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Abstract

Camera calibration, or the process by which we identify how an image was formed,
is a key component in the analysis and enrichment of sports videos, as it bridges
the images to the 3D geometry of the sports scene. This problem is extensively
studied and is at the core of many applications. Yet in the context of this industrial
thesis, we found a gap between the demanding environment of broadcasting and the
existing research. Indeed, sports scenes present several challenges for classical camera
calibration solutions: scenes are captured from distant viewpoints and contain both
texture-less and repetitive patterns like grass, brand advertisements, and seats in
stadiums. On the other hand, the advantage of sports is the presence of sports field
markings, which offer a convenient calibration target. However, each sport needs a
specific detector and dedicated datasets to learn the detection of these markings in
challenging conditions. The problem is that we found the ground truth of available
datasets incompatible with the level of precision required in an industrial environment.
Through this thesis, we have addressed these gaps, namely by working on ways to
annotate datasets in the absence of physical ground truth for camera parameters,
and by proposing a metric that is compatible with industrial needs within the limits
of available data. We also proposed different methods that advance the state of the
art, and importantly, that are grounded in the physical realities of broadcast cameras.
In a context where everything is easily learned, we investigated how geometry can
be of use when our practical scenarios reach the limits of the existing datasets.

Finally, through collaborations with industry, and our strong community involve-
ment in the SoccerNet initiative, we enforced our vision and requirements to the
scientific community, and thus enabled new research directions in the realm of sports
analytics that are aligned with sports broadcasters’ needs.

Through its contributions and by laying the groundwork for future research, this
thesis advances camera calibration for sports and opens new perspectives for robust

geometric understanding of sports scenes.

i



Acknowledgements

We thank the Service Public de Wallonie (SPW) Recherche of Belgium for supporting
this work with the Grant N°8573.

These acknowledgements will be updated.

1l



Contents

Abstract ii
Acknowledgements iii
List of Abbreviations vii
Notation viii
1 Introduction 1
1.1 Context . . . . . . . e 1

1.2 Outline. . . . . . . . . . e 2

2 A Guide to Camera Calibration 5
2.1 Modeling a camera . . . . . . ... L o 5
2.1.1 Pinhole camera . . . . . . ... ... ... ... .. ... .. 5)

2.1.2 Homographies . . . . . . . .. ... 7

2.1.3 Lens distortion . ... ... ... ... .. ... ... .... 9

2.2 Estimating camera parameters . . . . . . .. ... ..o oL 9
2.2.1 From correspondences . . . . . .. ... ... ... 10

2.2.2 Retrieval-based camera calibration . . . . ... ... ... .. 11

2.2.3 Absolute pose regression . . . ... ... 12

2.2.4  Perspective and field-of-view fields . . . . ... ... .. ... 13

2.2.5  Geometry foundation models. . . . . . .. ... ... 13

226 Conclusion. . . .. ... .. ... . e 14

3 Benchmarking Camera Calibration in Sports

(1% article) 15
3.1 Introduction . . . . . . . .. .. ... 17
3.2 Related work . . . .. ..o 20
3.2.1 Datasets to benchmark camera calibration . . . . .. ... .. 20
3.2.2  Evaluation of camera calibration in sports . . . . ... .. .. 21

v



Contents

3.3 A model-agnostic camera calibration benchmark . . . . .. ... ... 24
3.3.1 Annotations: beyond homographies . . . . .. ... ... ... 24
3.3.2 Ewvaluation metric . . . . . ... oL oo 26

3.4 Results. . . . . . e 28
3.4.1 Description of the datasets . . . . . ... ... ... .. .... 28
3.4.2 A better camera model for broadcast cameras . . . ... ... 28

3.5 Discussion . . . . . ... e e 30

3.6 Conclusion . . . . . . . . . . . e 31

Broadcast Camera Tracking

(2" article) 33
4.1 Introduction . . . . . . . . . ... 35
4.2 Related work . . . ... oo 37
4.3 Method . . . . . .. 39
4.3.1 Broadcast cameramodel . . . .. ... ... ... L. 39
4.3.2  Complete description of our tracking system . . . .. ... .. 41
4.3.3 Reinitialization algorithm . . . . .. ... ... ... ..... 44
4.4 Results. . . . . o 45
4.4.1 Tracking system on SoccerNet-gamestate . . .. .. ... .. 45
4.4.2 Reinitialization on SoccerNet-calibration . . . . . .. ... .. 47
4.4.3 Ablationstudy . . ... ... oo 47
4.4.4 Physical soundness . . . . .. ... L oL 48
4.4.5 Long-term tracking . . . . . ... .. ... oL 48
4.5 Conclusions . . . . . . . .. 49

Leveraging Circular Markings

(3" article) 53
5.1 Introduction . . . . . . ... Lo 54
5.2 Related work . . . . . . ... 56
5.3 Method . . . . . . 59
5.3.1 Case 1: Line correspondence . . . . . . . .. ... ... .... 61
5.3.2 Case 2: Point correspondence . . . . .. ... ... .. .... 61
5.3.3 Case 3: Unknown center . . . . ... ... ... .. ...... 62
5.4 Experiments . . . .. ... 63
5.4.1 PnLCalib keypoint detector . . . . .. .. ... .. ... ... 63
5.4.2 Qualitative results . . . . ... .. Lo 64
5.4.3 Quantitative Results . . . . .. ... ... ... ... ..... 64
54.4 Unknown center . . . . . . . ... ... ... 68



Contents

5.5 Discussion . . . . . . ...,

5.6 Conclusion . . . . . . . . .

6 Sport-agnostic Metric Rectification of Sports Field
(4" article)

6.1 Introduction . . . . . . .. ... Lo
6.2 Related Work . . . . . .. ... Lo
6.2.1 Sports camera calibration . . . ... ... ... ..
6.2.2 Single-image camera calibration . . . . . .. .. ..
6.2.3 Monocular depth estimation . . . .. ... ... ..
6.2.4 Line and vanishing point detection . . . . ... ..
6.2.5 Rectification . . . . . ... ... ... 0L
6.3 Method . . .. .. ...
6.3.1 Problem statement . . . ... ... ... ... ...
6.3.2 Pipeline overview . . . . .. ...
6.3.3 Plane segmentation from depth models . . . . . ..
6.3.4 Parallel lines detection . . . . . .. ... ... ...
6.3.5 Focal length from parallel lines . . . .. .. .. ..
6.3.6 Focal length aggregation . . . . .. .. .. ... ..
6.4 Experiments . . . . .. ... Lo
6.4.1 FExperimental setup . . . . ... ...
6.4.2 Baselines. .. ... ... .. .. ...........
6.43 Mainresults . . . .. ... oL
6.4.4 Qualitative results . . . .. .. ... ... ... ..
6.5 Discussion . . . . . .. ... e
6.6 Conclusion . . . . . ... ... ... ..

7 Conclusion

7.1 Contributions . . . . . . . . . . ...

7.2 Future Work . . . . .. ...

7.3 Perspectives . . . . ... oL
Bibliography

vi



List of Abbreviations

APR Absolute Pose Regression. 12, 57, 58

AR augmented reality. 19, 40, 73, 78, 82, 83, 90
DLT Direct Linear Transform. 10, 11, 59

LM Levenberg-Marquardt. 11, 13

MDE Monocular Depth Estimation. 13, 77
OOD Out-of-Domain. 63, 65-67

PCA Principal Component Analysis. 79

PnP Perspective-n-Point. 10, 37, 55, 59
RANSAC RAndom SAmple Consensus. 10, 11, 38, 45, 69

VP Vanishing Point. 80

Vil



Notation

This section summarizes the main mathematical notation used throughout this thesis.

(General mathematical notation

Symbol Description

(a,b) Dot product of vectors a and b.

axb Cross product of vectors a and b.

1% Euclidean norm, or ¢, norm, of vector x.
P Projective space.

X Vector, represented by a bold symbol.

Matrix, represented by a typewriter symbol.

I Identity matrix.

M7 Transpose of matrix M.
M1 Inverse of matrix M.

x Estimate of a quantity x.

Camera geometry and calibration

Symbol Description

K Camera or camera parameterization.
P Camera projection matrix.

K Camera calibration matrix.

R Camera rotation matrix.

t Camera translation vector.

C Camera optical center, or focal point.
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Notation

Symbol Description

T Rotation center of a camera mounted on a tripod.
Cy Coordinate of the camera optical center along axis x.
P = (Ps,Py) Principal point and its image coordinates.

far fy Horizontal and vertical focal lengths.

5 Skew coeflicient of the intrinsic calibration matrix.
0,0,y Camera pan, tilt, and roll angles, respectively.

t Time or frame index.

X Three-dimensional point.

X Two-dimensional image point.

7 (X) Projection of the 3D point X into the image by camera k.
x,y Coordinates in the image plane.

z,y Coordinates in the normalized image plane.

ki, ko First- and second-order radial-distortion coefficients.

Sports-field representation

Symbol

Description

F

Geometric template of the sports field.

Classification notation

Symbol Description

TP Number of true positives.
TN Number of true negatives.
FP Number of false positives.
FN Number of false negatives.
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Notation

Evaluation metrics

Symbol Description

IoU Intersection over Union.

ToUpart Sports field registration metric: intersection over union
computed over the visible field region.

ToUwnole Sports field registration metric: intersection over union
computed over the entire field region.

JaC Jaccard-based camera calibration metric.

JaC, Jaccard-based camera calibration metric evaluated with
threshold 7.

MRE Mean reprojection error.




Chapter 1

Introduction

1.1 Context

This thesis is the result of an industrial doctorate in collaboration between the Faculty
of Applied Sciences of the University of Liége and EVS, a Belgian company, and a
world leader in broadcasting technology. EVS is renowned for its replay servers; they
are used around the world to record the camera streams from live events like sports,
and to transmit them live to end-watchers. This industrial thesis is an attempt at
leveraging recent advances in computer vision to enable the creation of value for
EVS, while contributing to the state of the art.

As a company operating in the broadcasting industry, EVS has access to a
high volume of video data. These videos originate from a wide range of sports
productions and include not only the main broadcast feed, i.e. the program seen by
all on television, but also the complete set of camera streams available during an
event. This access to the full set of cameras capturing an event is a key advantage
for enriching the content of EVS clients. These enrichment possibilities include
automatic tagging of events, summarization, cropping, reframing, and tracking of
the ball and players in two dimensions and even in three dimensions. These features,
in turn, enable advanced applications such as tactical analysis, virtual cameras,
free-viewpoint videos, or 3D replays.

This access to data makes EVS particularly well positioned to recover three-
dimensional information from the various camera feeds recorded on its servers. This
is a differentiating factor and, at the same time, a demanding position, as EVS will
work with any production’s cameras without assuming much control or information
about the setup, which are the constraints for real-world production considered in
this work. In addition, cost considerations prevent dedicated acquisition efforts,

meaning that we must rely on existing footage captured by unknown cameras, under



1.2. Outline

unknown settings, and for purposes unrelated to computer vision.

Under these constraints, extracting valuable three-dimensional information about
the game nevertheless remains possible through geometric vision techniques such
as camera calibration and triangulation. These methods transform raw images into
quantitative representations of the scene, enabling the recovery of player positions,
object trajectories, and spatial relationships. In practice, camera calibration consti-
tutes the cornerstone of spatial game understanding, as it provides the geometric
foundation upon which all subsequent reasoning can be extracted from images.

At the beginning of this thesis, we observed that this fundamental problem had
received limited attention from the research community. Camera calibration is rarely
an end goal in itself and is more often an intermediate step to achieve higher-level
tasks such as player tracking, pose estimation, or tactical analysis. Consequently,
small calibration errors are often tolerated, provided that the final application remains
competitive on benchmark datasets.

In a broadcasting context, however, the requirements are considerably more
demanding. While an average calibration result may have little impact on academic
benchmark scores, even a small geometric misalignment can become immediately
visible when graphics, virtual advertising, offside lines, or other augmented-reality
elements are overlaid onto a live broadcast viewed by millions of spectators. In this
setting, calibration accuracy is not merely a benchmarking metric but a prerequisite
for maintaining the quality and credibility of the production. This difference in
priorities creates a gap between research objectives and industrial needs.

In this thesis, we sought to address this gap. Beyond proposing novel methods and
analyses, we believe that our involvement in the research community has contributed
to renewed interest in the problem and helped raise awareness of the importance of
accurate camera calibration for sports broadcasting applications.

Through this work, we asked ourselves how best to evaluate camera calibration
given the available datasets and pseudo-ground truth; which camera model represents
best the cameras used in live production; how to exploit different types of geometric
correspondences; and how to enable content enrichment without sport-specific knowl-
edge, relying solely on the planarity of the sports field and the presence of straight

line markings.

1.2 Outline

This cumulative thesis presents four papers written as first author, either published

or under review. Except where explicitly noted, all code and experiments were
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developed exclusively by the author. First, as a prelude to our contributions, we give

a concise overview of camera calibration in Chapter 2.

Chapter 3 challenges current benchmarking procedures in sports environments
and introduces an alternative benchmarking protocol. The chapter presents the
following publication: Floriane Magera, Thomas Hoyoux, Olivier Barnich, and Marc
Van Droogenbroeck. “A Universal Protocol to Benchmark Camera Calibration for
Sports”. In: IEEE/CVF Conference on Computer Vision and Pattern Recognition
Workshops (CVPRW). Seattle, Washington, USA: IEEE, June 2024, pp. 3335-3346.

Chapter 4 is an attempt at modeling broadcast cameras and addresses camera
calibration over time, following the camera modeling work initiated in the previous
chapter. For the results presented in this chapter, a part of the code regarding the
optical flow was written by Thomas Hoyoux. The chapter presents the publication:
Floriane Magera, Thomas Hoyoux, Olivier Barnich, and Marc Van Droogenbroeck.
“BroadTrack: Broadcast Camera Tracking for Soccer”. In: IEEE/CVF Winter
Conference on Applications of Computer Vision (WACV). Tucson, Arizona, USA:
IEEE, Feb. 2025, pp. 6177-6187.

In Chapter 5, we address an edge case of camera calibration in sports, where we
can leverage the presence of circular field markings. Chapter 5 explores the use of
these particular geometric primitives and reports the work published in the following
paper: Floriane Magera, Thomas Hoyoux, Martin Castin, Olivier Barnich, Anthony
Cioppa, and Marc Van Droogenbroeck. “Can Geometry Save Central Views for
Sports Field Registration?” In: IEEE/CVF Conference on Computer Vision and
Pattern Recognition Workshops (CVPRW). Nashville, Tennessee, USA: IEEE, June
2025, pp. 6060-6069.

Chapter 6 integrates geometric foundation models in camera calibration for sports,
with the challenge of being agnostic to the sport at hand. This last chapter is about
a paper that is currently under review: Floriane Magera, Olivier Barnich, Marc
Van Droogenbroeck, and Daniel Barath. Beyond Field Registration: Sports-Agnostic
Metric Rectification from a Single Image. Submitted to a conference. 2026.

Other collaborations not reported in this thesis are:

- Anthony Cioppa et al. “Camera Calibration and Player Localization in SoccerNet-
v2 and Investigation of their Representations for Action Spotting”. In: IFEE
International Conference on Computer Vision and Pattern Recognition Work-
shops (CVPRW), CVsports. Nashville, Tennessee, USA, June 2021, pp. 4532
4541.

For this paper investigating the action spotting potential uncovered by players

3
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localization on the sports field, the first step to obtain the player tracking data
was to calibrate the cameras of the SoccerNet dataset. My contribution was to
generate a dataset of camera calibrations with EVS’ certified camera calibration
product [6] and then to train an existing camera calibration method [7] on this

pseudo-ground truth. The camera calibration code is available.

- Vladimir Somers et al. “SoccerNet Game State Reconstruction: End-to-End
Athlete Tracking and Identification on a Minimap”. In: IEEE/CVF Conference
on Computer Vision and Pattern Recognition Workshops (CVPRW). Seattle,
Washington, USA: TEEE, June 2024, pp. 3293-3305
For the Game State Reconstruction challenge of SoccerNet, I was in charge of
providing the players positions in the tactical view of the football field, which
required calibrating all images of the dataset and ensuring the smoothness of

the camera parameters to retrieve valid player positions.

- Silvio Giancola et al. “SoccerNet 2022 Challenges Results”. In: International
ACM Workshop on Multimedia Content Analysis in Sports (MMSports). Lisbon,
Portugal: ACM, Oct. 2022, pp. 75-86
I was the task lead for both field localization and camera calibration chal-
lenges. I provided baseline and evaluation code, and oversaw both challenges

organization.

- Anthony Cioppa et al. “SoccerNet 2023 challenges results”. In: Sports Engi-
neering 27.2 (July 2024), pp. 1-18
The same challenges were reconducted; I was supervising the annotation of
more frames for both challenges and oversaw the organizational details of the

challenges.
Finally, several of my works are available on GitHub. The list is the following:

- https://github.com/evs-broadcast/BroadTrack provides the code of Broad-
Track [2].

- https://github.com/SoccerNet/sn-calibration provides the metric de-
fined in our benchmarking protocol [1], and the baseline provided for SoccerNet

camera calibration and field-marking detection challenges.

- https://github.com/evs-broadcast/CCBV provides the camera calibration

algorithm used in Cioppa et al. [5], which is an implementation of [7].


https://github.com/evs-broadcast/BroadTrack
https://github.com/SoccerNet/sn-calibration
https://github.com/evs-broadcast/CCBV

Chapter 2

A Guide to Camera Calibration

Camera calibration is the process of estimating the parameters of a model that
characterizes how an image was formed. These parameters depend on the camera
model, which is the mathematical definition of how a three-dimensional scene is
turned into a two-dimensional plane, the image. Among various standard camera
models (e.g. pinhole, orthographic), the pinhole model is assumed throughout this
thesis, as it applies to the vast majority of real-world images.

Understanding how images are formed is a way to interpret the three-dimensional
world from this condensed information. This is the whole purpose of this thesis:
enabling interpretation and image augmentation through implicit three-dimensional

world understanding.

2.1 Modeling a camera

2.1.1 Pinhole camera

The pinhole camera model forms images by projecting light rays through a single
point, known as the pinhole, onto an image plane. The physical phenomenon
underlying this model, referred to as the camera obscura (see Fig. 2.1), has been
known since antiquity and can easily be observed in nature through small openings,
such as gaps between tree leaves or a hole in a dark enclosure.

In this model, light rays are assumed to travel along straight lines. When a scene
is observed through a small aperture in an otherwise dark chamber, an inverted image
of the scene is formed on the opposite side of the pinhole. The size of the projected
image depends on the geometric configuration, including the distance between the
pinhole and the image plane.

This geometric construction can be formalized using similar triangles. As illus-
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Dark room

Figure 2.1: Camera obscura: a dark chamber projecting an inverted image through
a small hole. Source: camera-obscura.

- 7 C FI Do

principal axis f

camera
centre image plane

Figure 2.2: Pinhole camera. A point X is imaged on the image plane at the point x,
its coordinates are obtained using similar triangles. Image taken from Hartley and
Zisserman [11].

trated in Fig. 2.2, a three-dimensional point X = (X, Y, Z) is projected onto the

image plane at position x = (z,y) according to

r=f%,

4 (2.1)
_ Y
y_fzv

where f denotes the distance between the pinhole and the image plane, commonly
referred to as the focal length. These equations establish the fundamental relationship
between a three-dimensional scene and its two-dimensional image, forming the basis
of camera calibration. These projection equations are not linear because of the
division by Z. To obtain linear equations, it is convenient to introduce homogeneous
coordinates. A two-dimensional point (x,y) is represented by any triplet (u,v,w)
such that x = u/w and y = v/w, while a three-dimensional point (X,Y, Z) can be
represented as (X,Y,Z 1), in its normalized form. In this representation, image
formation can be expressed as a matrix multiplication defined up to an arbitrary
scale factor.

Accounting for the fact that the image origin is commonly located at its upper

left corner, we introduce a new quantity, the principal point p = (p, p,), which is


https://www.camera-obscura.co.uk/news/article/what-is-a-camera-obscura/

2.1. Modeling a camera

the point of intersection of the principal axis, the Z-axis, or look-at orientation of

the camera and the image plane. Equation (2.1) can then be rewritten as:

K

—_——~
u f 0 p| (X
v ]| =10 f p| |Y |- (2.2)
w 0 0 1 A

This transformation is carried out by the calibration matrix K, whose parameters are
called the intrinsic camera parameters.

Up to this point, the three-dimensional point coordinates were expressed in
the system of axes relative to the camera. In sports and multi-view setups, it is
convenient to express 3D coordinates in a common 3D world reference system. This
requires applying a rotation and a translation to a 3D point to convert it to the
camera reference system before projecting it to the image plane. With the camera
center, or focal point, expressed in the world reference system by C, the rotation
R and translation t = —RC form the extrinsic camera parameters. Together, the
intrinsic and extrinsic parameters can be combined and form the projection matrix
P:

X
(4 t P
~ = —~—=1Y
v = KR(X — C) = K(RX —RC) = K[R|t] . (2.3)
YA
w
1

In the end, the coordinates in the image can be obtained from the homogeneous

coordinates (z,y) = (u/w,v/w).

2.1.2 Homographies

Another essential mathematical element to introduce is the homography: a ho-
mography is an invertible mapping h from the projective plane P* (homogeneous
3-vectors) to itself such that three points xy, &y, and x3 lie on the same line if and
only if h(x;), h(xz) and h(xz) do |11, p. 32]. This property is particularly useful in
sports broadcasts, where most semantic information (field markings, player positions,
referee locations) lies on the playing surface. As sports fields are mostly planar,
it is convenient to use homographies to represent the mapping between the sports

field plane and the image plane. Furthermore, this mapping can conveniently be
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expressed in terms of camera parameters. If we set the sports field plane as Z = 0,

then the projection equation becomes:

X
——
v | =K[rirat] | Y | = K[R|t] : (2.4)
1

= o <X

with r; the i"® column vector of the rotation matrix R. The homography matrix is
a homogeneous 3 x 3 matrix that maps 2D points of the sports field plane to their
imaged point. As sports fields have fixed dimensions, this homography is a way
to transfer 2D points lying on the pitch plane to a common reference system; this
homography performs sports field registration.

Through Eq. (2.4), a homography can be constructed from the parameters of
a pinhole camera observing a planar scene. While the reverse conversion is also
possible, it is generally not lossless in practice. Indeed, an estimated homography
does not necessarily satisfy the geometric constraints imposed by the pinhole model,
such as the chosen intrinsic parameterization and the orthonormality of the rotation
matrix. By using the construction of the homography from Eq. (2.4), we can estimate
K using the algorithm explained by Hartley and Zisserman [11, p. 225|, which exploits
constraints on the calibration matrix and planar homographies. The rotation matrix
R can be obtained from K™'H ~ [r;ryt] followed by orthonormalization of the recovered
rotation vectors.

Homographies also enable playing with other geometric primitives easily, which is
of prime interest in the case of sports broadcasting, with sports field markings being
a collection of straight lines, circles, and points of regulated dimensions. Lines in the
projective plane P? are defined as vectors 1 = (a,b,c)", and if a point x = (z,y,1)7
belongs to the line 1, then x"1 = ax + by + ¢ = 0. Through the transformation of a
homography, the line 1 becomes 1’ and points belonging to 1 become: x’ = Hx and by
definition, x’TI’ = x"H']’ = 0 hence 1 =H'I’, or I’ = H 1.

Finally, for circular field markings, a circle is a particular type of conic. A conic
C is defined by the quadratic equation ax?® + dy? + 2bxy + 2cx + 2ey + f = 0 that

can be rewritten using homogeneous coordinates as:

a b c x
xTsz(x Yy 1) b d e y|=0. (2.5)
c e f 1
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Under a homography transformation, the conic equation becomes: x '¢'x’ = x"H'C'Hx
0 and thus C = H'C'H or
¢ =HTcH'. (2.6)

2.1.3 Lens distortion

Camera optics induce a form of image distortion due to the physical properties of
the camera lenses. There are different types of distortions, but in the context of
this thesis, there is one type that we found particularly noticeable in sports content:
radial distortion. Depending on the field-of-view of the camera, this distortion can
be visible in the image, with wider field-of-view values exhibiting stronger effects. In
sports, radial distortion is probably the most noticeable distortion type, which causes
straight lines to appear curved in images. Its intensity grows with the distance to
the center of distortion. Generally, this center of distortion is assumed to be at the
image center and thus coincides with the principal point. In this thesis, we use the
radial distortion model proposed by Brown [12].

Augmenting our pinhole model with radial distortion, the point X is expressed
in the camera frame: X = R(X — C), it is then projected in the normalized image
plane (z,y) = (X¢/Zc, Yo /Ze). An image point is distorted according to its squared

2

distance to the image center r? = 22 4+ y? and the final distorted image point in

pixels (x4,y4) can be obtained by:

Tqg = f(.T(l + k17”2 + k27’4 + k37'6)) + Dz,

(2.7)
ya = fly(1 + kir? + kor® + l{;37’6)) +py

The coefficients k; are called the radial distortion coefficients. Common radial
distortion effects are pincushion, barrel, or even mustache distortion. There exist
other types of distortion, such as tangential or thin prism distortion, but their effect
is generally negligible in the context of broadcast images.

The careful reader might note that, by their definition, homographies are unable
to capture radial distortion. Consequently, significant distortion requires undistorting
the image points before applying a homography-based model to describe the image

formation process.

2.2 Estimating camera parameters

With the geometric relationship between the 2D image plane and 3D space defined,

the subsequent section focuses on the estimation of the underlying intrinsic and
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extrinsic camera parameters. Numerous methods exist for camera calibration. In
the following sections, we will review a few ways to calibrate a camera from a single

1mage.

2.2.1 From correspondences

The classical method to calibrate a camera or to register a sports field is to obtain
correspondences: known 3D elements are localized in the image. For points, this
would give sets of point pairs {X; : (X;,Y;, Z;,1),x; : (x;, 44, 1)}. Each point pair

satisfies the following equation:
x; x PX; = 0. (2.8)

Each correspondence pair gives two linearly independent equations. The projection
matrix P is a 3 X 4 matrix, in homogeneous coordinates, such that one degree of
freedom is dropped by the scale ambiguity. Estimating P requires fixing eleven degrees
of freedom, and as each correspondence gives us two equations, six point pairs are
required to estimate P. If the configuration is not degenerate, the homogeneous
system of equations obtained from Eq. (2.8) in terms of P’s entries can be solved
using the Direct Linear Transform (DLT) algorithm.

The DLT is the easiest way to estimate the projection matrix, but it is also
the most demanding in terms of correspondence numbers. Indeed, the projection
matrix P captures more complexity than the model allowed by our pinhole camera
model, as we assume square pixels and centered principal point, the calibration
matrix K has only one degree of freedom, plus the extrinsic parameters’ six degrees
of freedom, totaling seven degrees of freedom. There exist other Perspective-n-Point
(PnP) solvers, such as P4Pf [13] which only needs four-point correspondences to
estimate the camera’s focal length and extrinsic parameters.

Similarly, the homogeneous matrix H is a 3 x 3 matrix, defined up to scale, that
has eight degrees of freedom. We only need four correspondence pairs to estimate it.
The interest of homography estimation also lies in the ease of leveraging lines and
points. Besides stacking equations of the form x’ x Hx = 0, one can also add equations
corresponding to line correspondences: 1 x H'l' = 0. The ease of exploiting mixed
geometric primitives for homography estimation does not extend in a straightforward
manner to conics because of the quadratic nature of the Eq. (2.6). This difficulty is
further investigated in Chapter 5.

However, points and lines can be in degenerate configurations, point or line

detections can be noisy, which motivates the use of robust algorithms like RAndom
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SAmple Consensus (RANSAC) [14] to find the best camera parameters or the best
homography given the quality of the detections.

Starting from the parameters obtained directly from the DLT or from the
RANSAC’s results, a final non-linear optimization minimizes the geometric dis-
tance between measurements and their projection. A traditional approach consists
in refining the estimated camera parameters using the Levenberg-Marquardt (LM)
algorithm to minimize the geometric reprojection error.

In the context of sports, many camera calibration techniques exploit the fact
that sports fields have fixed dimensions and known shapes. Building a sports field

detector is thus an approach that enables obtaining 2D-3D correspondences.

2.2.2 Retrieval-based camera calibration

In the previous section, we have seen a classical approach to estimating camera
parameters. The classical approach implies the detection of geometric primitives
and the establishment of reliable correspondences with known landmarks in the
images. Obtaining a sufficient amount of such geometric primitives (often points or
lines) is not always possible, especially in close-ups, with texture-less environments
such as sports fields. A way to bypass this requirement for correspondences is to
exploit prior knowledge of the observed scene and estimate the camera parameters
from a history of past camera calibrations. With the recent advances of deep neural
networks, robust visual place recognition is now possible, enabling to retrieve images
depicting the same location despite significant illumination or weather changes. This
is a broad problem in the computer vision community and is mostly studied in the
context of visual relocalization. In a simplified retrieval pipeline, a query image
is first processed by a deep neural network to extract a compact visual descriptor.
These features are compared to a database of features corresponding to the calibrated
images of the database, according to a similarity metric.

Formally put, image retrieval-based methods first populate a database D :

{(I;,Ki, R, t;) }Y ), learn a descriptor ¢(-) and retrieve for an image query I,

Ij = argmax s(¢(Iy), (1)) , (2.9)

()

where s(+) is a similarity function like cosine similarity. The final camera parameters
are retrieved from D: x* = (K;,R;,t;). In practice, modern retrieval-based methods
rarely rely solely on the nearest neighbor. Instead, multiple candidates are often
retrieved and subsequently combined, or used to initialize a geometric refinement

stage that further optimizes the camera parameters. In camera calibration for sports
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broadcasting, a final refinement step is usually performed to further improve the
estimated camera parameters.

Sports broadcast images present a major advantage: their standardized field
markings simplify synthetic database generation. Instead of storing real images,
semantic segmentation maps of field markings are matched against field model
projections across a broad range of camera configurations |7, 15]. This synthetic
approach inherently generalizes the database to new or unknown venues, assuming
an operational field-marking detector.

Formally, the database is constituted with synthetic images D’: {(m; (F), Ky, Ry, t;) }v,
where ; (F) is the projection of the field markings model using the camera param-
eters (K;,R;, t;). For the retrieval part, having a detector d(-) that performs the
semantic segmentation of field markings F, the similarity function is applied to
the semantic segmentation of the image and the synthetic maps generated by the

projection of the field model using the camera parameters max; s(d(1), m; (F)).

2.2.3 Absolute pose regression

In recent years, deep learning has not only been successfully deployed for semantic
classification tasks, but direct regression tasks have also seen significant performance
gains. With this in mind, why limit the task to retrieval approximation instead of
predicting camera parameters directly? This is the approach investigated by Kendall,
Grimes, and Cipolla [16] where the camera extrinsic parameters are predicted by a
small deep neural network that has been trained on the scene. Formally, Absolute

Pose Regression (APR) methods learn a mapping function:
O(I) — (R,t). (2.10)

Unfortunately, according to Sattler et al. [17], these neural networks fail to
generalize and rather perform an image retrieval task implicitly. As a way to mitigate
this, some methods combine the image retrieval task with a relative pose regression
task to better generalize.

In the sports domain, absolute pose regression has primarily emerged through
hybrid approaches built upon the homography regression network proposed by
DeTone, Malisiewicz, and Rabinovich [18]. While originally developed to estimate
the homography between two images, making it closer to a relative pose estimation
task, this framework was adapted to regress the homography relating a sports field

model to an input image.
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2.2. Estimating camera parameters

2.2.4 Perspective and field-of-view fields

Recent works have shown that over-parametrized representations generalize well [19].
This observation has motivated several approaches that formulate camera calibration
as the prediction of dense geometric fields rather than a direct regression problem.

Several works have shown great success at framing intrinsics camera parameters
estimation as a dense per-pixel prediction problem. Perspective fields and Geo-
Calib [20, 21], for example, predict for each pixel x the following geometric cues: up
vectors u and latitudes A\, with A defined as the angle between the viewing ray and
the horizon ®(I,x) — (u, A). Similarly, AnyCalib [22] allows modeling any camera
model by predicting the ray corresponding to each pixel with field-of-view fields
®(1,x) — r. In a second step, these techniques allow recovering intrinsic camera
parameters either by training a neural network |20, by LM optimization [21] or
directly by a closed-form solution [22]. While these methods only enable intrinsic
camera parameter estimation and optionally some orientation-related information,
this partial information can be valuable for sports content enrichment, as will be

explored in Chapter 6.

2.2.5 Geometry foundation models

Another approach that has gained in popularity recently is the generic prediction
of the geometry of the scene from images. Early work in this direction focused
on Monocular Depth Estimation (MDE) which predicts depth maps Z(-), which
define a depth value for each pixel of the input image: ®(I) — Z(-) |23, 24]. In the
latest metric depth estimation works, the neural networks either directly predict
point maps [25] ®(I) — (X(),Y(-), Z(+)), or alternatively, they enable point map

recovery by predicting the focal length [26]: ®(I) — (Z(-), f) and they can recover
L — Pz
X =

Z(xz,y) and Y = 4 }py Z(x,y), with square pixels and the principal
point p = (p., py). This evolution is particularly important for camera calibration,
as point maps can be interpreted as dense 2D-3D correspondences between image
pixels and reconstructed 3D points, from which camera parameters may be estimated.
However, the coordinates predicted by these methods are generally expressed in an
arbitrary local reference system. While most of the time, in order to enrich sports
content in a single view setup, we wish to recover point maps that are expressed in a
known, world reference coordinate system.

Recovering scene coordinates in a predefined reference system has been explored
by Scene Coordinate Regression networks [27, 28] that predict point maps relative

to a scene. However, as these methods are scene-specific, they fall outside the scope
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of foundation models.

Related to a shared coordinate system, but still not solving this issue of anchoring
the scene in a world reference system, DUSt3R [29] and MASt3R [30] are the first
geometric foundation models that allow the estimation of joint metric point maps:
they take two views as input and jointly estimate a point map per input image
that share a common coordinate system. From these jointly reconstructed point
maps, relative camera poses and camera intrinsics can subsequently be estimated.
Later works like VGGT |[31], II? [32], and MapAnything [33] extend these works to
handle several views from the start and estimate point maps and camera poses, and
sometimes auxiliary outputs such as depth maps.

These methods are of great interest as they enable 3D reconstruction from images.
However their application to the broadcast domain remains challenging because (1)
sports scenes are very large, they are underrepresented in common datasets and
therefore constitute a clear out-of-distribution scenario and (2) broadcast cameras
operate across very wide ranges of field of views compared to common benchmarking

cameras which currently primarily target robotics or mobile devices and applications.

2.2.6 Conclusion

In this chapter, we have explored the possible ways to calibrate a camera in an
unknown scene in a generic setting and discussed how it applied to sports broadcasting.
However, we did not discuss the way to evaluate and the available datasets to perform
camera calibration benchmarking. In this regard, sports are very specific, and those
two aspects cannot be treated in a general context. This is the subject of our first
paper. In the next chapter, we address camera calibration in the context of sports
and start by asking ourselves what a good calibration of the camera entails exactly,

especially when ground truth is not available.
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Chapter 3

Benchmarking Camera Calibration in
Sports
(15! article)

This first chapter reproduces the following paper: Floriane Magera et al. “A Universal
Protocol to Benchmark Camera Calibration for Sports”. In: IEEE/CVFE Confer-
ence on Computer Vision and Pattern Recognition Workshops (CVPRW). Seattle,
Washington, USA: IEEE, June 2024, pp. 3335-3346

Prologue

At the beginning of this thesis, we identified a gap between the level of camera
calibration accuracy required by industrial applications and the performance obtained
by state-of-the-art methods. Indeed, in applications such as sports officiating, high
precision is required to assess the position of player limbs up to a few centimeters
from broadcast footage.

At the time, benchmarks for camera calibration consisted of a few datasets that
contained only up to a few hundred images. The ground-truth annotations were
represented as homographies, which is sensible under two assumptions: (1) radial
distortion is negligible and (2) sports fields are planar. Our industrial experience
in football was rather demonstrating that neither assumption holds systematically
in real broadcast environment. As a consequence, evaluation metrics inherited the
same assumptions, making it difficult to determine whether improvements reflected
better camera calibration or better agreement with the benchmark model.

In contrast, the industrial benchmarking procedures require dedicated surveying

equipment, access to stadiums, and broadcast cameras, without mentioning the
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workforce required to operate the cameras and survey the field, grant stadium access,
and obtain broadcasting rights. Scaling these tests to an open-source dataset would
require tremendous investment.

This chapter is an attempt to tackle these issues by finding a way to evaluate
camera calibration such that the cost of creating a dataset is manageable, and such
that the shortcomings of the previous benchmarks are resolved. The objective is to
create a new benchmarking protocol that is both reliable and scalable. The first task
of this thesis was therefore to ensure there was some common ground to publish and
agree on what a good calibration is for sports.

The first contribution of this thesis is thus not a camera calibration method, but
rather aims to establish a better way to assess camera calibration quality. Through our
substantial investment in the SoccerNet community, this new benchmarking protocol
found a direct application to football by the organization of camera calibration and

game state reconstruction challenges.
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3.1. Introduction

A Universal Protocol to Benchmark Camera

Calibration for Sports

Abstract

Camera calibration is a crucial component in the realm of sports analytics, as it
serves as the foundation to extract 3D information out of the broadcast images.
Despite the significance of camera calibration research in sports analytics, progress
is impeded by outdated benchmarking criteria. Indeed, the annotation data and
evaluation metrics provided by most currently available benchmarks strongly favor
and incite the development of sports field registration methods, i.e. methods esti-
mating homographies that map the sports field plane to the image plane. However,
such homography-based methods are doomed to overlook the broader capabilities of
camera calibration in bridging the 3D world to the image. In particular, real-world
non-planar sports field elements (such as goals, corner flags, baskets, ...) and image
distortion caused by broadcast camera lenses are out of the scope of sports field
registration methods. To overcome these limitations, we designed a new benchmark-
ing protocol, named ProCC, based on two principles: (1) the protocol should be
agnostic to the camera model chosen for a camera calibration method, and (2) the
protocol should fairly evaluate camera calibration methods using the reprojection of
arbitrary yet accurately known 3D objects. Indirectly, we also provide insights into
the metric used in SoccerNet-calibration, which solely relies on image annotation
data of viewed 3D objects as ground truth, thus implementing our protocol. With
experiments on the World Cup 2014, CARWC, and SoccerNet datasets, we show that
our benchmarking protocol provides fairer evaluations of camera calibration methods.
By defining our requirements for proper benchmarking, we hope to pave the way
for a new stage in camera calibration for sports applications with high accuracy

standards.

3.1 Introduction

Camera calibration, also known as camera resectioning, is a necessity in many
computer vision tasks. It involves estimating the parameters of a camera model,
usually the pinhole camera model, that approximates the physical camera that
produces a given image. Applications that require accurate calibration are varied

and include virtual reality [34], underwater measurement [35, 36], traffic analysis
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Figure 3.1: Illustration of a successful camera calibration. Lines superimposed in
blue are obtained by projecting the markings of a soccer field. A perfect alignment is
mandatory to enable high-precision applications such as offside position assessment
(in red, a parallel to the goal line to decide on an offside situation). This paper
proposes a new protocol, named ProCC, that has two advantages: (1) it is applicable
to any sport, and (2) its evaluation is based on a new metric which is agnostic to the
chosen camera type and model.

and surveillance [37-39], vehicle localization [40] or speed estimation [41], person
re-identification [42], 3D reconstruction [43], etc. In this paper however, we focus on
calibration of cameras used in sports event broadcasting as shown in Figure 3.1, and
present a new protocol for the evaluation of the camera calibration quality that is
usable for any camera type (static/moving, PTZ, fish-eye, wide angle) and model
(pinhole, with /without radial distortion, etc.).

Camera calibration for sports. In the context of sport, computer vision systems
are used for multiple purposes, such as augmented reality graphics [44], 3D ball
trajectory reconstruction [45] or tracking [46], refereeing [47-49], or the computation
of statistics regarding position, speed, and acceleration of balls, players, bats, sticks,
pucks, ete. [50-53]. The expectations in terms of precision and robustness of these
systems is constantly rising. Both the fact that it is considered as a valid alternative
to GPS trackers for player tracking systems and the fact that the FIFA supported
the use of the SAOT (Semi-Automated Offside Technology) for the 2022 Football
World Cup are good indicators of the trust put in computer vision systems. Sports
analysis is an active subject of research, with several recent datasets gathering
broadcast images with a wide range of annotations serving for game analysis, such

as DeepSportRadar dataset for Basketball [54], or the SoccerNet datasets for soccer
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[55-58]. The SoccerNet dataset which was initially created for action spotting tasks
[57, 59] covers a wide range of tasks for soccer analysis. In particular, the game
state recognition task, one of the latest challenges proposed by the SoccerNet team,
heavily relies on the ability to calibrate the camera to produce a strategic minimap
of the players’ localization [8]. This challenge paves the way to a 3D reconstruction
that will require to be able to calibrate any camera along the field, including close-up
cameras in a multi-view setup.

Camera calibration in the context of sports benefits from the presence of the sports
field whose dimensions are specified by the rules of the game (see for example [60, page
32] for soccer, [61] for basketball, [62] for volleyball, and [63] for ice hockey). Their
well-known shape and their presence in most sports images make them convenient
calibration patterns. Using the field model as a calibration pattern, camera calibration
techniques can thus express the parameters by a projection matrix, and sports field
registration techniques express the mapping between the field plane and the image by
a perspective transform, better known as a homography [64|. Note, however, that the
rules of games allow some tolerance on field dimensions, so calibration systems have
to cope with some dimension uncertainties. In this regard, goal posts are supposed
to be perfectly sized, which makes them adequate to serve as calibration landmarks.

As the terms of “camera” calibration and “sports field” registration can be some-
times used interchangeably in the literature, we deem important to emphasize the
difference between them. A sports field registration technique aims to estimate a
homography, i.e. the transformation between the 3D sports field plane and the image.
This mapping is not defined outside these two planes, which is insufficient for all
3D applications that involve elements outside the field plane. This is a blind spot
in all papers that mention 3D applications such as player and ball tracking, tactics
analysis, augmented reality (AR), etc. On the other hand, a camera calibration
technique provides a mapping between the 3D world (not only the field plane) and
the image, which makes it suited for the aforementioned applications. Sports field
registration is an approximate attempt or a first step towards camera calibration, and
this is why, in this paper, we consider the homography as a camera model, despite
its practical limitations. However, we show that our protocol is applicable to any
model, broadening the possibilities in terms of camera models.

Outline. The rest of the paper is organized as follows. We present the related
work on camera calibration for sports, including a review of existing datasets, in
Section 3.2. Section 3.3 describes the key elements of our benchmarking protocol,

named ProCC, the new metric JaC' that we introduced in SoccerNet-calibration,

'We have renamed the metric from AC, used in SoccerNet-calibration, to JaC to avoid any
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as well as a more relevant ground-truth type, to express the camera calibration
quality. Our benchmarking protocol, including the annotation procedure and its
metric, are the main contributions of this paper. Section 3.4 applies our protocol
to the evaluation of camera calibration for sports broadcast events. This section
also includes an experimental analysis of the protocol for different camera models,
illustrating the universality of our protocol and showing that previous protocols have
limitations that our new protocol can overcome. Section 3.5 discusses the results
and explains why current calibration techniques developed in the literature overlook
the broader capabilities of camera calibration in bridging the 3D world to the image.

Finally, Section 3.6 presents a brief conclusion.

3.2 Related work

In the current state of the art, most of the evaluation procedures are based on
homography annotations (to the best of our knowledge, basketball [65, 66] and
athletics [67] are the only exceptions) which restricts the evaluation to the sports
field plane, even if some techniques compute camera parameters. Indeed, all the
following camera calibration techniques in the literature |7, 15, 68, 69] use the pinhole
model, whose camera parameters can be converted to the homography that maps

the image to the sports field plane.

3.2.1 Datasets to benchmark camera calibration

The latest techniques in camera calibration for sports all leverage the presence of a
sports field to understand the mapping between the image and the world.

By browsing the scientific literature, we found a dozen datasets on which re-
searchers evaluated their methods. Table 3.1 shows that most datasets are only
relevant for sports field registration, as their annotations consist of homographies.
For some datasets, it seems that the ground truth has not been annotated once and
for all, such that several researchers have created their own annotations, which does
not ensure the comparability of their results [70].

The nature of the annotations, the relatively small sizes of the datasets for some
sports, as well as the difficulty of getting access to the data, make the creation of

reliable camera calibration algorithms difficult.

confusion with the notion of accuracy as used in binary classification.
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Name Sport Open data  Size Annotations Techniques
WorldCup 14 Soccer Yes 395  Homographies [5, 7, 15, 50, 68-78]
TS-WorldCup Soccer Yes 3,812  Homographies [75]
SoccerNet-calibration Soccer Yes 21,132  Field markings [69]
CARWC Soccer Yes 4,207  Homographies [79]
SportLogiq Ice Hockey No 1.67M  Not specified [70, 71, 73]
SportsFields by Amazon Multi-sports No 2,967  Homographies [74]
Volley ball Volley ball Yes 470  Homographies [15, 70]
College Basketball Basketball No 640  Homographies [7]
DeepSportRadar Basketball Yes 728  Pinhole model [54]
3DMPB Basketball Yes 10k Pinhole model [66, 80]
Athletics Athletics Yes 10k Pinhole model [67]

Table 3.1: Main current datasets dedicated to camera calibration for different sports.
In this table, we also mention if the annotations are available, the number of
images (Size) for which annotations are provided, if the annotations are specific to
homographies or the pinhole model, and list some camera calibration techniques
using a given dataset. From this table, one can see that the WorldCup 14 dataset is
the most popular dataset for benchmarking, despite its limitations, as explained in
this paper.

3.2.2 Evaluation of camera calibration in sports

Today, most authors evaluate their performance using an intersection over union
metric, more specifically the IoU o metric, that was first introduced by Homay-
ounfar et al. [71] for the performance evaluation of their algorithm on soccer and
ice hockey content. This metric measures the intersection over union between the
real-world rectangle defined by the field template and its successive projection then
deprojection using both the annotated homography and the camera parameters in
the 3D world. This metric was extended by Sharma et al. [72]| into another metric,
denoted by IoUpat, to only account for the parts of the field that are visible in the
image. These two metrics, which are illustrated in Figure 3.2, were applied to other
sports such as volleyball [15, 70|, basketball [7], tennis and American football [74].
In 2022, we launched the SoccerNet-calibration challenge, which is an attempt to
further improve calibration techniques, but despite the organization of two SoccerNet-
calibration challenges [9, 10|, the benchmark of the World Cup 14 (WC14) dataset
remains popular and the most commonly used benchmark. Therefore, we have
collected the results of the current state-of-the-art methods, organized by their year
of publication, regarding the WC14 benchmark in a consolidated leaderboard given
in Table 3.2. However, the evaluation of one method stands out: Theiner et al.
[69] evaluated their method both on the WC14 and SoccerNet-calibration datasets
and, even further, they already showcased some discrepancies between our protocol

ProCC and the WC14 evaluation protocol when applied to the same dataset.
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Reference mloUyhole medloUgpele mIoUpayy  medloUpay

Homayounfar et al. [71] 83 - - -

Sharma et al. [72] - - 91.4 92.7

Chen and Little [15] 89.2 91.0 94.7 96.2

Jiang et al. |73] 89.8 92.9 95.1 96.7

Sha et al. [7] 88.3 92.1 93.2 96.1
Citraro et al. [68] 90.5 91.8 - -

Cioppa et al. [5] 79.8 81.7 88.5 92.3

Li et al. [77] 92.1 04.3 95.1 96.7
Tsurusaki et al. [78] - - 97 -

Nie et al. |74] 91.6 93.4 95.9 97.1

Shi et al. |70] 93.2 94.9 96.6 97.8

Chu et al. [75] 91.2 93.1 96.0 97.0

Zhang and Izquierdo [76] 90.0 92.8 95.3 96.9

Theiner and Ewerth [69] - - 95.3 96.6

Maglo et al. [50] 92 94.1 96.3 97.4

Table 3.2: Consolidated leaderboard by collecting published values on the World
Cup 14 benchmarking dataset. The values are the mean or median intersections
over union (denoted respectively by mloU and medIoU), on the whole field or on
the visible part of it, as mentioned in the references. In this table, references are
organized by their year of publication, and the best values are given in bold.
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Figure 3.2: Visualization of the IoUynee and IoUp,: metrics. Illustration taken
from [7] (©IEEE, 2020).

Furthermore, Nie et al. [74] and Chu et al. [75] provide an exhaustive evaluation by
adding reprojection and projection errors. The projection error measures the average
distance in meters between the projection of pixels sampled in the field image, using
the inversion of both the estimated homography and the ground-truth homography.
The reprojection error measures the average distance between reprojected points in
the image using the ground-truth homography and the predicted homography, this
distance is then normalized by the image height.

All the aforementioned metrics rely on the annotated homographies of the dataset,
which are a limited and simplified interpretation of the observable field markings
in the image. Moreover, with the small size of the World Cup 14 dataset and the
small improvements in performance obtained in the last few years, concerns have
been raised about the relevance of this dataset. Indeed, Chu et al. [75] proposed a
new dataset called T'S-WorldCup to increase the dataset size and allow for tracking
evaluation, Claasen et al. [79] further corrected both the World Cup 14 and the
TS-WorldCup annotations in a revised version named CARWC, which proposes
homographies that are more precise. While the latter two improvements address
some limitations of the current benchmarking protocol, we wish to go one step further

by proposing to get rid of homographies as ground-truth data for camera calibration
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in sports. In our opinion, one major problem with the current benchmarks is the
imperative of a restricted and limited camera model for fulfilling the requirements of
professional use. Indeed, around the field for a top-tier sports game, there can be up
to 50 cameras, of a wide variety of quality: from wide-angle to super slow-motion
cameras or fish-eye cameras, one model does not fit all of them. To circumvent this
issue, we propose a new benchmarking protocol that allows for the use of any camera
model. Furthermore, if we were to actually choose only one camera model for a set
of broadcast cameras, our protocol would allow deducing which model would be
the best fit according to our model-agnostic metric —or usual metrics such as the
reprojection error— instead of choosing an axiomatic, arbitrary camera model from

the outset.

3.3 A model-agnostic camera calibration benchmark

In this section, we describe our new benchmarking protocol that is based on two
main pillars: annotations and a metric. Both are designed by assuming that a good
camera calibration algorithm will be able to produce results that allow a minimal
reprojection error, which is, in fact, the only reasonable assumption when there is
no actual ground-truth knowledge about the broadcast cameras that captured the

images of the datasets.

3.3.1 Annotations: beyond homographies

As an essential requirement for evaluating camera calibration is to handle different
camera models, we must first change the type of the annotations and, subsequently,
provide a revised evaluation metric.

In contrast to camera calibration techniques that rely on a specific pattern
that will only be seen once and self-calibration techniques that do not require any
calibration target and instead usually rely on reference frames, sports images have
the unique advantage of always displaying at least partially a specific pattern, which
is the sports field. We suggest leveraging this advantage, which is already done in
most benchmarking and calibration techniques, but also pushing forward, by using
as ground truth a lower-level interpretation of the sports field image: semantic point
annotations of the sports field markings, which are annotations that are valid for
any type of camera.

A sports field can be decomposed into a set of simple geometrical elements that
are points, lines, circles, or ellipses. For each of these simple constituent elements of

the field, we propose to assign a unique semantic label. In general, the field is only
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Figure 3.3: Illustration of annotations on a SoccerNet-v3 [81] image as used for the
camera calibration challenge. As shown in the zoomed snapshot, annotations consist
of points and the labels of the objects they belong to.

partially visible in the image, so for a given image, only a few elements need to be
annotated. Practically, we annotate points along each element and thus, obtain a set
of points for each semantic element of the field. To illustrate this, in SoccerNet, the
annotations consist of polylines, i.e. sequential lists of 2D points along each soccer
field element. Ideally, annotations should be regularly spaced, and the density of
annotated points might be increased depending on the curvature of the field element
as it appears in the image. Each element of the soccer field corresponds to a class,
and in total, we count 26 semantic classes. An example of annotation is shown
in Figure 3.3; in this figure, the points are provided by human annotators, while
polylines are superimposed by an annotation tool.

By employing a semantic annotation of soccer field elements represented by a
polyline, we meet the first requirement of a universal evaluation protocol, in the
sense that the ground truth is independent of the used camera model. The main
advantages of this annotation type in the image domain are its independence from the
task to be solved and the ease to validate it by the human eye. As the annotations do
not necessarily cover all field markings pixels, we will show that our metric addresses
the issue that while the annotated points are part of field elements, it is possible
that neighboring pixels also belong to the same element, despite being unannotated.

Finally, the use of semantic annotations opens up possibilities for more complex

calibration scenarios. For example, if a system can triangulate a 3D point and knows
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its projection in the image, it may use it for calibration, even if the point belongs to
a moving object such as a player. This opens the way to close-up camera calibration
in a multi-view setup.

We now show how to evaluate a camera calibration based on this ground truth.

3.3.2 Evaluation metric

Given a field model and the corresponding annotations in the image, we can evaluate
the quality of camera parameters by assessing how well the camera projection of the
3D field superimposes on the annotations. A camera model definition includes the
mathematical imaging function that allows for the computation of the 2D image of a
3D object. This function is also called the projection function. In our protocol, since
the evaluation must be independent of the model, the only requirement for a camera
model is that this function must be defined and, when it is given a 3D point X, it
must be able to provide its corresponding 2D location x in the image plane. We
denote the projection function of a camera model by 7 and, therefore, x = 7 (X).

The metric that we propose is inspired by the reprojection error, while aiming
to address its shortcomings. The reprojection error usually measures the Euclidean
distance between the observation (e.g. the annotation) of an object and the projection
of that 3D object model using the estimated camera model. The mechanism of
projection is the source of several difficulties. First, depending on the chosen camera
model, the reprojection error may be undefined when the projection of the 3D object
does not land in the image and, more generally, is unsuited to handle hallucinated
or missing objects. Second, a projection may not exactly match an annotation, but
may still be superimposed on visible field marks, since the field markings have a
thickness that can make them visible for more than one pixel in width. Finally, it is
inconvenient to grasp the meaning of an unbounded metric that, in our case, can vary
between zero and infinity. For these reasons, by thresholding the reprojection errors,
we obtain another metric that can be intuitively understood as the proportion of
field elements that are correctly imaged, bridging the camera calibration evaluation
with an object detection problem. Indeed, the underlying intuition behind our metric
is that the quality of the camera parameters reflects how well the parameters can
reproject objects close to their image.

Since we defined that each field marking element is annotated with as many points
as necessary to constitute a fitting polyline, we mark a field element as correctly
detected if its reprojection in the image is close enough to each of the annotated
points of the polyline. The closeness criterion is defined based on a threshold value

7 in pixels. More formally, a field element is defined by a polyline L, which is an
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ordered list of 3D points. Its projection m(L) gives a 2D polyline (i.e. an ordered
list of 2D points) which also defines a list of line segments S by considering pairs
of the consecutive 2D points. The distance between an annotated point x; and
the projection of the field element 7(L) is given by the minimal Euclidean distance
between the point x; and the segments S constituting m(L).

In the following, we define the function d(.) computing the distance between a
point and a line segment. More specifically, given the projection ¢ of the point x on
the line passing through the segment extremities a and b, we define the distance
between the point x and the line segment S, defined by a and b with the traditional

Euclidean distance function as follows:

||X_a||2 ZSO)
cC—a

b—a’

d(X,Sab) = { |[x—cll, 0<z<l1l,2= (3.1)

lx =bll, z=>1,

where the variable z is introduced to account for the fact that the distance to the
line segment is equal to the distance to one of its extremities if the point projection ¢
lands outside the segment. Finally, we say that a field element L is correct if all the
points x; annotated for this element are less than 7 pixels away from the projection

of said field element L. In mathematical terms, we then have that:

Jnin (x5, 5) <7,Vx (3.2)

The correctly detected field markings are counted as true positives TP,.. Both the
hallucinated field markings and wrongly detected field elements whose reprojection
lands further than 7 pixels from the annotations are false positives FP. Missing field
elements are counted as false negatives FN. Finally, we define our JaC, metric, the
Jaccard index for camera calibration or JaC, to evaluate the calibration “accuracy”
as follows:

TP,
TG = T AN R (3:3)

We propose to use this metric, parametrized by the reprojection error 7, for the best

comprehension of the camera parameters quality.
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3.4 Results

For practical reasons, our experiments focus on soccer because this sport has the
most available techniques and data. Furthermore, we are restricted to soccer due
to a lack of semantic annotations for other sports, despite that ProCC is applicable
to any sport for which there are measurable 3D references. Hereafter, we describe
experiments on the WC14, CARWC, and the SoccerNet datasets to demonstrate our

benchmarking protocol.

3.4.1 Description of the datasets

For all the datasets, the experiments employ soccer field markings and goal posts
that are decomposed into distinct classes.

SoccerNet. The SoccerNet dataset contains 21,132 images that were recently
annotated with soccer field markings elements, as well as goal posts elements,
which provides 3D correspondences, thus outside the field plane [81]. In total, the
annotations consist of 167,589 field marking lines or circles and 53,577 goal posts
elements that are grouped into 26 classes for soccer fields. Each element is annotated
with its two extremities for rectilinear elements and by as many points as needed to

fit curves for non-rectilinear elements.

World Cup 14. For the sake of comparison, the World Cup 14 test set has been
manually annotated following our convention. Indeed, we annotated the 186 images
with points along soccer field elements, resulting in a total of 1,681 soccer field

elements annotated with several points.

3.4.2 A better camera model for broadcast cameras

The goal of our experiments is twofold: validate our evaluation protocol, and
demonstrate that there is a better camera model for broadcast cameras. This is why
we first compare both qualitatively and quantitatively ground-truth homographies
of the WC14 and CARWC datasets with estimated camera parameters following a
richer camera model.

In our experiments, we selected a threshold 7 of 5 pixels for our JaCs metric,
which is a value that is suited for distinguishing between methods given the current
quality standards of the different camera calibration methods that exist in the
literature. When we want to differentiate quite precise methods, we tune the pixel
threshold to 2 pixels.

As illustrated in Figure 3.4 and explained in the above, the reprojection of the
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WC14 annotations CARWC annotations Xeebra

Figure 3.4: Comparison of reprojected field elements based on different types of
annotations: in the first column, the WC14 homographies are used to project the
soccer field model. The second column corresponds to the CARWC annotations.
Both these annotations fail to provide correct reprojections. Finally, the third column
displays results obtained with the Xeebra product.

soccer field model using ground-truth homographies (see columns 1 and 2) fails to
match the images of the field markings. This is an indication that the use of these
annotations is suboptimal if we agree that a good camera calibration algorithm
should be able to match the image of known 3D objects such as soccer fields, which
is a reasonable and tractable solution in the absence of actual ground truth for the
camera parameters.

In Table 3.3, we compare different camera models and highlight the limitations of
using homographies as ground truth. The manual annotations and JaCs metric allow
us to quantify the quality of the annotations of the WC14 and CARWC datasets
compared to the camera parameters estimated with the Xeebra product. Xeebra (6]
is a professional product for Video Assistant Referee, whose Offside Technology
features are certified by the FIFA Quality Program [82]. With these experiments,
our evaluation protocol confirms the concerns raised [69, 75, 79] about the quality of
the WC14 ground truth. We obtain different results for the WC14 homographies
evaluation than Theiner et al. [69] which is explained by the fact that we used
our annotations. We also establish that the consolidated annotations provided by

Claasen et al. [79] in CARWC are a welcome enhancement in terms of precision.
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Camera model JaCs (1) Reprojection error ({)
Homography
(WC14 annotations [71]) 67.4 3.07
Homography
(CARWC annotations [79]) 79.1 1.79
Pinhole camera parameters
with one radial distortion coefficient ([6]) 92.5 1.44

Table 3.3: Comparison of camera models on the World Cup 14 dataset.

However, despite visible enhancements provided by the CARWC annotations
to the WC14 dataset, the homography models fail to reproduce the images of the
field markings, while we obtain better results by estimating camera parameters
with Xeebra. This experiment demonstrates that the qualitative insights shown
in Figure 3.4 are further supported by both the JaCs; metric and the reprojection
error, comforting the idea that our evaluation protocol is relevant and fulfills a
need for correct evaluation. Moreover, the middling results of the careful CARWC
annotations suggest that the problem does not lie with the quality of the provided
annotations, but rather with the nature of the annotation. Indeed, we attribute the
better results of the camera parameters of Xeebra to its inclusion of radial distortion
parameters. In an attempt to demonstrate both our protocol’s ability to assess
the quality of different camera models and to further prove our last hypothesis, we
evaluated Xeebra’s results on SoccerNet as well.

In the next experiment, as can be seen in Table 3.4, we establish that on the
SoccerNet test set, which is a much larger and thus more diverse and challenging
dataset, it is a necessity to consider the radial distortion. Indeed, when radial
distortion is considered in the optimization of the camera parameters, better results
are obtained according to our protocol.

In these experiments, we have shown that our evaluation protocol obtains results
in agreement with qualitative and quantitative evaluations, and that it allows to
evaluate different camera models, which enables us to support our second contribution,

stating that soccer broadcast cameras are better modeled with radial distortion.

3.5 Discussion

With the previous results, we have shown that better camera modeling allows for
better precision in the image. In this section, we want to stress the impact of such

improvements on the real-world applications of camera calibration algorithms.
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JaCs (1) JaCy (1) Reprojection error (J)

P 8.7 40.2 4.51
R 83.1 04.3 4.01

Table 3.4: Comparison of camera models on the SoccerNet-calibration dataset. P
corresponds to the simplified pinhole camera model, and R corresponds to the
simplified pinhole model extended with one radial distortion coefficient.

Considering that many sports field registration methods emphasize the relevance
of their research in applications like player tracking, it is essential to highlight the
pivotal role of selecting an appropriate camera model for efficient player tracking on
a sports field. In Figure 3.5, we show that, depending on the chosen camera model to
link the image and the physical world, the differences in the estimated 3D positions
can often exceed one meter. Such variations will inevitably impact the accuracy of
player tracking throughout an entire sports game. Hence, we propose initiating a
discussion on optimal modeling strategies before venturing into applications that
may not be practically feasible. With our newly introduced benchmarking protocol,
we enable a systematic evaluation that facilitates the exploration and analysis of the
best models in this context.

Still, our protocol presents some shortcomings. The inherent limitations of our
protocol lies in the quantity of field elements present in the images. Yet, the quality
of the evaluation gets better when the number of elements increases and when the
field markings are well distributed in the image. Indeed, camera models may become
over-parameterized (and be overfitted) in the case of images that show only few
field elements. Another limitation is the fact that it might be possible that very
different camera parameters obtain the same results due to the symmetry of the
sports field template, for instance; the uniqueness of the results is not guaranteed.
However, introducing a means of managing all kinds of ambiguities, which in practice
are rather rare, would make the evaluation protocol considerably more complex.
A possible yet costly solution to this issue is to acquire real ground truth for the
camera parameters, which requires new datasets and much greater means to equip

the production cameras with sensors.

3.6 Conclusion

In conclusion, this study demonstrates the inadequacy of current sport field registra-
tion benchmarks due to suboptimal ground truth. Considering the availability of

superior camera models, we advocate abandoning metrics reliant on homographies,
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WC14

CARWC

Figure 3.5: Illustration of the disagreement between estimations from two camera
models: the ground-truth homography (see the red wireframes) and the richer model
combining the pinhole and radial distortion used in Xeebra (see the green wireframes).
The small difference between the two reprojected wireframes is misleading, as the
superimposition of contour plots on the field shows that some parts of the sports field
are seen over 2.5 meters apart by these two camera models. We have also plotted
the contour line for a difference of 50 cm (see the dashed lines), which is the minimal
accuracy standard demanded by the FIFA for Offside Technologies, to highlight why
methods developed with older calibration protocols such as the WC14 or CARWC
would fail to meet professional requirements.

and propose a new type of annotation, combined with proper metrics, leading to the
definition of a camera model-agnostic evaluation protocol. Furthermore, our protocol
proves that richer camera models, such as the pinhole model augmented with radial
distortion instead of homographies obtain better results on broadcast cameras, which
emphasizes the need to evaluate camera calibration algorithms independently of the
camera model. Finally, it should be mentioned that our evaluation methodology
applies to multi-view camera systems, as one can imagine that 3D elements visible
in the calibrated cameras can be used, like any annotated data, as key points to
calibrate other cameras. By doing so, not only have we have proven that our protocol
improves camera calibration in sports, but also that there are new opportunities that

are beyond the reach of methods solely based on field registration.
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Chapter 4

Broadcast Camera Tracking
(274 article)

This chapter reproduces the following paper: Floriane Magera et al. “BroadTrack:
Broadcast Camera Tracking for Soccer”. In: IEEE/CVF Winter Conference on
Applications of Computer Vision (WACV). Tucson, Arizona, USA: IEEE, Feb. 2025,
pp. 6177-6187

Prologue

After introducing a way to evaluate camera calibration, which both met industrial
needs and enabled the evaluation of more complex camera models than previous
benchmarks, it was thus possible to prove that camera calibration would benefit
from richer models, and to contribute to the state of the art with a new camera
calibration method.

For this second paper, we noticed a mismatch between evaluation protocols and
real-world usage: while camera calibration benchmarks were single-frame oriented and
thus were designed to offer a collection of wide, diverse camera setups, the purpose
of camera calibration is often targeting temporal applications, like player tracking.
With the introduction of the SoccerNet Game State Reconstruction challenge [8], we
had an opportunity to change this paradigm of benchmarking single-view camera
calibration and actually study broadcast camera tracking.

This research is also motivated by the observation that applying single-frame
camera calibration to each frame of a video introduces jitter and degrades tracking
results, while by design the smoothness of the camera motion is ensured by both the
camera operator and a professional camera tripod. Indeed, professional tripods are

designed to resist abrupt motion changes through fluid drag mechanisms, meaning
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that fast panning or tilting requires substantial operator effort. A camera operator
will always apply low frequency movements to the camera; alternating pan direction
or increasing and decreasing the focal length frame to frame is unlikely.

In this work, we try to exploit all the knowledge we have about broadcast cameras
to propose a physical tripod model, which differs from the naive version of a fixed
rotation center, as would be modeled with a PTZ camera, and exploit temporal
consistency to produce camera parameters that evolve smoothly over time.

This resulted in a new state-of-the-art camera calibration algorithm, which allows
sounder physical camera extrinsic parameters and demonstrates that the biggest

accuracy improvement gain comes from modeling radial distortion.
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4.1. Introduction

BroadTrack: Broadcast Camera Tracking for

Soccer

Abstract

Camera calibration and localization, sometimes simply named camera calibration,
enables many applications in the context of soccer broadcasting, for instance regarding
the interpretation and analysis of the game, or the insertion of augmented reality
graphics for storytelling or refereeing purposes. To contribute to such applications,
the research community has typically focused on single-view calibration methods,
leveraging the near-omnipresence of soccer field markings in wide-angle broadcast
views, but leaving all temporal aspects, if considered at all, to general-purpose tracking
or filtering techniques. Only a few contributions have been made to leverage any
domain-specific knowledge for this tracking task, and, as a result, there lacks a truly
performant and off-the-shelf camera tracking system tailored for soccer broadcasting,
specifically for elevated tripod-mounted cameras around the stadium. In this work,
we present such a system capable of addressing the task of soccer broadcast camera
tracking efficiently, robustly, and accurately, outperforming by far the most precise
methods of the state of the art. By combining the available open-source soccer field
detectors with carefully designed camera and tripod models, our tracking system,
BroadTrack, halves the mean reprojection error rate and gains more than 15% in
terms of Jaccard index for camera calibration on the SoccerNet dataset. Furthermore,
as the SoccerNet dataset videos are relatively short (30 seconds), we also present
qualitative results on a 20-minute broadcast clip to showcase the robustness and the

soundness of our system.

4.1 Introduction

Sports content has the advantage of displaying sports fields, which have strictly
regulated shapes and dimensions. This particularity makes sports camera calibration
and localization possible in the wild, without the need for any other prior knowledge
but the ability to correctly detect these field markings. This advantage is well-
exploited, as all camera calibration techniques detect field markings, and single-frame
camera calibration methods flourish, with ever-increasing accuracy. However, two
facts that tend to be overlooked are (1) sports field markings can be really sparse

in some areas, and (2) wide-angle broadcast cameras have typically 25X zoom
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lenses, which can sometimes lead to quite narrow views. Thus, while the open-source
datasets keep the task conveniently framed, there is an unmet need to address the case
where few or even none of the field markings are visible for real-world applications.
By carefully modeling broadcast cameras, we first include lens distortion effects —
something that is systematically overlooked in sports field registration techniques that
estimate homographies—, and which we show has a great impact on the accuracy
of the results. Then, by including constraints on the camera movements that a
tripod actually allows, we demonstrate that with more than accurate reprojections
in the image, our models recover consistent position and rotation values, leading
to effectively smooth tracking. Besides its novel state-of-the-art performance, our
tracking system is robust and includes a reinitialization strategy that is thoroughly
validated on the SoccerNet-calibration dataset. Finally, our system is usable in
practice, as it works from the first frame and performs at a speed of 16 frames per
second (fps) for HD (1920x 1080 pixel resolution) images on a server equipped with
two RTX 4090 GPUs, without any optimization; by experience, we know that a
proper optimization of our code will make it real-time.

To validate our technique, we use the SoccerNet datasets [56, 57, 81]. The
SoccerNet initiative has allowed new tracks of research for many problems related
to soccer video understanding, including camera calibration and localization, by
providing task definitions, corresponding public datasets, and metrics. Among others,
the SoccertNet-calibration dataset (denoted as sn-calibration hereafter) is the first
open-source dataset that does not use homographies as annotations, but rather the
soccer field markings and goal posts. Besides the calibration task, which is about
single-frame camera calibration, the novel game state reconstruction task [8| aims to
continuously estimate the bird’s-eye view of the soccer field with the players position.
The dataset of the game state reconstruction task, denoted by sn-gamestate in the
following, consists of soccer videos. Its annotations follow the same conventions
defined for sn-calibration. Solving the game state task requires precise camera
calibration and localization, consistently over time, which is a property also required

for most applications regarding player performances and game analysis.

Contributions. By leveraging specific knowledge about broadcast cameras, we
produce an efficient and accurate tracking system for soccer. We summarize our
contributions as follows: (i) We propose a tracking system, named BroadTrack for
the calibration of moving cameras that is both efficient and state-of-the-art, (ii) We
define a camera model that is tailored for broadcast applications, and (iii) We release
the source code of our tracking system at https://github.com/evs-broadcast/
BroadTrack.
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4.2. Related work

4.2 Related work

Common approaches to solving camera calibration and localization problems in-
clude structure from motion (SfM) [83] and simultaneous localization and mapping
(SLAM) [84], both relying on the camera parallax to derive properties of the 3D
world in which the camera moves. A typical pipeline could be described as follows:
features are detected in the video frames, matched together across time, and finally
triangulated. The resulting 2D-3D correspondences are fed in a PnP solver to derive
the camera parameters. Compared to the usual problems that both SfM and SLAM
solve, broadcast applications require custom approaches. Indeed, real-world applica-
tions often require a metric reconstruction of the scene, but for sports applications,
the world reference system should not be placed regarding a camera; rather, the

cameras should all be expressed relatively to the sports field.

Detectors. Unlike common camera localization or calibration schemes, sports
camera calibration algorithms do not usually rely on 2D matching of features between
frames, but rather on the detection of sports field elements that provide direct
metric correspondences, which is an advantage for tracking, in effect reducing the
risk of drifting. Most methods detect field markings in the image, either by binary
segmentation or Hough line transforms [85-87], and sometimes even deriving vanishing
points associated to horizontal and vertical lines [71, 88]. Lately, thanks to the
performance of deep neural networks, higher levels of semantic interpretation were
attained with sports markings being used as zone delimiters |7, 89|, dividing the
sports field into segmentation zones, or with some methods identifying specific
markings as unique classes. Finally, some methods derive directly sports field lines
intersections because most of the methods relying on solvers for camera parameters

solely use point correspondences.

Virtual augmentation of correspondences. A global problem for all single-
frame camera calibration and localization methods is the sparse nature of sports field
markings, which are rarely uniformly distributed, leading to a lack of visual support
in the image as there are few visible markings. Several methods alleviate this by
detecting virtual correspondences on the field, or by deriving additional geometric
cues from existing elements. For example, some works extend line segments to get
new intersections |78, 90-92|, derive tangents to circles or circle keypoints [90-93],
detect grass mowing patterns [94], or even learn to detect grids of keypoints on the
sports field surface [50, 74, 75, 79, 95|. These methods leveraging grid-like keypoints
on sports fields have the drawback of first relying on homographies to derive the grid
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projection in the image, which, as shown in previous works [1], are not the best fit

to model the projective transformation.

Dictionary methods. Other works leverage directly prior knowledge about the
broadcast camera, such that the number of correspondences in the image does not
matter. These methods construct a dictionary of plausible broadcast camera views,
and then retrieve camera parameters based on the similarity between the dictionary
view and the camera view |7, 15, 72, 89, 96, 97]. These methods tend to be slow due
to the search time in the dictionary, or if the dictionary is sparsely populated, relies
on the ability of a Spatial Transformer Network to regress the parameters of the

homography that maps the dictionary view to the current view |7, 89].

Homography regression. Inspired by PoseNet [16] and learned homography
estimation [18], previous works directly regress homographies [70, 73, 98]. While
the work of DeTone et al. [18] estimates the homography between a pair of images,
its transposition to sports field registration requires the regressed homography to
capture the transformation between a broadcast image and the synthetic bird’s-eye
view of the sports field. The huge perspective difference between a bird’s-eye view
of the sports field and one broadcast image probably explains why these methods

rarely work in a single forward pass, limiting their use in actual broadcast scenarios.

Tracking. Due to the limited number of datasets with broadcast videos, few
methods took interest in the temporal consistency of the camera calibration and
localization. Among these methods, we define two main categories: (a) the ones
based on homographies between successive frames, and (b) the ones using traditional

tracking filters. These categories are further detailed hereafter.

(a) Homography between successive frames: A common strategy to perform
tracking is to extract features to obtain point correspondences, or even line ones [99],
and robustly estimate a homography between pairs of frames with RANSAC [50,
100]. The underlying assumption made when computing homographies between
successive frames is that the camera is purely in rotation, an assumption that other
works refute for soccer [101]. Note that a homography can be computed between
frames if the correspondences are taken only on the sports field plane [79, 99]. In the
case of rather small sports fields, like tennis, Farin et al. [87] assume that the camera
velocity is constant, and thus assume that the homography between the future image

pair will be equivalent to the homography mapping the present image pair.

(b) Common temporal filters: A range of methods also apply common tracking
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algorithms such as the Kalman Filter, starting with Claasen and de Villiers [79],
who use a Kalman filter to track point correspondences on the sports field, which
are later used to track the homography using an extended Kalman filter. Beetz et
al. [102] use an iterative extended Kalman filter to track their camera parameters,
while Citraro et al. |68] use a particle filter to model the motion of the camera. Lu et
al. [103] propose a SLAM algorithm tailored for a PTZ broadcast camera by building
a map of 3D rays rather than 3D points, but consider the camera focal point fixed
and neglect lens distortion.

Besides NBJW [90] which is the SOTA on the sn-calibration dataset, the methods
that inspire us in terms of broadcast modeling are the ones that do model radial
distortion |69, 86, 102, 104] and the tripod of the camera [101, 103, 105].

Available data. For completeness, we addressed both camera calibration and
sports field registration techniques. However, in terms of datasets, given the recent
concerns about the ability of homographies to properly model broadcast cameras|1,
69|, we do not use any of the datasets that provide homographies as pseudo ground
truth [71, 75, 79]. In this work, by combining high-level semantic analysis of the
sports field marking detection and broadcast camera knowledge, we derive a new

tracking system that achieves SOTA results on the sn-gamestate dataset.

4.3 Method

First, we define our models for the camera and for the tripod (Section 4.3.1), then
we outline our tracking system (Section 4.3.2), which comes with a reinitialization
algorithm (Section 4.3.3).

4.3.1 Broadcast camera model

To model our camera, we start from the pinhole model with the calibration matriz
K, defined as follows [11]

I 0 p.
K=10 f py| - (4.1)
0 0 1

As stated in the standards of telecommunications for HD [106] and UHD content [107],
broadcast pixels are squares, such that the focal length is the same for both axes,

and the skew parameter can be ignored. We further assume that the principal point
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is located at the image center, so that the set of intrinsic parameters reduces to one
parameter, f.

The camera pose is modeled by its focal point position C = (C,, Cy, C,) and
a rotation matrix R parameterized by the pan ¢, tilt 8, and roll v angles, defined
accordingly in the Euler angles convention: R = R,(7)R.(6)Rz(¢). In the absence
of lens aberrations, the projection matrix of our camera would be formulated by
the following equation|[l1]: P = KR [ I —-C ] However, it is not uncommon for
broadcast cameras to display some radial distortion, a deformation effect that occurs
due to the curved nature of the camera lens. While it may be modeled in the pixel
space [69, 104], we follow the standard way and apply this deformation in normalized
coordinates |11, 108].

Given a point in the normalized image plane = (7, 7), the distortion function
L(r) = 1+ kyr? transforms T according to its distance to the origin of the image

plane r = ||Z||, which finally gives the image point expressed in pixel coordinates:
x=fL(r)x+p. (4.2)

We use the model proposed by Brown-Conrady [12], and discard all higher orders of
radial distortion and tangential distortion as we experimentally find them superfluous.
The set of unknown parameters for our camera is « : {f, k1, ¢,0,v,Cy, Cy, C.}, and
we define the function 7, : X — x that projects a 3D point to its respective image
point. In the next section, we further analyze the specificities of broadcast cameras,
and extend our model to consider the tripod on which a broadcast camera is installed,

and the constraints that it creates on the camera parameters.

Pan-tilt head and tripod

Compared to the usual cameras used in the computer vision literature for robotics
or AR with mobile phone captures, broadcast cameras are another kind of beast. A
typical broadcast camera for soccer has a lens that can zoom up to 25 times, which
consists of an arrangement of optics that can weigh up to a few kilograms [109].
When we use the pinhole model to represent the arrangement of optics inside those
lenses, we approximate it with a single optic. While Chen et al. [101] assume that
the camera focal point is at a fixed location inside the camera lens, we argue that this
virtual projection center may not be located inside the camera and that it should
evolve along the optical axis as the camera zooms. Therefore, our only assumption
about the position of the focal point regarding the physical camera is that the focal

point is located on the optical axis of the camera. We choose to rather constrain the
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Figure 4.1: Usual pan-tilt head for 25x lens broadcast camera. (taken from [110],
others pan-tilt heads can be found online [111]).

optical axis position regarding the tripod.

A camera comes in several parts: the tripod, the pan-tilt head, and the camera
itself. The challenging part for our extrinsic parameters model is the pan-tilt head.
This is the part that is mounted on the tripod on which the camera is rigged.
The pan-tilt head allows the camera to rotate smoothly while allowing the camera
operators to make quick sweeps if they lose track of the action. By construction,
it allows the camera to rotate along two axes, 7.e. to pan and tilt the camera. To
better visualize the rotation axes, a common professional pan-tilt head is depicted in
Figure 4.1.

According to this blueprint, we make the assumption that the pan and tilt
rotation axes intersect in a point T, which remains fixed during the whole game.
Our model states that there is a point O in the camera which belongs to the optical
axis of the camera, and which remains at a fixed distance § of the rotation center
T as the camera moves. Let r; be the ith column of the orientation matrix of the
camera RT, the vector —rs is the upvector of the camera, while the vector rs defines
its optical axis direction. If we further assume that the camera is centered on the
pan-tilt head, this point O is then determined by the upvector —ry and its distance
to the tripod rotation center O = T — dry. As the focal point of the camera changes
with the zoom level of the camera, the position of the focal point is finally given by
C =T — ory + Arz. The parameters {T,d} are fixed over time, while A varies with

the camera view. A visualization of the model is shown in Figure 4.2.

4.3.2 Complete description of our tracking system

Our system comprises different steps, described hereafter: the detection of the field

markings (Section 4.3.2), which is augmented using optical flow (Section 4.3.2),
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Optical axis
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Figure 4.2: Tripod model. The center of rotation T remains fixed as the camera
rotates, and the point O which belongs to the optical axis of the camera remains at
a fixed ¢ distance of T.

a parameter update procedure (Section 4.3.2), and an evaluation of the tracking
confidence (Section 4.3.2).

Sports field detection

Let S be the set of semantic classes constituent of soccer field markings, such as “left
goal line”, “center circle”, etc. Each one can be viewed as a simple geometric element.
The laws of the game [60] further specify their position and dimensions, such that we
can define the soccer field template F : S — E, which maps each semantic class ¢ € §
to its corresponding 3D geometric element e € E. For convenience, the projection of
the soccer field markings in the camera view x will be denoted by . (F).

To obtain 2D-3D correspondences, we only need to detect and identify soccer field
elements in the videos. We leverage existing open-source sports field detectors such as
the keypoint detector of Gutiérrez-Pérez and Agudo [90] that detects the intersection
points of the soccer field markings. While our reinitialization algorithm uses the
detected points, the tracking leverages the denser information retrieved from semantic
segmentation of field markings. We rely on the semantic field markings detector of
Theiner and Ewerth [69]. Semantic segmentation of field markings provides blobs of
pixels towards 3D line or circle equation correspondences. As segmentation blobs
provide a robust, but maybe too rich source of information, we synthesize it with
the mean shift algorithm [112] to fit a set of points that approximate the segmented

blob, thus generating a set of image points x!,...x" per visible soccer field marking
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class c of S.

Optical flow

As broadcast cameras can zoom in on areas of the soccer field that are sparse in
terms of markings, optical flow correspondences are necessary to prevent drifting.
Furthermore, these correspondences can be sampled uniformly in the image, which
helps to distribute the visual support in the whole image, unlike field markings which
can be condensed into small areas. We use the pyramidal version of Lucas-Kanade’s
algorithm [113] to retrieve NNV, point matches {xi_l > xé}jvzoo between the previous

image Z; 1 and the current one Z;.

Update through non-linear optimization

Starting from the previous camera estimate x;_;, we update the camera parameters
ket {f, k1,9,0,7,Cs, Cy, C.} by minimizing the sum of three error functions.

First, given soccer field markings correspondences, if we denote by S&* the subset
of § that is detected in the current frame Z;, and by {xi}?ﬁo the set of points
extracted by mean shift from the segmentation maps for the soccer field marking
class ¢, we minimize the reprojection error between each extracted point and the

closest point p belonging to the projected soccer field element . (F(c)) :

Nc
r=Y Yo (, min o-xl,) 43

ceS* i=0

where p(-) is the Cauchy loss, used to filter outliers.

Secondly, given optical flow correspondences, we can filter out the point corre-
spondences landing outside the polygon obtained by the projection of the soccer
field side lines. To minimize the noise coming from the players motion, the players
are detected with RTMDet [114], and the correspondences are discarded around

their bounding boxes. A point correspondence x%_; in frame Z;_; can be mapped

-1
Ki—1

to a ray by inverting the projection function: Li | = 7! (x! ;). As we only keep

correspondences on the surface of the sports field, its intersection with the plane
. ) T
Z = 0 allows us to retrieve a 3D point X; ; =L} ( 0010 ) . As a result,
for all detected optical flow correspondences, we minimize the Cauchy loss of the
reprojection error:
No
Lor =Y p(||m(Xi) —xi,) - (4.4)
i=0

The third term of our objective function is a constraint that ensures that the
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camera rotation and focal point position satisfy our tripod model. We derive the
position of the point O as the closest point to T belonging to the camera optical

axis:

((T-C),r3)13

2
]l

0" =C+ , (4.5)

where (-, ) denotes the dot product. Since the distance between this point and the

tripod rotation center should be § meters, we define the following loss term:
Lr=6—0"=-T|, . (4.6)

The previous losses are scaled and summed into a final objective function £ =
Lr+ Lor + wLyp, with w being a scalar hyperparameter, to optimize the camera

parameters k using the Levenberg-Marquardt algorithm.

Online confidence evaluation

Given the semantic segmentation of the soccer field markings S, we produce a binary
map B of all the soccer field markings in the image: B(z,y) =1,S(z,y) = ¢,Ve € S.
Considering the projection of the soccer field template F in the image 7, (F), our

confidence score is the Jaccard index between the two generated masks:

_ BN (F)]

“BUn ) 4.7

S
This score is used to detect when a reinitialization of the tracker is needed, and
when the optical flow correspondences are to be discarded to prevent them from

damaging the optimization, as it relies on the previous camera parameters k; ;.

4.3.3 Reinitialization algorithm

For initialization, or when the confidence score becomes low, we propose a reinitial-
ization algorithm. With the capabilities of deep neural networks today, soccer field
markings detection is not a very difficult task. Usually, the tracking starts drifting
when the sports field markings become very sparse in the image, which is why we
include a reinitialization algorithm that only needs two point correspondences.

Given two point correspondences between the image and the top-view sports field
model, our reinitialization algorithm estimates the focal length, the pan, and the tilt
of the camera. The focal point is set to the tripod rotation center, and the roll value
is set to zero.

Then, given the image points x; = (x;, ;) and their corresponding world points
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X; = (X;,Y;, Z;), we derive the camera parameters { f, »,0}. The focal length f is
estimated with the equations originally derived by Gedikli [115], and summarized in
Appendix 6.1 of [105]. The pan and tilt angles, respectively ¢ and 6, are estimated by
an iterative algorithm assuming that ¢ only affects the projection along the x-axis,
and that 6 only affects the projection along the y-axis. We initialize ¢ and 6 by
steering the optical axis towards the barycenter of the detected world points X;.

Then we estimate updates depending on the correspondences:

do = Z % tan™ (z; — 7o (X4),, ), (4.8)
o =>" % tan™" (y; — 7 (X3),, . f) (4.9)

with 7, (.), denoting the x coordinate of the point projection. The pan and tilt are
thus iteratively refined as ¢1 = ¢ + dop and 051 = 0, + dby, with k being less or
equal to 5.

If there are more than two correspondences in the image, we use RANSAC to
filter out potential outliers. As a last step, the optimization described in Section 4.3.2

is performed without the Lop error function.

4.4 Results

To validate our tracking system, we conducted several experiments. In Section 4.4.1,
we first report the performance of BroadTrack on sn-gamestate according to the
metrics proposed with the sn-calibration dataset. Then, in Section 4.4.2, we validate
our reinitialization algorithm on the 2023 version of the sn-calibration challenge. To
further validate the effects of optical flow, tripod constraint, and lens distortion, we
provide an ablation study in Section 4.4.3. Finally, since the metrics are meant for
single-frame camera calibration and only evaluate the quality of the reprojection in
the images, in Section 4.4.4, we qualitatively illustrate the suitability of the camera

parameters derived by BroadTrack.

4.4.1 Tracking system on SoccerNet-gamestate

We evaluate our system on the sn-gamestate dataset, which consists of sequences
of 30 seconds, where each frame is annotated with point correspondences along the
soccer field markings and goal posts. The test set contains 49 sequences of 750

images each, extracted from 3 games of the Swiss Football League.
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| JaCs(1) | JaCio(1) | MRE(}) | CR(1)

TVCalib[69] 19.88 50.42 12.4 | 99.93
NBJWI[90] 37.14 68.24 10.28 | 93.67

PTZ-SLAM[103] | 25.87 45.28 27.64 | 26.67*
Ours (fixed C) | 50.97 74.93 5.39 100
BroadTrack 56.88 79.79 5.02 100

Table 4.1: Comparison metrics on the sn-gamestate dataset. MRE stands for Mean
Reprojection Error and is measured in pixels; CR stands for completeness rate in
percent. All results are reported for HD, 1920 x 1080 frames. For the PTZ-SLAM
method, the code provided by the authors crashes after processing about 200 frames;
hence the low completeness rate (see *).

For our experiments, we use the JaC metric [1] (previously denoted by AC in
the sn-calibration challenges |9, 10]), which expresses the percentage of soccer field
elements that are correctly reprojected in the image, the correctness being tuned
by a tolerance parameter 7 in pixels. We report this metric for both 5 and 10
pixels, which are quite challenging threshold values for the HD frames of the dataset.
For comparison, note that the SoccerNet camera calibration challenge evaluates
this metric for 5 pixels, but for 960 x 540-sized images, a quarter of this dataset
resolution. We also give the mean reprojection error and the completeness rate, the
latter indicating the proportion of the dataset for which the technique produced
camera parameters.

To estimate the tripod rotation center T, we run our tracking system without
the tripod constraint, and then optimize the tripod position and distance to the
optical axis § given the estimated camera parameters. From the keypoints detected
by the neural network of Gutiérrez-Pérez and Agudo [90], we only keep the ones
that are actual marks, line intersections, or line and circle (arc) intersections, i.e. we
discard all keypoints that are derived from other geometric cues. The reinitialization
algorithm is used to get the parameters of the first frame, and during the tracking,
the reinitialization is performed when the score confidence score s falls under 0.5,
which leads to frequent reinitialization.

During our evaluation, out of the 49 sequences of 750 frames in the test set, the
reinitialization had to be used 33 times, and the loss of tracking lasted for 15 frames
on average. From the result reported in Table 4.1, BroadTrack outperforms all
available open-source methods. We also experimentally confirm that the modeling of
a broadcast camera as a PTZ camera with a fixed focal point deters the performance
of the tracking. This emphasizes the specificity of broadcast cameras, which are not

well modeled by PTZ cameras, even if they are rigged on a tripod.
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| JaCs(1) | JaCio(1) | CR(1)

TVCalib [69] 52.9 73.4 66.5
NBJW [90] 73.7 86.7 77.5
Ours 75.25 86.8 69.8

Table 4.2: Two-point reinitialization algorithm evaluation on the sn-calibration
dataset of 2023. JaC metrics are reported in percent at 5 and 10 pixels for 960 x 540
frames. Our reinitialization algorithm equals or achieves the SOTA performance
of the NBJW method on a slightly smaller subset of the dataset. To enable fairer
comparison with TVCalib, we filter out their calibrations with JaCs = 0, because,
by design, their method never signals failure.

4.4.2 Reinitialization on SoccerNet-calibration

We evaluate our reinitialization algorithm on the sn-calibration dataset. The test set
comprises 3,141 images from a wide range of cameras used during soccer broadcast,
including wide-angle cameras, and fish-eye cameras. The JaC evaluation of our
method is computed only for views that obtain a confidence score s < 0.2, which
lowers our completeness rate. We also expect this score condition to filter out views
for which our tracking system is not especially designed, e.g. views from fish-eye
cameras. The default focal point localizations are defined for common wide-angle
cameras, that is for main, 16 meters, and high behind the goal (HBG) cameras
respectively as C,,qin = (0,55, —12), Cyg,, = (£36,55, —12), Cype = (—65,0, —15),
all expressed in meters in the sn-calibration world reference system [116].

From the results reported in Table 4.2, we establish that our algorithm can
reach state-of-the-art performance on a smaller part of the dataset. Since the
camera diversity of the dataset is higher than the one we design our system for,
the high performance of the reinitialization part comforts our strategy of frequent

reinitialization.

4.4.3 Ablation study

We conduct our ablation study on the sn-gamestate test set. To run our algorithm
without any prior knowledge of the tripod rotation center, we choose a default
position as input to our initialization algorithm. We arbitrarily set the camera
focal point to a default main location in C = (0,55, —12) meters. As shown in
Table 4.3, the biggest improvement in performance comes from the inclusion of
radial distortion in the camera model, which legitimates our concerns about the
previous datasets based on homographies and confirms our choice of not using their

annotations as it would lead to an unfair evaluation. It is also worth noticing that
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OF | T | ki || JaCs(1) | JaCuo(1) | MRE(Y) | MedRE({)
x | x| x| 4209 74.09 5.74 3.13
X | x|V | 541 78.35 5.04 2.47
vV [ x| vV | 559 79.07 4.85 2.43
x |V vV ] 549 78.99 4.95 2.44
v |V |V | 5688 | 79.79 5.02 2.37

Table 4.3: Ablation study on sn-gamestate. JaC metrics are reported in percent at 5
and 10 pixels for HD frames. Mean (MRE) and Median (MedRE) Reprojection Errors
are reported in pixels. OF stands for optical flow, T is for our tripod constraint, and
finally k; represents the inclusion of radial distortion in our model.

the optimization procedure starting from the previous camera estimate does not
lead to much of a performance boost when compared with the NBJW method.
This demonstrates that their strategy of deriving virtual keypoints pays off, even
if it is at the expense of physical modeling of the camera parameters, as discussed
in Section 4.4.4. Both optical flow and tripod constraints demonstrate a smaller
contribution to the performance of our algorithm according to the reported metrics
of Table 4.3. We argue and show in the next section that their contribution is only
partially reflected by the single-view metrics used until now. In the next section, we

show their benefits through qualitative evaluation and comparisons.

4.4.4 Physical soundness

As explained in Section 4.3.1, professional pan-tilt heads are made to ensure the
smooth motion of the camera. This means that we expect pan and tilt values to be
particularly smooth over time. We also expect our tripod constraint to make the
camera focal points more localized, even if, per se, there is no restriction in terms
of distance to the tripod. These intuitions are confirmed by our visualization of
Figure 4.3 and Figure 4.4. We notice that, while the focal lengths estimated by
BroadTrack are smoother or display lower variations than the other methods, it still
shows some high-frequency variations. We explain that because of a vertigo effect, as
the scene is far away, some uncertainty in terms of position can be compensated by a

focal length adjustment, and conversely, without displaying perspective distortions.

4.4.5 Long-term tracking

To further demonstrate the performance of BroadTrack, we show results on 20

minutes (60,000 frames) of the main camera footage taken from a game of the
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German Bundesliga. As the stadium is much bigger than the ones of SoccerNet, we
set the default focal point position Cgepaue = (0,90, —18), and we use a commercial
tool for keypoints and markings detections [6]. To derive the tripod position, we
run our system without the tripod constraint on the first 5,000 frames, and perform
the optimization procedure as described in Section 4.4.1 to derive T and ¢. This
sequence is not annotated; hence, only the overlay of the soccer field projection
provides a qualitative assessment. As displayed in Figure 4.5, the projection of the
soccer field overlays almost perfectly on top of the actual field markings. BroadTrack
maintains the same quality of overlay for the complete video; this illustrative video
is given in the supplementary material. Moreover, the reinitialization step is only
performed 60 times, and lasts for 4 frames on average. We explain this improvement

by the quality of the commercial keypoints and markings detection.

4.5 Conclusions

In this paper, we have presented BroadTrack, a new tracking system specially designed
for wide-angle broadcast cameras. Through diverse qualitative and quantitative
evaluation, we show that our system is both accurate and robust, outperforming
available solutions in both aspects. Our results also corroborate the suitability of
our broadcast camera lens and tripod models, motivating further exploration and
refinement. Future works entail the dynamic incorporation of the tripod constraint,
even if BroadTrack obtains convincing results with a roughly appropriate focal
point. Another exciting piece of research lies in the vertigo effect noticed with the
high-frequency variation of the focal length, as we believe modeling this effect might

lead to even better focal point position.
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—— NB/W

—— NB/W
—— BroadTrack

—— BroadTrack

(a) Focal length value variations. (b) Pan value variations.

— w/o OF
—— BroadTrack

(c) Effect of optical flow on focal length stability.

Figure 4.3: Temporal evolution of camera parameters along sequences of the sn-
gamestate dataset. Figures 4.3a and 4.3b show that the parameters estimated by
NBJW exhibit stronger jitter than those produced by BroadTrack. Figure 4.3c further
demonstrates that optical flow contributes to smoothing focal length estimates over

time.
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(c) Effect of the tripod constraint.

Figure 4.4: Estimated focal point positions in the XY plane. Figures 4.4a and 4.4b
show that the focal point estimated by NBJW can travel up to 20m within a
single sequence, whereas the position estimated by BroadTrack remains concentrated
around the tripod location. Figure 4.4c¢ highlights the benefit of enforcing the tripod
constraint, which keeps the estimated camera position closer to the inferred center
of rotation T.
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Figure 4.5: Qualitative evaluation of the 20 minutes sequence from the Bundesliga.
One out of 10,000 images is displayed. Soccer field markings are reprojected in red

using the estimated camera parameters k.

52



Chapter 5

Leveraging Circular Markings
(374 article)

This chapter reproduces the following paper: Floriane Magera et al. “Can Geometry
Save Central Views for Sports Field Registration?” In: IEEE/CVF Conference
on Computer Vision and Pattern Recognition Workshops (CVPRW). Nashville,
Tennessee, USA: IEEE, June 2025, pp. 6060-6069

Prologue

In the previous works, we worked towards achieving the highest accuracy possible
for camera calibration in sports. In the remainder of this thesis, we instead seek to
push the limits of camera calibration under challenging conditions.

This work marks the first step of this shift. It starts from the observation that
circular markings are frequently overlooked in camera calibration pipelines, despite
being, in some cases, the main source of information present in the image. This is
particularly striking for zoomed-in central views of the playing surface in sports like
football, hockey, or basketball.

This observation motivated the investigation of neglected geometric cues present
in these challenging images: we investigated (1) how circle-conic correspondences
could be exploited and furthermore, (2) whether the thickness of circular markings
could provide a valuable source of information.

The outcome of this investigation is an explicit geometric approach that derives
novel point-to-point and line-to-line correspondences from the detection of circular
markings in the image. Moreover, by casting circle-to-conic correspondences into
multiple correspondences of simpler geometric primitives, our approach can be

integrated seamlessly into existing camera calibration pipelines.
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Can Geometry Save Central Views for Sports
Field Registration?

Abstract

Single-frame sports field registration often serves as the foundation for extracting 3D
information from broadcast videos, enabling applications related to sports analytics,
refereeing, or fan engagement. As sports fields have rigorous specifications in terms
of shape and dimensions of their line, circle and point components, sports field
markings are commonly used as calibration targets for this task. However, because of
the sparse and uneven distribution of field markings, close-up camera views around
central areas of the field often depict only line and circle markings. On these views,
sports field registration is challenging for the vast majority of existing methods, as
they focus on leveraging line field markings and their intersections. It is indeed
a challenge to include circle correspondences in a set of linear equations. In this
work, we propose a novel method to derive a set of points and lines from circle
correspondences, enabling the exploitation of circle correspondences for both sports
field registration and image annotation. In our experiments, we illustrate the benefits
of our bottom-up geometric method against top-performing detectors and show that
our method successfully complements them, enabling sports field registration in

difficult scenarios.

5.1 Introduction

In the realm of sports analytics, sports field registration methods are key to interpret-
ing the game from the broadcast feeds. Accurately projecting any 3D real-world sport
field point onto the 2D image plane enables numerous sport analytics applications.
Indeed, extracting statistics about player performances [117], actions such as goals,
offsides, or fouls [47], or the game state [8] relies on the ability to locate the ball and
players on the sports field [118].

An advantageous feature of sports fields is their fixed dimensions [61, 63, 82|, which
makes them convenient calibration targets. However, the sports field markings might
be sparsely distributed in some areas, making the single-frame camera calibration
particularly challenging, as shown in Fig. 5.1. For this reason, sports field registration,
i.e. homography estimation methods, are often considered as a proxy to camera

calibration in sports. In fact, only four non-collinear point correspondences are

o4



5.1. Introduction

= 22N BAR BRI PSG | CANAL+

b B

UEFA ;:1;;49106 LEAGUE
=
»

Figure 5.1: Single-frame camera calibration is challenging when only a limited
amount of field markings are visible in the scene. For example, in this image, camera
parameters cannot be derived from the line and point correspondences without
incorporating priors about the camera. This is why current methods generate virtual
keypoints (PnLCalib [119] in yellow) which here, however, are not sufficient to allow
for a registration of the sports field. Our geometric approach derives the pink points
from the fitted ellipse and the detected center, which allow for the estimation of the
homography (blue).

needed to estimate the homography matrix that maps the sports field top-view
template to its image, while four to six points are required to estimate the projection
matrix of a pinhole camera depending on the PnP solver used [13].

Nevertheless, four non-collinear point correspondences may not always be found
directly in the image, as broadcast cameras often happen to zoom in on an action
taking place nearby a mostly isolated circular marking on the sports field, usually
around the center circle (as in Fig. 5.1). Fortunately, we show that there are
several options to handle those difficult views. In this work, we propose a solution
that enables the registration of such zoomed-in camera views. For that, we take a
geometrical, constructive approach that leverages the properties of circle projections
to enable the retrieval of point and line correspondences.

We will also explore a more difficult case, when only a small part of the circle
is visible, by exploiting the constant thickness of the sports field markings on the

ground.

Contributions. We summarize our contributions as follows: (i) We introduce a
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novel method (relying on three variants depending on image support) to derive the
set of primitives —points and lines— that are necessary to estimate camera parameters
for the challenging central view case. In this way, we are broadening the spectrum of
scenes that can be calibrated. (ii) Besides enabling the calibration of difficult views,
our method offers a precise way to annotate point correspondences along circles.
Finally, (iii) we investigate the potential of our method on the SoccerNet dataset [81]

and on challenging cases through qualitative and quantitative experiments.

5.2 Related work

With the recent SoccerNet Game State Recognition challenge [8] and the Roboflow
tutorial on soccer analytics [120], a range of applications creating a radar view of
the game with player tracking has flourished, with varying degrees of accuracy. A
common flaw of these solutions is the visible shift of the players’ position when the
camera targets the central view of the soccer field, indicating a problem in soccer
field registration for central views. All single-frame methods for camera calibration
in sports heavily rely on the visibility of sports field markings in the camera view.
Most methods leverage either the detection or the segmentation of such markings
to derive the homography that maps the camera view to the template of the sports
field (depicted in Fig. 5.2). Difficulties arise from the fact that sports field markings
are typically composed of a sparse collection of heterogeneous primitives, such as
points, lines, and circles, unevenly distributed across the playfield. This issue makes
camera calibration in sports challenging for narrow-angle camera views, especially
for central views where only the halfway line and center circle are visible.

Over the years, several methods have tried to solve the problems of sports field
registration or camera calibration in sports by addressing the potential lack of visible
markings in the image, as described hereafter.

Dictionary-based methods. A common approach is to enumerate all plausible
camera views of the sports field markings in a dictionary. At detection time, the
closest sample from the dictionary is retrieved to initialize the camera parameters
and these parameters are later refined based on the field markings detection in the
image [7, 15, 72, 96, 97|. These solutions usually assume that the set of camera
parameters or homographies encountered in practice are well-known. They also tend
to be quite slow in practice, as the size of the dictionary is proportional to the range
of cameras to be calibrated e.g., 450 samples [7].

Regression methods. Starting from a first homography estimated with a deep

neural network |70, 73, 98], i.e. learned homography priors, or from explicit camera
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Figure 5.2: Top-view of the soccer field layout, as decomposed into different semantic
elements. These elements form a set of markings include points, lines, and circles
that can be used to calibrate a camera.

parameters priors [69], these methods refine their initial estimate using deep neural
networks. While the initial work on which some of these methods build estimates the
relative homography between frames 18], a direct sports field registration through
homography regression is closer to an APR task.

In their work, Sattler et al. [17] show that convolutional neural networks trained

to solve the APR task fail to generalize beyond their training sets, and rather perform
pose approximation via image retrieval than actual pose estimation. Given that
sports datasets are scarce, consisting of few images, and generally only depict top-tier
games, we fear these methods will not generalize well and will only work for top-tier
main cameras.
Virtual augmentation of keypoints. Some solutions augment identifiable sports
field landmarks with additional virtual keypoints which are then used to train neural
networks. These extra keypoints may be: (1) a grid of regularly spaced keypoints
of the whole sports field plane [50, 74, 75, 79|, or (2) points on sports field circles,
typically regularly spaced e.g., every 45 degrees |90, 92, 119, 121].

Our work specifically addresses the potential shortcomings of these two approaches.
First, those rely on the generalization capabilities of deep neural networks to detect
points that do not have anything distinguishable but their location; there is no pattern
to be learned for the keypoints mentioned in (1), they correspond to texture-less

grass, and for the keypoints mentioned in (2), they correspond to a specific location
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along a curve, whose appearance is a function of the perspectivity. The ability
of a neural network to detect those relies on its ability to grasp the perspectivity
of the image, which rather relates to an APR task than a detection or matching
task. We hypothesize that the generalization capabilities of the neural networks
detecting virtual keypoints may suffer from the same problem as the above-mentioned
regression methods and thus be restricted to top-tier main cameras. Second, these
approaches need to register the sports field on these images to create annotations,
which is always done through homography estimation. And, as previously mentioned,
only images already containing a sufficient number of primitives can be annotated,
while these additional points are needed the most when we have fewer than four

point or line correspondences. There is thus a chicken-and-egg problem here.

Specific solutions for central views. Some previous work directly address circle
correspondences in their method: Gupta et al. [100] leverage ellipses through their
pole-polar relationship with already found point or line matches, thus enforcing
geometric constraints to estimate homographies for hockey rink registration. Alvarez
and Caselles [122] derive a closed-form solution for homography estimation between
a soccer field and an image using correspondences of the center circle, the halfway
line, and up to three points belonging to this line. Our method is similar in the
sense of geometric exploitation of circle correspondences but targets a wider scope
than homography estimation: the correspondences that we output also allow camera
parameters estimation and keypoint annotation.

Approximations with the great axis of the ellipse. Other similar works make
relatively strong assumptions about the type of perspectivity at hand. Andrews et
al. [93] derive the vanishing point of the middle line and its parallels, then link
it to the extremities of the ellipse great axis to derive additional point and line
correspondences. Cuevas et al. [91] match the great ellipse axis extremities with the
circle points in orange as displayed in Fig. 5.2, which is also the approach chosen in
the Roboflow tutorial [120]. However, the projection of the circle center does not
necessarily land on the ellipse center. Hence, the matching between the extremities
of the great ellipse axis and the orange points in Fig. 5.2 is an approximation whose
negative effect is depicted in Fig. 5.3.

Generic ellipse-based geometric methods. Beyond sports applications, generic
solutions for homography estimation or camera calibration with ellipse correspon-
dences have been studied. Chum and Matas [123] linearize ellipse correspondences
using a first-order Taylor expansion of the homography mapping around two or more
ellipse correspondences. Chen and Wu [124] derive the focal length and extrinsic

camera parameters from two coplanar circle correspondences. Huang et al. [125]
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Figure 5.3: Visualization of the fitted ellipse (purple), its tangents from the great
axis extremities (orange), or from the points extracted by our proposed method
(green), that come from the line crossing the actual image of the circle center. The
green tangents better capture the perspectivity as parallels should intersect at one
point on the vanishing line of the supporting plane.

leverage the properties of the common self-polar triangle of separate ellipses to derive
homographies. Finally, Huang et al. [126] recover the camera intrinsic parameters by
leveraging concentric circles correspondences in three views.

Inspired by generic solutions using ellipse correspondences, we investigated the
use of a fully geometric bottom-up approach to derive point and line correspondences
from circle ones, and their application to camera calibration to address the challenging

central views in soccer.

5.3 Method

Preliminaries. The goal of our method is to convert a circle correspondence into
several point and line correspondences that can be integrated in the DLT usually
done to estimate a homography or in a PnP solver to extract camera parameters.
Since many solutions to sports field markings segmentation and detection exist in the
literature, we take off-the-shelf detectors, which are already capable of segmenting
circular markings and detecting remarkable keypoints on sports fields, including the
center of these circles if they are an integral part of the markings.

The sole detection of a circle does not suffice for calibration. Hence, starting from
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the detection of a circle correspondence, we developed three cases. The first two
combine the circle correspondence and the detected projected circle center to: Case 1
(Section 5.3.1) a line correspondence, Case 2 (Section 5.3.2) a point correspondence,
and the last one, Case 3 (Section 5.3.3) is a fallback in case of unknown projection
of the circle center. In the following, we start by defining the geometrical notions
that will be necessary to derive a sufficient amount of linear constraints to estimate

the homography.

Geometric principles in the top-view. Let us consider the supporting plane of
the sports field 7 from the 2D projective plane P? (notations and equations are taken
from [11]). In the reference system of 7, world geometric elements are described by
their 2D homogeneous coordinates. Let C be the world circle on the sports field,
which is centered at location o = (0,,0,,1)", and has a radius r.

A point x expressed in homogeneous coordinates (z,y,1)T belongs to the circle if
x'Cx =0, (5.1)
where the matrix representation of C is given by

1 0 —0y
C=10 1 —0y : (5.2)
—0, —o0, 0.+o0.—1?
A useful property of conics is the pole-polar relationship defined by a conic. It
allows to map a point p, the pole, and the polar (line) 1 with respect to conic C by

1 =Cp |11, page 58]. The polar of the circle’s center is the line at infinity of the
supporting plane 7. Indeed,

1 0 —0y o 0 0
Co= 0 1 —Oy Oy = 0 = —7’2 0 = —7“2 linf. (53)
—0, —0y 0a+o0r—1"] \1 —r? 1

An important property of pole-polar relationships is their preservation through
projective transformations. This means that the estimation of the imaged center of
the circle in our image is key to deriving the projection of the vanishing line of 7 in
the image.

Therefore, starting from the ellipse E = H-TCH™! that corresponds to the projec-

tion of the circle, and the projection of its center: ¢ = Ho, we estimate the vanishing
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line:
lvanishing =Ec. (54)

In the next subsection, we explain how to derive a sufficient number of correspondences

based on one more primitive to estimate a homography matrix.

5.3.1 Case 1: Line correspondence

Given a known line 1; detected in the image, we can estimate the vanishing point v

linked to all parallels to 1; by
v=1 x lvanishing- (55)

Once that v is known, it is easy to find the parallel to 1; passing through the projected
circle center c :
12 =V X C. (56)

As illustrated in the left part of Fig. 5.4, this line 15 intersects the ellipse in two
points a and b, which are our first two point correspondences. Then, we define the
polar of v,

I3=Ev, (5.7)

which passes through the projected circle center c, and intersects the ellipse in two
new points d and e because v and c are conjugates. Furthermore, by definition, the
polars of d and e are tangents to the ellipse and intersect at v; they are thus parallel
to 11, and perpendicular to 13. As the equation of the line 1; is known in the sports

field template, it is direct to derive the 2D position of each derived point.

5.3.2 Case 2: Point correspondence

Given a point correspondence x, we can derive the line that passes through that

point and the projected center of the circle:
11 =X X C. (58)

As can be seen in the right part of Fig. 5.4, besides intersecting the ellipse in two
points a and b, the line 1; is in a pole-polar relationship with a point on the vanishing
line of the plane

v =El;. (5.9)

61



5.3. Method

v 1, v I,

vanishing

vanishing

Figure 5.4: Starting either from a line correspondence 1; (left) or a point correspon-
dence x (right), we derive the dashed lines and the set of points a, b, d, and e.

As 1; intersects the ellipse E in two points, the tangents to these two points a and b
intersect at v. The point at infinity v is the vanishing point of the parallels to the
tangents of a and b, and can be used to retrieve another parallel that passes through
the projected circle center :

l,=vxc, (5.10)

that intersects the ellipse in two points d and e and, as the tangents of a and b are
parallel to L, the line 1, is a perpendicular to 1;. The exact position of the derived
points can be easily retrieved from the known position of x and the circle in the
sports field template.

While this method works for a generic registration case, its application to soccer
is very limited, as the only point correspondences available in central views all lie on
the middle line. In this instance, the first Equation (5.8) deriving a line through the
point correspondence and the circle center retrieves the equation of the middle line,
and thus the method falls back on the first case of Section 5.3.1. We will thus not

investigate this method further in our paper.

5.3.3 Case 3: Unknown center

In some cases, the detection of the center of the circle might fail, due to occlusion
with players, poor markings’ definition in the image, or its absence in the sports field
markings. While projective transformations deform a circle into an ellipse, the center
of the ellipse is not the projection of the center of the original circle. The estimation
of the original center of the circle is not straightforward, even if the ellipse equation

is known in the image.
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To recover the imaged center, we leverage the fact that the field markings have
a consistent thickness of about ten centimeters and can be considered defining two
concentric circles at their interface with the ground.

Once ellipses are detected in the image, we rely on a result of Huang et al. [126]
to retrieve the imaged center. Let C; and Cy be the concentric circles, and let E;
and Eg be their respective images. These circles share a common pole-polar, as their
common center maps the vanishing line of the supporting plane 7. In their work,
Huang et al. showed that the image of the circles’ center ¢ = Ho is an eigenvector of
the E;7'E; matrix. By estimating the ellipses’ coefficient matrices E; and E,, we first
derive c as it is one of the eigenvectors of E;'E;. Then, Lianishing 1s obtained as the
polar of ¢: lianishing = E1 € = AEg €. Subsequently, depending on the support present
in the image, we can derive a sufficient number of correspondences by following the

methods developed in Sections 5.3.1 and 5.3.2.

Eventually, for all the aforementioned cases, the ambiguity about left-right and
up-down correspondences on the circle are solved based on priors on the camera
position. Note that the trapezoid formed by the tangents of the points a, b, d, and
e, has diagonals that intersect the ellipse in the green points from Fig. 5.2. In total,
our method gives 8 point correspondences, which can be augmented by 8 lines from

their tangents to the ellipse.

5.4 Experiments

In Section 5.4.1, we will first validate our hypothesis that the previously mentioned
virtual augmentation of keypoints method fails to generalize to zoomed-in on the
center circle, out-of-domain views. In Sections 5.4.2 and 5.4.3, we assess the quality
of our method from a circle and a line correspondence. Finally, in Section 5.4.4,
we assess the robustness of the variant of our method that can deal with missing
circle center detection. As our method consists of a correspondence extractor, we
will combine it with the calibration algorithm of PnLCalib [119] to obtain the final

calibrations.

5.4.1 PnLCalib keypoint detector

A hypothesis on which this work relies is that virtual keypoint neural networks
will fail to generalize to Out-of-Domain (OOD) images. In this experiment, we
evaluate the keypoint detector of the best performing camera calibration method on
SoccerNet, PnLCalib [119]. For this experiment, we gathered an OOD test set of
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300 central views of empty, smaller stadiums, with lower viewpoints, without ground
truth. We make comparisons with the SoccerNet dataset (SN), which consists of the
images of the test sets of the sn-calibration and sn-gamestate datasets where i) the
central circle is visible, and ii) the number of visible lines is lower than 3; this test
set consists of 8,565 images. A way to validate the correctness of predicted keypoints
without ground truth is to verify the alignment of points that are supposed to belong
to the same line.

There are 8 points predicted by PnLCalib neural network on the center circle,
of which we discard the points that are the intersection of the center circle and the
middle line (red points in Fig. 5.2). Then, from each pair of opposed predicted points
on the circle, we estimate a line. The center of this circle is supposed to belong to
this line, and thus we measure the distance between the center and its projection on
the line to assess the soundness of the predicted keypoints. The results are depicted
in Fig. 5.5. While the error distribution appears bounded on the SoccerNet dataset,
the out-of-distribution images are more subject to high error rates. By construction,
our geometric method derives pairs of points on the ellipse that are collinear with

the circle center.

5.4.2 Qualitative results

Starting from the semantic segmentation detector of TVCalib [69], we estimate
the ellipse parameters. The center and the intersection of the center circle with
the middle line are estimated thanks to the keypoint detector of PnLCalib [119].
From these detections, we derive point and line correspondences using the method
described in Section 5.3.1. A series of results are displayed in Fig. 5.6, while the effect
of including these points in a full camera calibration pipeline is depicted in Fig. 5.7.
The results shown in Figs. 5.6 and 5.7 indicate that, if the initial detector that
provides the circle correspondence and the distinguishable keypoints are performing
well, our geometric approach gives promising results, enabling to calibrate cameras

in challenging cases, or improving the estimated perspectivity as shown in Fig. 5.7.

5.4.3 Quantitative Results

The difficulty to showing the benefits of our methods using a quantitative analysis is
that, as previously mentioned, it tackles mainly out-of-domain images that are by
definition not in the annotated datasets. For the sake of completeness, however, we
conducted a quantitative analysis on the SoccerNet dataset. For this setup, given

the validation of the predicted keypoint correctness on the SoccerNet dataset of
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Figure 5.5: Distribution of Euclidean distances, in pixels, between the circle center
and each line formed by opposed keypoints pairs. Compared to SoccerNet (SN), the
OOD dataset shows a significant number of unbounded errors.
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Figure 5.6: Various results of our method extracting lines and points from the center
circle and the middle line correspondences. The images come from either our OOD
dataset, or SoccerNet. The few failures are due to poor ellipse fitting or to bad center
detection.
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Figure 5.7: Left-column: vanilla PnLCalib results on OOD frames. Right-column:
PnLCalib calibration when our keypoints are included.
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| JaCs (1) [%] MRE () [px] CR (1) [%]

TVCalib [69] 10.2 28.8 100
PnLCalib [119] 22.4 12.8 79.5
PnLCalib* 22.4 12.9 79.5

Table 5.1: Jaccard Index for camera calibration at 5 pixels (JaCs) [1] in full-HD
frames, Mean Reprojection Error (MRE) in pixels and Completeness Rate (CR)
of previous works and PnLCalib* tuned with our geometrically derived keypoints
instead of their learned version, evaluated on the central views of SoccerNet test sets.

Section 5.4.1, we do not expect our geometric approach to change the results of
PnLCalib when we replace their predicted keypoints by our geometric keypoints.
The results are reported in Table 5.1, and as expected, no significant change is to be

observed with our keypoints.

5.4.4 Unknown center

We will now assess our method that allows calibration even when the circle center
is not detected in the image. In this experimental setup, we assess our method

independently of sports field markings detectors.

Experimental setup. We randomly generate plausible views of soccer main cameras.
To do so, we sample common camera positions, orientations and focal length values,
and keep the images displaying the center circle and the halfway line only. The
pinhole parameters of these cameras are then converted to homographies mapping
the synthetic image to the top-view soccer field template with the playfield located in
the plane Z = 0. These ground-truth homographies H are compared to the estimated
homographies H through the reprojection error of the visible 3D points belonging to
the soccer field in the synthetic image. Specifically, given a set of 3D visible points
{X1, ..., Xy} in a synthetic frame, we define the mean reprojection error in the image
as: MRE = — 52 [[Hx; — fix .

Results on synthetic data. In our simulations, assuming a field marking thickness
of 8 centimeters, we sample 8 points along the inner and outer ellipses corresponding
to the central concentric circles. Those points are projected in the full-HD (1080p)
image, and a zero-centered Gaussian noise with increasing standard deviation o
is applied independently to each point. The ellipses are fitted with Fitzgibbon’s
method [127], then our method is applied to derive the final homography. In our
synthetic data experiments, we vary the standard deviation o between 0 and 25
pixels for 100 randomly generated cameras. As it can be observed in Fig. 5.8a, we

find that the level of error seems to linearly follow the noise applied to the ellipse

68



5.4. Experiments

70 4 —— Mean e
—=- Median 175 4 e
60 4 std el
o
150
-
50 - .
"
125 7
] -
w» 40 w ’,r
E g 100 .
30 P
-
75 A /,
204 ”
50 - -
&
L
10 1 /’ —— Mean
251 o —-=-- Median
0 ol std
0 T
0 5 10 15 20 25 0 2 4 6 8 10 12 14 16
ag a
(a) (b)

Figure 5.8: Reprojection errors when points are modified with a Gaussian noise with
zero mean and standard deviation o. (a) corresponds to an increasing noise applied
to ellipse points, and (b) to an increasing noise applied to the circle center estimate.

points. In a second experiment, we measure the sensitivity of our method to the
location of the circle center. To do so, we apply the same noise to the 2D position of
the center. Figure 5.8b shows that the reprojection error rises rapidly with this type

of noise, hence highlighting the need for a precise center estimation.

Results on real data. The existing sports circular markings detectors do not
detect both inner and outer edges of the markings. Usually, they perform semantic
segmentation, and neglect the field markings thickness. To detect both edges, we
first use the semantic segmentation of the circle by using Theiner’s line segmentation
neural network [69], which determines a rough local area to search for inner and
outer ellipses. To estimate those, we apply Canny’s edge detector in the segmented
area. We roughly estimate the center of the detected area, and starting from this
center, we throw rays that should intersect the detected edges of both ellipses only a
few pixels apart. The first detected edges along the rays belong to the candidates for
the inner circle, and the second ones belong to the candidates for the outer circle. We
use RANSAC to derive the final ellipses’ equations in the image. Figure 5.9 shows
the results of each intermediate step. Finally, examples of the center derived from
the two ellipses are displayed in Fig. 5.10. The retrieved centers are too noisy to be
used in real-world scenarios. The views, where only a part of the ellipse is visible,
excluding the middle line for instance, remain very challenging views to calibrate or
register. This is also true for the views where the center keypoint detector fails, for

example when the center is occluded or almost invisible due to poor image quality.
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Figure 5.9: Concentric circles detection. (a) displays the semantic segmentation of
the “Center circle” class of the soccer field, (b) shows the result of Canny’s detector
in the segmented area, and (c) shows inliers points for inner (blue) and outer (red)
ellipse points.
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Figure 5.10: Circle centers (yellow) detected based on the concentric circles” detection.
The results are poor, as synthetic experiments suggest.
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5.5 Discussion

Our contribution to the quality of the annotations of keypoints on circles is obvious,
as our method enables to annotate views for which no homography could be derived
from points or lines alone. Furthermore, as shown in Fig. 5.3, it considerably improves
the geometric consistency compared to great axis annotation. The benefits of our
method for calibrating cameras are more difficult to measure, as it tackles mainly
out-of-domain images that are by definition not in the annotated datasets. Still,
our qualitative experiments indicate that our geometric method can retrieve points
and lines correspondences that enable camera calibration in difficult scenarios by
relying on the generalization capacities of detectors for actual recognizable patterns
such as circular field markings or line intersections. The main limitations of our
method come from the dependence on such robust detectors, which may overfit the
few open-source datasets, and from the noise that may arise in ellipse estimation,
mainly in the concentric setup where the line thickness is probably insufficient to
guarantee a reliable circle center extraction. The cases depicting only a small part of

the ellipse require further investigation to enable their calibration.

5.6 Conclusion

In this paper, we have shown how to better annotate central views in sports by
using a geometric approach. Furthermore, while we show that learned keypoint
detectors such as the one of PnLCalib [119] perform well to detect keypoints on
circular patterns in in-domain scenarios, our geometric approach is effective when
the test images are out-of-domain. However, some challenging views remain to be
solved for single-frame camera calibration when the central circle center is out of the

image or cannot be detected, which we will explore in future work.
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Chapter 6

Sport-agnostic Metric Rectification of
Sports Field
(4" article)

This chapter reproduces the following paper, currently under review: Floriane Magera
et al. Beyond Field Registration: Sports-Agnostic Metric Rectification from a Single
Image. Submitted to a conference. 2026.

Prologue

Existing works for camera calibration in sports largely exploit the presence of field
markings to get point and line correspondences. Detecting the field markings is
inherently sports-specific and requires the acquisition and annotation of sports
footage, which might be scarce, difficult to publish because of broadcasting rights,
and cumbersome to annotate.

In this final chapter, we investigate to what extent it is possible to recover most
of the geometric information from a single image without relying on a dedicated
sports field detector. By leveraging advanced neural networks, we seek to exploit
generic geometric cues available in the scene.

Indeed, as previously mentioned in Chapter 2, geometry foundation models are
showing great progress at estimating the geometry of a scene from a single frame.
In this work, we studied how to best leverage those, despite their difficulties to
generalize to large-scale scenes like sports venues. To support these strong detectors,
we leverage a more mature, but still generic family of methods: line detectors, which
provide strong projective constraints.

In the end, by combining geometry foundation models, line detection, and
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projective constraints, we manage to recover the metric properties of the playing
surface. This enables sports-agnostic metric rectification and the insertion of AR
graphics on the playing surface.

This work was initiated during a research stay at the Computer Vision and
Geometry lab of ETH Ziirich from April to August 2026.
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Beyond Field Registration: Sports-Agnostic

Metric Rectification from a Single Image

Abstract

Augmented reality insertion in sports broadcasting relies on metric knowledge of the
scene, yet current pipelines obtain it through field registration, which depends on
a sport-specific field model and its detection in the image. Geometric foundation
models promise a generic alternative, but broadcast footage, with its wide range of
focal lengths and large-scale scenes, falls largely outside their training distribution:
while monocular depth and surface normals transfer reasonably well, focal length, a
global projective quantity with no local visual signature, is estimated poorly and
inconsistently across domains. We propose a field-model-free approach to in-plane
augmented reality insertion that combines the strengths of both worlds: plane
normals are obtained from monocular geometry foundation models, while focal
length is recovered geometrically from pairs of parallel lines detected with a generic
line detector, without assuming a Manhattan world. As no single predictor proves
reliable across all sports, we further introduce a lightweight and production-available
prior in the form of sport- and camera-dependent field-of-view bounds to filter noisy
focal estimates. On four datasets spanning football, basketball, and volleyball, our
method is the most consistently competitive across domains, achieving the lowest
reprojection error on every dataset, whereas each foundation-model baseline excels

on some datasets and collapses on others.

6.1 Introduction

Sports are among the most active application domains of computer vision, driven by
the economic and editorial stakes of live broadcasting. Vision systems now support a
broad range of tasks, from tactical and performance analysis for storytelling, medical
assistance, scouting, refereeing, and augmented-reality effects. Classical pipelines for
sports applications often rely on three key components: (1) camera calibration, (2)
player tracking, and (3) ball tracking.

Among these, camera calibration is the one that allows to bridge from the image
world to the actual scene. It is the fundamental block for any spatially coherent
reasoning. Camera calibration in standard sports environments is a well-studied
problem with known field markings |7, 69, 71, 73, 90, 95, 121, 128], where the
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Figure 6.1: Sports-agnostic metric rectification from a single image. Given a
single broadcast frame, our method segments the dominant planes, estimates their
normals from monocular depth priors, and recovers the camera focal length from
parallel lines, enabling metric rectification and augmented-reality insertion without
any field model.

literature largely focuses on learning field layouts to register the playing surface. A
central difficulty is that live broadcast footage is a scarce and expensive resource;
open-source datasets are rare, and reliable ground truth is often available only as
pseudo-ground truth.

With the rise of foundation models for single-image geometry, we argue that
several of these applications can be addressed without any sport-specific field model
or marking detection. This is the purpose of our work: we investigate the open
problem of in-plane augmented-reality graphics insertion in sports scenes, without
relying on any field template or sport-specific training data.

Given the capabilities of today’s geometric foundation models [31], one might
consider this problem essentially solved off-the-shelf. Sports content, however, is a
highly specific domain: stadiums are rarely represented in standard training data, and
broadcast cameras, with their wide focal ranges, differ strongly from the consumer
or robotics common cameras these models are trained on. As a result, live sports
footage often falls out of distribution, and the claims of the latest state of the art
do not transfer to this setting. In fact, our experiments indicate that newer is
far from better for sports applications: the latest models are not necessarily the

most stable across sports datasets (Section 6.4). Our key insight is that foundation
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models, despite their unreliability on out-of-distribution broadcast views, still carry
information that is exploitable for a geometrically simple task such as in-plane
graphics insertion, provided explicit geometric constraints anchor it. In particular,
although the focal length has weak local visual evidence and is poorly regressed, it
becomes strongly constrained by projective geometry once plane normals and parallel
lines are available—quantities that foundation models predict reliably. Combining
learned priors with this geometric evidence is therefore sufficient to recover metric
rectifications where direct regression fails.

Our contributions are threefold: (1) We propose a sports-agnostic pipeline for
in-plane metric rectification from a single image, which combines monocular depth
foundation models with line and vanishing-point geometry, and requires no sport-
specific field model. (2) We introduce a geometric focal length recovery from
pairs of parallel lines lying on a plane of known normal, yielding a closed-form estimate
per line pair, aggregated under a lightweight, production-available prior (camera-
and sport-dependent field-of-view bounds). (3) We provide a comprehensive
evaluation across four sports datasets and three sports, showing that no
single monocular predictor generalizes across broadcast domains, while our method

is the only one consistently competitive in focal, normal and reprojection accuracy.

6.2 Related Work

6.2.1 Sports camera calibration

The last few years have shown great improvement in the quality of broadcast camera
calibration, from sports field registration techniques on small datasets to larger
initiatives such as the SoccerNet challenges |8, 56, 57] and the FIFA challenge with
the WorldPose dataset [129]. These efforts, combined with finer camera models |2,
128], have pushed camera calibration to high accuracy. However, these techniques
rely on accurate and dense (virtual) field-marking detection [50, 74, 75, 90|, making

them dependent on the availability of training data to tackle new sports.

6.2.2 Single-image camera calibration

Beyond field markings, another line of work estimates camera intrinsic parameters
directly from a single image. Recently, a new task has emerged: predicting perspective
fields, i.e. estimating, densely and per pixel, the local up-vector and latitude relative
to the horizon, which can then be converted into camera intrinsics. Perspective

Fields [20] and GeoCalib [21] follow this paradigm, regressing calibration parameters
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and the gravity vector directly from a single image. Also worth mentioning are the
field-of-view fields later proposed by [22] with AnyCalib, which drop the constraint
of visible gravity cues to model only the perspective and distortion effects of the
camera. These methods enable focal length regression from a single image, but the
quality of their predictions can degrade sharply outside the training distribution, as

we quantify in Section 6.4.

6.2.3 Monocular depth estimation

MDE has progressed from relative, scale-ambiguous predictions to zero-shot metric
depth, where models trained on large and diverse datasets predict absolute metric
depth on unseen domains without per-scene tuning. Metric3D [24, 130] and Depth
Anything [131] recover metric depth up to a known focal length, while Depth
Pro [26], MoGe |25, 132] and FoundationGeo [133]| additionally regress the focal
length, yielding a full metric reconstruction from a single image. Several of these
models also predict surface normals, either as an auxiliary output or through a
geometry-aware formulation; jointly reasoning about depth and normals has been
shown to improve geometric consistency and to yield more reliable local orientation
than differentiating a noisy depth map. In our pipeline, we exploit precisely this
property: monocular normals transfer well across domains, whereas the regressed
focal length remains sensitive, which motivates recovering it geometrically rather

than by direct regression.

6.2.4 Line and vanishing point detection

A complementary line of work extracts explicit geometric primitives. Line segment
detection has evolved from handcrafted detectors such as LSD [134] to learning-based
and hybrid approaches such as SOLD [135], HAWP [136], LETR [137], DeepLSD [13§],
which combine the robustness of deep networks with sub-pixel geometric precision.
From these segments, vanishing points, and hence constraints on the camera intrinsics,
are recovered by robust multi-model estimators such as J-Linkage [139], Progressive-
X [140], or convex relaxation [141], and can be further constrained by a known gravity
direction [142]. These primitives are sports-agnostic and geometrically grounded,
but classical pipelines built on them typically assume a Manhattan-world structure

and remain sensitive to detection noise on cluttered broadcast imagery.
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6.2.5 Rectification

Recovering the metric structure of a plane from a single image is a long-standing
problem in geometric vision. Classical approaches rectify a plane up to a similarity
transform by exploiting known geometric cues, such as vanishing lines, parallelism,
orthogonality, or known length ratios, through the projective and affine properties of
the imaged plane |11, 143, 144]. These methods are accurate when reliable primitives
are available, but they assume that such cues can be extracted precisely, which rarely
holds in cluttered, real-world imagery.

In the sports domain, metric rectification is typically obtained indirectly through
field registration, which aligns the image with a known field model [71, 74, 75].
Because the real-world field dimensions are known, this not only yields metric
geometry but also resolves the absolute scale ambiguity inherent to single-view
rectification. Its price, however, is a strong sport-specific prior: a dedicated field
model and marking detector are required for each sport. In contrast, our method
recovers metric rectification up to an unknown global scale without any field model
by combining monocular normals with line-based focal recovery. This makes it
applicable across sports and playing surfaces, at the cost of the absolute scale that a

known field would otherwise provide, which is often not necessary for AR insertions.

6.3 Method

6.3.1 Problem statement

From a single image, we aim to recover the homographies that metrically rectify
the dominant planes of the scene, up to a similarity transform preserving angles
and length ratios. Under the assumption of a simplified pinhole camera model with
square pixels and a centered principal point, our method segments the planar regions
of the image, estimates their normals, and recovers the camera focal length.

The rectifying homography of the plane of normal n depends solely on n and the
focal length f:

11
H = KRK ' = diag(f, f, 1)Rpdiag (—, -, 1) , (6.1)

fr
where R,, is the rotation of the minimal angle that aligns n with the optical axis.
Recovering each plane reduces to estimating two quantities: the normal n and the

focal length f, which is precisely what our method provides. In the context of this

work, we assume that lens distortion is negligible.
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Figure 6.2: Overview of the proposed sport-agnostic pipeline. From a single image,
two branches are computed: a depth foundation model yields a metric point cloud
from which dominant planes are detected, and a parallel line detection. Planes,
lines, and vanishing points jointly feed the focal length estimation, enabling metric
rectification of each plane.

6.3.2 Pipeline overview

Figure 6.2 illustrates our complete pipeline. From an input image I, we run two
branches: (1) a monocular depth estimation branch, which yields plane segmentations
and their normals, and (2) a parallel line detection branch whose outputs jointly
feed our focal length estimation. The recovered focal length, the plane normal and

its segmentation are finally used to metrically rectify the plane.

6.3.3 Plane segmentation from depth models

We detect planar regions and their normals using monocular metric depth foundation
models. Existing methods either jointly estimate depth and focal length or assume a
known focal length. For the latter type, we set the field of view of the camera to a
plausible value.

The resulting focal length is then used to lift the depth map into a 3D point
cloud. For each point, we form a local neighborhood from the points that were lifted
from its adjacent pixels, and estimate an initial normal as the eigenvector of the local
covariance matrix associated with the smallest eigenvalue (Principal Component
Analysis (PCA)).

To favor large, spatially coherent planar regions, we apply a region-growing
algorithm to these oriented points. Starting from arbitrary seed points whose normal
and position define an initial plane hypothesis, the candidate plane (i.e. the region)
grows by considering the neighbors of the points already assigned to the region. A
neighboring point is added to the current region if it lies within a distance of 74 of the
current plane hypothesis and if the angle formed by its normal and the plane normal
is smaller than 75. The region-plane equation is updated every few hundred iterations

via PCA. This yields a set of planar regions and their corresponding normals {n;}.
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6.3.4 Parallel lines detection

The second type of sport-agnostic detector we use is line detection. We detect line
segments in the image with DeepL.SD [138], a hybrid detector that leverages the
robustness of deep neural networks to produce enhanced image gradients, enabling us
to detect low-contrast and partially occluded lines, which are common in broadcast
footage. This surrogate image gradient is fed to a classical line detector, LSD [134],
keeping the sub-pixel precision of handcrafted methods. This algorithm enables
the recovery of mowing patterns and field markings, and yields a set of segments
L= {1,}".

We then estimate vanishing points from L with Progressive-X [140], a robust
multi-model estimator. Each Vanishing Point (VP) groups the segments whose
supporting direction is consistent with it, and thus identifies the lines that are
parallel in 3D.

A segment is assigned to a candidate VP v through a consistency criterion. Rather
than a point-to-line distance, the standard metric [145] measures the deviation
between the endpoints of [ and the line joining the midpoint of [ to v. This criterion
is length-dependent: for a fixed orientation, a short segment may be accepted while
its longer counterpart is rejected, biasing VP estimation towards short lines. This is
undesirable in sports scenes, where long markings (typically touchlines and sidelines)
are better localized and more robust to detection noise, hence more informative.

To remove this bias, we normalize all segments to a common length before the
inlier decision, so that acceptance depends on orientation alone. Once the inlier set
of a VP is fixed, segment length becomes a legitimate confidence cue: we therefore
weight each segment’s contribution to the VP position by its original length, as in
standard VP estimation [140].

6.3.5 Focal length from parallel lines

From each pair of parallel detected lines (1; = (a;,by,¢1)", 1y = (ag, by, c2) ") inscribed
in a plane, we can derive an equation for f. The rectified version of the lines
I, = H~"1; are parallel, meaning their first two coefficients are multiples of each other,
or if we rotate by 90 degrees one of their normal, their dot product equals zero:
17[1,2] "Rogo15[1, 2] = 0. The rectifying homography H is of the form:

T1 T2 Tg/f

H' =K 'RK=|r, 15 re/f (6.2)

rf rsf Tg
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and thus the rectified lines can be derived as:

ria; —+ TQbZ‘ —+ 3G

1; = r4a; + 7“552' + 7“(}01' (63)

r7fa; + 13 fb + roc;
This gives the final equation to solve for f:
T6C T3C
(7"4611 + T5bl —+ %)(Tlag + szg + %)
r3Cy T6C2 (6'4>
—(T‘lal + Tgbl + T)(T4CL2 + T5b2 + T) = 0.

Although Eq. (6.4) appears quadratic in 1/ f, the second-order terms cancel identically
T3reC1Cy — T3TC1c2 = 0, leaving a linear equation in 1/f. The focal length therefore

admits the unique closed-form solution:

Num = — a1C2T1T¢ + a1CaT3Ty + A9C1T1Te — A9C1T3T4
— b1027'27'6 + b102T3T5 + b2617’27'6 — 62017'37’5, (65)
Num

f= (6.6)

(alb2 - a2bl)(7“17“5 - 7”27“4)
The estimate is valid only when (a1by — asby) and (r175 — rory) are bounded away
from zero; pairs of near-parallel image lines are discarded, and the sign ambiguity of

n is resolved by enforcing f > 0.

6.3.6 Focal length aggregation

Each pair of parallel lines contained in the same plane yields a focal length estimate,
such that a few hundred different values {f;} are computed per single frame. These
values are corrupted by errors in the detected lines and estimated normals, and their
distribution exhibits strong outliers. Rather than seeking a single estimator that
would be robust across all domains, which we could not find in our experiments, we
leverage a weak, readily available prior: both the targeted camera type and targeted
sport constrain the plausible field of view, which can be turned into a plausible focal
length interval [fiin, fimaz]- We discard the estimates falling outside this interval
and take the mean. In our experiments, the interval filtering removed the dominant

outliers, after which the arithmetic mean provided stable estimates.
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WorldPose[129] WorldCup|[71] DeepSportRadar[54] ~ MultiSports[12§]
Method Mean Med. 61 02 Mean Med. §; do Mean Med. 6, 0y  Mean Med. 47 6o
GeoVP [142] 2.00 0.51 21 48 1.74 0.44 26.6 57.7 0.50 0.14 70.3 89.4 1.49 1.05 10 40
GeoCalib [21] 043 045 12 64 047 0.49 10.1 51.1 0.15 0.08 70.8 100.0 0.42 0.34 30 60
AnyCalib [22] 0.35 0.36 13 95 0.31 0.31 294 952 0.12 0.10 98.3 100.0 0.38 0.36 20 70
FoundationGeo [133] 0.49 0.49 0 53 0.46 0.47 2.8 61.8 0.20 0.15 57.6 100.0 0.37 0.36 20 70
DepthPro [26] 0.11 0.09 92 99 0.26 0.25 49.9 92.9 0.09 0.08 99.2 100.0 0.38 0.43 20 90
MoGe-2 [25] 049 049 0 52 0.40 0.40 5.1 83.5 0.22 0.19 54.2 100.0 0.37 0.35 20 80
Ours 0.20 0.18 68 97 0.24 0.23 58 98 0.10 0.07 94 100.0 0.22 0.25 50 90

Table 6.1: Focal length estimation across datasets. Relative error is lower-is-better
({); 01 and d5 denote the percentage of images whose relative focal error is below
25% and 50% respectively (1). Best per column in bold, second best underlined.

6.4 Experiments

6.4.1 Experimental setup
Datasets

We validate our approach on four sports datasets spanning 3 sports (football, basket-
ball, and volleyball) in both indoor and outdoor setups. The WorldPose dataset |129]
was released by FIFA, containing football main camera footage with pseudo-ground
truth camera parameters provided by Vizrt, a company specializing in AR effects
[146]. We sampled the videos of the dataset at 1 fps to obtain a final set of 2,958
HD frames along with their camera parameters. The second dataset is the World-
Cup2014 dataset [71]. It contains broadcast main-camera footage of the 2014 World
Cup, with 395 720p frames annotated with homographies. The third dataset is the
DeepSportRadar dataset [54] which contains fixed cameras around 15 basketball
stadiums. It is annotated with camera parameters. Following [128], we set the
resolution to 1624 x 1234 pixels, and keep the frames satisfying our assumption of
square pixels, resulting in a set of 236 images. The last dataset is the Multisports-
Calib dataset [128] which was annotated with field markings that we converted in
homographies. Besides volleyball, it contains ice hockey and handball, which do not
contain enough line markings to compute homographies. We only keep the volleyball
frames, which make a set of 10 images.

For the datasets annotated with homographies (WorldCup and Multisports), we
convert the registration homographies into pinhole camera parameters by exploiting
the fact that the sports field is the ground plane Z = 0. Under this assumption,
H = K[rirot] so that the homography encapsulates the first two columns r; and

ro of the rotation matrix and the translation vector up to scale. Enforcing the
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orthonormality of r{ and ry, we can recover the rotation matrix R and the intrinsic
matrix K with Cholesky decomposition, providing a common parametrization across

all datasets.

Metrics

We evaluate our pipeline at different levels: plane normal estimation, focal length

estimation, and the final rectifying homography.

Normal. In sports broadcasting, the dominant plane is often the sports field plane,
which is by convention the ground plane Z = 0. Hence the normal of the field plane
is obtained from the last column rj of the rotation matrix. This evaluation is partial
as other planes are not evaluated; we argue, however, that this is the most relevant
one for AR graphics in sports images. We report the mean and median angular error

of the estimated normal.

Focal length. We report mean and median relative errors, as well as d; and
09 rates defined as the percentage of estimated focal lengths whose relative error
\f — far|/fer is below 0.25 and 0.5 respectively.

Rectifying homography. We measure the reprojection error over a uniform grid
of pixels. For a sampled pixel p in homogenous coordinates p = (z,y,1)" , the
error is defined by E = ||7(HH}p) — 7(p)||2 where ||-||2 is the Euclidean distance in
the image plane, and 7((x,y,w)") = (z/w,y/w)" is the projection function. The
reprojection error for an image [ is the mean of E over the sampled pixels, and we

report mean and median values over all images.

Hyperparameters

Line detection. We run DeepLSD [138] on each image downsized by several factors
[2,3,4,5] to ensure a high number of detected lines and further tune the sigma
scale of LSD [134] to 0.9. Normal estimation. Depth estimators that assume the
focal length to be known, like Depth Anything|[131] and Metric3Dv2 [130], require a
candidate focal length to lift their depth map predictions into point clouds. For the
different datasets, we use a fixed vertical field-of-view value of 30 degrees. Concerning
our region-growing algorithm, we set 7, to 80 cm and 7y to 37 degrees for all datasets
and depth estimators. As our experiments suggest in Table 6.2, we use the plane
normals obtained with Metric3Dv2 [130] for football and MoGe-2 [25] for other sports.
Focal length filtering. The focal length bounds [fiin, fimez] depend on the sport
and camera type. Broadcast cameras typically have a wide range of fields of view.

Based on empirical analysis of sports datasets, we set the vertical field of view to
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[6, 28] for football main-camera footage, [13,60] degrees for basketball, and finally
[10, 28] degrees for volleyball.

6.4.2 Baselines

We evaluate our pipeline against three families of baselines, chosen to cover the main
paradigms for single-image calibration.

Direct calibration. GeoCalib [21] and AnyCalib [22] both regress the camera
intrinsics directly. Moreover, GeoCalib predicts the gravity vector, making it the
only method that can be compared against our full pipeline, i.e. focal length, and
ground plane normal. We use the pinhole camera models of both methods, neglecting
lens distortion in the context of this work.

Depth and normal foundation models. Metric3Dv2 [130] and Depth Any-
thing [131] provide metric depth from which we derive ground-plane normals, but
assume a known focal length. MoGe-2 [25], DepthPro [26] and FoundationGeo [133]
additionally regress the focal length, and thus represent the direct focal regression
paradigm—the very component our geometric approach aims to replace.

Geometric estimation. We also integrate a classical computer vision approach
to estimate the focal length from orthogonal vanishing points. We use the imple-
mentation of [142]; it is the closest counterpart to our method and isolates the
contribution of combining lines with monocular normals. For conciseness, we denote
it “GeoVP” in our result tables.

For all baselines, we use the official checkpoints and the hyperparameters reported

by their authors, without any re-tuning, to ensure a fair comparison.

6.4.3 Main results

Table 6.1 provides the performance of deep foundation models against our pipeline
for focal length estimation. All baselines rank well on the DeepSportRadar dataset,
likely because it exhibits a wider field-of-view range, which is more representative
of the distributions commonly encountered in generic computer vision datasets.
DepthPro [26] is excellent at predicting focal lengths, and as shown in Fig. 6.3, the
predicted values are closer to the ground-truth distribution of field of views present
in the sports dataset. Interestingly, the performance of DepthPro is uneven across
football datasets while they contain the same type of content: main camera footage.
Traditional computer vision approach GeoVP [142] is limited by its reliance on the
detection of pairs of orthogonal vanishing points to estimate a focal length. Indeed,

line detection often provides enough support to reliably estimate only one of the
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Figure 6.3: Vertical Field of View (°) predictions of different baselines against the
field-of-view values present in the sports datasets. Most methods predict vertical
fields of view that are significantly wider than the range typically observed for
broadcast cameras. This highlights the importance of domain-specific camera priors.
Among the evaluated methods, DepthPro exhibits the closest distribution to the
ground truth.

two vanishing points associated with rectangular sports field markings. Our method
ranks among the top one or two methods, except for §; metric on DeepSportRadar.

Table 6.2 demonstrates the precision of the normal prediction when combining
our region-growing algorithm with depth estimators (except GeoCalib [21] which
predicts the normal vector directly). Metric3Dv2 [130] is a strong baseline, despite
us using a default value for lifting its depth map. GeoCalib [21] ranks second on
three of the datasets.

Finally, Table 6.3 shows the reprojection error of the obtained rectifying homo-
graphies. Our method consistently obtains the best rectification, even though its
focal length prediction is not systematically better than DepthPro’s one, showing
that accurate rectification depends on the joint consistency of focal length and plane
normal rather than on focal length accuracy alone.

These results support our central claim: since no generic predictor is reliable
across domains, a lightweight, production-available prior—such as the sport- and
camera-dependent field-of-view bounds—is what turns noisy predictions into usable

metric rectifications, which is further supported by our qualitative analysis.

6.4.4 Qualitative results

Figure 6.4 compares the metric rectifications obtained with DepthPro [26], Geo-
Calib [21], MoGe-2 |25] and our method on representative frames from each dataset.
For every image, we rectify the ground plane to a fronto-parallel view. A correct
rectification maps the field markings onto straight, mutually orthogonal lines with
preserved length ratios.

The baselines reflect the quantitative trends of Section 6.4.4. GeoCalib and MoGe-
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Method

WorldPose [129]

WorldCup [71]

DeepSportRadar [54]

MultiSports [128]

Mean Median Mean Median Mean Median Mean Median
Ours+DAv3[131] 3.19 3.02 2.53 2.35  11.11 11.14 6.36 4.39
Ours+Metric3Dv2[130] 1.67 1.47 1.86 1.64 8.81 9.26 14.87 2.56
Ours+MoGe-2[25] 5.68 5.65 4.00 3.79 1.50 1.37 12.19 5.29
Ours+DepthPro[26] 3.68 3.52 2.50 2.32 4.63 4.85 20.77 25.39
GeoCalib[21] 3.17 2.54 3.91 2.88 4.31 3.85 9.79 7.35

Table 6.2: Ground plane normal estimation using our region-growing algorithm on
top of depth estimators, angular error in degrees ({). GeoCalib predicts directly the

ground plane normal with its gravity vector. Best per column in bold, second best
underlined.

WorldPose [129]  WorldCup [71] DeepSportRadar [54] MultiSports [128]

Method Mean Median Mean Median Mean Median Mean  Median
GeoCalib[21] 1196 1025 1041 835 210 160 922 857
DepthPro[26] 272 248 385 224 202 206 1849 1911
MoGe-2[25] 1679 1528 793 683 350 254 1150 1171
Ours 260 231 272 203 136 85 618 624

Table 6.3: Reprojection error (in pixels, ) across datasets. For each dataset we
report the mean and median error. Best result per column in bold, second best
underlined.

2 often recover a plausible orientation but an inaccurate focal length, which manifests
as residual perspective distortion: parallel markings remain slightly convergent and
right angles are not preserved. Despite its excellent performance in focal length
estimation, DepthPro’s rectifications do not particularly stand out from the rest
of the baselines. In contrast, our method yields rectifications whose markings stay
straight, parallel, and orthogonal across all datasets.

These qualitative results confirm that accurate metric rectification depends on

the joint consistency of focal length and plane normal rather than on focal accuracy
alone.
6.5 Discussion

The strength of our approach lies in a division of labor: it builds on increasingly
accurate foundation models for single-image geometry (depth and surface normals)

while delegating the focal length, a physical quantity that remains difficult to infer

86



6.6. Conclusion

reliably, to explicit geometric reasoning. By exploiting pairs of parallel lines, we
recover the focal length robustly even in non-Manhattan scenes, where no assumption
of three orthogonal directions can be made.

This design, however, comes with clear limitations. Our focal estimation is
entirely line-dependent: when no lines are detected, no constraint on f can be formed
and the pipeline provides no estimate. The method further relies on a weak prior on
the plausible field of view of the camera to filter out noisy focal candidates. These
requirements are mild in broadcast sports, where field markings are ubiquitous and
camera setups are known, but they define a limit to the applicability of our approach.

Another limitation is the dependency on the underlying geometric foundation
model. Our experiments show that no single depth estimator consistently dominates
across sports datasets, suggesting that robustness to domain shifts remains an open
challenge. Since our focal recovery relies on the estimated plane normals, errors in

the underlying geometric predictions propagate directly to the calibration.

6.6 Conclusion

We presented a sports-agnostic approach to metric rectification for in-plane augmented-
reality insertion from a single image without relying on field registration or sport-
specific models. Our study highlights both the promise and the current limitations
of geometric foundation models for camera calibration. While monocular depth
and surface-normal estimation have reached a level of maturity that enables reliable
geometric reasoning across domains, focal length estimation remains considerably
less stable. According to our results, a hybrid formulation in which learned scene
geometry and explicit projective constraints complement each other, remains ad-
vantageous. Nevertheless, this conclusion should be viewed in the context of the
current generation of foundation models rather than as a fundamental limitation of
learning-based approaches. As larger and more diverse geometric foundation models
emerge, direct regression of camera intrinsics may eventually become sufficiently
accurate and robust to reduce or eliminate the need for explicit geometric recovery. In
parallel, extending our framework to jointly estimate focal length and lens distortion

remains an important direction for future work.
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Figure 6.4: Qualitative comparison of metric plane rectification across methods. Each
row shows, from left to right, the rectified dominant plane obtained with MoGe-2,
DepthPro, GeoCalib, and our method. Rows span football, basketball, and volleyball
scenes. Our method produces the most %eé)metrically consistent rectifications.



Chapter 7

Conclusion

7.1 Contributions

In this thesis, we addressed the problem of camera calibration, as it is a key enabler
for multiple downstream applications. Our work contributes to the field in multiple
ways: how to properly evaluate it, how to make it consistent with the physical world,
and finally how to use geometry to avoid sports-specific detectors.

By working on camera calibration benchmarking, we contributed to establishing
camera calibration as a scientific problem in its own right, rather than an intermediary
step towards other computer vision tasks. Our work emphasized the need to have
rigorous evaluation protocols in the absence of ground truth and enabled a new range
of methods through our involvement in the organization of challenges. We argue
that rigorous assessment requires comparability. By disentangling the evaluation
procedure from the camera model, we enabled research on the camera model. With
our protocol, we establish a common benchmarking framework that enables fair
comparisons across methods.

With BroadTrack, we contributed to the state of the art of camera calibration in
sports in terms of quality. More importantly, in this work, we showed the importance
of physically plausible camera parameters. Indeed, by enforcing physical properties
at the core of our camera model, we achieved consistent camera calibrations rather
than just visually satisfying reprojections.

We then showed how to exploit the rich geometric information contained in
circular field markings, by deriving additional point and line correspondences through
projective geometry. By integrating these new correspondences in existing pipelines,
we showed that geometry-based and learning-based methods can be effectively
combined to better deal with challenging cases.

Finally, the emergence of geometry foundation models offered a new avenue for
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sport-agnostic camera calibration and sports field registration. By combining these
foundation models with generic line detection, we again combined strong geometric
cues with learning-based approaches to make the most of a single image. This work
opened up the possibility of AR graphics insertion for any sport with straight line

markings on a planar playing surface.

7.2 Future Work

Validation on additional sports. The experiments of this thesis were mainly
conducted on football. Football data is by far the most widely available due to the
popularity of the sport, and moreover, it is the most interesting one from a business
perspective. Our contributions likely transpose to many different sports, but we will
need suitable datasets to establish that.

Temporal benchmarking. Our benchmarking protocol does not account for the
temporal consistency of the camera parameters estimated by the evaluated method.
One could design a benchmarking protocol that takes into account the temporal
consistency of the physical motion of the camera, including some of its internal
moving parts such as its lenses.

Exploration of more sophisticated camera models. Finally, our camera model
remains a simplification of real-world complex imaging systems, and we believe there
is still room for improvement in the disambiguation between camera tripod position,

camera focal point position, and radial distortion.

7.3 Perspectives

Between the beginning and the end of this thesis, computer vision evolved at an
astounding pace, and any method developed today may become obsolete within a few
months. What will remain, however, is our reflection on how we evaluate methods
and which physical quantities must be estimated correctly to enable demanding
downstream applications.

While increasingly general, highly-performing, and resource-intensive algorithms
will likely dominate future benchmarks, we believe that grounding methods in
geometric and physical principles remains essential to achieving the level of reliability
required by broadcast applications.

Looking forward, we expect geometric foundation models to progressively improve
on broadcast scenes that remain largely out-of-distribution today. However, from

our industrial experience, there will always be a misalignment between end-to-end
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methods and the need for explainability, accuracy, and robustness required for a real
product. As these models continue to mature, the focus of the field may shift from
geometry estimation itself towards ensuring the quality, robustness and scalability of
these large models. Ensuring quality and robustness will require to explore geometry
validation, failure detection, and uncertainty quantification, while scalability raises

questions regarding their efficient deployment under limited computational resources.
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