HUuMBOLDT-UNIVERSITAT ZU BERLIN
MATHEMATISCH-NATURWISSENSCHAFTLICHE FAKULTAT
INSTITUT FUR INFORMATIK

Autoencoders for Object Classification and
Position Estimation in Humanoid Soccer

Robots

Masterarbeit

zur Erlangung des akademischen Grades
Master of Science (M. Sc.)

eingereicht von:  Max Paul Patzelt
geboren am: 12.01.1991
geboren in: Frankfurt am Main

Gutachter/innen: Prof. Dr. Verena Hafner
Prof. Dr.-Ing. Peter Eisert

eingereicht am: verteidigt am:



Abstract. In this thesis, we explore the practical applications of autoen-
coders in robotics through a case study involving the Humboldt University’s
Adaptive Systems research group and their \Berlin United" robotic soccer
team. Our exploration focuses on the applicability of autoencoders for joint
object classification and feature regression using the SoftBank Nao humanoid
robot platform, which is prominently used in the RoboCup Soccer
[Platform League (SPL)l Given the extensive set of unlabeled training data
accumulated by the Berlin United team throughout their participation in
SPL, we propose a hybrid learning framework that combines unsupervised
and supervised learning techniques to enhance the perception and decision-
making capabilities of these robots. The proposed framework aims to address
challenges encountered by humanoid robots acting in dynamic and visually
variable environments, by improving the robustness, precision, and real-time
inference capabilities of the robot’s visual perception systems. Specifically,
we will investigate the efficacy of using autoencoder models as the basis for
soccer ball recognition and localization.
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1 Introduction

In this thesis, we explore the practical applications of autoencoders in robotics through
a case study involving a long-running project at the Humboldt Universities Adaptive
Systems research group, the \Berlin United” robotic soccer team. We investigate the
applicability of autoencoders for joint object classification and feature regression using
the SoftBank Robotics Nao humanoid robot platform [1], a robot prominently used in the
RoboCup [2] robotic soccer competition. The Berlin United team has participated in
the since its first iteration in 2008]3] and has since collected a large set of unlabeled
training data suitable for exploring unsupervised learning approaches.

In the domain of humanoid robotics, the perception and interpretation of the envi-
ronment are critical for autonomous operation and decision-making. Traditionally, the
training of machine learning models in these domains is performed using supervised
learning, a technique that requires extensive labeled datasets. As the labeling of data is
inherently time-consuming, it can become infeasible for smaller groups such as student
organizations.

To play soccer well, robots must perform various multimodal tasks, including but
not limited to planning and executing locomotion, detecting and avoiding falls and
collisions, identifying objects and landmarks, performing self localization, building and
updating internal abstracted representations of their environment, and performing team
communication. Recognizing and detecting the location of the soccer ball is a crucial
component that influences most of these tasks, so achieving a precise and robust ball
detection mechanism is of immense value in RoboCup. In this thesis, we explore the
efficacy of training an autoencoder model on a vast amount of unlabeled training data
and subsequently fine-tuning the model for soccer ball detection.

1.1 RoboCup Soccer

The RoboCup initiative was founded in 1993, with the first RoboCup Event held in
1997 [4]. RoboCup promotes research on robotics and artificial intelligence through
competitions, most prominently the RoboCup Soccer competition. The self-proclaimed
goal of RoboCup Soccer states that

By the middle of the 21st century, a team of fully autonomous humanoid
robot soccer players shall win a soccer game, complying with the o cial rules
of FIFA, against the winner of the most recent World Cup. [5]

This vision serves as a stretch goal, incentivizing the development of novel technologies
and algorithms through a playful yet appealing vision.

The RoboCup Soccer competition is composed of multiple leagues, each with a particular
set of rules, objectives and participating teams. In the RoboCup [SPI] all teams work
with the same model of humanoid robot, specifically the Nao model by SoftBank Robotics
(formerly Aldebaran Robotics) [6]. This sets the focus of the on systems design and
the development of holistic frameworks that enable the robots to act autonomously in
a standardized environment, where hardware variations are eliminated to focus purely



on software innovation. Each robot operates autonomously and must therefore plan
and perform actions in real-time and on-device. Each year, the competition’s difficulty
increases as more complex challenges and rules are introduced, challenging participants to
continually evolve and improve their software systems. Communication between robots
is regulated, with a limited number of messages allowed to be exchanged between robots
of the same team wirelessly and through sound.

The Humboldt University has a long-standing tradition of participating in RoboCup,
starting with the Humboldt Heroes competing in RoboCup from 1999 onwards and later
the Aibo Team Humboldt, which emerged from the previous team in 2001 [3]. Until
2007, the Sony AIBO four-legged robot was the only model allowed to play in the aptly
named Sony Four-Legged League. With the introduction of the Nao robot, the league
was renamed to Standard Platform League and the HU team followed suit, rebranding
as Nao Team Humboldt or NaoTH for short. In 2011, a joined Berlin United team was
formed together with the FUmanoids team from Berlin. This collaboration lasted until
2017 when the FUmanoids disbanded. Since then, Na0OTH remains as the sole member
of team Berlin United and still competes under this name.

RoboCup Soccer, especially the provides a well-suited environment for research
in robotics and artificial intelligence. By requiring teams to use the same hardware, the
removes variability in the physical capabilities of robots and focuses development
efforts on effective and efficient software solutions for complex tasks, such as motion
planning, perception, real-time decision-making, and multi-agent cooperation. The
limited processing capabilities of the Nao robot restrict the usage of complex existing
software components, which necessitates a good understanding of the presented challenges
and requires specific and optimized solutions capable of overcoming them. Although
the robot soccer framework provides a constrained environment and well-specified game
mechanics and rules to follow, having multiple agents dynamically interacting with their
environment and working toward a common goal remains a vastly complex task. Even in
the well-defined bounds of RoboCup Soccer, every game will present unique environmental
conditions and no two sensors or motors ever behave completely identical. Within a
match, the dynamic decision-making processes of various agents inevitably lead to novel
situations that have never been observed or simulated before. Sensors produce noisy
results and require intermittent re-calibration, and any downstream consumers need to
be able to handle the inherent uncertainty of their measurements. By providing different
research environments and focus points for robotic capabilities in multiple disciplines,
the RoboCup framework fosters incremental innovations in different aspects of robotics
and artificial intelligence research, making a complex problem more approachable by
breaking it down into smaller, more manageable challenges.

In this work, we hope to contribute to robotics in the spirit of RoboCup by breaking
down a complex challenge into manageable sub-problems that we can better understand
and design optimized solutions for.
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Figure 1: (a): A Nao robot on a soccer pitch with a RoboCup regulation soccer ball. The
graphic is sourced from the o cial RoboCup SPL rulebook [8]. (b) Camera placement
in the Nao v6 robot. A denotes the top camera and B the bottom camera. The
graphic is sourced from the Nao v6 datasheet [9].

1.2 Nao Robot

The Nao is a humanoid robot developed by SoftBank Robotics. Currently, the Berlin
United team uses the most recent generation of Nao robots, the version 6 model. The
Nao v6 is a bipedal humanoid robot, standing 57.4 cm tall and weighing 5.48 kg [7]. It
has 25 Degrees of Freedom (DdF), with[2 DOF in the head] 5 DoF in each of the two
arms and legs, 1 DoF per Hand and 1 DoF in the pelvis.

The Nao v6 robot is equipped with two identical video cameras, located in the forehead
and mouth area. At a resolution of 640x48 pixels, each camera can record 30 frames per
second. The cameras have a diagonal Field of View (FoV) of:80(56:3 horizontal FoV,
437 vertical FoV) [7].

The Nao v6 also includes other sensors such as touch sensors, an inertial measurement
unit (IMU), force-sensitive resistors in the feet, four omnidirectional microphones and
a sonar for distance measurement. It is equipped with an Intel Atom E3845 quad-core
CPU (1.91 GHz).

Figure 1 shows a Nao robot with a RoboCup regulation soccer ball and highlights the
camera locations in the head unit.

1.3 Problem Statement

The objective of this thesis is to develop and evaluate an autoencoder-based learning
framework for soccer ball detection in the context of humanoid robot soccer. The
framework uses a large volume of unlabeled image data collected from robot logs during
RoboCup matches and training sessions to learn robust feature representations in an
unsupervised training paradigm. We evaluate the e cacy of using autoencoders as a
feature extractors for two critical downstream tasks, soccer ball classi cation and position
estimation. The e ectiveness of this approach will be compared against the current
classi cation and regression models used by the Berlin United team. In this thesis, we
investigate the potential of autoencoder-based feature extraction to reduce reliance on



labeled data and enhance the adaptability and robustness of our robotic systems to new
environments.

1.4 Research Objectives

The goal of this research is to develop a general and robust learning framework that
uses existing unlabeled data to enhance the perception and decision-making capabilities
of the robots in the Berlin United RoboCup Soccer Team. To keep the research and

development of this framework aligned with our overarching objective, we establish the

following evaluation criteria.

Generalizability This thesis develops a exible and adaptable model training and in-
ference framework that can be broadly applied across diverse robotics contexts. The
framework incorporates modular components that can be adapted to di erent environ-
ments and tasks, providing a solid foundation for future research. We focus exclusively on
image-based data and do not incorporate other sensory or robot-speci ¢ information to
ensure that the training and inference processes are adaptable to other computer vision
tasks.

Robustness In robotics, sensory environments are highly variable. This is particularly
true for visual perception, where stark di erences in brightness, contrast, color, and noise
occur frequently due to changes in the environment and sensor calibration. Furthermore,
a robot in motion often records blurred images due to the limitations of its cameras. The
proposed framework accounts for this variability to ensure that the resulting models are
robust against changing environmental conditions.

Precision Precision is a metric used to evaluate classi cation performance and measures
the proportion of true positive predictions out of all positive predictions made by the
predictive model. In the context of soccer-playing robots, achieving high precision is
crucial because doing so minimizes the occurrence of false positives, i.e., predictions in
which a classi er incorrectly identi es an object as a soccer ball. Such errors cause a robot
to react unnecessarily to irrelevant objects, resulting in wasted computing resources,
faulty internal modeling, and gameplay disruptions. Where applicable, we focus on
developing precise models that minimize false-positive predictions. We aim to develop
classi cation models that achieve a precision score of at least 95%, preferably higher.

Real-time Inference When robots interact with their environment, they must quickly
respond to sensory inputs to detect objects, avoid obstacles, and adjust their movements.
This real-time behavior is a hallmark of embedded systems. In this thesis, the upper
bound for on-device inference is given by the Nao robot, which is equipped with two
cameras running at a maximum of 30 frames per second each. This results in a total of
60 images to process per second, necessitating a maximum inference time of 16 ms per
camera image, assuming that we could spend all compute resources exclusively on ball



detection. However, since the robot requires additional computing resources for other
cognition- and motion-related tasks, we de ne an optimistic target inference time of 8
ms to process all potential ball candidates.

Reproducibility To ensure that the experiments and analyses we conduct can be
reproduced and expanded upon by the Berlin United team in the future, we use a
combination of code versioning, containerization techniques and the teard_Flow
machine learning operations and metrics server instance to log experimental metrics and
artifacts. Where applicable, contributions are integrated into the appropriate Berlin
United software repositories.

1.5 Contributions of this Thesis

As part of this thesis, we develop, train and evaluate various autoencoder architectures
and investigate their e cacy as shared feature extractors for ball classi cation and
ball position estimation networks. We perform a thorough analysis of the foundational
components of autoencoders and nd an optimized baseline architecture for future research.
We establish an evaluation framework that goes beyond the analysis of performance
metrics by visualizing qualitative aspects of trained models to better understand their
decision-making process. We develop a containerized model training work ow that
enables isolated, hardware-independent, and reproducible experimentation. To ensure we
operate on high-quality training data, we annotated, adjusted or con rmed the ground
truth labels of over 200,000 data samples. We develop novel tools to aid in the annotation
and model selection process. Our contributions are integrated into the existing Berlin
United software repository and infrastructure.

1.6 Thesis Outline

Following this introduction, where we outlined the problem statement and research
objectives of the thesis, we review computer vision and machine learning fundamentals
relating to neural networks and autoencoders, as well as relevant research and literature,
in Section 2. In Section 3 we present our methodology and introduce the datasets we
will be working with, before conducting a series of experiments investigating various
design aspects of autoencoders to nd an optimized baseline architecture for further
experimentation. We then implement and evaluate multiple autoencoder based machine
learning models for soccer ball classi cation and position estimation. In Section 4, we
analyze the experimental results, benchmark inference performance on the Nao robot
and visualize qualitative aspects of the developed models to make an informed model
selection decision. Finally, Section 5 concludes the thesis with a summary of the key
research ndings, a discussion of limitations, and suggestions for future work.



2 Literature Review

In this section, we provide an overview of key concepts and prior work relevant to our
research of using autoencoders as the basis for ball detection in RoboCup Soccer. We
begin with Section 2.1, reviewing the fundamental building blocks of arti cial neural
networks and laying a foundation for understanding more complex model architectures
that will be presented in this thesis. In Section 2.2, we examine the Convolutional
Neural Network (CNN) architecture and its image processing capabilities, as they will
provide the basis for our work with autoencoders. This is followed by an overview
of various autoencoder architectures, including convolutional autoencoders, denoising
autoencoders and variational autoencoders in Section 2.3, examining their potential as
feature extractors for ball classi cation and position estimation models. Finally, we
survey how other leading teams perform ball detection in RoboCup and what we can learn
from their approaches in Section 2.4. This section serves as the theoretical foundation
for the experiments on autoencoder based feature extraction for soccer ball detection in
Section 3.

2.1 Machine Learning with Arti cial Neural Networks

Let us brie y review the building blocks of Arti cial Neural Networks (ANNS) so we
can better understand how autoencoders are constructed and trained. In this thesis, we
assume some familiarity with the concept of Neural Networks on the readers’ part. To
summarize, we de ne Machine Learning as a eld of arti cial intelligence research that
focuses on developing algorithms capable of identifying patterns and learning relationships
within datasets without the need for explicitly programmed instructions. In a supervised
learning paradigm, such algorithms are trained on labeled data, meaning for each input
datum, there exists a distinct output datum, and a mapping from input to output is
learned. In the unsupervised learning paradigm, there exist no such labels, and the
algorithm learns to nd patterns and structures in the unlabeled input data. Feed
Forward Neural Networks are a class of machine learning models that are inspired by the
biological brain, where a multitude of arti cial neurons, together with their structure
and weighted connections, de ne a concrete model instance [10]. The network learns by
iteratively updating the connection weights based on the processed data samples and an
objective function that determines the quality of its predictions. Through optimization
techniques, the network weights are adjusted to minimize an objective function error term.
Machine learning models can be trained to perform various tasks including classi cation,
regression, feature extraction and pattern recognition.

Neuron The smallest unit of composition in ANNSs is the arti cial neuron, also known
as Perceptron [11]. While the arti cial neuron is inspired by the biological neuron, it is
highly abstracted in form and function. Neural Networks composed of arti cial neurons
therefore also di er signi cantly from their biological counterparts. Arti cial Neurons
compute an output value that depends on one or more weighted inputs, a bias value



that represents an inherent excitation level, and a typically nonlinear activation function.
Formally, this can be expressed as
!
X
0= WX + b (1)
i=1
whereo is the output, is the activation function, w is the weight vector,x is the
input vector, and b is the bias term. A typical Neural Network is composed of multiple
layers, each of which is in turn composed of one or more arti cial neurons.

Activation Function  Nonlinear activation functions are essential for a model's ability to
learn and represent complex patterns and relationships in the input and its intermediate
representations. Without nonlinear activation functions, a network of arti cial neurons

as described above would be equivalent to a series of linear transformations, which could
be reduced into a single matrix multiplication. Commonly used nonlinear activation
functions include the sigmoid function, the hyperbolic tangent function, the Recti ed
Linear Unit (ReLU) activation function and the Leaky ReLU activation function. Figure 2
shows, how each of the activation functions transforms a real valued scalar

1

0= 755 (2)

tanh(x) = % )
ReLU(x) = max(0; x) (4)
LeakyReLU(X) = max( X;X ) (5)

Layer A layer is a composite made up of one or more arti cial neurons. Typically,
neural networks are organized to have one input layer, one or more hidden layers and
one output layer. By organizing arti cial neurons in layers, we can abstractly mimic
structures naturally found in the biological brain that facilitate hierarchical feature
extraction and integration. The neuron activations can be computed e ciently using
matrix multiplications in each layer. Information is propagated forward through the
network, leading to the designation of such networks as Feed Forward Neural Networks.
Figure 3 shows a simple fully connected network architecture with two neurons in the
input layer, three neurons in the hidden layer, and one neuron in the output layer. When
a network consists exclusively of fully connected layers and has at least one hidden layer,
it is referred to as a Multi-Layer Perceptron (MLP).

Let us quickly show, how the forward pass of the network depicted in Figure 3 is
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Figure 2: A plot of four common activation functions applied to a real valued inputx: Sigmoid,
TanH, ReLU, and Leaky ReLU. The sigmoid function (blue) mapsx to a range
between 0 and 1, the TanH function (red) mapsx to a range between -1 and 1, the
ReLU function (green) outputs x if x is positive and O otherwise, and the Leaky
ReLU function (purple, dotted) outputs x if x is positive and 0:2x otherwise. The
scaling factor of the Leaky RelLU function is a con gurable parameter.

computed. We de ne

x as the input vector,
W @ as the weight matrix between the input and hidden layers,

b® as the bias vector for the hidden layer,
h as the hidden layer neuron vector

W @ as the weight matrix between the hidden and output layers,

b® as the bias vector for the output layer,
as the activation function

Now we can calculate the activation of the hidden layer neurons as follows:

02 3 2 31
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Figure 3: A simple Feed Forward Neural Network architecture. Each input neuronl is
connected to every hidden neurorH. The hidden neuronsH are all connected to the

output neuron O.

The activation of the output neuron is calculated accordingly as

0 2h 3 1
1
y= W®@h+b@)= @w;, w, w; 4h,5 + A (7)
hs

Loss Function A loss function, or objective function, is used to quantify the prediction
error of a Neural Network after a successful forward pass. The obtained error value is then
used to adjust the weights of the network's neural connections in a way that minimizes
the prediction error in subsequent forward passes. Depending on the task to be learned,
a suitable loss function has to be chosen. For classi cation tasks, Cross-Entropy loss is a
common choice, while regression tasks often employ distance losses such as the Mean
Squared Error (MSE). If we de nen as the number of samplesy as the true value and

¥ as the predicted value, the Binary Cross-Entropy (BCE) and MSE losses are computed
as follows:

Lece (V;¥)= —  [vilogh)+(@  yi)log(l )] (8)

Luse :9)= = (v 9 ©

i=1

In Section 2.3.1 we examine the applicability of the aforementioned loss functions to
autoencoder training in more detail.



Figure 4: A simple Convolutional Neural Network architecture with three convolutional blocks,
each consisting of a convolutional layer, a non-linear activation function and a
downsampling layer. The convolutional blocks are followed by fully connected layers.
The output layer has a softmax activation function, indicating that this example
architecture might be used to learn a classi cation task.

Backpropagation & Optimization  After performing a forward pass through a Neural
Network and obtaining a loss value, the backpropagation algorithm [12] can be used to
e ciently compute the gradients of the loss with respect to each network weight. We
start with partial derivatives of the loss with respect to each weight in the output layer,
then we propagate the error backwards through the network by applying the chain rule
to compute the gradients in the previous layers. Optimization refers to the process of
updating the weights using the gradients computed with the backpropagation algorithm
to minimize the error in subsequent forward passes. The gradients are typically computed
on a subset of the available training data and scaled by a learning rate factor This
optimization technique is known as Mini-Batch Gradient Descent (MBGD) [13].

The MBGD update rule can be expressed as:

1 xn
Wirp = Wy e we L (Yis %) (10)

i=1

wherew; represents the weights at iteratiort, is the learning rate,m is the batch
size, andr ,,L(y;;¥) is the gradient of the loss functionL with respect to the weightsw,
computed for thei-th sample in the batch. Since we are computing an average gradient
over the batch, the batch size becomes a tunable hyperparameter at model training time.

2.2 Convolutional Neural Networks

CNNs are hierarchically structured Feed Forward Neural Networks capable of e ciently

processing image-based input data [14]. In 1998, Yann LeCun introduced the LeNet-5
CNN architecture [15], laying the groundwork for a series of advancements in neural
network based computer vision, such as AlexNet [16], Inception [17], ResNet [18], the
YOLO [19] architecture family. CNNs have since become a staple of machine learning
in the image processing domain. CNNSs drastically reduce the number of connections
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between neurons compared to vanilla Feed Forward Neural Networks using fully connected
layers by convolving input tensors with one or more kernel matrices in each convolutional
layer. This enables the practical training of deeper network architectures with fewer
parameters. The output of a convolution layer is a series of feature maps which serve
as the input features to subsequent layers. By stacking multiple convolutional layers, a
network learns to represent increasingly complex hierarchical feature combinations. The
task-speci ¢ optimal weight values of each kernel matrix are approximated during model
training using an objective function and optimization algorithm. Inputs are commonly
represented as tensors of shapBlEIGHT inpyt ; WIDTH jnput ; CHANNELS jnpue ).

Kernels The kernel, or convolutional matrix, is the basic building block of CNNs and is
typically structured as a square matrix of integer or oating-point values. A kernel can

be used as an operand in a convolution operation, which produces a scalar value when
applied to a region of the input with the same shape as the kernel. The convolution
operation in image processing is de ned as

axy) =" f(x;y)=_ @G iy ) (11)

i= aj= b

whereg(x;y) is the output value at position (x; y) after applying the convolution operation,

I is the kernel,f (x;y) is the input image at position (x;y), and a and b are the half-width

and half-height of the kernel respectively. The convolution operation produces a weighted
sum of an input pixel and its neighbors, with the kernel determining the weights to be
applied. For grayscale images that contain only one intensity channel and thus have
the shape (nput height; input width ; 1), a kernel with a single channel is su cient for
performing the convolution operation. For multichannel inputs, such as RGB or YUV
color space images with a shape odflEIGHT inpyt ; WIDTH input ; 3), @ kernel needs to
have the same number of channels, also called kernel depth, to produce a single value when
convolved with a region of the input. Kernels have long been used in image processing
because they can produce various useful image transformations based on the weights
that are used. Figure 5 illustrates the e ects of convolving di erent simple kernels with

a grayscale image.

Convolutional Layers A convolutional layer applies one or more kernels to an input
and produces one feature map output per kernel. By sliding a kernel over regions of the
input, an output feature map is created, consisting of values produced by the convolution
operation between the kernel and the input regions. Figure 6 illustrates a convolution
operation between a single channel input and a8 kernel. The resulting output will
have a reduced height and width, which can be prevented by adding padding values to
the edges of the input, where the number of padding values to add depends on the kernel
shape. The output shape is also dependent on the stride with which one slides the kernel
over the input.

Let
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Figure 5: E ects of di erent kernel matrices when convolved with an image. From left to right:
the Gauss kernel used for blurring, Sobel X kernel highlighting horizontal edges, and
Sobel Y kernel highlighting vertical edges.

Wi, and Hj, be the width and height of the input

W,y and Ho; be the width and height of the output

Ky and Ky be the width and height of a kernel

S be the stride

P be the padding

F be the number of Kernels used

The output shape of a convolutional layer can be calculated as

Win Ky +2P

Wou = —"—2" +1 (12)
Hin Kp+2P

How = —"—g +1 (13)

The output channelsC,; will be equal to the number of Iters F applied in the
convolutional layer. Therefore, the nal output shape will be Hqy; Wout; Cout). BY
stacking multiple convolutional layers in a CNN, the region of in uence from the original
input that a ects the neuron activations in subsequent layers increases. This region of
in uence is called the receptive eld. The size of the receptive eld at a given convolutional
layer is a useful metric for determining how much of the input is contributing to the

12
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Figure 6: lllustration of the convolution operation. By sliding kernel K over the input | and
performing a convolution operation at every position, output feature mapO is
created. Adapted from [21].

feature maps produced by the layer. Research suggests, that thective receptive eld
di ers from the theoretical receptive eld, with central pixels contributing more to a
neurons activation in later layers than pixels from the input perimeter [20]. The receptive
eld R, at layer n is calculated as

N 1
Rhn= Ry 1+(K, 1) S (14)
i=1
where R, ; is the receptive eld of the previous layer K, is the kernel size of the
current layer and S; is the stride of thei  th layer. The initial receptive eld Rq is 1,
since each pixel in the input image can be considered to be its own receptive eld. This
calculation does not account for dilated convolutions.

Pooling Layers In addition to convolutional layers, CNNs often incorporate pooling
layers. A pooling layer serves multiple purposes, with the two main goals being dimen-
sionality reduction and feature abstraction. In a pooling layer, a custom sized window
is being slid over each feature map, computing a single value at each position of the
window and producing an output feature map with reduced width and height dimensions.
The most commonly used operation in a pooling layer is max pooling, where only the
maximum value of the window at a certain location in the input feature map is preserved.
By reducing the shape of feature maps, pooling increases model e ciency, reducing the
number of parameters in subsequent layers and therefore enables deeper model architec-
tures. Each pooling layer also increases the receptive eld of the following layers without
adding extra model parameters. While max pooling layers lead to some information loss,
they reduce the impact of noise in the input and provide small amounts of translation
invariance by retaining only the highest values in a feature map and disregarding smaller
details.

Output Layer When designing CNNs for classi cation and regression tasks, a typical
architecture will stack multiple convolutional layers and pooling layers, followed by one or

13



more fully connected, also known as dense, hidden layers, and nish with a dense output
layer, where the number of output neurons depends on the number of predicted target
features. While the weights of all layers are adjusted during the optimization steps at
training time, one can regard the convolutional blocks as feature extractors and the dense
layers as performing a task-speci c integration of the extracted features. It is common
to use a squashing non-linear activation function in the output layer that transforms
the predicted targets to their expected value range. For multiclass classi cation tasks,
the number of output neurons typically corresponds to the number of possible target
classes and the softmax activation function is used to convert the vector of logits (raw
real numbers) into a probability distribution of normalized positive values that sum to
one. Each output can now be considered as the probability of the input belonging to the
class of the corresponding index. For binary classi cation, one can either use two output
neurons with a softmax activation or a single output neuron with the sigmoid activation.
For regression tasks, the number of output neurons typically corresponds to the number
of predicted targets and the activation function depends on the valid value range (e.qg.
hyperbolic tangent activation for targets in the range [ 1; 1]).

The softmax activation function is calculated as

e
softmax(z) = P—— (15)
j=1 &
for a real valued target vectorz = (z1;:::;z¢) 2 RX

2.3 Overview of Autoencoders

Autoencoders (AEs) are models capable of learning lower-dimensional data representations
in an unsupervised manner. A typical autoencoder consists of two distinct components,
an encoder, that compresses inputs into a lower dimensional latent representatiore,
and a decoder, which reconstructs the original inputs from the latent representations
as®. The autoencoder loss function quanti es the quality of the reconstruction and
during training, the gradients ow through both the decoder and encoder components
of the autoencoder. Autoencoders are commonly used for tasks such as compression,
denoising, feature extraction and as a backbone for classi cation or regression models.
Bourlard and Kamp were the rst to describe an autoencoder like neural network in
1988 [22] which they calledAutoAssociator” , and demonstrated that such a network
can be trained without using nonlinear activations to perform dimensionality reduction.
Baldi and Hornik made a connection between autoencoders and Principal Component
Analysis (PCA), showing in their work from 1989 [23] that autoencoders using simple
linear transformations without nonlinear activation functions and Squared Error loss
essentially perform PCA. Two years later, in 1991, Kramer expanded on the concept
and introduced nonlinear sigmoid activation functions in both the encoder and decoder
networks [24], thereby creating the rst iteration of what is now commonly referred to as
an autoencoder.

Conceptually, an autoencoder can be expressed as a sequence of two functions that
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Figure 7: A simpli ed autoencoder feedforward neural network. The encoder (blue) compresses
the input into a lower dimensional latent representation (middle). The decoder (red)
reconstructs the original input from the latent representation.

map a data point from the input space to a latent space and back:

X209

z=f(x)
R =9(z) = 9of (x))

wherex is the input, z is the compressed latent representatior® is the reconstructed
output, f(x) represents the encoder mapping to a latent representation andg(z)
represents the decoder mapping the latent representatianback to the input/output
space. In this thesis, we focus on autoencoders implemented as feedforward neural
networks. A simpli ed autoencoder architecture is depicted in Figure 7. By using
deeper neural networks with nonlinear activations, we can train autoencoders to learn
complex patterns and nonlinear dependencies in the input data to achieve a higher rate
of compression in the latent space.

Encoder The encoder model transforms inputs into latent representations. Since the
latent space is typically designed to have fewer dimensions than the input space, the
encoder learns to extract salient features and disregard redundant information in samples
from the input space. The number of hidden layers in the encoder and the dimensionality
of the latent space are important hyperparameters of the encoder model. After the full
autoencoder training is completed, the encoder component can be re-used and adapted
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as a feature extractor for tasks like classi cation, regression and clustering. While it
is possible to use the encoder directly for downstream tasks, it can be bene cial to
ne tune the weights of lower layers in the encoder on a task-speci ¢ dataset after the
autoencoder training has been completed. Since we want two downstream models to
share one autoencoder based feature extractor, we will not be ne-tuning any autoencoder
layers after the initial unsupervised training.

Latent Space Representation The latent space, also called the bottleneck or the code
layer, represents the compressed outputs generated by the encoder model. Encoded
data points are commonly called latent representations, latent variables or latent vectors.
Traditionally, the latent space is designed to have fewer dimensions than the task speci c
input space, however exceptions to this custom exist in the form of sparse autoencoders.
When the latent space has fewer dimensions than the input space, the corresponding
autoencoder model is said to beinder-complete In this work, we focus exclusively
on under-complete autoencoders. By constraining the latent space dimensionality, the
encoder model is incentivized to learn meaningful disentangled features and discouraged
to learn the trivial identity mapping between input space and latent space. The latent
space representations can also be used to e ectively visualize relations within a dataset,
for example by showing samples belonging to a distinct class being grouped closely in
the lower dimensional space [25].

Decoder The decoder model transforms latent representations back to data points in
the original input space, therefore expanding the dimensionality of compressed samples in
the case of under-complete autoencoders. The quality of the reconstruction is a common
criterion in autoencoder loss calculation, a ecting both the encoder and decoder model
weights. When the original input values come from a well-de ned range, e.g. pixel values
in the range of [Q1] for normalized images, then a squashing nonlinearity (e.g. sigmoid)
is often applied as the activation function in the last layer of a decoder. Vincent et al.
recommend refraining from using a squashing nonlinearity in the decoder when using the
MSE loss for reconstructing inputs under the Gaussian noise assumption [26].

2.3.1 Loss Function

The choice of loss function for an autoencoder model depends heavily on the type of data
used for training and inference. Since the loss is used to quantify the similarity between
the original input samplex fed to the encoder and the reconstructiost produced by the
decoder, it is colloquially referred to as the reconstruction loss. Let us brie y review
some of the most commonly used loss functions in autoencoder architectures that operate
on image inputs.

Mean Squared Error The MSE loss function is a common choice for regression tasks
involving real valued target vectors and pixel-based image data. If we assume that the
target valuesy are produced by some true function of the input (x) with added Gaussian
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noise with zero mean and constant variance, then minimizing the MSE maximizes the
likelihood.

% =f(x))+ ", where";, N (0; 2 (16)
. 1 1. .
logL(Bly; *)=nlog p——  S5livi Wi (17)
— 1X’] 2
Lwse = 0 i %) (18)

i=1

We can see that ignoring the constant terms that do not involve in Equation (17)
leads us to the MSE loss de ned in Equation (17). Here one can notice an important
characteristic of the MSE loss function when working with image data, namely that by
assuming a Gaussian target distribution for pixels, models tted with the MSE loss will
tend to produce blurry outputs by predicting pixel values close to the mean. We evaluate
if this e ect is observable when training on our dataset in the experimental section of
this thesis.

Binary Crossentropy The BCE loss function is typically used when working with
Bernoulli distributed data, i.e. target values that are either O or 1. However, we can
extend the use of the BCE loss to working with grayscale images where pixel values are
bounded to the range [01]. In this case, the pixel values can be regarded as intensities or
probabilities. The BCE performs Maximum Likelihood Estimation (MLE) for Bernoulli
distributed data:

logL(9jy) = ylog($) +(1 y)log(1 ¥) (19)

1 X
Lece = ~  Dilogh)+(1  yi)log(l %)l (20)

i=1

We shall investigate if the BCE loss produces notably di erent reconstructions compared
to the MSE in our experimental setup.

Structural Similarity Index  Structural Similarity Index Measure (SSIM) is a measure
that accounts for perceived similarities in luminance, contrast, and structure between
multiple regions of two images [27]. It is designed to better match human perception
by taking local structural information into account. In contrast to MSE and BCE, it
calculates local statistics within a sliding window and does not compare individual pixels.
As such, the SSIM is less susceptible to small changes in individual pixels and minor
translations and rotations, as long as they preserve structure. The SSIM between two
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regions of an imagex and y is computed as

(2 x y+C)(2 xy + C)
(+ +c)( i+ i+ )

SSIM(x;y) = (21)

where
denotes the pixel mean
2 denotes the variance
x denotes the covariance of andy
" L denotes the dynamic range of pixel values
" =(kilk)? ¢ = (kil)?
" ki =0:01 andk, = 0:03 per default

When using SSIM as a loss metric, we adjust the score such that a lower score represents
a better match.
Lssim =1 SSIM(X;y) (22)

The size of the sliding window is an important hyperparameter and depends on the
overall image size. Due to the sliding window and statistical calculations, SSIM is
more computationally expensive than the previously introduced loss functions. SSIM is
well suited as a loss function for grayscale images, and thus we evaluate its e cacy for
autoencoder training alongside MSE and BCE.

Focal Loss Focal Loss [28] is an extension of Crossentropy loss that can address class
imbalances via the parameter and give more weight to hard-to-classify samples via
the parameter. We use it as a loss function for the ball classi cation models, not as a
reconstruction loss in autoencoder training. It was originally proposed to improve the
training of one-shot object detector architectures and has been successfully used in soccer
ball patch detection by team B-Human with adjustments [29].

X
Lec (v;¥) = % [yi@ ) logh)+(@ )@ vy)glog@ W) (23)

i=1
Intersection over Union The Intersection over Union (loU) is a measure of overlap
between two bounding boxes or segmentation masks. It is commonly used as a metric for
object detection models, and when used as a loss function, one minimizeslbU. We
use this loss when training ball position regression models. The IoU calculates the area of
the intersection divided by the area of the union of the two regions. The loU ranges from
1 (perfect overlap) to 0 (no overlap). When the loU is zero, it becomes non-di erentiable
during model training, which can lead to unstable initial training periods. Therefore,
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an loU based loss often includes additions such as the distance between bounding box
centers. The vanilla loU loss is given by

jA\ Bj

(24)

Maximum Likelihood Estimation = The BCE and MSE loss functions we introduced
in Section 2.1 can be derived from MLE [30]. To nd the parameters of a model that
maximize the likelihood of observing training datax, we can minimize the negative
log-likelihood logp(xj ). The logarithm of the likelihood is used due to the convenience
of products becoming sums, as well as numerical stability when dealing with small
probabilities. Since the log-likelihood is monotonically related to likelihood, minimizing
the negative log-likelihood leads to a maximization of the likelihood. The maximum
likelihood estimate for the model parameters is given by

X
we =argmax  logp(xi; ) (25)
i=1
wheren is the number of training samplex and x; is the i-th training sample.

2.3.2 Convolutional Autoencoders

Convolutional Autoencoders (CAEs) extend the concept of autoencoders to the image
processing domain. By using a CNN based encoder, image-like inputs, i.e. tensors of
shape feight; width; channels), are compressed to a latent representation through a
series of convolutional layers. During training, the encoder learns a hierarchical set of
kernels, which extract the most salient features from inputs. The decoder, tasked with
reconstructing the original inputs from their latent representations, performs transposed
convolutions. In a typical CAE architecture, the encoder's layers generate feature maps
with progressively decreasing spatial dimensions and increasing channel depth, while the
decoder reverses this process, producing feature maps with expanding spatial dimensions
and reduced channel depth. If the encoder includes downsampling operations such as
strided convolutions or pooling layers, then the decoder can perform a corresponding
upsampling either through strided transposed convolutions or upsampling layers that
perform interpolative resizing.

It is important to note that both convolution and pooling operations performed in
the encoder cannot be truly inverted, only approximated, in the decoder, due to loss
of information in non-unique mappings. The transposed convolution is not the inverse
operation of a convolution, instead it attempts to reconstruct a plausible input that could
have led to the given output of a convolutional layer. It uses zero-padding at the input
borders and inserts zeroes between the elements of the input feature map, then performs
a convolution with learnable Iter weights. Masci et al. advocate for the usage of max
pooling layers in CAEs, showing that the learned Iter weights become more plausible
and generalized compared to models not using max pooling layers in their experiments
[31]. Figure 8 shows a simpli ed convolutional autoencoder architecture.
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Figure 8: Simpli ed architecture of a convolutional autoencoder. The encoder consists of a
convolutional layer and a pooling layer. A dense layer represents the latent space.
The decoder mirrors the encoder structure with an upsampling layer and a transposed
convolutional layer to reconstruct the input. Arrows indicate the ow of information
through the network.

A common application of CAEs is using the weights of a trained encoder as the initial
weights for a CNN with the same architecture [16][32][33].

In this work, we examine the convolutional autoencoder and variations of the convo-
lutional autoencoder architecture in more detail. Due to its ability to e ectively work
with image-based inputs, the model architecture is well suited for experimentation on
the unlabeled image data collected by the Berlin United RoboCup team.

2.3.3 Denoising Convolutional Autoencoders

The Denoising Convolutional Autoencoder (DCAE) is a simple, yet e ective extension of
the autoencoder architecture [26][33][34]. A denoising autoencoder is tasked with learning
to reconstruct a clean version of @orrupted input, which ideally results in a more robust
and generalized feature extraction performed by the encoder. Common forms of image
corruption techniques include:

"~ Additive Gaussian noise For each input samplex, add a noise vecton; N (0; 2)
drawn from a zero mean normal distribution

" Masking Noise For a fraction of the elements of an input sample, set the value
of the element to O

" Salt-and-Pepper Noise For a fraction of the elements of an input sampl&, randomly
set the value of the element to its minimum or maximum value

The Gaussian noise model is an intuitive choice when working with images recorded by
the Nao robot, since camera noise is typically modelled as additive Gaussian noise resulting
from thermal and electromagnetic radiation in the camera sensor and its surrounding
circuitry. Salt-and-Pepper noise can also occur in digital images, often stemming from
analog-to-digital conversion errors. Masking noise has been a staple in past work on
denoising autoencoders [26], partly due to its intuitive e ects during model training. By
setting some elements of the input samples to O, they are e ectiveigissing and the
model hast to infer the missing values based on surrounding features.

20



Figure 9: E ects of corruption techniques on an image. From left to right: uncorrupted
grayscale image, image with added Gaussian noise & 0:1), image with added
salt-and-pepper noise P (noise) = 0:1) and image with added masking noise
(P (noise) = 0:1).

Loss

Corrupt Encode Decode
X X¢ y R

Figure 10: Simpli ed graph representation of a Denoising Autoencoder architecture. The
network is tasked with reconstructing an uncorrupted sample& from a latent
representation z of a corrupted samplex.. The loss function compares the
reconstruction with the original, uncorrupted, input x.

2.3.4 Convolutional Variational Autoencoders

The Convolutional Variational Autoencoder (CVAE) is a generative model, extending
the concept of Convolutional Autoencoders to the probabilistic domain of variational
Bayes [35]. In contrast to the deterministic autoencoder, which will always map the
same input to the same latent representation, the CVAE instead encodes samples as
distributions in the latent space. The encoder performs the opposite operation, decoding
the original sample from the latent space according to a distribution. The distribution

is typically modeled to be a multivariate Gaussian to allow for the joint training of
encoder and decoder, enabling gradients to ow through both networks by employing
the reparametrization trick, which will be explained shortly.

The CVAE architecture necessitates the addition of a new term to the loss function,
which ensures the learned parameters of the latent distribution model the assumed prior
distribution [36]. By regularizing the latent space in this way, CVAEs learn to map similar
inputs to similar distributions in the latent space. Furthermore, a trained CVAE can be
used as a generative model to create novel and plausible image samples. Additionally,
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Figure 11: A simpli ed CVAE architecture. The strided convolutions (orange) in the encoder
increase the number of channels while down scaling the width and height in the
resulting feature maps. The latent representationz is sampled using the learned
mean and log variance weights, implemented as fully connected layers (magenta).
The decoder performs strided transposed convolutions, thereby increasing the width
and height and decreasing the number of channels in their resulting feature maps.
The reconstruction ® has the same dimensions as input. The height and depth of
the blocks in the gure represent the width and height of the feature maps they
output, while the width of the blocks represent the number of channels.

a trained CVAE can be used to cluster samples. Figure 11 depicts a simplied CVAE
architecture.

During CVAE training, we want to nd both good model parameters that maximize
the likelihood p(xj ), and the posterior distribution over latent variablesp(zjx; ).

Evidence Lower Bound When training a CVAE, we need to approximate the posterior
distribution over latent variables z given x, so MLE as desggribed in Section 2.3.1 alone
is not su cient. To nd the marginal likelihood p(xj ) = p (Xjz)p(z)dz, we need to
integrate over all possible values af, which is typically high dimensional and therefore
intractable. To make the marginal likelihood estimation feasible for training CVAEs, we
use the encoder model to approximate the true posterior distributiop (zjx) as q (zjx),
where are the trainable parameters of the encoder. Now we can de ne a lower bound
on the marginal likelihood, the Evidence Lower Bound (ELBO), to be optimized during
training:

log(p(xj )) = Eq (zix)[log(p(xj ))] (26)
log(p(xj ))  Eq (ziX)[log(p (x;2)) log(q (zjx))] (27)
ELBO (; )= Eq (z}x)[log(p (xj2)) + log(p(2)) log(q (zjx))] (28)
ELBO(; )= Eq (zX)[log(p (xj2))] KL (a (zjx)jip(2)) (29)
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From Equation (29), we can identify all relevant parts of the CVAE Neural Network
architecture:

" g (zjx) is the posterior, represented by the encoder model

~

p (Xjz) is the likelihood, represented by the decoder model
are the learnable encoder parameters
are the learnable decoder parameters

" Eq (zjX)[log(p (xjz))] is the expected log-likelihood of the data given the latent
variables, also called the reconstruction term

" KL (q (zjx)jjp(2)) is the Kullback-Leibler Divergence between the approximated
posterior and the prior of the latent variablesz

Based on the the ELBO we derive the loss function for model training as
Levae (X %;2) = Luse (X R) + KL (z;N (0; %) (30)

The Kullback-Leibler Divergence is a distance measure that quanti es the similarity of
two distributions. For the typical case of the prior distribution for z being the multivariate
Gaussian, the Kullback-Leibler Divergence can be computed in the loss function as

xXn
KL@zN)= 3~ (a+log(2) 3 &dti) (31)

The loss function matches nicely with the intuition we formulated for the CVAE, with
the encoder learning to compress the input samples into a meaningful latent representation,
which is now being regularized to follow a prior in the form of a Gaussian, and the decoder
learning to reconstruct the original input samples from the latent representation. In
practice, the KL loss term is often weighted by a factor to prevent the network from
mode seeking behavior or posterior collapse. Mode seeking behavior occurs when the
approximate posteriorg (zjx) concentrates on a single mode of the true posterig(zjx),
resulting in less diverse reconstructions and a suboptimal latent representation. Posterior
collapse describes a scenario in which the output of the decoder network becomes mostly
independent of the latent representatiorz and tends toward reconstructing basic patterns
that do not represent any individual sample fromx well. A posterior collapse occurs
when the in uence of input samplesx on the latent representationz becomes weak or
noisy, and the learned parameters and 2 tend towards constant values, regardless
of the input. Both phenomena can be combated by decreasing the contribution of the
KL term during model training, especially at the beginning of the optimization process.
When using the KL loss in conjunction with the MSE loss, which takes on rather low
error values, especially when the input data is scaled to a range between 0 and 1, it
is sensible to downscale the KL loss contributions by multiple factors of 10 to prevent
posterior collapse.
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Reparametrization Trick  If we de ne the latent space to ben-dimensional, the encoder
outputs two n-dimensional vectors, a mean vector and a log variance vector, which
parametrize the prior distribution. To get a singlen-dimensional vectorz that encodes a
data point x, we sample from the distribution using the reparametrization trick

z= o+ (32)

Where " is a random vector sampled from a standard normal distributiomN (O; 1),
denotes element-wise multiplication and is the element-wise square root of the variance.
The reparametrization trick allows gradients to ow through the entire model during
training, which makes it a necessity for gradient-based optimization techniques such as
backpropagation [37].

2.4 Ball Detection in RoboCup

Detecting a soccer ball and accurately estimating its position in the eld is an essential
task for soccer playing robots in the RoboCup SPL. By assessing how other successful
teams tackle this challenge, we can collect insights that inform the design choices of
our autoencoder architectures. Since all teams in the SPL work on the same Nao robot
platform and therefore face similar constraints on runtime and performance, we can
gather useful information on how to design, train and run models on the Nao e ciently.

B-Human The B-Human team from Bremen has a proven track record of successful
performance in the RoboCup and German Open soccer competitions, and with a recent
winning result in RoboCup 2024, inspires many other teams who use their code base
as a starting point for their development e orts. B-Human uses a CAE network that
encodes ball patch images and decodes a segmentation mask for the ball area in the
reconstruction [38]. This approach requires annotation of the autoencoder training data
for the ball class with ground truth segmentation masks. After training the autoencoder,
the decoder model is disregarded and the encoder forms the basis for a classi cation
and a ball center and radius regression model, both using the latent representations
produced by the encoder as inputs. For the upper Nao camera, they use a scanline based
hypothesis generation to identify potential ball patches by looking for ball sized, high
contrast areas surrounded by green pixels representing the soccer pitch. For the bottom
camera, they use a neural network inspired by the ResNet [18] architecture to generate
region proposals for potential ball patches. Patches that were classi ed to be soccer balls
are nally processed by a regression model that estimates the ball center and radius.
Here the latent representation produced by the encoder is reused as an input to the
regression model.

HTWK Leipzig Team HTWK Leipzig, the RoboCup 2024 vice champion team, uses a
two-step approach, identifying hypothesis regions for potential ball candidates which are
subsequently classi ed by a CNN [39]. To generate ball hypothesis for the upper camera,
they rst compute an integral image and then evaluate blocks of the estimated ball size
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at the current position. By comparing the blue-di erence channel values (Cb channel
in the YCbCr color space) inside and outside the proposed region, they nd patches
with high values for black and white pixels inside the region and green pixels outside
the region. The resulting candidate patches are classi ed by a small CNN with only two
convolutional layers. For the bottom camera, they use a downsampled 40x30 pixel version
of the YUV422 camera image to generate a single best candidate location coordinate
prediction using an InceptionV2 [40] inspired neural network, which is subsequently
classi ed by the aforementioned small CNN. In their report, the HTWK team does not
mention the use of a dedicated regression model that estimates the ball center and radius,
which suggests that they use the positional information of the hypothesis patches to
estimate the ball location.

HULKS The HULKS team from Hamburg implements an interesting version of the
two-step ball detection process. To generate ball hypothesis, they create grayscale patches
from an image grid, excluding all regions that have been determined to be eld lines or
soccer pitch by other modules [41]. The resulting candidates are processed by two distinct
CNNs, with the rst network being optimized for recall and rejecting clear negative
samples, and the second network being optimized for precision to accurately identify
samples from the positive ball class. If both networks predict a patch to belong to the
ball class, then a third regression model is used to estimate the ball center and radius.
In contrast to the B-Human approach, no intermediate features are reused between the
networks.

Nao Devils The Dortmund Nao Devils Team developed a CNN architecture optimized
for inference speed on the Nao robot platform, by combining depthwise separable con-
volutions with the concept of early exiting [42]. The early exit approach enables the
network to reject many samples after the rst convolutional block, thereby skipping all
subsequent calculations in the following layers. They also speci cally choose network
parameters like the number of Iters in each convolutional layer to take advantage of
the available Single Instruction Multiple Data (SIMD) instructions of the Nao robot's
Central Processing Unit (CPU). The Nao Devils use a scanline based approach similar
to B-Human for ball candidate hypothesis generation on both cameras.

Berlin United The Humboldt University Berlin United Team uses the same broad

two-step approach employed by the previously mentioned teams. We use a heuristic to
nd promising ball candidate patches based on the estimated ball size and brightness
variations in the parts of the camera image we previously determined to be inside the
soccer pitch [3]. We know that all soccer balls are black and white and are of a xed size,
S0 we can use the robot's camera matrix to estimate the size of a soccer ball at any given
point in the image. To narrow down the possible candidates, we evaluate square bounding
box patches with a side length of the estimated ball radius and compute a di erence in

brightness of pixels inside the estimated ball area and pixels outside the estimated ball
area (using the Y-channel of the YUV candidate patch). We expect actual ball patches
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to have a higher average pixel brightness inside the ball area than outside of it. We then
nd the candidate patch with the maximum brightness di erence in its neighborhood,
discarding overlapping patches with a lower score. Figure 12 shows a recorded game log
being replayed in ourRobotControl debug software, with ball patch candidates overlaid as
colored rectangles. The resulting ball candidate patches are classi ed by a CNN classi er.

Figure 12: Visualization of ball hypothesis generation during gameplay. The image shows a
recorded image log from the top camera being replayed in the RobotControl debug
software, with ball candidates overlaid as yellow rectangles.

Until the German Open Event in April 2024, we used a single CNN model to predict
the ball class con dence and the estimated ball center and radius in one forward pass.
Since April, we have used a dedicated CNN to classify ball candidate patches and a second
CNN to estimate the ball center and radius for patches that have been classi ed as a ball.
In this work, we examine the e cacy of using an autoencoder to extract features that
can be shared by a dedicated classi cation network and a position estimation regression
network.
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3 Experiments

The experiments presented in this section systematically evaluate and optimize the design
aspects of autoencoders and work toward an optimized autoencoder based feature extrac-
tion architecture for soccer ball detection and localization in RoboCup Soccer. Our goal
is to develop an autoencoder-based approach that can e ciently and accurately process
ball candidate patches in the resource-constrained environment of the Nao humanoid
robot. We conduct experiments at three levels of increasing speci city. We begin by
examining the fundamental building blocks of convolutional autoencoders in Section 3.5,
including loss functions, latent space dimensionality, pooling and downsampling strate-
gies, upsampling techniques, batch normalization, and regularization methods. These
experiments provide insights into the most e ective basic components for our speci c task
of encoding low-resolution grayscale ball candidate patches. Building on the insights we
gained, we compare di erent autoencoder architectures, including standard Convolutional
Autoencoders, Denoising Convolutional Autoencoders and Convolutional Variational
Autoencoders in Section 3.6. This comparison is intended to identify the most suitable
overall architecture for our ball detection task. Finally, we evaluate the best-performing
autoencoder architectures by using them as feature extractors for downstream tasks.
Speci cally, we assess their e ectiveness in ball patch classi cation in Section 3.7 and
ball position estimation within patches in Section 3.8. The following sections detail our
experimental setup, data acquisition and evaluation methodology, before moving on to
the speci c experiments and their results.

3.1 Methodology

This section outlines the general approach and procedures used across all experiments
in this chapter. We employed a systematic approach to evaluate various aspects of

autoencoder design and architecture for the speci c task of using autoencoders as feature
extractors for soccer ball detection and localization in RoboCup Soccer.

Data Collection and Preprocessing We use log data collected from Nao robots during
RoboCup matches and practice sessions. An existing data processing pipeline was
extended and used to generate ball candidate patches from raw images. All patches
underwent consistent preprocessing, including grayscale conversion, resizing to a width
and height of 16816 pixels, pixel value scaling, and samplewise brightness normalization.
The data acquisition process and preprocessing steps are explained in more detail in
Section 3.2.2.

Experimental Design We conduct a series of experiments at three levels of increasing
speci city:

1. Evaluation of fundamental autoencoder components (loss functions, latent space

dimensionality, downsampling and upsampling techniques, batch normalization and
regularization)
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2. Comparison of di erent autoencoder architectures (CAE, DCAE, CVAE and De-
noising Convolutional Variational Autoencoder (DCVAE))

3. Assessment of practical utility of trained autoencoders as feature extractors for ball
classi cation and position estimation models

When evaluating the autoencoder components in the rst series of experiments, we
use a baseline autoencoder architecture that remains xed across all experiments, except
for one design aspect that is subject to change according to each experiment.

For experiments at levels one and two, we use a subset of all available image data
composed of a total of 10 games and practice sessions. Statistics are computed frad100
cross-validation trials, as described in Section 3.3. The most promising architectures
emerging from the second round of experiments are trained on a complete dataset of
available image patches. In the nal set of experiments, we create novel datasets for
classi cation and ball position estimation. The datasets are described in greater detail in
Section 3.2.2.

Model Training All models are implemented using the Tensor ow/Keras [43] machine
learning framework. All autoencoder models are implemented as custdteras model
classes. By default, we use the Adam [44] optimizer with a learning rate of 0.0005
and a batch size of 32 samples per batch. Training data is split into training and
validation subsets, with 85% of data used for training and 15% used for validation. Early
stopping is employed to prevent over tting by monitoring the validation loss [45]. The
learning rate is reduced dynamically by monitoring plateaus in the training loss. The loss
function, number of training epochs, and patience hyperparameter for early stopping and
learning rate reduction are based on the experiment and dataset used and are provided
where applicable. Training metrics and artifacts are logged to aMLFlow metrics and
operations server instance running in the Berlin United Kubernetes cluster for posterity.
This enables us to reconstruct and analyze past experiments and store trained model
instances for posterity.

Evaluation Metrics To evaluate autoencoder reconstruction ability, we primarily use
the Mean Squared Error (MSE), but other loss functions are evaluated as well, which
will be indicated in the description of the corresponding experiments.

For binary classi cation tasks, we focus on metrics related to the positive class, in our
case the soccer ball, since it is one of the most important objects to detect in robotic
soccer. The following metrics are calculated and compared across classi ers:

- (i = _ TP
Precision = TP+FP

- _ TP
Recall = 57y

N — Precision Recall
F1-Score =2 Precision+Recall
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Where TP are true positive predictions, FP are false positives, FN are false negatives
and TN are true negatives. For the binary ball classi cation task, we design all models
to use two output neurons with a softmax activation function. This allows us to easily
adapt our experiments for multi-class tasks in future research. After model training is
completed, we can adjust the thresholds that a prediction score needs to exceed in order
to classify an instance as positive. This allows us to ne-tune the model's performance
and balance between precision and recall.

Computational Resources Experiments were conducted on the Humboldt Universities
compute resources, using servers with two Xeon 6254 or two Xeon 6354 CPUs with 72
hardware threads each and clock speeds of 3,1GHz and 3,6 GHz respectively. Additionally,
we used an Nvidia RTX A4000 Graphics Processing Unit (GPU) with 16 GB GDDR6
memory from the Berlin United team to run containerized workloads. By balancing
training workloads across multiple host machines and employing parallelization techniques,
we were able to run cross-validated experiments involving multiple candidate architectures
within the span of one and three days, depending on the dataset and number of epochs
of training per cross-validation fold.

3.2 Data Acquisition

During gameplay, every active robot collects log les, which are retrieved and stored after
the match or experiment has ended. Our robots record three distinct log les, a game
log containing game state, robot state and behavior information, a sensor log containing
recorded sensor values and an image log containing a subset of the raw YUV422 images
recorded by the top and bottom cameras. At the time of writing, we log images every two
seconds. Currently, a JPEG based asynchronous logger with greater temporal resolution
is being developed. We store the unmodi ed log data and make it available for research
and development by other RoboCup teams and researchers at the Berlin United team
homepage. After the log data of an event or experiment has been collected, we use a data
processing pipeline developed by Schlotter [46] to enrich, examine and annotate the data
for analysis and use in model training. As part of this work, we made several contributions
to the existing data processing suite, as well as developing novel tools, which we describe
in more detail in Section 3.4. As part of an ongoing data labeling e ort, we use the
annotation software toolLabelStudioto enhance image data extracted from game logs
by adding bounding box annotation for the object classdsall, robot and penalty mark
While the stored image data and annotations from thé&.abelStudioannotation tool can

be used for a multitude of di erent tasks, we focus on the generation of ball candidate
patches to be used for autoencoder training. Figure 13 shows a simpli ed schematic of
the processing pipeline. The data processing pipeline for ball patch generation can be
broken down into four steps:

1. Combine game log and image log. Enrich the raw images with additional information
such as the camera matrix data, camera ID and log le name.
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2. Store metadata in a database and images in object storage. Enable easy ltering
and composition when creating datasets. Images are transformed from YUV422
to RGB and stored as PNG les for easy storage and viewing. Metadata such as
camera matrix information is saved in the PNG le header.

3. Annotate images in Label Studio. Uses a pretrained YOLOvV8[47] model to add
bounding box information for robots, penalty marks and soccer balls to be veri ed
and adjusted manually.

4. Generate ball candidate patches. Run the ball hypothesis algorithm on the stored
images (converted back to the YUV color space), optionally using the annotation
information from the Label Studiosoftware tool to add additional information to
the generated patches stored in the le header.

While it is possible to use the annotation information from the labeling tool to add
class labels to the generated ball candidate patches, manual annotation and veri cation
is not needed for autoencoder training, where the image patches themselves are the only
data required to train a model. For classi cation and ball position estimation tasks, we
use the annotated bounding box information both to determine the class of a patch (ball
or not a ball) and to infer the ball center coordinates and radii of positive samples.

3.2.1 Data Preprocessing

We perform simple data preprocessing on all image patch data before model training. The
preprocessing includes resizing to a common patch size, scaling the pixel values to a range
suited for gradient-based optimization, as well as samplewise brightness normalization
and ensuring the usage of consistent data types. The following preprocessing steps are
performed on all images in the experiments described in this chapter:

A

Ensure we are working with grayscale images, speci cally the Y-Channel of the
original YUV color space image. This step is performed once when generating the
ball patch candidates.

Resize the patch to shap€16, 16, 1). During a game, the patches used for ball
detection are resized by subsampling the full image. Since the generated ball
patch candidates vary in size, we resize all patches to a common shape using
nearest neighbor interpolation. This is also performed during ball patch candidate
generation.

Scale the pixel values in the patch from range [@55] to range [01] for numerical
stability at the optimization step during model training.

Perform a samplewise brightness normalization by subtracting the total mean
brightness value from each individual pixel of a given image patch. This e ectively
zero centers the dataset and helps convergence during optimization. Preliminary
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Figure 13: Simpli ed schematic of the Berlin United data processing pipeline for ball candidate
patch generation. Log data from a single robot is combined, the metadata is stored
in a database, and images are persisted in object storage. The annotation tool Label
Studio is used to add automated bounding box predictions for the classes robot,
penalty mark and ball, which can be adjusted and veri ed manually. Ball candidate
patches can be generated by running the ball hypothesis generation algorithm on the
stored images. Optionally, the bounding box annotation data can be incorporated
during ball patch generation.

work on the ball classi cation CNN networks has shown that brightness normaliza-
tion increases model performance in every case, regardless of model architecture.
This step can be performed e ciently on the robot at inference time, and by using

a samplewise normalization instead of computing the mean of the entire dataset, we
do not have to track and implement this statistic when deploying di erent models

on the robot.

Explicitly set the data type to a 32-bit oating point (using the machine learning
library Tensor ow used for model training) to ensure we use consistent data
representations during training and inference.

It is important to apply the same preprocessing transformations during inference to
obtain accurate results. Both rescaling and patchwise brightness normalization can be
performed easily when constructing the input tensors on the robot. Based on the ndings
in [46], which suggest that using bigger patches and additional color channels do not
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Figure 14: A random selection of 25 ball candidate image patches used for unsupervised
autoencoder training. Image patches have a width and height of 16 pixels and one
luminance channel (grayscale).

increase the performance of our ball classi er model, we consider only grayscale patches
with a width and height of 16 pixels to avoid a combinatorial explosion of possible model
architecture and dataset pairings.

3.2.2 Datasets

Using the data processing pipeline described in Section 3.2, we can easily create datasets
for autoencoder training based on the log data collected by the Berlin United team
thus far. In Section 3.5 we examine various components of autoencoders and their
e ectiveness in our problem domain. Thus, we require a representative sample over
various events, lighting conditions and camera calibration settings to make meaningful
comparisons. In Section 3.6 we train the most promising candidate architectures for later
use as feature extractors and therefore should use all the available data. When training
models for ball classi cation and ball position estimation, we require labeled datasets
and therefore manual annotation e ort. Figure 14 shows a small representative sample
of the candidate patches we use in model training. We consciously refrain from using
any historic handcrafted datasets that include image patches recorded by Nao robots
version 5, which are not in use in the Berlin United team any longer.

Dataset for Autoencoder Architecture Comparison  The dataset for autoencoder
architecture comparison consists of ten distinct game halves and experiments collected
between the years 2024 and 2021. All data comes from Nao version 6 robots, the most
recent iteration of Nao robots available and currently playing in our team. It features
images from various venues with distinct lighting conditions and camera calibrations. This
dataset is used to compare di erent autoencoder architecture con gurations using @@0
cross-validation, meaning we perform ten rounds of 10-fold cross-validation, where in each
fold we train with a di erent combination of nine of the available events and evaluate on
the remaining subset. By grouping the available data by event instead of combining all
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Event Date Home Team | Opponent Samples
Lab Test 17.05.2024 Berlin United | Berlin United 6,748
Lab Test 10.05.2024} Berlin United | Berlin United 5,871
German Open 19.04.2024) Berlin United | Dutch Nao Team 7,085
German Open 19.04.2024 Berlin United | Bembelbots 9,603
German Open 18.04.2024| Berlin United | HTWK 9,358
RoHow 03.12.2023 Berlin United | Unknown 9,681
CCC Camp 17.08.2023 Berlin United | Berlin United 8,308
German Open Remote 09.05.2021 Berlin United | NaoDevils 2,519
German Open Remote 08.05.2021 Berlin United | Bembelbots 1,650
German Open Remotg 08.05.2021 Berlin United | R-ZWEI-KICKERS 2,520

Total Samples| 63,343

Table 1: Dataset for autoencoder architecture selection comprised of 10 distinct events with
sample counts. Rows where both home team and opponent are denoted as Berlin
United indicate test games where our robots play against themselves or an empty eld.

data and taking random splits, we get a better estimate of model performance on unseen
data, since none of the patches used in training, or similar variations thereof, are used in
the evaluation step. Table 1 depicts the events comprising the dataset and the number
of individual and total samples.

Dataset for Autoencoder Training  We prepare a dataset for full autoencoder training
that contains all the image data from Nao v6 logs available at the time of writing. Again,
we use the game, experiment, or training session name to group all images from an
event so we can perform a leave-k-out cross-validation scheme to better estimate the
expected reconstruction performance on unseen data. To increase the number of samples
during model training, we apply one of ve possible image augmentations with a 50%
chance. The possible augmentations are a horizontal ip, a vertical ip and a clockwise
rotation by 90, 180 or 270. Augmentations are applied to the images in a batch
dynamically, meaning that over the course of multiple epochs, we present the model both
with unaltered samples and with di erent augmentations of each sample. Augmentations
related to image corruption are discussed in Section 3.6 because we only apply those
when working with denoising model architectures. The full dataset consists of 33 distinct
events totaling 207,014 samples (not factoring in augmentations).

Dataset for Ball Patch Classi cation = We use a subset of all available data for ball
patch classi cation, relying on the annotation information added through theLabelStudio
labeling tool. In previous experiments, we only considered bounding box annotations that
had been manually veri ed and corrected by members of the Berlin United team from
within the LabelStudiosoftware. To increase the number of positive samples from the
ball class we can use to train classi cation models, we ran the YOLOvV8 object detector
on all image logs before exporting ball candidate patches and considered all patches that
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