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Abstract

This Master thesis addresses the challenge of embryo selection in IVF,

aiming to improve pregnancy outcomes through more objective methods. It

proposes an intelligent system for automatically classifying human embryo

developmental stages using time-lapse imaging. The study compares 2D and

3D CNNs to assess spatial information and explores temporal models like

TimeSformer to capture embryo dynamics. A hierarchical classification strategy

is also introduced to handle 15 developmental phases. Results show that while

2D CNNs provide a solid baseline, temporal models significantly outperform

them by leveraging morphokinetic features, highlighting the potential of AI to

enhance accuracy and consistency in embryo selection.

keywords: In Vitro Fertilization (IVF), Embryo Classification, Deep

Learning, Time-Lapse Imaging, Convolutional Neural Networks (CNN), Vision

Transformer, TimeSformer, Temporal Modeling, Hierarchical Classification
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Résumé

Ce travail de master aborde le défi de la sélection d’embryons en FIV, visant

à améliorer les résultats de grossesse grâce à des méthodes plus objectives.

Elle propose un système intelligent de classification automatique des stades de

développement de l’embryon humain par imagerie accélérée. L’étude compare

les réseaux neuronaux convolutif 2D et 3D pour évaluer les informations

spatiales et explore des modèles temporels comme TimeSformer pour capturer

la dynamique embryonnaire. Une stratégie de classification hiérarchique est

également introduite pour gérer 15 phases de développement. Les résultats

montrent que si les réseaux neuronaux conjoncturels 2D constituent une

base solide, les modèles temporels les surpassent nettement en exploitant les

caractéristiques morphocinétiques, soulignant ainsi le potentiel de l’IA pour

améliorer la précision et la cohérence de la sélection d’embryons.

mots-clés: Fécondation in vitro (FIV), classification des embryons,

apprentissage profond, imagerie accélérée, réseaux de neurones convolutifs

(CNN), transformateur de vision, TimeSformer, modélisation temporelle,

classification hiérarchique
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Introduction

In Vitro Fertilization (IVF) has significantly changed the field of Assisted

Reproductive Technology (ART), offering renewed hope to countless couples

striving to achieve parenthood. IVF is a way that effectively help human eggs

and sperm meet outside the body to aid in achieving a successful pregnancy.

Yet, despite its promise, one of the most critical and unresolved challenges in

IVF remains the selection of the most viable embryo for transfer.

Identifying which embryo has the highest potential for implantation and

healthy development is a complex task. Traditionally, embryologists have relied

on Humain observation and subjective morphological assessments practices,

despite years of refinement, remain limited in accuracy and consistency. The

continued reliance on such subjective evaluations has led to high rates of false

positives and false negatives, ultimately contributing to missed opportunities and

suboptimal outcomes in many clinics. Even in well-intentioned and rigorously

managed centers, embryo selection often suffers from imprecision, leading to

failed cycles that cannot always be ethically or clinically justified.

This master thesis addresses these limitations by proposing the development

of an intelligent system designed to automatically classify embryos based on

their implantation potential. To achieve this goal, we rely on deep neural

networks, computer vision algorithms, and established techniques from the field

of Artificial Intelligence (AI). These tools are leveraged to create a robust and
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Introduction

interpretable model capable of assisting clinicians in making more informed and

objective decisions during IVF cycles.

This study is focused on three main goals:

• Enhance the prediction of embryo viability using deep learning models

applied to time-lapse imaging data.

• Improve the accuracy of embryonic phases classification by exploring and

comparing various deep learning methods.

• Leverage the temporal information embedded in time-lapse sequences by

investigating transformer-based models to enhance the precision of embryo

phase detection.

This work is part of a broader research project conducted in collaboration

with Brest University Hospital, and LabISEN - Yncréa Ouest. The goal

is to create a fully dependable and practical system for choosing embryos using

advanced deep learning techniques that can minimize diagnostic mistakes and

enhance patient results.

Throughout this work, each section aims to provide a clear and structured

presentation of the key concepts and techniques that form the foundation of our

system, highlighting their role within the overall analytical and decision-making

pipeline. The structure of this research is organized as follows: Chapter 1 gives

an overview of the clinical setting, explaining the IVF process, past techniques

for choosing embryos, and the difficulties involved in evaluating embryo quality.

Chapter 2 provides a detailed overview, examining current AI-based methods

in embryology, the datasets that are accessible to the public and a description of

the dataset we used. This chapter wraps up by pointing out important research

gaps and laying out our proposal to tackle them. In Chapter 3, we go over

2
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our experimental methods and the findings from our exploration of various deep

learning architectures, which are central to the technical contributions of this

study. In conclusion, this section wraps up the main findings, discusses the

goals that were met, and suggests possible areas for future research.

3



Chapter I:
Foundations of In Vitro Fertilization

“The way to get started is to quit talking and begin
doing.”

– Walt Disney

4



Foundations of In Vitro Fertilization

1 Introduction

IVF is a medical procedure that has enabled many couples facing infertility to fulfill
their desire to have children. One of the most critical steps in the IVF process is the
selection of the embryo to be transferred, as this decision significantly influences the
chances of a successful pregnancy.

This chapter provides an overview of the key stages involved in the IVF procedure.
It also traces the evolution of embryo selection practices, from early approaches based
solely on visual assessment to more recent techniques incorporating advanced imaging
and genetic testing. Finally, the chapter highlights the limitations and challenges
associated with current methods, underscoring the need for more objective, accurate,
and scalable solutions in embryo evaluation.

2 In Vitro Fertilization and Embryo Selection

2.1 Overview of the clinical IVF process

IVF has changed the world of ART for the rising number of infertile couples seeking
to create a family. Globally, it is estimated that 1 in 6 couples experience infertility
at some point in their lives [1], which accounts for about 17% of the adult population.
This intricate suite of clinical and laboratory methods manipulates human eggs and
sperm outside the body in an attempt to facilitate a successful pregnancy. Procedures
differ based on each couple’s circumstances, but a typical IVF cycle typically follows
several major phases, as illustrated in Figure 11.

Figure 1: Key Stages in the In Vitro Fertilization Procedure

The steps of IVF are :
1https://www.imprimisivfsrinagar.com/what-are-the-five-stages-of-ivf/
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Foundations of In Vitro Fertilization

• Ovarian stimulation : The IVF process begins with controlled ovarian
stimulation using injectable gonadotropins to encourage the development of
multiple follicles. Unlike a natural cycle that produces one egg, IVF aims to
retrieve 10–15 mature oocytes to enhance success rates. The stimulation protocol
is individualized based on age, ovarian reserve, and clinical profile to balance
efficacy with safety, particularly to reduce the risk of ovarian hyperstimulation
syndrome (OHSS).

• Oocyte and Spemen retrieval : Once follicles reach optimal maturity, oocyte
retrieval is performed under sedation using transvaginal ultrasound guidance. A
fine needle is used to aspirate oocytes from the ovarian follicles. On the same day,
a semen sample is collected from the partner, preparing them both for fertilization.

• Fertilization : In the laboratory, mature oocytes are fertilized with processed
sperm via conventional insemination or Intracytoplasmic Sperm Injection (ICSI)
a technique often used for male factor infertility. Fertilization is assessed 18
hours later by the presence of two pronuclei, indicating successful formation of a
zygote.

• Embryo culture and transfer : After fertilization, embryos are cultured in
specialized incubators that replicate the uterine environment. Their development
is continuously monitored from the cleavage and morula stages through to
the blastocyst stage, typically reached by day 5 or 6. This developmental
progression enables embryologists to evaluate and select embryos with the highest
implantation potential. Selected embryos are then carefully transferred into the
uterus using a fine catheter, often guided by ultrasound. A pregnancy test is
performed approximately 9–10 days later. High-quality surplus embryos may be
cryopreserved for future transfer, thereby increasing the cumulative chances of a
successful pregnancy.

2.2 Embryo selection: historical development

Since its introduction over forty years ago, embryo selection has been a major idea
in IVF. Two main early events combined to create it: the clinical requirement to lower
the number of embryos transferred to prevent multiple pregnancies and the use of
gonadotropin stimulation to improve embryo availability. Too many embryos for a safe
transfer produced a natural requirement for choosing the most viable embryo.

6



Foundations of In Vitro Fertilization

The early apparent success of simple selection strategies led to a strong belief
in the "selectability" of embryos [2], therefore motivating the field to seek more
sophisticated methods. Support from professional associations and major corporate
funding really boosted this perspective and accelerated the research and application of
embryo selection technologies in clinical settings.

As time has passed, studies have progressively improved the methods for selecting
embryos, evolving from simple visual evaluations to more refined technologies like
time-lapse imaging and genetic testing. Even though some advancements have been
achieved, current research is focused on enhancing accuracy and customizing selection
strategies for each patient.

2.3 Major embryo selection strategies

With the aim of enhancing IVF results, different approaches have been created and
put into practice over time to evaluate embryo quality and choose the most suitable
candidates for transfer. These can be broadly categorized:

• Morphological assessment: This is the most widely adopted grading method
for evaluating embryos at the blastocyst stage (typically on Day 5 or 6 of in
vitro development). Known as the Gardner grading system [3], it involves the
visual assessment of three key morphological features under a microscope: the
degree of blastocyst expansion, the quality of the inner cell mass (ICM), and
the appearance of the trophectoderm (TE). Each embryo receives a composite
score, such as 4AB, where the first digit indicates the expansion stage, the first
letter reflects ICM quality, and the second letter indicates TE quality. Table 1
summarizes the Gardner grading scheme used in clinical embryology.
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Table 1: Gardner Grading System for Blastocyst-Stage Embryo

Grading Component Grade Description

Expansion Stage

1 Early blastocyst: cavity < 50% of embryo volume

2 Blastocyst: cavity > 50% of embryo volume

3 Full blastocyst: cavity completely fills the embryo

4 Expanded blastocyst: cavity larger than early embryo,
zona pellucida is thinning

5 Hatching blastocyst: trophectoderm begins to
herniate through the zona

6 Hatched blastocyst: embryo has completely escaped
from the zona pellucida

Inner Cell Mass (ICM)

A Tightly packed, many cells

B Loosely grouped, several cells

C Very few, poorly organized cells

Trophectoderm (TE)

A Many cells forming a cohesive epithelium

B Few cells forming a loose epithelium

C Very few, irregularly shaped cells

Example Grade 4AB Expanded blastocyst (Grade 4) with Grade A ICM
and Grade B TE

• Preimplantation genetic testing for Aneuploidy (PGT-A): This technique
involves biopsying a small number of cells from the embryo (usually from the
TE at the blastocyst stage) and testing them for chromosomal abnormalities
(aneuploidy). The aim is to select chromosomally normal (euploid) embryos for
transfer, as aneuploidy is a major cause of implantation failure and miscarriage
[4].

• Morphokinetics using Time-Lapse Imaging (TLI): TLI systems incorporate
cameras into incubators, allowing for continuous monitoring and recording
of embryo development without removing embryos from their stable culture
environment. This generates detailed data on the timing of cell divisions and
other dynamic developmental events (morphokinetics), which can be used for
assessment [5].

• Omics technologies: These methods focus on the molecular profile of the
embryo or its environment. Examples include metabolomics (analyzing small

8



Foundations of In Vitro Fertilization

molecules consumed or released by the embryo into the culture medium) and
proteomics (analyzing proteins secreted by the embryo - the secretome) [6]. These
are typically non-invasive approaches seeking molecular biomarkers of viability.

Each of these strategies aims to overcome the limitations of the previous ones,
particularly the subjectivity and limited predictive power of traditional morphology.
However, as will be discussed in the following section, each method also presents its
own unique set of challenges, limitations, and controversies regarding its clinical utility
and impact on IVF outcomes.

3 Challenges in Embryo quality assessment

Even though choosing embryos has been a key part of IVF for many years, figuring
out how to assess embryo quality and predict how well they will develop is still a big
challenge in ART. Even with all the new technology, the assessment methods we have
today, from the old-school grading systems to genetic tests, still have major drawbacks
that limit how useful and trustworthy they are in clinical settings.

3.1 Limitations of traditional morphological grading

Morphological assessment is about looking at the structure of embryos at certain
stages of development, usually on Day 2/3 during the cleavage stage and Day 5/6
when they reach the blastocyst stage. Grades are assigned based on a variety
of conditions including number of cells, symmetry, fragmentation and blastocyst
expansion, according to grading systems such as those developed by Gardner and
Schoolcraft, as described in Section 2.3. However, this technique has some
disadvantages:

• Variability in observations: Embryologists can produce a expansive variation
in results and thus even two observations from the same observer may not be the
same. Although international guidelines (e.g., Istanbul Consensus) [7] attempt to
standardize criteria, inconsistencies across clinics persist.

• Limited predictive accuracy: Morphological grading provides only moderate
predictive value for implantation and live birth outcomes, with usual very low
Accuracy values.

• Static nature: Evaluations rely on observations from a single moment,
overlooking significant dynamic developmental occurrences like the timing of
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division and synchrony.

Despite these limitations, morphological grading remains widely utilized because it is
simple, non-invasive, and cost-effective. Still, its limitations show that we really need
better and fairer ways to evaluate things.

3.2 Challenges of emerging technologies

A bunch of ideas have been developed to tackle the issues with outdated methods,
but they face some pretty tough challenges too:

• Time-Lapse Imaging: allows for ongoing observation of embryo development,
recording complex morphokinetic details while ensuring stable culture conditions.
Research shows that using TLI for selection doesn’t really improve outcomes when
compared to the usual morphological assessment [8]. The effort needed for manual
analysis and the high cost of equipment make it challenging for many to use it
broadly. The primary value of TLI could instead be in the development of AI
tools by providing detailed datasets.

• Omics technologies: such as Metabolomics and Proteomics have been
developed to assess embryo viability non-invasively by evaluating molecular
signatures in collected spent culture media. While metabolomic and proteomic
profiles can show if an embryo is viable, the current methods are complex,
expensive, and not really ready for routine clinical use at this point. Identifying
reliable biomarkers that are effective across various patients and circumstances
remains a significant challenge.

4 Conclusion

Embryo selection remains one of the most critical and complex challenges in the
IVF process. For a long time, scientists would just look at embryos to grade them, but
this method isn’t always accurate and can be inconsistent. More recent advances, like
genetic testing and time-lapse videos offer more information, but they are expensive,
complicated, and don’t always improve success rates. The key takeaway is that even
with new tools, the process of selecting the most viable embryo is still far from
being an exact science. Looking ahead, a more effective strategy will likely involve
integrating multiple sources of information : morphological, temporal, and genetic,
potentially enhanced by artificial intelligence, to support more informed and reliable
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clinical decisions.

The next chapter provides a detailed review of recent advances in AI-based embryo
selection systems, with particular emphasis on available datasets, model architectures,
and the main challenges in developing clinically robust solutions.
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Chapter II:
Related works of AI-based approaches for
Embryo selection in IVF

“If we knew what it was we were doing, it would not
be called research, would it?”

– Albert Einstein
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1 Introduction

This chapter provides an overview of the current state of research on the use of
AI in embryo selection for IVF. While AI holds significant promise for improving
decision-making in this context, several critical challenges are holding it back. One
major limitation lies in the restricted accessibility of training data. Most datasets
used to develop AI models are private, limiting transparency, reproducibility, and
the ability to benchmark different approaches. Furthermore, many existing models
are trained on data from only a few clinics, so they may not work well for a wider
population. Additional obstacles include the reliance of some AI systems on single
static images, rather than leveraging the full temporal dynamics available in time-lapse
embryo imaging. Moreover, the lack of interpretability—often referred to as the "black
box" nature of AI—can lead to reluctance among clinicians to trust and adopt these
tools.

In light of these issues, this chapter reviews the most relevant AI-based approaches
in the literature, highlights their strengths and limitations, and identifies key
methodological gaps. These insights form the basis for the experimental strategies
proposed in this thesis, which aim to address current limitations through improved
spatial-temporal modeling and more interpretable, clinically relevant solutions.

2 Studies review and gap analysis

The application of artificial intelligence AI in embryo assessment for IVF has seen
significant advancements, yet several challenges persist. A primary concern is the
limited availability of publicly accessible, annotated datasets. Many studies, such as
the early work by Bormann et al.[9] with low-cost imaging systems or the extensive
dataset described by Zhylko et al. [10] which, while detailed, remains private, rely on
proprietary data. This common practice, as pointed by Kromp et al. [11] (2023) in
their appeal for public benchmarks ,makes it difficult to validate externally and limits
how well AI models can be applied in different clinical environments. Notably, the
dataset provided by Gomez et al. [12] stands out because it includes high-resolution,
multi-focal time-lapse videos along with detailed annotations, which makes it a really
important resource in a field where data is often limited..

Data diversity remains another critical issue. AI models, like the one for automated
blastomere counting developed by Moradi Rad et al. [13], are often trained on data
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from a limited number of clinics, raising concerns about their applicability to broader
populations. For example, Khosravi et al. [14] developed the STORK model using
time-lapse and clinical data, achieving high accuracy but underscoring the necessity
of multi-center datasets to ensure robust model generalization when they tested it on
external clinic data.

Temporal modeling of embryo development is essential for capturing dynamic
biological processes, yet some AI approaches rely on static images or a few discrete
time points, potentially missing critical developmental transitions. Borna et al. [15]
looked into using three static images taken from various early time points. On the
other hand, Liao et al. [16] showed that using longer time-lapse sequences can help
capture morphokinetic changes better and enhance predictive performance. the The
benefits of including temporal information were also highlighted by Wang et al. [17]
who examined different multi-frame architectures using time-lapse data to analyze
embryo morphology

The "black box" nature of many deep learning models remains a barrier to clinical
adoption, as clinicians are often hesitant to rely on cloudy technology. While
explainable AI techniques have been proposed to address this issue, their incorporation
into embryo assessment workflows is still limited and and more effort is required to build
practitioners’ trust. Bormann et al. [18] emphasized the importance of consistency and
objectivity that AI can bring, which is crucial for building clinician confidence. The
importance of AI in maintaining quality control, As demonstrated by Bormann et al.
[19], the significance of AI in upholding quality control is linked to the requirement for
trustworthy and transparent models.

Combining imaging data with patient-specific clinical information is a step closer in
enhancing embryo assessment. Studies like those by Raef et al. [20] and Bormann et al.
[18] have shown that integrating clinical and image-based features can significantly rise
predictive accuracy. Patil et al. [21] also showed improved clinical pregnancy prediction
by combining static images with clinical records. Other studies have focused purely on
clinical or embryologist-derived data, using traditional machine learning techniques as
seen in Blank et al. [22] with Random Forests or Uyar et al. [23] with Naive Bayes,
further highlighting the diverse data types available for predictive modeling. However,
refined multi-modal data fusion, for example combining 3D graph representations from
focal stacks as explored by He et al. [24] with clinical data, remains an area with
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significant opportunity for future researchs.

To overcome these challenges, there is a pressing need for the development and
sharing of diverse, well-annotated public datasets. Initiatives like that of Kromp et al.
[11], who utilized transformer-based architectures on publicly available static images,
exemplify efforts toward transparency and reproducibility. Continued advancements in
temporal modeling and explainable AI, along with strategic multi-modal integration,
will be critical to creating reliable, transparent, and clinically applicable embryo
assessment tools that can ultimately improve IVF outcomes.

3 Datasets and AI-based Embryo classification studies

Some publicly accessible embryo imaging datasets have enabled recent advances
in AI-based embryo viability and morphology prediction. A recent public dataset
is from Kromp et al. (2023) [11], which consists of 2,344 static blastocyst-stage
images (PNG format) annotated with Gardner grading criteria (expansion, inner
cell mass, trophectoderm) These images (available via Figshare 1) enable training
of DL models for blastocyst morphology.another dataset is the one provided by
Gomez et al. A Time-Lapse Video Dataset 2 that is among the most prominent
public resources. It comprises 704 developing human embryos recorded over 0–6 days
post-fertilization with multi-focal imaging [12], providing a rich source of temporal
information for morphokinetic analysis. Deep learning models leveraging this dataset
have demonstrated strong predictive performance:

• Kalyani et al. (2024) [25] trained a hybrid CNN–RNN model using ResNet50 for
feature extraction followed by a GRU, analyzing daily TLM frames from Day 0
to Day 3 to predict blastocyst formation. Their model achieved 93% accuracy on
a held-out validation set.

• Barhoun et al. (2025) [26] classified human embryo developmental stages using
an enhanced R(2+1)D (3D CNN) model for initial predictions from optimized
time-lapse datasets, followed by dynamic programming (Viterbi algorithm) to
refine stage sequences across 15 developmental stages. Their model achieved
93.3% overall accuracy on their test set.

However, to the best of our knowledge, the applications of Vision Transformer (ViT)
1https://figshare.com/articles/figure/Blastocyst_dataset_zip/20123153/3?file=39348899
2https://zenodo.org/records/6390798#:~:text=
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and/or other transformer-based architectures to the Gomez dataset remain limited. In
addition, several other publicly available and multi-center datasets have also supported
AI development for embryo evaluation:

• Tran et al. [27] introduced the IVY model, a CNN trained on 10,638 time-lapse
videos from 8 IVF clinics internationally. IVY directly predicts fetal-heart
pregnancy from raw TLM videos, achieving a high average AUC of 0.93
across 5-fold cross-validation and comparable performance on external validation
sets. This model outperformed traditional morphokinetic scoring and showed
robustness across clinics.

• Khosravi et al. [14] developed STORK, an Inception-V1 CNN trained on
1,930 time-lapse images from Weill Cornell. STORK classified good vs. poor
quality blastocysts with 96.94% image-level accuracy and AUC 0.987, and 97.5%
accuracy at the embryo level using a voting scheme.

Although public datasets are rare, multi-center collaborations and private
clinical datasets have been pivotal in advancing AI-based embryo evaluation.
Table 2 summarizes the datasets, reported performance metrics, and their
availability, highlighting the diversity of AI techniques and clinical outcomes
explored—predominantly using private data.
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Table 2: Overview of studies employing AI for embryo evaluation using different AI techniques

Author Data Type AUC AI Technique Output Available
Embryo assessment at blastocyst stage

Chavez-Badiola et al. (2020) [28] Static Images 79 Deep Neural Network Embryo aneuploidy No
VerMilyea et al. (2020) [29] Static Images 64 ResNet-Inception Embryo morphology No
Kragh et al. (2019) [30] Time-lapse 69 CNN-RNN Embryo morphology No
Rad et al. (2019) [31] Static Images + Clinical Record 71 Compact-Contextualize-Calibrate Clinical pregnancy No
Bormann et al. (2020a) [18] Static Images + Clinical Record 90 CNN Embryo morphology No
Blank et al. (2019) [22] Clinical Record 74 Random Forest Clinical pregnancy No
Bormann et al. (2020b) [9] Static Images 52 CNN Embryo morphology No
Khosravi et al. (2019) [14] Time-lapse + Clinical Record 98 STORK (Inception-V1) Embryo morphology No
Loewke et al. (2022) [32] Static Images 75 ResNet ×3 Morphology—Ongoing pregnancy No
Borna et al. (2024) [15] Static Images 75 DeepEmbryo Clinical Pregnancy No

Embryo assessment at cleavage stage
Coticchio et al. (2021) [33] Time-lapse 83 LSTM Embryo morphology No
Rad et al. (2018) [13] Static Images 94 UNet Embryo morphology No
Bormann et al. (2021) [19] Static Images 59 CNN Embryo morphology No
Wu et al. (2021) [34] Static Images 74 CNN Embryo morphology No
Liao et al. (2021) [16] Time-lapse 72 DenseNet201 + Focal Loss + LSTM Embryo morphology No
Uyar et al. (2009) [35] Clinical Record 71 SVM Clinical pregnancy No
Uyar et al. (2015) [23] Clinical Record 80 Multiple Classifiers Clinical pregnancy No
Hariton et al. (2021) [36] Clinical Record 68 LightGBM (Decision Tree) Clinical pregnancy No
Raef et al. (2020) [20] Clinical Record 90 Random Forest Clinical pregnancy No
Kromp et al. (2023) [11] Static Images 74 XCeption + DeiT + Swin Transformer Embryo morphology Yes
He et al. (2023) [24] Static Images 62 GNN Embryo morphology No
Wang et al. (2023) [17] Time-lapse 77 ResNet-R(2+1)D Embryo morphology No

Embryo assessment at cleavage and blastocyst stage
Patil et al. (2019) [21] Clinical Record + Static Images 86 CNN Clinical pregnancy No
Sawada et al. (2021) [37] Time-lapse 67 ResNet + Attention Live birth No
Tran et al. (2021) [27] Time-lapse 93 CNN clinical pregnancy No

Full Developmental Stage Assessment of Embryo
Gomez et al. (2022) [38] Time-lapse 73 R2Plus1D + LSTM Embryo phase Yes
Zhylko et al. (2024) [10] Time-lapse + Clinical Record N/A N/A Embryo phase + Clinical Pregnancy + Embryo Morphology No
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4 Gomez et al’s Dataset

4.1 Dataset description

In this master thesis, we focus one the dataset introduced by Gomez et al [12],
which represents one of the most substantial publicly accessible resources for time-lapse
embryo analysis. This dataset consists of 704 time-lapse videos of developing human
embryos sourced from ICSI cycles conducted at Nantes University Hospital. Image
acquisition was performed using an Embryoscope time-lapse system, which captured
images every 10 to 20 minutes with a 635 nm LED light source and Hoffman’s contrast
modulation optics. For each of the 704 embryos, videos are available from seven distinct
focal planes [12], resulting in a total of 2.4 million images. The images are provided as
500×500 pixel, grayscale JPEG files.

A key feature of this dataset is its highly detailed annotations, which were performed
by qualified embryologists. These annotations mark the specific timing of 16 distinct
cellular events based on the nomenclature proposed by Ciray et al [39]. The events
track the entire development from second polar body appearance (tPB2) and pronuclei
dynamics (tPNa, tPNf) through all cleavage stages (t2 to t9+), compaction (tM), and
finally blastocyst formation, expansion, and hatching (tSB, tB, tEB, tHB) as Illustrated
in Figure 2.

Figure 2: All of the 16 development stages presented in the dataset.

To make the data suitable for deep learning, these event timings were used to assign
a classification label to every frame of the videos. A frame showing a specific event
is labeled as such, while subsequent frames are assigned the label of the most recent
event until a new one occurs. The dataset deliberately includes both 499 embryos
considered viable for transfer and other embryos that were discarded due to poor
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development, capturing a wide variety of normal and abnormal morphokinetic features.
This granular, frame-by-frame labeling is designed to support the development and
comparative evaluation of deep learning models for automated embryo assessment.

4.2 Focal Plane

The dataset provides comprehensive imaging by including seven different focal
planes for each of the 704 embryo videos (see Figure 3). An embryo is a
three-dimensional object, and the ability to change the focal plane of the microscope
allows for a better visualization of its structure. The available focal planes are:

Figure 3: An Illustration Example of the seven focal planes presented in this dataset ranging
from F- 45 to F+45.

• F-45, F-30 and F-15: are lower focal planes, capturing deeper layers of the embryo.

• F0: is The central focal plane, providing the most balanced and sharpest image.

• F+15, F+30 and F+45: are higher focal planes, capturing the outer layers of the
embryo.

The data is organized into separate compressed folders for each focal plane. The
main folder, embryo_dataset.tar.gz, contains the videos from the central focal plane,
F0. Six other folders, named embryo_dataset_X.tar.gz (where X is one of the
alternative plane labels), contain the videos recorded at those specific focal settings.
Each of these folders contains the full set of 704 videos, each captured entirely at that
specific focal plane.
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4.3 Issues related to Gomez et al. dataset

While the dataset provided by Gomez et al. represents a significant and valuable
contribution to the field of embryo analysis, it presents several fundamental challenges
that complicate the training of deep learning models—particularly in terms of data
imbalance and data quality.

The dataset exhibits two primary forms of imbalance :

1. There is a significant disparity in the number of images associated with each
developmental stage (see Figure 4),

Figure 4: Distribution of Frames Across Phases.

2. The number of annotated stages varies widely between videos, ranging from 6
to 16 (see Figure 5). This can lead to inadequate training for underrepresented
stages like t3, t5, and t7. Furthermore, the dataset suffers from data quality
problems, including misannotated images and the labeling of blurry or unclear
frames. In some videos, all frames were found to be incorrectly annotated as
belonging to a single, earlier phase, while in others, frames were simply annotated
incorrectly (see Figure 6).

These issues necessitated careful data refinement to ensure the accuracy and
reliability of the training process.
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Figure 5: Distribution of Phase Counts Across Videos.

Figure 6: Examples of corrupted images include: (1) overexposed frames, (2) empty images
mislabeled as tEB, (3) blurred frames, (4) underexposed (excessively dark) images, (5)
unidentifiable images mislabeled as valid stages, and (6) misaligned frames with the camera.
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5 Research positioning and proposed approach

In light of the gaps and limitations identified in the current state of the art,
particularly regarding data imbalance, static image analysis, lack of temporal modeling,
and the opacity of AI systems—this work proposes a multi-faceted experimental
framework to advance the field of automated embryo classification in IVF.

Our proposed approach directly addresses the shortcomings of traditional pipelines
by introducing more expressive architectures and targeted strategies tailored to the
complexity of embryo development. The core methodology is structured around three
main objectives:

• First, to establish the value of comprehensive spatial information, we will directly
compare the performance of a traditional 2D CNN model with a 3D CNN model
that can process volumetric data from multiple focal planes.

• Second, to address the need for robust temporal modeling, we will evaluate and
contrast a baseline temporal model with a state-of-the-art Vision Transformer
architecture, the TimeSformer, to better capture the dynamic development of the
embryo.

• Third and Finally, to tackle the complexity of classifying numerous
developmental stages, we will introduce and test a hierarchical approach ’Divide
and Conquer’ strategy, which aims to improve accuracy by training specialized
models on distinct phases of embryonic development.

6 Conclusion

This chapter has outlined the current landscape of AI-based approaches for
embryo selection, highlighting both their potential and their limitations. Despite
promising advances, challenges related to data availability, generalizability, and model
interpretability persist. The dataset proposed by Gomez et al., while valuable, also
illustrates the typical issues faced when training AI models on real-world clinical data.

In response to these challenges, we have introduced a structured experimental
framework designed to improve embryo classification through enhanced spatial and
temporal modeling, as well as stage-specific specialization. The next chapters detail
the implementation of these methods, the preprocessing pipeline, and the evaluation
strategies used to assess their clinical relevance and robustness.
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The next chapter will present a detailed description of the proposed methods, the
experimental setup, and the results obtained, along with a critical evaluation of their
performance and clinical relevance.
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Chapter III:
Experiments and results analysis

“If I have seen further, it is by standing on the
shoulders of giants.”

– Isaac Newton
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1 Introduction

This chapter presents the experimental framework and results of our study on
automated embryo stages classification using AI-based models. To this end, we begin
by introducing the concept of transfer learning and the various deep learning models
employed, along with their respective advantages in the context of medical image
analysis.

The main goal of this work is to identify the most effective strategies to automatically
classify the stages of embryo development from time-lapse images. To address this, we
evaluate how different AI methods can capture both spatial characteristics (embryo
morphology) and temporal dynamics (development over time). To this end, three
main experiments were designed :

• First, we compare 2D and 3D convolutional neural networks (CNNs) to assess
their ability to model spatial information from multiple focal planes.

• Second, we evaluate temporal modeling by applying both sequential and
transformers-based architectures to video sequences of embryo development.

• Third, we implement a hierarchical “divide and conquer” strategy, that classified
general stages and then refined predictions into more detailed sub-stages.

This chapter details the design, implementation and outcomes of each experiment,
and highlighting the key insights that pave the way for more accurate and efficient
AI-based embryo stage classification in future research.

2 Theoretical background : transfer learning and pretrained
models

Transfer learning refers to the process of adapting a pre-trained model, typically
trained on a large and general dataset for a new but related task with often limited
data. In the context of CNNs, this approach has become essential in domains such
as medical imaging, where acquiring large, annotated datasets is challenging due to
privacy concerns, expert labeling requirements, and clinical variability [40], [41].

At its core, transfer learning assumes that knowledge acquired from one domain
(the source domain) can be reused to improve learning in another domain (the target
domain). Typically, a CNN pretrained on ImageNet (which contains over 1.2 million
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images across 1,000 categories) serves as the starting point (see Figure 7). The early
convolutional layers in such models learn low-level generic features such as edges,
corners, and textures—features that are widely applicable across visual tasks. As
one moves deeper into the network, the learned features become increasingly abstract
and task-specific, but they can still provide useful representations for related domains,
including medical imaging [40].

Figure 7: transfer learning from ImageNet [42]

2.1 Classical transfer learning with CNNs

Transfer learning with CNNs remains a widely adopted strategy in medical image
analysis. Given that medical datasets are typically small, imbalanced, or difficult to
annotate, leveraging pretrained CNNs such as VGGNet [43], ResNet [44], DenseNet
[45], and Inception [46] enables the reuse of low-level visual features learned from
large-scale datasets like ImageNet [47]. These features often generalize well to grayscale
modalities like X-ray, CT, or MRI, despite domain discrepancies.

Two principal strategies dominate classical transfer learning:

• Feature extraction: Only the pretrained convolutional base is used to encode
the input image into a feature vector, which is then fed into a new classifier (e.g.,
a fully connected layer).
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• Fine-tuning: The entire network or a subset of layers is retrained on the medical
dataset to adapt the learned features to domain-specific patterns [41].

Studies show that fine-tuning deeper layers often yields superior performance, especially
when enough domain-specific labeled data is available [48]. Nonetheless, CNNs
inherently focus on local spatial features due to the limited receptive fields of
convolutional kernels.

2.2 Vision transformers (ViTs) and hybrid architectures

Vision Transformers (ViTs) have revolutionized the field by modeling global image
dependencies using self-attention instead of convolution. ViTs segment an image into
fixed-size patches (e.g., 16×16 pixels), linearly embed them, and treat the sequence of
patches like words in natural language processing [49].

In medical imaging, ViTs have demonstrated promising performance in domains
where long-range contextual relationships are essential, such as in histopathological
image analysis, tumor localization in high-resolution 3D scans, or whole-slide image
classification [50].

However, pure ViT models require large amounts of labeled data and significant
computational resources. As a compromise, hybrid models like TransUNet [51],
UNETR [52] use CNNs to extract low-level features and Transformers to model
high-level semantic interactions, achieving a balance between performance and
data efficiency [52]. For tasks involving temporal image sequences, such as
cardiac cine MRI, endoscopic videos, or fetal ultrasound, temporal context is vital.
The TimeSformer architecture [53] extends Vision Transformers to video data by
decomposing spatiotemporal self-attention into spatial and temporal components. In
clinical applications, TimeSformer has proven effective in detecting motion anomalies,
classifying cardiac function, and interpreting ultrasound videos frame-by-frame [54].

2.3 Advantages and challenges of transfer learning

Transfer learning offers multiple benefits in the context of deep CNNs and medical
image analysis:

• Reduced Data Requirements: Since the model starts with pretrained weights,
high performance can be achieved with smaller labeled datasets [40].

• Improved Generalization: The pretrained features often improve classification
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accuracy, especially when data is limited or noisy [41].

• Lower Computational Cost: Requires significantly less training time and hardware
resources compared to training from scratch [40].

but despite its benefits, transfer learning is not universally beneficial. Key challenges
include:

• Domain Shift: Significant differences in data distributions (e.g., natural images
vs. grayscale medical scans) can hinder performance, especially if not addressed
via domain adaptation techniques [41].

• Architectural Constraints: Pretrained models may not be well-suited to the
specific needs of the target task (e.g., input size, number of output classes, or
modality differences) [40].

• Fine-Tuning Complexity: Deciding which layers to freeze and which to retrain, as
well as setting appropriate learning rates, requires domain expertise and empirical
tuning [55].

3 Data preparation

As mentioned earlier in Chapter 2, Section 4.3, the dataset suffers from several issues,
including significant data imbalance, critical data quality concerns, and misannotated
images. To solve these problems, a comprehensive cleaning and balancing approach
was implemented.

First, each video was explored frame-by-frame. If a video contained blurry,
underexposed, or overexposed frames, all frames from the beginning of the problematic
segment to the end of the video were systematically removed. For example, if an issue
was identified starting at frame 239 in a 400-frame video, frames 239 through 400 were
discarded. Due to its extreme scarcity, the hatched blastocyst (tHB) phase was also
excluded from the analysis, reducing the total number of classes to 15. However, videos
with misannotated images were kept, as we did not have the embryological expertise to
re-annotate them accurately. The final number of frames remaining after this cleaning
process is presented in Table 3.

Subsequently, the dataset was prepared for experiments using two distinct methods,
each utilizing a 70% training, 15% validation, and 15% testing split. The detailed
distribution of frames for each phase under both approaches is shown in Table 4.
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• Phase-Level split: In this approach, a random sampling strategy was used to
construct balanced training, validation, and testing sets. This method ensures
that each of the 15 classes is equally represented, which mitigates model bias
caused by the original dataset’s imbalance.

• Embryo-Level split: In this second approach, the dataset was divided by video.
The 704 embryos were split into distinct training, validation, and testing sets,
ensuring that all frames from a single embryo belong exclusively to one set, which
prevents data leakage between sets.

Table 3: Summary of frame counts Before and After data cleaning

Phase Raw Data Deleted Frames New Data
tPB2 8895 6 8889
tPNa 43244 1 43243
tPNf 6793 10 6783
t2 29189 136 29041
t3 5127 232 4895
t4 29177 641 28536
t5 8045 51 7994
t7 10531 118 10413
t8 32602 1387 31215
t9+ 51112 1138 49974
tM 17084 716 16368
tSB 17244 843 16401
tB 10387 1666 8721
tEB 19535 3161 16374
tHB 97 51 46
Total 297428 10281 287147
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Table 4: Distribution of Frames per Phase for Phase-Level and Embryo-Level Splits

Phase Phase-Level Split Embryo-Level Split
Train Val Test Train Val Test

tPB2 3427 734 734 6110 1459 1320
tPNa 3426 735 734 30257 6197 6789
tPNf 3427 734 734 4774 944 1065
t2 3427 734 734 20252 4379 4422
t3 3426 734 735 3357 510 1028
t4 3427 734 734 20243 4179 4114
t5 3426 734 735 5581 1070 1343
t6 3426 735 734 5927 1021 1294
t7 3427 734 734 6922 1176 2315
t8 3426 735 734 21994 5253 3968
t9+ 3426 735 734 35582 7641 6751
tM 3426 734 735 11773 2539 2056
tSB 3426 734 735 11178 2611 2612
tB 3427 734 734 6038 1309 1374
tEB 3427 734 734 11612 2190 2572
Total 51398 11013 11014 201600 42478 43023

4 Experimental approaches and models design

This section outlines the experimental strategies and model architectures developed
to address the challenges of automated embryo stage classification. Each approach
was designed to explore specific aspects of spatial, temporal, and hierarchical modeling
within the context of time-lapse embryo imaging. Figure 8 summarizes our workflow.
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Figure 8: Global work-flow from raw dataset to our experimental approach.

4.1 Experiment 1: Single focal plane vs. Multiple focal plane

The experiment was designed to compare two types of deep learning models 2D
and 3D for classifying embryo development stages. The goal was to see how adding
depth (3D information) affects model performance. We used the popular ResNet-18
architecture for both approaches (see Figure 9). ResNet was chosen because it solves
the vanishing gradient problem, which used to make training deep networks difficult.
It does this using "skip connections" that help the model train more effectively by
allowing gradients to flow through the network more easily [44]. This makes ResNet a
strong choice for challenging image classification tasks.
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Figure 9: First experiment design.

4.1.1 The Single-Focal Plane (2D) configuration

This approach served as the baseline, mirroring traditional 2D image analysis
techniques in embryology.Where we employed a ResNet-18 a well-know architecture
that was pre-trained on the ImageNet dataset [56]. Using pre-trained models leverages
features learned from a massive dataset, which can improve performance and training
efficiency. These model were configured to process images exclusively from the central
focal plane (F0). The F0 plane was specifically selected as it consistently provides the
most balanced and sharpest image of the embryo’s morphology.

4.1.2 The Multi-Focal Plane (3D) configuration

This configuration was designed as the advanced approach, engineered to process
volumetric data and fully exploit the embryo’s spatial structure.ResNet-18 were
transformed into 3D CNNs by replacing their 2D convolutional kernels with 3D
equivalents to integrate data from the lower, central, and higher focal planes
simultaneously (see Figure 10). Critically, unlike their 2D counterparts, these 3D
models were initialized with random weights, meaning they were trained from scratch
on the embryo dataset without leveraging pre-training.The input for the 3D model was
a 1×7×224×224 tensor, created by stacking the images from all seven focal planes
(from F-45 to F+45). The first dimension represents the channel of the image, and the
second dimension represents the focal stack’s depth.
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Figure 10: 2D and 3D ResNet architectures where : Left is the 2D architecture, right is the
3D architecture.

4.2 Experiment 2: Evaluating temporal modeling architectures

This second experiment is designed to conduct a comprehensive evaluation of
deep learning architectures engineered to model temporal dynamics. The core
objective is to move beyond static image analysis and compare how different models
interpret information embedded in sequences of frames over time and detect if there
is a changing en embryo morphology As illustrated in Figure 11. The experiment
contrasts two distinct approaches, each representing a different strategy for learning
from spatio-temporal data: a 2D and ResNet architecture, and a state-of-the-art
TimeSformer model [53].

Figure 11: Second experiment design.
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4.2.1 2D CNN with temporal frame stacking

This method serves as a baseline for incorporating temporal information into a
traditional 2D architecture. here we used a standard, pre-trained 2D CNN ResNet-18
without altering its fundamental architecture. It’s a common technique to provide a 2D
model with a sense of time by manipulating the input data format rather than the model
itself. A sequence of 8 consecutive grayscale frames is extracted from the video. These
frames are then "stacked" along the channel dimension to create a single multi-channel
tensor. This stacked input (e.g., an 8-channel tensor) replaces the standard 3-channel
(RGB) input that the 2D CNN expects. so The input Would be 8×224×224 .

4.2.2 TimeSformer model

TimeSformer [53] is a state-of-the-art video classification model based on the
transformer architecture, which replaces convolution with self-attention mechanisms.
Unlike traditional CNNs that extract local features, TimeSformer is designed to capture
long-range dependencies across both spatial and temporal dimensions, making it
particularly effective for video data. In this study, it was selected to move beyond
static image analysis and better capture the dynamic information inherent in embryo
development sequences.

Architecturally, TimeSformer is a video-adapted variant of the Vision Transformer
(ViT) [50]. Each video frame is divided into a grid of patches, which are flattened
into a sequence of tokens—similar to words in a sentence. The model then applies
a spatio-temporal self-attention mechanism: spatial attention captures relationships
within each frame, while temporal attention models dependencies across frames.
This decoupling allows for efficient and scalable video processing without the high
computational cost typical of full 3D attention.

In our implementation, we used the pretrained TimeSformer model available on
Hugging Face 1, provided by Facebook and originally trained on the Kinetics-400
dataset [57]. The input to the model is a tensor of shape 32×3×224×224, where
32 represents consecutive, non-overlapping frames extracted from embryo development
videos. This longer temporal window is crucial for capturing morphokinetic patterns
subtle timing and structural changes that characterize different developmental phases.
By analyzing an extended sequence, the model can learn to distinguish between

1https://huggingface.co/facebook/timesformer-base-finetuned-k400
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phases that may appear visually similar in individual frames. This ability to model
temporal dynamics is hypothesized to enhance classification accuracy in tracking
embryo development progression.

4.3 Experiment 3: the "Divide and Conquer" strategy for Hierarchical
Classification

This third experiment investigates a "Divide and Conquer" strategy, a hierarchical
approach to embryo classification (see Figure 12). Instead of compelling a single model
to classify all 15 granular phases simultaneously, this methodology breaks the complex
problem down into smaller, more manageable sub-problems. This experiment utilizes
the same foundational models as Experiment 4.1.

Figure 12: Third experiment design.

4.3.1 Step 1: Foundational "Root" stage classification

The initial step moves away from classifying all granular phases directly. Instead,
the models are first trained on a higher-level, more general task: classifying the main
developmental "root" stages of the embryo. This involves grouping the granular phases
into broader categories, such as the Pronuclei stage, Cleavage stage, Morula, and
Blastocyst.

The objective of this step is to teach the models to first recognize the defining
features of these major developmental milestones. The best-performing model from
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this foundational training is then saved and serves as a new, custom "pre-trained" base
model for the next step of the experiment.

4.3.2 Step 2: Fine-Tuning for specific phase classification

This step utilizes the principle of transfer learning. The best model from Step 1,
which is now pre-trained on the general root stages, is used as a starting point for a
more detailed classification task.

The model is then fine-tuned to classify the specific, individual phases within each
of the broader stages. For example, after the model has learned to identify the
general "Cleavage Stage," it would be subsequently fine-tuned using only the data for
phases t2, t3, t4, t5, t6, t7,t8 and t9+ to learn to distinguish between these closely
related sub-stages. This process is repeated for each root stage, creating a set of
specialized classifiers that are expert at differentiating the phases within their specific
developmental category.

5 Hyperparameters settings

All experiments were conducted using the PyTorch framework (version 2.8) and
Python 3.11. The computational workload was managed by an NVIDIA RTX 6000 Ada
Generation GPU, a powerful graphics processing unit well-suited for demanding deep
learning tasks. In contrast to some related works, no data augmentation techniques
were applied in this study.

To ensure a fair and direct comparison between models, a consistent set of
hyperparameters was used across all experiments. This standardized approach is
crucial for maintaining the reliability and reproducibility of the results, and the general
hyperparameter configurations are summarized in Table 5.

However, a notable exception was made for the TimeSformer model in Experiment
2 due to its significant computational cost. With each training epoch requiring
approximately 14 hours to complete, this specific model was trained for a reduced
10 epochs with a batch size of 1 and a learning rate of 1 × 10−4.

6 Evaluation metrics

To quantitatively evaluate and compare the performance of Our experiments,
four standard classification metrics were utilized: accuracy, precision, recall, and
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Hyperparameter Value/Description
Image Size 224 × 224 pixels
Normalization Mean and Standard Deviation
Optimizer Adam
Loss Function Cross-Entropy Loss
Learning Rate 1 × 10−3

Batch Size 16
Number of Epochs 100

Table 5: Hyperparameter settings for models training

F1-score. These metrics assess the effectiveness of the models in correctly classifying
the developmental phases of the embryos or transition detection. In the following
equations, TP, TN, FP, and FN represent the counts of true positives, true negatives,
false positives, and false negatives, respectively.

Accuracy Measures the overall proportion of correct predictions among all
instances.

Accuracy = TP + TN
TP + TN + FP + FN (1)

Precision Measures the proportion of positive predictions that were actually
correct.

Precision = TP
TP + FP (2)

Recall Measures the proportion of actual positives that were correctly identified by
the model.

Recall = TP
TP + FN (3)

F1-Score The harmonic mean of precision and recall, providing a balanced measure
between the two.

F1-score = 2 × Precision × Recall
Precision + Recall (4)

7 Results and discussion

The following subsections present the outcomes of each experimental setup, followed
by a discussion of the key findings.

7.1 Results experiment 1

To evaluate the role of spatial representation in embryo phase classification, we
compared the performance of 2D and 3D CNN models using both phase-level and
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embryo-level data splits. Table 6 summarizes the classification report obtained by each
model.

Table 6: Performance metrics of 2D and 3D CNNs on Phase-Level vs. Embryo-Level Splits

Model Phase-Level Metrics (%) Embryo-Level Metrics (%)
Acc Precision Recall F1-score Acc Precision Recall F1-score

2D ResNet18 88.85 88.93 88.86 88.87 60.30 58.16 60.30 59.21
3D ResNet18 88.90 88.93 88.91 88.91 59.78 57.24 59.78 58.48

As shown in Table 6, both the 2D and 3D models achieved similar accuracy
(∼89%) when evaluated using a phase-level split. However, this high performance
is largely attributed to data leakage, as frames from the same embryo may appear
in both training and testing sets. This allows the models to memorize specific
visual characteristics unique to individual embryos, which does not reflect real-world
generalizability. Consequently, we have reservations regarding the validity of the
93% accuracy reported by Barhoun et al [26], as it may similarly be affected by this
issue.

In contrast, when the evaluation was performed using the embryo-level split,
where no embryo appears in more than one subset, the accuracy dropped significantly
to ∼60% for both models. This substantial decrease indicates the true generalization
ability of the models and highlights the challenge of inter-embryo variability.

To further analyze the predictions, confusion matrices were generated for both
models under the embryo-level setting. As illustrated in Figure 13, the majority of
misclassifications occur between adjacent developmental phases, such as confusing
t8 with t9+ or t7. This pattern indicates that the models have partially captured
the temporal continuity of embryo development, although they struggle with
fine-grained distinctions. Additionally, these errors could be partly due to labeling
inaccuracies in the dataset, as some frames may have been misannotated by
embryologists or belong to ambiguous transitional states.

Furthermore, despite its ability to process volumetric data, the 3D ResNet18 did
not outperform the 2D model. This may be attributed to several factors as the 3D
model was trained from scratch without pretrained weights, focal planes beyond F0
may introduce redundant or noisy information.

Overall, this experiment demonstrates that embryo-level evaluation is essential
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to avoid misleading results due to data leakage and that 2D CNNs with strong
pretrained features can be competitive, even against more complex volumetric
models.

Figure 13: Confusion matrices for both ResNet18 and ResNet18_D models trained on the
embryo-level settings

7.2 Results experiment 2

This experiment was designed to assess the importance of temporal information
in classifying embryo development phase transition by comparing a baseline 2D
convolutional model with a transformer-based spatiotemporal model. Specifically, we
evaluated two architectures:

• ResNet18 (8-channel): a standard 2D CNN pretrained on ImageNet, modified
to accept an 8-channel input created by stacking 8 consecutive grayscale frames
along the channel dimension.

• TimeSformer: a Vision Transformer-based model specifically adapted for video
data, capable of modeling both spatial and temporal relationships using a dual
attention mechanism.

Both models were trained on non-overlapping sequences of 8 frames for ResNet18 and 32
frames for TimesFormer. The classification performance of both models is summarized
in Table 7.

Table 7: Performance metrics of ResNet18 and TimeSFormer

Model ResNet18 Metrics (%) TimeSFormer Metrics (%)
Acc Precision Recall F1-score Acc Precision Recall F1-score

Results 71.04 72.60 71.05 71.82 83.36 84.67 97.06 90.44
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The TimeSformer, as shown in Table 7, performed significantly better than
the baseline ResNet18 model, realizing an F1-Score of 90% to 71% for the
stacked-frame ResNet18. This result emphasizes the prospect of transformer-based
architectures for modeling temporal dynamics in time-lapse embryo videos. Where
the ResNet18 baseline implicitly captures some temporal features via stacked frames,
the TimeSformer is designed explicitly to retain covers spatiotemporal dependencies
with self-attention mechanisms of the kind necessary to remember progression patterns.
(Differentiating between stages, which might look visually identical, requires working
with the kind of resources the TimeSformer has.) The next factor to consider is that the
TimeSformer processes 32-frame sequences, comparatively, against 8 frames handled
by ResNet18 in the temporal domain. So, the TimeSformer has, quite literally, a wider
window into not just identifying phase transitions but remembering and scoring them
for what they are.

the TimeSformer’s computational cost is a significant limitation. Because of its high
memory consumption, it was only possible to train the model for 10 epochs with a batch
size of 1. In fact, training the TimeSformer on GPUs with less than 24 GB of VRAM is
practically impossible, and this makes the model a poor candidate for many researchers.
In contrast, the ResNet18 model underwent training for 100 epochs with a batch size of
16. This highlights a significant trade-off: whereas transformer-based algorithms may
extract highly discriminative temporal characteristics from embryo sequences, their
substantial resource demands provide practical obstacles to wider deployment.

7.3 Results experiment 3

In this third experiment, we implemented a hierarchical classification strategy based
on the principle of Divide and Conquer, aiming to reduce the complexity of full 15-class
embryo phase classification. The classification task was split into two stages:

1. Step 1 (Root Stage Classification): Identify the broader developmental stage
the embryo belongs to Pronuclei (Z), Cleavage (C), Morula (M), or Blastocyst
(B).

2. Step 2 (Sub-Phase Classification): Use fine-tuned models to distinguish
between the granular sub-phases within each root stage (e.g., t2–t9+ for
Cleavage).

For this experiment, we used the 2D ResNet18 architecture across all classifiers.

40



Experiments and results analysis

Unlike Experiment 4.1, where 3D models were explored, we opted here for ResNet18
due to its strong performance, lower computational demand, and the observation that
3D ResNet18 provided no significant benefit over 2D in earlier tests. Additionally,
because this hierarchical setup involves multiple smaller classification tasks, using
simpler, pretrained models helps avoid overfitting and maintains faster training and
inference times.

The classification performance for the first step — root-level stage classification —
is summarized in Table 8.

Table 8: F1-Scores for Root Stage and Fine-Grained Sub-Phase Classification

Level 1: Root Stage Classification
Root Stage F1-Score (%)
Pronuclei (Z) 95.34
Cleavage (C) 93.63
Morula (M) 40.00
Blastocyst (B) 85.65
Level 2: Fine-Grained Sub-Phase Classification
Sub-Phase F1-Score (%)
tPB2 (Z) 72.73
tPNa (Z) 92.22
tPNf (Z) 73.76
t2 (C) 82.73
t3 (C) 10.36
t4 (C) 61.25
t5 (C) 11.28
t6 (C) 11.87
t7 (C) 11.80
t8 (C) 47.24
t9+ (C) 74.55
tM (M) 40.00
tSB (B) 80.94
tB (B) 48.60
tEB (B) 59.90

The model achieved high performance in classifying the Pronuclei (Z) and Cleavage
(C) stages, with F1-scores above 90%, indicating robust discrimination of early
developmental periods. The Blastocyst (B) stage was also well-identified, achieving
85.65%, though still more challenging than the earlier stages. Contrary to earlier
expectations, the Morula (M) stage had the weakest performance at 40.00%, due to
being represented by a single sub-phase (tM), which may limit the model’s ability to
generalize.
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Sub-phase classification results were mixed. The Pronuclei sub-phases performed
well, particularly tPNa (92.22%), benefiting from their distinct visual features.

In the Cleavage stage, performance varied widely. While t2 (82.73%) and t9+
(74.55%) which represent the beginning and ending of the cleavage stage, showed
promising results, mid-cleavage stages (t3–t7) had extremely low F1-scores ( 10–12%),
suggesting difficulty distinguishing visually similar transitions that occur rapidly.

In the Blastocyst phase, performance was stronger overall, especially for tSB
(80.94%), while tB (48.60%) and tEB (59.90%) show that late development stages
remain moderately challenging, due inter-observer annotation variability, subtle
morphological shifts and from inconsistent annotation as discussed in Section 4.3.

Despite these limitations, this experiment demonstrates the potential of hierarchical
classification for embryo staging: by first separating broadly distinct developmental
periods, the model avoids learning all 15 granular phases at once, reducing
classification complexity. Future enhancements could involve using temporal models
(like TimeSformer) at the second step of fine classification, or training stage-specific
CNNs with augmented data to better model challenging transitions between phases.

8 Synthesis of experimental findings

Our experiments provided clear insights into how deep learning can be used for
embryo classification. We learned that simply using a 3D model isn’t necessarily better
than a well-trained 2D model, especially when considering the practical challenges of
training. Our most significant finding was that models designed to understand time and
sequence, like the TimeSformer, are far more effective at correctly identifying embryo
phase transition from video. This shows that the dynamic development of the embryo
is a crucial piece of information. Finally, our ’divide and conquer’ approach proved to
be a promising strategy for making the complex task of classifying all 15 stages more
manageable. Overall, the results show that embryo-level evaluation is essential to get a
true sense of a model’s performance and that advanced temporal models, despite their
high computational cost, hold the key to building more accurate classification systems.
Table 9 summarizes our experimentals approaches.
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Table 9: Summary and Comparison of Experimental Approaches
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9 Conclusion

This chapter has outlined the experimental framework designed to assess various
AI models for embryo stage classification and has reported the outcomes of each
approach. Despite promising results from advanced architectures, the experiments
revealed persistent challenges, namely the significant computational cost of the most
effective temporal models and the inherent difficulty in distinguishing between visually
similar and rapid developmental sub-phases. The results also illustrated the critical
importance of a rigorous evaluation methodology, as only a strict embryo-level data
split, in contrast to a phase-level split, can provide a true measure of a model’s
generalization performance. In response to the complexity of classifying all 15 stages
at once, this work has demonstrated that a hierarchical "Divide and Conquer" strategy,
combined with the power of temporal models, provides a promising path forward, even
if further refinement is needed.

The final section of our work will now provide a comprehensive synthesis of the key
findings presented throughout the research, thoroughly discuss the specific objectives
that were successfully achieved, critically address the various limitations encountered
during the study, and finally propose promising directions for future research to build
upon the foundation established here.
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Conclusion and future research directions

This master thesis makes several key contributions to the field of automated

embryo assessment for IVF. Firstly, we developed and rigorously evaluated

an intelligent system, establishing that temporal models like TimeSformer,

which analyze the entire developmental sequence of an embryo, are significantly

more accurate than static models that assess only single images or spatial

data. This underscores the critical importance of capturing morphokinetic

dynamics. Secondly, we highlighted a critical methodological issue in the

field, demonstrating that improper data splitting (phase-level vs. embryo-level)

can lead to data leakage and overly optimistic performance metrics, thereby

establishing a more robust evaluation protocol. Finally, we introduced a ’Divide

and Conquer’ hierarchical classification strategy that successfully simplifies

the complex task of identifying 15 distinct developmental stages, making

the problem more tractable and improving performance on broader category

recognition.

Despite its contributions, this research faced several limitations. The

primary constraint was the quality of the public dataset used, which suffered

from significant class imbalance, misannotated frames, and poor image quality

that required extensive data cleaning and may have impacted the models’

ultimate performance. Another major limitation was the high computational

demand of the superior TimeSformer model; its heavy memory and processing

requirements restricted our ability to perform extensive hyperparameter tuning
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Conclusion and future research directions

and poses a practical barrier for its adoption in clinical settings with limited

resources. Lastly, while the hierarchical approach was successful at a high level,

the performance in classifying certain fine-grained sub-phases, particularly in

the mid-cleavage stages, remained low, indicating that the models still struggle

to differentiate between subtle and rapid morphological transitions.

The findings and limitations of this study open up several promising avenues

for future research. A clear next step is to combine our most successful

approaches by integrating powerful temporal models like the TimeSformer

into the second, fine-grained stage of the hierarchical classification framework.

This could significantly improve the accuracy of distinguishing between the

more challenging sub-phases. Further work should also focus on developing

stage-specific models, potentially using data augmentation techniques to create

more robust classifiers for the difficult transitional periods. Looking ahead,

the integration of multi-modal data, combining the time-lapse imaging with

non-invasive data sources such as patient clinical records or metabolomic profiles

of the culture medium, could lead to a holistic assessment model with even

greater predictive power. Ultimately, the goal is to refine these AI-driven

systems into reliable, transparent, and clinically applicable tools that can assist

embryologists and improve IVF success rates for patients.
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Abstract

This master thesis addresses the challenge of embryo selection in IVF, aiming to improve
pregnancy outcomes through more objective methods. It proposes an intelligent system for
automatically classifying human embryo developmental stages using time-lapse imaging. The
study compares 2D and 3D CNNs to assess spatial information and explores temporal models
like TimeSformer to capture embryo dynamics. A hierarchical classification strategy is also
introduced to handle 15 developmental phases. Results show that while 2D CNNs provide a
solid baseline, temporal models significantly outperform them by leveraging morphokinetic
features, highlighting the potential of AI to enhance accuracy and consistency in embryo
selection.
keywords: In Vitro Fertilization (IVF), Embryo Classification, Deep Learning, Time-Lapse
Imaging, Convolutional Neural Networks (CNN), Vision Transformer, TimeSformer, Temporal
Modeling, Hierarchical Classification

Résumé

Ce mémoire de Master aborde le défi de la sélection d’embryons en FIV, visant à améliorer
les résultats de grossesse grâce à des méthodes plus objectives. Elle propose un système
intelligent de classification automatique des stades de développement de l’embryon humain
par imagerie accélérée. L’étude compare les réseaux neuronaux convolutif 2D et 3D pour
évaluer les informations spatiales et explore des modèles temporels comme TimeSformer pour
capturer la dynamique embryonnaire. Une stratégie de classification hiérarchique est également
introduite pour gérer 15 phases de développement. Les résultats montrent que si les réseaux
neuronaux conjoncturels 2D constituent une base solide, les modèles temporels les surpassent
nettement en exploitant les caractéristiques morphocinétiques, soulignant ainsi le potentiel de
l’IA pour améliorer la précision et la cohérence de la sélection d’embryons.
mots-clés: Fécondation in vitro (FIV), classification des embryons, apprentissage
profond, imagerie accélérée, réseaux de neurones convolutifs (CNN), transformateur de vision,
TimeSformer, modélisation temporelle, classification hiérarchique.
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