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Abstract
In the context of football analytics, video recordings of matches play a crucial role
in post-game analysis. However, videos are inherently limited because they only
allow viewers to follow the match from the camera’s perspective. This thesis is
part of a larger project aimed at creating 3D representations of football matches
from video, thus enabling users to view the game from anywhere inside the virtual
3D environment. The larger project consists of three parts. This thesis focuses
on estimating the camera parameters, as well as the 3D poses and locations of the
players in the video. The other two projects focus on player tracking and player
texture generation.

A pipeline consisting of camera calibration and pose estimation is proposed, taking
video recordings and bounding box annotations as input and predicting camera pa-
rameters as well as the players’ 3D poses and locations. For camera calibration, a
model specifically tailored for cameras viewing football fields is used. The results
indicate accurately predicted positions and viewing angles for the estimated camera.
Pose estimation is performed using a pre-trained model and results in visually ac-
curate projections, although perspective ambiguities are present when the 3D poses
are viewed from different angles. The main approach for positioning players was to
detect when players touched the ground and interpolate the positions for ambigu-
ous frames. The results are promising, but noise in the depth estimations occurs
due to perspective ambiguities. Subsequently, an optional optimization of poses
and positions using multi-view triangulation is also presented, showing possibilities
for further refinement to ensure realistic and consistent human poses. Future work
on pose and location optimization could yield a pseudo-truth dataset for further
enhancements to improve overall poses and positions from strictly monocular video.

Keywords: 3D Human Pose Estimation, Pose estimation, visual transformers, deep
machine learning, camera calibration, depth estimation, multi-view optimization.
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1
Introduction

Video analysis is a frequently used tool for post-match analysis of football matches
[1], [2]. Professional football teams record the matches they play and use these
recordings in post-match analysis to coach players and improve gameplay. However,
traditional video analysis is limited by the camera’s fixed perspective, which often
does not align with the players’ viewpoints on the field. This makes it hard for
players to translate insights from the analysis to practical gameplay improvements
since the camera’s perspective differs significantly from what the players see on the
field [3]. Players and coaches desire the ability to view the match from any arbitrary
viewpoint such as from the players’ perspectives during the match. This ultimately
requires a 3D representation of the football match which necessitates estimating the
poses and locations of players on the football field throughout the match.

This project is part of a larger project consisting of three parts. It aims to implement
a system that converts videos of football matches into 3D-rendered Virtual Reality
(VR) environments, where the matches can be replayed and re-enacted. The three
sub-projects are intertwined and subsequently build upon each other’s results. They
consist of:

1. identifying and tracking the players and football throughout the video of the
football matches [4],

2. (this project) estimating the poses and locations of the tracked football players
in 3D,

3. integrating the estimations in a VR environment as well as predicting and
rendering player textures [5].

The project is done in collaboration with the professional football team IFK Göte-
borg [6]. The team recognizes great potential in utilizing these videos in a VR
environment for post-match analysis to coach players [3].

As stated, this project focuses on the pose and location estimation of football players
in 3D, also known as Human Pose Estimation (HPE), which is an active research
area within the field of computer vision [7]. The task of pose estimation from images
is inherently complex. It requires the capability not only to perceive images but also
to identify human subjects accurately, and estimate their specific poses.

One significant challenge arises when the input videos are of low resolution, as is
often the case with recordings of football matches. The reduced clarity in low-
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1. Introduction

resolution footage makes it difficult to identify joints and body parts. This is partic-
ularly problematic in a dynamic environment like a football match, where players
are often moving and interacting. Moreover, the problem becomes increasingly dif-
ficult due to issues like occlusion, where another object covers parts of the subject
being assessed. This complexity makes pose estimation a particularly challenging
problem, one that traditional computational methods struggle to address effectively.
In this context, deep machine learning approaches have emerged as a particularly
powerful tool given their ability to process the complex nature of images [7].

In recent years, extensive research has been conducted developing deep learning
models for monocular HPE. Monocular in this context refers to the utilization of
only one camera angle. One such model developed for monocular HPE is the model
HMR2.0, proposed by Goel et al. [8]. However, the model’s estimated poses of
football players are often inaccurately displayed in 3D due to projective ambiguities.
These ambiguities are not noticeable from the camera’s perspective, i.e., the poses
appear to be accurately estimated as seen from the camera. But when viewing
these poses from different angles in 3D these ambiguities become clear and manifest
as unrealistically tilting poses. Moreover, HMR2.0 is not designed to estimate the
locations of poses in a common world coordinate system and does not capture the
poses’ 3D locations relative to each other.

There exist models capable of performing HPE in a global coordinate system; one
such model was introduced by Shin et al. [9]. However, it estimates the 3D locations
separately for every subject, i.e., the model cannot capture the relation between
different poses’ 3D locations in a common world coordinate system. Furthermore,
it also suffers from inaccuracies during pose estimation in a football setting due to
projective ambiguities, similar to HMR2.0. The estimated poses appear accurate
from the camera’s perspective but are tilted when viewed at other angles in 3D.

Both of these aforementioned models only utilize one camera angle during inference.
An additional camera angle would be beneficial to mitigate these projective ambi-
guities. There exists research that exploits multi-view images to train a monocular
3D HPE model. Wandt et al. [10] introduced a methodology exploiting “multi-view
self-supervision”. The model is trained on multi-view images but is designed for
single-image 3D pose estimation. It predicts both 3D poses and camera rotations,
enabling the projection of these poses into another camera view and facilitating the
calculation of reprojection errors. By utilizing multiple camera views during training
the model learns to accurately represent poses in 3D from different viewing angles,
mitigating the problem of tilting poses. However, this model is built upon an initial
2D joint detector to predict a 3D skeletal pose, unlike a 3D mesh prediction from
bounding boxes. Also, it is not targeted at performing HPE of several subjects in an
image and it cannot capture the relations between poses’ 3D locations. Nevertheless,
utilizing multi-view images to better estimate 3D poses is a promising approach for
optimizing monocularly estimated poses.

Despite these outlined models, no single methodology currently addresses all chal-
lenges inherent in 3D HPE for football players in a VR application. This thesis
explores strategies to build upon existing methods for pose and location estimation
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1. Introduction

within a common 3D world coordinate system in the context of football. Videos of
IFK football matches are used to explore these strategies. These videos are often
captured from multiple angles, which enables an optional approach for optimizing
the estimated poses and locations using two camera angles. Finally, calibration of
the cameras is also performed to position the players.

1.1 Objective
This project aims to create a system for HPE in the specific context of football.
More specifically, the objective is to create an approach for:

• performing HPE in 3D of low-resolution players in football videos,

• determining the 3D location of players on the football field,

• optimizing estimated poses and locations using two different camera angles of
the same player.

1.2 Scope
Several HPE methods are designed to first identify human subjects and their re-
spective bounding boxes, before performing pose estimation. A bounding box is a
rectangular box that tightly encloses a specific subject in the image and is typically
used for tracking or detection purposes in computer vision applications. These meth-
ods then perform HPE on each identified bounding box in each frame. This problem
of extracting the bounding boxes and tracking them over time in videos are tasks
assumed to be solved by Project 1 and are therefore not covered by this project. So,
this project assumes annotated videos with tracking of football players are readily
available.

This project utilizes an existing pre-trained deep learning model capable of per-
forming 3D HPE. Therefore, no training of the implemented HPE model is covered.
Additionally, the HPE in this project is performed in an offline context, i.e., the in-
put is videos of fixed length. This is opposed to an online approach, where a model
works in real-time as the video is being recorded. The main difference between these
contexts is the availability to access data in future frames in offline settings. In an
offline setting, the computational time of the model can be substantially longer as
it is not required to output a live feed of the processed video.

Additionally, the videos of football matches provided by IFK use a stationary camera
that is fixed throughout the match. Therefore the project is subsequently limited to
pose estimation in a context where the camera does not move or change orientation.
A frame from one of IFK’s videos can be seen in Fig. 1.1. It illustrates how much
of the football field the camera capturing the videos typically sees.
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1. Introduction

Figure 1.1: Example of the camera’s perspective in a video of a football match
provided by IFK.

Figure 1.2: An example of how the resolution of players might vary depending on
their distance from the camera used to record the video. The player to the right is
far away from the camera and the enclosing bounding box is subsequently smaller,
thus enclosing fewer pixels. This makes the player significantly more pixelated than
the player on the left which is closer to the camera, i.e., the bounding box is larger
and contains more pixels.

Moreover, the cameras recording the matches generally yield low-resolution videos
for each player, although some players might be higher resolution depending on how
close they are to the cameras. This is exemplified in Fig. 1.2. It shows how an image
of a player farther away from the camera is noticeably lower resolution than a player
closer to the camera.

It should also be noted that IFK is a professional football team comprised of adult
male football players. Consequently, the project specifically focuses on accurately
capturing the poses and movements of adult male players. Pose estimation of other
demographics, such as children, is not covered in this project.

To summarize, this project is specifically situated for the pose and location estima-
tion of adult male professional football players. It utilizes pre-trained deep-learning
models for pose estimation using annotated tracking of players across frames which
are assumed to be pre-processed and available. The pose estimation is performed
in an offline setting, allowing for computational processing without real-time con-
straints. The videos of IFK matches have been captured by static cameras and are
of fixed length with varying resolutions of the captured players.
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2
Theory

This chapter covers the relevant theory used in the report. Camera geometry and
calibration theory will be detailed, followed by theory concerning pose representation.
Furthermore, background on the transformer architecture and how it is applied
in image contexts is provided before the relevant HPE model used in the project
is described. Lastly, the necessary tools for animating estimated poses in a 3D
environment are presented.

2.1 Camera Geometry and Calibration
This section presents relevant theory for the mathematical camera model used
throughout the project. It also covers the details regarding the pre-trained model
used for camera calibration.

2.1.1 The Pinhole Camera
The pinhole camera model is frequently used as a mathematical representation of a
camera [11]. The model is visualized in Fig. 2.1. It consists of a 3D coordinate system
(Xc, Yc, Zc)> with the camera located at the origin (the camera center). This system
(with the camera at the origin) is the camera coordinate system, and the camera is
typically modelled as looking down the Zc-axis, i.e., its principal axis. The image
plane is defined by (x, y, f)>, typically with f = 1, and can be thought of as the 2D
representation of what the camera sees in the 3D world. Any point on the image
plane (u, v)> is the intersection of some viewing ray defined as the line passing
through the camera, image plane, and originating 3D point p = (x, y, z)>. Note
that any 3D point along this viewing ray results in the same projected 2D point.
The 2D representation of the projected 3D point on the image plane is obtained by
dropping the Z-dimension. The perspective projection π of a 3D point p along its
viewing ray to the image plane of the camera is defined as:

π(p) =
(

x

z
,
y

z

)>
. (2.1)
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p = (x, y, z)

z = f Zc

Yc

Xc

y

x
(u, v)

principal
point

principal
axis

image
plane

Ow
Zw

Yw

Xw

[R|t]

Figure 2.1: The Pinhole Camera model.

This models how the 3D points in the world are captured in a 2D image. However,
it should be noted that the reverse process of going from a 2D image to a 3D
representation is inherently more ambiguous. This is due to the dimensionality
reduction that occurs when projecting a 3D point onto a 2D image. In other words,
it is not directly possible to determine which 3D point resulted in the projected 2D
point; as previously mentioned, any point along the viewing ray projects to this 2D
point.

A world coordinate system (Xw, Yw, Zw)> is frequently used to capture the relative
position and viewing angles of multiple cameras in relation to each other. So, each
camera has its own coordinate system, but they are all placed in a common world
coordinate system. Subsequently, each camera has its own position and viewing
angle measured from this world coordinate system. To translate between the world
coordinate system and a camera’s coordinate system, the camera’s translation vector
t and rotation matrix R are used:

• t ∈ R3 is a translation vector and defines the origin of the world coordinate
system in relation to the origin of the camera coordinate system.

• R ∈ R3×3 is a rotational matrix and defines the camera’s viewing angle, i.e.,
its viewing direction according to the world coordinate system.

These are called the extrinsic camera parameters. The calibrated camera matrix is
defined as:

(R | t) =

r11 r12 r13 t1
r21 r22 r23 t2
r31 r32 r33 t3

 . (2.2)

It can be used to translate a 3D point p (defined in the world coordinate system) into
the camera’s coordinate system by (R | t) (p, 1)>, first translating the coordinate to
a homogeneous coordinate by setting the w-dimension to 1.
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2. Theory

Moreover, the intrinsic camera parameters define the internal characteristics of the
camera that affect how it captures an image. These parameters include the focal
length, the principal point, and any skew between the image axes. They are encap-
sulated in the intrinsic camera matrix, denoted by K:

K =

fx s cx

0 fy cy

0 0 1

 , (2.3)

where:

• fx and fy are the focal lengths along the x and y axes, respectively,

• s is the skew coefficient, which is typically zero for most cameras,

• cx and cy are the coordinates of the principal point.

So, the full pinhole camera model is represented by:

P = K (R | t) . (2.4)

2.1.2 SoccerSegCal for Camera Calibration
SoccerSegCal is a “Soccer Pitch Segmentation and Camera Calibration” model de-
veloped by Spiideo and designed for the camera calibration competition held by
SoccerNet in 2023 [12], [13]. It performs camera calibration in a two-step fashion.
First, it performs a pixel-level segmentation of the input image followed by an opti-
mizer that estimates the camera parameters from the segmented image.

The first step is performed by a DeepLabV3 CNN [14], which segments pixels into six
different classes. These classes are predefined and separated by the different areas
and line markings on a football field (e.g., center circle, penalty area, etc.). The
second step is to utilize this pixel-level segmentation with a 3D Soft Rasterizer to
render a synthetic 3D field with a set of camera parameters. This step also involves
projecting the synthetic 3D field into 2D space to simulate how the field appears
from the set of camera parameters. These camera parameters are then iteratively
optimized to minimize the difference between the real segmented image and the
rendered image. By doing this, the model estimates the optimal camera parameters
that align the virtual field with the segmented image. This optimization uses the
local optimizer AdamW [15].

The model was trained and tested on the annotated dataset for camera calibration
provided by SoccerNet. The dataset for training contains 20 028 images with anno-
tated classes for all football lines and goal posts. The test set is comprised of 2 104
images annotated in the same manner.

7
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Figure 2.2: Examples of human pose representations; the left pose is a 3D mesh-grid
representation (the SMPL model) and the right pose is a skeletal representation.

2.2 Pose Representation
There are several approaches for quantitatively representing a human pose [16]. Two
frequently used approaches consist of representing the human pose as either a 3D
mesh-grid model or a skeletal-based model, exemplified in Fig. 2.2.

2.2.1 Skeletal Pose Representation
The skeletal model consists of a stick-figure representation; it is comprised of several
limbs connected by keypoints in the form of a human body. Each keypoint typically
represents a joint such as a knee, elbow, or hip. The actual amount of keypoints may
vary between representations with some containing more than others, thus giving
more detail. For instance, a hand may be represented as a single keypoint in the
middle of the palm, or by multiple keypoints with one for each of the joints in the
fingers of the hand.

Ultimately, the skeletal representation is useful as it can give a lightweight yet con-
crete representation of the overall pose; a joint can be succinctly defined as either
a 3D point or a 2D point, and the limb is defined as the line between two joints.
This facilitates comparison between two skeletal poses as one can measure the dis-
tance between the corresponding joints. However, the skeletal model fails to capture
other nuances of the human body such as the skin deformations, muscle definition,
and volumetric information, which are crucial for a more complete and realistic
representation.

8
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Figure 2.3: The mesh representation of the SMPL model along with its joints and
skeletal structure.

2.2.2 Skinned Multi-Person Linear Model (SMPL)
The other popular way of representing a human is using a deformable 3D mesh
modeled in the shape of a human. A widely used model is the Skinned Multi-
Person Linear Model (SMPL) [17], which is a vertex-based model whose pose and
deformation are controlled by a set of parameters. The mesh M ∈ R3×6890 consists of
6890 3D vertices modeled in the form of a human reflecting the pose of an underlying
skeletal model which in turn consists of 23 different 3D joints J ∈ R3×23. The skeletal
model is a kinematic tree; the location of each part is determined by the relative
rotation to its parent in the tree, with the hip keypoint being the root. The SMPL
model is visualized in Fig. 2.3.

The deformation of the mesh is controlled by the different parameters (�b, �g, �):

• �b ∈ R23×3 controls the axis-angle representation of the relative rotation for
each of the 23 joints. More concisely, it controls the pose of the body by
defining how each part of the limbs in the body are rotated relative to each
other.

• �g ∈ R3 controls the global orientation of the model, also represented as an
axis-angle rotation.

• � ∈ R10 controls the deformation and overall shape of the model, adjusting
properties such as height and width, represented as 10 scalar values.

9
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So, given the set of parameters (�b, �g, �), the model produces the mesh M . There
exists a linear mapping consisting of weights W ∈ R6890×23 supplied by SMPL from
which the joints J can be extracted, i.e., J = MW .

SMPL is able to more accurately capture the pose of a human being as it models
the skin deformations, muscle dynamics, and overall body volume, aspects that go
beyond the skeletal representation’s focus on joints and limbs alone. Moreover, the
ability to also retrieve a skeletal representation of an SMPL pose facilitates the com-
parison between different poses. This is crucial for the evaluation and comparison
of poses in contexts such as pose estimation.

2.3 Transformers
Transformers are a type of deep learning architecture originally developed for Natural
Language Processing (NLP) tasks and was published in the paper “Attention is all
you need” [18]. The architecture was designed to be more parallelizable and to
require significantly less training time compared to earlier models like Recurrent
Neural Networks (RNNs). Since its release, transformers have become widely used
for applications beyond NLP tasks such as HPE.

Transformer architectures are built upon an encoder-decoder structure. The pur-
pose of the encoder is to map the input sequence to some sequence of continuous
representation which can be fed into the decoder. The decoder aims to generate
an output from the given input encoder sequence. To pass input information to
the encoder, the input must first be converted into tokens, usually done by some
tokenizer.

A token is a basic unit of data, often represented as a vector. For NLP tasks
the tokenizer converts text into tokens. An embedding layer then converts these
input tokens and their respective positions into continuous representations known
as embeddings, represented as vectors. These embeddings are then fed into the
transformer model. The original transformer architecture is visualized in Fig. 2.4.
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Figure 2.4: Visualization of the original transformer network architecture [18]. The
green block to the left is the encoder, and the red block to the right is the decoder.

2.3.1 The Encoder Block
The encoder block combines a multi-head attention mechanism, layer normalizations,
and a feed-forward neural network to transform input sequences into some high-
dimensional contextual representation. The originally proposed encoder is built on
a stack of six identical layers; each layer is composed of two main sub-layers [18].

The first is the multi-head self-attention mechanism followed by the second sub-layer
of a fully connected feed-forward network. The multi-head self-attention is formed
by several attention layers running in parallel, referred to as heads. This mechanism
allows the model to capture long-range and complex dependencies between different
parts of the input sequence. The attention function computes an output by mapping
a query with a set of key-value pairs, generating a weighted sum of values where
the weights reflect the compatibility between the query and the corresponding key.
The input queries and keys are of dimension dk and the values are of dimension dv.
A dot product is computed and scaled, and a softmax function is applied to obtain
weights. This function is computed on a set of queries, keys, and values that are
packed into matrices Q, K, and V . The output matrix is computed as follows:

Attention(Q, K, V ) = softmax
(

QKT

√
dk

)
V. (2.5)
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The scaling factor of 1√
dk

is important to counteract gradients becoming extremely
small in certain regions. The queries, keys, and values are linearly projected h
times with distinct learnable projections in the multi-head attention. An attention
function runs in parallel on each of these projections, producing output values of
dimension dv, which are also concatenated. So, the multi-head self-attention output
is computed as:

MultiHead(Q, K, V ) = Concat(head1, ..., headh)W O, (2.6)

headi = Attention(QW Q
i , KW K

i , V W V
i ), (2.7)

where the matrices W Q
i , W K

i , and W V
i are the projection matrices for the headi,

and W O is the output projection matrix for the entire multi-head attention layer.

Before each of the two sub-layers, residual connections [19] are used around the
respective layer, followed by a layer normalization. These residual connections mit-
igate problems of vanishing gradients by enabling gradients to propagate through
the network more easily. The generated output for a sub-layer can be expressed as
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the specific function output by
that sub-layer.

The fully connected feed-forward sub-layers are employed individually for each posi-
tion. They consist of two linear transformations with a Rectified Linear Unit (ReLU)
activation in between and these transformations are the same across different posi-
tions but with different parameters from layer to layer. The feed-forward network
output is expressed as:

FFN(x) = max(0, xW1 + b1)W2 + b2. (2.8)

2.3.2 The Decoder Block
The decoder block is almost identical to the encoding block. The originally proposed
decoder block is also composed of 6 identical layers stacked together but with the
addition of an extra sub-layer compared to the encoder. The first sub-layer of
the decoder is modified such that it only attends to the previous words, while the
encoder is designed to attend to all the words of the input sequence. Therefore,
a prediction for a token at position i is only dependent on the known outputs for
the previous tokens in the sequence. This is achieved through a masking combined
with an offset of one position. In other words, this makes the first sub-layer of the
decoder unidirectional in contrast to the bidirectional encoder.

The second sub-layer of the decoder is the additionally added multi-head attention
layer, compared to the encoder. This layer has been implemented to receive its keys
and values from the output of the encoder while the queries are received from its
previous decoder sub-layer. This process is often referred to as cross-attention and
it allows the decoder to gain better contextual understanding. This is because the
cross-attention allows attention to all of the tokens in the input sequence. This
layer is followed by a fully connected feed-forward network, similar to the one in
the encoder block. Like the encoder, there are residual connections followed by a
normalization layer around every sub-layer inside the decoder block.
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