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ABSTRACT

MINIMALLY SUPERVISED TRACKING OF ANIMAL COLONIES WITH
ITERATIVELY TRAINED OBJECT DETECTORS

Gödelek, O�guz

M.S., Department of Computer Engineering

Supervisor: Assoc. Prof. Dr. Hande Alemdar

January 2025, 58 pages

Animal colonies exhibit highly intricate behaviours, many of which remain poorly

understood or unexplored. Effectively monitoring these behaviours requires long-

term tracking of a substantial proportion of the group members in their natural en-

vironments or an experimental setup. Recent advances in computer vision indicate

that neural networks can reliably detect individuals within an animal colony, even

in challenging environmental conditions. However, training a neural network with

an error rate acceptable for scienti�c purposes generally requires a large amount of

human-labeled training data. In this thesis, we propose an individual animal tracking

framework without requiring any explicit human annotations by modifying one of

the oldest semi-supervised learning methods called self-training with signi�cant up-

grades. Replacing the initial human-annotated dataset required for self-training with

the unreliable object locations proposed by the Segment Anything Model (SAM), we

iteratively train accurate object detectors. To demonstrate the effectiveness of our

method, we conduct some comparative experiments containing our honeybee colony

data and a few publicly available animal colony location datasets. The experimental

results show that the object detectors trained with the proposed method can achieve
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scienti�cally satisfactory detection results without labelling any bounding boxes.

Keywords: animal tracking, computer vision, high-density object detection, self-

training, knowledge-distillation.
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ÖZ

Y�INELEMEL �I E �G�IT �ILEN NESNE ALGILAYICILAR �ILE HAYVAN
KOLON �ILER �IN �IN M �IN �IMAL DENET �IML �I TAK �IB �I

Gödelek, O�guz

Yüksek Lisans, Bilgisayar Mühendisli�gi Bölümü

Tez Yöneticisi: Doç. Dr. Hande Alemdar

Ocak 2025 , 58 sayfa

Hayvan kolonileri, birço�gu yeterince anlaş�lmam�ş veya keşfedilmemiş olan son de-

rece karmaş�k davran�şlar sergiler. Bu davran�şlar�n etkili bir şekilde belirlenmesi,

grup üyelerinin önemli bir k�sm�n�n do�gal ortamlar�nda veya deneysel düzeneklerde

uzun süreli takip edilmesini gerektirir. Bilgisayarla görü alan�ndaki son gelişmeler,

derin sinir a�glar�n�n zorlu çevre koşullar�nda bile bir hayvan kolonisindeki bireyleri

güvenilir bir şekilde tespit edebilece�gini göstermektedir. Bununla birlikte, bilimsel

amaçlar için kabul edilebilir bir hata oran�na sahip bir sinir a�g�n�n e�gitilmesi genel-

likle büyük miktarda insan etiketli e�gitim verisi gerektirir. Bu tezde, kendi kendine

e�gitim olarak adland�r�lan en eski yar� denetimli ö�grenme yöntemlerinden birini Her

Şeyi Bölütle (SAM) isimli yeni bir model ile destekleyerek herhangi bir işaretli veriye

ihtiyaç duymayan bir hayvan takibi sistemi öneriyoruz. Kendi kendine ö�grenme için

ihtiyaç duyulan ilk veri setini SAM taraf�ndan önerilen konumlar ile de�giştirerek yük-

sek do�gruluklu obje tespit eden modelleri yinelemeli olarak e�gitiyoruz. Yöntemimizin

etkinli �gini göstermek için, bal ar�s� kolonisi verilerimizi ve halka aç�k birkaç hayvan

kolonisi tespiti veri kümesini içeren baz� karş�laşt�rmal� deneyler gerçekleştiriyoruz.
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Deneysel sonuçlar, önerilen yöntemle elde edilen nesne dedektörlerinin, herhangi bir

veri işaretlemeden bilimsel olarak tatmin edici sonuçlara ulaşabilece�gini gösteriyor.

Anahtar Kelimeler: hayvan takibi, bilgisayarl� görü, yüksek yo�gunluklu obje tespiti,

kendine e�gitim, bilgi dam�tma.
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem De�nition

Figure 1.1: Problem de�nition through single image to bounding boxes and track

identities.

The monitoring of animal colonies is fundamental for understanding the dynamics

of the ecosystem, which helps humans to evaluate animal behaviours and propose

effective conservation and agriculture strategies. It provides deep insights into social

organization, movement patterns and behavioural changes of animals, which are vital

for assessing the health of the population and the effects of environmental changes.

Recent successes starting with using neural networks in computer vision have trans-

formed the domain by providing accurate tracking of the individuals. Contrary to

traditional research approaches mostly based on human observations or prede�ned

image processing techniques, which are both error-prone and labour-heavy, deep

learning models can identify individual animals even in complex and dynamic en-

vironments. Furthermore, classical techniques are constrained by the necessity of

precisely restricted experimental setups or attached markers, which preclude their ap-
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plication in monitoring animal colonies in their natural environments. On the other

hand, deep learning-based computer vision methods operate independently of these

restrictions, allowing perfect study of the behavioural study of animal colonies in

wildlife.

Despite their excellent animal detection performance of neural network-based tech-

niques, reaching an acceptable error rate often necessitates vast amounts of human-

labelled training data, which are high-resolution images collected from wildlife of up

to a few hundred annotated bounding boxes. Annotating even a single image can be

a time-intensive process, requiring signi�cant expertise and effort.

1.2 Proposed Methods and Models

This study �rst presents a novel iterative algorithm for training neural network-based

object detectors without using explicitly annotated training data. To train an object

detector, we enhance one of the oldest and most well-known semi-supervised learn-

ing methods called self-training with a recent Segment Anything Model. Initially, a

minimal set of annotated data is generated by utilizing and �ltering the segmentation

maps proposed by SAM [1], which initiates the iterative training process. In each

iteration, the previously trained detector is applied to a randomly selected subset of

the unlabeled data, thereby expanding the annotated dataset. Then, a new detector is

trained from scratch to be used in the following iteration. Through each iteration of

the re�nement process of the object detector, our deep learning models improve their

detection capabilities. Then, we develop a fast object tracker to correctly monitor the

assigned identities of individual animals which uses tracking by detection strategy

with the help of Hungarian Matching and 2D Kalman Filter.

1.3 Contributions and Novelties

Our contributions are as follows:

� We propose a new iterative method to train object detectors effectively without

using human-annotated training data.
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� We investigate the hyper-parameter selection and its effects on the results of

our algorithms.

� We present an end-to-end animal colony tracking framework to monitor the

position and identities of individual animals.

All codes are publicly available on https://github.com/oguzgodelek/Minimally-Supervised-

Tracking-of-Animal-Colonies-with-Iteratively-Trained-Object-Detectors.

1.4 The Outline of the Thesis

The organization of the thesis as follows:

Chapter 2 presents a comprehensive review of current animal tracking systems and

their performance. Additionally, we provide background information on pseudo-label

based semi-supervised object detection and SAM.

Chapter 3 proposes a novel iterative algorithm for training effective object detectors.

Then, we demonstrate the effectiveness of our detectors in our honeybee dataset and

some publicly available object detection datasets.

Chapter 4 includes the tracking of the identity and position of the individuals in exper-

imental video setups. It also contains tracking results using a restricted environmental

setup.

Chapter 5 concludes the thesis and suggests future work to improve the tracking ac-

curacy of individual animals.
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CHAPTER 2

BACKGROUND AND RELATED WORK

In this chapter, we present some related works. This chapter is divided into three

subchapters. First, we demonstrate the state-of-the-art animal detection and tracking

methods and discuss the challenges in the area. Then, we mention the details of

the Segment Anything Model (SAM), which forms the basis of our work. Lastly, we

brie�y mention pseudo-label based semi-supervised learning approaches in the object

detection �eld, which provides another basis of our work.

2.1 Animal Detection and Tracking

Animal tracking research is important in understanding animal behaviour, ecology,

and environmental conservation. Researchers try to monitor animal movements and

behaviours across vast landscapes, revealing critical data on migration patterns and

population dynamics using recent technological devices such as cameras, bio-logging

devices and satellite tracking. This tracking information is critical to managing envi-

ronmental crises like climate change and negative human effects and for developing

effective conservation strategies. Furthermore, animal tracking research often reveals

previously unknown animal behaviours, which are signi�cant to understanding the

dynamics of nature. With the ongoing advancement of technology, animal tracking

promises to provide increasingly precise and detailed insights.

Because the scope of the thesis is tracking the animal colonies using images, we skip

the tracking methods using non-image data such as GPS collars and RFID sensors.

Also, we skip the human observation studies.
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The tracking of the animals using images can be investigated into two mainstream

approaches.

2.1.1 Marker-based Animal Tracking

Marker-based tracking requires the use of physical markers with distinct patterns that

can be uniquely determined by computer vision algorithms and used to calculate the

position and orientation of the attached objects. For years, they have been used in

many daily life applications like camera calibration [2] and ID-aware augmented re-

ality applications [3].

The basic idea behind the creation of the tags is that they possess high-contrast,

matchless, unnatural textures to be easily identi�ed by classical image processing

techniques like contour detection [4]. Generally, they consist of a code matrix of

black and white pixels that each area carries a bit of information and allows deter-

mining the identi�cation number of the attached objects.

Marker-based tracking has also been used for animal behavioural studies in recent

years due to their precision over long-term tracking. For example, Crall et al. create a

25-bit tag system called BEETag [5] (Behavioural Ecology Tag) to study animal be-

haviours and locomotion. Their system reserves 15 bits of identi�cation information

and 10 bits of error correction. They test their system in experiments with bumble-

bees (Bombus impatiens) and reported that the system can correctly identify their tags

with a precision of more than 99%. Blut et al. [6] use AprilTag [7] based 36-bit bar-

code to determine the honey bee (Apis mellifera) behaviours. Alarcon-Nieto et al. [8]

develop an ArUco-based tracking system to be used in populational studies of birds

and test their system using zebra �nches (Taeniopygia guttata).

Although tag systems are used for their accurate re-identi�cation and precise position-

ing capabilities, they introduce signi�cant challenges to behavioural studies. First, the

placement process of the tags requires signi�cant time and labour resources. They

have to be attached by experts one by one. Second, they sometimes detach from

the animal and detachment means losing track of the individual. Also, they degrade

over time and this degradation causes to drop in the detection accuracy. Lastly, the
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placement of the tags requires to interfere with the nature of animals. They have to

be collected and brought to the laboratory, and a marker has to be attached in the

laboratory. Also, tags may cause behavioural changes [9].

2.1.2 Markerless Animal Tracking

Markerless animal tracking is a common approach that uses image processing and

machine-learning techniques to monitor and determine animal movements and be-

haviours without placing physical markers or tags. This family of methods minimizes

potential stress or behavioural changes by eliminating the requirement for direct inter-

action with animals. Also, it is more robust to environmental noise and easier to use.

Besides these, it allows to provision of more advanced data streaming and analysis

such as pose estimation and behaviour detection. These features make them highly

suitable for both laboratory and �eld studies.

In the pre-deep learning era, there were many markerless animal tracking methods de-

veloped using classical image processing techniques. For example, Perez-Escudero et

al. develops a segmentation-based animal tracker named idTracker [10]. The method

is based on background subtraction and blob detection, and tested in zebra�sh (D.

rerio) and medaka �sh (O. latipes). Fontaine et al. [11] propose a multiple worms

(C. elegans) tracking framework under signi�cant occlusion using detailed geometric

models for worm motion and central difference Kalman Filter. Kimura et al. [12]

develops a background subtraction-based honey bee tracker. Although these meth-

ods can show some success in tracking targeted animal species, their performance is

generally limited and outperformed by machine learning-based techniques.

In recent years, neural network-based animal detectors have attracted attention in the

research community since it has been proven that neural network-based models are

very successful in computer vision tasks such as object detection [13] and segmen-

tation [14]. For example, Bozek et al. [15] develop a segmentation-based honey

bee detection approach with 90% accuracy by modifying a well-known CNN net-

work named UNet [16] with recurrent layers. Pereira et al. develop a multi-animal

pose estimation framework called SLEAP [17], which uses various CNN-based neu-

ral network architectures. They test their system using mice, �ies and honey bee
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videos. Also, Mathis et al. develop another continuously evolving animal pose esti-

mation framework called DeepLabCut [18] working with minimal training data (50

- 200 data frames). Over time, it has been proven that it can correctly estimate the

pose of several animal species such as horses, �sh, mice etc. Besides that, Hebert

et.al [19] propose a CNN architecture for pose estimation in nematode worms (C.

elegans). They trained their networks using synthetic data and achieve a 98% correct

pose estimate rate.

The biggest advantage of markerless tracking methods is that they provide a noninva-

sive tracking approach compared to marker-based approaches. Also, they are easily

scalable and adaptable to different species and environmental factors. On the other

hand, the training of these models generally requires a signi�cant amount of human-

labelled training data, which requires several days of expert effort. Furthermore, al-

ternating environmental conditions can badly affect the tracking performance. Lastly,

they generally require a considerable amount of computer resources. These three

challenges make it dif�cult to use computer vision algorithms in animal research.

Therefore, data-ef�cient, easily retrainable and lightweight computer vision systems

are crucial for the future of the �eld.

2.2 Segment Anything Model (SAM)

Foundation models represent a groundbreaking innovation in deep learning research.

They provide a strong basis for a vast amount of downstream applications. These

models are huge transformer-based [20] models pre-trained on massive datasets through

self-supervised learning. This pre-training gains them ability to encode comprehen-

sive and generalizable data representations. Foundation models have their greatest

impact on NLP �eld, named Large Language Models, with their strong zero-shot per-

formance. The most prominent examples of Large Language Models are GPT [21]

and BERT [22].

Also, there are some other foundation models to serve as comprehensive platforms

in other �elds, mainly for data generation according to the given text. For exam-

ple, DALL-E [23] is a foundation model for zero-shot text-to-image generation, Mu-
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sicGen [24] is for text-to-music generation, and StarCoder [25] is for text-to-code

generation. Also, foundation models can be multi-model. That means that it allows

different types of data as input. For example, GPT-4 [26] can take images and text as

input.

Figure 2.1: SAM overview, taken from [1]

The Segment Anything Model (SAM) [1] is a seminal advance developed by META

in the computer vision �eld. Their goal is to create a foundation model for image

segmentation. SAM is also a promptable segmentation model that is able to generate

segmentation masks according to text, point or box prompts. It is trained in a mas-

sive dataset containing one billion segmentation masks from eleven million images.

It possesses a signi�cant zero-shot image segmentation capability, which enables it

to be used in several areas including medical images [27] and remote sensing [28].

Also, SAM 2 [29] allows to segment videos using the same architecture with memory

attention modules.

Although SAM demonstrates great performance on image segmentation tasks, it pos-

sesses some challenges for practical application. First, it requires signi�cant compu-

tational resources due to its ViT-based [30] image encoder. To solve the issue, several

architectural modi�cations are proposed to reduce the computational requirements in

the literature such as FastSAM [31] and MobileSAM [32]. Furthermore, its capabili-

ties are limited in some applications [33].

2.3 Pseudo-label Based Semi-Supervised Object Detection

In recent years, neural networks have greatly succeeded in various domains like object

detection [13] and image segmentation [16]. Despite their great success, these models

require a vast amount of human-labelled training data, which is a time-consuming
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process. However, the semi-supervised learning method is a strong machine learning

method proposed to overcome this challenge.

The main idea is to use unlabelled and labelled data while training a neural network by

making some assumptions about unlabelled data. The �rst assumption is the smooth-

ness assumption, which means if two points are close in a high-density region, their

outputs are likely to be close to each other. The second assumption is the manifold

assumption, which means the points in a higher dimensional space with the same la-

bels lie in the same manifold in a lower dimensional space. The last assumption is the

low-density assumption, which states that the decision boundary should pass through

a low-density region [34].

Using these three assumptions, many methods have been proposed in the literature.

Although many methods use different kinds of pseudo-labelling strategies, there are

some methods using other semi-supervised learning strategies such as consistency

regularization, whose strategy is to minimize the difference between the output of the

different perturbations of the same images [35].

Pseudo-labelling, which is sometimes called as self-training, is one the oldest method-

ologies in semi-supervised learning history. The main idea is to generate pseudo-

labels for unlabelled data and use them during training machine learning methods.

More speci�cally, this technique proposes training an initial learning model. Then,

the trained model is applied to the unlabelled data, and pseudo-labels are generated

using the initial model. After the selection of created pseudo-labels, a new model is

trained with the augmented data set formed by the old data and new data, and this loop

continues until convergence. The expectation is that the model re�nes itself during

these self-guided training loops. Many studies prove the effectiveness of self-training

in different domains and uses different pseudo-label creation and selection strategies.

For example, Rosenberg et al. [36] develop a wavelet transform and search-based

object detector. Vandeghen et al. [37] adapts a score histogram-based self-training

for object detection using the teacher-student framework. Liu et al. [38] proposes a

pseudo-labelling framework for both anchor-free and anchor-based object detectors.

Furthermore, Hang et al. [39] develops a soft-label based pseudo-labelling approach.

On the other hand, although they are not actually semi-supervised learning algo-
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rithms, it is worth to mention that some algorithms uses weak label strategy to gener-

ate pseudo-labels such as [40, 41], which use point prompts to generate pseudo-labels

besides the labelled dataset.
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CHAPTER 3

TRAINING OBJECT DETECTORS VIA ITERATIVE SELF-TRAINING

ENHANCED BY SEGMENT ANYTHING MODEL

Object detection is a widely recognized �eld in computer vision research because it

has great potential in several daily and business applications. The basic goal is to de-

termine some rectangular areas on an image that contains interesting objects and their

types. Object detectors reach limited success in the pre-deep learning area, although

they use complex mathematical models and representations. However, starting from

the deep learning revolution, some neural network models like Convolutional Neural

Networks (CNN) [42] and Vision Transformers (ViT) [43] signi�cantly exceed the

performance of the previous models in terms of detection accuracy and precision.

Although deep learning-based object detectors demonstrate great performance, they

have a major drawback. They are primarily trained in a supervised training scheme

which requires lots of training images with their bounding box annotations. In an

application like individual animal detection, even annotating a single image can be

burdensome because some animal colonies like social insects can contain several hun-

dreds or thousands of individuals. The labour requirement of the annotation process

limits the usability of these methods.

Furthermore, animal detection is prone to the distribution shift in the data. Different

lighting conditions and contamination of the experimental setup can badly affect the

incoming images and it causes a performance degradation in object detection. As a

result, retraining of the model with the new data is required and new data requires

new annotations.

Semi-supervised learning is the approach of reducing the need for data annotations us-
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ing labelled and unlabelled data together during training. Generally, semi-supervised

learning algorithms use a small subset of annotated data and a huge unlabelled data

during training. Mainstream methods exploit the basic assumptions about data like

similar data points in higher dimensional space lying on a similar manifold in a lower

dimensional space. Although the method demonstrates similar performances with

supervised learning-based methods, they also require initially annotated data.

Self-training or self-directed machines is one of the oldest methods in semi-supervised

learning. The main idea behind the method is to iteratively learn a model such that

it can pseudo-annotate new data at each iteration. In the past, lots of research has

proven the correctness of the method on several applications [36, 37].

However, in the default setting, it requires initially annotated data. In our method,

we feed the self-training algorithm with the unreliably annotated images by SAM

and examine the performance of the method in the animal detection task without

labelling any new data. Then, we report the evaluation metrics with different initial

data selection methods and self-training con�gurations.

3.1 Initial Dataset Generation Using SAM

Semi-supervised learning methods leverage both labelled and unlabelled data to learn

a prediction function. Self-training is a family of semi-supervised learning approaches

that iteratively re�ne a model. In this method, an initial model is trained on a small set

of human-labelled data, and it is used for generating new predictions on unlabelled

data to augment the dataset. This iterative process is based on the model's ability to

produce accurate pseudo-labels and the assumptions of the smoothness of the data.

The quality of the initial labelled data is important in iterative semi-supervised al-

gorithms because it creates a foundational model to generate reliable pseudo-labels.

An initial dataset created carefully ensures that the model begins with robust assump-

tions of the data, reducing the risk of propagating errors during the iterative pseudo-

labeling process. However, weak initial data may cause noisy pseudo-labels, which

may lead to poor model convergence over successive iterations. Therefore, the suc-

cess of iterative methods depends on the quality and representativeness of the initial
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