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Préambule
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doctorale dont le présent tapuscript est I'aboutissement. Entamée dans le
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lecture.
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Abstract

Localizing objects in the 3D space is a fundamental computer vision task
that finds applications in various domains such as autonomous driving
and augmented reality. In the context of team sports analytics, the accurate
localization of the ball provides fundamental cues of the game being played.
Traditionally, this localization involves triangulation from multiple view-
points. However, there are many practical cases where 3D localization is
valuable even though only a single viewpoint is available ; typically when
the acquisition system is not within the stakeholder’s control. Moreover,
multi camera systems are complex and expensive to deploy. In this the-
sis, we address the task of 3D object localization from a single calibrated
viewpoint, and apply it to basketballs.

We first study approaches for annotating ball 3D position from a single
viewpoint and present an original solution that leverages know camera
calibration to deduce ball 3D position from the annotation of its center and
its ground projection. Our method is applicable to any object or point whose
3D position can be described by its height relative to a known ground floor.
We use this solution to annotate high resolution images captured during 165
professional basketball games, establishing a basketballs dataset of unmet
quality and diversity. Using our dataset, we leverage the capabilities of
deep neural networks to detect basketballs in the image space. Based on a
fast multi-scale segmentation model trained to predict the ball segmentation
mask, our original method exhibits state of the art performances. We then
explore the task of 3D ball localization from individual images with known
calibration. Given the detections from our detector, we propose and com-
pare two alternative neural-network-based approaches to estimate the ball
3D position. In the first approach, the neural network is trained to estimate
ball diameter in the image space, and knowledge of real ball diameter is
used to convert the prediction into depth. In the second approach, the neu-

v
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ral network directly predicts ball height in the image space. It doesn’t make
any assumption on the object and could be extended to other domains be-
yond sport. Finally, we evaluate our image-based approaches on sequences
and exploit a physical motion model to improve individual predictions
during ballistic trajectories.

Vi
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Chapter 1

Introduction

The task of localizing objects in the three dimensional (3D) space is a funda-
mental problem in computer vision and robotics. It involves identifying the
position and orientation of objects in the 3D world, and finds applications
in domains like transportation with autonomous driving, entertainment
with augmented reality and virtual reality, and sport where tracking the
position of players and the ball provides essential insights into the game.

The most reliable approaches to object 3D localization typically involve
the utilization of depth information from specific devices like active ToF
cameras or LiDAR systems. These solutions are however considerably ex-
pensive and their angular resolution is limited. Hence, for relatively small
objects at far ranges, the only reasonable alternative is to use standard cam-
eras. When deployed at different angles, detections from each viewpoint
can be triangulated to estimate the 3D position of objects. However, when
only a single viewpoint is available, the task becomes a real challenge. This
typically happens when complex and expensive multi-camera setups are
not possible, or simply when the acquisition systems are not within the
stakeholder’s control.

In this thesis, we address the challenging task of 3D object localization
from a single viewpoint with standard cameras, and focus on basketballs for
which 3D localization is both hard, due to many interactions with players
and poor contrasts with the scene, and extremely valuable. Since the object
of interest is spherical, the object orientation problem doesn’t need to be
addressed. Like any other approach to 3D object localization, it requires to
know the exact position and orientation of the camera in the scene, referred
to as camera calibration. We build on convolutional neural networks which



“main” — 2024/4/30 —‘ 13:46 — page 2 — #20

Chapter 1. Introduction

have proven to outperform many classical computer-vision methods for
many applications.

Knowing the 3D position of the ball in team sports is useful in many
aspects. For instance, in the context of scoring and virtually assisted referee-
ing, it provides the information necessary for determining whether a shot is
successful. It also provides valuable insights for players and coaches as it
allows reviewing players’ shots and passes techniques, helping them refine
their skills. For automated capture systems, it provides a fundamental
cue of the action being played, enabling automated replays. And finally,
advanced 3D reconstruction can enhance the viewing experience for fans
by providing immersive visualizations, such as overlaying graphics show-
ing the ball’s trajectory or providing virtual replays from different angles,
adding excitement and engagement to broadcasts. Overall, a comprehen-
sive understanding of the ball 3D position not only meets a demand within
the sport ecosystem, but also contributes to the continual evolution and
enrichment of the overall sport experience.

In this thesis, we focus on a top-view analysis of the game, which meets
many applications described above. Therefore, as illustrated in figure 1.1,
the metric we are interested in, is the 3D error between the true ball position
and the estimated ball position, projected on the horizontal court floor.

3D error [m]

FCFL T £ AT

Figure 1.1: Projection error. By focussing on a top-view analysis of the
game, the metric we are interested in is the 3D error between the true ball
position and the estimated ball position, projected on the horizontal court
floor.

The task of 3D ball localization in team sports scenes has already been
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addressed, leading to industrial products like video assistant referee systems
that provides the automated offside detection and the goal line technologies
in soccer, or the automated line calling systems in tennis. However, all these
solutions rely on expensive and complex multi-view setups that require to
be deployed in every venue. Few research works investigate the task of ball
3D localization from a single viewpoint. However, they all restrict the 3D
localization to ballistic trajectories where a motion model is used to infer 3D
positions from 2D detections. This work stands therefore at the forefront
of research and paves the way for numerous affordable solutions relying on
ball 3D localization from a single viewpoint.

This thesis is organized as follows. Chapter 2 introduces background
topics necessary for the comprehension of the following chapters, including
camera calibration, convolutional neural networks and ballistic motion
models. In chapter 3, we address the important task of data acquisition and
annotation. We present a method for annotation of basketballs from a single
calibrated image, and study different approaches for ballistic trajectories
annotation, with the goal of minimizing annotation efforts. Chapter 4
presents a method for real-time ball detection in the image space, leveraging
a fast convolutional neural network. In chapter 5, we address the task of ball
3D localization from a single viewpoint, the core of this thesis. We present
two alternative approaches, one of which is applicable to any object and
can be extended to other domains beyond sport. Finally, in chapter 6, we
evaluate our image-based ball 3D localization model on sequences and use
a ballistic motion model to improve individual predictions during ballistic
trajectories.
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Chapter 2

Background

In this chapter, we introduce background topics necessary for the compre-
hension of the following chapters. Camera calibration is used throughout
the thesis, convolutional neural networks are used in chapter 4 and 5, and
ballistic motion models are used in chapter 3 and 6.

2.1 Notations

Throughout this manuscript, we use several notation conventions. Scalar
are represented by minuscule letters a, b, x, y or z. Vectors are represented
by bold minuscule letters a, b, x, y or z. Matrices are represented by capital
letters A, B, X, Y or Z. Functions are represented by calligraphic letters A,
F,N.

2.2 Camera calibration

Camera calibration enables the establishment of the correspondences be-
tween points in the real world (3D coordinates) and the image pixels (2D
coordinates) by modeling how light travels between the scene and the cam-
era sensor. The distortion brought by the lens is modeled using a simplified
version of the Brown-Conrady model (Brown, 1966; Conrady, 1919) used in
the OpenCV library (Gary, 2015).
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Chapter 2. Background

2.2.1 Homogeneous coordinates

Vectors representing 2D and 3D points are column vectors. To simplify the
mathematics of perspective projection, we use homogeneous coordinates
in which those vectors are represented with an additional component. For
instance, a 3D point located in coordinates (x, y, z) is represented with a 4
elements vector [Ax, Ay, Az, A T, with A € R.

2.2.2 Coordinate systems

Describing how the 2D to 3D correspondences are computed imply four
different coordinate systems:

® The world 3D coordinate system, defined by a conventional origin
and an orthonormal basis.

® The camera 3D coordinate system, defined by an origin at the camera
center of projection called the principal point, a z-axis pointing towards
the scene, an x-axis along the sensor width pointing towards the right,
and a y-axis along the sensor height pointing towards the bottom,
constituting an other orthonormal basis.

¢ The 2D plane z = 1 in the camera 3D coordinate system in which 3D
positions are being projected.

* The 2D pixel coordinates on the camera sensor towards which the
projected 2D positions are transformed.

As a notation, coordinates and vectors will be attributed with an expo-
nent corresponding to the coordinate system they are expressed in. World
coordinates system with ()", camera coordinates system with ()¢ and
image space with (e)Z.

2.2.3 Word to camera coordinates

The camera position and orientation relative to the world coordinate sys-
tem is defined by the extrinsic parameters. The transformation from world
coordinates (x"V,y",z") to camera coordinates (xc,yc,zc) is composed
of a rotation followed by a translation. The rotation is defined by a rotation

matrix R using Euler angles in a right-handed orthogonal system! with an

Euler angles define a 3D rotation starting with a rotation around x followed by a rotation
around y followed by a rotation around z.

6
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2.2. Camera calibration

alias transformation?. The translation is defined by a translation vector t©
representing the position of the origin of the world coordinate system in the
camera coordinate system. Hence,

xc XW
C C w
y R3xz t3q] |V
A = x 2.1
ZC |:01><3 1 ZW ( )
1 1

If € is expressed in the camera coordinate system, the position of the
camera expressed in world coordinate system is ¢/V := —R~1¢ = —RTt¢
(since R is a rotation matrix).

2.24 Projection

The 3D coordinates are projected into the plane z¢ = 1 with the following
operation where I3, 3 is the identity matrix and 03,7 a column of 3 zeros:

xC

Xy yc
Ayu| = [I3><3 03><1] C (2.2)

! 1

When applying the projection to a given 3D point, different values of A
will always give the same 2D point. However, when applying the inverse
operation on a given 2D point, different values of A yield different 3D points.
This is obvious when simplifying the relation between the two points: the
column 03,1 cancels the homogeneous component of the 3D point.

2.2.5 Distortion model

The lens through which light passes before reaching the camera sensor
brings two types of distortions illustrated in figure 2.1. The radial distor-
tions, caused by the spherical nature of the lens, are causing lines far from
the principal point to look curved; and the tangential distortions, caused by
the misalignment of the lens with respect to the camera z-axis, are causing
the image to look tilted.

2The rotation is applied to the basis, which means that the opposite rotation is applied to
the coordinates.
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s Cr I:yu & Cr Y Cr Y Cr i}/d
(a) (b) (c) (d)

Figure 2.1: Lens distortions visualized. A checkerboard of 8 x 8 squares
and a green dot seen from 4 cameras with different sets of distortion pa-
rameters. (a) No distortion, the green point undistorted coordinates are
(x4, yu). (b) Radial distortions only. (c) Tangential distortions only. (d)
Distortions combined, the green point coordinates are now (x4, ;) in the
camera coordinate system.

As a result, when converting 3D world coordinates to 2D pixel coordi-
nates, a distortion operation D must be applied to the 2D coordinates after
the projection. Conversely, when retrieving 3D world coordinates from 2D
pixel coordinates, a rectify operation R must be applied before applying
the inverse projection.

The following relationship models how the 2D coordinates after dis-
tortion (x4,y,4,1) are computed from the 2D coordinates that result from
the linear projection (xy, vy, 1). Remember that those coordinates are ex-
pressed in the camera coordinate system, i.e. they are distances in meters
(not pixels), see figure 2.1,

radial component tangeantial component
Xd Xy (1+k17112+k27114+k37’u6+"' ) + [2P1xu]/u +p2 (7112+2xuz)]
Ya :D(xu/ yu) = yu(1+k17u2+k27u4+k37u6+“' ) + [2P2xu]/u+]71 (7u2+2]/u2)]
1 1
2.3)

where kq, ky, k3, - - - are the radial distortion coefficients, t1, t; are the tan-
gential distortion coefficients, and = x,2 + yu2. In our model, we use 3
radial distortion coefficients, which makes a total of 5 coefficients. Those
coefficients are found by running an optimisation algorithm on a set of 2D
points to 3D points correspondences.

When doing the inverse operation, we need an expression of (x, )
as a function of (x4,1;). Because the distortion operation described in
equation 2.3 cannot be inverted analytically, we make an approximation
and assume that the distortion at (x4, 1) is the same than the distortion at

8



“main” — 2024/4/30 —‘ 13:46 — page 9 — #27

2.2. Camera calibration

(xu, yu), and use the same distortion coefficients k1 » 3 and pj »:
2p1xuyu + p2 (Vuz + 2xu2) ~ Ty, = 2p1XaYa + p2 (Td2 + 2xd2)
2poxay+ p1 (r +20) ~ Th, = 2paxaya + pr (rd +2v%)
(1 + ki + koryt + k3ru6) ~ Ry, 1= (1 + kyrg? + korgt + kgrd6>

Hence, we get the following analytical expression that models the recti-
fication operation:

Xy (xd = T51,) /Ry,
Yu| = R(xdr yd) ~ (]/d - T%m )/Rkl,Z/S,--- (24)
1 1

2.2.6 Pixel coordinates

Finally, the transformation between the 2D coordinates (x,,y,) in the plane
z¢ = 1 and the 2D pixel coordinates on the camera sensor (xZ,y%) is repre-
sented by a single matrix K parameterised by the intrinsic parameters and
combines the following affine transformations:

® The scale produced by the focal length, with f being the distance
between the camera principal point and the sensor on which points
are projected.

* The scale factors m, and m, relating pixels units to distance units
(normally m, = m,, because pixels are squares).

¢ The translation from the camera principal point to a top-left origin,
with (19, vg) being the position of the principal point expressed in the
image coordinate system.

¢ A skew operation between the sensor axis, with parameter y (normally
v = 0 because pixels are squares).

fome vy ug
K .= 0 f-my g (2.5)
0 0 1
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In addition, the intrinsic parameters also include the sensor width and
height in pixels that delimit the resulting image borders. The operation that
transforms (x4, y,4) coordinates into pixel coordinates (x%,y”) is therefore:

xI X4
A {yI] = [K3x3] ]/d] (2.6)
1 1

2.2.7 Full projection model

Combining the operations described by equations 2.1, 2.2, 2.3 and 2.5, we
get the full projection model, described by the following equation.

w
xL xW
M| = [Kaxa] D | [Raxs €] D 2.7)
1 1
And the inverse model:
KWV N
A 2Ry €07 R [ [Kans] ! [y? 28
w| = [Raxa 6] [Kaxa] |y (2.8)
1
1

Using vector notations, we define the operation P that transforms world
coordinates into pixel coordinates:

xr =Px) (2.9)

2.2.8 Linear projection model

In many cases, there are not enough 2D to 3D correspondences to estimate
the distortion coefficients. Besides, near the image center, the distortion is
usually negligible anyway. For this reason, we sometimes refer to the linear
projection model called the pinhole camera model and entirely described by a
rectangular projection matrix P that converts 3D world coordinates into 2D

10
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pixel coordinates.

R t§
P:= [K3x3 031 {Off 31“] = Kaxs [Raus t5,] (2.10)
X

The opposite operation requires P~!, the left pseudo-inverse of P.

2.2.9 Affine transformations

When affine transformation like cropping or scaling are applied on images,
the camera matrix K is affected by the corresponding affine matrix A which
describes how positions from the original image are converted into positions
in the final image.

K+ AxK (2.11)

2.3 Convolutional Neural Networks

For the last decade, the computer vision community has strongly shifted
their man-crafted models towards general purpose deep artificial neural
networks achieving state-of-the-art results on a wide range of tasks like
image classification, semantic segmentation, object detection or tracking.
While many variations of neural networks exist, the convolutional neural
networks (CNNSs) are the prevalent choice for any task related to images.

2.3.1 Artificial neural networks as universal approximators

The fundamental building block of artificial neural networks is the arti-
ficial neuron characterized by equation 2.12. Inspired by the biological
neural cells which output signals through their axon upon activation of the
combined signals from their dendrites, artificial neurons simply apply an
activation function to a weighted sum of their input values. Hence, For # in-
putscalars x;,i € {1,...,n}, the neuron embodies n weights w;, a bias b and
an activation function A : R — IR, and outputs a scalar y. The activation
function introduces the non-linearity required to enable the approximation
of non-linear signals, and a typical choice is to use the rectified linear unit

11
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(ReLU (Nair and Hinton)) for which A(x) = max(0, x).

n
y=A ( w;x; + b) (2.12)
i=1
Combining m neurons sharing the same input values makes a layer,
characterized by equation 2.13 and parameterized by the weight matrix
W € R™™, the biases vector b € R™, and where A is applied element-wise.
Such function is called a dense layer because every output in y is connected
to every input in x.
y =A(Wx+b) (2.13)

By stacking layers such as the output of one become the input of the
following, with an initial input x € R" and a final output y € R"™, we
get a neural network A, : R” — R™ described by equation 2.14 and
parameterized by w, which includes the weight matrices and biases vectors
of each layer. The number of layers in a neural network ranges from a
couple of layers to several hundreds or even thousands of them.

y = Nw(x) (2.14)

Activation functions at the last layer govern the networks outputs. Typ-
ically, the identity function A(x) = x is used for unbounded regressions
while the sigmoid function A(x) = 1/(1+¢) is used for bounded outputs. It
has been proven that those highly parameterized networks can approximate
arbitrarily complex functions after adjustment of their parameters, provided
that they have enough neurons (Hornik et al., 1990).

The process of adjusting the model parameters, referred to as training,
generally starts from random values and relies on stochastic gradient de-
scent optimization of a loss function £ computed on batches of pairs (y, §)
to gradually update the parameters; where ¥ is the prediction provided by
the neural network for input x and y being the expected output. Hence,
at each iteration, w;, the parameters at iteration i, are updated with the
operation described with equation 2.15 where y, the learning rate, is an
hyper-parameter. Through training, neurons eventually get specialized and
their arrangement enables the extraction of complex patterns.

w1 < w; — 1V, L(y, Now(x)) (2.15)
Once trained, the model can be use to make predictions on unseen data.

12
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This process is called inference.

2.3.2 Neural networks for image processing

The ability of neural networks to extract features from raw signals makes
them well suited to directly process the pixel intensities from images. Color
images can be represented digitally by triplets of two dimensional arrays
called channels, each containing intensities of one of the three primitive
colors: red, green and blue (RGB). Hence, networks can be designed to
expect inputs of dimension & x w x 3 where I and w are the image height
and width respectively.

There exist many variations from the canonical neural networks de-
scribed in the previous section, some of which are particularly adapted to
image processing. Among them, the convolutional layer (LeCun et al., 1998)
is an evolution of the dense layer described by equation 2.13 that preserve
the spatial structure embodied within the images through shared weights.
Similar to a classical discrete convolution, a two-dimensional n-channels
input gets convoluted with m kernels of k X k X n trainable weights. Hence,
acting like a small dense layer K : RF¥*¥*" — R™ sled across the two spatial
dimensions, the operation extracts m features from k x k neighborhoods, cre-
ating m-channels outputs called feature maps. Input channels are generally
padded with zeros to preserve the original spatial resolution.

Several other layers adapted to image processing and preserving spatial
structure are worth mentioning. Similar to the convolutional layers which
combine information from neighboring pixels using trainable filters, the
pooling layers aggregate spatial information using an aggregation operator
(typically the maximum function) over a k x k sliding window (Boureau
et al., 2010); Instead of aggregating features with small fixed-sized win-
dows, the spatial pyramid pooling (SPP) layers aggregate features over large
areas defined by fixed-sized grids over the whole image (He et al., 2015);
The upsampling layers use interpolation to upscale feature maps, thereby
increasing spatial resolution (Shelhamer et al., 2017); And finally, the pixel
shuffling layers which, unlike the name suggests, doesn’t really shuffle pixels
but rearrange pixels from k x k x n channels to build # channels enlarged
by a factor k in each spatial dimension (Shi et al., 2016). In addition, batch
normalization layers, which stabilizes training by normalizing the feature
maps (loffe and Szegedy, 2015), are generally added between trainable
layers.

Stacking these layers such as the output feature maps of one become the
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input of the following creates fully convolutional neural networks, through
which the spatial structure of the input is preserved. The more layers the
network has, the greater contextual information its output features will
contain. This context is called receptive field.

CNNs often follow a two stages architecture: a large group of generic
layers called the backbone are responsible for the features extraction from
the input image, followed by one or multiple small groups of layers called
heads which are task specific. Heads whose outputs don’t have spatial
dimensions are generally implemented with dense layers. The conversion
from a spatial feature map to a vector is generally done by flattening the
spatial dimensions.

2.3.3 Neural networks supervision

CNNs have demonstrated remarkable capabilities of extracting visual pat-
terns from images, enabling them to be applied to a wide range of computer
vision tasks. Learning these complex tasks is generally reached by break-
ing them down into simpler sub-tasks easier to supervise. For instance,
semantic segmentation is a pixel-wise classification while object detection is
a regression of objects bounding box coordinates (Girshick et al., 2014).

As described before, the last activation function governs the networks
outputs. While regression tasks mostly rely on the identity or sigmoid acti-
vation functions applied to scalar outputs, classification tasks are generally
formulated by predicting the likelihood distribution of belonging to each
class, with a vector that sums to 1. This can be achieved using the softmax
activation function characterized by the following equation.

eXi

A(x) = T
]

(2.16)

The choice of loss function plays a critical role for networks supervision.
There’s a multitude of different loss functions carefully crafted for specific
task formulations.

For regression tasks, the most simple one is probably the mean squared
error (MSE) between the prediction § and the expected output y. How-
ever, its sensitivity to outliers or non-uniformly scaled outputs makes it
inappropriate for many tasks. For this reason, the Huber loss (Huber, 1964)
characterized by equation 2.17 which is linear for errors beyond a certain
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threshold ¢ is generally preferred.

1 oy .
L(@,y) = 2/ =) for y=yl<o (2.17)
(ly — 9] — 36) otherwise

>

For classification tasks, the cross-entropy loss which measures the dis-
similarity between the predicted likelihood distribution § and the true
distribution y is generally used. It is described by the following equation.

L(y,y) = =) _yilog(7:) (2.18)

2.3.4 Challenges of training neural networks

Training these highly parameterized models can be arduous due to a num-
ber of reasons.

At the core of many challenges lies the large number of parameters, es-
sential for the representation of complex patterns. Tuning these parameters
such that the network becomes able to extract relevant features and thereby
generalize to unseen data requires a dataset large enough to capture a repre-
sentative sample of all possible inputs. Collecting such datasets is challeng-
ing and generally requires time consuming manual labelling. Nonetheless,
thanks to the versatility of neural networks, it is possible to pre-train the
backbones on generic tasks for which very large datasets are available and
fine-tune them for the specific tasks (Yosinski et al.; Bengio, 2009). Also, a
common approach for increasing data diversity with a given dataset is to
use data-augmentation which consists in creating multiple alterations of a
single dataset sample to artificially generate new samples (Chatfield et al.,
2014). For image processing, random cropping and scaling or color jittering
of the original image is often used.

On top of this, the gradient-descent based optimization algorithms has
only a limited view on the loss function complex landscape (Hecht-Nielsen,
1989). For this reason, a great number of iterations is required for adjustment
of the network parameters. We call epoch cycling through the dataset once.
Many epochs are generally required to train neural networks, and this
usually translates in hours, days or even weeks of continuous processing
on modern hardware.

Speaking of which, the implementation of neural networks is also sub-
ject to multiple hardware constraints. Today, the devices they are trained
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on have limited memory available. Therefore, the size required to store the
neural network along with the intermediate results for the optimization al-
gorithm limits the amount of data that can be fed per iteration. This usually
leads to a trade-off between the images crop size and the batch size. In addi-
tion, some functions used in neural networks can be numerically unstable
or may overflow numerical representations. For this reason, several tricks
like gradient clipping (Zhang et al., 2020) or batch normalization (loffe and
Szegedy, 2015) must be applied to ensure reliable and efficient training and
inference.

The gradient-descent algorithm uses the partial derivative of the loss
function with respect to each neuron’s weight to update them. However,
that gradient tends to become exceedingly small for neurons in early layers
of the network. This effect, called vanishing gradient, can strongly hinder
training and is particularly noticeable for deep networks with activation
functions whose derivative is close to 0 for large inputs (He et al., 2016).
There exist several regularization techniques to mitigate this effect, like
the use of ReLU activation functions (Nair and Hinton), the batch normal-
ization layers (Ioffe and Szegedy, 2015), or specific weights initialization
strategies (Glorot and Bengio, 2010).

Building the network is also a challenging endeavour. It should be
deep enough to extract complex patterns (Krizhevsky et al.), but larger
networks take longer to train and are more subject to overfitting the training
data, leading to poorer generalization capabilities. Besides, defining the
network internal structure is a challenging task itself. For this reasons,
it is common to use well established backbones rather than crafting one
for each application. Additionally, hyper-parameter tuning, the search for
optimal meta parameters which characterize the network’s structure, the
loss function and the training parameters like the learning rate, can be a
daunting task that increases the training time tenfold.

Also, the stochastic nature of the optimization algorithm leads to dif-
ferent results for different trainings. This observation is exacerbated for
small datasets. For this reason, it is important to run multiple trainings
with different initial conditions before drawing conclusions, which, again,
increases the training time tenfold.

Finally, complex tasks often require multiple different outputs for a
given input. While using multiple heads with a shared backbone enables
simultaneous predictions with efficient computational complexity, learning
multiple sub-tasks can be challenging. Training them jointly requires careful
balancing of the different losses associated to each sub-task, and training
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them successively can lead to catastrophic forgetting of the tasks learned be-
forehand (Kirkpatrick et al., 2017). Nonetheless, it has been shown that joint
learning can improve overall performance of the individual tasks (Kendall
and Gal, 2017), but it is however not necessarily guaranteed.

To sum up, the amount and diversity of challenges related to the training
of neural networks generally makes the task laborious and fastidious. For
this reason, it is recommended to use off-the-shelf models, preferably pre-
trained, instead of building and training them from scratch.

2.3.5 Popular network architectures for computer vision

When addressing new tasks, it is recommended to use existing neural
network backbones. This section introduces popular CNN architectures
used in this thesis.

VGG The VGG family of CNNs was designed for image classification
and object detection tasks by the "Visual Geometry Group" at Oxford Uni-
versity (hence its name), and played a strong role in popularizing the use
of CNN’s for computer vision (Simonyan and Zisserman, 2015). The most
well-known architectures are VGG16 and VGG19 which contain 16 and 19
layers respectively. They are characterized by their simple architecture with
a succession of convolutional and max-pooling layers, followed by few fully
connected layers.

ResNet The ResNet name comes from "Residual Network" which is an
architecture of CNNs designed to address the vanishing gradient prob-
lem (He et al., 2016). The key innovation of ResNet is the introduction
of skip connections allowing information to bypass one or more layers.
Hence, instead of trying to learn the desired output directly, the skipped
layers focus on learning the residual which is the difference between the
layers input and output. This approach enabled the training of very deep
networks with hundreds or even thousands of layers. ResNet architectures
come in various depths, from relatively shallow networks with a few layers
to very deep networks with hundreds of layers. ResNet has been highly
successful in various computer vision tasks, such as image classification,
object detection and image segmentation, and has become a fundamental
architecture for deep learning in computer vision.
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ICNet This architecture was designed for real-time semantic segmenta-
tion of high-resolution images (Zhao et al., 2018). ICNet stands for "Image
Cascade Network" and uses cascades of multiple network pathways that
operate at different resolutions. The highest-resolution pathway, captures
fine-grained details in the image by processing the input image at its orig-
inal resolution. The middle-resolution pathway, is based on the ResNet
architecture and captures more global contextual information by reducing
the resolution of the input image. The lowest-resolution pathway operates
with an input at a quarter of the original image resolution. It provides large
contextual information at very low computational complexity. These path-
ways are fused together after appropriate upsampling to create an accurate
full resolution segmentation map.

2.4 Ballistic motion models for basketballs

Objects in free fall are subject to a limited number of forces, which enable the
calculation of the equations governing their motion. This section introduces
the mathematics related to ballistic trajectories and provides the equations
of motion for different scenarios.

241 Motion under gravity alone

Newton’s laws of universal gravitation reveals that small bodies in free
fall near the Earth’s surface are attracted towards it by a force called weight
proportional to their mass m and with a constant acceleration called g. Its
magnitude ¢ ~ 9.81m/s? varies by less than 1% for projectiles within
30km of the Earth’s surface, and with similar variations for changes in
latitude (de Mestre, 1990).

Therefore, the simplest approximation for a projectile’s motion is to
consider that the only force acting on it after it is launched is its weight,
and consider a small neighbourhood where the earth’s curvature is ignored.
If p(t) is the body’s position parameterized by the time ¢, its equation of
motion is the following, where g is a vector vertical with respect to the Earth
surface (considered flat), pointing down, with a magnitude of g.

P =g (2.19)
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For an initial speed vy, integration of this differential equation with
respect to time yields the following relationship where p is the velocity
vector at any time .

piH) = vo+gt (2.20)

Note that this result indicates that the horizontal component of the
velocity of a projectile in a vacuum is independent of ¢ and is therefore a
constant, equal to the initial horizontal speed.

When integrating one step further, we see that the projectile motion is
described by a parabola with the following relationship where pj, is the
initial position of the projectile at time ¢ := 0.

£2
pt) = pg + Vot + gE (2.21)

This solution relates strictly to a projectile traveling under the influence
of constant gravity in a vacuum.

2.4.2 Motion with air friction

When the projectile moves through any fluid medium, other forces are
present due to the slowing down influence of that medium’s particles.
We focus on the two predominant forces impacting ballistic trajectories of
basketballs.

Drag The main effect of the medium is a force called drag which has a
direction opposite to the projectile’s velocity. In the air, the drag force D is
generally assumed to be directly proportional to p(z) the density of air at
height z expressed in kg/m?3, A the cross-sectional area of the projectile in
m?, and the projectile’s velocity squared. The velocity, expressed in m/s, is
of magnitude v in the direction defined by the unit vector ¥.

D = —% p(z) AvZep ¥ (2.22)

The drag coefficient cp is non-dimensional and may be a function of the
projectile’s speed, the air temperature or the projectile roughness. However,
for many projectiles travelling at speeds below 0.6 the medium’s speed of
sound, its value can be taken as constant (de Mestre, 1990).
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Lift Considering a spherical projectile, when a rotation around its center
of mass is applied, an asymmetry appears in the air flow moving past it.
Such an asymmetry is manifested by an additional force called [ift that
acts on the sphere causing it to swerve. The lift L adds to the drag, it is
orthogonal to the rotation (or spin) axis and this direction is defined by the
unit vector f.

L = % p(z) Av?c i (2.23)

The lift coefficient |, is proportional to the projectile spin rate.

Equation of motion By summing the forces active on the projectile dur-
ing its trajectory and using Newton’s second law, we have the following

relationship where kg = p;f,D and [y = p?n?-
D L
mp = mg—mkov2‘7 —|—ml(]V2f‘l , (2.24)

which leads to the differential equation that describe the motion of the
projectile’s center of gravity.

pe) = g — kov(n?v + lhv()’a (2.25)

When this equation of motion is separated into Cartesian components,
the result is a system of coupled highly non-linear differential equations
which cannot be solved analytically.

2.4.3 Specific case of horizontal spin axis

When the spin axis is horizontal, fi and ¥ are co-planar with g and the
projectile remains in the vertical plane containing the initial velocity vector.
This case is illustrated in figure 2.2. The decomposition of equation 2.25 in
Cartesian coordinates has a simple form that we can rewrite with a first-
order system of differential equations using p = v and with a being the
trajectory plane angle relative to X, and v(t) := | /Vx(t) + vy (1) + vz ().
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Py(t) = vx(t)

Py(t) = vyt

P, () = vz(t) (2.26)
Vy(t) = — kov(t) vx(t) + Lo V() Vx(t) cosa

Vy(t) = — kov(t)vy(t) + lov(t) vy(t) sina

V() = —8& — kov() vz(t) — lgv(t) vx(t) cosa — lgv(t) vy(t) sina

This system of equations is still highly coupled and non-linear. For this
reason its integration requires numerical methods.

24.4 Application to Basketballs

Assuming still air, constant air density, a spherical projectile, horizontal
spin axis and neglecting earth curvature and rotation, the model described
by the system of equations 2.26 provides a very good approximation of
basketball long passes and shots in indoor games. Good parameter values
are p = 1.268 kg/m?, A = 0.0446 m?, m = 0.62 kg and cp, = 0.2. The lift
coefficient can go up to ¢, = 0.1 which corresponds to 10 rotations per
seconds (de Mestre, 1990).

=33
<

N

Figure 2.2: Ballistic trajectory with horizontal spin axis. Ballistic trajectory
when fi and ¥ are co-planar with g. In this case, the trajectory lies in a vertical
plane and we denote « its angle with respect to the Cartesian coordinates
system (X, ¥,2) where 2 is vertical.
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Ball 3D annotations from a
single calibrated viewpoint

Studying and evaluating methods for object 3D localization requires data
with high quality annotations, and the training of modern learning-based
models requires a lot of them. Besides, this computer-vision task relies
on images with known calibration. However, not many public datasets of
annotated ball 3D position with calibrated images exist, and they suffer
both from quality and diversity.

Thanks to our strong collaboration with Keemotion, we got access to
high-resolution calibrated images from their automated capture system
installed in many professional basketball venues, and we invested a lot of
efforts in designing and studying efficient methods addressing objects 3D
annotation from a single calibrated viewpoint.

This chapter presents and evaluates a novel method for annotation of
ball 3D position on individual calibrated images. Leveraging calibration
data, by annotating the ball center and its vertical projection on the ground
floor, it is possible to recover its 3D position. Unlike existing annotation
methods, ours doesn’t require expensive multiple viewpoint setups with
synchronized cameras, which enables annotation in many practical scenar-
ios when the acquisition system is not within the stakeholder’s control, as
long as camera calibration is known or can be inferred from the images.
Moreover, our method is applicable to any object, making it usable to other
domains beyond sport, as long as the scene provides cues of the object’s
height.
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We used our method to annotate the Keemotion images and created two
datasets with annotated ball 3D position. For the benefit of the research com-
munity, we made them publicly available, establishing a solid benchmark
for the study of ball 3D localization.

This chapter is organized as follow. The first section introduces the
existing datasets for ball 3D localization. The second section presents the
different balls datasets that were captured during this thesis and the third
section describes our image-based ball 3D annotation method used to anno-
tate the datasets. In addition, we study different strategies for ballistic 3D
annotations in section four and a summary of the different datasets used in
this thesis is provided in table 3.4, page 41, in section five.

3.1 Existing datasets

Not many public datasets with annotated ball 3D position exist. Most past
works rely on private datasets, usually captured in one or few different
environments (Cheng et al., 2018; Lampert and Peters, 2012; Maksai et al.,
2016; Pingali et al., 2000; Ren et al., 2008; Silva et al., 2011; Skold, 2015). To
our knowledge, there are only two datasets with annotated 3D ball position
publicly available:

ISSIA-dataset (D’Orazio et al., 2009) is a 2 minutes soccer sequence
captured from six 1920x 1080 synchronized cameras, at 25 frames per sec-
ond. Ball position was annotated with a semi automated process on the
six streams and ball 3D position can be retrieved using known calibration.
However, as it is designed for player tracking, the ball is often out of the
field of view when flying.

APIDIS-dataset (De Vleeschouwer et al., 2008) is a 15 minutes women
basketball sequence captured by seven un-synchronized cameras at about
22 frames per second. The venue has rather weak lighting, and to avoid
motion blur, the exposition time was kept low, resulting in dark and poorly
contrasted images. Ball center was manually labelled by Parisot and De
Vleeschouwer (2019) on the seven streams for 3 minutes of the game and
a pseudo ground-truth of 3D position was built by triangulation and time
interpolation on re-sampled streams of 800 x 600 pixels at 25 frames per
second (Parisot and De Vleeschouwer, 2019). The difference with the origi-
nal acquisition frame rate creates alignment issues between the images and
the corresponding ball 3D annotations.

The soccer context does not offer the complexity encountered in basket-
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ball and the 2 minutes sequence from the ISSIA-dataset lacks in diversity. In
this thesis, we focus on basketball, where balls are frequently occluded, of-
ten poorly contrasted, and suffer from noise and motion blur due to indoor
lighting conditions. This makes it a challenging sport to address the ball
3D localization task. Despite a scene captured by multiple viewpoints, the
APIDIS-dataset does not offer accurate ball 3D position. Indeed, due to the
lack of synchronization between the multiple image streams, we observed
dozen of pixels differences between the annotated 3D position projected in
image space and the visual appearance of the ball. Additionally the dataset
does not provide any information about ball visibility, in particular when it
is hidden by the players as often encountered in basketball scenes.

3.2 Dataset acquisition

In collaboration with Keemotion (Delannay, 2012), world leader in au-
tonomous capture of basketball games, we addressed the lack of high-
quality and high-diversity ball 3D localization datasets. We used their
acquisition systems during live productions to capture high quality images
of professional games in multiple different venues.

The Keemotion camera setups are composed of an array of two or three
fixed high-resolution cameras covering the whole basketball court from a
single viewpoint, as illustrated in figure 3.1. The cameras are synchronized
with an external trigger enabling a synchronous capture of images to con-
struct a panorama of the scene. Leveraging known camera calibration to
stitch images together, a local server located in each venue processes the
multiple high-resolution streams to produce a narrow broadcast-quality
footage that follows the game action.

To support the development of the Keemotion framing algorithm, it
was decided to capture images from the high-resolution raw streams on
which it operates. However, due to the limited resources available locally,
not all servers can sustain a continuous recording while producing live
events. For this reason, we created two complementary datasets. The
first dataset is a collection of independent raw-instants, sets of raw high-
resolution images captured from all the fixed cameras at the same instant. It
features a wide variety of view angles, team jerseys and lighting conditions.
The second dataset is composed of a limited number of several minutes
long raw-sequences captured by the fixed cameras in a couple of different
venues.
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Figure 3.1: Panoramic view from the camera setup. Two high resolution
images captured at the same instant from a Keemotion Automated Camera
System with a two cameras setup.

3.2.1 Basketball Instants Dataset

The acquisition of the raw-instants dataset was carried out over 37 different
professional games in 15 different French arenas, each identified with a
unique label, and resulted in 398 in-game basketball scenes featuring a
large variety of game configurations and lighting conditions. With the

definition at court center [px/m]

80 90 100 110 120 130 140 150
¢ Arena in the testing set PdS Jean Weille de Gentilly:
O Arena in the training and validation sets Antares
PdS de Caen 15m
Ekinox
Salle Gaston Médecin
Le Jeu de Paume ° =
o
Sportica ° PdS Pierre Coulon D
Y Rhénus Sport 10m 'g_
° e * 2
* 3
L la Trocardiére g
() PdS de Beaublanc £
HdS Andre Vacheresse sm 8
Stade Poitevin
HdS Parsemain
g Halle André Boulloche
om
court center om 10m 20m

Camera setup distance to court

Figure 3.2: Variety of camera configurations. This cross section shows
the camera setup height from the ground and distance to the court for the
different arenas in which images were acquired. The camera definition
depends on camera resolution, sensor size, lens focal length and camera
setup distance to the court.
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cameras’ resolution ranging from 2Mpx to SMpx, the resulting images have
a definition varying between 80 and 150 pixels-per-meters, which describes
the pixel density covering the scene and depends on camera resolution,
sensor size, lens focal-length and distance to the court. Figure 3.2 depicts
a cross section of a basketball court where the camera setup height and
distance to the court is shown for each arena, along with the pixels-per-
meter definition at the court center.

Two consecutive images from the fixed cameras were actually captured
for each instants. Depending on the acquisition frame rate in the arena, the
following frames have a delay of 33 ms or 40 ms. The pairs of successive
images enable gaining cues of motion in the scene.

To facilitate evaluation of different methods and measure performance
on unseen arenas, we define a testing set containing all images from arenas
KS-FR-CAEN, KS-FR-LIMOGES and KS-FR-ROANNE. A mapping between
arena labels and arena names is given in Table 3.1 and provides the amount
of instants captured in each arena. This dataset was made freely available
under the name DeepSport-dataset.

Number
Arena label Arena name (City) of instants
KS-FR-STCHAMOND  Halle André Boulloche (Saint-Chamond) 12
KS-FR-FOS HdS Parsemain (Fos-sur-Mer) 23
KS-FR-STRASBOURG  Rhénus Sport (Strasbourg) 8
KS-FR-VICHY PdS Pierre Coulon (Vichy) 9
KS-FR-NANTES La Trocardiere (Nantes) 20
KS-FR-BOURGEB Ekinox (Bourg-en-Bresse) 12
KS-FR-GRAVELINES  Sportica (Gravelines) 129
KS-FR-MONACO Salle Gaston Médecin (Monaco) 9
KS-FR-POITIERS Stade Poitevin (Poitiers) 5
KS-FR-NANCY PdS Jean Weille de Gentilly (Nancy) 40
KS-FR-LEMANS Antares (Le Mans) 16
KS-FR-BLOIS Le Jeu de Paume (Blois) 39
KS-FR-CAEN PdS de Caen (Caen) 31
KS-FR-ROANNE HdS Andre Vacheresse (Roanne) 3
KS-FR-LIMOGES PdS de Beaublanc (Limoges) 8

Table 3.1: DeepSport-dataset diversity. The DeepSport-dataset was captured
in 15 different arenas and 3 of them are kept for the testing set. It features a
variety of angle of views, distance to the court and image resolution, and is
freely available for research purpose.
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An additional set of 1470 instants was captured in 34 other arenas with
similar characteristics but is not part of the public dataset. We call it the
DeepSport-dataset-extended and it was not used unless specifically stated
otherwise.

3.2.2 Basketball Sequences Dataset

Several raw-sequences from different arenas were recorded during top league
matches. To enable the recording on the servers storage while delivering
live productions, the recording quality was altered by reducing either the
frame rate or the resolution. Table 3.2 provides a summary of the captured
sequences. The two shorter sequences were recorded first and suffer from
inaccurate timestamps. The longer sequences were recorded later and don't
have the timestamp problem but were captured with a reduced image
resolution.

Ballistic trajectories were manually segmented from the video sequences
by labelling the frames where the ball is in free fall during a minimum of
250 milliseconds, ruling out the dribbles and short passes.

The trajectories extracted from the initial two sequences were made
publicly available (Van Zandycke and De Vleeschouwer, 2022) and are
referred to as the Ballistic-dataset. This dataset is composed of 35 ballistic
trajectories with a total of 233 images and was used only for evaluation
purposes in this thesis. The other sequences are referred to as the Sequences-
dataset and were only used in chapter 3 and 6.

3.2.3 Practical constraints

Capturing professional sport datasets concurrently with the automated
production on the Keemotion servers came with unique challenges. A
2019 standard Keemotion system typically produces three 25 frames-per-
second continuous streams of 5 megapixel images, which corresponds
to a staggering 375 megabytes per seconds (MB/s) of raw data. As a
comparison, the write speed of typical affordable hard-drive spinning disk
is generally limited to 150 MB/s and the more expensive solid-state-drive
storage generally reach 500 MB/s. To avoid interfering with the ongoing live
productions, the raw-instants were captured every 10 minutes and the raw-
sequences, resampled and compressed, were captured in arenas equipped
with solid state drive storage systems. Also, data were transferred overnight,
when the live productions were over.
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duration
Arena label cameras resolution (minutes) frame rate
KS-FR-STRASBOURG 2 2336 x 1752 3 ~ 10
KS-FR-GRAVELINES 2 2336 x 1752 3 ~ 6
KS-FR-BOURGEB 3 1180 x 996 21 25
KS-FR-GRAVELINES 2 1168 x 876 13 25
KS-FR-BLOIS 3 1180 x 996 20 25
KS-FR-DIJON 3 1180 x 996 19 25
KS-FR-EVREUX 3 1180 x 996 8 25
KS-FR-ROANNE 3 1180 x 996 18 25
KS-FR-LILLE 3 1180 x 996 13 25

Table 3.2: Summary of the raw-sequences recorded with the Keemotion
Automated Capture System. Ballistic trajectories were annotated in the
four sequences in bold and our public Ballistic-dataset was built from the
two first sequences.

The multiple acquisition campaigns generated hundreds of gigabytes of
data, both for the raw-instants datasets, before off-game scenes were filtered,
and the raw-sequences dataset, which has a limited number of very large
files. To upload, store, maintain and update these datasets, we designed
and deployed a specific cloud infrastructure. It consists of a light database
where items metadata and annotations are stored, and a file system like
storage for images and video files. This structure enables fast filtering and
efficient retrieval of dataset items.

Finally, working with temporal fitting of ballistic motion models requires
knowing the precise acquisition timestamp of each frame. This was made
possible using the professional cameras from the Keemotion capture system,
which provide millisecond precision timestamps.

3.24 Open science with open data

Thanks to the partnership between Keemotion and the Ligue Nationale de
Basketball (LNB) who owns the images right, we were authorized to make the
DeepSport-dataset and Ballistic-dataset public. They are now freely available
for research purposes (Van Zandycke et al., 2022; Van Zandycke and De
Vleeschouwer, 2022), and not only enable the reproduction of most of the
experiments conducted in this thesis, but provide a solid benchmark for
studying ball 3D localization.
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3.3 Ball 3D annotation from a single viewpoint

With the single viewpoint camera setups from Keemotion, we cannot use
the multi-view approach generally adopted (Ren et al., 2008; D’Orazio et al.,
2009; Skold, 2015; Parisot and De Vleeschouwer, 2019). The annotation
of ball 3D position is therefore a challenge. In this section, we propose a
novel image-based method that consists in annotating the ball center as
well as its vertical projection on the ground floor, and leverage known
camera calibration to get the 3D position. We evaluate our method on our
Ballistic-dataset and compare it against a simpler approach that consists in
annotating the ball diameter in the image space.

3.3.1 Annotation method

To annotate the ball 3D position from a single image, we propose to anno-
tate its center and its vertical projection on the ground floor in the image
space, and leverage known camera calibration to retrieve the 3D world
coordinates. This approach makes particularly sense when the ball is near
the players, as often encountered in basketball scenes, as the annotator can
localize it relative to their pose. When it is not held nor dribbled, the scene
configuration generally provides cues of the shooter’s and catcher’s feet
positions, which define a line on which the ball projection is expected to be.

FLFL T £ F A

Figure 3.3: Diagram of our annotation method. Our method converts
image annotation of ball center and its ground projection to 3D coordinates
leveraging known calibration data.!

1Icons from flaticon.com
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For a camera defined by the camera matrix K, located in ¥ = —RTt¢
where R is the rotation matrix associated to its orientation and t€ the transla-
tion vector associated to its position, and whose lens distortion is modeled
by R, the projection on the plane z€ = 1 of the annotated ball center b” and

vertical projection p” are given by the following relationships:
b¢ =K. R (bl) (3.1)

p¢ =K1 R (p?) (3.2)

The projection point expressed in world coordinates p"V is found by
intersection of the line joining ¢V and p€, with the court plane defined
by a normal vector n”Y and a point 0”Y. Hence, the ball 3D localization is
the intersection of the line joining ¢’ and b, with the vertical line going
through p"”. This process is illustrated in figure 3.3.

In practice, after annotation of the ball center in the image space b, the
annotation tool, illustrated in figure 3.4, leverages known calibration data
to constrain the annotation of the ball vertical projection p” on a vertical
line in the real world coordinates system. In addition, a cross aligned with
the court geometry is displayed on the ground floor at the projection point.
This helps understand the distance between the ball and players’ feet along
the court length and width.

3.3.2 Evaluation procedure

We present here the methodology used to evaluate our image-based ball
3D annotation method. We also propose a baseline, simpler to implement,
against which our method will be evaluated.

Baseline To annotate how far from the camera the ball is, a natural ap-
proach is to annotate its diameter in the image space. Knowledge of the
real ball diameter can then be used to convert the image annotations into
3D coordinates. Hence, given two diametrically opposed points eZ and
el annotated on the edge of the ball disc in the image space and the true
ball diameter ¢, the 3D localization of the ball b" is given by the following

relationship. It uses the ratio between the diameter ||e¢ — e€ || and the real
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-

all center

Ball proj

ball vertical projection

libration data

Figure 3.4: Interface for ball 3D annotation on calibrated images. With our
annotation tool, the ball center is annotated first and its vertical projection on
the court floor is annotated second. Camera calibration is used to constrain
the projection in a vertical line, and a cross aligned with the field geometry
is drawn on the ground to help the annotator locate the ball in the scene.

ball diameter ¢ to scale the middle point (e + e‘fr )/2.

€ 1 e€
bW=RT.§.ﬁ+CW (3.3)

where e are the projections on the plane z¢ = 1 of the annotated points e%
after consideration of the lens distortion.

& =K 1. R (ei) (3.4)

This approach relies on the assumption that the ball is far enough to
make the hypothesis that those two diametrically opposed points are visible
from the camera, which is reasonable in our scenario where the ball is
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23.8 cm large and dozens of meters away from the cameras.

Dataset For evaluation of our annotation method, we use our Ballistic-
dataset where balls were individually annotated with our projection method.
A ballistic motion model was used to regularize and thereby improve the
initial annotations. In practice, we used the second degree model described
by equation 2.21, ignoring friction, ball spin and other effects. Given a
trajectory composed of 7 annotated positions p!” at times t;, with i € [1, 1],
the motion model parameters are obtained by the following relationship:

n 2
Po, Vo = argmin ) | (P(ti) - f)z-w) (3.5)

Povo =1

The regularized positions are then computed by evaluating the model at
t = t;. Manual fine-tuning was ultimately performed to ensure the accuracy
of the annotations, both for the ball center and its projection on the court
floor. Trajectories that couldn’t be modeled with the simple parabola model
were discarded. The final dataset comprises 233 images whose high quality
annotations can be considered as ground-truth to compare the distribution
of errors resulting from the two annotation approaches.

Metrics To compare the two approaches, we use the absolute projection
error. It measures the distance, expressed in meters, between the predic-
tion and the ground-truth ball position, projected on the ground floor. In
addition, the diameter error, in pixels, is also provided. For the projection
approach, knowledge of real ball diameter is used to compute the diameter
in the image space that corresponds to the annotated 3D position.

3.3.3 Experimental results

As shown in Figure 3.5, our ball center+projection approach is significantly
better for ball 3D annotation in single calibrated viewpoints than the ap-
proach where the ball diameter is annotated. Indeed, with the diameter
approach annotators have a tendency to underestimate the ball size, with a
higher variance compared to annotations with the projection approach. It is
important to realize that a few pixels diameter error can translate in meters
in the 3D space, as we show in chapter 5. For this reason, annotation with
the diameter approach would actually require sub-pixel precision.
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Diameter approach
B Projection approach

0 2 4 6 -6 -4 =2 0 2
absolute projection error [m] diameter error [px]

Figure 3.5: Error distribution for two image-based ball 3D annotation ap-
proaches. The approach that consists in annotating ball center and diameter
shows higher error and a tendency towards underestimated diameters. The
approach that consists in annotating ball center and vertical projection on
the ground is more accurate and translates into a diameter error of less than
1 pixel.

3.3.4 Discussion

Although our annotation method offers a better 3D localization on our ball
dataset compared to the diameter approach, it requires a more sophisticated
annotation tool. Moreover, with our approach, annotators rely on cues from
the surrounding scene to estimate ball projection, which is not always easy
or even possible. For this reason, despite being theoretically applicable
to any objects and therefore transferable to other domains beyond sport,
our annotation method may not be adapted to any circumstances. We also
observed that the complexity of estimating ball projection led to a longer
training of the annotators.

Nevertheless, our approach only applies to single viewpoint annotations.
When the addition of a second synchronized viewpoint is possible, it should
be preferred, and in particular for the creation of an evaluation dataset.
Indeed, with multiple viewpoints, it is possible to adopt a triangulation
approach for annotation of 3D position of objects (D’Orazio et al., 2009),
which is significantly easier to implement and produces more accurate
annotations.
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3.3.5 Conclusion

In this section, we propose a method for 3D ball annotation from a single
image, leveraging camera calibration. To the best of our knowledge this
method was never published and our evaluation shows that it achieves
sub-pixel precision compared to an alternative approach. Moreover, the
method doesn’t make any assumption on the object whose 3D position is
being annotated, making it relevant for other domains beyond sport.

3.4 Ballistic trajectories 3D annotation

In this section, we study multiple strategies for annotating ball 3D position
during ballistic trajectories on multiple consecutive images from a single
viewpoint. The strategies exploit a ballistic motion model, with the goal of
minimizing annotation efforts.

3.4.1 Annotation strategies

When the ball follows a ballistic motion, its trajectory can be described by a
motion model which is entirely defined by the initial conditions. To estimate
those initial conditions we need to annotate at least as many data as there
are degrees of freedom in the system. Providing more data transforms
the resolution into an optimization problem where the distance between
the annotated points and the model evaluated at the corresponding times-
tamps should be minimized. This helps reduce the sensitivity to annotation
inaccuracies at the cost of more annotations.

Therefore, we propose to annotate a limited number # of images spread
evenly along the trajectory, and fit a ballistic motion model to the initial
annotations. The model is then evaluated at the images known acquisition
timestamp to retrieve the final annotations for all images.

Motion models We consider three different models.

* Parabola The first model ignores air friction and is described by equa-
tion 2.21. The initial conditions are the initial position p; and initial
speed v, at time tg.

e Ballistic (no lift) The second model is described by the system of first
order differential equations 2.26 but assumes no ball spin (Iy = 0). We
add the drag coefficient cp to the initial conditions.
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¢ Ballistic (with lift) The third model is also described by system 2.26
but involves a spin of constant intensity with an horizontal axis. We
add the lift coefficient ¢, to the initial conditions.

All three models assume a constant gravity vector g and ignore Earth
rotation. In addition, the two models considering air friction assume a drag
proportional to the square of ball speed, and still air with constant density.

Annotation approaches To provide initial annotations, we propose two
different approaches.

¢ The first approach consists in annotating the balls center in the image
space only and minimize the pixel distance between the initial annota-
tions p7 and the model points p(t;) projected in the image space using
known camera calibration. Annotations using this approach don’t
need a sophisticated tool and are therefore very easy to produce. The
distance to minimize is given by the following relationship, where
P is the projection operation that transforms world coordinates into
pixel coordinates.

min 3 (P (p(t)) - p7) 66)

® The second approach leverages our image-based center+projection
annotation tool to annotate the 3D ball positions p!¥ and minimize
the distance in real world coordinates as represented by equation 3.7.
Whereas the annotation of the ball vertical projection is easier to
annotate for the two trajectory extremities, intermediate positions
can be more challenging to annotate. For this reason, the first and
last images should be annotated first, and a line joining their vertical
projection on the ground floor should be displayed when annotating
the intermediate images.

miné (p(t) 32’ (67)

Summary Insummary we study two annotations approaches (2D annota-
tions and 3D annotations), with three motion models fit over n annotations.
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3.4.2 Evaluation procedure

We created a dedicated dataset to evaluate the different strategies. Metrics
and implementation details are presented hereafter.

Dataset We use ballistic trajectories from the unpublished Sequences-dataset
introduced in section 3.2.2 which offer more accurate timestamps than the
Ballistic-dataset, which is critical for comparing the motion models evaluated
at timestamps corresponding to the actual annotations. We annotated 21 bal-
listic trajectories with our annotation tool and trajectories were individually
inspected to ensure high quality ground-truth.

Implementation With the exception of the parabola model computed
from 3D coordinates, the minimization problem resulting from an excess
of data over the number of degrees of freedom is non linear and requires
numerical methods to be solved. We use the quasi-Newton method of
Broyden, Fletcher, Goldfarb, and Shanno (BFGS) (Nocedal and Wright, 2006)
with the default parameters from the implementation available with the
Numpy Python library (Harris et al., 2020) to minimize the mean Euclidean
distance characterized by equations 3.7 or 3.6, depending on the annotation
approach.

Metric To evaluate the quality of the different motion models, we measure
the 3D projected distance on the ground floor (in meters) between the
positions resulting from their evaluation at the images timestamps and the
associated annotated ground-truth. We evaluated the mean distance within
each ballistic trajectory, and we report the average and standard deviation
of these distances between the trajectories. In addition, we also computed
the pixel distance between the model projected in the image space and the
annotated ball center.

3.4.3 Experimental study

Table 3.3 reveals that initial annotations in the 2D space don’t provide
enough information to retrieve the 3D localization of the ball, even when all
images are used to fit the motion models. Note that this result is not obvious.
Indeed, even though the projection of a 3D parabola is a 2D parabola, the
further away from the camera the ball is, the smaller pixel distances relate
to world distances. This effect causes a variation of the perceived distance
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Number # of initial annotations
2 3 4 all

Parabola - 90L£.66 96+.79 92+£.75
2D  Ballistic (no lift) 89+.69 83+.71 93 +.74
Ballistic (with lift) 84+ .80 97+£.85 1.26+1.58

Parabola 05+£.03 .04+£.02 .03£.02 .03 £ .01
3D Ballistic (no lift) - .03+£.02 .03+.02 .02+.01
Ballistic (with lift) - 02+£.01 .02£.01 .01+£.00

Table 3.3: Projection error (in meters) of different strategies for ballistic
annotation. Ball center in 2D or ball center in 3D are annotated on 7 initial
images and three motion models fitting the initial annotations are evaluated.
When fitting 2D positions, the motion models cannot be used to recover the
ball 3D positions. In 3D, the more realistic the model is, the better it is for
annotation of 3D ballistic trajectories.

travelled between two consecutive frames, which should theoretically be
enough to infer ball depth. However, in our experiments, the projection
error reaches close to 1 meter and is even larger with a more realistic model
that has more degrees of freedom, despite a pixel error below 1 pixel,
even for the Parabola model. We can conclude that the models overfit the
tiny sub-pixel errors made when annotating the ball center, at the cost of
deviating from the true ballistic trajectory.

When fitting the motion models from initial annotations provided in
3D, annotation of the two ballistic extremities already provide enough
information to fit a model (the Parabola). The average error is 5 centimeters
in world coordinates and the pixel error is 2.6 pixels in image coordinates.
This result is sufficient to get an approximate position of the ball. When the
position in the image space is more critical however, a more realistic motion
model like the Ballistic (with lift) model is required.

Figure 3.6 illustrates different annotation strategies. The Parabola model
fit from 2D initial annotations has a large projection error despite fitting
the ball centers correctly. Fitting the Parabola model using two initial 3D
annotations (at the trajectory extremities) yields a very small projection
error but has a moderate pixel error in the middle of the trajectory. Adding
more initial annotations reduce those errors at the cost of increasing errors at
the trajectory extremities. Finally, only a realistic Ballistic (with lift) motion
model fits the data correctly, even with as few as 3 initial annotations, with
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Figure 3.6: Different strategies to annotate ballistic trajectories. Ground-
truth balls circumference and line to their vertical projection are displayed in
green. The Parabola model that fits 2D ball centers is displayed in blue and
yields a large projection error. The Parabola models fitting 3D annotations
yield a small error in the image space, both when using only two images
(in orange) and using all images (in magenta). The best results are obtained
using a realistic Ballistic (with lift) motion model fit from 3D points, even
with only 3 initial annotations as displayed with the model in cyan.

a low projection error and a low pixel error.

3.4.4 Discussion

Although only three points are required for the annotation of the whole
trajectory, this method requires an advanced annotation interface, beyond
what is generally offered in common annotation tools. Indeed, the interface
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relies on camera calibration to (i) implement the annotation of individual
3D positions at the trajectory extremities with the approach described in the
previous section, (ii) display a line on the ground floor, joining the vertical
ground projection of the two trajectory extremities, and (iii) leverage this line
for the annotation of the intermediate point(s). In addition, we must stress
the importance of accurate timestamps at which the physical motion model
is evaluated to produce the final annotation, and which were available
thanks to the professional-grade cameras used by the Keemotion system.

3.4.5 Conclusion

In this section, we leverage our image-based ball 3D annotation method
to annotate ballistic trajectories on multiple consecutive images, with a
very limited number of human annotations necessary. We show that 3D
annotations are required, which increases the value of our image-based
annotation method even further.

We also show that a realistic model that includes drag and lift forces
is required to model ball motion from annotated 3D positions. This result
contrasts with the simple parabola model used in all related works that
estimate ball 3D localization from 2D detections during ballistic trajectories.

3.5 Summary

In this chapter, we propose a method for ball 3D annotation from a single
image. In addition, we study different strategies for ballistic trajectories
annotation, with the goal of minimizing annotation efforts. These two
complementary methods enable annotation of video sequences from a
single calibrated viewpoint. Our experimental study show that annotating
only 3 images evenly spread along ballistic trajectories is enough to get the
full ballistic annotations, but 3D annotation is required, which increases the
value of our image-based method even further.

We used our image-based method to annotate two basketballs datasets
made publicly available: the DeepSport-dataset and the Ballistic-dataset. A
summary of the different datasets used in this thesis is provided in Table 3.4.

The DeepSport-dataset offers high resolution instants captured from fixed
camera setups. Beyond providing pairs of consecutive images, it offers a
representative sample of professional basketball scenes gathered on multi-
ple different arenas. It features a large variety of game actions and lighting
conditions, with cluttered scenes and complex backgrounds. This solves
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Chapters

Arenas  Balls Sizes [px] 4 5 6
DeepSport-dataset 15 398 1437 ) .
DeepSport-dataset-extended 34 1470  14-45 .
Ballistic-dataset 2 233 19—-40 .
Sequences-dataset 2 1398 10-19 o .
Sequences-dataset 5 ~50kt N/A °
APIDIS-dataset 1 4019 5-27 .

Table 3.4: Summary of the different datasets used in this thesis. The two
datasets in bold were made publicly available. In chapter 5, the Sequences-
dataset was used only in the last section that compares thoroughly our two
approaches to 3D ball localization.

1 Our ball detector was used with a very strict detection threshold to gener-
ate pseudo ground-truth of ball 2D position.

T As described in section 3.1, ball 3D annotations from the APIDIS-dataset
are not accurate.

a weakness of several previous works suffering from a limited set of vali-
dation data, having very few different games considered (Parisot and De
Vleeschouwer, 2019; Reno et al., 2018; Speck et al., 2017; D’Orazio et al.,
2009).

The Ballistic-dataset features 35 ballistic trajectories from two different
arenas and offers high quality ball 3D annotations.
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Ball detection in an image

Locating the ball in team sports is an important complement to player
detection (Parisot and De Vleeschouwer, 2017) both to feed sport analyt-
ics (Thomas et al., 2017) and to enrich broadcast content (Ferndndez et al.,
2010). In the context of automated production of team sports events (Chen
et al,, 2011; Chen and De Vleeschouwer, 2010; Chen et al., 2016; Delan-
nay, 2012), knowing the ball position in the image space with accuracy and
without delay is even more critical.

4.1 Related works

In the past ten years, the task of detecting the ball has been largely in-
vestigated, leading to industrial products like the automated line calling
system in tennis or the goal-line technology in soccer (Collins and Evans,
2008). However, the ball detection problem remains unsolved for cases of
important practical interest because of two main issues.

First, the task becomes quite challenging when the ball is partially oc-
cluded due to frequent interactions with players, as often encountered in
team sports. Earlier works have generally addressed this problem by con-
sidering a calibrated multi-view acquisition setup to increase the candidates
detection reliability by checking their consistency across the views (Parisot
and De Vleeschouwer, 2011; Ren et al., 2008; Intel, 2016; Collins and Evans,
2008; Lampert and Peters, 2012). However, those solutions require the
installation of multiple cameras around the field, which is significantly
more expensive than single viewpoint acquisition systems (Intel, 2016) and
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appears difficult to deploy in many venues'.

Second, the weakly contrasted appearance of the ball, as generally en-
countered in indoor environments, leads to many false detections. This
problem is often handled by exploiting a ballistic trajectory prior in order
to discriminate between true and false detected candidates (Chen et al.,
2009, 2012; Chakraborty and Meher, 2013; Kumar et al., 2011; Zhou et al.,
2013; Yan et al., 2006; Parisot and De Vleeschouwer, 2011). However, this
prior induces a significant delay, making those solutions inappropriate for
real-time applications. Furthermore, they require detecting the ball at high
frame rates, inducing hardware and computational constraints and making
them unusable for single instants applications.

Overall, for scenarios considering instant images in indoor scenes cap-
tured from a single view point, the ball detection problem remains largely
unsolved. This is especially true for basketball (involving fast dynamics
and many players interactions) where state-of-the-art solutions saturates
around 40% detection rate, restricted in the basket area (Parisot and De
Vleeschouwer, 2019). Those limitations force current real-time game anal-
ysis solutions to rely on a connected ball (Platteau, 2016), which requires
to insert a transmitter within the ball ; or use multiple cameras and multi-
ple servers to process the different data streams (Collins and Evans, 2008;
Pingali et al., 2000; Intel, 2016).

In this chapter, we propose two learning-based methods reaching close
to 70% ball detection rate on unseen venues, with very few false positives.
In order to train and validate our methods, we use our DeepSport-dataset fea-
turing many interactions between the ball and players and low-contrasted
backgrounds.

Similar to most modern image analysis solutions, our method builds
on a CNN (Lecun et al., 2015). In earlier works, several CNNs have been
designed to address the object detection problem, and among the most
accurate, Mask R-CNN (He et al., 2017) has been trained to detect a large
variety of objects, including balls. The experiments presented in Section 4.4.2
reveal that applying the universal Mask R-CNN detector to our problem
largely fails. However, fine tuning the pre-trained weights to deal with our
dataset significantly improves the detection performance (despite staying
~ 5% below our method). However, Mask R-CNN is too complex to run in
real-time on an affordable architecture.

To provide a computationally simple alternative to Mask R-CNN, some

'From our personal experience of 100+ installations in professional basketball arenas.
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works have designed CNN models to specifically detect the ball in a sports
context. (Reno et al., 2018) adopts a classification strategy by splitting the
image in a grid of overlapping patches, each of which is fed to a CNN
that assesses whether or not it contains a ball. However, the model is far
from real-time?, and only two different games are considered to train and
validate the method. In the Robocup Soccer context, Speck et al. (2017) for-
mulates the detection problem as a regression task that directly predicts the
ball coordinates in the image space from the whole image. The performance
remains relatively poor despite the reasonable contrast between the white
ball and the green field. Furthermore, regression of absolute object coordi-
nates is known to be poorly addressed by CNNs (Liu et al., 2018). Hence,
this strategy is expected to poorly generalize to real team sport scenes.

In comparison to those initial attempts to exploit CNNs to detect the ball,
the contributions of our work are multiple and multifaceted. Primarily, we
propose to formulate the ball detection problem as a segmentation problem,
for which CNNs are known to be quite effective (Chen et al., 2017). Such
formulation is especially relevant in our team sport ball detection context
since there is only one object-of-interest that we aim to detect. Hence, the
CNN does not need to handle the object instantiation problem. In addition,
we propose to use a pair of consecutive images coming from a fixed (or
motion compensated) viewpoint to take advantage of the ball dynamics
without the delay caused by a temporal regularization, allowing low-latency
applications. We show that this approach allows fast and reliable ball
detection in weakly contrasted and cluttered scenes. Furthermore, we
show that the use of test-time data augmentation® permits a significant
increase in the detection accuracy at small false positive rates. This is in the
continuation of recent works showing that test-time data augmentation can
be used to estimate the prediction uncertainty of a CNN model (Ayhan and
Berens, 2018; Wang et al., 2019).

4.2 Method

Our proposed solution is illustrated in figure 4.1. It formulates the ball
detection problem as a segmentation problem where a fully convolutional
neural network is trained to output a heatmap ¥ predicting the ball segmen-

2We measured 3.6fps on an Nvidia RTX 2080 Ti with an overlap of 10 pixels between the
patches. See their paper for implementation details.

3Generating multiple transformed versions of an input sample, in order to predict an
ensemble of outputs for that input sample
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Figure 4.1: Diagram of our segmentation based detector. Our detector is
based on a segmentation task performed by a fully convolutional network
that outputs a heatmap of the ball position. At inference, a detection rule is
used to predict the ball location from the heatmap.

—> inference only
—> training only

tation mask. At inference, a detection rule is used to extract a ball candidate
from the heatmap. The fully convolutional workflow enables working with
any input sizes.

CNN implementation. Among fully convolutional neural networks, multi
scale architectures are known to better trade-off complexity and accuracy
on large images by combining wide shallow branches that manipulate
fine image details through a reduced number of layers, with deep narrow
branches that access smaller images and can thus afford a deeper sequence
of layers (Yu et al., 2018; Mazzini, 2019; Poudel et al., 2019; Zhao et al., 2018).
The major benefit of this trade-off is a fast processing allowing real-time
applications.

In practice, the CNN used to evaluate our method is a custom imple-
mentation of ICNet where (i) the 3 input resolutions were changed from
{(1),(1/2),(1/4)} x input size to {(1), (1), (1/2)} x input size in order to better han-
dle the small size of the ball at the lowest resolutions; and (ii) the input
layers were adapted to handle the 6 channels input data (see equation 4.1).
The output heatmap ¥ is produced by applying a softmax on the last layer
and removing the channel relative to the background.

From a computational point of view, the selected CNN offers satisfying
real-time performances (see Section 4.4.2 Table 4.1) but any segmentation
network could be used instead; and we could expect even higher detection
speed using recent fast segmentation networks (Yu et al., 2018; Mazzini,
2019; Poudel et al., 2019).

Detection rule. We infer ball candidates as points lying above a threshold
7 in the predicted heatmap Y. Since we know a priori there is only one ball
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in the scene, the detection rule is further constrained by limiting the number
of ball candidates per scene. This approach, named top-k, detects (up to)
the k highest spots in ¥, as long as they are higher than the threshold 7. In
practice, to avoid multiple detections for the same heatmap hotspot, highest
points in ¥ are selected first, and their surrounding pixels are ignored
for subsequent detections, in a greedy way. Note that the computational
cost associated with this detection rule is negligible compared to the CNN
inference.

Exploiting the ball dynamics. When not held by a player, the ball gener-
ally moves rapidly, either due to a pass between players, a shot, or dribbles.
To provide the opportunity to exploit motion information, we propose to
feed the network with the information carried by two consecutive images,
each composed of the 3 conventional channels in the RGB space. Two strate-
gies were considered. The first one, consisting in feeding the network with
the concatenation of the two images on the channels axis, gave poor results
and is not presented in this work. The second strategy consists in concate-
nating the image of interest together with its difference with the previous
image. Hence, for two consecutive images a and b and their corresponding
sub-scripted R (red), G (green) and B (blue) color channels, we have:

Input = (Ra, Ga, Ba, |[Ra — Ry, |Ga — G|, |Ba — Bp)) (4.1)

Training. Because of the custom number of input channels required by our
method, no pre-training of the network is done. The training is performed
using the Stochastic Gradient Descent optimization algorithm applied on
the mean cross-entropy loss, at the pixel level, between ¥ and the binary
segmentation mask of the ball. The meta parameters were selected based
on grid searches. The learning rate has been set to 0.001 (decay by a factor
of 2 every 40 epochs), batch size to 4, and number of epochs to 150 in all
our experiments. The weights obtained at the iteration with the smallest
error on the validation set were kept for testing. The network is fed with
1024 x 512 pixels inputs obtained by a data augmentation process including
mirroring (around vertical axis), up- and down- scaling (maintaining the
ball size between 15 and 45 pixels, which corresponds to the size range of
balls observed by the cameras used to acquire the dataset) and cropping
(keeping the ball within the crop).
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Terminology. We will use the term scene when referring to the original
image captured by the camera, and random-crop to denote a particular
instance of random cropping, scaling, and mirroring parameters. Multiple
different random crops can thus be extracted from a single scene.

4.3 Validation Methodology

Dataset. The experiments were conducted on our DeepSport-dataset. As
described in section 3.2.1, it offers a large variety of game configurations
and various lighting conditions. The ball was manually annotated and
images in which at least half of the ball wasn’t visible were discarded.

K-fold testing. To validate our work, a K-fold training/testing strategy
has been adopted in our experiments. It partitions the dataset into K = 7
subsets, named folds, and runs K iterations of the training/testing proce-
dure. Each iteration preserves one fold for testing, and shuffle the other
folds before splitting the samples in 90% for the training set and 10% for
the validation set. To assess the generalization capabilities of our model to
unseen games and arenas, the folds were defined such that each fold only
contains images from arenas that are not present in the other folds.

ROC curves and metrics. For a given top-k detection rule, the accuracy is
assessed based on ROC curves. Each ROC plots the detection rate (TPR) as
a function of the false positive rate (FPR), while progressively changing the
detection threshold t. The detection rate measures the fraction of scenes for
which the ball has been detected, while the false positive rate measures the
mean number of false candidates that are detected per scene. In practice, a
detection is considered as being a true (false) ball detection if it lies inside
(outside) the surface covered by the ball in the annotated segmentation
mask.

Test-time data augmentation. We also conducted experiments where
multiple different random crops from the same scene were considered at test-
time. When aggregating their output heatmap, we took care of combining
random-crops with a high overlap (IoU > 0.9); see figure 4.7 (left).
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Figure 4.2: Ball detections for which two consecutive images help. Image
samples (top) and corresponding mean differences to previous image (bot-
tom) for scenes in which the ball is detected when providing the difference
to the previous image to the network, but remains undetected by the model
that ignores the difference.

4.4 Experimental results

This section evaluate our Ball Segmentation method named BallSeg. First,
we validate the CNN input and the detection rule. Then, we compare
BallSeg with Mask R-CNN fine tuned with our dataset. Finally, we study
how test-time data augmentation impact the detection metrics. In particular,
we combine multiple random-crops of the same scene to improve detection
accuracy at the cost of increased computational complexity, by merging the
associated heatmaps.

4.4.1 Inputs choice and detection rule validation

We compared the performances of BallSeg when feeding the network with
and without the difference between the two consecutive images. Figure 4.3
(left) shows that presenting the input as described in equation 4.1 signifi-
cantly improves the detection accuracy. Figure 4.2 reveals that using the
difference with the previous image allows detecting the ball in low con-
trasted scenes.

Different top-k detection rules are compared in figure 4.3 (right). A
top-1 detection rule achieves better true/false positive trade-offs at low
false positive rates (for T = 0.01: TPR=0.66 and FPR=0.33). This is far better
than all previous methods presented in the related works section, especially
given that our dataset includes a large variety of scenes, presenting the ball
in all kinds of game situations.

In the following results, unless specified otherwise, results use a top-1
detection rule, and the input described by equation 4.1.
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Figure 4.3: BallSeg ROC curves. Left: adding the difference with the
previous image to the network input improves accuracy (top-1 detection

rule). Right: top-1 detection rule achieves better true/false positives trade-
offs.

4.4.2 Comparison with SotA object detection method

To better evaluate the value of our BallSeg model, we compared it against
the universal Mask R-CNN model. We used the implementation of Abdulla
(2017) which provides weights trained on the MS-COCO dataset (Lin et al.,
2014) that already has a class for balls. For a fairest comparison, we also
fine-tuned the Mask R-CNN on our dataset. Hence, the resulting model,
denoted Ball R-CNN, was obtained by running a conventional optimization
with stochastic gradient descent optimizer with a learning rate [r. First, we
updated the front part of the network for ¢ epochs, then we updated the
whole network for #,, epochs. A grid search has been performed to select
the (Ir,ns, ny) triplet. Best K-fold mean test set accuracy was obtained with
Ir =103, ny = 10 and nyy = 20.

Ir € {1072,107%,107%,107°}
ns € {0,1,10}
ny € {0,1,10,20,100}

In figure 4.4, we observe that BallSeg outperforms Ball R-CNN. Besides,
the fact that Mask R-CNN largely fails reveals the need to have sport-specific
datasets for the complex task of ball detection in a team sport context.
Figure 4.5 shows a visual comparison between BallSeg and Ball R-CNN on
different image samples from our dataset.
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Figure 4.4: Comparison between BallSeg and Mask R-CNN. The two
computationally complex Mask R-CNN instances are Mask R-CNN pre-
trained on MS-COCQ, and the same network fine tuned on our dataset
(Ball R-CNN). Left: top-1 detection rule; Right: top-2 detection rule.

In addition to this qualitative analysis, Table 4.1 presents the measured
computational complexity of the two models: BallSeg using our ICNet
implementation and Ball R-CNN being Mask R-CNN from Abdulla (2017).
We observe that, besides reaching a better accuracy than Ball R-CNN, BallSeg
is significantly faster. Moreover, ICNet could potentially reach even faster
inference speed once compressed with filter-pruning, with expected limited
effect on its accuracy (Andrienko, 2019; Li et al., 2017).

4.4.3 Test-time data augmentation

This section investigates how different random crops of the same scene
impacts the detection. It first observes that the ball segmentation errors
rarely affect all random crops. In other words, prediction errors correspond

single image image + diff image + diff

1024 x 512 x 3 1024 x 512 x 6 1280 x 720 x 6

Mask R-CNN 4.33 fps N/A N/A
BallSeg (our method) 38.39 fps 24.67 fps 12.08 fps

Table 4.1: Complexity comparison. We compared the framerate of the two
methods on an Nvidia GTX 1080 Ti, with a batch size of 2, without using
filter-pruning optimization. The segmentation approach is significantly
faster than Mask R-CNN.
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Ball R-CNN (fine-tuned on our Dataset) BallSeg (proposed method)
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Figure 4.5: Comparison of our BallSeg with Ball R-CNN. BallSeg gives
accurate results in many different configurations, with fewer false positives.
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Figure 4.6: Detection rate using test-time data-augmentation. 1000 random-
crops were created for each scene. Ball detection rate as a function of the
number of random crops considered for a scene, for a top-1 detection rule.
The ball is detected in the scene if it is detected in at least one of the random
crops considered.

to high entropy output distributions, which by definition correspond to
a high uncertainty. This is in line with the observation made by Ayhan
and Berens (2018) and Wang et al. (2019) that large diversity of predictions
for transformed input are associated with high uncertainty levels. More
interestingly, our experiments also reveal that false positives are not spa-
tially consistent across the ensemble of heatmaps. This is an important
novel observation, since it gives the opportunity to significantly increase
(~ 10%) the detection accuracy at small false positive rate by aggregating
the ensemble of heatmaps obtained by multiple different random-crops.

Random crops consistency and failure case analysis Figure 4.6 presents,
for a top-1 detection rule, the ball detection rate for different number of
random crops generated for a scene. We observe that for 93% of the dataset
scenes, when 20 different random crops are generated for each scene, the
ball is detected as top-1 in at least one of those random crops. This suggests
that the detection rate could be improved by combining multiple random
crops (see Section 4.4.3).

Accuracy/complexity trade-off This paragraph investigates how the true-
false positive trade-off can be improved based on the computation of more
than one heatmap per scene. It builds on the fact that the ball has a higher
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Figure 4.7: Heatmaps averaging with test-time data-augmentation. Aver-
aging the heatmaps over random image samples helps to discriminate the
ball among candidates. Left: Five random crops having similar IoU in a
given scene are used; Middle: Scatter of their heatmaps most salient points;
Right: Mean heatmap intensity using the five input heatmaps.

chance to be detected if more random crops are considered (see figure 4.6),
and on the observation that the ball generally induces a significant spot
in the heatmap of every random crop, even if this spot is not always the

highest one.
1 1
9 o
e g
o o
~ -
—— 1 heatmap —— 1 heatmap
2 heatmaps stacked 2 heatmaps stacked
—— 5 heatmaps stacked —— 5 heatmaps stacked
0 0
0 FP rate 1 0 FP rate 1

Figure 4.8: Heatmaps averaging with test-time data-augmentation. Left:
top-1 and Right: top-2 ROC curves obtained when heatmaps coming from
1, 2 or 5 similar random crops of the same scene are averaged.

Figure 4.7 shows an example where the heatmaps predicted for distinct
random crops of the same scene are generally more consistent at the ac-
tual ball location than for the false candidates. From this observation, we
propose to merge the heatmaps of different random image samples by aver-
aging their intensity. Figure 4.8 shows that applying a top-1 detection rule
on the averaged heatmap significantly improves the true vs. false positive
rate tradeoff (~ 10% detection rate increase at small false positive rate),
already when only two random image samples are averaged.
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This gives the opportunity to improve accuracy at the cost of additional
complexity, which in turn could support accurate automatic annotation of
unlabelled data for more accurate models training, thereby following the
data distillation paradigm (Radosavovic et al., 2018).

4.5 Conclusion

This chapter proposes a new approach for ball detection using a simple
camera setup by (i) adopting a CNN-based segmentation paradigm, taking
advantage of the ball uniqueness in the scene, and (ii) using two consecutive
frames to give cues about the ball motion while keeping a very low latency.

Furthermore, the approach benefits from recent advances made by fast
segmentation networks, allowing real-time inference. In particular, the
segmentation network used to demonstrate the approach reduces drastically
the computational complexity compared to the conventional Mask R-CNN
detector, while achieving better results: close to 70% detection rate (with
a very small false positive rate) on unseen games and arenas, based on an
arduous dataset.
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Ball 3D localization from a
single calibrated image

Accurately localizing objects in three dimensions (3D) is crucial for various
computer vision applications, such as robotics, autonomous driving, and
augmented reality. This task finds another important application in sports
analytics with 3D ball localization. In this chapter, we present two methods
for localizing basketballs in 3D from a single calibrated image.

5.1 Related works

Ball 3D localization has largely been studied (Kamble et al., 2019), leading
to industrial products like the automated line calling system in tennis or
the goal line technology in soccer (Bal and Dureja, 2012). Most existing
solutions rely on multiple viewpoints (Kumar et al., 2011; Pingali et al., 2000;
Ren et al., 2008; Lampert and Peters, 2012; Cheng et al., 2018; Parisot and
De Vleeschouwer, 2011, 2019; Maksai et al., 2016) to triangulate the 2D ball
positions detected in individual frames, thereby offering high reliability
in case of occlusions, which are frequent and severe in some team sports
like basketball or American football. Obviously, due to the exploitation
of multiple synchronized cameras, those systems are expensive and com-
plex to install, compared to single viewpoint setups. Yet, there are many
practical cases where ball 3D localization is valuable even though only a
single viewpoint is available. This typically happens when the end-user is
interested in the 3D reconstruction and analysis of the play e.g. to collect
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statistics related to the 3D movement of the ball and players.

Several works have addressed the question of ball 3D localization using
single calibrated viewpoints. They generally rely on 3D ballistic trajectory
fitting from the 2D detections (Chen et al., 2012; Shum and Komura, 2004;
Chen and De Vleeschouwer, 2009; Kim et al., 1998; Skold, 2015; Parisot
and De Vleeschouwer, 2019; Labayen et al., 2014; Silva et al., 2011). This
approach, very well described in (Skold, 2015), is however limited to detec-
tions on video sequences (multiple consecutive images) and when ball is in
free fall (ballistic trajectories). Nonetheless, in many game situations, the
ball is only partially visible or not in free fall. Therefore, in this chapter, we
drop assumptions of ballistic trajectory, time consistency, and clean visibil-
ity, and we aim at localizing the ball in 3D from a single calibrated image.
In particular, we validate our method on basketball games where ballistic
trajectories (typically long passes and shots) only represent less than 10% of
game time!.

5.2 Diameter approach

The first method relies on the estimation of the ball diameter in pixels
and uses knowledge of the real ball size and camera calibration to locate
the ball in the 3D space. We use a two-stage approach where a small
convolutional neural network (CNN) is trained to predict ball diameter
from the candidates generated by a detector. In addition, the CNN is
also trained to confirm/refute the presence of a ball in the image patch,
thereby improving the performance of the global image-wise ball detector.
To the best of our knowledge, our approach is the first one to make ball 3D
localization possible from a single viewpoint without resorting to temporal
analysis with ballistic trajectory assumption.

5.2.1 Method

We propose to formulate the ball 3D localization task in a single calibrated
image as the combination of two image analysis problems, namely the ball
detection and the ball diameter regression problems. Calibration informa-
tion and knowledge of the actual ball diameter, in meters, are then used to
compute the ball localization in the 3D space from its diameter and position
in the image pixels space.

1Evaluated on our dataset of sequences, see section 3.2.2.
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Ball detection in image space

To detect balls in the image space, we adopt the State-of-the-Art solution
BallSeg (Van Zandycke and De Vleeschouwer, 2019) presented in section 4.2
that uses a segmentation approach. Specifically, the model, based on an
ICNet architecture (Zhao et al., 2018), is trained to predict a mask of the ball.
At test-time, the top-k highest peaks are identified on the output heatmap
Y to produce k ball candidates.

Ball diameter estimation in pixels

Baseline: A natural and well-known approach to estimate the size of
circular and highly contrasted objects in an image consists in applying the
Hough-circle transformation (HCT) (Duda and Hart, 1972) to the image
gradient magnitude. As a baseline, to estimate the ball diameter in the
image space, we propose to use the Hough transformation on ¥, over a
spacial neighborhood of the top (k=1) ball candidate. In practice, several
pre-processing steps are applied prior to the Hough transformation. A
morphological opening operation with a circular filter of diameter p is first
applied to ¥. Edges are then detected using adaptive thresholding with
hysteresis (Canny, 1986), with high and low thresholds 1;, and 7;. Finally,
the Hough-circle transformation is computed from candidate diameters
bounded in a range defined by the physical limits of the scenes (see sec-
tion 5.2.4).

Our proposed CNN-based method: In this section, we propose to
leverage a CNN to regress the ball diameter, in pixels, from an image patch
I centered on the candidates proposed by any conventional ball detector. For
a detector that produces k bounding boxes on the initial input image, when
k > 1, it is likely that most candidates are false positives. Hence, in addition
to regressing the ball diameter, our CNN is trained to predict whether
the input patch contains a ball or not. As demonstrated in Section 5.2.4,
this offers the possibility to increase the ball detection rate at constant
false positive rate, compared to a detector configured to output the most
confident detection.

The CNN model M,, adopted in this work follows a VGG (Simonyan
and Zisserman, 2015) architecture that takes image patches I as input, and
extracts a feature vector which is connected to a three fully connected layers
head H,, inspired by the work from LeCun et al. (1998). The last layer has
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2 neurons that produce the regression d := H4% (M., (I)) and classification

¢ :=H (My(I)) outputs.

We trained M, and H,, using batch stochastic gradient descent over w.
The classification output ¢, is supervised with binary cross entropy loss

L(c,&) = —c-log(¢) +(1—c)-log(1—¢) , (5.1)

with ¢ € {0,1} being the target class where 1 means [ is centered on a ball.
The regression output is supervised with Huber Loss (Huber, 1964) defined
by
1 2 )
s5(d—d f d—d| <é
£(d,d) = 2( 3 o d—d| < (5.2)
d(|d —d| — 30) otherwise

where d € R] is the target diameter in pixels, and the meta-parameter
0 represents the threshold at which the loss turns from linear to quadratic.
The two losses were weighted with a parameter a

L=a L7+ (1—a)-L , (5.3)

but £? was ignored for non ball inputs.

At test time, given k candidates predicted by our detector, we extract
k crops I;, with i € [1, k], from the initial RGB input image. The final ball
detection candidate is the one that has maximum c;.

Turning ball diameter into 3D localization

For a camera defined by a focal length f, pixel density i, and py, in the x
and y direction respectively, a skew coefficient <, and a principal vector
(ux,uy), we have the camera matrix

fpx Y Uy
K= 0 f-uy uy (54)
0 0 1

Given the diameter d and ball position (by, by) in pixels in the image space,
the 3D rays of the ball center b€ and two diametrically opposed ball edges
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eC and e(_i, expressed in the camera coordinate system, are

by bx
b =K"1-R | |b, and e{ =K1 R| |b=+4 , (55)
1 1

where R : R> — R3 is the function that rectifies image coordinates to
handle lens distortions.

For a camera placed at ¢"V € R? in the world coordinates system, with
an orientation defined by the rotation matrix R, and the true ball diameter
¢, the 3D localization in the ball is then given by b

1 C
b = RT. Lbc +V (5.6)

5.2.2 Datasets

Our deep learning method requires a dataset to train and evaluate on.
However, as described in chapter 3, datasets for 3D ball localization are very
limited, both in term of quality and diversity. For this reason, we used our
DeepSport-dataset for training and adopted the split defined in section 3.2.1.

For evaluation, in addition to the DeepSport-testset where many balls
are partly occluded in cluttered scenes as often encountered in basketball
games, we also used our Ballistic-dataset which features samples where the
ball moves freely and does not include occluded balls or balls held in player
hands. The APIDIS-dataset has also been used for evaluation to illustrate the
generalization capabilities of our model and assess the impact of annotation
errors. Finally, we also made an experiment using the DeepSport-dataset-
extended to evaluate the benefit of training on a larger dataset. A description
of the different datasets used in this chapter is provided in table 5.1, and
samples of each dataset are given in figure 5.6. Images in which the ball
was not at least half visible were discarded.

To reduce the sensitivity to hard and easy samples with the small
DeepSport testset, we repeated its evaluation 5 times using test-time data-
augmentation. The data-augmentation uses random scaling such that the
balls diameter are uniformly distributed between 14 and 37 pixels, corre-
sponding to the range of ball sizes in the dataset.
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ball size

Resolution range [px] Arenas Images
DeepSport training set 2 —5Mpx 14 -37 12 297
DeepSport validation set 2 —5Mpx 14 —37 12 55
DeepSport-testset 2 —5Mpx 14 - 37 3 46
Ballistic-dataset 2336 x 1752 19 — 40 2 233
APIDIS-dataset 800 x 600 5—-27 1 4019
DeepSport-dataset-ext. 2 —5Mpx 14 — 45 34 1470

Table 5.1: Summary of the different datasets used in this chapter. The
DeepSport-dataset was used both for training and for evaluation, as it offers
the largest environment diversity with high quality annotations. The other
datasets were used for evaluation only. The numbers reported correspond
to the images in which the ball could be projected. The extended version
of DeepSport was used to assess the impact of the training set size on the
performances.

5.2.3 Evaluation procedure

Implementation details and metrics used to conduct this research are pre-
sented hereafter.

Ball detector BallSeg was trained using the procedure described in
chapter 4, with a random scaling strategy where ball size was kept between
14 and 37 pixels, corresponding to the range of ball sizes in the DeepSport-
dataset (see table 5.1). To analyze the impact of working on smaller balls, we
also considered halving the size range in specific trainings (see Section 5.2.4).
In our context, we are only interested in the ball being played. Therefore,
only the top (k = 1) candidate was kept, unless stated otherwise.

Baseline method A 64 x 64 pixels neighbourhood of ¥ around the
detection candidate was used to apply the different image processing steps;
with p = 37, 7 = 10 and 7, = 20, selected by maximizing the perfor-
mances on a validation set. The range of candidate diameters for the Hough
transformation was constrained, with a 2 meters margin, by the physical
boundary of the basketball court.

Proposed method In practice, although our CNN method can be com-
bined with any ball detector we used the detections produced by BallSeg
as input to our model, allowing a fair comparison with the baseline. As
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described in section 5.2.1, M,, is a VGG feature extractor and #,, is a 3 fully
connected layers head. We took VGG16 pre-trained on ImageNet (Deng
et al., 2009) from TensorFlow library (Developers, 2022), and used Glorot
initializer (Glorot and Bengio, 2010) to initialize the last layers. Our CNN
was trained using stochastic gradient descent over w, on batches of 4 differ-
ent images, with k = 4 candidates output by BallSeg, making an effective
batch size of 16 image patches I. Training took 100 epochs using Adam
optimizer (Kingma and Ba, 2015), with a learning rate schedule starting at
10~* and reducing by a factor 2 for 2 epochs every 10 epochs starting at
epoch 50. The loss parameters § = 1.0 and & = 0.5 were selected empirically
using the validation set. The best performances were achieved with an
image patch size of 64 x 64 pixels.

Metrics To assess the diameter estimation accuracy, we used the mean
absolute error (MADE(,y)) in pixels between the labels d and the predic-
tions d. The corresponding projection error (MAPE]|y,)) is the distance in
meters between the real position and the estimated position, computed with
equation 5.6, projected on an horizontal plane. It depends on the camera
pixel density, focal length and distance to the scene. We also computed
the relative distance error (MARE|y,)) that represent the ratio between the
projection error and the distance to the cameras. To assess the ball detection
performance, we used the Area under the Curve (AuC) associated to the Re-
ceiver Operating Characteristic (ROC) curve, plotting the True Positive (TP)
rate against the False Positive (FP) rate for a varying detection threshold, as
defined in the previous chapter. Here, the TP rate measures the fraction of
images in which the ball is correctly detected while the FP rate measures
the number of false candidates that are detected.

Experiments were repeated with 8 different initializations of the net-
works (for both BallSeg retrained each time, and the randomly initialized
layers of our CNN). Hence, unless stated otherwise, we report the mean
metric over the 8 repetitions, along with the associated standard deviation.

5.2.4 Experiments

Ball diameter estimation

The comparison between the baseline using a Hough-circle transformation
and our CNN approach is presented in figure 5.1. In this setup, we evalu-
ated on the true positive candidates produced by the detector BallSeg. We
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observe that our CNN-based approach reduces the mean absolute diameter
estimation error MADE],,,) by 3 pixels on each dataset, reaching less than 2
pixels on the DeepSport testset and the Ballistic-dataset.

BallSeg+HCT

Bl DeepSport testset
Our evaluation set

BallSeg+CNN
B APIDIS dataset

0 2 4 6 8 10
Diameter mean absolute error [px]

Figure 5.1: Comparison against a Hough-Circle-Transform approach. Our
CNN method is compared against the Hough-circle transformation baseline
(HCT) for diameter estimation on different Basketball evaluation sets. Our
method reduces the mean absolute error by a factor two or more.

The fact that the prediction accuracy does not improve between the Deep-
Sport testset and the Ballistic-dataset, whose annotation were confirmed by a
ballistic motion model, suggests that errors are not caused by annotation
errors. On the other hand, the large error observed with the APIDIS-dataset
corresponds to the large differences between those dataset (see table 5.1).
For this reason, in the following experiments, we mainly focused our evalu-
ation on the DeepSport testset and the Ballistic-dataset.

Ball 3D localization error

The estimated diameter in pixels combined with camera calibration and
knowledge of the ball real diameter enables computing the ball 3D position
using equation 5.6. The error analysis given in table 5.2 shows that a
diameter error (MADE],,)) of 1.6 pixels translates to a projection error
(MAPE]|y,)) of less than two meters on the Ballistic-dataset with very accurate
annotations. However this relationship highly depends on the camera pixel
density, focal length and distance to the scene. Relative to the distance
to the camera (MARE(qy,)), it corresponds to a 10% error. Recall that our
image-based approach provides raw estimations, before any possible time
filtering.
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TPl  MADE MAPEj,,,  MAREy,

pxl
BaliSeg + HCT 47 +7 49+ 8 6.3+1.0 2845
(baseline) 8342 46+ .5 51+ .5 2444
BallSeg + CNN 47 +7 1.6+ .1 23+ .2 10+ .9
(proposed method) 83+2 1.6+ .2 1.8+ .2 10+.7
100+ 0 1.9+.1 28+ .2 12+ .6
Oracle + CNN 100 40 1.5+ 1 1.7 4.1 10+ 5

Table 5.2: Error analysis for ball 3D localization. Error analysis for three
different approaches on two different evaluations sets: DeepSport testset
first, and Ballistic-dataset second. BallSeg + HTC is the baseline that con-
sists in applying Hough-circle transformation on the heatmap ¥ output
by BallSeg. BallSeg + CNN is our proposed method that estimate diameter
from image patches I around detection candidates generated by BallSeg.
Oracle + CNN is our proposed method applied on oracle detections instead
of using a detector. The proportion of TP from the detector (TP[¢,)) is given
for each dataset. The MADE|,,; on oracle detections reaches 1.5 pixels on
the Ballistic-dataset.

Impact study of the detector

As described in Section 5.2.1, we adopt a two-stage approach where the balls
diameter estimated at the second stage depends on the detections proposed
by the first stage. To assess the performance of our CNN independently of
the detection stage, the quality of diameter estimation was also evaluated
on oracle detections by using input image patches I around the true ball
positions. The error analysis given in table 5.2 shows that the performances
using BallSeg detections (1.6 pixels on both datasets) are close to the ones
obtained using oracle detections (1.9 and 1.5 pixels).

This study reveals that our CNN gets the ability to correctly estimate the
ball size on images where the ball is challenging to detect. Moreover, the
similar results between the DeepSport testset (featuring many occlusions)
and the Ballistic-dataset, indirectly reveals that our method is robust to
partial occlusions.

Ball detection quality

With its classification output, our CNN model can be used to revise the
detection confidence produced by the detector it is combined with. Further-
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1 1
BallSeg-topl BallSeg-topl
—— BallSeg-topk + CNN EEm BallSeg-topk + CNN

[J]
© Q
< E
= I B
0 0 T

0 1 1 2 4 8 16

FP-rate Number of patches candidates k

Figure 5.2: Impact of k on the detection quality of our CNN approach.
(Left) ROC curves obtained by varying the detection threshold, on the
accumulated detection candidates over the 8 repetitions (see Section 5.2.3).
(Right) Area under the ROC curves for the different configurations. Our
CNN is able to recover balls missed by BallSeg-top1 but who ranked in the
topk with k > 2.

more, by considering k ball candidates from the detector and keeping the
candidate from image patch I; such that

j = argmax HS, (Mw(I;)) , (5.7)
i€[1k]

our CNN becomes able to recover some of the detections missed when the
detector adopts a top-1 detection strategy.

We conducted experiments with BallSeg for different values of k and, as
revealed by figure 5.2, our model improves the detection quality by a large
margin compared to BallSeg-top1 alone. More specifically, the ROC curves
in figure 5.2 reveal two positive effects. First, our CNN is more effective in
discriminating between true positives and false positives, as attested by the
larger TP-rate at small FP-rate compared to BallSeg for k = 1. Second, the
number of true positives is largely increased with k > 1.

Impact of ball resolution.

In the DeepSport training dataset, ball sizes range from 14 to 37 pixels. How-
ever, they are many other applications for 3D ball localization where ball
appears smaller, due to lower resolution images like in the APIDIS-dataset,
or simply because the physical size of the ball is smaller, as encountered
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e Original ball sizes from DeepSport testset
Artificial ball sizes 7-19 pixels from DeepSport testset
o Original ball sizes from APIDIS dataset

w
1

Diameter error [px]
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7 True ball diameter [px] 19

Figure 5.3: Diameter error distribution with respect to ball true diameter.
Only 4 out of 8 repetitions (see Section 5.2.3) are displayed to declutter the
figure. Our CNN was trained on half resolution images (empty circles)
and evaluated both on the DeepSport testset where images were scaled
accordingly, and the APIDIS-dataset where balls larger than 19 pixels or
smaller than 7 pixels were ignored. This experiments shows that our CNN
approach performs very well at small diameters, validating the approach
for many more applications. The distribution shift noticeable on the APIDIS-
dataset may be caused by the limited quality of that dataset.

for other sports like volleyball or tennis. To evaluate the error distribution
one could expect from smaller balls, we trained our CNN on half resolution
images and evaluated it on sub-sampled images from the DeepSport testset
where images were randomly scaled such that balls appear between 7 and
19 pixels.

Results presented in figure 5.3 reveal that the error distribution is cen-
tered around 0 and shows a standard deviation similar compared to the
model working at normal resolution. On the APIDIS-dataset where balls
are smaller (see table 5.1), it appears that the model underestimates the ball
diameter.
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Impact of image patch size

Multiple patch sizes were considered. As the figure 5.4 reveals, 64 x 64
image patches resulted in the most accurate estimation of the ball diameter.
This study was conducted on oracle detections from the Ballistic-dataset,
clean from any occlusions.

128 x 128 - =
96 x 96 H
64 x 64 - H
48 x 48 1 H
32x32- H
0 2 a 6 8 10

diameter mean absolute error [px]

Figure 5.4: Diameter estimation evaluated on different input image patch
I sizes. This study was conducted on oracle detections from the Ballistic-
dataset, clean from any occlusions. 64 x 64 yields the best results.

Impact of training set size

BallSeg+HCT =
] Bl DeepSport testset
BallSeg+CNN ., Our evaluation set
Il APIDIS dataset
T T T T T
0 2 4 6 8 10

Diameter mean absolute error [px]

Figure 5.5: Evaluation with a larger dataset. Evaluation of diameter es-
timation when training the models (both BallSeg and our CNN) on the
DeepSport-dataset-extended (see table 5.1). Results from figure 5.1 are shown
dimmed for an easier comparison. BallSeg+HCT sees a huge performance
gain from being trained on a larger dataset, but our CNN model performs
better with a pixel error down to one pixel on the Ballistic-dataset.

We also evaluated our method by training both the detector BallSeg and
our CNN on the DeepSport-dataset-extended (see table 5.1). Figure 5.5 reveals
that our CNN benefits from being trained on a larger dataset, but also that
the baseline experiences a significant gain with a drop of more than 50% of
the mean absolute diameter error on all datasets. Visual inspection of the
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output heatmap ¥ shows that ball is much better segmented, resulting in
a better diameter estimation using the Hough circle transform approach.
Evaluation on the APIDIS-dataset consistently yields weaker performances,
corroborating the observation that this dataset suffers from low contrasted
images and poor annotations.

APIDIS Ballistic set DeepSport

Figure 5.6: Image samples from the three datasets. d is the true ball
diameter in pixels and d is the prediction from one of our models. Samples
from the DeepSport-dataset were extracted from the testset. Samples from
APIDIS-dataset were scaled to match ball size range set during training.

5.2.5 Discussion

To our knowledge, the method presented in this section is the first to address
ball 3D localization from a single viewpoint. It achieves a projection error
of 1.6 meters on our diverse DeepSport-testest, and down to 1.2 meters on
our Ballistic-dataset with balls free from occlusion.

Despite the diversity of works mentioned in the related works section,
our results are difficult to put into perspective and compared against multi-
ple viewpoints solutions. Indeed, when multiple viewpoints are available,
most related works use the ball 3D localization as a proxy to solve other
tasks like ball detection and tracking (Kumar et al., 2011; Pingali et al., 2000;
Lampert and Peters, 2012; Ren et al., 2008; Parisot and De Vleeschouwer,
2011, 2019; Maksai et al., 2016) or ball state classification (Cheng et al., 2018)
and only report metrics specific to the downstream tasks they address.
The only work that report 3D position metrics is the one from Chen et al.
(2012) which achieve an average error of 0.12 and 0.18 meters on two syn-
thetic volleyball sequences. This indicate a factor 10 gap between the single
view setup and the multi view setup configurations. Nonetheless, our ex-
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periments suggest that there is margin for improvements just by training
on a larger dataset, which is usually required anyway for any industrial
applications.

Our experiments also reveal that our model handles smaller resolution
balls from the DeepSport-dataset very well, validating the approach for other
sports as well. We conjecture that the distribution shift observed on the
APIDIS-dataset is caused by the poorly contrasted images of that dataset
(see figure 5.6).

Finally, our method, which serves as a baseline for the task, relies on
a basic VGG backbone whose complexity has not been evaluated. For
industrial applications, the use of a more efficient backbone should probably
be considered.

5.3 Height approach

The second method we propose relies on the estimation of the ball height in
pixels in the image space and uses known camera calibration to convert it
into 3D. The observation that motivates this approach is that in basketball,
much like in other sports, human observers rely on contextual cues such
as the position, occlusion, and size of nearby players, crowd, and court
objects like basketball boards to accurately locate the ball during a game.
If tasked with estimating the 3D position of the ball in a paused video, a
person would use the position of the players’ feet on the court as a reference,
while making an informed guess about the height at which the ball is held.
During passes or shots, the task becomes even more challenging and cues
like players gaze orientation are required to improve the height perception.

Building upon previous work (Van Zandycke and De Vleeschouwer,
2019; Ghasemzadeh et al., 2021), we assume that the ball has already been
detected in the image, allowing us to crop the image region around the
ball detection. By providing sufficient context within the crop, our model
predicts the height of the ball in image space, measured in pixels. By placing
the ball at the center of the crop, we implicitly convey its location to the
model.

This approach is versatile and easily transferable to other sports such
as soccer, volleyball, handball, and potentially extensible to other domains
beyond sports.
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5.3.1 Method

In this section, we propose to estimate the 3D location of balls by training a
neural network model to predict the distance in pixels between its center
and its ground projection in image space. Retrieving the 3D ball coordinates
is then easily achieved by leveraging the projection matrix from the camera
calibration data.

Figure 5.7: Method for 3D localization from height estimation. The pre-
dicted height and the given 2D position are converted to 3D coordinates
using the camera calibration data. (a) Original image with ball position
(%,7). (b), (c) Colored vectors perpendicular to the court floor show how
verticals are oriented relative to image y”-axis, with a scale given in degrees.
(c) Image is rectified aligning the world z"Y-axis with the image y*-axis. (d)
Predicted height /1 is used to find the ball vertical projection on the ground
floor (%, + /1) which can be projected to (b)Y, b;/v ,0) using the calibration
data. The coordinate b)" is finally obtained by re-projecting (%,7) to the
planes x"V = b}V or y"V = b;/v.

Ball height estimation in pixels Our model has a Convolutional Neural
Network (CNN) backbone to extract image features, which are subsequently
processed by a regression head supervised to predict the distance in pixels
between the ball and its ground projection in the image space. The model
operates on square image crops centered on the ball, ensuring sufficient
contextual information is provided.

Pixels height to real-world coordinates Let us define a 3D coordinates
system (xW, v, ZW) with the horizontal ground plane defined by z/V = 0,
for the real world, and a 2D coordinate system (xZ,y”), for image space.
Details of the camera calibration allow us to project 3D points from the real
world to the image space, and to convert 2D points in image space into light
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rays in 3D. To transform the estimated height of the ball in image space into
its corresponding 3D coordinates in the real world, we apply the following
procedure illustrated in figure 5.7.

First, the input image is undistorted, ensuring that straight lines in the
real world correspond to straight lines in image space. Then, the image is
rotated, aligning the z-axis in the real world with the vertical direction y” in
the image space. After rotation, the predicted height of the ball in pixels /
effectively represents the vertical displacement between the ball’s position
in the image (&, 77), located at the center of the crop, and its projection onto
the ground in image space (%,7 + /). As the camera is calibrated, we can
project (%, 7 + ) into 3D space on the z"Y = 0 ground plane, determining
the position of the ball’s projection on the ground (b)Y, b;,/v ,0). Finally, to
obtain the 3D world coordinates of the ball, we perform a re-projection
process. We trace the path of the light ray passing through the ball in
the image space, determining the two 3D points at which it intersects the
yWV = b;’v and x"V = b)Y vertical planes. By taking the average of these two
points, we retrieve the 3D ball coordinates.

5.3.2 Dataset

To evaluate the effectiveness of our proposed method for ball 3D localization
in basketball we use the high-resolution images from our DeepSport-dataset
with the split presented in section 3.2.1. Unlike the previous section where
the DeepSport testset was repeated with test-time data-augmentation using
a uniform distribution of ball diameters, we used the raw testset without
any modification unless stated otherwise.

Beside evaluation of our model on the DeepSport testset, in section 5.3.4,
we benchmark it also on our Ballistic-dataset which features highly reliable
3D ball annotations from ballistic trajectories.

5.3.3 Evaluation procedure

Implementation details and metrics used to conduct this research are pre-
sented hereafter.

Baseline As a baseline for our approach, we use the model presented in
the previous section whereby the ball 3D position is obtained by estimating
its diameter in the image space and combining knowledge of real ball size
with calibration data.
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Architecture We study the impact of the feature extractor by experiment-
ing with several popular architectures, including VGG (Simonyan and
Zisserman, 2015), ResNet (He et al., 2016), MobileNet (Howard et al., 2017)
and EfficientNet (Tan and Le, 2019); all pre-trained on ImageNet (Deng
et al., 2009) from the TensorFlow library (Developers, 2022). The regression
head, identical to the one used in the previous section, contains 3 layers and
outputs a scalar supervised to predict the ball height in pixels.

Context size We thoroughly investigate the impact of the square crop size
on our model’s performance. It is evident that a small crop around the
basketball would lack sufficient context for the model to accurately estimate
its projection onto the ground. By enlarging the crop size and incorpo-
rating elements from the surrounding scene, we anticipate a significant
enhancement in model performance. However, it is important to note that
as the crop size increases, the improvements in performance may eventually
plateau, leading to diminishing returns.
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Figure 5.8: Various context sizes for a given image in the dataset. Larger
context sizes offer more contextual information to the model.

Image scale We investigate the influence of the input image scale (i.e. the
number of pixels used to represent a given context or scene) on our model’s
performance, as it directly affects the representation of the basketball and
all relevant objects and people within the scene. Moreover, the combined
effect of image scale and context size also influences the inference speed
of the model, a critical consideration for real-time analysis in production
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systems. Figure 5.9 represent various scale for a given context size. Lower
scale images result in lower resolution images.

1 1/4 1/8 1/16

Figure 5.9: Various image scales for a given image in the dataset. A
lower scale image of 1/8 has it’s resolution reduced by a factor 8 in each
dimension.

Training procedure The backbone is pre-trained on ImageNet (Deng et al.,
2009) from the TensorFlow library (Developers, 2022), and we initialize the
regression head with the Glorot initializer (Glorot and Bengio, 2010). The
neural network is then trained on image patches centered around the oracle
ball positions for 100 epochs using Adam optimizer (Kingma and Ba, 2015)
with a learning rate of 10~4. The final height prediction is supervised with
a Huber loss (Huber, 1964) with § = 1.0. Each experiment is repeated with
8 different initialization of the regression head and every reported metric is
composed of mean and standard deviation computed over the 8 repetitions.

Metrics We evaluate the performance of our 3D ball localization method
using the MAPE|,,) metrics presented in the previous section. In addition,
we define the Mean Absolute Height Error (MAHE(,,)) which measures the
average error in pixels for the predicted height of the ball in image space.

The metrics are computed on oracle ball positions in image space. This
reveals the true errors from our proposed approach, de-correlated from any
error that a detector upstream could introduce.

5.3.4 Experiments

Evaluation against the baseline

As a first experiment, we validate our proposed method for 3D ball localiza-
tion against the model which relied on ball diameter estimation presented
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in the previous section. For the height model, we select a reasonable set of
hyperparameters: the crop size is fixed to 512 pixels (about 1/3rd of the
average dataset image height) and the backbone is VGG16. These choice
of hyperparameters will be taken as default in the following sections. To
ensure a fair comparison, the diameter approach was evaluated on oracle
detections as well, on the same DeepSport testset.

MAHE[p  MAPEpy,

Height approach 34£3 1.254+0.11
Diameter approach N/A 2.88 +0.22

Table 5.3: Comparison of performance metrics between the height ap-
proach and diameter approach. On the DeepSport-testset, in which ball
elevation is mostly under 3 meters (see figure 5.10), the height approach
performs better by a large margin.

As shown in table 5.3, the height approach offers a lower projection
error on the DeepSport-testset compared to the diameter approach, which
validates the effectiveness of this approach for accurate 3D ball localization.

Impact of backbone

We considered several popular backbone architectures including VGG,
ResNet, MobileNet and EfficientNet. Our findings show that they all have
similar performance when trained on the DeepSport-dataset. We anticipate
that when exposed to a larger dataset, larger models would perform better,
at the cost of longer inference time.

Impact of context size

Here, we investigate the influence of context size on the predictive power
of our model for 3D ball localization (see figure 5.8). Smaller crop sizes
provide faster inference and require fewer resources, but may lack sufficient
context for accurate height estimation. Conversely, larger crop sizes offer
more contextual information, potentially improving model performance.
Our goal is to identify the ideal crop size for a production environment
where both performance and speed are important. We explore a range of
crop sizes: 64, 96, 128, 256, 320, 480, 512, 640, and 800 pixels. For each crop
size, we report in table 5.4 the resulting MAPE,].
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Crop Size  MAPE|y,

64 x64 1.71£0.17

96 x96  1.52+0.13
128 x 128 1.46 £0.06
256 x 256 1.04+0.11
320 x 320 1.17 +£0.09
480 x 480 1.18 £0.07
512 x 512 1.25£0.11
640 x 640 1.16 £0.07
800 x 800 1.08 +0.06

Table 5.4: Impact of context size on MAPE|,,;. The crop size is varied whilst
keeping the image scale fixed.

As expected, a small context size such as 64 x 64 pixels around the
detection yields a higher MAPE|,,]. As the context size increases, MAPE|,
decreases, indicating improved performance. However, MAPE|] already
plateaus beyond a context size of 256 pixels. We thus identify the context
size of 256 pixels as the optimal choice, striking a balance between model
performance and efficient inference, with promising implications for real-
time applications.

Impact of image scale

In this section, we present a comprehensive study to assess the robustness
of our model with respect to input image scale. In practice, we shrink the
images at various ratios (1, 1/2,1/4, and 1/8), and the square crop used as
input to the model is also scaled accordingly. Hence, the model has access
to the same contextual information independently of the scale.

From the results in table 5.5, we observe that the proposed height method
exhibits remarkable robustness concerning image resolution. Despite shrink-
ing the images up to 1/8th of the original size, the model’s performance
remains consistent. This robustness stands in stark contrast to the approach
presented in the previous section where high-resolution images were a
prerequisite for achieving accurate ball localization.

Benchmark on ballistic dataset

We also evaluate our method on the Ballistic-dataset featuring unoccluded
moving balls. The obtained Mean Absolute Projection Error (MAPE|y,;) on
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Scale ratio  De-facto image resolution =~ MAPE|,

1 512 x 512 1.25+£0.11
1/2 256 x 256 1.33 £0.07
1/4 128 x 128 1.30 + 0.06
1/8 64 x 64 1.28 £0.10
1/16 32 x 32 1.48 +£0.03

Table 5.5: Performance of the model with respect to input image size.
reducing image resolution (while keeping a context size identical, equivalent
to 512 x 512 at original resolution) doesn’t affect the performances much
up to one eight of the original resolution (in each dimension).

this dataset is 2.68 £ 0.12 m, which is significantly higher than the results
obtained on the DeepSport testset; see table 5.3. The poor performance on
this evaluation set is promptly explained by observing the distinct distribu-
tion of ball heights in the two datasets; see figure 5.10. The Ballistic-dataset
shows a skew towards higher ball heights, with nearly half of the samples
(102/233) having balls above 2 meters, while the DeepSport-dataset primarily
comprises balls below this mark, with only 60 training samples reaching 2
meters.

To mitigate this limitation, we attempted to balance the number of balls
above and below 2 meters in the training set. This approach resulted in an
improved performance on the ballistic dataset, reducing the MAPE|,,) to
2.21 £ 0.27 m. Nonetheless, the limited number of high-ball samples in the
training dataset remains a problem: feeding the same few high-ball samples
to the neural network many times during training can not help much the
model to generalise to those situations. We anticipate that a larger dataset,
featuring more samples with high-ball instances, could narrow the gap
between the performance on the Ballistic-dataset and the DeepSport testset.

5.3.5 Discussion

In this section, we introduced another method for 3D ball localization,
achieving impressive results with a projection error as low as 1.1 meters.
Notably, our proposed approach exhibits remarkable robustness with re-
spect to image resolution, allowing the use of low-resolution images with
the same crop size, thereby providing more context while maintaining good
performance and inference speed.

Although our method demonstrates significant improvements in various

79



“main” — 2024/4/30 —|13:46 — page 80 — #96

Chapter 5. Ball 3D localization from a single calibrated image

mmm deepsport dataset
ballistic dataset

dataset samples density distribution

0 2 4 6
ball height above the court [m]

Figure 5.10: Ball height distribution in our datasets. The DeepSport-dataset
(training and evaluation sets combined) features much less images below 2
meters compared to the Ballistic-dataset.

scenarios, it underperforms on the Ballistic-dataset. This outcome is not
surprising given its skewed distribution of ball heights, which significantly
differs from the one on which our models were trained. However, only a
proper study with a large dataset containing enough high balls could reveal
how our height approach is limited in conditions where the ball is high
above the court.

5.4 Deeper Comparison

In this section, we evaluate both approaches for 3D ball localization while
using the full potential of our datasets. For training, we used the larger
DeepSport-dataset-extended combined with the annotated ballistic trajectories
from the Sequences-dataset which include high balls. For evaluation, we used
both the DeepSport-testset and the Ballistic-dataset (see table 5.1).

Table 5.6 shows the evaluation of the two approaches using the mean
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absolute projection error (MAPE), in meters, on both evaluation sets. Cor-
roborating results from table 5.3, the height approach is consistently better
than the diameter approach when evaluated on the eclectic DeepSport-testset.
Moreover, it appears that training on a larger dataset which includes high
balls significantly reduces the gap between the Ballistic-dataset and the
DeepSport-testset for the height approach, making it consistently better on
all evaluation sets. We evaluated the correlation between the errors from
the two approaches using Pearson coefficient. As our analysis reveals, there
is no correlation between the errors from the two approaches.

DeepSport-testset  Ballistic-dataset

Diameter estimation 3.38 + .46 1.48 + .33
Height estimation 0.69 £ .04 1.19 &+ .06
Pearson coefficient 0.06 0.17

Table 5.6: MAPE for both approaches and Pearson coefficient for their cor-
relation. When using the ful potential of our datasets, the height approach
performs better, on both evaluation sets, with a mean absolute projection
error down to 70 centimeters on our DeepSport-testset.

5.5 Conclusion

This chapter has presented the first methods to localize a ball in the 3D
space from a single monocular image and work on any image where the ball
is (event partly) visible, provided that we have camera calibration (which is
required for 3D localization).

The first method estimates the ball diameter in the image space and
uses knowledge of real ball diameter (which is generally known for many
applications) to infer the 3D position of the ball. The second method doesn’t
even require this knowledge and can be readily extended to other sports,
given the creation of similar datasets tailored to each sport. Moreover, its
underlying concept of height detection in the image space and subsequent
3D position reconstruction holds promise for general 3D object localization.

These image-based approach provides raw estimations that could be
improved based on temporal filtering when needed. Investigation of such
temporal regularization is presented in the next chapter.

Overall, this work opens up new possibilities for enhanced ball tracking
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and understanding, advancing computer vision in the sport domains and
possibly beyond.
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Ball 3D localization over
ballistic trajectories

In many sports, the 3D position of the ball is an important resource to feed
games analysis, but knowing its precise position during ballistic trajectories
is of even greater importance. Indeed, the detection and characterization of
ballistic trajectories carries meaningful information, enabling shots charac-
terization or passes accuracy estimation.

In this chapter, we exploit a physical motion model to improve indi-
vidual frames predictions during ballistic trajectories. To achieve this, we
leverage the diameter-based ball 3D localization approach presented in
section 5.2.1 which shows good performance, including when the ball is
high (see section 5.3.4), and propose a simple approach based on a slid-
ing window and a RanSaC filtering algorithm to detect and fit ballistic
trajectories.

6.1 Related works

Detecting and exploiting ballistic motion for ball 3D localization has been
studied for many sports like volleyball (Cheng et al., 2018; Chen et al., 2012),
soccer (D’Orazio et al., 2009; Ren et al., 2008), basketball (Chakraborty and
Meher, 2013; Parisot and De Vleeschouwer, 2019; Chao et al., 2023) and
more (Chen et al., 2009; Pingali et al., 2000; Lampert and Peters, 2012; Chao
et al., 2023). Most of these works rely on a multi-camera acquisition setup
which goes beyond the working hypothesis of this thesis.
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When only a single viewpoint is available, some works detect ballistic
trajectories by fitting a generic parabola to the detections in the image space,
ignoring the physic governing the motion and making the hypothesis that
the camera sensor aligns with verticals (Chakraborty and Meher, 2013; Chen
et al., 2012). However, this assumption is too strong for wide angle lenses
or cameras tilted along their roll axis, like the ones used in the Keemotion
automated capture system (Delannay, 2012). Moreover, because they ignore
time, these approaches particularly struggle to identify precisely the ballistic
trajectories boundaries when the ball is held or controlled by players but
lies within the trajectory parabola. Addressing the concern of boundaries
detection, another work detect ballistic trajectories from soccer games by
assuming an intersection with the ground (Kim et al., 1998). While this
hypothesis probably holds for many ballistic trajectories in soccer games, it
is definitely not applicable to sports like volleyball or basketball.

Finally, some works simply ignore the question of ballistic trajectories
detection. They only fit a ballistic motion model on balls that are known
to be in free fall and all use a simple parabola motion model, ignoring
air friction. Ribnick et al. (2009) limit their study to an observation of the
model’s initial conditions and their deviation with respect to the ground-
truth over 3 trajectories. And, posterior to the experiments conducted in
this thesis, Chao et al. (2023) use synthetic data generated from ground-
truth positions of basketball free-throw shots, without considering any false
positives or missed detections, offloading the task of filtering outliers.

Overall, the only work addressing ball 3D localization over long se-
quences from a single viewpoint, exploiting a motion model during bal-
listic trajectories without any assumptions on their boundaries, is the one
from Parisot and De Vleeschouwer (2019) from which this work is inspired.
They use a sliding window with a random sample consensus algorithm
(RanSaC) leveraging a simple parabola motion model (ignoring air friction)
to detect ballistic trajectories from instantaneous detections. In their single-
view scenario, the use of a physics grounded motion model enable ball 3D
localization from 2D detections during ballistic trajectories. Nevertheless,
as demonstrated with manually annotated 2D positions in section 3.4, this
approach fails to produce good 3D trajectories.

In this chapter, we present a method for ball 3D localization over long
sequences from a single viewpoint, and exploit a physical motion model
to improve initial 3D localization during ballistic trajectories. We validate
our method on basketball sequences from the Sequences-dataset presented in
section 3.2.2.
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6.2 Method

Our method works with three consecutive stages depicted in figure 6.1.
The first two stages process individual instants (images or sets of images
captured at the same instant) to detect and characterize the ball in the
scene. The last stage combines detections from consecutive instants to
detect ballistic trajectories and fits a ballistic motion model to regularize
and thereby improve the initial individual 3D localization. Each stage is
described further hereafter.

6.2.1 Stage 1 - Ball candidates detection

Ball candidates are detected on individual instants using a simple object de-
tection model. Instead of producing a single detection, the model produces
k candidates per instant. In practice, we propose to use BallSeg presented in
chapter 4, with a detection rule producing k = 4 candidates.

6.2.2 Stage 2 - Ball candidates characterisation

Extending the work presented in section 5.2.1, a neural network model
processes the image patch around each candidates and is trained to produce
three outputs simultaneously. First, it predicts the presence of a ball in
the image patch with a confidence score. Only, the candidate with the
highest score is kept and the others are discarded. Second, it predicts the
ball diameter in pixels which, combined with real ball diameter and using
equation 5.6, enables an initial estimation of ball 3D localization. Third, it
predicts whether the ball is flying or not.

In practice, we use a CNN similar to the one presented in section 5.2.1. It
is composed of a VGG 19 (Simonyan and Zisserman, 2015) backbone, whose
features are flattened, and three heads, one per output. Inspired by LeCun
et al. (1998), each head is a succession of three fully connected layers whose
final layer is adapted to the task it addresses. The ball presence detection
task is supervised with a binary cross entropy loss L from equation 5.1.
The ball diameter regression task is supervised with Huber Loss (Huber,
1964) £? defined by equation 5.2. Finally, the ball state classification task is
supervised with the softmax cross entropy loss defined by

IS]
L3(s,8) = —) s;-log$; (6.1)
i=0
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localisation

Ball candidates detection Ball candidates characterisation Ballistic trajectories fitting

sequence

Ball: .97

Figure 6.1: Method for ball 3D localization with ballistic trajectory filtering. We propose a three stages approach.
Stage 1: k ball candidates are detected on individual instants using a simple object detection model. In this figure,
the top k = 4 candidates are kept. Stage 2: Image patches around the k ball candidates are processed to: (i) Predict
the presence of a ball with a confidence score. The candidate with the highest score is retained. (ii) Predict the ball
diameter in pixels. Using calibration data, it can be converted into an initial 3D localization. (iii) Predict whether
the ball is flying or not with a classification output. Stage 3: A sliding window with a ballistic motion model fitting
algorithm processes the individual ball detections. When it detects a ballistic trajectory, the associated motion model is
evaluated at the instants’ timestamps to improve the initial predictions.

86



“main” — 2024/4/30 — ‘13:46 — page 87 — #103

6.2. Method

where & is the pre-defined set of classes among which the ball should be
classified, s is the one-hot encoded target vector where the component s; = 1
for the correct class i and s; = 0 for all other classes, and $§ is the network
prediction vector.

6.2.3 Stage 3 - Ballistic trajectories fitting

Inspired by the work from Parisot and De Vleeschouwer, the third stage
builds on a sliding window with a ballistic motion model fitting algorithm
that processes the individual ball detections.

Considering y milliseconds of detections, the window is sled forward
in time until a ballistic trajectory is detected. The window is then itera-
tively extended with additional detections, as long as the fitting algorithm
successfully fits a ballistic motion model to the data. Once the fitting al-
gorithm fails, the ballistic motion model is evaluated at every instants of
the trajectory to update the initial 3D localization. Finally, oldest detections
are dropped until the sliding window is shrunk to its original size and the
process ultimately starts again with the successive detections.

The fitting algorithm used by the sliding window is responsible to detect
and fit a ballistic motion model. It processes a given window of detections
and operates in four successive steps.

1. State-based filtering. First, the presence of flying balls is evaluated
in the window. If less than g detections are classified as flying by
the previous stage, the fitting algorithm is interrupted, no model is
returned, the window is moved forward in time.

2. Initial model prediction. A RanSaC algorithm estimates a motion
model from the random sample of n detections that maximizes the
number of inliers, with / iterations. Since the identification of inliers
doesn’t require a complex ballistic model, we propose to use a simple
parabola model, described by equation 2.21. Furthermore, to eliminate
the effect of noisy depth estimations from the previous stage, fitting
is performed in the image space by projecting predictions from the
parabola model using known calibration. Hence, initial detections
are considered inliers if they lie below r pixels away from the model
evaluated at the corresponding timestamp. In practice, similar to the
work from Parisot and De Vleeschouwer (2019), we set the number of
samples to n = 4, with h = 100 iterations.

3. Inliers-based filtering. To proceed with the last step, we propose to
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discard windows for which (i) the first sample is not an inlier, (ii) the
number of inliers is lower than m and (iii) the ratio of inliers relative
to the number of samples between the first and last inliers is lower
than p.

4. Motion model fitting. The final motion model, returned by the fitting
algorithm, is evaluated from the set of inliers. Unlike other related
works that use the simple parabola model. We propose to use a more
realistic motion model described by equation 2.25. Furthermore, in-
stead of optimizing the 3D euclidean distance as done in other works,
we work with an error function €* that disentangles the 2D ball de-
tection error made by the first stage, from the diameter regression
error made by the second stage. Hence, the error used in the opti-
mization process uses a weighted sum of the position error €;,, which
corresponds to the euclidean distance in the image space between
the initial estimation of ball center and the model evaluated at the
corresponding timestamp, and the diameter error €.

€ =€p+-¢ (6.2)

In summary, compared to the work from Parisot and De Vleeschouwer
(2019), we propose to (i) filter windows using an estimation of ball state,
(ii) use a more realistic motion model that considers drag and lift caused
by air friction to fit the instantaneous observations, (iii) and fit the motion
model with an error function that decouples image position error from
depth estimation error.

6.3 Evaluation procedure

Implementation details and metrics used to evaluate our method are pre-
sented hereafter.

Sequences dataset We evaluate our method using two sequences from
the Sequences-dataset, where ball 3D position was annotated during ballistic
trajectories using our method presented in section 3.4. Sequence with arena
label KS-FR-GRAVELINES is used for meta-parameters search and sequence
with arena label KS-FR-BROURGEB is used for final evaluation. Images with
those arena labels were all excluded from the training and validation of the
subsequent models.
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Ball detection We trained BallSeg on DeepSport-dataset and DeepSport-
dataset-extended with the training procedure described in chapter 4. At
inference, on the sequences dataset which was captured by multiple cameras
(see section 3.2.2), the set of images covering the scene and captured at the
same instant were stitched to produce one single image on which BallSeg
was applied. This approach makes best use of the global aggregation layer
that helps making a decision on the whole scene rather than splitting the
decision for each image.

Ball characterization The VGG network was trained in two phases. First,
the backbone and the two heads corresponding to the ball presence clas-
sification task and the ball diameter regression task were trained jointly,
following the training schedule presented in section 5.2.3, on DeepSport-
dataset and DeepSport-dataset-extended. Again, L was ignored for non ball
inputs. Then, the backbone parameters were frozen and only the state
head was trained, supervised by £°. To achieve this, we used the Sequences-
dataset in which ball state was annotated, and used our ball detector BallSeg
with a strict detection threshold to generate ~50k pseudo-ground-truth ball
thumbnails of known state.

Sliding window Working with basketball, we consider a sliding window
of y = 500 milliseconds which limits detection of dribbles and very short
passes.

Fitting algorithm The other parameters were selected empirically using
the validation sequence from KS-FR-GRAVELINES. We performed a large
meta parameter search, optimizing the ballistic model projection error. The
parameter { = 0.1 was selected from fitting oracle ballistic trajectories, and
r=23.0,m=7,p=03and g = 1 were selected by processing the whole
sequence.

Metrics The main evaluation metric is the MAPE presented in chapter 5
which measures how far the detected balls are from the ground-truth on the
horizontal plane. With cameras placed at various elevation angle relative
to the court, this error eliminates the vertical component of the 3D error,
producing a metric oriented to top view analysis of the game. In addition,
we also measure the recall of our ballistic fitting algorithm, i.e. its ability
to actually detect when the ball is flying. We ignore false positives for
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two reasons. First, several short passes are detected despite not having
been annotated. Second, during annotation of ball state, annotator were
instructed to be very strict with the class for balls being flying, resulting in
shorter trajectories than what they actually are.

Baselines We evaluate our proposed method by comparing it with the
individual instants ball 3D localization. In addition, we also evaluate the
benefit of using a realistic ballistic motion model compared to the simpler
parabola model adopted in all related works. Our custom error function €*
used by the fitting algorithm was also challenged and compared against the
more naive error €° which minimizes the 3D euclidean distance between the
instantaneous predictions and the motion model. Finally, we also evaluated
the performance of the fitting algorithm on oracle trajectories where the
trajectories boundaries (start and end timestamps) were provided using
annotations. This eliminates any possible impact of the sliding window
algorithm on the metric.

6.4 Results

Fitting algorithm strategies

Table 6.1 presents the results for the different configurations. Detecting
and fitting ballistic trajectories improves over a baseline where balls” 3D
localization are predicted individually, with a MAPE reduced from 1.45
meters to 1.06 meters for the Ballistic (with lift) motion model. Fitting
oracle trajectories provides an even better prediction, with an MAPE 20%
to 25% lower than when using the sliding window to detect them.

Using our custom fitting error function €* leads to a consistent improve-
ment compared to the naive euclidean distance on 3D coordinates €® used
in other works, with a MAPE going as low as 79 centimeters when using
the more realistic Ballistic (with lift) motion model on clean oracle trajecto-
ries. This observation is not surprising since our initial prediction of ball
3D localization is very noisy in the depth dimension by the nature of our
approach which estimates the ball diameter in the pixel space. Nevertheless,
this confirms that using a custom error function tailored to the task and the
data is capital for achieving good results.

It appears that using a more realistic motion model doesn’t improve
significantly the ability to model the true ballistic motion from noisy de-
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tections, as the Ballistic (with lift) motion model only improves over the
simple Parabola model in the case of oracle trajectories.

Trajectories detection

Table 6.1 shows that whatever the approach: using the naive euclidean
distance error €® or our custom error function €*, the sliding window algo-
rithm manages to detect ballistic trajectories with a recall of 0.55, meaning
that close to half of the balls within ballistic trajectories are missed by our
algorithm.

Ball state classification

Evaluation of the ball state classification task alone reveal that our model
reaches a precision of 0.8 for the flying class on the testing set, meaning
that 20% of flying balls are not classified as such. For this reason, as we
implement it, the state estimation alone is not reliable enough for the seg-
mentation of ballistic trajectories. Moreover, another experiment revealed
that ignoring the ball state filtering step doesn’t affect the metrics. However,
if available, this information benefits the overall method by skipping win-
dows in which no single ball is classified as flying, resulting in an algorithm

Motion model Error function MAPE Recall

naive €° 0.84 1.0
Parabola B
. . ours € 0.82 1.0
Oracle trajectories
. . . naive €° 0.85 1.0
Ballistic (with lift) ours &* 0.79 10
: €
s et 000
Sliding window ’ i
. .. . naive € 1.10 0.52
Ballistic (with lift) ours &* 1.06 0.55
Individual frames without motion model fitting 145 N/A

Table 6.1: Evaluation of our three stages method to predict ball 3D position
within ballistic trajectories. The parabola model is compared against a
more realistic model that takes air friction into account. Our custom error
function €* compares favourably against the naive euclidean distance €®
generally adopted.
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approximately 3 times faster on a single CPU core.

6.5 Discussion

Our three stages method offers a good approach for ball 3D localization over
long sequences, with clear improvements over a baseline that doesn’t build
on ballistic trajectories to improve individual predictions. Nonetheless,
our sliding window algorithm shows limitations in detecting correctly the
trajectories, with a recall limited to 55%.

We explored several approaches to improve our method. For instance,
we considered training the three tasks of the second stage jointly, using the
implementation of Kendall and Gal (2017) which has shown good results
for multitask learning. However, despite our efforts, we weren't able to
improve the state classification task without affecting the ball diameter
regression task, fundamental component of our method. Also, for the third
stage, several variations were experimented, without improvements. Like
many hand crafted algorithms, countless modifications could be imple-
mented, making it more complex and presumably better. However, we
decided to limit our efforts and focus on the evaluation of (i) our tailored
error function €* against the euclidean distance €° used in all other works,
and (ii) the comparison between a realistic motion model that consider
air friction and the simple parabola used in all other works. Admittedly,
improvements over our proposed method are definitely possible, but go
beyond the objectives of this chapter.

6.6 Conclusion

This chapter presents a three stages method to detect and localize ball in
3D from a single viewpoint. To achieve this, we propose to estimate ball
3D localization on individual frames by combining an estimation of its
diameter in the image space with knowledge of real ball size and camera
calibration data, and apply a ballistic trajectory fitting algorithm to improve
the localization during long passes and shots.

Validation on a basketball sequence reveals that our method reaches
an error of ~1 meter on ballistic trajectories. When the ball is held by
players or dribbled, we can expect an error of 1.8 meters from the results
presented in the previous chapter. This might appear as being a lousy
approximation. However, in many applications (like 3D analysis of the play
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to collect statistics), having an automated estimation of ball 3D localization
from a single camera can be extremely valuable, even with an imprecision
of two meters.
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Conclusion

This thesis addressed the challenging task of object 3D localization from a
single viewpoint, focusing on basketballs in team sport scenes. Prior to this
work, this task had only been addressed with multiple viewpoints or on
very controlled environments with private datasets. Thanks to our strong
partnership with Keemotion, world leader in autonomous production of
basketball games, we created a unique dataset of unmet diversity and made
it publicly available for the benefit of the research community. We used our
challenging dataset to tackled two essential problems: ball detection and
ball 3D localization. The key contributions of each chapter are summarized
hereafter. In addition, we discuss some high level challenges met, specific
to this thesis, and provide some perspectives for future works that could
build upon this one.

7.1 Results summary

In chapter 3, we addressed the important task of collecting datasets of ball
3D position. To annotate the images, captured from a single viewpoint, we
developed a method specific to the annotation of basketballs” 3D position
when only a single viewpoint is available. Our method can be adapted
to any object or point as long as calibration is known or can be inferred
from the images. We also studied different approaches for the annotation
of multiple consecutive images when the ball follows a ballistic trajectory,
with the goal of minimizing annotation efforts. We showed that (i) 2D
annotations are not sufficient to reconstruct the 3D trajectory correctly (ii)
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for best results, a realistic ballistic motion model that considers air friction is
necessary, and (iii) the manual annotation of 3 points is enough to produce
good annotations of 3D positions along the whole trajectory. The datasets
created with our annotation method are of unmet diversity and made freely
available for the research community.

In chapter 4, we presented a segmentation approach to object detection
when there’s only one single object of interest in the scene, and evaluated
it on the detection of basketballs. Our method leverages a fast multi-scale
CNN that combines a wide shallow branch capturing fine image details
through a reduced number of layers, with two deep narrow branches that
efficiently captures global context. In addition to being faster, it compares
favourably against a state-of-the-art bounding-boxes object detection ap-
proach. To provide a sense of motion in the scene without the delay or the
complexity induced by the processing of sequences, we propose to provide
two consecutive images. In particular, the image of interest along with
the channel-wise pixel difference with the other image. We show that this
approach helps detecting balls when its visual appearance has low contrasts
with the background while being in motion, as often encountered in basket-
ball scenes. We also validated the benefits of test-time data-augmentation,
which enables increasing the detection accuracy at the cost of additional
complexity.

Chapter 5 addressed the central part of this thesis, object 3D localization
from a single image, and presented two different approaches evaluated on
basketballs. Both approaches rely on the detections provided by a detector
in the image space and process smalls crop around the detections to estimate
the 3D positions. While the first approach is limited to objects of known
dimension by inferring 3D from an estimation of their size in the image
space, the second uses an estimation of their height relative to the ground
floor. Hence, by dropping any assumption on the objects properties, the
second approach is transferable to other domains beyond sport. The first
approach is more robust to high balls with a mean absolute projection error
of 1.7 meters on our dataset of ballistic trajectories. The second approach is
better on common basketball scenes with a mean absolute projection error
as low as 1.25 meters.

Finally, in chapter 6, we applied our single viewpoint ball 3D localization
method to sequences and showed that fitting a ballistic motion model dur-
ing ballistic trajectories improves on the individual predictions. To detect
ballistic trajectories, we used a sliding window with a RanSaC algorithm.
For the fitting algorithm, we proposed a custom error function adapted to
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the single viewpoint context that decouples the small image position errors
from the large depth estimation errors, and showed that it outperforms a
naive approach that simply uses the euclidean distance.

7.2 Challenges

From the initial stages of this thesis where we were confronted to very prac-
tical constraints such as the capture of large volumes of data with limited
resources during live productions, to the various difficulties brought by the
training of neural networks, this thesis has been strewn with challenges.
Among them, two in particular impacted our work significantly.

Despite the direct access to the Keemotion capture systems, our research
faced many difficulties stemming from a scarcity of annotated data. On the
instants dataset, among the 5000 instants captured, two third were filtered
out due to no game being played, resulting in a much smaller dataset
than anticipated. As a consequence, our results generally suffered from
high variance. To circumvent this limitation, we had to repeat experiments
multiple times, increasing the complexity of the research process. Moreover,
some research questions even had to be dropped. Furthermore, limitations
related to image rights prevented the publication of the full dataset, which
entailed many time lost operating with two datasets sizes: one on which
experiments could be reproducible by the research community, and one
which provided more consistant results.  Similar limitations also rose
with our dataset of sequences where additional annotation campaigns were
deemed not necessary but would actually have made our work easier
and probably faster. Hence, when collecting data for machine learning
algorithms where data scarcity is a know issue, it is critical to properly plan
the acquisition and annotation campaigns.

One other important difficulty met during this thesis has been the will
to marry divergent objectives. Indeed, this research has been driven by
two very different goals: on the one hand, the completion of a doctoral
training, which requires focusing on unique research questions, well po-
sitioned against the state of the art, studying each component thoroughly,
and sometimes without clear conclusion; and on the other hand, the will
to improve the Keemotion automated capture system, tied to specific tasks
and datasets, and which implicitly brought implementation considerations
along with some expectations of results and efficiency. While it has been en-
riching to work in this environment, the divergent objectives led to several
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impasses. For instance, while studying neural networks, it has been tempt-
ing to address more fundamental research question as they rose. However,
undertaking them only delayed the completion of this thesis. Indeed, our
very niche tasks with practical whereabouts and specific datasets don’t offer
the proper environment to study such generic questions which should be
addressed with as few hypothesis as possible.

7.3 Perspectives

In the end, this thesis sets a solid foundation for the study of single view
object 3D localization in sports by proposing the most diverse dataset for
ball 3D localization and two baselines working on individual frames. Our
baselines rely on initial detections from a conventional ball detector. Albeit
our BallSeg detector was used in this study, any object detector could be used
instead, offering possibly even better performance both in accuracy and
latency. Another approach would be the implementation of an end-to-end
solution, but it was not considered during this thesis.

For continuous 3D localization of balls, our instant based methods offer
two alternatives, possibly complementary, on which a ball 3D tracking
algorithm could be built, but this remains an open topic of research. Our
attempt using a naive sliding window suffers from the weaknesses of hand-
crafted algorithms and should probably be replaced by a learning based
approach. In particular, attention-based layers, famous for the processing of
temporal relationships, could process a time window, enabling the filtering
of individual detections, or even the recovering of missed detections using
spatio-temporal consistency. However, this would require a much larger
dataset, with additional annotations.
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