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Abstract

Imaging flow cytometry (IFC) produces millions of single-cell images per experiment,
offering rich morphological and spatial information beyond conventional flow cytome-
try. However, the rapid growth of dataset size has created two significant bottlenecks:
the lack of accessible, instrument-agnostic analysis software, and the fragility of deep
learning models to domain shifts caused by instrumental variability or sample prepa-
ration.

To address these gaps, we present Eidocell, an open-source framework for inter-
active analysis and robust representation learning in IFC. Eidocell integrates self-
supervised vision transformers (ViT-S/16) to extract biologically meaningful features
without manual annotation. To enable consistent analysis across changing experimen-
tal conditions, we introduce an unsupervised Test-Time Adaptation (TTA) algorithm
that realigns feature statistics to the target domain in real-time. Furthermore, we im-
plement fuzzy clustering strategies to quantify continuous morphological transitions
that are ill-defined by discrete logic.

We evaluated the framework across four diverse datasets: microalgae, immune
synapse, red blood cells, and bovine sperm. Unsupervised clustering consistently
recovered biologically meaningful structures, achieving accuracy scores up to 98%
on biological benchmarks. Our TTA adaptation algorithm demonstrated improved
performance over baseline and prominent inference performance.
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Title: Professor of Biology
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Chapter 1

Introduction

This chapter introduces the biological and technical context of the thesis. We re-

view the transition from bulk cellular analysis to high-throughput single-cell imaging,

focusing on the capabilities of Imaging Flow Cytometry (IFC). We identify the pri-

mary bottlenecks in current IFC data processing, and discuss limitations of existing

software ecosystems and model degradation due to domain shift. Lastly, we define

the primary contributions of this work in addressing these workflow and algorithmic

challenges.

1.1 Single-Cell Analysis

Cellular heterogeneity is a fundamental characteristic of biological systems, signifi-

cantly influencing the phenotype and function of organisms in both health and disease

states [1]. Western blotting or bulk RNA sequencing are traditional methods of an-

alyzing cellular characteristics that often fall short of capturing this heterogeneity

due to their averaging approaches. By pooling genetic or proteomic material from

thousands of cells, these bulk techniques distort the behavior of rare subpopulations,

transition states, and stochastic variations between individual cells. To resolve this,

modern biology has shifted toward methods capable of quantifying cellular parame-

ters at single-cell resolution, approximating the set of observable characteristics of an

organism or cell: its morphology, biochemical properties, and behavior [2, 3] .
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Optical imaging is the default approach for capturing spatial information with

high fidelity. Unlike molecular assays that require cell destruction (e.g., single-cell

sequencing), imaging implicitly represents the morphological characteristics of the

cell in its native or near-native state. However, there is a trade-off between statis-

tical power and morphological resolution. Conventional flow cytometry (FCM) has

high sample throughput of tens of thousands of cells per second, but provides lim-

ited morphological data in the form of a few integrated intensity values (scatter and

fluorescence). Conversely, high-content microscopy provides detailed spatial resolu-

tion but is typically limited in throughput and speed, often requiring time-consuming

sample preparation and scanning [4].

IFC is a hybrid technology that combines the statistical power of flow cytome-

try with the spatial resolution of microscopy, and allows researchers to record high-

resolution brightfield, darkfield, and fluorescence images of cells traveling in a fluid

stream at rates of up to 10,000 events per second [5]. Systems such as the Amnis

ImageStream® X Mk II (Amnis-Cytek, USA) use Time-Delay Integration (TDI) CCD

sensors to capture blur-free images of fast-moving cells, generating datasets that are

high-dimensional, spatially correlated, and statistically robust.

The hardware breakthrough allowed studying of the samples where morphological

context is necessary, e.g. cell-cell interactions (e.g., immune synapses) [6], charac-

terizing nuclear shape changes in cancer, or monitoring phytoplankton diversity in

environmental samples [7]. Unlike traditional cytometry, a single IFC file captures

images across multiple spectral channels for every cell, and may contain hundreds

of thousands of single-cell images. In the context of large experiments containing

hundreds of files, data volume grows exponentially [5, 8].

1.2 Analysis Bottleneck

Modern research and analysis of IFC data presents two major challenges: a workflow

gap caused by a limited pool of software tools, and an algorithmic gap caused by the

limitations of conventional computational methods in large-scale biological data.
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1.2.1 Workflow Gap

To analyze biological datasets, researchers rely on computational tools ranging from

custom scripts to specialized software. However, existing bio-image analysis software

is fragmented [4]. On one end of the spectrum are vendor-provided solutions, such

as the IDEAS software for the Amnis ImageStream. Such platforms support fea-

ture extraction, gating, and bioassays, but are proprietary, closed-source, and often

rely on classical image processing techniques (e.g., masking and feature engineering)

that struggle to capture complex phenotypes. Furthermore, they create data silos,

restricting analysis to specific hardware and preventing the integration of modern,

open-source deep learning models or cross-device analysis.

Existing open-source solutions like ImageJ/Fiji or CellProfiler [9] are usually ap-

plied in microscopy. These tools were not originally designed for the flow cytometry

paradigm (i.e., continuous streams of single objects requiring population gating), and

adapting them to IFC often requires constructing multi-step pipelines and significant

custom scripting [10].

Writing custom analysis scripts in Python, R, MATLAB and other languages is the

most flexible approach, which offers limitless experimental capabilities and access to

state-of-the-art methods and libraries like PyTorch or TensorFlow. However, this re-

quires significant field knowledge and programming expertise that is not yet standard

in the biological sciences. Consequently, high-dimensional data is often under-utilized

as researchers revert to manual inspection or simplified gating strategies that ignore

the rich morphological information contained in the images. There remains a need

for an open-source tool specifically tailored to the IFC workflow: one that combines

a user-friendly graphical interface with the power of modern, interactive machine

learning.

1.2.2 Robustness and Domain Shift

Even when software tools are available, the underlying algorithms face data issues

native to many scientific and industrial applications, like domain shift and model

17



deterioration. During the past decade Deep Learning (DL) and Convolutional Neural

Networks (CNNs) have outperformed traditional feature engineering in classifying

cell phenotypes [11]. However, supervised DL models are data-hungry and suffer

from domain shift, requiring large sets of annotated examples to train. In biomedical

imaging, ground-truth labels are expensive to obtain.

In IFC, domain shift can arise from biological variations (e.g., different types of

cells such as fibroblasts, endothelial cells, spermatozoids, or comparing fresh vs. cry-

opreserved or fixed with formaldehyde samples) or technical variations (e.g., changes

in instrument focus, illumination, or staining protocols). Our previous work on bovine

sperm analysis [12] demonstrated that a model trained on fresh samples may suffer

a significant drop in accuracy (10–15%) when applied to frozen sperm samples, de-

spite the visual similarity of the cells. Similarly, optical artifacts such as defocus

or rotations can worsen classification performance if the model has not been explic-

itly trained to handle them [13]. If an experimental condition changes or a device

is recalibrated, model retraining and fine-tuning are often required to maintain the

performance, which hinders analysis workflows in complex case studies. The issue

exacerbates further with biology’s inherent complexity in morphological descriptors.

1.3 Research Objectives

The primary motivation of this thesis is to improve analytical potential of IFC by

bridging the gap between high-throughput data acquisition and robust, interpretable

machine learning. Because biological morphology exists on a continuous spectrum,

and instrumental conditions inevitably drift during long-running experiments, tra-

ditional feature engineering and supervised learning become limited. The specific

objectives are threefold:

1. Development of an open-source analysis framework: To overcome the

limitations of proprietary software and the entry barrier of custom scripting, we

aim to develop Eidocell, a standalone desktop application for IFC analysis. The

objective is to provide a modular environment that integrates state-of-the-art
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deep learning models (such as Vision Transformers and CNNs) with interactive

visualization and clustering tools. The framework must be instrument-agnostic,

capable of processing data from various platforms (e.g., ImageStream, Flow-

Cam) to allow cross-platform and cross-domain analysis.

2. Validation on case studies: We aim to validate the proposed framework by

applying it to distinct, real-world biological datasets exhibiting various data

quality challenges native to IFC. This includes the morphological classification

of bovine sperm (characterized by high class imbalance and subtle structural

defects) [12], the analysis of red blood cells in post-COVID-19 patients (charac-

terized by focus artifacts and cellular deformation) [13], the profiling of immune

synapses (multi-object classification, visual obstruction), and the analysis of

microalgae (high class count and imbalance) [7]. These studies serve to quan-

titatively evaluate proposed methods and conventional supervised learning in

high-throughput analysis.

3. Improving robustness via unsupervised adaptation: Static deep learn-

ing models suffer from performance degradation in applications with frequently

changing data distributions. Our primary technical objective is to develop algo-

rithmic methods based on Test-Time Adaptation (TTA). We aim to implement

and evaluate strategies that allow a pre-trained feature extractor to adapt its

weights to incoming unlabeled data streams. By aligning feature representations

between source and target domains without human supervision, we aim to im-

prove classification performance over baseline and ensure consistent clustering

across heterogeneous experiments.

1.4 Primary Contributions

In addressing the workflow and algorithmic bottlenecks of IFC this thesis proposes an

open-source analysis platform augmented with unsupervised adaptation algorithms

and probabilistic discovery tools, making the following primary contributions to the

19



fields of bio-image analysis and applied machine learning:

• The Eidocell framework: We designed and developed a novel, open-source

desktop application that bridges the gap between high-throughput cytomet-

ric data and modern deep learning. The software is instrument-agnostic and

provides a no-code, human-in-the-loop environment for interactive clustering,

gating, and semi-supervised labeling of millions of single-cell images.

• A Hybrid TTA algorithm: We proposed and implemented an unsuper-

vised, online adaptation strategy to mitigate instrumental and biological do-

main shifts. By dynamically combining Statistical Feature Alignment (updating

normalization running statistics) with Semantic Boundary Alignment (entropy

minimization), we demonstrated a near 10% recovery in classification accuracy

on cryopreserved biological samples without requiring target-domain labels.

• Integration of self-supervised vision transformers (ViTs): We estab-

lished that frozen, self-supervised ViT backbones (specifically DINOv3 [14])

consistently outperform traditional supervised CNNs in extracting robust mor-

phological semantics from IFC data, particularly in the presence of random

cellular rotations and positional shifts.

• Quantification of morphological continuums via fuzzy logic: Recog-

nizing that cellular deformation and maturation are continuous processes, we

moved beyond standard discrete classification by integrating Soft (Fuzzy) Clus-

tering on top of deep neural embeddings. This probabilistic approach suc-

cessfully captures, isolates, and quantifies transitional biological states (such

as progressive cell damage or intermediate maturation stages) that traditional

hard-clustering algorithms artificially obscure.

• Empirical validation: We curated and evaluated our framework across four

diverse, real-world biological datasets (Bovine Sperm, Post-COVID RBCs, Fresh-

water Algae, and Immune Synapses) alongside standardized synthetic bench-

marks (CIFAR-C, Tiny-ImageNet-C).
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1.5 Thesis Organization

The remainder of this thesis is structured as follows:

• Chapter 2 (Background and Related Work) establishes the theoretical

foundation of the thesis. It reviews the hardware mechanics of Imaging Flow

Cytometry, evaluates existing bio-image analysis software, and traces the evolu-

tion of feature extraction. It also introduces the algorithmic concepts of domain

shift, test-time adaptation, and clustering types.

• Chapter 3 (Methodology) details the technical design of the proposed solu-

tions. It outlines the Eidocell software architecture and computational pipeline.

We also provide the mathematical formulations for our Hybrid Test-Time Adap-

tation (TTA) algorithm and the integration of fuzzy clustering for interpretable

unsupervised discovery.

• Chapter 4 (Data Resources) describes the empirical datasets used to vali-

date the framework. It details the acquisition, biological context, and specific

technical challenges of the four real-world biological case studies, alongside the

synthetic benchmark datasets used for controlled algorithmic testing.

• Chapter 5 (Experiments and Results) presents evaluation results of the

proposed methods. Phase I validates the static capabilities of Eidocell and ex-

plores the interpretability of fuzzy clustering. Phase II quantitatively evaluates

the Hybrid TTA algorithm’s ability to recover accuracy under severe domain

shifts.

• Chapter 6 (Discussion) interprets the experimental findings, explicitly con-

textualizing how Eidocell resolves the current software fragmentation in cyto-

metric analysis. We also reflect on the biological implications of modeling mor-

phological continuums and acknowledge the technical limitations of the current

implementation.
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• Chapter 7 (Conclusion) summarizes the main technical and biological con-

tributions of the thesis, and outlines directions for future research and software

development.
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Chapter 2

Background and Related Work

In this chapter we overview relevant theoretical concepts and contextualize contri-

butions within the broader field of bio-image analysis. We first review the hardware

mechanics of IFC and evaluate the strengths and limitations of existing software solu-

tions. We then trace the evolution of feature extraction from classical engineering to

modern vision transformers. Lastly, we establish the algorithmic context for the chal-

lenges addressed in this work, specifically exploring the mechanics of domain shift,

TTA strategies, and fuzzy clustering.

2.1 Imaging Flow Cytometry

IFC represents a technological convergence of FCM and fluorescence microscopy. Tra-

ditional FCM analyzes tens of thousands of cells per second (forward scatter, side

scatter, and fluorescence intensity). Conversely, microscopy offers rich morphological

detail but is limited by low throughput and limited statistics. IFC joins the two and

offers the statistical robustness of conventional cytometry with the spatial resolution

of the latter [5, 2].

The core innovation behind IFC is the decoupling of image acquisition from shutter

speed. In standard microscopy, capturing a fast-moving object requires an extremely

fast shutter to prevent motion blur, which significantly reduces the number of photons

collected and thus the sensitivity of the instrument. IFC systems, such as the Am-
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nis ImageStream® X Mk II, overcome this via TDI Charge-Coupled Device (CCD)

sensors. In a TDI-CCD system, the accumulation of charge in the pixel wells is syn-

chronized with the velocity of the cell flowing through the flow cell. As the cell moves

across the laser interrogation point, the charge packet is shifted down the sensor ar-

ray at the same rate. This allows the camera to integrate signal over a much longer

effective exposure time without inducing motion blur, resulting in high-sensitivity

fluorescence detection even at flow speeds exceeding thousands events/sec.

The data produced differs significantly from both FCM and microscopy: an indi-

vidual event in IFC is recorded as a stack of up to 12 synchronized images, including

Brightfield, Darkfield/SSC, and fluorescence channels. Because these channels are

acquired from the same cell through a common optical path, they are inherently co-

registered at the pixel level. This configuration allows quantification of the relative

spatial distribution of markers—for example, the localization of a transcription fac-

tor within the nucleus versus the cytoplasm, or the co-localization of two fluorescent

labels within a common subcellular compartment—directly from the image stack [10].

Although IFC instruments such as the Amnis ImageStream include on-board aut-

ofocus that continuously tracks the fluid core, individual cells still exhibit small,

per-event Z-axis displacements within the hydrodynamic stream. Because these dis-

placements occur at the level of the cell rather than the stream, they are not fully

corrected by the autofocus system and produce residual defocusing artifacts. Such

artifacts can structurally mimic biological phenotypes by blurring features like the

central pallor of biconcave erythrocytes [13].

The random orientation of cells in suspension introduces rotational invariance as a

significant confounder. While hydrodynamic forces tend to align elongated cells with

the flow, spherical or irregular cells, such as leukocytes or cancer cells, adopt random

rotations. This variability poses a challenge for CNNs unless specifically addressed

through data augmentation or the implementation of rotation-invariant architectures.

24



2.1.1 Data Characteristics and Spatial Features

A distinguishing attribute of IFC is the complexity of the per-event data representa-

tion. IFC captures the full spatial distribution of fluorescence across every pixel of

every channel. Such data requires spectral compensation: the correction for bleed-

through between overlapping fluorochrome emission profiles, which must be executed

at the individual pixel level rather than applied as a uniform scalar matrix [8]. Pixel-

by-pixel deconvolution ensures that highly localized morphological signals, such as

a punctate spot of fluorescence marking a DNA repair focus, are verifiable and not

artifacts of spectral overlap.

Practically, this data is stored in multi-dimensional arrays. Conventional (non-

imaging) cytometers serialize per-event scatter and fluorescence measurements into

list-mode files following the Flow Cytometry Standard (FCS) format, where each row

corresponds to a single event and each column to a scalar feature. IFC inherits this

event-oriented list-mode structure but extends each entry from a vector of scalars

to a full multi-channel image stack. Proprietary systems output Raw Image Files

(.rif) containing uncalibrated pixel arrays, which are processed into Compensated

Image Files (.cif) after spatial offset correction and spectral deconvolution. For deep

learning pipelines, data is typically serialized into HDF5 datasets, which allow batched

loading of multichannel image stacks (e.g., NumPy arrays of uint16 integers) directly

into GPU memory, bypassing the I/O bottleneck of processing individual TIFF files.

The data is initially analyzed through gradient-based focus metrics, such as root-

mean-square (RMS) contrast across the brightfield channel. It quantifies the sharp-

ness of cell boundaries and allows intuitive filtering of out-of-focus events. Addition-

ally, area and aspect ratio measurements on the brightfield mask serve to filter debris

(anomalously small area), doublets and clumps (disproportionately large area with

irregular aspect ratios), and speed beads from the analytical population [5]. Beyond

the standard morphometric features shared with microscopy (area, perimeter, circu-

larity), IFC enables a suite of other advanced spatial fluorescence metrics that are

unique to the modality [10]:
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Table 2.1: Advanced spatial features unique to IFC that use the co-registered multi-
channel image stack.
Feature Category Description and Biological Application

Bright Detail Intensity Measures intensity of punctate spots within a mask af-
ter local background subtraction. Used for enumerat-
ing internalized nanoparticles, viral inclusions, and au-
tophagy.

Similarity / Cross-Corr. Pearson correlation between pixel intensities of two
fluorescent channels across the same spatial mask.
Quantifies nuclear translocation (e.g., NF-𝜅B) and co-
localization in immunological synapses.

Internalization Ratio Ratio of fluorescence intensities within the cytoplasm
versus the entire cell. Assesses phagocytosis, antibody-
drug conjugate uptake, and etc.

Spot Distance Physical distance (𝜇m) between centroids of multiple
distinct bright spots within a single cell. Essential for
FISH spot counting.

These spatial metrics transform qualitative visual observations into quantitative

data, allowing population-level statistical analysis of sub-cellular phenomena that are

invisible to non-imaging flow cytometers. However, extracting hundreds of features

across up to 12 spectral channels per cell creates a high-dimensional feature space

where manual 2D gating and traditional feature engineering becomes a limiting factor.

2.2 Bio-Image Analysis Software

Collection of IFC databases has outpaced the development of accessible software

tools. Existing software can be broadly categorized into vendor-provided solutions,

open-source bio-image platforms, and specialized algorithmic toolkits.

2.2.1 Vendor-Proprietary Software

Imaging instruments are typically bundled with proprietary software, such as IDEAS®

(Amnis/Luminex). These solutions support necessary data handling and multiple

analysis features: visualizing recorded samples, gating, plotting extracted features,
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and biological assays. They rely heavily on masking techniques, which define a region

of interest based on a threshold and allow us to calculate features like Intensity or

Circularity.

Despite manuals and documentations accompanying the software, these platforms

act as black boxes. The algorithms used for feature extraction are often fixed, pre-

venting researchers from implementing novel descriptors and computational methods.

Furthermore, they operate as data silos; an analysis pipeline built in IDEAS cannot

easily be applied to data from a FlowCam (Yokogawa Fluid Imaging Inc., USA)

or a custom microfluidic device. By default, they lack native support for modern

deep learning architectures or restrict their access behind paid versions. Existing

versions include basic machine learning modules (e.g., the Machine Learning Mod-

ule in IDEAS), where they usually rely on older paradigms like Linear Discriminant

Analysis (LDA) and lack the flexibility of Python-based ecosystems.

2.2.2 Open-Source Platforms

The bio-image analysis community developed open-source solutions, primarily Im-

ageJ/Fiji and CellProfiler [9].

ImageJ/Fiji is the standard for biological image analysis. Its primary feature is

the support for public plugins that can be refactored to work for a wide range of tasks.

However, ImageJ was designed for the single image or stack paradigm common in

microscopy. Adapting it to the list-mode data structure of flow cytometry (where an

experiment consists of a list of 𝑁 discrete events) requires scripting and creates high

memory overhead.

CellProfiler established the Analysis Pipeline concept [9], allowing users to se-

quence discrete modules, such as IdentifyPrimaryObjects followed by MeasureObjectSize,

for efficient processing of large image datasets. This framework is highly effective for

high-content screening (HCS) on plates, but encounters significant limitations within

the context of IFC.

One constraint is the lack of interactivity in its design. CellProfiler is optimized

for a workflow where users construct a pipeline, execute it, and evaluate the post-
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processing results. Exploratory research, such as the identification of novel microalgal

morphotypes or rare immune phenotypes, demands a human-in-the-loop approach.

This requires the ability to interactively cluster and refine populations, which serves

as a core design idea of the proposed Eidocell software.

Furthermore, significant input/output friction exists when integrating modern

computational tools. Integrating deep learning models from popular frameworks into

a CellProfiler pipeline requires specialized plugins like CellProfiler Analyst or custom

scripting, complicating the adoption of advanced analytical methods [3].

2.2.3 Machine Learning-Centric Tools

Existing tools often rely on ML methods for their core features. CellProfiler Analyst

allows users to train Random Forest classifiers on the features extracted by Cell-

Profiler [15]. Ilastik utilizes the Random Forest algorithm for interactive pixel-level

segmentation [16]. More recently, EasyFlow offers a cross-platform graphical interface

requiring zero coding, allowing locally hosted cytometry analysis built on Matplotlib

and Qt [17]. While EasyFlow lowers the entry barrier for basic analysis, it does not

integrate deep learning feature extraction or online adaptation.

The listed tools use ML algorithms for analysis, but they rely primarily on shallow

learning algorithms (Random Forests, SVMs) applied to hand-crafted features. As

discussed in the following section, this approach is limited by the quality of the pre-

defined features and fails to capture context and raw pixel information. Tools like

DeepCytometry or Cytomine continue to integrate DL methods, but often require

complex server-side setups or command-line interfaces, limiting their adoption in

wet-lab environments.
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2.3 Feature Engineering and Representation Learn-

ing

The analysis of biological images has historically relied on the extraction of manually

engineered features. The features are mathematical descriptors explicitly defined by

human experts to capture visual properties, i.e. object circularity, area, perimeter,

etc. This approach is interpretable, but limited by the expert’s ability to define what

is important a priori. DL has shifted this paradigm towards representation learning,

where the optimal features for a given task are learned from the data itself.

2.3.1 Classical Feature Engineering

Standard workflows supported by IDEAS and CellProfiler begin with segmentation

computing binary masks of the objects, followed by the calculation of predefined

metrics. These metrics are generally categorized into three groups, the first being

morphometric features. These are descriptors of shape and size, such as Area, As-

pect Ratio, and Circularity. They provide robust measurements but might lack the

sensitivity required to distinguish between cell types with similar gross morphologies.

For instance, such metrics are frequently insufficient for differentiating T-cells from

B-cells or distinguishing active from inactive sperm based solely on cellular outlines

[18].

Beyond morphology, texture features and signal distribution metrics are used to

quantify internal cellular characteristics. Haralick textures (entropy, contrast, and

correlation) or Zernike moments, quantify the spatial arrangement of pixel intensities

to capture intracellular interactions, such as the granularity observed in neutrophils.

However, these metrics exhibit high sensitivity to image quality, noise, and focus

artifacts [9]. Signal distribution metrics describe the localization of fluorescence and

are used in combination with previous metrics.

These metrics are highly efficient for well-defined assays characterized by strong

phenotypes and are interpretable. However, classical feature engineering might miss
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non-linear patterns inherent in complex biological states, such as the early onset of

apoptosis or stem cell differentiation. Furthermore, the process of feature selection is

frequently labor-intensive and susceptible to researcher bias.

2.3.2 Convolutional Neural Networks

CNNs overcome the limitations of feature engineering by learning a hierarchy of fea-

tures directly from raw pixel data. In a CNN, lower layers learn to detect edges and

simple textures, while deeper layers aggregate these into complex, abstract represen-

tations of an object’s structure [19].

The application of CNNs to IFC data has demonstrated superior performance

over classical methods. In a landmark study, Eulenberg et al. (2017) and Lippeveld

et al. (2019) demonstrated that the DeepFlow architecture’s customized ResNet

and VGG variants could accurately classify distinct human white blood cell lineages

(eosinophils, neutrophils, and lymphocytes) using only stain-free brightfield and dark-

field imagery [20][11]. Similarly, our own work on bovine sperm classification showed

that models like ConvNeXt and MobileNet could distinguish between subtle mor-

phological defects (e.g., abnormal midpiece, distal cytoplasmic droplets) with over 91%

accuracy, significantly outperforming classical shape descriptors [12].

Beyond classification, deep learning has enabled virtual fluorescent labeling.

The DeepIFC framework, built upon an Inception U-Net architecture, accepts label-

free brightfield and darkfield images and predicts the corresponding fluorescent spatial

distribution for specific biomolecular markers [21]. The network learns impercepti-

ble morphological signatures associated with specific antigens, generating synthetic

fluorescence images that can substitute physical staining. In the domain of clinical

hematology, Doan et al. (2020) demonstrated CNN-based monitoring of acute myeloid

leukemia via stain-free IFC [22] and objective assessment of red blood cell storage le-

sions using deep learning to track morphological degradation over time [23]. For

environmental and public health applications, the MCellNet architecture achieved

high-accuracy detection of waterborne pathogens (Cryptosporidium and Giardia) in

IFC data [24]. Another direction of DL application is integration with the Quanti-
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tative Phase Imaging (QPI). The RT-HAD (Real-Time Holographic Aggregate

Detection) framework combines holographic reconstruction with YOLOv8 detection

to identify rare platelet aggregates at throughputs exceeding 10,000 events per second

with sub-10 millisecond inference times [25, 26].

Collectively, these advances demonstrate that CNNs have matured from proof-of-

concept classifiers to production-grade tools spanning classification, virtual staining,

pathogen detection, and real-time diagnostics. However, all supervised architectures

share a common limitation: they require labeled training data for each specific task

and instrument configuration, motivating the shift toward self-supervised and foun-

dation model approaches.

2.3.3 Vision Transformers and Self-Supervised Learning

Recent advances in computer vision have introduced the ViT. Unlike CNNs, which

process images via local receptive fields (convolutions), Transformers utilize a self-

attention mechanism that allows the model to weigh the importance of different parts

of an image globally. Furthermore, the training approach has shifted towards Self-

Supervised Learning (SSL). Methods like DINO (Self-distillation with NO labels)

allow models to learn rich feature representations from unlabeled data by solving pre-

text tasks (e.g., predicting missing parts of an image or enforcing invariance between

different augmented views of the same cell).

2.3.4 Self-Supervised Foundation Models for Cytometry

Training a robust CNN requires large quantities of expert-labeled single-cell images.

In clinical cytometry, acquiring ground-truth labels is slow, expensive, and subjec-

tively biased, as peer-to-peer agreement on morphological categories is often imper-

fect. Over the last two years, this bottleneck has been addressed by the aforemen-

tioned SSL methods and pretraining strategies.

SSL algorithms such as BYOL (Bootstrap Your Own Latent), SimCLR, and the

highly influential DINOv2 remove the requirement for human-annotated class labels
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or significantly limit it to the scale of a specific task. Instead of learning to map

an image to a predefined category, SSL trains a dual student-teacher network to

minimize the distance between latent representations of augmented views of the same

objects, while maximizing the distance from different objects. Through this self-

distillation loss, the network learns rich, intrinsic embeddings that capture universal

morphological structure rather than task-specific patterns.

SSL methods have been successfully applied to the field of biological imaging in

the past years, microscopy in particular. DinoBloom is a ViT-based model family

scaling up to 1.13 billion parameters, pre-trained via DINOv2 on a cohort of 13 diverse

single-cell datasets from peripheral blood and bone marrow [27]. DinoBloom produces

generalized 768-dimensional cellular embeddings that vastly outperform standard

ImageNet-trained models. It excels at zero-shot and few-shot learning, linear prob-

ing for leukocyte subtyping, and weakly supervised acute myeloid leukemia (AML)

classification without task-specific fine-tuning. RedDino represents an RBC-tailored

adaptation of the DINOv2 framework, pre-trained on a meticulously curated dataset

of 1.25 million diverse red blood cell images across varying hardware modalities [28].

RedDino achieves state-of-the-art performance in highly nuanced RBC shape classi-

fication tasks (e.g., spherocytosis, sickle cell disease) via simple k-nearest neighbor

assessment on the learned embeddings, outperforming supervised baselines trained

on the same data. The works demonstrate that researchers can extract generalized

embeddings from pre-trained models and feed them into simple linear classifiers or

clustering algorithms to achieve state-of-the-art accuracy with a minimized computa-

tional overhead. However, these models produce static embeddings—the features are

frozen at inference time and do not adapt to distribution shifts in new experimental

conditions.

2.3.5 Transfer Learning and Fine-Tuning Strategies

The standard paradigm for improving the model at a specific task and battling do-

main shift is fine-tuning: a model pre-trained on a large generic dataset (typically

ImageNet) is fine-tuned on the target task using labeled data from the domain of
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interest. Several popular strategies exist along a spectrum of adaptation level:

Linear probing freezes the entire backbone and trains only a new classification

head on the downstream task. This preserves the pre-trained representations but

limits the model’s ability to learn domain-specific features.

Head-only fine-tuning unfreezes the final few layers while keeping earlier fea-

ture extraction layers frozen, offering a compromise between adaptation capacity and

computational cost.

Full fine-tuning updates all model parameters on the downstream task. This

yields the best task-specific performance when sufficient labeled data is available, but

introduces two significant risks. First, catastrophic forgetting : the model overwrites

the general-purpose representations learned during pre-training, losing the ability to

transfer to other tasks or domains. Second, overfitting : biological imaging datasets

are often small (hundreds to low thousands of labeled cells per class), and fine-tuning

millions of parameters on such limited data leads to poor generalization.

The fundamental insight motivating the present work is that SSL features are

inherently general-purpose and robust, but they remain static—they do not adapt

to the specific distribution characteristics of new instruments, sample preparations,

or experimental conditions encountered at deployment time. We select a different

adaptation strategy: instead of modifying the learned feature extractors through fine-

tuning, we only tune the statistical parameters of the model at test time, preserving

the SSL representations while correcting for domain shift.

2.3.6 The Generalization Gap

Domain shift remains a significant challenge in modern deep learning, as a model’s

performance is tied to the specific data on which it was trained. In the context of

biological imaging, the domain is defined not only by biological variables but also by

the physical parameters of the instruments. For instance, slight variations in optical

focus can alter texture features by blurring chromatin patterns, while fluctuations

in illumination or gain, such as changes in LED intensity, shift the underlying pixel

distributions. Sample preparation protocols introduce substantial variability; as ob-
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served in sperm cells analysis study, cryopreservation alters the refractive index and

cytoplasmic density of cells compared to fresh samples.

Standard supervised models frequently fail when applied to a new domain where

the data distribution of the test set differs from the training set (𝑃𝑡𝑟𝑎𝑖𝑛(𝑋) ̸= 𝑃𝑡𝑒𝑠𝑡(𝑋)).

This challenge represents a primary barrier to the deployment of artificial intelligence

in clinical settings. Addressing this gap requires a shift in focus from training larger

models toward developing algorithmic methods capable of adapting models to new

domains at the time of inference.

2.4 Robustness and Domain Adaptation

While standard supervised learning assumes that training and testing data are drawn

from the same probability distribution (𝑃𝑡𝑟𝑎𝑖𝑛(𝑋, 𝑌 ) = 𝑃𝑡𝑒𝑠𝑡(𝑋, 𝑌 )), this assumption

does not always hold in real-world biological imaging due to the high variability of

biological samples and instrument parameters, causing domain shift.

2.4.1 Domain Shift in Imaging

Domain shift can be mathematically categorized according to which component of

the joint probability distribution undergoes change. The most prevalent scenario is

covariate shift, which occurs when the distribution of input features changes, denoted

as 𝑃𝑡𝑟𝑎𝑖𝑛(𝑋) ̸= 𝑃𝑡𝑒𝑠𝑡(𝑋), while the underlying relationship between features and labels,

𝑃 (𝑌 |𝑋), remains stable. We observe this during cryopreservation, which may alter

the refractive index of a cell’s cytoplasm and thus modify the resulting image 𝑋, even

though the biological classification 𝑌 of a Normal class cell remains constant.

Alternatively, label shift occurs when the distribution of class labels themselves

changes, represented as 𝑃𝑡𝑟𝑎𝑖𝑛(𝑌 ) ̸= 𝑃𝑡𝑒𝑠𝑡(𝑌 ). This case is inherent to biological

research and clinical diagnostics; for example, a healthy control sample will naturally

exhibit a vastly different ratio of immune cell subtypes compared to a sample obtained

from an infected subject.

Standard deep learning models, particularly those using Batch Normalization
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(BN), encode statistics (mean 𝜇 and variance 𝜎2) specific to the training domain

directly into the network weights. When 𝑃𝑡𝑒𝑠𝑡(𝑋) shifts, frozen statistics become

mismatched, leading to feature corruption and erroneous predictions (e.g., due to a

change in background illumination intensity).

2.4.2 Test-Time Adaptation

Test-Time Adaptation (TTA) addresses domain shift without the requirement

of collecting new labeled data for every experiment. Compared to Unsupervised Do-

main Adaptation (UDA), which requires concurrent access to both labeled source and

unlabeled target data during training, TTA adapts a pre-trained model solely using

the unlabeled target data encountered during the inference phase. TTA requires zero

original training data and assumes no modification to the source-training procedure

[29]. This property is particularly valuable in biological imaging, where privacy con-

straints, proprietary data, and the impracticality of concurrent retraining make UDA

infeasible.

A Taxonomy of TTA Approaches

Recent surveys categorize TTA methodologies based on the specific component ad-

justed during adaptation [30]:

1. Model Adaptation: Direct parameter updates using unsupervised objectives

(entropy minimization, pseudo-labeling). Powerful but risks optimization insta-

bility and catastrophic forgetting.

2. Inference Adaptation: Adjusts the computational graph or prediction ag-

gregation during the forward pass (dynamic routing, augmentation ensembling)

without permanent weight changes.

3. Normalization Adaptation: Updates only the normalization layer statistics

or affine parameters. Highly efficient but dependent on batch quality and size.
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4. Sample Adaptation: Uses generative models to project target samples back

onto the source manifold before classification. Eliminates risk of weight degra-

dation.

5. Prompt Adaptation: For Vision-Language Models; tunes continuous text or

visual prompt embeddings rather than the backbone parameters.

The following subsections outline the development history of TTA methods across

these categories.

Normalization and Self-Supervised Foundations (2016–2020)

The theoretical foundation of modern TTA was laid by the observation that domain

discrepancy presents mostly in the statistical distributions of intermediate feature

maps.

Adaptive Batch Normalization (AdaBN) proposed a simple approach: dur-

ing inference, discard the frozen source BN statistics (𝜇𝑡𝑟𝑎𝑖𝑛, 𝜎
2
𝑡𝑟𝑎𝑖𝑛) and replace them

with the mean and variance computed directly from the incoming target batch [31]:

𝑥̂ =
𝑥− 𝜇𝑏𝑎𝑡𝑐ℎ√︀
𝜎2
𝑏𝑎𝑡𝑐ℎ + 𝜖

· 𝛾 + 𝛽 (2.1)

This is a parameter-free method and it introduces virtually zero computational over-

head. However, its efficacy is directly linked to batch size: when test instances arrive

individually or in highly correlated sequences, the estimated batch statistics collapse

causing poor prediction quality.

Test-Time Training (TTT) introduced a complementary paradigm by using

auxiliary self-supervised learning [32]. During offline training, the network is bi-

furcated into a shared feature extractor and two heads: a supervised classification

head and a self-supervised head (e.g., rotation prediction). At test time, the self-

supervised loss provides gradient signal from unlabeled data to update the shared

feature extractor, implicitly learning domain-invariant representations. TTT++

improved upon this by replacing rotation prediction with contrastive learning and
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incorporating online feature alignment to stored source manifold statistics, prevent-

ing the self-supervised loss from distorting the semantic space [33]. However, both

TTT variants require access to the source training procedure to jointly train the

auxiliary head, limiting their applicability to pre-trained models.

Entropy Minimization and Stability (2021–2022)

The field shifted towards pure test-time strategies adapting unmodified, pre-trained

architectures.

TENT (Test Entropy Minimization) relies on the principle that the Shannon

entropy of a model’s softmax output serves as a proxy for alignment with the data

distribution [34]. TENT minimizes this entropy via backpropagation, restricting gra-

dient updates exclusively to the affine parameters (𝛾, 𝛽) of the normalization layers

while freezing all feature extraction weights:

ℒ𝑒𝑛𝑡(𝑥) = −
∑︁
𝑐

𝑝(𝑦 = 𝑐|𝑥) log 𝑝(𝑦 = 𝑐|𝑥) (2.2)

This constraint allows fast adaptation, establishing state-of-the-art results on CIFAR-

10-C and ImageNet-C. However, TENT requires diverse, reasonably sized batches;

under label shift or with small batches, it significantly degrades.

MEMO (Marginal Entropy Minimization) addressed the strict batch-size

dependency by allowing instance-level adaptation (batch size = 1) [35]. For a sin-

gle test image, MEMO generates multiple randomly augmented views, passes them

through the network, and minimizes the entropy of the marginal output distribution

across all augmentations. Unlike TENT, MEMO adapts all model parameters, using

the consistency signal from augmented views for optimization.

EATA (Efficient Anti-Forgetting Test-Time Adaptation) injected regu-

larization into the adaptation process to prevent continuous entropy minimization

from causing catastrophic forgetting [36]. EATA has three main principles: (1) ac-

tive sample filtration, discarding samples with extremely high entropy (too noisy) or

high similarity to previously seen data (redundant); (2) Fisher Information Matrix-
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based importance weighting, heavily penalizing changes to parameters critical for the

source task; and (3) an explicit anti-forgetting regularizer that balances plasticity

with stability.

Continual Test-Time Adaptation (2022–2024)

Standard TTA assumes a static domain shift, but real-world deployment involves

continuously changing conditions. An IFC instrument may experience gradual drift

in laser power, fluidic pressure, or sample degradation over the course of a long

experiment.

CoTTA (Continual Test-Time Adaptation) addresses two problems of con-

tinual adaptation: error accumulation and catastrophic forgetting [37]. To mitigate

error accumulation, CoTTA uses a weight-averaged “mean teacher” framework—an

exponential moving average (EMA) of the student network’s historical weights that

provides stable pseudo-labels. For each test sample, up to 32 augmented views are pro-

cessed by the teacher, and the averaged predictions form a consensus label. CoTTA

introduces stochastic restoration to mitigate catastrophic forgetting: during every

iteration, ∼1% of the student network’s neurons are forcibly reset to their original

source-pretrained weights. This mechanism acts as a permanent anchor, enabling

theoretically infinite-horizon adaptation without collapse.

EcoTTA addressed CoTTA’s prohibitive computational requirements by replac-

ing full-parameter updates with lightweight meta-networks (adapters) injected into

the architecture [38]. Only these adapters are updated during adaptation, reducing

memory consumption by over 80% compared to CoTTA. Self-distilled regularization

prevents the adapters from deviating significantly from the frozen original network’s

behavior.

RoTTA (Robust Test-Time Adaptation) tackled the specific challenge of

temporally correlated data streams by decoupling the incoming data from the opti-

mization batch [39]. A category-balanced memory bank selectively caches streaming

samples based on timeliness and uncertainty; during gradient updates, the optimiza-

tion batch is sampled from this bank rather than the raw stream, artificially restoring
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i.i.d.-like conditions.

Advanced Approaches: Causal Features, Generative, and Prompt-Based

Recent works demonstrated that entropy is a flawed proxy for accuracy under com-

plex distribution shifts. DeYO showed that a network may exhibit low entropy

not because it recognizes the causal structural features of an object, but because it

has overfitted to spurious background textures [40]. DeYO introduced Pseudo-Label

Probability Difference (PLPD): the test image is subjected to an object-destructive

augmentation (e.g., extreme patch shuffling), and the confidence difference between

the original and destroyed image quantifies whether the prediction relies on shape

(causal, domain-invariant) or texture (spurious). Only high-PLPD samples are used

for adaptation.

Another approach uses sample-space adaptation instead of weight updates.

Diffusion-TTA uses pre-trained denoising diffusion models to project corrupted test

images back onto the clean source manifold before classification [41]. Catastrophic

forgetting is minimized because the classifier’s weights remain completely frozen. This

concept has been extended to 3D point clouds, where latent-space diffusion denoising

achieves state-of-the-art robustness on corrupted ShapeNet and ModelNet40 bench-

marks.

For big Vision-Language Models (VLMs), prompt-based adaptation is the

dominant strategy. TPT (Test-Time Prompt Tuning) dynamically learns adap-

tive text prompt embeddings for each test sample by minimizing the marginal en-

tropy across augmented views, while keeping the VLM encoders entirely frozen [42].

DiffTPT enhanced this by replacing simple geometric augmentations with Stable

Diffusion-generated diverse variations [43]. Most recently, SubTTA works purely

in the embedding geometry, aligning target visual features to the pre-trained vision-

language space and projecting them onto a task-specific textual subspace that or-

thogonally filters task-irrelevant visual noise [44]. DART addresses the additional

challenge of label distribution shifts by learning confusion matrices for class-wise cor-

rection [45].
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Comparative Overview

Table 2.2 summarizes the key TTA methods discussed above.

Table 2.2: Comparison of key TTA methods. “Adaptation Target” indicates which
model components are modified during test time.

Method Year Adaptation Target Source Required Batch Req. Key Innovation

AdaBN 2016 BN running stats No Large Stat replacement
TTT / TTT++ 2021 Shared backbone Train phase Any Self-supervised aux. task
TENT 2021 BN affine (𝛾, 𝛽) No Moderate Entropy minimization
MEMO 2022 All parameters No 1 Marginal entropy
EATA 2022 BN affine (𝛾, 𝛽) No Moderate Fisher anti-forgetting
CoTTA 2022 All + EMA teacher No Any Mean teacher + restoration
EcoTTA 2023 Adapter modules No Any Meta-networks (80% mem. ↓)
RoTTA 2023 BN + teacher No Memory bank Category-balanced sampling
DeYO 2024 BN affine (𝛾, 𝛽) No Moderate PLPD causal filtering
Diffusion-TTA 2023 Input samples No Any Diffusion purification
TPT / DiffTPT 2023 Text prompts No Augmented Prompt tuning for VLMs
SubTTA 2026 Embedding geometry No Any Subspace alignment

Hybrid (Ours) 2025 Norm. stats + affine No Moderate Sequential stat + entropy

The Hybrid TTA algorithm proposed in this thesis combines elements from two

categories: Normalization Adaptation (the AdaBN lineage of batch statistic replace-

ment) [31] and Model Adaptation (the TENT lineage of entropy minimization on

affine parameters) [34]. This combination is motivated by the requirements of inter-

active IFC analysis: (1) computational efficiency sufficient for real-time throughput

of tens of thousands of images per second; (2) compatibility with Vision Transformer

architectures via Layer Normalization adaptation; and (3) preservation of the self-

supervised feature extractors without requiring access to the source training proce-

dure. The sequential design, where statistical alignment precedes entropy minimiza-

tion, is further explained in Chapter 3.

2.4.3 Unsupervised Discovery and Fuzzy Clustering

Beyond classification, a major goal of single-cell analysis is discovery and explain-

ability. Traditional algorithms like K-Means force every cell into a hard, disjoint

cluster, which can ignore biological nuance in some applications. Cellular differenti-

ation can be a continuous process; a cell transitioning from the G1 to S phase of the

cell cycle, or a stem cell differentiating into a neuron, exists in an intermediate state.
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Hard clustering forces these transitional cells into arbitrary categories, obscuring the

underlying biology.

Fuzzy (Soft) Clustering algorithms, such as Soft K-Means or density-based

approaches like HDBSCAN (Hierarchical Density-Based Spatial Clustering of Appli-

cations with Noise), assign a probability of membership to multiple clusters.

𝑢𝑖𝑗 =
1∑︀𝑐

𝑘=1(
𝑑𝑖𝑗
𝑑𝑖𝑘

)
2

𝑚−1

(2.3)

Where 𝑢𝑖𝑗 is the degree of membership of cell 𝑖 to cluster 𝑗. By integrating fuzzy clus-

tering into the Eidocell workflow, we can quantify ambiguity as a biological feature.

A sperm cell with a 50% membership to Normal and 50% to Irregular head shape

is not an error; it likely represents a subtle or transitional phenotype that warrants

specific investigation.

2.4.4 Research Gap

We identify two major research points to be noted in the field of bioimage and IFC

data analysis.

First, self-supervised foundation models such as DinoBloom [27] and RedDino [28]

have demonstrated that SSL Vision Transformers can learn universal, high-quality cel-

lular embeddings that generalize across instruments and datasets without task-specific

fine-tuning. These models represent a fundamental advance in feature representation

quality for single-cell imaging.

Second, the TTA literature has established a number of methods for mitigating

domain shift at inference time. However, the majority of TTA research evaluates on

synthetic corruption benchmarks (CIFAR-10-C, ImageNet-C) rather than the specific

challenges of biological imaging, which include extreme class imbalance, subtle mor-

phological gradients between phenotypes, and instrument-specific optical artifacts.

No existing IFC analysis tool integrates both of these advances. Proprietary plat-

forms (IDEAS, VisualSpreadsheet) rely on classical feature engineering with no adap-

tation mechanisms. Open-source tools (CellProfiler, EasyFlow) offer greater algorith-
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mic flexibility but lack native deep learning pipelines. Recent ML-centric cytometry

tools incorporate deep learning features but assume static model deployment. Fur-

thermore, no existing software tool combines interactive human-in-the-loop analysis

with online feature adaptation. This thesis aims to close this gap by implementing

a Hybrid TTA algorithm within the Eidocell framework, creating an instrument-

agnostic platform where self-supervised features dynamically adapt to each new ex-

perimental condition while preserving the interactive exploratory workflow that biol-

ogists require.
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Chapter 3

Methodology: The Eidocell

Framework and Algorithms

This chapter details the technical design and mathematical implementation of the pro-

posed solutions. We first outline the software architecture of the Eidocell framework,

designed to facilitate an interactive, instrument-agnostic analysis of high-throughput

image streams. We include the formulation of our hybrid TTA algorithm for mitigat-

ing domain shift, and the integration of dimensionality reduction and soft clustering

techniques to enable the unsupervised discovery of continuous biological phenotypes.

3.1 System Design and Architecture

The development of Eidocell is motivated to improve analysis of large IFC databases

and increase the accessibility of advanced machine learning algorithms. Existing so-

lutions, as discussed in Chapter 2, frequently force a trade-off between the usability

found in proprietary solutions and the flexibility of custom Python scripts. We de-

veloped our open-source solution around three core design principles: instrument

agnosticism, modularity, and human-in-the-loop interactivity.

The principle of instrument agnosticism implies that the system must decouple

the analysis pipeline from the specific hardware used for acquisition. Regardless

of the imaging platform, the internal representation of the single-cell event remains
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consistent. Furthermore, we prioritize modularity to consider rapid advancements in

computational research. Preprocessing scripts, feature extractors, and segmentation

models can be swapped, updated, or fine-tuned without altering the core application

logic. Finally, Eidocell emphasizes human-in-the-loop interactivity to improve the

explainability and discovery process through quick access to high-level population

statistics, such as scatter plots, clusters, and raw single-cell image data.

Eidocell is implemented as a desktop application using Python 3.9, using the Py-

Side6 binding for Qt as the Graphical User Interface (GUI). The high-performance

computational tasks are offloaded to specialized libraries: NumPy and Pandas for vec-

torial data manipulation, and PyTorch and ONNX Runtime for deep learning inference.

Figure 3-1: Graphical user interface of Eidocell. An algae dataset is shown in the
gallery view, where single-cell images are displayed with adjustable gallery settings.
The left panel allows navigation between workflow modules (segmentation, cluster-
ing, quantitative analysis), while the top panel provides contextual parameters and
controls.

The software architecture follows the Model-View-Presenter (MVP) pattern, which
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suggests a clean separation between data logic, user interface components, and me-

diation logic. This structural decoupling ensures that the underlying analytical tools

remain independent of the graphical presentation.

The Model layer maintains application state and data integrity via a central-

ized DataManager class. This component serves as the single source of truth for the

active session. To ensure ACID compliance and prevent data corruption during anal-

ysis, session configurations and gating hierarchies are stored in a lightweight SQLite

database. Extracted feature vectors and embeddings are stored in memory-mapped

NumPy arrays.

The View layer comprises the passive GUI components that display data and

capture user input. These components contain no business logic and prioritize per-

formance. For instance, the Gallery View utilizes a virtualized grid with lazy loading

to render thousands of cell images without exhausting system RAM.

The Presenter layer acts as the functional bridge between the Model and the

View. When a user interacts with the View, such as by defining a gate on a scatter

plot, the Presenter intercepts the coordinates, queries the DataManager to identify the

corresponding object indices, and updates the View to filter the displayed population.

This architecture decouples the UI from the backend implementation, allowing for

easier long-term testing and algorithmic development.

3.2 The Computational Pipeline

The main data pipeline consists of Data Ingestion, Preprocessing, Segmentation, and

Feature Extraction. Each stage is designed to be modular, allowing individual algo-

rithms to be integrated into the workflow.

3.2.1 Data Ingestion and Normalization

The ingestion module allows parallel loading of common image formats, such as TIFF,

PNG, and JPG, and HDF5 containers used for raw IFC exports. Basic pre-processing

is applied to the imported data for consistent analysis conditions. We start with bit-
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Figure 3-2: The Eidocell computational pipeline architecture. Raw multi-channel
images are normalized and segmented before entering a feature extraction step.
Users can extract interpretable classical morphometric features or use a pre-trained
backbone for high-dimensional latent vectorization. These features are subsequently
passed to the analysis step comprising dimensionality reduction, clustering, and sub-
sequent human-in-the-loop refinement.

depth conversion, where images (typically ranging from 8-bit to 32-bit floats) are

normalized to a standard range (0–255 for visualization or 0–1 for inference) while

preserving the dynamic range for quantitative fluorescence analysis. The module

performs automated channel mapping to decompose multi-channel stacks into discrete

components. Based on metadata or user input, the system identifies the primary

Brightfield or Morphology channel to serve as the base for subsequent analysis tasks.

3.2.2 The Segmentation Module

A region-of-interest can span one or multiple objects within the same image. Simpler

analyses generally require whole-cell segmentation, while the analysis of multi-cellular

objects or internal structures could benefit from more advanced segmentation meth-

ods.

Classical Segmentation

For whole-cell segmentation in high-contrast samples with simple backgrounds (e.g.,

cell cultures in clear media), we use classical computer vision techniques:
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• Otsu’s Method: An automatic clustering-based thresholding algorithm that

minimizes intra-class variance. This is computationally inexpensive and effec-

tive for identifying cells where the signal-to-background ratio is high.

• Adaptive Thresholding: For images with uneven illumination, local adaptive

thresholding is used. This method calculates thresholds for small regions of the

image, robustly identifying objects across illumination gradients.

• Watershed Algorithm: To address the problem of cell aggregation (e.g.,

doublets or clusters), the distance transform of the binary mask is computed,

followed by the Watershed algorithm. This separates touching objects based on

their topological centers.

Deep Learning-Based Segmentation

For complex biological samples (e.g., lysed blood, debris-rich environmental water),

classical methods might fail or limit the possibilities of analysis. To address this, we

integrate a lightweight segmentation head on top of a ViT-S/16 backbone, allowing

for mask generation based on user prompts (e.g., a mouse click).

3.2.3 Feature Extraction

Once cells are segmented, the system calculates a standard suite of morphometric

features using the scikit-image library. These include geometric properties (Area,

Perimeter, Circularity, Eccentricity, Solidity) and intensity-based properties (Mean

Intensity, Standard Deviation, Skewness). These features provide a baseline for in-

terpretable, rule-based gating (e.g., Select all cells with Area > 100 𝜇𝑚2).

For more advanced feature engineering, we rely on representation learning through

pre-trained backbone models. The primary extractor used in this framework is the

DINOv3 [14] (Self-distilled Vision Transformer) ViT-S/16 architecture, alongside sup-

port for other established models (e.g., MobileNetV3, ResNet-50) and the ability to

import custom backbones via .ONNX. The feature extraction process operates as

follows:
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1. Preprocessing: Single-cell crops are resized to the model’s native input resolu-

tion (e.g., 224×224) using bicubic interpolation. To prevent aspect ratio distor-

tion, we implement a pad-to-square strategy rather than artificially stretching

the image.

2. Forward Pass: The images are passed through the neural network. Instead of

taking the output of a final classification layer (which would restrict the system

to pre-defined classes), we extract the activation vectors from the penultimate

layer, representing the latent space of the image.

3. Vector Normalization: The raw activation vectors are 𝐿2-normalized. This

ensures that the distance between vectors in the high-dimensional space corre-

sponds to cosine similarity, a metric that has been shown to correlate strongly

with semantic visual similarity.

3.3 Robust Feature Adaptation under Domain Shift

The baseline Eidocell framework serves as a high-level tool to extract high-dimensional

features. As we discussed, the reliability of integrated static deep learning models is

constrained by the assumption of i.i.d. data. This section formalizes the domain shift

problem in the context of IFC and presents our adaptation strategy.

3.3.1 Problem Formulation

Let 𝒟𝑆 = {(𝑥𝑠
𝑖 , 𝑦

𝑠
𝑖 )}𝑁𝑠

𝑖=1 represent the source domain (training data), where 𝑥𝑠 ∈ 𝒳

are images and 𝑦𝑠 ∈ 𝒴 are the associated morphological labels. A neural network 𝑓𝜃

is trained to minimize the empirical risk:

𝜃* = argmin
𝜃

1

𝑁𝑠

𝑁𝑠∑︁
𝑖=1

ℓ(𝑓𝜃(𝑥
𝑠
𝑖 ), 𝑦

𝑠
𝑖 ) (3.1)

During deployment, the model encounters a target domain 𝒟𝑇 = {𝑥𝑡
𝑖}𝑁𝑡

𝑖=1 (e.g.,

cryopreserved cells), where labels 𝑦𝑡 are unavailable. In IFC, the physical variability
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of sample preparation and instrument calibration causes covariate shift : the marginal

distributions of inputs differ (𝑃𝑆(𝑋) ̸= 𝑃𝑇 (𝑋)), while the conditional label distribu-

tion remains stable (𝑃𝑆(𝑌 |𝑋) ≈ 𝑃𝑇 (𝑌 |𝑋)).

We can characterize IFC-specific domain shift through the physical parameters

of the imaging system. Let 𝜑 = (𝑧, 𝐼, 𝑛, 𝑠) denote the vector of physical parame-

ters, where 𝑧 is the focal depth, 𝐼 is the illumination intensity, 𝑛 is the refractive

index of the medium, and 𝑠 encodes the sample preparation protocol (e.g., fresh vs.

cryopreserved). The target image is then modeled as:

𝑥𝑡 = 𝑔(𝑥𝑠; ∆𝜑) (3.2)

where 𝑔 is the image formation function perturbed by the parameter deviation ∆𝜑 =

𝜑𝑇 − 𝜑𝑆. Empirically, this perturbation might manifest as alterations in background

intensity, focus blur, or cytoplasmic texture, which are changes that do not alter the

semantic identity of the cell but drastically degrade the performance of 𝑓𝜃.

The objective of TTA is to find adapted parameters 𝜃*𝑇 that minimize the expected

risk on the target domain using only unlabeled target data:

𝜃*𝑇 = argmin
𝜃

E𝑥∼𝑃𝑇 (𝑋)[ℓ(𝑓𝜃(𝑥), 𝑦)] (3.3)

subject to the constraint that no labels from 𝒟𝑇 and no data from 𝒟𝑆 are accessible.

To address this, we embed an unsupervised Hybrid TTA strategy directly into the

Eidocell inference module, dynamically aligning both the feature statistics and the

decision boundaries of the model to the incoming data stream.

3.3.2 Statistical Feature Alignment via Normalization Adap-

tation

Deep neural networks rely heavily on BN layers to stabilize feature distributions. A

BN layer normalizes an input feature map 𝑥 using the mean 𝜇 and variance 𝜎2:
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𝑥̂ =
𝑥− 𝜇√
𝜎2 + 𝜖

· 𝛾 + 𝛽 (3.4)

During inference, the model uses fixed running statistics (𝜇𝑡𝑟𝑎𝑖𝑛, 𝜎𝑡𝑟𝑎𝑖𝑛) computed

during training. Under domain shift these fixed statistics no longer match the acti-

vation statistics of the target data. This statistical mismatch propagates through the

network, corrupting the feature representation.

To mitigate this, we add Test-Time Normalization (TTN). When a new session is

loaded into Eidocell, we re-estimate the statistics 𝜇𝑡𝑒𝑠𝑡 and 𝜎𝑡𝑒𝑠𝑡 using the incoming

batch of randomly sampled unlabeled test images 𝐵𝑇 . The adaptation rule for the

normalization statistics at layer 𝑙 is defined as:

𝜇𝑙 ← (1− 𝛼)𝜇𝑙 + 𝛼 · 1

|𝐵𝑇 |
∑︁
𝑥∈𝐵𝑇

𝑓 𝑙
𝜃(𝑥) (3.5)

𝜎2
𝑙 ← (1− 𝛼)𝜎2

𝑙 + 𝛼 · Var(𝑓 𝑙
𝜃(𝐵𝑇 )) (3.6)

Where 𝛼 ∈ [0, 1] is a momentum coefficient. By updating these statistics, we tune

the model to possible texture, light, or noise variations in images. This step is com-

putationally light requiring only a single forward pass. For ViT architectures, which

utilize Layer Normalization (LN) rather than Batch Normalization, the adaptation is

performed by unfreezing the affine parameters (𝛾, 𝛽) of the LN layers, allowing the

model to rescale the features of the target domain to match the expected dynamic

range of the self-attention heads.

Information-Theoretic Justification. The basis of normalization adaptation is

distribution divergence. Each normalization layer 𝑙 encodes source-specific sufficient

statistics (𝜇𝑙
𝑆, 𝜎

𝑙
𝑆
2
) that implicitly define a Gaussian prior over the expected activation

distribution. Under covariate shift, the true activation distribution 𝑃𝑇 (𝑧𝑙) at layer 𝑙

diverges from this prior. Assuming approximately Gaussian activations[46] the KL
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divergence between the target activations and the source prior grows as:

𝐷𝐾𝐿

(︀
𝑃𝑇 (𝑧𝑙) ‖𝒩 (𝜇𝑙

𝑆, 𝜎
𝑙
𝑆

2
)
)︀
=

(𝜇𝑙
𝑇 − 𝜇𝑙

𝑆)
2

2𝜎𝑙
𝑆
2 +

𝜎𝑙
𝑇
2

2𝜎𝑙
𝑆
2 −

1

2
log

𝜎𝑙
𝑇
2

𝜎𝑙
𝑆
2 −

1

2
(3.7)

Replacing the source statistics with the target statistics (𝜇𝑙
𝑇 , 𝜎

𝑙
𝑇
2
) eliminates this

divergence entirely for Gaussian-distributed activations, achieving optimal alignment

at every layer. The momentum-based update (Equations 5–6) represents a smoothed

variant of the direct replacement proposed in AdaBN [31], exchanging optimality for

temporal stability.

3.3.3 Semantic Boundary Alignment via Entropy Minimiza-

tion

Statistical alignment corrects for global shifts in pixel intensity and texture, but

does not guarantee that the decision boundaries of the classifier remain optimal. A

model may have corrected feature statistics but produce low-confidence predictions

for samples lying near the decision boundary (e.g., a probability distribution like

[0.4, 0.4, 0.2]).

To sharpen the decision boundaries without access to labels, we use Entropy

Minimization. The hypothesis is that a classifier adapted to the target domain should

make confident predictions (low entropy), regardless of whether those predictions are

correct. By forcing the model to be confident, we push samples away from the decision

boundaries and toward the class centroids.

For a given input 𝑥, the model outputs a probability distribution 𝑦 = 𝑓𝜃(𝑥). The

Shannon entropy 𝐻(𝑦) is defined as:

ℒ𝑒𝑛𝑡(𝑥) = −
𝐶∑︁
𝑐=1

𝑦𝑐 log 𝑦𝑐 (3.8)

where 𝐶 is the number of classes. During the adaptation phase, we minimize this

entropy loss on the target batch 𝐵𝑇 . However, optimizing all model parameters 𝜃

can lead to model collapse or catastrophic forgetting. We restrict the optimization
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to the affine transformation parameters (𝛾, 𝛽) of the normalization layers, keeping

the convolutional weights and attention heads frozen. This approach in combination

with the TENT methodology [34] allows the network to adapt its feature scaling while

preserving the learned semantic filters.

Information-Theoretic Justification. Shannon entropy provides an unsuper-

vised proxy for prediction quality through several theoretical connections. First,

entropy is an upper bound on the Bayes error rate: 𝑃𝑒 ≤ 1
2
𝐻(𝑌 ) for binary classifica-

tion, with analogous bounds for the multiclass case [30]. Minimizing entropy therefore

pushes the expected error rate downward. Second, under the assumption of a uniform

marginal label distribution, minimizing the conditional entropy 𝐻(𝑌 |𝑋) is equivalent

to maximizing the mutual information 𝐼(𝑋;𝑌 ) between inputs and predictions:

𝐼(𝑋;𝑌 ) = 𝐻(𝑌 )−𝐻(𝑌 |𝑋) (3.9)

This maximization encourages the model to preserve the maximum amount of discrim-

inative information from the input in its predictions. Third, entropy minimization

connects to the cluster assumption in semi-supervised learning: decision boundaries

should pass through low-density regions of the data distribution. By pushing pre-

dictions toward the vertices of the probability simplex (one-hot vectors), entropy

minimization drives samples away from uncertain boundary regions and toward high-

density class centroids.

However, entropy minimization implemented without constraints might assign all

probability mass to a single class and globally achieve zero entropy, causing class

collapse. The restriction of gradient updates to only the affine parameters (𝛾, 𝛽)

of normalization layers is safer, as they can rescale and shift feature distributions

but cannot alter the learned class-discriminative filters, limiting the optimization’s

capacity to reach degenerate solutions.
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3.3.4 The Hybrid TTA Algorithm

The Hybrid TTA algorithm integrates statistical feature alignment and semantic

boundary alignment into a unified, unsupervised adaptation loop. The algorithm

executes them sequentially on each incoming batch to maximize both adaptation

stability and computational throughput.

First, the statistical alignment acts as a zero-gradient pre-conditioning step. By

recalculating the normalization statistics directly from the unlabeled target batch, we

neutralize global covariate shifts (fluctuations in illumination, focus blur, or changes

in the sample’s refractive index). This step projects the shifted target features back

into the normalized distribution bounds for the pre-trained network.

Second, we perform semantic boundary alignment via entropy minimization. Be-

cause the features have already been globally aligned, the entropy loss function op-

erates on a smoother landscape, potentially improving the convergence. Statistical

alignment performs a first-order correction (mean and variance alignment) that is

convex and admits a closed-form solution. By projecting the shifted target features

back into the normalized distribution bounds of the pre-trained network, the statis-

tical alignment step reduces the magnitude of the entropy loss gradient ‖∇𝛾,𝛽ℒ𝑒𝑛𝑡‖,

since the features are already approximately centered and scaled. This means the

subsequent entropy minimization requires fewer gradient update steps to converge,

explaining the empirical observation in our ablation study (Section 5): the hybrid

method achieves a throughput of ∼250 images/second, compared to only ∼145 im-

ages/second for semantic alignment alone.

There is risk of catastrophic forgetting and model collapse when TTA approaches

are applied. Unconstrained self-training or entropy minimization can cause a model

to overfit to an anomalous batch of data, or cause prediction of a single majority

class to artificially minimize uncertainty. To mitigate this, we add previously men-

tioned stability mechanisms, such as a momentum-based moving average (controlled

by the coefficient 𝛼) for the running statistics. By interpolating between the his-

torical parameters and the current batch estimates, the model retains generalized
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representations learned from the source domain while remaining dynamically respon-

sive to the target stream. Furthermore, by strictly confining all gradient updates to

the lightweight affine transformation parameters (𝛾, 𝛽) of the normalization layers

we structurally prevent the network from collapsing into low-entropy solutions. The

complete procedure is detailed in Algorithm 1.

Algorithm 1 Hybrid Test-Time Adaptation
1: Input: Pre-trained model 𝑓𝜃 with normalization parameters Φ = {𝜇, 𝜎, 𝛾, 𝛽}.
2: Input: Target data stream 𝐷𝑇 (unlabeled).
3: Hyperparameters: Learning rate 𝜂, Momentum 𝛼.
4: Initialize target model 𝑓𝜃* ← 𝑓𝜃.
5: for each batch 𝑥𝑏 ∈ 𝐷𝑇 do
6: // Step 1: Statistical Alignment
7: Compute batch statistics: 𝜇𝑏, 𝜎

2
𝑏 ← Stats(𝑥𝑏)

8: Update running stats: 𝜇← (1− 𝛼)𝜇+ 𝛼𝜇𝑏

9: // Step 2: Semantic Alignment
10: Forward pass: 𝑦𝑏 = 𝑓𝜃*(𝑥𝑏)
11: Compute Entropy Loss: 𝐿 = 1

|𝐵|
∑︀
ℒ𝑒𝑛𝑡(𝑦𝑏)

12: Compute Gradients: ∇𝛾,𝛽𝐿
13: Update Affine Params: 𝛾 ← 𝛾 − 𝜂∇𝛾𝐿, 𝛽 ← 𝛽 − 𝜂∇𝛽𝐿

14: Return: Adapted model 𝑓𝜃* .

3.4 The Analysis Engine

The final step is the interpretation of the extracted feature vectors. Because deep rep-

resentation learning results in high-dimensional embeddings (e.g., 384 or 768 dimen-

sions for a Vision Transformer), they cannot be analyzed using standard 2D gating.

We perform dimensionality reduction, unsupervised clustering, and semi-supervised

label propagation.

3.4.1 Dimensionality Reduction

To use visualization plots and improve the feature interpretability of the high-dimensional

latent space, we implement multiple non-linear dimensionality reduction (DR) meth-

ods. Alongside Principal Component Analysis (PCA) for linear variance estimation,
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we often use Uniform Manifold Approximation and Projection (UMAP) [47]. UMAP

was selected over t-SNE due to its superior preservation of global data structure and

lower computational overhead. The system allows users to tune key hyperparameters:

• n_neighbors: Controls how UMAP balances local versus global structure.

Low values focus on fine-grained differences between cells, while higher values

emphasize broader biological groupings.

• min_dist: Sets the minimum distance between points in the 2D plane, pre-

venting over-packing of points and facilitating easier manual gating.

• Metric Selection: Users can choose between Euclidean, Cosine, or Manhattan

distances (e.g., Cosine is typically preferred for 𝐿2-normalized deep learning

embeddings).

3.4.2 Discovery and Fuzzy Clustering

We include a set of clustering algorithms for iterative discovery. The default baseline

is X-Means—an extension of K-Means that uses the Bayesian Information Criterion

(BIC) to automatically estimate the optimal number of clusters (𝐾) [48]. X-Means

identifies statistically distinct morphological groups without the researcher needing

to define a taxonomy beforehand. For more complex, density-variable data (such as

identifying rare cell doublets), we include HDBSCAN, which can identify noise points

and outliers, filtering debris. However, traditional algorithms like X-Means and HDB-

SCAN assign hard labels to data points, meaning every event must belong to exactly

one cluster. This discretization can be biologically inaccurate. Hard clustering forces

these transitional cells into arbitrary categories, obscuring the underlying biology. To

address this, we implement Soft (Fuzzy) Clustering. Instead of a binary assignment,

we compute a membership vector u𝑖 = [𝑢𝑖1, 𝑢𝑖2, ..., 𝑢𝑖𝐾 ] for each cell 𝑥𝑖, where 𝑢𝑖𝑗

represents the degree of membership to cluster 𝑗. We use a Soft K-Means approach,

minimizing the objective function:
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𝐽𝑚 =
𝑁∑︁
𝑖=1

𝐾∑︁
𝑗=1

(𝑢𝑖𝑗)
𝑚||𝑥𝑖 − 𝑐𝑗||2 (3.10)

where 𝑚 > 1 is the fuzzifier exponent (controlling the softness of the boundaries)

and 𝑐𝑗 is the centroid of cluster 𝑗. The membership degree is calculated as:

𝑢𝑖𝑗 =
1∑︀𝐾

𝑘=1

(︁
||𝑥𝑖−𝑐𝑗 ||
||𝑥𝑖−𝑐𝑘||

)︁ 2
𝑚−1

(3.11)

Defining the input and output parameters, the full algorithm could be represented

as:

Algorithm 2 Soft K-Means (Fuzzy Clustering) Algorithm
1: Input: Extracted feature set 𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑁}.
2: Input: Number of clusters 𝐾, Fuzzifier 𝑚 > 1, Error tolerance 𝜖.
3: Output: Cluster centroids 𝐶 = {𝑐1, . . . , 𝑐𝐾}, Membership matrix 𝑈 .
4: Initialize membership matrix 𝑈 (0) randomly, such that

∑︀𝐾
𝑗=1 𝑢𝑖𝑗 = 1 for all 𝑖.

5: Set iteration counter 𝑡← 0.
6: repeat
7: // Step 1: Update Cluster Centroids
8: for 𝑗 = 1 to 𝐾 do

9: 𝑐
(𝑡+1)
𝑗 =

∑︀𝑁
𝑖=1(𝑢

(𝑡)
𝑖𝑗 )𝑚𝑥𝑖∑︀𝑁

𝑖=1(𝑢
(𝑡)
𝑖𝑗 )𝑚

10: // Step 2: Update Membership Degrees
11: for 𝑖 = 1 to 𝑁 do
12: for 𝑗 = 1 to 𝐾 do

13: 𝑢
(𝑡+1)
𝑖𝑗 =

[︃∑︀𝐾
𝑘=1

(︂
||𝑥𝑖−𝑐

(𝑡+1)
𝑗 ||

||𝑥𝑖−𝑐
(𝑡+1)
𝑘 ||

)︂ 2
𝑚−1

]︃−1

14: 𝑡← 𝑡+ 1
15: until ||𝑈 (𝑡) − 𝑈 (𝑡−1)|| < 𝜖 ◁ Convergence
16: return 𝐶,𝑈 (𝑡)

We can now quantify phenotypic ambiguity as a biological feature through proba-

bilistic output. This allows researchers to distinctively filter for archetypal cells (high

certainty) versus transitional cells (high ambiguity). If a cluster is found to be hetero-

geneous, the user can manually split or merge groups using the GUI drag-and-drop

interface, a process that updates the class labels in the underlying SQLite database

in real-time.
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3.4.3 Clustering Evaluation Metrics

To quantitatively assess the performance of our unsupervised representation learn-

ing and clustering algorithms (e.g., X-Means and HDBSCAN), we use metrics that

compare the algorithmic cluster assignments against expert-annotated ground truth

labels. Because unsupervised clustering does not assign semantic labels (i.e., the al-

gorithm outputs Cluster 1 instead of Biconcave RBC ), standard supervised metrics

like Accuracy or F1-Score cannot be directly applied without solving the bipartite

matching problem. Instead, we use two standard, permutation-invariant clustering

metrics: Normalized Mutual Information (NMI) and the Adjusted Rand Index (ARI).

Both metrics evaluate the structural agreement between two partitions of the data,

independent of the label values.

Normalized Mutual Information (NMI)

NMI is an information-theoretic measure that quantifies the amount of information

shared between the ground truth labels 𝑈 = {𝑢1, 𝑢2, ..., 𝑢𝑅} and the predicted clusters

𝑉 = {𝑣1, 𝑣2, ..., 𝑣𝐶}.

The foundation of NMI is the Mutual Information (MI), defined as:

𝐼(𝑈, 𝑉 ) =
𝑅∑︁
𝑖=1

𝐶∑︁
𝑗=1

𝑃 (𝑢𝑖 ∩ 𝑣𝑗) log
𝑃 (𝑢𝑖 ∩ 𝑣𝑗)

𝑃 (𝑢𝑖)𝑃 (𝑣𝑗)
(3.12)

where 𝑃 (𝑢𝑖) is the probability that a randomly selected cell belongs to class 𝑢𝑖, 𝑃 (𝑣𝑗)

is the probability it belongs to cluster 𝑣𝑗, and 𝑃 (𝑢𝑖 ∩ 𝑣𝑗) is the joint probability of

the cell belonging to both.

Because standard MI is not upper-bounded and tends to increase as the number

of clusters increases, it is normalized using the Shannon entropy 𝐻 of the partitions:

NMI(𝑈, 𝑉 ) =
2 · 𝐼(𝑈, 𝑉 )

𝐻(𝑈) +𝐻(𝑉 )
(3.13)

where 𝐻(𝑈) = −
∑︀

𝑖 𝑃 (𝑢𝑖) log𝑃 (𝑢𝑖).

The resulting NMI score ranges from 0 to 1. A score of 0 indicates that the pre-
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dicted clusters share no mutual information with the true biological classes (random

assignment), while a score of 1 indicates perfect agreement.

Adjusted Rand Index (ARI)

While NMI measures shared information, the Rand Index (RI) approaches the prob-

lem from a combinatorial perspective, counting the number of pairs of cells that are

assigned consistently (either grouped together or separated) in both the ground truth

𝑈 and the prediction 𝑉 .

Let 𝑛 be the total number of cells. The contingency table elements 𝑛𝑖𝑗 represent

the number of cells that are in both class 𝑢𝑖 and cluster 𝑣𝑗. Let 𝑎𝑖 be the number of

cells in class 𝑢𝑖, and 𝑏𝑗 be the number of cells in cluster 𝑣𝑗.

The unadjusted Rand Index is strictly the ratio of agreeing pairs to the total possi-

ble pairs
(︀
𝑛
2

)︀
. However, in high-dimensional biological data with high class imbalance,

random clustering can yield a deceptively high RI. Therefore, we use the ARI, which

corrects for chance grouping by establishing a baseline of expected similarity:

ARI =
Index− Expected Index

Max Index− Expected Index
(3.14)

Mathematically, this is computed as:

ARI =

∑︀
𝑖,𝑗

(︀
𝑛𝑖𝑗

2

)︀
−
[︁∑︀

𝑖

(︀
𝑎𝑖
2
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𝑗

(︀
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2

)︀]︁
/
(︀
𝑛
2

)︀
1
2
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𝑖
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2

)︀
+
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𝑗
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/
(︀
𝑛
2

)︀ (3.15)

The ARI score ranges from -1 to 1. A score of 0 signifies that the clustering

performs no better than random assignments drawn from the same marginal distri-

butions, negative values indicate anti-correlation, and a score of 1 indicates identical

partitioning.

58



3.4.4 Assisted Classification

To maximize sample efficiency, we include a semi-supervised labeling module. The

program allows the user to label a small subset of representative cells (e.g. through

unsupervised clustering or by manually selecting events) and then automates the la-

beling of the remaining session images. This is implemented via a k-Nearest Neighbors

(k-NN) propagation logic:

1. For every unlabeled cell 𝑖, the system identifies its 𝑘 nearest neighbors in the

high-dimensional latent space.

2. The cell is assigned a predicted label based on the majority vote of its neighbors,

weighted by their distance:

𝑦𝑖 = argmax𝑐

∑︁
𝑗∈𝒩𝑖

𝑤𝑖𝑗I(𝑦𝑗 = 𝑐) (3.16)

where 𝑤𝑖𝑗 is the inverse of the distance between cell 𝑖 and neighbor 𝑗.

3. A confidence score is calculated for each prediction. Cells with scores below

a user-defined threshold are flagged for manual review, ensuring that the final

classification remains firmly under expert control.
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Chapter 4

Data Resources

To evaluate the performance of the suggested framework and algorithms, we obtained

a set of databases that contain challenges frequently occurring in IFC: class imbal-

ance, optical aberrations, multi-cellular interactions, and domain shift. We outline

the details of the acquisition, preprocessing, and characteristics of the four primary

biological case studies and the technical benchmarks utilized in this thesis.

4.1 Biological Case Studies

We utilized four distinct biological datasets acquired via IFC. Each dataset represents

a case study designed to test a unique capability of the Eidocell framework and the

proposed adaptation algorithms.

4.1.1 Case Study I: Bovine Sperm Morphology

The first dataset is derived from a study investigating the impact of cryopreservation

on bull sperm morphology [12], and was acquired using an ImageStream® X Mk II at

40x magnification. The samples represent three distinct bull breeds—Kazakh White-

head, Auliekol, and Simmental. The collection contains 436,374 single-cell brightfield

images. From this total, a subset of 12,000 images was manually annotated across

eight morphological categories: Normal, Irregular head shape, Twisted or elongated
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Figure 4-1: Sample images and their corresponding masks from the biological case
studies. (A) Microalgae dataset. Intensity-based Otsu’s thresholding is used for seg-
mentation. (B) Immune synapse dataset. Edge-based Otsu’s thresholding is applied
(Otsu + edge detection + closed contours). (C) RBC dataset. Adaptive thresholding
is applied for segmentation. (D) Sperm cells dataset. Same segmentation settings as
in case B.

head, Abnormal midpiece, Abnormal tail, Proximal Cytoplasmic Droplet (Proximal

CD), Distal Cytoplasmic Droplet (Distal CD), and Coiled Tail/Midpiece (CTM).

The main challenge is the two data acquisition states: frozen and fresh. Cryop-

reservation induces subtle alterations in cytoplasmic density and the structural and

biophysical parameters of the cells.

4.1.2 Case Study II: Post-COVID-19 Red Blood Cells

The data originates from a study conducted at the National Research Center for

Cardiac Surgery investigating rheological changes in erythrocytes in patients with

post-COVID-19 syndrome [13]. Using the ImageStream X Mk II, approximately

35,000 Brightfield images were captured and categorized into three morphological

states: healthy Biconcave cells, Side-View orientations, and pathological Elongated

cells.

The primary challenge within this dataset stems from the physics of hydrodynamic

focusing, which often causes red blood cells to rotate or drift out of the focal plane.

Consequently, the collection contains a high proportion of out-of-focus events. These

instances serve as a proxy for validating the robustness of feature extractors against
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instrumental noise and blur, ensuring that the software can maintain classification

accuracy despite physical variations in the flow stream.

4.1.3 Case Study III: Microalgae Database

This dataset was collected from field studies as well as mesocosm research using the

FlowCam VS4 (Yokogawa Fluid Technologies, USA) [49, 50, 51], and characterized by

high-class imbalance and morphological diversity. From this study, a filtered collection

of 27,000 events comprising 29 distinct microalgal groups, was used for validation..

4.1.4 Case Study IV: Immunological Synapse

We utilized data from the recent immunological synapse profiling study conducted

by Boushehri and co-authors (2023). This work introduced scifAI, a machine learn-

ing framework specifically designed to analyze multi-channel IFC data. The original

dataset has images of primary human T and B cells forming immunological synapses.

These images were captured under various experimental conditions, including dif-

ferent immune stimulations and therapeutic antibody treatments. The images were

manually classified into nine biological categories, which distinguished between single

cells, doublets, multicell interactions, and functional versus non-functional synapses.

In total, 5221 images were labeled.

Table 4.1: Summary of the four primary biological case studies used to validate the
framework.

Case Study Total Events Classes Primary Challenge
1. Bovine Sperm 436,374 8 Domain Shift (Fresh ↔ Frozen)
2. RBCs 35,000 3 Optical Defocus & Blur
3. Algae 27,000 29 Taxonomic Diversity & Class Imbalance
4. Immune Synapse 5,221 9 Multi-Modal Feature Fusion

4.2 Technical Benchmark Datasets

The biological datasets described above provide the necessary domain context but

contain uncontrolled variables (e.g., simultaneous changes in size, texture, and ro-
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tation) that make it difficult to isolate the specific effects of distribution shift algo-

rithms. To robustly validate the proposed TTA approach, we utilize the standard-

ized -C (Corrupted) dataset family introduced by Hendrycks and Dietterich [52].

These benchmarks apply 15 distinct algorithmic corruptions across five severity lev-

els to test images, serving as controlled proxies for physical artifacts encountered in

high-throughput microscopy. Noise corruptions (such as Gaussian, shot, and impulse

noise) simulate sensor noise and low-light grain; blur corruptions (defocus, motion,

and zoom) parallel hydrodynamic focus drift and motion blur; and digital corruptions

(contrast, brightness, and JPEG compression) mimic variations in illumination and

large-scale storage artifacts.

This approach is tested across three datasets of different complexity. The first

dataset is CIFAR-10-C, a 10-class dataset comprising 50,000 source domain training

images and 750,000 target domain evaluation images. This serves as a base benchmark

to validate statistical alignment capabilities. The semantic difficulty is increased

using CIFAR-100-C, which contains 100 fine-grained classes. The third dataset, Tiny-

ImageNet-C, featuring 200 classes with images resized to 64× 64 pixels.

Table 4.2: Summary of the technical benchmark datasets. Each dataset applies 15
distinct synthetic corruptions across 5 severity levels to simulate physical microscopy
artifacts (e.g., optical defocus, sensor noise, illumination shifts).

Dataset Classes Resolution Source Images Target Images Purpose

CIFAR-10-C 10 32× 32 50,000 750,000 Baseline validation of sta-
tistical alignment on low-
resolution, broad semantic
classes.

CIFAR-100-C 100 32× 32 50,000 750,000 Assessing adaptation sta-
bility across highly im-
balanced, fine-grained tax-
onomies.

Tiny-ImageNet-C 200 64× 64 100,000 750,000 Scalability testing on
higher-dimensional feature
spaces and complex visual
variances.
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Chapter 5

Experiments and Results

In this chapter, we evaluate the performance of the proposed workflows and algo-

rithms. The evaluation is conducted in two phases. First, we validate the Eidocell

system as a static analysis tool, selecting an optimal backbone architecture and as-

sessing its capabilities in unsupervised biological discovery. Second, we evaluate the

proposed TTA strategies against state-of-the-art baselines under real-world domain

shifts.

5.1 Phase I: Workflow Validation and Backbone Se-

lection

The downstream performance of the Eidocell workflow relies entirely on the quality of

the feature representations extracted from the single-cell images. We prioritized SSL

ViTs over traditional supervised CNNs to ensure generalizability without task-specific

retraining.

5.1.1 Backbone Selection and Performance Analysis

We evaluated several pre-trained backbones on our primary biological datasets using

a k-NN classifier as a proxy for feature separability. As shown in Table 5.1, the

DINOv3 (ViT-Small/16) backbone demonstrated superior performance in class
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separability.

Table 5.1: K-NN classification accuracy of various feature extractor backbones. Re-
sults are reported as mean ± standard deviation. DINOv3 consistently outperforms
CNN baselines.
Backbone Algae Imm. Synapse (BF) Imm. Synapse (MC) RBC Sperm Cells

ViT-S/16 (DINOv3) 86.12 ± 0.84 54.07 ± 2.59 78.00 ± 2.26 98.28 ± 0.46 74.54 ± 0.85
EfficientNetV2 79.61 ± 0.83 51.73 ± 1.97 69.63 ± 1.63 97.40 ± 0.75 69.16 ± 1.13
MobileNetV3 (large) 82.77 ± 0.78 53.73 ± 2.14 68.97 ± 1.87 98.09 ± 0.66 69.34 ± 1.12
ResNet-50 80.81 ± 0.63 50.87 ± 3.12 71.71 ± 1.98 97.55 ± 0.72 67.08 ± 0.85
ViT-S/16 (ImageNet-21k) 82.19 ± 1.50 53.67 ± 4.54 70.18 ± 2.03 98.77 ± 0.26 67.29 ± 1.05

The performance gap between ViT-S/16 and traditional CNNs (like ResNet-50)

might be explained by an architectural and pretraining strategy progress. Objects

in IFC are randomly rotated and vary in their position within the cropped frame.

CNNs rely on local receptive fields, making them sensitive to spatial translations. In

contrast, the self-attention mechanism of vision transformers computes global contex-

tual relationships across the entire image patch grid, rendering the extracted features

inherently more robust to the random rotations and positional shifts native to hydro-

dynamic focusing.

5.1.2 Clustering Performance

To validate the human-in-the-loop discovery workflow, the pipeline was applied to

the biological datasets to evaluate clustering performance against ground-truth an-

notations.

Using X-Means (hard clustering) on UMAP-reduced DINOv3 features, we ex-

tracted biologically meaningful clusters. As shown in Table 5.2, X-means demon-

strated a significant performance advantage over standard soft clustering. For in-

stance, in the Immune Synapse dataset (multi-channel), it achieved an ARI of 53.22±

5.90, spontaneously separating single T-cells from conjugates with high precision.

While Soft K-means consistently yielded lower ARI and NMI scores compared

to X-means, it provides probabilistic membership vectors that capture transitional

phenotypes, as demonstrated in the following section.
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Table 5.2: Comparative clustering performance between Soft K-means and X-means
algorithms. Results are reported as mean ARI and mean NMI (±SD) over five runs.
UMAP was configured with n_neighbors=15, min_distance=0.1

Dataset Modality ARI NMI

Soft K-means
Algae BF 34.14 ± 7.16 41.21 ± 9.20
Immune Synapse BF 13.04 ± 6.47 18.12 ± 5.52
Immune Synapse Multi-channel 38.20 ± 5.15 42.05 ± 7.58
RBC BF 54.26 ± 5.46 61.60 ± 7.31
Sperm Cells BF 16.43 ± 7.81 23.17 ± 9.77

X-means (Hard Clustering)
Algae BF 55.45 ± 7.47 73.68 ± 10.16
Immune Synapse BF 25.17 ± 9.94 32.18 ± 9.88
Immune Synapse Multi-channel 53.22 ± 5.90 56.05 ± 6.03
RBC BF 85.20 ± 8.95 80.21 ± 7.15
Sperm Cells BF 29.85 ± 8.50 40.05 ± 8.77

5.1.3 AI Interpretability and Morphological Continuity

Standard hard-clustering forces every cell into a single, discrete category, ignoring the

continuous nature of biological deformation. By applying fuzzy clustering to the neu-

ral network’s latent space, we can quantify how cells transition between morphologies.

Figure 5-1 illustrates this ambiguity.

Figure 5-1A measures the overall similarity between the average fuzzy profiles of

each class. The network effectively captures biological reality: classes with massive

structural deformities, such as the Coiled Tail/Midpiece (CTM), exhibit low similar-

ity (red) to all other classes, indicating the network easily isolates this gross defect.

Conversely, Normal cells and Distal CD cells show extremely high similarity (0.97).

This aligns with biological intuition, as a distal cytoplasmic droplet is a minor, local-

ized perturbation on a flagellum that is otherwise structurally identical to a normal

cell.

To understand directional uncertainty, Figure 5-1B maps the flow of fuzzy mem-

bership. By assigning each mathematical cluster a dominant biological label, we can

observe how probability mass from a true source class (y-axis) spills over into target

clusters (x-axis). Crucially, this relationship is asymmetric, revealing how the network
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prioritizes specific features. For instance, a Normal cell frequently registers partial

membership in the Proximal CD category (0.49), likely because minor optical noise

or debris near the cell neck can mimic a droplet. However, the reverse is not true: an

actual Proximal CD cell has a highly distinct physical feature, meaning the network

rarely confuses it for a pristine Normal cell (0.23). This asymmetry demonstrates that

the fuzzy clustering algorithm is not generating random noise, but rather capturing

a logical, hierarchical continuum of morphological features.

Figure 5-1: Quantitative analysis of morphological ambiguity using Fuzzy Cluster-
ing on the Bovine Sperm dataset. (A) Class Membership Similarity: A symmetric
heatmap showing the overall morphological overlap between ground-truth classes in
the model’s latent space. Green values indicate classes that the model views as struc-
turally highly similar (e.g., Normal and Distal CD, 0.97). Red values indicate gross
deformities that the model easily isolates from other classes (e.g., CTM). (B) Cross-
Class Membership Flow: An asymmetric heatmap showing directional confusion or
morphological transition between classes. The y-axis represents the true class of the
cells, and the x-axis represents the dominant clusters where their fuzzy probabilities
spill over. The asymmetry highlights hierarchical feature detection: e.g., simple Nor-
mal cells frequently exhibit partial resemblance to Proximal CD clusters (0.49) due
to subtle image noise, whereas actual Proximal CD cells possess distinct features and
are less frequently confused for Normal cells (0.23). The diagonal is masked to zero
to highlight only cross-class interactions.
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Figure 5-2: Morphological Confusion Web. A chord diagram visualizing the cross-
class fuzzy membership flow (from Figure 5-1B) across the Bovine Sperm dataset.
The outer arc segments represent the discrete biological classes, while the connecting
ribbons represent the volume of shared fuzzy probability mass between them. Ribbon
width at the base correlates with the degree of morphological overlap. This visual-
ization highlights biological continuums: for instance, the massive ribbon connecting
Twisted or elongated head and Irregular head shape demonstrates that the network
perceives these not as strictly distinct categories, but as overlapping phenotypes on a
continuous spectrum of head deformation. Conversely, CTM remains highly isolated,
sharing minimal probability mass with head abnormalities.
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Cross-Class Flow and The Morphological Confusion Web

To visualize directional ambiguity, we create a morphological confusion web (Figure

5-2). Wider ribbons indicate stronger fuzzy overlap between two classes. The sig-

nificance of the overlap can represent both biological transition states and model’s

confusion at inference time.

The most prominent feature is the massive flow connecting Normal, Proximal

CD, and Distal CD. Biologically, this represents a maturation cycle. As a sperm

cell matures, a cytoplasmic droplet physically migrates from the base of the head

(Proximal) down the annulus (Distal), which connects the mid-piece with a principal

piece before shedding completely (Normal). A cell captured while the droplet is

halfway down the tail represents an intermediate state.

Practical Application via Entropy Gating

This translates into a software feature based on entropy gating. A researcher estab-

lishing a clinical baseline can filter for archetypal cells by setting an aggressive entropy

threshold (e.g., 𝑢𝑛𝑜𝑟𝑚𝑎𝑙 > 0.90), removing slightly deformed cells. Conversely, to iden-

tify serious structural deformation we can invert this gate (0.4 < 𝑢𝑐 < 0.6) to isolate

transitional phenotypes caught precisely in the middle of a continuous process.

5.1.4 End-to-End Workflow: RBC Case Study

To validate the workflow of the Eidocell framework, we used the RBC dataset to

demonstrate an end-to-end workflow from raw instrument output to labeled, ex-

portable populations (referencing the workflow illustrated in Chapter 3, Figure 5-3).

The workflow executes in six distinct phases:

1. Data Ingestion (Figure 5-3A): Raw .cif or .hdf5 list-mode files gener-

ated by the ImageStream X Mk II are imported, normalizing the multi-channel

optical data into memory.

2. Segmentation (Figure 5-3B): Because RBCs frequently exhibit uneven illu-

mination (particularly the central pallor of biconcave cells), users apply local
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adaptive thresholding to generate highly accurate morphological masks.

3. Classical Gating (Figure 5-3C): Before applying computationally heavy

deep learning models, basic morphometric features (Area and Circularity) are

extracted. The user draws a manual 2D gate to exclude obvious debris, doublets,

and platelets, ensuring only single RBCs pass to the next stage.

4. Latent Clustering (Figure 5-3D): The filtered cells are passed through the

frozen DINOv3 backbone. The resulting 384-dimensional embeddings are re-

duced via UMAP and automatically grouped using X-Means clustering.

5. Interactive Refinement (Figure 5-3E, H): X-Means typically over-segments

biological data (e.g., splitting the Elongated cells into two slightly different clus-

ters based on rotation). The researcher visually inspects the randomly sampled

events from these clusters in the GUI and uses the drag-and-drop interface to

merge them into a single, biologically ground-truth Elongated class.

6. Export (Figure 5-3F, G): The finalized class labels, bounding boxes, and ex-

tracted feature vectors are exported into standard .csv formats for downstream

statistical analysis or directly as cropped images to train external supervised

models.

This seamless transition from deterministic classical gating to interactive deep-

learning discovery eliminates the need to switch between multiple fragmented software

environments, directly addressing the workflow bottleneck inherent to IFC.

5.1.5 Baseline Performance on Corrupted Data

While the static backbone has plausible performance, its performance drops under dis-

tribution shifts. Evaluated on the corrupted technical datasets (Table 5.3), accuracy

drops by up to 27% in the presence of noise and blur. This significant degradation

motivates the need for dynamic representation adaptation.
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Figure 5-3: Practical workflow for the RBC case study in Eidocell. (A) Import of Im-
ageStream X Mk II data. (B) Segmentation with adaptive thresholding. (C) Gating
on area–circularity plot to exclude platelets. (D) Clustering with ViT-S/16 followed
by interactive refinement. (E) Creation of target classes from refined clusters. (F)
Export of labeled images. (G) Representative ground-truth images. (H) Randomly
sampled events from clusters before refinement.

Table 5.3: Baseline Accuracy (%) of the static DINOv3 model under distribution
shift.
Dataset Source (Clean) Target (Shifted) Degradation
CIFAR-10 94.2% 71.5% (Avg. Corruption) -22.7%
CIFAR-100 78.5% 51.2% (Avg. Corruption) -27.3%
Tiny-ImageNet-C 83.4% 59.3% (Avg. Corruption) -24.1%
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5.2 Phase II: Algorithms for Robust Representation

Learning

Even within a continuous IFC experiment, data is subject to micro-shifts: subtle

variations in hydrodynamic focus, fluidic pressure, LED illumination, and sample

degradation. We evaluate whether our proposed adaptation algorithms can mitigate

this.

5.2.1 Validation on Technical Benchmarks

Table 5.4 shows a hierarchy of robustness under severe corruption evaluated in an

unsupervised, online setting (𝐵 = 64). Our Hybrid approach achieves the highest

accuracy recovery.

Table 5.4: Comparison of TTA strategies on technical benchmarks under severe distri-
bution shift (Level 5 Corruption). Results are reported as mean classification accuracy
(%).

Method Mechanism CIFAR-10-C CIFAR-100-C Tiny-ImageNet-C

Source Only Static Weights 71.5 51.2 59.3
IST [53] Pseudo-Labeling 84.1 61.3 68.7
TEA [54] Energy Alignment 86.5 63.8 70.4
Hybrid TTA (Ours) Stat. + Entropy 88.2 66.1 73.1

5.2.2 Biological Domain Adaptation

Applied to our four primary biological case studies (Table 5.5), unsupervised adapta-

tion consistently yields higher classification accuracy compared to the frozen baseline.

Table 5.5: K-NN classification accuracy across biological case studies using Test-
Time Adaptation methods. Results report the accuracy of the dynamically adapted
embeddings.

Method Microalgae Imm. Synapse (BF) Imm. Synapse (MC) RBC Sperm Cells

Baseline 86.12 54.07 78.00 98.28 74.54
IST 87.45 55.60 79.15 98.40 81.20
TEA 88.01 56.12 80.40 98.55 83.50
Hybrid TTA (Ours) 88.93 57.85 81.90 98.81 85.90
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The most significant improvement is observed in the Sperm Cells dataset (+11.36%).

This dataset inherently contains a massive covariate shift (Fresh vs. Frozen sam-

ples). While the static model misclassified subtle Irregular head shape phenotypes

due to cryo-induced blurred membranes, the Hybrid TTA successfully recalibrated

the model’s internal statistics. Even for datasets without specific preparation shifts

(Microalgae and Immune Synapse datasets), the Hybrid TTA still provided a +2.8%

to +3.9% increase.

5.2.3 Ablation Study and Computational Efficiency

Table 5.6 isolates the components of the Hybrid TTA on the sperm cells dataset.

Table 5.6: Ablation study of the Hybrid TTA components on the Sperm Cells dataset.
Combining both alignments yields the highest accuracy while maintaining a practical
throughput for interactive analysis.

Config. Active Components Accuracy (%) Inference Speed

A Source Only (Static Baseline) 74.5 >1000
B Statistical Alignment Only 80.8 ≈ 950
C Semantic Alignment Only 82.3 ≈ 145
D Hybrid (Stat + Sem) 85.9 ≈ 250

Statistical alignment (config B) recovers a substantial portion of accuracy by cor-

recting global illumination shifts with almost no impact on processing throughput

(950 imgs/s). Conversely, semantic alignment (config C) is computationally heavy

due to entropy backpropagation, dropping throughput to 145 imgs/s.

By combining the two (config D), the hybrid method achieves the highest accuracy.

Crucially, executing the statistical alignment first initializes the entropy minimization

in a loss landscape closer to a local minimum, requiring fewer gradient update steps

per batch. This synergy results in a significantly higher processing throughput (250

imgs/s) compared to pure semantic alignment.
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Chapter 6

Discussion

This chapter interprets the experimental findings in the context of our original re-

search objectives. We discuss how the Eidocell framework bridges the software work-

flow gap in single-cell analysis by combining the interactivity of proprietary tools

with modern deep learning representations. We evaluate the practical implications

of TTA for long-running biological studies and reflect on the biological insights pro-

duced by fuzzy clustering. Lastly, we address the current technical limitations of our

methodology and software implementation.

6.1 Reducing the Workflow Gap

Eidocell addresses two persistent gaps in IFC analysis: (i) scalable, platform-agnostic

exploration of large image collections and (ii) low-overhead generation of biologically

meaningful groupings that keep the domain expert “in the loop.” Across the four

case studies, self-supervised features coupled with interactive refinement consistently

recovered structure aligned with expert annotations, without requiring predefined

taxonomies. This workflow is particularly consequential in exploratory scenarios such

as bloom dynamics or rare subpopulation discovery in clinical events, where ontologies

are incomplete and shift across experiments. Practically, Eidocell provides early,

coarse partitions that can be promoted to stable labels only after expert review. This

reduces both biases from premature hard labeling and the time spent on manual
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selection.

To explicitly contextualize how Eidocell resolves the fragmented landscape of bio-

image analysis, we summarize its capabilities against current standard platforms in

Table 6.1.

Table 6.1: Comparison of software platforms for IFC analysis. Eidocell specif-
ically targets the intersection of high-throughput list-mode data and modern,
representation-learning methodologies.

Platform Open Source IFC Targeted DL Features TTA Interactive Clustering Fuzzy Logic

Amnis IDEAS® No Yes Partial (Paid) No No No
ImageJ/Fiji Yes No Partial (Plugins) No No No
CellProfiler Yes No Partial (Plugins) No No No
EasyFlow [17] Yes Yes No No No No
Custom Python Scripts Yes Yes Yes Possible No (Requires GUI) Yes

Eidocell (Ours) Yes Yes Yes Yes Yes Yes

Traditional microscopy tools like ImageJ and CellProfiler fundamentally lack na-

tive support for the list-mode data structures required by flow cytometry (processing

a continuous stream of millions of isolated single-cell crops). Conversely, proprietary

tools like Amnis IDEAS handle list-mode data efficiently but lock researchers out of

the modern deep learning ecosystem, relying instead on rigid, classical feature engi-

neering. While custom Python scripting offers wide algorithmic flexibility, it hinders

the interactive, visual human-in-the-loop gating that biologists rely on.

As demonstrated in Table 6.1, Eidocell successfully merges the visual interactivity

of proprietary cytometric software with the algorithmic flexibility of the open-source

Python ecosystem.

6.2 Test-Time Adaptation Impact

A central finding of this thesis is that static deep learning models, even those based

on robust self-supervised backbones, are vulnerable to distribution shifts inherent in

longitudinal or multi-center biomedical studies. As demonstrated in the Bovine Sperm

case study, the transition from fresh to frozen samples introduces global changes in

image statistics that degrade the performance of classifiers.

Deploying such models in clinical or veterinary settings without adaptation mecha-
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nisms poses a significant risk. We showed that TTA, specifically through the lightweight

realignment of BN statistics, offers a practical solution. By dynamically adjusting to

the optical fingerprint of the current sample stream, the model allows for purely algo-

rithmic mitigation of instrumental drift, reducing the need for constant re-calibration

or collection of new labeled datasets for every new experimental condition.

6.3 Theoretical and Empirical Support for Hybrid

Adaptation

The design choices underlying the Hybrid TTA algorithm are supported by converging

evidence from both the foundation model and TTA literature.

On the feature representation side, recent self-supervised foundation models for

hematology have demonstrated that SSL Vision Transformer features are inherently

high-quality and transferable. DinoBloom [27] achieved strong zero-shot and few-shot

performance across 13 diverse hematological datasets, proving that SSL embeddings

capture universal morphological semantics without any task-specific training. Red-

Dino [28] further demonstrated that simple k-nearest neighbor classification on SSL

embeddings outperforms supervised baselines specifically trained for RBC morphol-

ogy assessment. These results validate our choice of a self-supervised ViT backbone

(DINOv3) as the feature extractor: the pre-trained embeddings provide a strong

baseline that does not require labeled data to achieve competitive performance.

On the adaptation side, the TTA literature provides extensive evidence that en-

tropy minimization and normalization adaptation are effective, complementary strate-

gies. TENT [34] established that updating only the affine parameters of normalization

layers via entropy minimization recovers significant accuracy on standard corrup-

tion benchmarks (CIFAR-10-C, ImageNet-C) with minimal computational overhead.

CoTTA [37] extended this to continual, non-stationary environments, demonstrating

that TTA can maintain performance over extended deployment periods—a require-

ment for long-running IFC experiments. EATA [36] introduced principled mechanisms
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for preventing catastrophic forgetting during continuous adaptation, validating the

feasibility of sustained online adaptation.

Our Hybrid TTA algorithm joins two approaches: it applies the normalization

adaptation and entropy minimization specifically to SSL features, preserving their

general-purpose quality while correcting for domain-specific distribution shifts. We

hypothesize that TTA-adapted features will achieve the best trade-off between target

accuracy and label efficiency, achieving competitive or superior accuracy to supervised

fine-tuning without requiring any target labels.

6.4 Biological Implications of Fuzzy Analysis

In the analysis of both algal morphospecies and sperm abnormalities, we observed

that many cells fall into transitional states that do not fit strictly into Type A or Type

B categories.

This continuity is explicitly visualized in the Morphological Confusion Web (Fig-

ure 5-2). The chord diagram recontextualizes probabilistic confusions as shared

probability mass. The thick ribbons connecting categories (e.g. between Twisted

or elongated head and Irregular head shape, or Normal cells and Distal CD) high-

light populations of cells that visually reside at the boundary between two defined

morphologies.

These transitional states are further explored by our quantitative fuzzy member-

ship heatmaps. For instance, the high cosine similarity between Normal sperm cells

and CD-carrying cells (Proximal CD, Distal CD) reflects the fact that a cytoplasmic

droplet is a highly localized perturbation on an otherwise structurally well-defined cell;

the self-supervised network correctly encodes this global structural identity. More-

over, the cross-class membership flow reveals distinct asymmetrical relationships. For

example, Normal cells frequently distribute partial membership mass into the Abnor-

mal midpiece cluster, but the reverse is much weaker. This mathematical asymmetry

might mirror a hierarchical biological degradation pathway, capturing the continuous

onset of cryo-damage where the midpiece acts as a broad, high-variance indicator of
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early structural damage.

The application of fuzzy clustering and soft-labeling approaches in Eidocell reveals

that these transitional states might represent biologically meaningful information (e.g.

gradual morphological degradation during osmotic stress or the intermediate stages

of binary fission in cyanobacteria). By preserving these continuous relationships in

the feature space rather than forcing hard decisions, we provide experts with a more

accurate reflection of the underlying physiological heterogeneity.

6.5 Limitations

Despite these advances, the limitations of our current work remain explicit:

(i) Performance and handling of large databases: The software experiences

UI stutters with experiments containing hundreds of thousands of events due to

threading and memory complications. In-memory processing of large databases

and session caching remain complex software challenges.

(ii) Features and data processing native to IFC analysis: IFC experiments

often involve joint analysis of brightfield, darkfield, and fluorescence channels.

While supported, the current feature extraction pipeline is optimized for mor-

phology (brightfield/darkfield) and handles fluorescence naively, limiting the

implementation of complex co-localization assays.

(iii) Data complexity: Multi-channel data and various platforms create an inher-

ently difficult data domain. Feature projection in combination with X-means is

a pragmatic approach, but it is sensitive to parameter tuning. We essentially

resort to conventional gating for initial filtering (doublets/debris detection) to

achieve meaningful downstream clustering.

(iv) TTA hyperparameter sensitivity: The Hybrid TTA algorithm introduces

two key hyperparameters: the momentum coefficient 𝛼 for statistical alignment

and the learning rate 𝜂 for entropy minimization. Optimal values depend on the
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magnitude and nature of the domain shift, and no single configuration is univer-

sally optimal across all datasets. Under extreme distribution shifts that exceed

the representational capacity of affine-only adaptation (e.g., drastic changes

in imaging modality), the method may provide insufficient correction. Future

work should explore adaptive hyperparameter schedules and shift-magnitude

estimation to automate this tuning.
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Chapter 7

Conclusion

This chapter concludes the thesis by synthesizing the core research efforts and summa-

rizing the major technical and biological contributions. We review how the integration

of self-supervised representation learning, test-time adaptation, and interactive fuzzy

clustering addresses the current bottlenecks in Imaging Flow Cytometry. Finally, we

outline promising directions for future research and the continued development of the

Eidocell platform.

7.1 Summary

We presented Eidocell, an open-source platform designed for IFC data analysis. It

combines a user-friendly GUI with self-supervised feature extraction and interactive

clustering, lowering technical barriers while keeping experts in control. The software

provides an end-to-end workflow that spans from segmentation to exploratory cluster-

ing and quantitative visualization, within a single, instrument-agnostic environment.

Through evaluation on four diverse datasets covering immunology, veterinary

science, and environmental science, our workflow recovered biologically meaningful

structures while demonstrating competitive performance in clustering and classifica-

tion. Our key technical contributions include:

• The integration of a general-purpose ViT-S/16 (DINOv3) that generalizes well

across IFC domains without fine-tuning.
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• The implementation of a Hybrid TTA algorithm that mitigates instrument drift

and recovers up to 5-10% classification accuracy on biological datasets.

• The application of Fuzzy Clustering and Entropy Gating, which successfully

quantifies and visualizes continuous biological transitions that are traditionally

obscured by hard-clustering algorithms.

7.2 Future Work

Eidocell is currently released as a functional prototype. Future development will focus

on scaling performance for very large datasets (>1 million events) by implementing

optimized data loaders and caching mechanisms. We also aim to expand support for

multi-channel IFC data, enabling complex assays such as internalization and nuclear

localization scores.

Furthermore, we plan to explore weakly supervised segmentation approaches,

where the system learns to segment novel cell types from coarse user scribbles or

point annotations, further reducing the manual burden on researchers. Ultimately,

we aim to provide a transparent, extensible platform that serves as a broadly useful

tool for single-cell imaging studies in basic research, ecology, and clinical diagnostics.
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