
y-direction

Angle in
z-direction

11 0.07 0.13 0.61
12 0.19 0.12 0.3
13 0.21 0.19 0.55
14 0.27 0.36 0.42
15 0.33 0.21 0.41
16 0.13 0.19 0.63
17 0.27 0.18 0.29
18 0.48 0.14 0.68
19 0.4 0.15 0.79
20 0.32 0.32 1.51
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(a) Image 1, CAD pose. (b) Image 1, pattern cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, pattern cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, pattern cal. (i) Image 3, our method.

Figure 4.11: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration and our optimization method for scenario 11
with only fisheye images.
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4. Results

(a) Image 1, CAD pose. (b) Image 1, pattern cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, pattern cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, pattern cal. (i) Image 3, our method.

Figure 4.12: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration and our optimization method for scenario 12
with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1,
pattern cal.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, pat-
tern cal.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, pat-
tern cal.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.13: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration, the motion based online calibration method
in [1] and our optimization method for dataset 13 with only fisheye images.
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(a) Image 1, CAD pose. (b) Image 1, pattern cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, pattern cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, pattern cal. (i) Image 3, our method.

Figure 4.14: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration and our optimization method for scenario 14
with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1,
pattern cal.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, pat-
tern cal.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, pat-
tern cal.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.15: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration, the motion based online calibration method
in [1] and our optimization method for dataset 15 with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1,
pattern cal.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, pat-
tern cal.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, pat-
tern cal.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.16: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration, the motion based online calibration method
in [1] and our optimization method for dataset 16 with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1,
pattern cal.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, pat-
tern cal.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, pat-
tern cal.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.17: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration, the motion based online calibration method
in [1] and our optimization method for dataset 17 with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1,
pattern cal.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, pat-
tern cal.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, pat-
tern cal.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.18: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration, the motion based online calibration method
in [1] and our optimization method for dataset 18 with only fisheye images.
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(a) Image 1,
CAD pose.

(b) Image 1,
pattern cal.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, pat-
tern cal.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, pat-
tern cal.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.19: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration, the motion based online calibration method
in [1] and our optimization method for dataset 19 with only fisheye images.

46



4. Results

(a) Image 1,
CAD pose.

(b) Image 1,
pattern cal.

(c) Image 1, mo-
tion based.

(d) Image 1, our
method.

(e) Image 2,
CAD pose.

(f) Image 2, pat-
tern cal.

(g) Image 2, mo-
tion based.

(h) Image 2, our
method.

(i) Image 3,
CAD pose.

(j) Image 3, pat-
tern cal.

(k) Image 3, mo-
tion based.

(l) Image 3, our
method.

Figure 4.20: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration, the motion based online calibration method
in [1] and our optimization method for dataset 20 with only fisheye images.
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4.2 All Cameras

The following scenarios contain images from all cameras. The birds eye view images
are placed in Appendix 1.

4.2.1 Comparing with Factory Calibration

The reprojection errors are listed in Table 4.5, along with links to the corresponding
birds eye view images. Table 4.6 shows the average angle error between the factory
calibration and our calibration. The relative angles for all cameras are listed in
Appendix 2.

Table 4.5: Average reprojection error (and standard deviation in parentheses)
over the annotated correspondences using camera poses from the CAD model, the
factory calibration and our optimization method. All cameras are included in the
optimization and evaluation.

Scenario
index

CAD model
poses

Factory
calibration

Our
method

Birds eye
view

21 4.27 (3.08) 1.00 (0.76) 0.83 (0.58) Figure A.1
22 3.22 (2.64) 1.37 (2.18) 1.04 (1.98) Figure A.2
23 3.45 (2.58) 1.12 (0.69) 0.33 (0.32) Figure A.3
24 3.64 (2.15) 1.01 (0.73) 0.66 (0.59) Figure A.4
25 3.42 (2.59) 1.13 (0.70) 0.61 (0.61) Figure A.5
26 3.48 (2.58) 1.11 (0.67) 0.94 (0.55) Figure A.6
27 3.49 (2.33) 0.62 (0.67) 0.83 (0.72) Figure A.7
28 3.46 (2.33) 0.62 (0.70) 0.72 (0.65) Figure A.8
29 5.88 (2.13) 0.72 (0.49) 0.52 (0.54) Figure A.9
30 3.43 (2.43) 0.70 (1.01) 0.46 (0.91) Figure A.10

Overall 5.59 0.95 0.76 -

Table 4.6: Average absolute value of the relative rotation angles (in degrees) be-
tween the factory calibration and our calibration for scenario 21-30 with all cameras
included.

Scenario
index

Angle in
x-direction

Angle in
y-direction

Angle in
z-direction

21 0.27 0.16 0.15
22 0.25 0.15 0.50
23 0.34 0.27 0.35
24 0.17 0.17 0.30
25 0.21 0.24 0.30
26 0.11 0.30 0.24
27 0.21 0.19 0.34
28 0.36 0.12 1.15
29 0.17 0.20 0.28
30 0.34 0.20 0.51
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4.2.2 Comparing with Dynamic Pattern Calibration

The reprojection errors are listed in Table 4.7, along with links to the corresponding
birds eye view images. Table 4.8 shows the average angle error between the factory
calibration and our calibration. The relative angles for all cameras are listed in
Appendix 2.

Table 4.7: Average reprojection error (and standard deviation in parentheses) over
the annotated correspondences using camera poses from the CAD model, the latest
dynamic pattern calibration and our optimization method. All cameras are included
in the optimization and evaluation.

Scenario
index

CAD model
poses

Pattern
calibration

Our
method

Birds eye
view

31 5.60 (4.46) 0.59 (0.49) 0.60 (0.51) Figure A.11
32 7.74 (5.59) 1.23 (1.01) 1.48 (1.22) Figure A.12
33 8.79 (6.21) 1.15 (1.02) 0.99 (0.96) Figure A.13
34 8.38 (3.62) 0.88 (0.66) 0.43 (0.42) Figure A.14
35 6.50 (5.79) 0.68 (0.56) 0.61 (0.57) Figure A.15
36 6.18 (4.45) 0.66 (0.59) 0.68 (0.65) Figure A.16
37 3.74 (2.10) 0.80 (0.75) 0.91 (0.83) Figure A.17
38 6.35 (3.10) 0.69 (0.67) 0.56 (0.72) Figure A.18
39 10.72 (6.43) 0.97 (0.76) 0.96 (0.91) Figure A.19
40 7.53 (5.33) 1.04 (0.99) 1.01 (0.97) Figure A.20

Overall 7.15 0.87 0.94 -

Table 4.8: Average absolute value of the relative rotation angles (in degrees) be-
tween the dynamic pattern calibration and our calibration for scenario 31-40 with
all cameras included.

Scenario
index

Angle in
x-direction

Angle in
y-direction

Angle in
z-direction

31 0.30 0.24 0.07
32 1.03 0.97 0.53
33 0.53 0.22 0.50
34 0.26 0.34 0.32
35 0.10 0.22 0.49
36 0.34 0.28 0.21
37 0.40 0.20 0.38
38 0.36 0.22 0.83
39 0.67 0.25 0.61
40 0.18 0.16 0.29
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Discussion

Based on the results, we begin this chapter by again discussing the used evaluation
metrics and how to interpret them. We argue that both the birds eye view images
and annotated reprojection errors can be used to determine the accuracy of a cali-
bration, and that using both of them is beneficial for the purpose of verifying that
our method works. Additionally, we need the reprojection error for the scenarios
using all cameras, since the long range cameras are not used in the birds eye view
images. With this in mind, we then compare the accuracy of the different extrinsic
calibrations within each scenario. It seems that we achieve a higher accuracy than
the motion estimation method in [1], and similar accuracy to the dynamic pattern-
based calibration rig. Then we compare our results to those of other articles that
are especially focused towards calibrating a surround view system, i.e. only fish-
eye cameras. Our method seems to achieve similar accuracy as other state of the
art methods, while also being more generally applicable. Finally, we discuss the
specifics of our method, including its parameter setup, computational efficiency and
limitations.
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5.1 Evaluation Metrics

From the results, there are a couple of things to notice. Firstly, a lower reprojection
error on the annotated data seems to correlate with better looking birds eye view
images, i.e. ones where lines on the flat road plane align in the overlapping parts
of the images. Look for example at Figure 4.1, Figure 4.4 and Figure 4.5. The
respective reprojection errors (in Table 4.1) are substantially lower for our optimized
poses than for the factory calibration. At the same time the birds eye view images
have distinctly better alignment. This confirms that both of these metrics to some
degree can be used to evaluate the accuracy of a calibration.

Even though they are used for the same cause, it seems advantageous to include both
metrics in the evaluation. The birds eye view images enable a qualitative assessment
of the accuracy. Also, since the intended use case of the fisheye camera rig is mainly
to create a surround view around the car, it makes sense to look directly at these
images. However, as previously mentioned we assume a flat ground plane in the
creation of the birds eye view images. This is often a good approximation in close
proximity around the car, but further away it is typically less accurate. For example,
many roads are sloped towards the middle lane marking (e.g. for drainage reasons),
so that the other lane might be better approximated by a plane with another normal
direction. This is also the case for many parking spots. Even a few centimeters of
height difference may produce visible misalignment in the birds eye view images, so
one needs to be quite careful when looking at these with the purpose of evaluating
performance.

Another issue with birds eye view images is parts of the environment that are not
even close to the ground plane, for example sidewalks and other cars. These are
projected differently for each camera, which means the corresponding areas in the
birds eye view images can not be used for evaluation, since they are not expected
to overlap. This is a recurring problem since there are often sidewalks or elevated
grass areas to the right side of the car, e.g. in Figure 4.1 and Figure 4.2. Thus there
might be a bias towards evaluating the left side more often.

The annotation reprojection error, on the other hand, is a quantitative metric. To
some extent it provides a direct way to see which calibration performs better for a
certain scenario. However, we can in general not compare the values between differ-
ent scenarios, since the annotation accuracy might vary. Also, as stated previously
we can not expect the accuracy of the annotations to be lower than approximately
0.5 − 1.0 pixels. Note also that we have quite high standard deviation in the an-
notated reprojection errors, which likely is an indication that some annotations
are quite inaccurate. Thus, for some scenarios it might be hard to draw conclusions
about which calibration is better, and one might need to consider them being equally
good. Apart from that, the manual annotation is quite limiting for real use cases,
but is useful for verifying that the method works.

Neither of the two metrics can be used to automatically tell the accuracy of a given
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calibration, as both require human input. Ideally one should have such a method
available if the method was to be implemented as part of the company software,
in order to avoid using a bad calibration in the car. However, the method finds
a better calibration compared to the initial guess (CAD model poses) in all the
tested scenarios. The only time the results have been off is when some camera
pair has (close to) 0 matches after the last optimization stage. Thus we have a
criterion for when the optimization did not work as expected, and may simply put
a threshold for the minimum number of matches left in each camera pair to approve
the calibration. The problem can usually be solved by simply using more images for
feature matching.

One could try other methods for evaluation, such as the aforementioned photometric
error which is supposed to measure how well aligned a birds eye view image is. Thus
it is somewhat limited by the flat ground plane approximation. Also it is sensitive to
the illumination and exposure time of the different cameras [13], so it might require
additional altering of the images or camera parameters. Another possible method is
using RANSAC and epipolar geometry to find a set of inliers among some matched
features, and then calculate their reprojection error, as is typical in many computer
vision pipelines [2]. This is quite similar to our pipeline and also requires feature
matching, so if there for some reason are many wrong matches offset in a certain
direction the results might be misleading, but one might want to consider it for
future work.
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5.2 Accuracy of our Calibrations

Here we start by considering the results from the scenarios containing only fisheye
camera images. The annotation reprojection errors in Table 4.1 show clear improve-
ments in the accuracy using our method compared to the factory calibration. The
optimized poses give substantially lower errors, which seem to be on the order of
the expected annotation accuracy. The corresponding birds eye view images also
indicate better accuracy for our optimized poses. One should probably expect the
factory calibration to be quite offset in most cases, since the cars have driven for a
substantial amount of time since it was carried out. As for the motion estimation
method in [1], which calibrates each camera separately, we also seem to get consis-
tently better accuracy both for the annotation reprojection error and the birds eye
view images.

Comparing to the dynamic pattern calibration it is not as clear which calibration
gives better accuracy. The annotation reprojection errors in Table 4.3 are similar
for all scenarios. The birds eye view images also look very similar, albeit varying
a bit in sharpness between the calibrations. Thus we seem to achieve an accuracy
comparable to the dynamic pattern based calibration for these scenarios. Here we
also get better accuracy than the motion estimation method in [1].

For the scenarios with all cameras included we have an extra uncertainty in the cam-
era translations due to the inconsistent timestamps of images. Since the scenarios
are taken where the car moves slowly the error should be relatively small, but in
general not negligible. The translation might differ by a couple of centimeters in
the driving direction. Comparing the reprojection errors to the factory calibration
(Table 4.5) we seem to get a bit better accuracy using our method for most sce-
narios, and similar accuracy for one of them. The birds eye view images all look
very similar. This is not surprising since all of this data uses a factory calibration
performed only a few months prior to collecting the data.

The dynamic pattern calibration accuracy is unclear when comparing to all cameras
as well. In some cases the pattern-based method works better and in some our
method works better, as can be seen in Table 4.7. For the birds eye view images in
Figure A.11 and Figure A.15 the pattern-based calibration is more accurate, but for
Figure A.13 ours looks a little bit better. However, since the birds eye view images
only contain information from the fisheye cameras they are less comprehensive for
evaluation. Thus it seems like the dynamic pattern calibration and our method
achieve similar accuracies.
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5.3 Comparing Accuracy to Related Work

For some more context we can also compare the results to some of the papers
mentioned in 2.6 (discussing only the surround view system). Some of these articles
use other quantitative error metrics such as photometric error [12] or mean distance
error [13]. There are however some that list the angle differences to a ground truth
pose given by a pattern-based calibration. They get an average error of 0.31◦ in [17]
(the lane markings based method) and 0.55◦ in [14] (the method that uses virtual
camera views from overlapping fields of view).

In our case, it does not seem reasonable to consider any of the pattern-based calibra-
tions as a ground truth, since they were all made some time ago when the data was
gathered. Thus they in general do not seem to give perfect overlap in the birds eye
view images and our method often results in as good or better annotation reprojec-
tion errors. However, there are some scenarios where the pattern-based calibration
was performed somewhat recently. Scenarios 21-30 all use a factory calibration from
within a few months. The relative angles in Table 4.6 are all (with the exception of
the z-angle for scenario 28) relatively low, with an average of 0.28◦ over all angles
in the table. Also, some recent dynamic pattern-based calibrations are found in
scenario 12, 15, 17, 34, 36 and 40, with relative angles of around the same size.
Therefore it seems that we achieve an accuracy better than [14] and comparable to
[17].

One important note is that in [17] they use an image resolution of 1280 × 720
pixels. We have 1936 × 1220 pixels. Therefore it is possible that their method
might also yield around pixel-level accuracy. Of course the real world angle error is
more important, but if they would be able to achieve similar accuracies by simply
increasing the camera resolution the method itself could be deemed equally effective
in that regard.

On the other hand, producing well aligned birds eye view images also requires cal-
ibration accuracy on the scale of the camera resolution. We can directly compare
the quality of these images to some of the other articles. In [17] the birds eye view
images align quite well, but still have some clearly visible small misalignment for
some of their data. Note that this is also true for their so called ground truth angles,
further highlighting that such pattern-based approaches also give a limited accuracy.
The photometric optimization approach in [12] and the manual clicking method in
[13] both seem to give satisfactory alignment in the overlap. Our method thus seems
to have an accuracy comparable to those two articles.
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5.4 Method Specifics

The method developed in this project is generally applicable to a wide range of envi-
ronments, and does not require any special targets or landmarks for the calibration.
Neither does it build on the assumption of a flat ground plane. The only critical
requirement is that we should be able to find feature matches within 20 m from the
respective camera pairs. The method might work poorly if using only images from
wide open spaces such as large, empty parking spots. Then you would simply need
to collect images for a longer time or perform the calibration in a different area.

As stated before, the ability to find the rotation of a camera pose is unaffected
by the distance to the points. However, it is the fix translations that enforce the
rotations to be given in the vehicle coordinate system. The reprojection of points
further away are less affected by the translations, and instead depend more on only
the relative rotations of the cameras. Thus, a scenario with only features far away
from the car could yield a solution where the rotations are all correct relative to
one another but offset in some direction relative to the car. Figure 5.1 shows two
different sets of poses that could give nearly equivalent solutions for far away points.
This is not only hypothetical. Running the program without the distance threshold
we for some scenarios get solutions where the poses are visibly offset. In these cases
the birds eye view images are naturally also skewed. The distance threshold is not
necessarily required as long as we get some matches from points close to the car,
but it guarantees that we will not find such offset rotations.

Figure 5.1: Example of two solutions that could give similar reprojection errors
when the point correspondences are far away from the car. The relative rotations
between cameras are the same for both cases, but the rotations are all offset clockwise
in the right image.
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As for the optimization, the results indicate that our successive lowering of function
scale with Tukey loss function seems to work fine in rejecting bad correspondences.
The exact settings can be discussed, however. The lower function scale is here set
to 2 pixels. We want this value to be low enough so that bad matches are removed,
but setting it too low might result in us choosing a subset of inliers where all points
are shifted by noise in one direction. The chosen value seems to work, but in future
work one might want to tune this along with some other parameters to increase
performance. The function scale in the first optimization stage might need tuning
as well. For example, if one were to find a situation where the CAD model pose
is more offset from the true pose, then the residuals for the true matches could
be outside of the loss function and all get rejected. Then there should be quite
few correspondences left after the optimization. For future implementations, one
possible solution when detecting such a case is to simply rerun the optimization
with an added initial stage that uses Tukey loss function and a function scale of e.g.
15 pixels.

Computationally the method is not that demanding. The feature matching runs at
over 30 frames per second for both the feature extractor [6] and the feature matcher
[7], on their respective hardware setup. Most of the computation should be allocated
in the optimization part. The program was implemented in python, using which the
optimization takes around a minute, but it is hard to speculate about runtime if
it were to be implemented as part of the company software. However, the current
online calibration method takes a few minutes to run per camera, so even with our
non-optimized, partly native python code we achieve quite a substantial speed up.
The optimization part usually takes around 100-200 residual function evaluations in
total. The total amount of computation is then of course dependent on the specific
number of point correspondences in each optimization stage, but this should at least
give a hint about the computational load.

Note also that the best achievable accuracy of our method is directly dependent on
the accuracy of our feature extractor. Since we use ALIKED [6] we get sub-pixel
coordinates for the feature correspondences. This is a clear advantage compared to
getting discrete pixel coordinates both because of an increase in possible accuracy,
but it also makes the results less dependent on the image resolution. Of course
the resolution still plays a role though, since less information is encoded in a lower
resolution image. Thus we still get a limited accuracy of our point correspondences.

One factor that might limit the application span of our method is the requirement
of knowing the translations and an initial guess for the rotations, but for the scope
of this thesis and for Zenseact the translations are assumed to be known. Also,
most car manufacturers probably have CAD models that specify how the cameras
are mounted on their cars. In addition, both the articles [13] and [12] also assume a
known initial pose estimate. If for any reason someone would want to implement our
method on a problem where the translations are unknown or change with time, for
example on a slowly deformable body, then they would need some way of estimating
the poses first.

57



5. Discussion

58



6

Conclusion

In this thesis a method for online correction of camera rotations was developed.
Using point correspondences between overlapping fields of view, the rotations are
optimized simultaneously starting from the ideal camera poses, here taken from the
CAD model of the car. The method works in a wide range of environments, not
requiring any special objects or landmarks. The only limitation is that we only
make use of point correspondences from objects within a distance of 20 m from the
cameras. This implies that the method might work poorly in wide open spaces such
as some highways or large parking spots. However, that is not a big issue since the
driving environment typically changes regularly and the calibration is not usually
urgently needed.

We used two evaluation methods. The first one is visual inspection of birds eye view
images, created through projection of fisheye camera images onto the flat ground
plane. Generating such 360◦ surround views around the car is also the main in-
tended use case of the fisheye cameras. Looking at the alignment of e.g. shadows
and lane markings on the ground plane in overlapping views between cameras, we
can directly determine the quality of our camera poses. The second evaluation met-
ric is the reprojection error for manually annotated point correspondences. The
correspondences are triangulated to estimate 3D points, which are then projected
back into the images. The pixel distance between annotated and reprojected points
indicate the accuracy of the extrinsic calibration. Well aligned birds eye view im-
ages seem to correlate with a low annotation reprojection error, so together these
evaluation methods should reflect the accuracy of a given calibration.

The results indicate that the method achieves high accuracy extrinsic calibrations.
For both evaluation criteria, our method outperforms both the factory calibration
(that was done some time ago, i.e. not a fresh calibration) and the motion estimation
method in [1], evaluated over scenarios containing only fisheye images. For scenarios
with all cameras included, we also seem to get better accuracy with our method.
Comparing to the dynamic pattern rig calibration, we achieve similar accuracy for
both the scenarios with only fisheye cameras and the ones with all cameras. This
is very promising, since the pattern calibration is tedious and requires quite a large
designated indoor space. A fully automated online calibration that runs while driv-
ing the car is much more convenient. We also compared the relative angles between
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6. Conclusion

our calibrations to the pattern based calibrations for scenarios with relatively recent
calibrations. The deviation seems to typically be on the order of 0.1◦ − 0.4◦. The
exact deviation is unattainable, since we do not have a ground truth to compare
against. The accuracy is comparable to other state of the art methods for calibration
of the fisheye camera rig, but we have also shown a proof of concept where other
cameras may be included in the calibration as well.

In future work, there are a few things that need to be altered or investigated, es-
pecially if the method were to be implemented in a real car. Firstly, one would
probably need to develop an online evaluation criterion that does not require hu-
man input. This should be used to avoid having a bad calibration affecting the
decision making software running on the car. Secondly, for the case of optimizing
all cameras, the timestamp difference is a problem. One solution might be to only
collect images when the car is stationary. This would limit the generality of the
method, but should contribute to an increased accuracy. Finally, one might want to
investigate how accurately the translations and intrinsic parameters of cameras are
known, and whether there is a way to increase their accuracy.
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A

Appendix 1

The birds eye view images for the scenarios with all cameras are shown on the
following pages.
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A. Appendix 1

(a) Image 1, CAD pose. (b) Image 1, factory cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, factory cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, factory cal. (i) Image 3, our method.

Figure A.1: Birds eye view images created using the poses from the CAD model,
the factory calibration and our optimization method for scenario 21 with all cameras
included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, factory cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, factory cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, factory cal. (i) Image 3, our method.

Figure A.2: Birds eye view images created using the poses from the CAD model,
the factory calibration and our optimization method for scenario 21 with all cameras
included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, factory cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, factory cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, factory cal. (i) Image 3, our method.

Figure A.3: Birds eye view images created using the poses from the CAD model,
the factory calibration and our optimization method for scenario 21 with all cameras
included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, factory cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, factory cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, factory cal. (i) Image 3, our method.

Figure A.4: Birds eye view images created using the poses from the CAD model,
the factory calibration and our optimization method for scenario 21 with all cameras
included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, factory cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, factory cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, factory cal. (i) Image 3, our method.

Figure A.5: Birds eye view images created using the poses from the CAD model,
the factory calibration and our optimization method for scenario 25 with all cameras
included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, factory cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, factory cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, factory cal. (i) Image 3, our method.

Figure A.6: Birds eye view images created using the poses from the CAD model,
the factory calibration and our optimization method for scenario 26 with all cameras
included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, factory cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, factory cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, factory cal. (i) Image 3, our method.

Figure A.7: Birds eye view images created using the poses from the CAD model,
the factory calibration and our optimization method for scenario 27 with all cameras
included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, factory cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, factory cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, factory cal. (i) Image 3, our method.

Figure A.8: Birds eye view images created using the poses from the CAD model,
the factory calibration and our optimization method for scenario 28 with all cameras
included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, factory cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, factory cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, factory cal. (i) Image 3, our method.

Figure A.9: Birds eye view images created using the poses from the CAD model,
the factory calibration and our optimization method for scenario 29 with all cameras
included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, factory cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, factory cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, factory cal. (i) Image 3, our method.

Figure A.10: Birds eye view images created using the poses from the CAD model,
the factory calibration and our optimization method for scenario 30 with all cameras
included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, pattern cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, pattern cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, pattern cal. (i) Image 3, our method.

Figure A.11: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration and our optimization method for scenario 31
with all cameras included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, pattern cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, pattern cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, pattern cal. (i) Image 3, our method.

Figure A.12: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration and our optimization method for scenario 32
with all cameras included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, pattern cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, pattern cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, pattern cal. (i) Image 3, our method.

Figure A.13: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration and our optimization method for scenario 33
with all cameras included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, pattern cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, pattern cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, pattern cal. (i) Image 3, our method.

Figure A.14: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration and our optimization method for scenario 34
with all cameras included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, pattern cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, pattern cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, pattern cal. (i) Image 3, our method.

Figure A.15: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration and our optimization method for scenario 35
with all cameras included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, pattern cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, pattern cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, pattern cal. (i) Image 3, our method.

Figure A.16: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration and our optimization method for scenario 36
with all cameras included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, pattern cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, pattern cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, pattern cal. (i) Image 3, our method.

Figure A.17: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration and our optimization method for scenario 37
with all cameras included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, pattern cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, pattern cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, pattern cal. (i) Image 3, our method.

Figure A.18: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration and our optimization method for scenario 38
with all cameras included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, pattern cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, pattern cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, pattern cal. (i) Image 3, our method.

Figure A.19: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration and our optimization method for scenario 39
with all cameras included in the optimization.
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(a) Image 1, CAD pose. (b) Image 1, pattern cal. (c) Image 1, our method.

(d) Image 2, CAD pose. (e) Image 2, pattern cal. (f) Image 2, our method.

(g) Image 3, CAD pose. (h) Image 3, pattern cal. (i) Image 3, our method.

Figure A.20: Birds eye view images created using the poses from the CAD model,
the latest dynamic pattern calibration and our optimization method for scenario 40
with all cameras included in the optimization.
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The following pages show the relative angles between the factory calibration or the
dynamic pattern calibration (only one of them is available for each scenario). Note
that these calibrations were done some time ago when the data was collected. The
angles are given for the relative rotation matrix Rrel relating the factory/dynamic
pattern calibration Rpattern to our calibration Rour by Rpattern = RrelRour.
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Table B.1: Relative angles in degrees between the poses from our method and the
factory calibration for scenario 1.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye 0.59 -0.3 0.13

Front fisheye 1.37 0.54 -0.27
Right fisheye 0.89 -0.19 -0.4
Back fisheye 0.76 0.15 -0.22

Table B.2: Relative angles in degrees between the poses from our method and the
factory calibration for scenario 2.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.91 -0.4 1.0

Front fisheye -0.51 -0.36 0.9
Right fisheye -0.21 -0.26 0.95
Back fisheye -0.42 -0.11 0.87

Table B.3: Relative angles in degrees between the poses from our method and the
factory calibration for scenario 3.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.94 -0.18 0.83

Front fisheye -0.53 -0.29 1.02
Right fisheye -0.46 -0.09 0.4
Back fisheye -0.23 0.59 -0.25

Table B.4: Relative angles in degrees between the poses from our method and the
factory calibration for scenario 4.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.79 0.06 1.21

Front fisheye 1.28 0.74 0.71
Right fisheye -0.59 -0.07 0.16
Back fisheye -0.35 0.46 0.68
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Table B.5: Relative angles in degrees between the poses from our method and the
factory calibration for scenario 5.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.02 -0.17 0.63

Front fisheye 1.73 0.44 -0.1
Right fisheye 0.24 -0.13 0.65
Back fisheye 0.23 0.32 0.71

Table B.6: Relative angles in degrees between the poses from our method and the
factory calibration for scenario 6.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.5 -0.29 0.75

Front fisheye 0.02 0.24 0.66
Right fisheye 0.32 0.02 0.72
Back fisheye -0.11 -0.16 0.75

Table B.7: Relative angles in degrees between the poses from our method and the
factory calibration for scenario 7.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye 0.06 -0.28 0.45

Front fisheye 0.85 0.55 -0.11
Right fisheye 0.42 -0.09 -0.08
Back fisheye 0.25 0.51 -0.26

Table B.8: Relative angles in degrees between the poses from our method and the
factory calibration for scenario 8.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.24 -0.29 0.6

Front fisheye 0.77 0.65 -0.42
Right fisheye 0.11 -0.09 -0.08
Back fisheye -0.08 0.33 0.81

87



B. Appendix 2

Table B.9: Relative angles in degrees between the poses from our method and the
factory calibration for scenario 9.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye 0.26 -0.25 0.06

Front fisheye 1.08 0.69 -0.62
Right fisheye 0.67 -0.13 -0.62
Back fisheye 0.51 0.14 -0.36

Table B.10: Relative angles in degrees between the poses from our method and
the factory calibration for scenario 10.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.37 -0.38 0.68

Front fisheye 1.46 0.4 -0.3
Right fisheye -0.31 -0.04 -0.09
Back fisheye -0.21 0.63 -0.08

Table B.11: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 11.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye 0.01 -0.19 0.19

Front fisheye -0.08 -0.08 0.57
Right fisheye -0.01 0.04 0.51
Back fisheye -0.17 0.22 1.17

Table B.12: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 12.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.25 -0.14 -0.39

Front fisheye -0.19 0.02 -0.04
Right fisheye -0.11 -0.22 -0.15
Back fisheye -0.2 -0.09 -0.62
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Table B.13: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 13.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.18 0.17 -1.08

Front fisheye 0.26 0.16 0.48
Right fisheye 0.37 0.29 -0.23
Back fisheye 0.02 0.15 -0.39

Table B.14: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 14.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.49 0.16 0.18

Front fisheye -0.3 0.33 -0.05
Right fisheye -0.05 0.42 0.59
Back fisheye -0.23 0.52 0.85

Table B.15: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 15.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye 0.35 -0.09 -0.39

Front fisheye 0.42 0.3 -0.57
Right fisheye 0.39 0.26 -0.49
Back fisheye 0.14 0.19 -0.19

Table B.16: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 16.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.1 -0.21 -0.95

Front fisheye 0.21 -0.38 -0.39
Right fisheye 0.18 0.06 -0.25
Back fisheye -0.03 -0.11 -0.94

89



B. Appendix 2

Table B.17: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 17.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.25 -0.1 0.03

Front fisheye -0.34 0.14 0.02
Right fisheye -0.15 0.35 -0.37
Back fisheye -0.35 0.15 0.75

Table B.18: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 18.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye 0.61 -0.18 -0.92

Front fisheye 0.4 -0.02 -1.48
Right fisheye 0.61 0.25 -0.1
Back fisheye 0.29 0.1 0.2

Table B.19: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 19.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye 0.46 -0.16 -1.17

Front fisheye 0.24 -0.42 -1.54
Right fisheye 0.52 0.0 0.03
Back fisheye 0.4 -0.01 -0.43

Table B.20: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 20.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye 0.39 0.14 -0.23

Front fisheye 0.13 0.18 -0.2
Right fisheye 0.73 0.24 0.32
Back fisheye 0.03 0.71 5.29

90



B. Appendix 2

Table B.21: Relative angles in degrees between the poses from our method and
the factory calibration for scenario 21.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.55 -0.15 0.14

Front fisheye -0.24 0.17 0.13
Right fisheye -0.11 0.11 0.15
Back fisheye -0.19 0.07 -0.09

Long range front -0.29 0.04 0.26
Long range back left -0.43 0.09 -0.01

Long range back right -0.06 0.48 0.3

Table B.22: Relative angles in degrees between the poses from our method and
the factory calibration for scenario 22.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.52 -0.28 1.14

Front fisheye 0.12 -0.03 0.69
Right fisheye 0.5 -0.07 0.32
Back fisheye -0.23 0.1 0.15

Long range front 0.22 -0.14 0.77
Long range back left -0.13 -0.06 0.05

Long range back right -0.03 0.36 0.4

Table B.23: Relative angles in degrees between the poses from our method and
the factory calibration for scenario 23.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.56 -0.12 0.56

Front fisheye -0.29 -0.15 0.39
Right fisheye -0.18 0.07 0.37
Back fisheye -0.21 0.41 0.09

Long range front -0.27 -0.18 0.52
Long range back left -0.45 0.3 0.06

Long range back right -0.39 0.63 0.48
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Table B.24: Relative angles in degrees between the poses from our method and
the factory calibration for scenario 24.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.41 -0.22 0.61

Front fisheye 0.02 0.19 0.25
Right fisheye 0.24 0.15 0.43
Back fisheye -0.08 0.07 -0.03

Long range front 0.19 0.02 0.41
Long range back left -0.17 0.07 -0.08

Long range back right 0.06 0.47 0.32

Table B.25: Relative angles in degrees between the poses from our method and
the factory calibration for scenario 25.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.42 -0.21 0.67

Front fisheye -0.11 -0.22 0.28
Right fisheye 0.11 0.11 0.11
Back fisheye -0.14 0.5 0.16

Long range front -0.14 -0.2 0.36
Long range back left -0.35 0.16 0.31

Long range back right -0.17 0.25 0.21

Table B.26: Relative angles in degrees between the poses from our method and
the factory calibration for scenario 26.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.43 -0.29 0.63

Front fisheye -0.15 -0.2 -0.06
Right fisheye 0.06 -0.04 -0.28
Back fisheye -0.02 0.44 -0.37

Long range front 0.02 -0.3 0.07
Long range back left -0.04 0.31 0.03

Long range back right 0.04 0.49 -0.22
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Table B.27: Relative angles in degrees between the poses from our method and
the factory calibration for scenario 27.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.63 -0.08 0.13

Front fisheye -0.2 -0.12 -0.48
Right fisheye 0.1 0.13 -0.21
Back fisheye -0.14 0.29 -0.6

Long range front 0.17 -0.14 -0.2
Long range back left -0.14 0.13 -0.76

Long range back right 0.1 0.42 0.03

Table B.28: Relative angles in degrees between the poses from our method and
the factory calibration for scenario 28.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.77 -0.22 1.83

Front fisheye -0.19 0.07 1.43
Right fisheye 0.07 -0.1 1.04
Back fisheye -0.3 -0.08 1.12

Long range front -0.13 -0.15 1.37
Long range back left -0.64 0.16 0.31

Long range back right -0.43 -0.04 0.98

Table B.29: Relative angles in degrees between the poses from our method and
the factory calibration for scenario 29.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.23 -0.24 0.85

Front fisheye 0.08 0.25 0.1
Right fisheye 0.27 0.15 0.3
Back fisheye -0.01 0.12 0.05

Long range front 0.37 -0.0 0.28
Long range back left -0.15 0.15 0.09

Long range back right 0.09 0.48 0.3

93



B. Appendix 2

Table B.30: Relative angles in degrees between the poses from our method and
the factory calibration for scenario 30.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.69 -0.4 0.75

Front fisheye -0.33 -0.24 0.43
Right fisheye -0.19 -0.07 0.56
Back fisheye -0.42 0.08 0.46

Long range front -0.12 -0.17 0.44
Long range back left -0.39 -0.1 -0.01

Long range back right -0.24 0.33 0.94

Table B.31: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 31.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.37 0.0 0.09

Front fisheye -0.3 0.38 -0.08
Right fisheye -0.13 0.28 -0.18
Back fisheye -0.23 0.39 -0.04

Long range front -0.39 0.21 0.03
Long range back left -0.27 0.22 0.0

Long range back right -0.39 0.21 -0.05

Table B.32: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 32.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.98 1.21 0.0

Front fisheye -0.73 1.17 -0.08
Right fisheye -0.59 -1.67 0.16
Back fisheye -2.02 0.21 1.78

Long range front -1.02 0.69 -0.24
Long range back left 0.33 1.06 -0.09

Long range back right -1.52 -0.76 1.37
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Table B.33: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 33.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.53 0.16 0.28

Front fisheye -0.79 0.19 -0.7
Right fisheye 0.59 -0.62 0.78
Back fisheye -0.41 0.31 -0.19

Long range front -0.55 -0.0 -0.08
Long range back left -0.41 0.13 0.75

Long range back right -0.46 0.12 -0.71

Table B.34: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 34.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.3 0.24 -0.21

Front fisheye -0.37 0.64 0.19
Right fisheye 0.4 0.1 0.35
Back fisheye -0.3 0.47 0.54

Long range front -0.32 0.49 0.27
Long range back left -0.05 0.11 0.48

Long range back right 0.07 0.34 0.23

Table B.35: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 35.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye 0.06 0.22 -0.31

Front fisheye -0.18 0.37 -0.75
Right fisheye 0.04 0.02 -0.65
Back fisheye 0.03 0.52 -0.22

Long range front -0.15 -0.01 -0.49
Long range back left -0.07 0.26 0.03

Long range back right -0.17 0.14 -0.95
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Table B.36: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 36.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye 0.05 0.11 -0.07

Front fisheye 0.41 0.49 0.25
Right fisheye 0.54 0.23 -0.03
Back fisheye 0.28 0.14 0.42

Long range front 0.19 0.29 -0.04
Long range back left 0.26 0.31 0.56

Long range back right 0.66 0.36 -0.09

Table B.37: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 37.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye 0.21 -0.41 -0.54

Front fisheye 0.29 -0.36 -0.19
Right fisheye 0.3 -0.01 -0.09
Back fisheye 0.22 0.03 0.39

Long range front 0.34 0.13 -0.14
Long range back left 1.39 0.36 1.1

Long range back right 0.06 0.09 0.18

Table B.38: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 38.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.68 -0.38 -0.95

Front fisheye -0.11 -0.3 -0.94
Right fisheye -0.07 -0.11 -1.16
Back fisheye -0.41 0.17 0.03

Long range front -0.22 -0.27 -0.77
Long range back left -0.32 -0.18 -0.6

Long range back right -0.69 0.13 1.36
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Table B.39: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 39.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye 1.06 0.24 -0.99

Front fisheye 0.59 -0.14 -0.91
Right fisheye 0.54 -0.08 -0.69
Back fisheye 0.81 0.48 0.07

Long range front 0.26 -0.3 -0.92
Long range back left 1.02 0.39 -0.43

Long range back right 0.44 0.11 0.24

Table B.40: Relative angles in degrees between the poses from our method and
the dynamic pattern calibration for scenario 40.

Camera
Angle in

x-direction
Angle in

y-direction
Angle in

z-direction
Left fisheye -0.13 0.01 -0.22

Front fisheye -0.22 0.07 -0.02
Right fisheye 0.44 -0.24 0.41
Back fisheye -0.11 0.34 0.31

Long range front -0.19 0.1 0.14
Long range back left -0.13 0.27 -0.94

Long range back right -0.02 0.11 0.0
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