
Logos are powerful brand symbols,
instantly recognizable to consumers.
However, accurately identifying logos in
real-world situations, like videos of
products moving in a store, presents a
significant challenge. Existing logo
recognition systems struggle when logos
are distorted, such as when seen from an
angle or partially obscured. Furthermore,
high-quality, annotated data for logo
recognition is often scarce, particularly for
niche markets or specific regions like the
Netherlands. This research aims to
improve logo recognition by enhancing
convolutional neural networks (CNNs). The
approach involves incorporating
mathematical equations into the CNN
architecture to better understand and
account for visual distortions in moving
imagery. The research aims to find a
solution to the question of:” How can a
convolutional neural network architecture
be expanded with mathematical equations
in order to detect visual distortion in
moving imagery in order to increase the
functionality and explainability of the
architecture?” By tracking how visual
elements, including logos, are distorted in
a 3D environment, we can create a more
robust and explainable CNN model for
accurate logo recognition, even in
challenging real-world scenarios. 

Tracking objects over time is difficult.
Multiple object tracking (MOT) involves
tracking multiple objects simultaneously in
a video. This is difficult because objects
often overlap, disappear and reappear
from view, or change their appearance. The
problem is exacerbated when many
objects are in view at once. Thus, we need
more robust methods that can track
objects over time, even when they are
partially or fully obscured [2][3]. Deep
learning is computationally and time-
consuming. Traditional deep learning
models often require huge amounts of
data, computational power (such as
dedicated graphics cards or GPUs), and
long training times. This makes it difficult
to use these models in real-world devices
or situations where fast responses are
required. Thus, there is a need for more
efficient methods that require fewer
resources and train faster [4][5]. Logo
recognition in documents is difficult due to
poor quality scans and photos, obscured or
distorted logos. 

and poor logo segmentation (cutting out
the logo from the background). Methods
that work well on perfect photos do not
work well in these cases. Identifying logos
is not simply a matter of “finding a shape,”
especially when that shape is distorted or
blurred. Developing techniques that can
withstand this challenge is crucial[1].

The research will be carried out in 10
weeks and will begin by thoroughly
examining the current convolutional neural
network (CNN) architecture used for logo
recognition. This investigation will focus on
understanding how the network currently
processes visual information and
identifying its limitations, particularly in
handling distorted logos. Based on the
analysis performed, a set of mathematical
formulas will developed that can
accurately model and predict the effects of
various distortions on visual elements
within an image. These formulas will
consider factors such as perspective shifts,
rotations, and occlusions. The research will
then integrate these mathematical
formulas into the existing CNN
architecture. This expansion will allow the
network to not only recognize logos but
also understand and compensate for the
effects of distortions, improving its
accuracy and robustness. Finally, the
research will rigorously test the enhanced
network. The research will evaluate its
performance in terms of accuracy, speed,
and robustness. Furthermore, this research
will investigate methods to make the
network's decision-making process more
transparent and understandable,
enhancing its explainability and building
trust in its results.

Logos are powerful brand symbols,
instantly recognizable to consumers.
However, accurately identifying logos in
real-world situations, like videos of
products moving in a store, presents a
significant challenge. But tracking objects
over time is difficult. Multiple object
tracking (MOT) is about tracking multiple
objects simultaneously in a video. This is
difficult because objects often overlap,
disappear and reappear, or become
distorted. This research aims to improve
the general architecture of the CNN, its
explainability and the amount of training
data required to train CNNs. The research
will be carried out over ten weeks.
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This research can lead to improved CNN
architectures, such as those with more
efficient convolutional layers or novel
attention mechanisms, can lead to
significant gains in accuracy, speed, and
resource efficiency across various
applications. This includes advancements
in image recognition, object detection,
medical imaging analysis, and natural
language processing. Furthermore this
research can lead to better explainability of
CNNs which is crucial for building trust in
AI systems. Techniques like visualizing
feature maps, generating attention
heatmaps,
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and developing simpler, more
interpretable architectures will allow for
greater understanding of how CNNs
make decisions, leading to more reliable
and trustworthy AI systems.t
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