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ABSTRACT

FIDUCIAL MARKER DETECTION AND IDENTIFICATION FOR
INDIVIDUAL HONEY BEE TRACKING USING CASCADED DEEP
LEARNING MODELS

Kara, Mustafa Yavuz

M.S., Department of Computer Engineering

Supervisor: Assoc. Prof. Dr. Hande Alemdar

December 2024, 62 pages

Performant and efficient detection and decoding of visual fiducial markers is an im-
portant task for tracking unique objects over long periods of time. These markers are
often utilised by biologists to enable long-term analysis of their honey bee experiment
hives and setups. Having a highly precise and time-efficient method for this task is
especially important in context of automated monitoring, data recording and analysis
of scientific experiments. In this thesis we propose a performant, efficient and flexible
method of detecting and decoding fiducial markers in images and video frames. This
method is structured as a two-stage marker detection and decoding pipeline made up
of independent deep learning models that can be trained separately. We also describe
and analyse a method for generating highly effective training datasets of varying size
using a small set of source object and background images. Finally we demonstrate
the effectiveness of our methods for fiducial detection and decoding tasks using real

biological experiment data on Apis mellifera tagged with visual fiducial markers.

Keywords: Visual recognition, Object detection, Data generation, Visual fiducial



marker, Bee tracking
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0z

ARDISIK DERIN OGRENME MODELLERI KULLANARAK BIREYSEL
ARI TAKIBI iCIN GUVENILIR ISARETCI TESPITI VE COZUMLENMES]

Kara, Mustafa Yavuz
Yiiksek Lisans, Bilgisayar Miihendisligi Boliimii
Tez Yoneticisi: Do¢. Dr. Hande Alemdar

Aralik 2024 , 62 sayfa

Gorsel referans isaretcilerinin yiiksek basarimli ve verimli sekilde tespit edilip ¢o-
ziimlenmesi, nesnelerin kendi kimlikleri ile birlikte takip edilmesinde onemli bir ge-
reksinimdir. Bu isaret¢iler biyologlar tarafindan deney kovanlar1 ve diizeneklerinin
uzun siireli otomatik analizinde kulllanilmaktadir. Bu konuda yiiksek kesinlikte so-
nuglar saglayan ve zaman acisindan verimli yontemlerin gelistirilmesi, 6zellikle bi-
limsel deneylerde otomatik olarak gozlem, veri kaydi ve analiz yapilabilmesi agisin-
dan biiyiik 6nem arzetmektedir. Bu tezde gorsel isaretcilerin tespiti ve ¢dziimlenmesi
icin yiiksek basarimli, verimli ve esnek bir yontem onerilmektedir. Bu model iki asa-
mal1 bir isaret¢i tespit ve ¢oziimleme sistemi olarak yapilandirilmis olup, her asa-
manin ana elemant sistemin kalanindan bagimsiz olan ve ayri olarak egitlebilen bir
derin 6grenme modeli barindirmaktadir. Ayni zamanda bu derin 6grenme modelleri-
nin 6grenmelerini lizerinde etkin olarak gerceklestirebilecekleri, insanlar tarafindan
isaretlenmeye gerek duymadan kiigiik bir arka plan goriintii setinden ve isaretcilerden
farkl biiyiikliiklerde veri setlerinin olusturulmasi igin bir yontem de belirtilmigtir. Son

olarak bu tezde anlatilan isaret¢i tespit ve ¢oziimleme yOntemlerinin ve olusturulan

vii



egitim veri setlerinin etkinligi, iki boyutlu gorsel isaretleme ve kimlik takip etme isa-
retcilerinin kullanilmis oldugu Apis mellifera (bal aris1) gercek biyoloji deneylerinden

alinan veriler iizerinde gosterilmistir.

Anahtar Kelimeler: Gorsel tanima, Nesne tespiti, Veri olusturma, Gorsel referans isa-

retcisi, Ar takibi
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CHAPTER 1

INTRODUCTION

1.1 Motivation

Insect species play a crucial role in almost all ecosystems on Earth, due to the roles
they play in recycling nutrients, maintaining soil health and pollinating various plant
species [1]. As a result, studying and monitoring these insects, both in their natural
habitats and in controlled experiment environments, is an area that attracts continuous
interest [2]. Honey bees are considered especially important for pollination, given that
they pollinate many common food crops in agriculture, as well as some wild flower
species [3]. This leads various bee species, both social and solitary, to be the focal
point of many studies concerning insects and their role in wider ecosystems of the

world.

Experimental setups for honey bees mostly require a human supervisor to continu-
ously monitor the experiment and record any notable occurrence, as defined by the
parameters of the experiment. While experiments monitored in this way are a main-
stay in life sciences, the requirement for a human to watch the experiment, whether
during the experiment of through a recording, can be a bottleneck for performing
and analysing experiments. There exists some systems for automated monitoring and
analysis of certain biological experiments on bees, but they often need specialised

hardware that is costly to acquire and narrowly task-specific.

More recent approaches based on applying computer vision methods on experiment
recordings has seen some success, especially ones that utilise deep learning models
for detecting honey bees in images and videos [4]. Some of these methods can detect

the presence and location of bees accurately, however, they cannot identify individual



(a) Honey bee has been tagged with a BEEtag

marker by a biologist for an experiment

(b) Honey bee in an experiment mechanism, just before the experiment

begins

Figure 1.1: Close-up images of honey bees getting tagged with markers before an

experiment



honey bees. This necessitates tracking bees across all frames of a video in order to be
able to propagate their identities, and even then any non-trivial breaks in the tracking
means the identity of the bee must be reassigned, which makes using tracking to

assign identities to bees a fragile method.

The most prominent method for assigning persistent identities to bees in biology liter-
ature is the use of visual fiducial markers. These markers are attached to the bees via a
biologically suitable adhesive and are then decoded by computer vision systems from
captured images and videos in order to determine the location and identities of indi-
vidual bees. Figure 1.1 shows bees that has been marked with BEETags [5], which is
a visual fiducial marker designed for use in behavioural ecology studies. These mark-
ers are traditionally detected and decoded using image processing methods, which
are very sensitive to minor changes in the environment conditions, requiring lots of

manual tuning and re-tuning to keep working under different conditions.

After the success that deep learning models have achieved in the field of computer
vision, there have been efforts to apply the methods of deep learning to the detection
and identification of visual fiducial markers. However, these methods often require
large amounts of manually annotated training data in order to achieve high perfor-
mance. Manual annotation of training data is often the rate-limiting step in training

deep learning models specialised to the task at hand.

The main motivation of this thesis is to propose and analyse new methods for build-
ing visual fiducial marker detection models that can be utilised to build models of
equivalent or superior performance, while requiring less or no more annotated data
than other comparable models. To achieve this, we propose a multi stage pipeline for
detecting and identifying visual fiducial markers. We also address the training data
need for the models constituting our pipeline by proposing a data generation method
that can create marker detection scenes as well as classification image samples. We
generate this training data using only the original marker images and a small number

of background images.



1.2 Problem Definition

The main problem that we attempt to tackle with the methods proposed in this thesis
is detecting and identifying visual fiducial markers that are attached to honey bees.
Biology experiment setups and beehives, which have been fitted with cameras and
suitable lighting for monitoring, are our primary target environments. We aim to
enable automated monitoring and analysis of both commercial hives used for honey

production and smaller experimental setups used for hypothesis testing by biologists.

We present the problem definition for our thesis in two parts. The first part of our
problem is the generation of artificial datasets suitable for training object detection
and classification models. The second part of our problem is simply the detection and
identification of visual fiducial markers. More formally, we define our problem in the
standard object detection in supervised learning setting, in which there is a labelled

dataset {(x1, 1), (x2,y2)...(zN,yn) } of N examples, where:

e 1; € X are sample images
e y; € Y are sets of object detections with the following components:

— A quadruple (x, y, w, h) describing the location and dimensions of a bound-
ing box

— A class label ¢

— A confidence score p for the detection

and the goal is to find the parameters of a mapping function fy : X — Y such that a

predetermined loss function £(y;, y;) is minimised, which can be formulated as:

N
0" arg;nin;afe(xi),yi) (1.1)

where the loss function £ is minimised when the object prediction fy(z;) = y; and

the true object description y; are equal.



1.3 Proposed Methods and Models

To address the first part of our problem statement, we propose a general method of
generating training data for models working on visual fiducial markers. This method
encompasses both parts of the detection and identification problem. Only a small
handful of background images and the images of the tags themselves are required in
order to generate data. The details of our method of data generation is explained in
Chapter 3. The results obtained by using data generated using this method is pre-
sented in Chapter 3 and Chapter 4.

For the second part of our problem statement, we propose a detection and identifi-
cation pipeline for visual fiducial markers. This pipeline consists of cascaded deep
learning models, where the two stages of the pipeline address the problems of de-
tection and identification separately. The models that make up the two stages of
our pipeline can be trained, and indeed replaced, independently of each other when
needed. We use data that has been generated using the methods proposed in this the-
sis to train the models in our pipeline. Detection results that have been obtained from
these models are presented in Chapter 4. Results for the identification model, as well

as the results of the overall pipeline, are given in Chapter 5.

1.4 Contributions

The contributions of this thesis are as follows:

e We propose a two-part fiducial marker detection and identification pipeline,
whose parts are structured so that they are independently re-trainable, making

a flexible and performant method.

e We describe methods for generating datasets to be used with fiducial marker

detectors, as well as generating marker images for use with identifiers.

e We present an end-to-end detection pipeline structure built using the generated

data that can be used for fiducial localisation and identification.



1.5 The Outline of the Thesis

The thesis structure is as follows:

e In Chapter 2, we include background information on visual fiducial markers
and their applications in biology; as well as methods for object detection, iden-

tification and data generation in computer vision.

e In Chapter 3 we discuss the reasons that make building a training data genera-
tion pipeline preferable to having the data manually annotated by humans, and
introduce our methods for generating training data, for object detection as well

as fiducial marker identification.

e In Chapter 4, we use the marker detector training data we have prepared in the
previous chapter to train an object detection model for detecting visual fidu-
cial markers on bees, and analyse the results that we obtain in terms of data

suitability and model efficacy.

e In Chapter 5, we build an image classification model for use as a marker iden-
tifier, and measure its performance both in terms of task effectiveness and in
terms of runtime. We also present the results that we have measured for our

overall pipeline.

e In Chapter 6, we provide an overall summary of our work, its strengths, limita-

tions and possible future work.



CHAPTER 2

BACKGROUND AND RELATED WORK

2.1 Visual Fiducial Markers

Visual Fiducial Markers (VFEMs), sometimes simply called Visual Fiducials (VFs)
are visually distinct markers that are embedded in the environment to aid automated
digital systems to more easily calibrate to, perceive and/or interact with the real world
around them. Adding a visual fiducial marker onto an object can be considered as
adding an artificial feature to that object, in order to aid in its detection, classification,
or tracking. They can often carry extra information embedded within them, which
means they can also be used to encode additional information about the objects onto
the visible surfaces of objects themselves. This information can include a unique ID
for the object in question [6]. Though these markers can be of any size, shape and
colour, black and white tags with a simple square or circular shape are often preferred,
as not only are they much easier to build, they stand out better form their environment

making them much easier to detect.

Visual fiducial markers are used across a wide range of fields and applications, and as
such many different markers were designed and detection methods devised over time.
Sample visual fiducial markers from various fields can be seen in Figure 2.1. One
field where visual fiducial markers are often encountered are robotics, where the fidu-
cial markers are used to simplify the process of recognising and interacting with the
real world that surrounds a robot [7]. Visual fiducials is used to help robots localise
themselves within their environments, which is a crucial step in planning how they
should move to reach their end goals [8]. They have been applied extensively in ware-

house management, where they would help robots identify inventory items, packages,

7



Figure 2.1: A sample of visual fiducial markers from different fields. Clockwise
from the left: BEEtag (behavioural ecology), ArUco (augmented reality), Circulatrix
(biology), AprilTag (robotics)

drop locations and even navigate the paths of the warehouse to efficiently reach their
targets [9]. They are also used for improving the robots’ ability to recognise certain
objects in their environment and interact with them, follow moving objects through
the environment, or help robots in multi-agent systems identify each other and follow,
interact with or avoid one another as needed [10]. There have also been cases where
newer detection methods with higher performance have been proposed for tags that

had initially been presented with different detection methods [11].

Another area where visual fiducial markers are widely deployed are virtual reality
(VR) and augmented reality (AR) setups [12]. Augmented reality systems that utilise
markers for their operation are called marker-based augmented reality systems, as op-
posed to markerless augmented reality systems that attempt to detect relevant objects
and positions without relying on markers to indicate them [13]. Marker-based aug-
mented reality systems use these markers to indicate locations where virtual objects
should be placed in the environment, and they may encode information about which

object should be placed in their location [14]. Markers can also be used to indicate

8



surfaces in environments where additional details like writings and signs should be

placed [15], or overlay some or all parts of objects with AR content [16].

2.1.1 Visual Fiducial Markers in Biology

Figure 2.2: An example of honey bees tagged with visual fiducial markers on their

thoraxes

Visual fiducial markers has been used in the field of biology as well, owing to their
ability to provide location, orientation and identity data on living specimens, whether
under controlled experiment setups or marked and released wild individuals. They
have also been widely applied to insect biology and behaviour for keeping track of
behavioural changes on a per-individual basis. Some visual markers among those
that had been discussed in Section 2.1 have been applied directly to individual in-
sect tracking, despite having initially been designed with applications in robotics and
VR/AR in mind. Mersch et al. have used the ARTags discussed previously to track

ants within video recordings of experiments, and acquired precise information on

9



spatial and temporal distribution of the ants, from which they have obtained informa-
tion on the rates of interactions between individuals and groups [17]. Such tags have
also been used on honey bees, in order to assign unique identities to them that would
persist even when the bees leave the hive to gather pollen and come back later [18].
This enabled the precise monitoring of different behaviours of honey bees, and track
the differences that occur in these behaviours with as the bees move through different

stages of their life cycles.

Even though it is possible to use markers created for robotics or VR/AR applications
as-is for biological experiments on honey bees (or indeed any insect), there have
been a number of markers that have been designed specifically for use on identifying
animals, some for use on insects, and even some built with the express purpose of
marking and detecting honey bees. The Circulatrix markers, which have been devel-
oped for the BeesBook project, is such a marker for detecting and identifying honey
bees [6]. Similar to other visual fiducial markers, it contains special borders to help
with the detection of the marker, and special regions for encoding the identity of the
marker and determining its orientation. However, unlike other visual fiducial markers
that have been discussed so far, special consideration has been given to how the mark-
ers would fit on a bee’s thorax to ensure that they would not impede the movements,
and especially flight, of the bees. They are also designed to be slightly bent while
they are being punched out, so that they fit well onto the thorax of the bee, and has
a low probability of falling off of the bees during the experiments. Another instance
of such markers is the bCode marker, developed for monitoring social dynamics of

honey bee colonies [19].

There also exist systems that are built by defining a new detection and identification
procedure over and existing marker design. The circulatrix markers from BeesBook
are one such system, for which a deep convolutional neural network approach has
been proposed after their publication [20]. This new approach improves both local-
isation and identification performance of these tags. Other approaches have focused
on integrating advancements from various newly developed models into the detectors
for older tags, to improve performance while also extending the capabilities of the
older tag system [21]. In this instance a pose estimation system is added to the model

to get estimated poses of all bees, as well as their id’s are known [22]. The overall

10



system that result from this is highly capable for pose estimation, marker detection

and marker identification.

One other visual fiducial marker designed for and used on honey bees are the BEEtags
[23], which are also the markers that has been used in the experiments of this thesis.
BEEtag’s are square tags containing a 5 X 5 coding region that can represent 25 bits
overall and a 2-unit wide border region. Of the 25 bits of total usable capacity, 10
bits have been set aside for encoding error detection and correction codes. There is
also a defined minimum Hamming distance requirements for the tags in a set to be
considered valid, increasing the robustness. Note that this minimum distance is open
to manual adjustment, depending on the required number of tags and the desired
sensitivity of the system. An example scene of honey bees marked with BEEtags in

an experimental setup is given in Figure 2.2.

2.2 Deep Learning in Computer Vision and Visual Recognition

The field of computer vision encompasses a wide variety of tasks ranging from image
classification and semantic segmentation to scene reconstruction and motion analysis.
While a large number of techniques have been developed for each computer vision
task within the history of the field, almost all of the most successful results in recent
years have been obtained by applications of machine learning, and more specifically
deep learning techniques [24] [25] [26]. This trend is consistent with the increasing

prevalence of machine learning methods in other sub-fields of computer science [27].

2.2.1 Image Classification

The task of image classification involves a given image to a class. The output is only
the class assignments of images, indicating the exact location of the objects within
the images is not part of this task, so no locations, bounding boxes are segmentation
masks are included in model outputs. In general images are not assigned to multiple

classes, so the only output per input image is a single class assignment.
After the slow progress of performance on classification tasks using classical im-

11



age processing methods, a breakthrough in performance came in Krizhevsky et al.
[28], in which their deep convolutional neural network method (which would later
be referred to as AlexNet) for classification demonstrated a significant improvement
in performance over other contemporary state-of-the-art methods in ImageNet Large
Scale Visual Recognition Challenge [29]. This paved the way for increasing use of
deep neural networks for visual recognition tasks [30]. Some of the best performing

models of their time tended to be increasingly wider and deeper networks [31].

2.2.2 Object Detection

The object detection task is differentiated from image classification by its requirement
that location information (often in the form of a bounding box) on detected objects
are also provided with object classes. Also, in most modern object detection tasks
there is often more, sometimes significantly more, than one object to be detected per

image.

A large variety of methods for object detection have been proposed over the years,
starting with a plethora of different hand crafted features and transform for specific
objects and tasks, most of which have fallen out of favour today. Then feature de-
scriptors that can be used on a wide variety of images have been proposed, which
include the famous Scale Invariant Feature Transform (SIFT) by Lowe (1999) [32]
and Histogram of Oriented Gradients (HOG) by Dalal & Triggs (2005) [33]. While
these methods are no longer in widespread use for object detection on their own, they

are still used for various supporting tasks in the field of computer vision.

The most impactful change in the last decades in object detection, and in fact all
of computer vision has doubtless been the adoption of deep learning techniques in
computer vision. An early and particularly influential model for object detection has
been R-CNN by Girshick et al. [34] This model has provided large improvements
over conventional object detection methods. This model has what is often called a
two-stage architecture. Another significant development was the advent of single-
stage object detection models, like the so-called YOLO [35]. For some time these
models, their immediate successors, and other models derived from these two were

considered the strongest choices for the object detection tasks, and is in fact still very

12



widely used model for object detection tasks in all sorter of context. Finally, recently
newer models and methods have been explored in the context of computer vision.
More recent models like [36] incorporate newer techniques into themselves, leading
to some even more promising results [37]. And some of the latest models have been
inspired by the success of models that are in other sub-fields of the deep learning
fields, such as NLP. A famous example of a transfer of a method from a another sub-
field is the Vision Transformers [38]. There have also been efforts to improve the
usefulness of visual fiducials in other fields [39], which if successful would lead to

even faster advancements in the future.

2.3 Data Augmentation, Generation and Efficiency in Computer Vision

Due to the cost, in terms of human labour, of acquiring and labelling a large dataset of
images, there have almost always been great interest about data efficiency in computer
vision. There are various approaches to finding solutions that can improve the data

efficiency of these models.

A very common approach is to use transfer learning, that is, utilising a model pre-
trained on a large, general dataset and only doing fine-tuning for the task at hand
with a smaller task-specific dataset. A model trained in this way can achieve high
performance thanks to the extensive internal representations acquired during the pre-
training, however, if there is a significant enough distance between the pretraining
data and the task for which fine-tuning should occur, the model may fail to learn

anything substantial.

A second, somewhat related approach is semi-supervised learning. This approach
combines some labelled data with large amounts of unlabelled data and tries to utilise
the labelled data to be able to take advantage of the unlabelled data. This is often done
by attempting to generate labels for the unlabelled data using the limited amount of
labelled data at hand. Another approach called active learning works on an already
working (even if terribly) model and attempts to pick the most informative examples

based on the model output for humans to annotate.

A very common approach to address the limited availability of human annotated data
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is to use various data augmentation techniques to make the most of the available
data. These augmentations are often in the form of scaling, rotating, cropping and
partially occluding or other similar transformations. These transformation can boost

the amount of available data while also increasing model robustness to rotations etc.

Another approach is to rather than augment available data, create data from scratch us-
ing various techniques such as overlaying images, physics simulations, object models
of 3D rendering, which is frequently called synthetic data generation . This greatly
alleviates the need for human annotated data, but also creates the risk that whatever
environment is available in the generation inputs may not accurately represent their

target domain.

2.4 Performance Metrics

It is important to have a good performance metric in order to be able to accurately
evaluate various models against each other. There exist various metrics for comparing
the results of computer vision models in general and object detection in particular.

The most prominent among these are:

e Intersection over Union (IoU): IoU is considered a good measure of how well
an object is detected in an image. The IoU between two bounding boxes in an
image is simply calculated by first calculating the ares of the intersecting region
of the two images, and then calculating the union (which can be calculated
extremely simply from the areas of the two bounding boxes and the area of the
intersection). IoU ranges between 0 and 1, where 0 means completely disjoint
bounding boxes and 1 means a perfectly located, perfectly sized and perfectly

aligned bounding box.

e Precision: Precision is a common metric throughout all of machine learning,
and is simply defined as the ratio of true positive predictions of the model to the
all predictions made by the model. It is a good measure of the task-specificness
of a model, for example, we can be fairly sure of the information we can get
from a model with a high precision value. It can be used fairly straightforwardly

for object detection as well, the only point that needs consideration is the cri-
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teria for a detection being true or false. To be able calculate the precision from
the results of a system, we first need to consider what we to be a successful/true
detection. Most often, we define the criteria for success as surpassing some
IoU threshold in the predictions, and any predictions that have lower overlap
with their underlying true object are considered failed detections. This is of
course accompanied by the condition that the predicted class must be the same
as that of the object’s. In object detection tasks, mean average precision (mAP)

is often preferred to raw precision values.

Recall: The definition of recall is similar to that of the precision, it is defined
as the ration of the true positive predictions to the total number of predictions
made. This measures whether our method can comprehensively predict all the
objects in the image. Note that precision and recall are often at odds with each
other, and attempts to improve one run the risk of inadvertently diminishing the

other.

F1 Score: F1 score was developed as a way to combine the information pro-
vided by precision and recall into a single metric that can be indicative of the

model’s overall performance. It is defined as:

PxR

Fl=2
“PT+R

2.1)

where P denotes precision and R denotes recall, as defined previously.

Mean Average Precision (mAP): Mean Average Precision is a metric com-
monly used to evaluate the performance of object detection and image retrieval
models in computer vision. It provides a way to measure how well a model is

able to correctly identify objects in an image and rank them in the correct order.

Average Precision (AP): For each class, the Average Precision is calculated by
considering the precision and recall at different levels of confidence (thresh-

olds). It is given by the formula:

N
1
AP = — P, 2.2
. N; ., (2.2)

where N is the number of different recall thresholds considered, and P, is the

precision for a given recall threshold.
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Having calculated the Average Precision scores, mAP is the mean of the Av-
erage Precision scores across all classes. mAP provides an overall measure of

how well the model performs across all classes. It is defined as:
1 &
AP = — AP, 2.3
mAP = = 2:1: (2.3)

where C denotes the number of classes.
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CHAPTER 3

GENERATING ARTIFICIAL DATA FOR DETECTION AND
IDENTIFICATION

In this chapter we explain the data generation methods that were utilised for the arti-
ficial datasets that we have used for the training of our BEEtag detection and identifi-
cation models. In Section 3.1 we start with the reasons we consider artificial genera-
tion (as a replacement for or in supplementation of human-labelling of relevant data)
necessary, as well as why the case of detecting and identifying BEEtags is uniquely
amenable to using artificially generated training data. Section 3.2 details the proce-
dures for generating the training data. We start with the data for our object detection
model, the output of which also serves as the starting point of the data for our BEEtag
identification model. We then explain the additional processing that we perform in
order to generate the training data of our identification model. Finally in Section 3.3
we analyse the results of our data generation pipelines, and compare the properties
of the resulting images. We also propose some post-processing steps to the generated

data based on the results of these analyses.

3.1 Challenges of Manually Annotating Marker Data with IDs

Getting high quality human labelled visual data is an important part of any computer
vision task that is approached through machine learning methods. Acquiring this
data and getting it reliably labelled is therefore crucial to the successfully developing
a computer vision model, but is also costly and time-consuming for model builders.
These problems are compounded by the nature and unique visual properties of BEE-

tag markers (and of most fiducial markers in general, and especially of those that is
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able to represent a large set of distinct IDs) as target objects for detection and iden-
tification. This is caused by the fact that representing a significant number of bits
of information on a physical object, to be recovered later from images and videos
of the object, must often rely on a black-and-white region encoding of the data into
the tag in order to be robust to lighting changes, physical deformations and camera
artifacts such as motion blurring and lens distortions. The most notable, and the most
problematic, problem arising from these is the difficulty of distinguishing markers by
sight (this is also a crucial factor for developing a model to detect them, as will be
discussed in detail in later chapters). This makes it so that it takes a great deal longer,
and cost quite a bit more, to have the data labelled by human labellers, as well as in-
creasing the error rate in human-labelled datasets, which can have significant adverse

effects on the training outcomes of models built using such data.

Various techniques for getting the most out of limited amounts of high quality human
labelled data exists. These include transfer learning techniques like pre-training, few-
shot and semi-supervised learning, some ensemble methods, active learning, and data
augmentation and synthetic generation methods. Synthetic generation models often
utilise generative model such as generative adversarial networks (GANs) or rely on
simulated environments, like used for many applications in robotics. While these
methods can deliver great results under the right circumstances, they often have sig-
nificant data and computational requirements of their own. We use a method of direct
image combination that is much simpler and faster, while still retaining the ability
to produce visual data that is useful for the task of training models for the tasks of
detection and identification of BEEtags. This is made possible by taking advantage

of unique properties of visual markers, such as BEEtags, as objects present in scenes.

One such property is the fact that each tag is an artificially generated object with
an exact visual specification. This means that the original images of these tags can
be considered a ’canonical visual representation’ or a *'master copy’ for all possible
visual appearances of these tags, under all possible conditions. This implies that in
principle, any possible real-world appearance of these tags, no matter the camera an-
gle, lighting, noise, deformations or distortions present, can be arrived at by applying
a suitable set of image transformations to the original image of that tag. We can also

see that these transformations can be constructed from a small set of standard and
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simple image transforms. To illustrate how this is different from the general case for
object detection, consider an everyday object that may be a target class for an object
detection model, such as chair. This single class encompasses objects of a wide vari-
ety of possible distinct forms, textures and colours. It is clear that there is no single
unique image can be used as a canonical representation of all chairs, that can be used
to arrive at various possible visual appearances of all chairs in different environments.

Contrast that with a visual marker, for example the BEEtag that represents the ID 25.

Figure 3.1: The BEEtag representing ID 25

Another property that makes generating useful samples of images containing tags
by simple combination of images possible is the fact that the tags themselves are
designed to stand out from the general environment in which they appear. While an
image of any other object that is removed from its original background and moved
onto a new one is likely to be a poor representation of how that object would appear
if it was originally in the second scene, this distinction is less problematic for visual
markers. As such, we can build a less data- and compute-intensive pipeline that can
still generate images of BEEtags in various backgrounds representative enough for

use as training data in building detection and identification models for these tags.

3.2 Data Generation Pipelines

As we use separate detection and classification models to build our overall model, we
generate two sets of training data: the first one is for the initial detection task, with
object images placed in backgrounds; the second one is for the later classification of
the detected objects, consisting solely of object images under various transforms and

modifications.

19



Here we present the data generation methods that we have used for generating train-
ing data for the tag localisation and identification steps of our pipeline. Each of the
two steps requires different training data to be built. For the first step of tag localisa-
tion, we generate a set of images that consist of BEEtags placed on various different
backgrounds. For the second stage of identification, we generate a set of tag images
that resemble images of tags cropped using the detections of the localisation step. The
outputs of these methods are then used as training data for each step of our BEEtag

detection and identification pipeline.

3.2.1 Generating Object Detection Scenes

We use a simple strategy for building scenes for the object detection, which can be
split into four steps: selection of object and background images, processing of se-
lected images, overlaying of the object images onto the background image, and pro-
cessing the final image again before the image is ready to use. An overview of the
process for generating object detection scenes is laid out in Figure 3.2. The details
of this process, as well as the various parameters used for generating the scenes, is

described below.

Our algorithm takes the following parameters:

e N, total number of images to be generated

(wp, hy), width and height of output images

e (w,, h,), width and height of overlaid objects

Omin,» Minimum number of objects per image

® 0,,,:> maximum number of objects per image
To facilitate blending overlaid object images with the backgrounds, we also separate
our background images into two groups, one high-frequency group and one low-

frequency group, depending on the level of sharp detail they contain. We take advan-

tage of this distinction during the image generation.

The procedure for generating the images are as follows:
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Given a set of n background images and m object images:

1. Pick source images

(a) Pick one background image randomly from among 7, with uniform prob-
abilities.
(b) If the background image is smaller than the desired output size:
i. If the background image is low frequency, resize the image to output
dimensions (wy, hy).
ii. If the background image is high frequency, repeat the image hori-
zontally and vertically to create a tiled image at least as large as the

output size. Take a random (wy, hy) crop of the selected image, to be

used as the background.

(c) Otherwise, take a random (wy, hy) crop of the selected image, to be used

as the background.

(d) Pick the number of objects 0., < 0, < 04, to be placed in the back-

ground image, with uniform probabilities.

(e) Pick o, unique object images from among m, with uniform probabilities.
2. Process selected source images

(a) Scale each object image to the dimensions (sw,, sh,), where s € [0.8,1.2]
is a scale factor determined randomly for each selected object image.

(b) Apply Gaussian blur with a 3 x 3 kernel and ¢ = (.85 to each object
image.

(c) Add Gaussian noise with ¢ = 0 and 02 = 1000 to each object image.

(d) Normalise all pixel values back to the range [0, 255].

(e) Apply a random perspective transform of scale s, € [0.1, 0.5] on each ob-
ject with probability p, = 0.5, where the scale s, denotes the perspective
shift the image will experience relative to its width and height.

(f) Rotate each object image by « degrees on the image plane, where « is
discrete uniform with range 0 < a < 360, and is resampled for each

object image (note that this may result in the object image size being larger

than (w,, h,)).
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3. Overlay objects onto backgrounds

(a) Take z € [5f, w, — %] and y € [%f, hy, — %f] for each object, where w;

and hy are the final width and height of the object image after rotation.

(b) Overlay the object image centred on (z,y) with 100% opacity over the

background image.
4. Process the final image

(a) Apply Gaussian blur to the resulting image, with a 7 X 7 kernel and 0 =

1.44.

Note that the steps 2.b, 2.c and 2.d are performed only when the chosen background
image is from the low-frequency background images group. For background images
in the high-frequency group, step 2.a is followed directly by step 2.e, skipping over
2.b, 2.c and 2.d.

The procedure described above is applied /V times to generate /N sample images. All

random numbers and selections are regenerated for each sample.

Along with the image files, we also generate text files containing the annotations for
the objects placed within the images. For use in these annotations, we randomly
assign integer ID’s to each object, from the set of sequential integers 1 to m inclusive,
where m is again the total number of objects. Using these ID’s we then create 3 sets

of files that describe the makeup of the generated images:

e A single identity mappings file, containing pairs of IDs and their assigned ob-

jects

e N annotation files, one per image, that contain the identities and locations of
objects in the corresponding images. These files contain one object annotation
per line, and the annotation lines are of the form ¢ x y w h, where

— ¢ is the ID of the object
— z, y describe the location of the centre of the object

— w, h are the width and the height of the object in the image
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x, Yy, w, h are all normalised to be in the range [0, 1] using the dimensions of

the image.

e N secondary annotation files of the same form as the first ones, where all ob-

jects are assigned the same object ID (essentially a single-class annotation).

3.2.2 Generating Identification Images

In order to generate images that are similar enough to what the output of the detector
would be on real-world samples, we start the identification sample generation process
in a very similar way to the detection data generation methods, by applying tag images
on background images, although with some minor changes. We then crop the tag
images from the backgrounds that they’ve been placed onto. This ensures a realistic
background on the fringes and corners of the tag images we generate for the tag

identifier. The full process for generating tag identifier training images is given below.

The algorithm takes the following parameters:

e /N, total number of images to be generated per class

e s,, the scaling constant for the objects

Similar to the previous method, we separate our image into high- and low-frequency
groups, and whether steps 2.b, 2.c and 2.d are performed is dependent on the group

of the chosen background image in the same way as the object detection method.

Given a set of n background images and m object images:

1. Pick source images
(a) Pick one background image randomly from among 7, with uniform prob-
abilities.
(b) Take all m object images to create one sample of each class

(c) Scale all object images by s,, so that their dimensions are now (s,w,, S,ho),

where the previous dimensions were (w,, h,).
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2. Process selected source images

(a) Scale each object image by s so that their new dimensions are ($s,w,, $S,h, ),
where s € [0.8,1.2] is a scale factor determined randomly for each se-

lected object image.

(b) Apply Gaussian blur with a 3 x 3 kernel and ¢ = (.85 to each object
image.

(c) Add Gaussian noise with z = 0 and o> = 1000 to each object image.

(d) Normalise all pixel values back to the range [0, 255].

(e) Apply arandom perspective transform of scale s, € [0, 0.6] on each object
with probability p, = 0.6, where the scale s, denotes the perspective shift

the image will experience relative to its width and height.

(f) Rotate each object image by « degrees on the image plane, where « is
discrete uniform with range 0 < o < 360, and is resampled for each
object image (note that this may result in the object image size being larger

than (ss,w,, $Soho))-
3. Overlay objects onto backgrounds

(a) Take z € [Zf, w, — L] and y € [hQ—f, hy — %f] for each object, where wy
and h are the final width and height of the object image after rotation and

wy, hy are the width and height of the background image, respectively.

(b) Overlay the object image centred on (z,y) with 100% opacity over the

background image.
4. Process the final image

(a) Apply Gaussian blur to the resulting image, with a 7 x 7 kernel and 0 =
1.44.

5. Recover the object images from the final image

(a) Take a crop of the final image centred on (x + 7, y+1,) of width wy+1,
and height hy + 74, where r, € [-0.1,0.1}, , € [-0.1,0.1], r, €
[—0.05,0.15] and 7, € [—0.05,0.15] are random adjustments to the lo-

cation and dimensions of the final crop.
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The procedure described above is applied /V times to generate a dataset with N sam-

ples per class. All random numbers and selections are regenerated for each sample.

The output is organised into a folder hierarchy that reflects the classes of the generated
objects. One folder is created for each different class (that is to say, BEEtag ID),
where all samples of this class is written. No additional annotation files are output at

the end of the algorithm.
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Figure 3.2: Data generation pipeline overview for object detection
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(a) Original (b) Blurred (c) Noise added
(d) Rotated (e) Placed in background (f) After final blur

Figure 3.3: A marker image as it goes through the stages of processing before being

placed in a scene
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Figure 3.4: A sample of identification images generated by our method, in both low

and high frequency backgrounds
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Figure 3.5: High frequency background samples. Text serves excellently as a high
frequency background as it provides a large variety of edge lengths and thicknesses,

and unique curves and points.

Figure 3.6: A low frequency background sample
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CHAPTER 4

FIDUCIAL DETECTION

In this chapter, we focus the methods and models we have considered for the detec-
tion of BEEtag objects, with or without identification. In Section 4.1 we describe the
initial method of treating each different tag identity as a different class of object, and
the difficulties arising from such an approach due to the visual features of the BEE-
tags. Section 4.2 details our approach to using object detection methods for locating
BEEtags in a given image, which includes deferring BEEtag identification to later
stages in the pipeline. In Section 4.3 we explain the experimental setup and data ac-
quisition methodology, as well as the datasets that will be used for testing our models.
Section 4.4 presents the test results we have acquired from all approaches considered
so far and provide comparisons of performance and runtime characteristics of each
method. Finally, Section 4.5 concludes this chapter with an overall summary of our

results so far.

4.1 A First Approach to Using an Object Detection model for Marker Detection

One method that can be used in training object detection models for detecting the
BEEtag markers is to consider every possible BEEtag (that has a distinct ID number)
as a unique object class. Using this method, we would have a single object detector
that would have as many output classes as the number of different tags that we would
like to detect and identify. This would then require a dataset of BEEtag containing
images labelled with their locations and IDs (which we can generate). Finally, hav-
ing generated this dataset, it would be used to train the desired model to detect and

identify BEEtags that appear in images. While such a method, if it worked well,
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could offer a simple solution that handles both detection and identification of BEE-
tags at once, it has several drawbacks non-obvious drawbacks and when attempted in

practice it runs into several problems, which we describe in the rest of this section.

The first limitation of this approach is that it requires a new model to be trained every
time a new set of tags is required to be detected. As explained in the previous chapters,
the BEEtag specifications allows different sets of tags with different characteristics
(most notably different minimum hamming distances between all pairs in the set)
to be produced and used. Each of these sets contain a different group of tags, and
in the general case these sets cannot be assumed to contain one another, or even
share any number of elements with each other. This implies that a new detection
model would need to be trained every time a larger or smaller set of tags, or a set of
tags with different hamming distance requirements, are needed. This creates a need
to train a new instance of the model each time a changed set of BEEtags is used,
which can be a lengthy process that ties up computational resources. Attempting
to address this by training a detector for a very large set of tags reveals leads to
rapidly decreasing rates of object identification, which is a second limitation of this
method. And even with a fairly limited number of distinct BEEtags, both detection
and identification performances are severely reduced, which precludes the use of this

method for distinguishing the identities of any number of tags.

4.2 Using Separate Models that are Cascaded for Detection and Identification

Given the problems of the methods we discussed in the previous section, we propose
a different approach for localising and identifying BEEtags in images and videos. Our
method’s structure is a two-model pipeline that consist of different models to handles
the localisation and identification of the marker tags. We build the structure of our
pipeline in such a way that the two models that make up this pipeline can operate
independently, and if needed in parallel. The models can be trained independently of
each other, we can swap out the identification head independently without needing a
full retrain of the detector model. The overall structure of the BeeDet-ID detection

and identification pipeline is illustrated in Figure 4.1.
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Figure 4.1: Overview of the BeeDet detection and identification pipeline

In the remainder of this chapter we describe the methods we have developed and the
results we have got for the first stage of our pipeline, which is the detection/locali-
sation of tag objects in any given images. The following sections provide detailed

descriptions of our experiment setups and our results.

4.3 Data and Experiment Design

4.3.1 TestData

To test the effectiveness of models trained on data generated by our methods, we build
a simple dataset of visual fiducials to train and test object detection models on. To
this end, we build a set of background and object images for training data generation,
as well as human annotated test data to measure and compare the effectiveness of the

resulting models.

The test images come from multiple behavioural experiments on bees marked with
BEEtags [40]. The BEEtags are attached to each bee’s thorax, and are 3mm x3mm in
size. The images are acquired using 4000x 3000 cameras through a glass panel in the
experimental setup, in a room illuminated by white LED lighting. The bees are at a
constant distance from the camera for the entire duration of the experiments, and on
average each 3mmx3mm tag occupies a 50 pixel x 50 pixel square when parallel to

the camera plane and axis-aligned. Each test image may contain a different number
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Figure 4.2: A collection of BEEtag markers taken from experiment footage. Compli-

cating factors such as deformations, motion blur and occlusions can all bee seen
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of visible markers due to the movements of the bees. The distribution of test images

based on how many visible tags they contain are shown in Table 4.1.

Table 4.1: Test set statistics

Number of tags =n 3 4 5 6 7 8
Number of images with n tags 2 3 10 11 18 6

Our test dataset contains 50 such images, which together contain a total of 308 tag
objects in them. Each image contains between 3 and 8 tags, with a median of 6; the
most frequent number of tags in an image is 7. Example tag crops from the test set

can be seen in Figure 4.2. A sample test frame is given in Figure 4.3

4.3.2 Source Data for Image Generation

We use a small number of source images to generate our training data. These source
images include 20 different background images, and 19 different object images of 19
distinct tag objects, that is to say we include one image for each distinct tag. Our
background images are diverse in spite of their low numbers, we include similar and
different experimental setups, unrelated honeycomb images and even some images of
writings. This diversity, along with our various augmentation schemes from the pre-
vious chapter, helps ensure that models trained on data generated from these source

images have the best chance to be general and versatile as well as highly performant.

4.4 Experiments on Honey Bee Behavioural Experiment Data with BEETags

4.4.1 Single-Class Object Detection Experiments

Our first set of experiments aims to validate that training data generated based on such
a small number of images can actually be used to effectively train an object detection
model, as well as to explore the relation between the amount of images generated
for training and overall model performance, and possibly to explore the maximum

amount of data that can be generated from a certain quality and quantity of source
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(a) Sample test frame

(b) The same frame with detection results drawn in

Figure 4.3: A sample test frame and the locations of markers within it
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images that is still informative for the models being trained. We use the yolov9 [41]
object detection model’s "small" variety for our object detection tests. This is a recent
model and the small version can achieve excellent performance with limited amounts
of data, and will thus provide us with useful results regarding the effectiveness of our

data for learning. Figure 4.4 shows examples of markers being detected on bees.

Given that we already know that visual markers require a minimum size in terms of
pixels per edge to be identified correctly, we create and test our models on two dif-
ferent versions of the datasets. Our aim in having this replication to explore whether
having a separate detection stage that does not require identification as a subtask can
work with markers that appear smaller in images, which would also reduce the mini-
mum resolution required of images for marker detection. In the first group we create
images with the resolution 2000 x 1500, and scale down object images proportionally
to have 25 pixel long edges on average. In the second we instead create images the are
1000 x 750, proportionally scale down the object images as we had done for the first
group, to have around 13 pixel long edges, on average. For both of these variations we
create five sets of training and validation data; each of these sets contain a different
number of images, starting with 2560 and increasing all the way up to 10240 images.
The exact number of samples present in each set as well as their training/validation

splits are presented in Table 4.2.

Table 4.2: Dataset sizes for training and validation sets

Training || 2048 | 3072 | 4096 | 6144 | 8192
Validation || 512 768 | 1024 | 1536 | 2048

To see the suitability of our dataset for training, we use our human-annotated test set
to determine how well its results translate to performance on real-world data. We
start off with the results of using 1000750 images for detection. We give Precision-
Confidence, Recall-Confidence, Precision-Recall and F1 Score-Confidence curves for
the results on the test set in Figure 4.5. One notable feature in these results is that for
all training set sizes, the Precision-Confidence curve reaches its maximum value of
1 at or very close to 0.85 confidence. Another is that while performance is stagnant

for the first four sets as dataset size increases, there is a sharp increase for the dataset
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with 8192 samples, with a twice to three times increase on all metrics.
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Figure 4.4: Bees in an experiment setup, with their markers detected

We present the same metrics for our models trained on datasets of 2000 x 1500 images
in Figure 4.6. Performance on all metrics are higher than was for 1000x750 images,
as is expected. The first feature of note is that for all models regardless of training set
size, the precision value is very high for all training set sizes, being exactly at or very
close to 1 for all confidence values. A second noteworthy feature is that similarly to
the 1000750 images, there is a jump (though not as large, proportionally) in recall
values and F1 scores; but occurs at 6144 sample images rather than 8192 sample

images this time.

Overall, the strongest conclusion we can draw from these experiment results is that
processing our images with higher resolution disproportionately increases the perfor-

mance of the model. We consider numerous factors that could all contribute to such a
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Figure 4.5: Graphs of metrics for test results on 1000 x 750 images. The colours blue,
green, red, yellow, cyan represent the results for 2048, 3072, 4096, 6144, and 8192

training samples, respectively
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Figure 4.6: Graphs of metrics for test results on 2000 x 1500 images. The colours
blue, green, red, yellow, cyan represent the results for 2048, 3072, 4096, 6144, and

8192 training samples, respectively
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stark outcome. Firstly, as the images get scaled smaller and smaller, so do the objects
that are contained within them. Ordinarily, this reduction would limit the maximum
performance that an object detection model, or for that matter a human, may display
on a given detection task. However, we also consider that at 1000x750 resolution,
each tag in the image is approximately 12 pixels wide and high. Therefore we also
consider the possibility that some tag objects in these test images may fall below some
critical detectability threshold in size, that is, they may become too small in size to
be reasonably distinguished as the object that they are at all by automated systems
or humans. A second consideration stems from the method we use for generating
the training datasets. During generation we add a single constant-variance noise, and
use fixed-size constant Gaussian kernels at various steps for blurring input and inter-
mediate images. The effect that these processes have on the objects within training
images may be higher when compared to the sizes of the objects themselves, that is,
the same blurring parameters that works well for a larger object within a larger image
may alter a smaller image too much. This can result in difficulties in fitting a model
to the data, or as we have observed, drifting the objects in training images too far
from their real world counterparts, resulting in lower test performance despite having
higher performance during training. We expect that both of these factors pay a role in

the results that we have observed for our smaller images.

We consider these results sufficient to demonstrate that object detection models trained
on data generated using our method can perform well on real-world scenarios; given
that a sufficient number of samples are generated, even if only a small handful of
source images are used for the generation. Given the results we have observed in our
experiments so far, we will use the models trained on the larger 2000 x 1500 images

for comparisons with later experiments.

4.4.2 Conventional Tag Detection Experiments

We compare the detection results we have obtained in Section 4.4.1 with a previous
method used for detecting the tags that we have used (or indeed, any other visual
fiducial marker). This requires exploration and setting of various parameters of the

system manually, and that needs to be done separately for images under different
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conditions (such as lighting, image clarity, background conditions), making the whole
system arduous and fragile to operate. The exact details of this method can be found
in Appendix ??. The results we have obtained from this system (in the column titled
IPC) for detection, is given in Table 4.3, in terms of precision, recall and F1 score. The
reason that our results are given in terms of these metrics is due to the fact that these
are the metrics that are applicable to the results produced by the image processing
BEEtag detection method. Since this method does not output explicit confidence
values, metrics that rely on a confidence value being available are not applicable to
this method, and we instead present our results in terms of metrics that we can use to
compare the methods under investigation. For calculating the values presented here,
we have found and used a set of parameters that result in the best results over the
whole test set. Note that for comparison with the object detection models, we consider
any object that has been detected by the system as a valid detection, regardless of
whether or not it has been assigned the correct class, since the detection systems we

are currently comparing it with consider all tags to belong to a single class.

Table 4.3: Comparison of detection performances

1000 x 750 images 2000 x 1500 images IPC
Samples || 2048 | 3072 | 4096 | 6144 | 8192 || 2048 | 3072 | 4096 | 6144 | 8192 | -
Precision || 0.30 | 0.09 | 0.19 | 0.20 | 0.45 || 0.99 | 1.00 | 0.98 | 1.00 | 0.99 | 1.00
Recall 0.09 | 0.06 | 0.07 | 0.06 | 0.22 || 0.48 | 0.45 | 0.46 | 0.78 | 0.80 | 0.17
F1 Score || 0.14 | 0.07 | 0.10 | 0.10 | 0.30 || 0.65 | 0.62 | 0.63 | 0.88 | 0.88 | 0.29

Table 4.3 demonstrates that even with low amounts of original images and small train-
ing set sizes, we can generate datasets which can result in models that outperform
traditional manually tuned models. One reason is that even with a small number
of source images, we can bring about a wide variability in positions, orientations
and background-relations of the objects that appear in our generated training images,
which can then be picked up by any models using the training data, inducing greater
generalisability. Another reason for the superior performance of our models is that by
grouping the similar objects (in this case the tags) into a single class, we have sepa-
rated the task of finding these objects in an image from the difficult task of discerning

the subtle differences between these very similar object in order to distinguish them.
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4.4.3 Single-Class Detection with Conventional Method as Classifier

In the previous experiment we have compared a single-class detection model trained
on data we have generated with a conventional method of detection for the tags, based
on image processing transformations. This comparison was based on how many of the
tags were detected by both methods, disregarding class (indeed, the models trained in
the first experiments do not output identity information regarding the tags that they
detect). Now we build an end-to-end system that will both detect the locations and

find the identities of tags.

To build such a system we need to combine our detection model with a classifier
for our tags. We can use any method that can identify the tags for this. In this
experiment we combine the detection models from 5.3.1 with a conventional system
for identifying tag images. This system is very similar to the one used for comparison
in 5.3.2, but with the detection parts removed (which will be replaced by the models
from 5.3.1). We then use this combined system to detect and identify each tag in the

same test set. The results of this experiment are summarised in

Table 4.4: Comparison of detection performances

1000 x 750 images 2000 x 1500 images
Samples || 2048 | 3072 | 4096 | 6144 | 8192 || 2048 | 3072 | 4096 | 6144 | 8192
Precision || 0.92 | 0.95 | 0.97 | 0.99 | 1.00 || 0.99 | 1.00 | 1.00 | 1.00 | 1.00
Recall 0.07 | 0.12 | 0.06 | 0.03 | 0.14 || 0.43 | 0.36 | 0.41 | 0.61 | 0.62
F1 Score || 0.13 | 0.21 | 0.11 | 0.06 | 0.25 || 0.60 | 0.53 | 0.58 | 0.76 | 0.77

Comparing Table 4.4 with Table 4.3 we can see some expected changes resulting
from the combination of the methods. Firstly, we see that the results from the com-
bined system has higher precision and lower recall than using only the models from
experiment 5.2.1. This is in line with our expectations, since the method we used
for detection in 5.2.2 is a very high-precision model, its classifications, in addition
to adding class information to our detections, also effectively act as a second filter
for the detection results of the initial models. We can also see that the recall values

(and consequently the F1 scores) are also much higher than when the conventional
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method was applied on its own in 5.2.2. This can be attributed to the fact that work-
ing on cropped images produced based on the output of the detection models, the
conventional model’s input space is much more restricted than when it also had the
responsibility to detect an unspecified number of tags in an image. On images that
contain only one tag each, and where the size of the tags are relatively stable, cov-
ering nearly all of the image for most cases, the conventional method can have its
parameters set more tightly to take advantage of the aforementioned restrictions and

can thus perform better than on its own.

4.5 Detection Results Summary

This chapter has included the results of our experiments on using our data generation
method to train effective object detection models. These result have demonstrated the
efficacy and the efficiency of generating training data using this method, as opposed
to having a large training set labelled by human annotators. More specifically, we can

draw the following conclusion from the experiment results provided in this chapter:

e From Section 4.4.1, we can conclude that training data generated by the method
described in Chapter 4 can be effectively use to train object detection models

that can generalise well to real-world data.

e The comparisons in Section 4.4.2 demonstrated that models trained on such
generated data can outperform even methods tailored specifically for detection

on visual fiducial markers in images.

e The results in Section 4.4.3. demonstrate that using our method to separate
the localisation from the identification of visual fiducial markers into two dis-
tinct steps can effectively improve both localisation and identification results,

as compared to other methods.
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CHAPTER 5

FIDUCIAL MARKER IDENTIFICATION

In this chapter we explore the task of recognising the unique identities of our visual
fiducial markers, which constitutes the second part of our overall tag detection and
identification pipeline. Section 5.1 describes how the gap between the two parts of
the pipeline is bridged, demonstrating all the necessary pre-processing steps to pre-
pare the input of our tag identification model. Section 5.2 outlines the method used
for assigning identities to the detections from the first stage of the pipeline, assign-
ing to each detection exactly one tag ID, which includes an extra "pseudo-ID" for
possibly false positive detection results. In Section 5.3 we present the results that
we have obtained from our identification model, and provide comparisons with other
relevant methods on similar tasks in terms of identification performance and runtime
efficiency. Finally, in Section 5.4 we present the final considerations for our overall

BeeDet pipeline.

5.1 Pre-Identification Processing

Once the localisation results are acquired from the first stage of the pipeline, work on
assigning the identities of the detected tags (or identifying any false positives from
the detection model as such) can begin. This work starts with some pre-processing
steps on the input images to acquire image data suitable for the identification task,

before the detection can be passed into the identifier proper.

The first step of the preprocessing is to crop the detections using the location infor-
mation provided by the first stage of the pipeline, from the original input images. It is

important to note here that we take these detection crops from the original, unaltered
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(a) Taken from resized image (b) Taken from original image

Figure 5.1: Two images of the same tag detection, taken from images of two different

resolutions.

input images as they were initially given to the pipeline, not from the version that
were preprocessed before being given to the first stage of the pipeline. Figure 5.1
shows the differences between crops taken from the resized image and crops taken
from the original image. This technique allows us to apply different preprocessing
steps to the input data based on the model that they will be used on, as needed.
The most important property that we vary between the two models in this way is
the image resolution, where building the architecture of the detection model to ac-
commodate full-resolution versions of our images starkly increase both memory and
runtime requirements of the model, yet the preservation of image resolution is crucial

for achieving higher identification performance.

The cropped images are then all resized to 224 x 224, and go through processes of
histogram equalisation, greyscale conversion and normalisation before they are ready
to be identified. Having gone through this processing, the images can then be given

to the second stage of the pipeline, the identification model, as inputs.
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5.2 The Identification Stage

The identification stage of our model is built on the basis of the family of object
classification models known as MobileNet. To build the identification model, we use
small variation of the MobileNet v3, as described by Howard et al. [42]. To be able to
make the most of the training data and resources we have, we start our training using
pretrained weights for our model. The weights that we use for that purpose have
been acquire by training pretraining the model on the ImageNet-1K dataset, which
contains 1281167 training images, 50000 validation images and 100000 test images.

The nearly 1.45 million samples in this dataset come from 1000 different classes.

Having acquired the weights, we start fine-tuning our model from these weights. We
train our models for 100 epochs, then take the one displaying the best validation
accuracy as the final output of our training process. Here we note that both the training
and the validation data are artificially generated, with a very small amount of human
annotated data mixed in. The human-annotated data is used for test purposes almost
in its entirety. Also note that during training, the data that we use for training the
model is generated on-the-fly, a new group of samples are created for each batch

during the training of the model.

We use this model in the overall method as the marker identifier module for our
pipeline. This means that we actually express and solve the problem of decoding
marker IDs, which is generally done by attempting to extract bitwise information
about the code that the tag represent, as an object classification problem, which leads
to a more robust decoding model due to the fact that the need to rely on exact bits
of the marker is no longer necessary, the model can learn how each tag looks in a
more general manner without depending on "decoding" as such. (In fact this way
of learning the general look of a marker is likely closer to the way a human (given
that they are familiar with the looks of the relevant tags) would recognize a given
marker by relying on the larger geometric patterns occurring on it). Once the trained
MobileNet v3 Small model is then integrated into the pipeline, it works on tag images
detected by the first stage of the pipeline and cropped by the intermediate stage. It
then produces identity predictions for the IDs of tags that it was trained for (and one

additional class for non-tag objects).
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Figure 5.2: Identification accuracy as compared to the previous method

5.3 Results and Discussion

The test data we use to evaluate the identification methods are extracted from the
tagged bee images in experimental setups. Before the extractions, however, we also
add a number of false detections into the annotation data in places where tags are
not present on the images. This addition serves to simulate false positives that may
occur in the tag detection model, and to test the identification model’s capabilities for

correctly classifying possible non-tag crops.

Figure 5.2 gives the test accuracies as measured on human-annotated real-world data,
for the identification stage on its own. The "BEEtag as Decoder" data points are
acquired by feeding the BEEtag detector provided in the original BEEtag paper the
same tag crops as our identification model. Since this method is originally intended
to be used directly on unprocessed images, we also provide the results for applying

this method on full unprocessed images as "BEEtag overall" results, both here and
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throughout this chapter. (A more applicable comparison to these "BEEtag overall"

results are provided in the Section 5.4.)

In these experiments, we consider a result correct for our identification model when
it assigns the proper ID to an image of a tag, and when it assigns the "other" ID to
a non-tag image. For the BEEtag method, we consider a result correct when there is
only one tag detected which has the proper ID for that image in an image of a tag, and

when it doesn’t detect any tag at all in an image that is not of a tag.

The runtime measurements for all three methods are provided in Figure 5.3. The
runtimes are provided both in terms of average runtime per tag processed, and in
terms of total time elapsed during the processing of all the tags in the test set. For the
"BEEtag overall" method, which is defined in the same way as it was for the accuracy
results, we consider the total time elapsed during the processing of that image to be

distributed equally among all tags present in that image.

Table 5.1: Comparison of identification runtimes (ms)

Our Method BEEtag as Decoder || BEEtag Overall
Total 825.447 332.872 14741.0
Mean 3.383 12.214 60.163
Maximum 4.051 120.47 -
Minimum 3.315 0.627 -
Median 3.362 11.542 -
Range 0.736 119.845 -

Runtime statistics per-processed-tag, as well as runtime variability measures are pre-
sented in Table 5.1. Total identification runtime and mean identification runtime are
calculated over the entire test set of BEEtags. The Range row denotes the difference
between the slowest and the fastest processed input images. Since the overall BEEtag
method does not distinguish between different tags in an image, per-tag statistics are
not available for this method. Table 5.2 provides the same runtime statistics, but cal-
culated over average runtime difference to all inputs for each input, in order to better

demonstrate differences in runtime variability.
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Figure 5.3: Average and total runtimes over the same test set for all three compared

methods.
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Table 5.2: Comparison of all-average identification runtimes differences (s)

BeeDet-1D BEEtag as Decoder || BEEtag Overall
Total 6.629 1152.552 14741.0
Mean 0.027 6.034 60.163
Maximum 0.685 108.888 -
Minimum 0.016 4.038 -
Median 0.017 4.800 -
Range 0.669 104.850 -

Overall, we can conclude from Figures 5.2 and 5.3 that our method achieves both sig-
nificantly higher identification performance and much lower time per tag, as well as
in total, than the previous alternatives. Table 5.1 quantifies these runtime differences,
demonstrating that the runtimes for our proposed method are spread more tightly than
the alternatives, and over a much smaller range. We can also see that the proposed
method is less prone to particularly dramatic outliers than the compared methods.
Table 5.2 reinforces these conclusions by demonstrating the same effects on one-to-

all-comparison and group-level variability statistics for BEEtag identification.

5.4 Overall Pipeline Results

Figure 5.4 shows our final, full BeeDet-ID pipeline performance measurements, com-
pared to the initial BEEtag detection method. Figure 5.5 shows the total runtime
measurements. These charts, especially when considered with all the information
that has been presented thus far in this thesis, we can clearly see the performance

advancements we have achieved in our work for visual fiducial markers.
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CHAPTER 6

CONCLUSION

In this thesis, we have strived to create a performant, quick and resource efficient
method for detecting and identifying visual fiducial markers. To this end, we have
first developed a detection and identification pipeline for visual fiducial markers. We
have then created a data generation procedure that can generate training data for our
visual fiducial marker detection and identification methods, using only a small amount
of source data for the generation. We have demonstrated the viability of our approach
testing our system on real life data of a biological experiment performed on bees that

have BEEtag markers attached to their thoraxes.

With the training data that we have generated using our method, we train both the
detection and the identification stages of our proposed pipeline. We have tested our
pipeline trained in this way on real-world data to measure its performance. We have
compared its performance to previous methods of visual fiducial detection and iden-

tification tested on the same set of real-world data.

Particularly, we can claim that as major contributions in this thesis we have:

1. defined and implemented an end-to-end pipeline for localisation and identifica-

tion of visual fiducial markers

2. defined a powerful data generation method that can provide very effective data

for training of object detection and classification methods

3. demonstrated the viability of our results by preparing a sample set of human

annotated data, on which we have shown the viability of our methods
4. finally, we have proposed a method for marker detection that, as demonstrated
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throughout this thesis can actually achieve significantly improved performances

6.1 Limitations and Future Work

Even though the the methods that we have presented in this thesis had been demon-
strated to be powerful and performant, they also posses some weaknesses and limita-
tions. Among these weaknesses, we consider the most important to be the fact that
in order to change, expand or shrink (which we may want to do in order to lower
classification errors) the set of tags to be detected by our pipeline, a retraining of at
least the classification stage is required. In environments that require frequent chang-
ing of tag sets, it would be necessary to update the models as well. We can consider
consider the fact that there is an upper limit to the variability in training data that can
be created using a small set of original input images another limitation of the overall
method of building a detection and identification pipeline using a small number of

source images using data generation.

The following possible avenues of exploration may be considered to address the lim-
itations of the proposed methods and improve their power and performance even fur-

ther:
e Methods for increasing the generality of the detection and identification models
such that no large scale retraining is needed for changes in the target set of tags.

e Expanding the methods that provide variability to our generated images in a

way that increases the overall learnable information from the dataset.

e Analysing the model’s interactions with generated data during training time to

further modify our models fro better learning from artifically generated data.
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APPENDICES

A The Conventional Tag Detection Method

Throughout this thesis we refer to the conventional tag detection method both as a
point of reference and as a source of baseline results with which to make comparison.

We describe the working of this method here.

1. Convert the input image to greyscale, if given in colour

2. Apply Gaussian blur with a 5x5 kernel. This suppresses spurious contours in
the image, and is vital for both result quality and for the runtime performance

of the program.

3. Create a binary image from the greyscale one by applying adaptive threshold-
ing. We calculate the threshold values for the neighbourhoods as the mean of

the values in the neighbourhood, minus a constant c that is set manually.

4. Find the contours in the binary image. We use the algorithm from Suzuki et

al.[43] to find the contours of the image.

5. Fitapproximate polygons on the contours of the image. We use the Ramer—Douglas—Peucker

algorithm for this.
6. Among all the polygons acquired, discard all that are not quadrangles.

7. Calculate the area of all quadrangles, then discard those that are not between

minimum and maximum area values. These two limits need to be set manually.

8. Fit axis-aligned bounding rectangles over every quadrangle, then calculate the
absolute difference |b — a| between the lengths of the sides of the rectangles.
Discard any quadrangle that have a larger difference between its edges than
a predetermined maximum difference value. This maximum difference value

needs to be set manually.
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9.

10.

11.

12.

Crop all the remaining rectangles from the greyscale image.
Decode the cropped images into tag identities:

(a) Resize the cropped images into perfect squares. This may require deform-

ing as well as rotating and scaling the image.

(b) Create binary images from the cropped resize tag images by thresholding.
This step need not be identical to the thresholding in step 3, neither in

terms of its thresholding strategy nor the parameters of the strategy.

(c) Separate the resized image into a 7x7 grid of cells. Note that the BEEtag
has a 5x5 payload area, and the total size of the tags with their prescribed

borders is a 7x7 grid.

(d) Decode each cell of the 5x5 grid in the cropped image into a single bit.
Since the image in the grid is already thresholded, it is sufficient to take a
count of black and white pixels inside the grid cell and decide the outcome
by simple majority.

(e) Return the resulting 25-bit number as the result of the decoding.

Compare the decoded image against the list of known tag identities by compar-
ing the bits in the corresponding places. This comparison is done for each of
the four possible 7. This gives us the Hamming distance between the current

tag and all other valid tags, in all rotations.

Take the closest tag among the list of valid tags. If the distance to that tag is
greater than the minimum distance requirement, which must be set manually,
then the tag is considered detected, with the identity of the closest tag in the list

of tags. Otherwise, the detection is discarded.
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