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Abstract

E cient and reliable object detection is the foundation of automatic
video broadcasting for sports events. In this project, we together with Spi-
ideo investigate the ability of an object detection CNN model to extract the
positions of the players and game objects. We use the Transfer Learning
approach taking a pre-trained scaled-YOLOv4 model and t it to make pre-
dictions on Spiideo’s multi-sport data in real-time. Our results show that
scaled-YOLOv4 was able to generalize the concept of a game object across 5
sports (football, basketball, handball, hockey, and eld hockey). The model
scored the average precision of 0.8266 and recall of 0.4432 for the Game
object class across all sports. Besides, we found out that adding data from
di erent sports improves the performance of the model for a single sport.
Adding multi-sport data improved the performance of a baseline football
model by 76% in precision and by 15% in recall for game object detection
on the same dataset. Moreover, the model became more robust to variations
and changes in surroundings. Our system is able to generate predictions for
the new sports that were not included in the training and were never exposed
to the model. We conclude our research with a re ection on the results and
an outline of possible future research.

1 Introduction

Automation is one of the main trends in the current world. One can find instances
of automation in many different domains (e.g. Machine Translation, Self-Driving
cars, Conversational Agents, etc.).

Usually, the reason why businesses are turning to automation because of the
ratio between the resources spent and the results that automated production can
generate [13].

Efficiency can be viewed as the amount of resources spent over the results ratio.
Therefore, by introducing automation the company can produce products while
spending fewer resources than with manual work. And with a current state-of-the-
art, the results of automated systems can reach human-like quality or sometimes
even outperform people.

Another reason why more and more ventures tend to automatize their product
is scalability. A fast-growing business can face a problem where the demand for
the product exceeds the supply. At that point, the company will need to introduce
more people to its operation to keep up with the pace of the demand. Growing
companies face the issue that it takes time and effort to teach recruits the product
and company processes. Automation helps to reduce that problem. It is much
easier to scale up the algorithm compared to human production, and that process
requires fewer resources and is more cost-efficient. Besides, in a global economy,



automation allows companies to do business all over the world, while keeping the
production in one city.

Moreover, automation allows companies to offer the product at a lower price[34],
creating an economy, where more people from different areas can afford to receive
and enjoy the product.

Taking into account the advantages described above, it is not a surprise that
the field of sports tech also turned its attention to automation.

Spiided| - one of the leading companies in the field of sports technology — pro-
vides its customers with easy-to-use automated sports video recording and stream-
ing solutions. The product that Spiideo provides, allows clubs to broadcast their
games to fans and simplifies the process of sports analytics for the coaching staff.
The key advantage of Spiideo is the complete automation of filming. The set-up
is very simple; a camera system is installed in the arena covering the playing area.
Then the panoramic footage is stitched from the source feed (see Figure[I)). The
broadcast is generated with the Autofollow feature, which follows the game and
selects the most optimal zoom and crop parameters with regards to the current
situation on the field. After camera installation and calibration of the scene, the
human is no longer part of the process, which makes Spiideo production very
versatile and cost-effective.

Another advantage of Spiideo system comes from the fact that it is 100%
cloud-based. A lot of competitors use local servers at the scene with a camera,
which gives them a latency advantage. However, running operations in the cloud
enables a more flexible system for updates and maintenance. For example, to
release an update a competitor with the local server set-up would have to update
the software on every camera. While Spiideo can just release a new version in
the cloud, updating all the scenes at once. And with the evolution of streaming
technologies and internet speed, cloud-based operation constantly reduces latency
time, making this approach the optimal solution for production. The present work
was completed in collaboration with Spiideo.

In this work, we focus on the problem of object detection. The Autofollow
feature which is an essential part of the Spiideo production relies on extracting
players and game object position from the raw footage. Current state-of-the-art
developments in computer vision make it possible to use Deep Learning techniques
to bring the best performance while keeping the production expenses low. The sys-
tem that we develop in this project will serve as the feature extraction mechanism
for the new generation of Autofollow, which will use the deep learning approach
for the automatic broadcast. This will allow the system to be more efficient, show
better performance and reduce the latency of broadcast.

Ihttps://ww.spiideo.com/
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