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Abstract

Accurate and reproducible cell culture monitoring is important in biomedical research and regenerative
medicine, yet manual assessment of cell confluency and morphology remains subjective and prone to inter-
observer variability. Although deep learning approaches have been widely applied to cell segmentation, their
systematic application to Human Embryonic Kidney (HEK) cells using data-centric methodologies remains
underexplored. This study addresses this gap by implementing a Multi-Scaling U-Net (MSUNet) architecture
combined with a data-centric workflow that emphasizes improving data quality through Contrast Limited
Adaptive Histogram Equalization (CLAHE) preprocessing, Total Variation Denoising (TVD), and iterative
expert-guided annotation refinement. The scope of analysis was limited to HEK293T cell images captured at
10x magnification using phase-contrast microscopy. The optimized model achieved an Intersection over Union
(IoU) of 0.8980 after applying the data-centric approach, representing a 15.1% relative improvement over the
baseline model trained without preprocessing or annotation refinement. These findings provide empirical
evidence that systematic data quality improvement constitutes a key contributing factor to segmentation
performance, offering a reproducible methodology for automated cell confluency measurement in resource-
constrained laboratory settings.

Keywords HEKZ293T Cells, Data-Centric Al, Biomedical Image Segmentation, Phase-Contrast Microscopy, Cell
Confluency
INTRODUCTION

Human Embryonic Kidney (HEK) cells and their variants represent one of the most widely
utilized mammalian cell lines in modern biotechnology since their establishment in 1973 (Thomas
& Smart, 2005). These cells serve central roles in recombinant protein production, viral vector
manufacturing for gene therapy, and vaccine development, including recent applications in COVID-
19 vaccine production (Seidel et al., 2023). The HEK293T variant, which incorporates the SV40
Large T-antigen to facilitate transfection, is particularly valued for high-yield protein expression
and viral packaging applications.

In vitro cell culture of HEK cells is essential for both research and bio-manufacturing
applications. Unlike immortalized cancer cell lines that can be readily biopsied, HEK cells cannot be
repeatedly harvested from their original embryonic source due to ethical constraints. Moreover,
industrial scale biotherapeutic production requires billions of cells under controlled, reproducible
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conditions, quantities impossible to obtain from primary tissue sources. Established cell lines like
HEK293T provide standardized biological material with consistent characteristics across passages,
enabling reproducible experimental results and regulatory compliance in biomanufacturing.
However, maintaining optimal culture conditions throughout the growth cycle requires careful
monitoring, particularly of cell confluency.

Cell culture monitoring is central to biomedical research and biomanufacturing, yet it
remains predominantly manual, labor-intensive, and susceptible to inter-observer variability.
Traditional methods, such as hemocytometer counting and visual microscopy inspection, can vary
by up to 20% between operators (Liu et al., 2024), creating challenges for reproducibility in
research and quality control in biotherapeutic production (Singh et al, 2025). Despite their
widespread use in biomanufacturing, dedicated automated segmentation systems for HEK cells
remain limited in the literature: a comprehensive survey of deep learning applications in
microscopy image analysis (Liu et al., 2021) covers segmentation across blood cells, cancer cells,
and corneal endothelial cells, but does not include any studies specifically targeting HEK cell
segmentation, reflecting the limited presence of HEK-specific work in the broader literature. HEK
cells present particular challenges including semi-transparent appearance under phase-contrast
microscopy and irregular, elongated morphologies that generic segmentation models may not
optimally capture.

The emergence of deep learning, particularly convolutional neural networks (CNNs), has
opened new possibilities for automated cell image analysis. However, the dominant research
paradigm has been model-centric, focusing on architectural innovations while treating datasets as
fixed constraints (Bhatt et al., 2024). Recent advances in data-centric artificial intelligence (DCAI)
challenge this assumption, demonstrating that systematic data quality improvements can yield
performance gains equal to or exceeding architectural modifications (Zha et al., 2025). Data
preprocessing techniques such as Contrast Limited Adaptive Histogram Equalization (CLAHE) have
shown considerable impact, improving segmentation accuracy by up to 4.5% in Kkidney
segmentation tasks (Buriboev et al., 2024) and markedly improving Dice similarity coefficients in
medical image analysis (Yoshimi et al., 2024). Despite these promising results, the systematic
application of data-centric principles to cell segmentation remains underexplored, with most
studies continuing to emphasize model architecture optimization over data quality considerations.

Current research gaps can be identified across three dimensions. First, while U-Net
architecture has been extensively applied to various cell types including stem cells, cancer cells, and
blood cells, HEK cell segmentation is notably absent from coverage in comprehensive deep learning
microscopy surveys (Liu et al.,, 2021), despite their major importance in biomanufacturing. The
unique morphological characteristics of HEK cells require targeted solutions that generic
segmentation models may not optimally provide. Second, although data-centric Al principles have
gained theoretical recognition through workshops at major conferences (NeurIPS, ICML, ICLR) and
MIT's DCAl initiative, their practical application to cell segmentation tasks remains limited (Whang
et al, 2023). Third, comparative evaluations quantifying the specific contribution of data quality
improvements versus architectural choices are rarely reported in cell segmentation literature,
making it difficult to establish evidence-based best practices for resource allocation in developing
automated monitoring systems.

This study addresses these gaps through a data-centric approach to HEK cell segmentation.
The research implements a Multi-Scaling U-Net architecture (Shamhan et al., 2023) optimized for
capturing multi-scale features necessary for accurate boundary detection in cells with variable sizes
and irregular morphologies. More importantly, this work systematically applies data-centric
methodologies, including CLAHE preprocessing for contrast enhancement, Total Variation
Denoising (TVD) for noise reduction while preserving edges, and expert-guided iterative
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refinement of ground truth annotations, and documents segmentation performance before and
after applying these techniques.

This work is expected to make three contributions, contingent on the results obtained: (1)
empirical evaluation of data-centric approaches for HEK cell segmentation on a single controlled
dataset, (2) quantitative comparison of model performance before and after data quality
interventions (targeting IoU improvement from a baseline of 0.781), and (3) a reproducible
methodology combining multi-scale architecture with data-centric preprocessing adaptable to
other cell types.

This research aims to develop and validate a data-centric deep learning approach for
automated HEK cell segmentation to improve cell culture monitoring accuracy and efficiency.
Specifically, the objectives are: (1) to implement a Multi-Scaling U-Net architecture for HEK cell
segmentation, capable of handling variable cell sizes and irregular morphologies characteristic of
this cell line; (2) to apply data-centric preprocessing techniques, including CLAHE and TVD, to
enhance image quality, and to incorporate feedback from cell culture experts to refine ground-truth
annotations; and (3) to benchmark the developed approach against a baseline model, documenting
performance improvements achieved through data-centric methodologies.

The remainder of this paper is organized as follows: Section 2 presents a detailed literature
review covering challenges in cell culture monitoring, deep learning architectures for biomedical
image segmentation, and data-centric Al principles. Section 3 describes the methodology. Section 4
presents experimental results. Section 5 discusses implications, limitations, and future directions.
Section 6 concludes the paper.

LITERATURE REVIEW
HEK Cell Segmentation: Challenges and Gaps

HEK293T cells are among the most widely used mammalian cell lines in biomanufacturing,
yet automated segmentation systems designed specifically for this cell type remain scarce. Manual
monitoring through hemocytometer counting and visual microscopy inspection is the prevailing
approach, but it is fundamentally limited by inter-observer variability of up to 20% between
operators (Liu et al., 2024). This variability undermines reproducibility in research and poses
quality-control risks in biotherapeutic production (Singh et al., 2025), particularly because HEK
cells cannot be re-harvested from their original embryonic source and must therefore be
maintained under consistent culture conditions across passages (Thomas & Smart, 2005).

The segmentation of HEK cells presents distinct challenges that generic models are not
optimized to address. Under phase-contrast microscopy, HEK cells exhibit semi-transparent
appearances and irregular, elongated morphologies that make boundary delineation difficult even
for experienced human annotators (Seidel et al., 2023). In high-confluency conditions, cells form
dense clusters with indistinct intercell boundaries, further complicating pixel-level classification. A
comprehensive survey of deep learning applications in microscopy image analysis (Liu et al., 2021)
covers blood cells, cancer cells, corneal endothelial cells, and nucleus segmentation, but does not
include any studies targeting HEK cell segmentation, consistent with its limited presence in broader
literature. This gap is particularly notable given HEK cells' extensive use in producing recombinant
proteins and viral vectors for gene therapy, applications where precise confluency measurement
directly affects production yield and regulatory compliance.

Existing automated approaches for cell culture monitoring more broadly include threshold-
based methods and traditional image processing pipelines. Conventional segmentation methods,
such as thresholding and edge-based algorithms, produce imperfect contours and lack the
generalization capacity needed to accommodate diverse imaging conditions and cell morphological
variations (Chai et al.,, 2024). The combination of these limitations with the absence of HEK-specific
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segmentation solutions motivates the development of a targeted deep learning approach grounded
in systematic data quality improvement.

U-Net-Based Deep Learning for Biomedical Segmentation
Suitability of CNN Architectures for Cell Segmentation

The encoder-decoder U-Net architecture introduced by Ronneberger et al. (2015) remains
the most widely adopted framework for biomedical image segmentation. Its key design feature, skip
connections between encoder and decoder paths, allows the network to combine high-level
semantic features with low-level spatial detail, enabling precise boundary localization even when
trained on small, annotated datasets. This characteristic is directly relevant to HEK cell
segmentation, where training data is limited by the cost of expert annotation and the ethical
restrictions on data acquisition (Dhar et al., 2023).

The spatial inductive biases inherent in convolutional operations, translation invariance,
and local receptive fields align naturally with cell boundary detection tasks, where relevant features
are local and spatially consistent across the image. For datasets of fewer than 2,000 images, CNNs
consistently outperform data-hungry alternatives such as Vision Transformers (Takahashi et al,,
2024), making them the appropriate architectural choice for the HEK cell dataset used in this study.

Advances and Limitations of U-Net Variants

Several U-Net variants have further improved segmentation performance in biomedical
contexts. CellSegUNet integrates attention mechanisms with UNet++ and Residual UNet
architectures for cell nucleus segmentation, achieving superior boundary delineation through
serial and parallel feature connections (Metlek, 2024). Enhanced U-Net architectures with modified
encoder branches have also demonstrated consistent performance gains over vanilla baselines
(Long, 2020). Despite these advances, a key limitation shared across U-Net variants is the loss of
fine-grained spatial information through max-pooling operations, which can reduce boundary
precision in densely packed cell regions (Riandini et al., 2023).

Alternatives such as Vision Transformers require millions of training samples to achieve
competitive performance (Han et al,, 2023) and underperform CNNs on datasets with fewer than
10,000 images (Takahashi et al., 2024), conditions directly applicable to this study. Recurrent
Neural Networks offer advantages for time-lapse cell tracking (Chu et al., 2020; Spilger et al., 2020)
but provide no benefit for static single-frame segmentation. Generative Adversarial Networks can
augment limited datasets through synthetic image generation (Baniukiewicz et al., 2019) but do not
directly perform segmentation. Graph Neural Networks model cell-cell interactions effectively
(Ben-Haim & Raviv, 2022) but introduce unnecessary complexity for pixel-wise boundary detection
in static images.

The Multi-Scaling U-Net (MSUNet) adopted in this study (Shamhan et al.,, 2023) extends the
base U-Net by processing each encoder block through dual parallel convolutional streams with
different kernel sizes (3x3 and 5x5), enabling simultaneous capture of fine-grained and contextual
features. This multi-scale design is particularly well-suited to HEK cell segmentation, where cells
vary considerably in apparent size depending on confluency level and imaging conditions.
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Data-Centric Al: From Theory to Practice in Cell Segmentation
The Shift from Model-Centric to Data-Centric Thinking

The dominant paradigm in deep learning research has historically been model-centric:
architectural innovations and hyperparameter tuning are pursued while training datasets are
treated as fixed inputs (Bhatt et al., 2024). Data-centric Al (DCAI), as formalized through the MIT
DCAI initiative and workshops at NeurIPS, ICML, and ICLR, challenges this assumption by
repositioning dataset quality as the primary lever for performance improvement (Zha et al., 2025).
The core insight is that in practical applications, especially medical imaging, data quality issues,
including noise, inconsistent annotations, class imbalance, and domain shift, frequently constitute
the binding constraint on model performance, not architectural complexity (Whang et al., 2023).

This reframing is particularly relevant for HEK cell segmentation, where architectural
choices are constrained by dataset size and computational resources, but data quality is tractable
through targeted preprocessing and expert annotation refinement. Empirical studies have
confirmed that systematic data quality improvement can yield performance gains comparable to or
exceeding those from architectural innovations (Bhatt et al., 2024), while avoiding the additional
computational demands of larger or more complex models.

Preprocessing as a Data Quality Intervention

Preprocessing techniques directly address image quality issues arising from the imaging
process itself. Contrast Limited Adaptive Histogram Equalization (CLAHE), introduced by
Zuiderveld (1994), enhances local contrast by equalizing histograms within spatially limited tiles
and applying contrast clipping to prevent over-amplification. For phase-contrast microscopy
images, where HEK cells appear semi-transparent against a similarly-toned background, CLAHE
makes subtle cell boundaries more distinguishable, reducing the ambiguity that causes
segmentation failures at low confluency levels (Hayati et al., 2023; Musa et al.,, 2018). In kidney
segmentation on the KiTS19 dataset, modified CLAHE reduced BRISQUE quality scores from 28.8
to 21.1 and improved CNN segmentation accuracy from 0.951 to 0.996 (Buriboev et al., 2024).
Improved Dice similarity coefficients following CLAHE preprocessing have also been reported in
temporomandibular joint segmentation on MRI (Yoshimi et al, 2024), demonstrating its
generalizability across imaging modalities.

A well-known side-effect of CLAHE is the amplification of high-frequency image noise. Total
Variation Denoising (TVD), introduced by Chambolle (2004), addresses this by minimizing total
variation in the image while preserving edge structures. Applied after CLAHE, TVD suppresses
background noise and imaging artifacts without blurring genuine cell boundaries, directly targeting
the false-positive detection failure mode common in phase-contrast cell segmentation (Tang &
Fang, 2016). The combination of CLAHE followed by TVD thus addresses two complementary data
quality problems: insufficient contrast and excessive noise.

Annotation Quality as a Data-Centric Intervention

Beyond image preprocessing, ground truth annotation quality is a critical determinant of
supervised segmentation performance. Label noise, errors, inconsistencies, or ambiguities in
annotated masks propagate directly into model learning, introducing systematic biases that
preprocessing alone cannot resolve (Luca et al., 2022). In medical image segmentation, annotation
is typically performed by non-expert researchers whose labeling decisions may not align with
biological ground truth, particularly at ambiguous boundaries such as the edges of dense HEK cell
clusters (Dhar et al., 2023).

Expert-guided iterative annotation refinement, in which a domain specialist reviews and
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corrects preliminary labels, directly reduces this label noise. This approach is consistent with data-
centric Al principles that treat annotation quality as an engineering problem rather than a fixed
input (Whang et al, 2023). The annotation refinement process in this study involved three
structured review cycles with a cell culture specialist from IMR, targeting boundary accuracy and
systematic misclassification correction, interventions expected to yield measurable improvements
in segmentation performance independently of any architectural change.

Conceptual Framework and Study Positioning

The three pillars reviewed above converge on a clear conceptual framework for this study.
HEK cell segmentation is an underaddressed problem, with imaging challenges and limited
annotated data making data quality the dominant performance bottleneck. CNN-based U-Net
architectures, specifically MSUNet with its multi-scale feature extraction, are well-matched to this
problem, given dataset size constraints. Data-centric interventions (CLAHE, TVD, and expert
annotation refinement) are expected to improve segmentation performance through two
independent mechanisms: cleaner input features and more accurate training targets. By holding
the model architecture constant across baseline and enhanced conditions, this study isolates the
empirical contribution of data quality improvement, providing evidence that addresses the third
gap identified in the literature: the lack of comparative evaluations quantifying data quality versus
architectural contributions to segmentation performance.

RESEARCH METHOD
Experimental Setup
Segmentation Model Architecture

Multi-Scaling U-Net (MSUNet) from (Shamhan et al., 2023) is used as the segmentation
model. Each encoder block processes the input feature map through two parallel convolutional
streams with different kernel sizes (3 x 3 and 5 x 5), allowing the network to capture both fine
details and broader contextual features. After dropout regularization, the outputs of these streams
are concatenated and passed through a 1 x 1 convolution to fuse the multi-scale information into a
unified representation.

The contracting path consists of four encoder blocks with progressively doubled feature
channels (16, 32, 64, 128), separated by 2 x 2 max pooling for spatial down-sampling. The
bottleneck layer has 256 channels and follows the same multi-scale design. The expansive path
mirrors the encoder structure, using transposed convolutions for up-sampling. At each level, the
upsampled feature maps are concatenated with the corresponding encoder features (skip
connections) before passing through a multi-scale convolutional block. The final layer applies a 1 x
1 convolution with sigmoid activation to produce a binary mask indicating the predicted cell
regions. Figure 1 illustrates the model architecture:
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Figure 1. MSUNet Model Architecture (Shamhan et al., 2023)

Computer Hardware and Training Settings

All experiments were conducted using Tensorflow and the Keras API, with the
segmentation_models library for specialized metrics and loss functions. The model was
implemented in Python 3.10 and executed on a Windows 11 workstation. The hardware
configuration included an NVIDIA GPU (CUDA-enabled) with 4 GB VRAM, 16 GB system RAM, and
an Intel Core i7 processor. GPU acceleration was utilized to enable faster training and evaluation.

Data normalization was applied to all inputs, and masks were rescaled to binary values (0
and 1). To prevent data leakage, the 80%/20% train-test split was performed at the original image
level before any patching. This ensures that all 256x256 patches derived from a given source image
appear exclusively in either the training set or the test set, not both. The split was performed using
train_test_split with a fixed random seed for reproducibility.

The Adam optimizer with a learning rate of 0.001 was employed. The model was trained
with a batch size of 2 over 50 epochs. To address class imbalance and improve segmentation
performance, a hybrid loss function was adopted, combining Dice Loss and Binary Focal Loss.

Evaluation Criteria
1. Confusion Matrix
The basis for most segmentation metrics lies in the confusion matrix, which consists of four
key components: true positives (TP), false positives (FP), true negatives (TN), and false negatives
(FN). These are summarized in Table 1:
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Table 1. Confusion Matrix Elements

Terms Descriptions Remarks
True Positive (TP) Correctly predicted cell pixels Merit
True Negative (TN) Correctly predicted background pixels Merit
False Positive (FP) Background pixels misclassified as cells Demerit
False Negative (FN) Cells pixels misclassified as background Demerit

2. Pixel Accuracy
Pixel accuracy quantifies the proportion of correctly classified pixels over the total number
of pixels:

| ~ TP + TN )
Ceurasy = b ¥ TN+ FP+FN

3. Intersection-over-Union
IoU measures the overlap between predicted segmentation masks and the ground-truth
masks:

TP _ Rgr N Rps  labels n predictions (2)
TP + FP+FN  Rgr U Rps  labels U predictions

IoU =

4. Intersection-over-Union

. TP (3)
Precision = TP + FP
TP 4)
Recall = TP+—FN
5. Dice Coefficient (F1-Score)
2 X Precision X Recall (5)

F =
score Precision + Recall

Loss Function

In segmentation tasks, the choice of loss function plays an important role in guiding the
model towards learning meaningful boundaries and overcoming class imbalance. Since HEK cell
images typically contain a large proportion of background pixels compared to relatively small cell
regions, conventional loss functions such as binary cross-entropy may lead to suboptimal
performance. To address this, focal loss (FL) was used as a derivation of the cross-entropy loss
function that would downweight easy examples and focus training on hard negatives, mitigating
the impact of the dominant background pixels.

CE(p) = —ylogp — (1 —y)log(1 —p) (6)
CE(p) = —logp (7)

BCE(p) = — alogp (8)

FL(p) = —a(1—p)¥logp 9)

Where y € {0,1} are ground truth classes and p € [0,1] are estimated true class probabilities
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with classy = 1.

Another loss that was employed in this study is Dice Loss. It aims to minimize the mismatch
between ground truth and predicted segmentation and optimize segmentation metrics such as the
Dice coefficient and IoU.

2|Rgr N R 2yp+1
Dice Coefficient = [Ror ps| = 2P (10)
|Rerl +|Rps| y+p+1
2yp +1 (11)
DL(p)=1—- —
2 y+p+1

Where Ry is the ground truth region and R_PS is the predicted segmentation region. This
hybrid approach has demonstrated marked improvements in biomedical tasks (Yeung et al., 2022,
2023; Zheng et al., 2022).

Data Acquisition and Annotation

This study utilized datasets consisting of HEK cells for growth. The HEK cells are HEK 293T,
modified from the HEK lineage. The total collected images from the Institute of Medical Research
(IMR) Malaysia amount to 1827 images, with dimensions of 2048 x 1536 pixels, using phase-
contrast microscopy. Detailed information is shown in Table 2:

Table 2. Data Collection Details
Institute of Medical Research (IMR) Setia Alam

Provider Period: July 2025- Sep 2025
Cell Type HEK Cell
Image Type X10 magnification level
Modality Phase-contrast microscopy
Image Size 2048 x 1536 pixels
Number of Images 1827

In the experiments, the HEK cells were allowed to grow and reach maximum confluency for
up to 7 days, depending on the initial number of cells placed in the petri dish. The datasets show
significant differences in terms of their features, particularly the shape of the cells, as they grow.
HEK cells grow individually and have elongated shapes, as shown in Figure 2.
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X10 Magnification is set across all images because it provides a balance between capturing
sufficient structural detail of individual cells and maintaining a wide enough field of view to analyze
cell colonies and confluency trends. Thus, X10 was selected as an optimal trade-off for segmentation
purposes. The setup information is listed in Table 3:

Table 3. EVOS M5000 Setup Information

Instrument Parameter Control Protocol
Dimension 2048 x 1536
Modality Phase-Contrast
Evos M5000 Imaging System Light 2.904
Sharpness Analog
Color Channel TRANS (grayscale)

From the full collection of 1,827 images, 40 images spanning the complete confluency range
(approximately 20% to 95%) were selected for training. This number was determined by the
hardware constraint of 4 GB VRAM, which limited the feasible batch size and total dataset volume;
it is also consistent with small-dataset deep learning practices demonstrated in the original U-Net
paper, which achieved strong segmentation performance with as few as 30 annotated images
(Ronneberger et al., 2015). After patching and filtering, the 40 images yielded 1,920 representative
256x256 patches for training. The ground truth image has been annotated by labelling the cell
region with pixel value ‘1’ and the background as pixel value ‘0’ as shown in Figure 3:
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(a) Original Image (b) Ground Truth
Figure 3. Example of Inputs for Segmentation Model

Data Quality Assurance and Bias Control
Sampling Strategy and Selection Criteria

The selection of training images followed a stratified purposive sampling approach
designed to ensure representation across the full range of cell culture growth stages. From the total
collection of 1,827 HEK293T cell images, 40 images were systematically selected to span confluency
levels from approximately 20% to 95%, capturing the complete spectrum of cell density conditions
encountered in typical culture workflows. Images were selected at regular confluency intervals
(approximately 15-20% increments) to provide a balanced representation of sparse, moderate, and
dense cell populations. This sampling strategy was necessary to enable the model to learn features
characteristic of cells at different growth stages while maintaining computational feasibility, given
hardware constraints (4GB VRAM limitation).

Selection criteria included: (1) image sharpness and focus quality confirmed through
manual inspection, (2) absence of obvious imaging artifacts such as debris or contamination, (3)
diverse spatial distributions of cells within the field of view, and (4) representation of typical
morphological variations observed in HEK cell cultures, including both individual cells and cell
clusters. Images exhibiting poor focus, excessive debris, or atypical culture conditions were
excluded from the training set to prevent the model from learning non-representative features.

Bias Control and Annotation Quality Assurance

Annotation bias represents a significant concern in supervised learning for biomedical
image segmentation. Given the researcher's limited domain expertise in cell culture, these
preliminary annotations were subject to systematic review by a culture specialist from the Institute
of Medical Research (IMR) with experience in HEK cell culture and microscopy analysis.

The expert independently reviewed all 40 annotated images and provided detailed
feedback on boundary accuracy, identification of ambiguous regions, and correction of systematic
misclassifications. This iterative refinement approach ensured that ground truth labels reflected
expert knowledge rather than inexperienced annotator interpretation. Ground truth annotations
were initially prepared by the researcher and subsequently reviewed through a consensus-based
process with cell culture specialists from the Institute for Medical Research (IMR), Malaysia. While
no formal inter-annotator agreement metric was computed, the consensus review approach
ensures that final annotations reflect collective expert judgement rather than a single annotator's
interpretation.

Reproducibility
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To enhance reproducibility, all training procedures employed fixed random seeds
(seed=42) for data splitting and initialization. The train-test split allocation (80%/20%) was
performed using scikit-learn's train_test_split function with stratification disabled due to the
continuous nature of confluency levels. Model training utilized deterministic operations where
possible, though complete reproducibility is limited by inherent stochasticity in GPU operations. It
is also acknowledged that results are reported from a single training run; the absence of repeated
experiments with statistical variance reporting is a limitation of this study, discussed further in
Section 5.

Image Preprocessing for a Data-Centric Approach
Image Preprocessing for Inappropriate Imaging Quality

CLAHE was introduced by Zuiderveld (1994) and was chosen to correct the image color for
better distinguished annotation and segmentation process. CLAHE is applied per tile to improve the
visibility level of objects in foggy images by stretching the histogram, limiting the contrast, and
performing bilinear interpolation at the edges to match the next tiles. Figure 4 illustrates the
potential results before and after the application of CLAHE.

Figure 4. CLAHE Image Preprocessing

Total Variation Denoising (TVD)

One common side-effect of using the CLAHE technique is the introduction of noise into the
image. TVD (Chambolle, 2004) effectively reduces noise while retaining the benefits of CLAHE in
terms of improved visualization of object edges. Its regularization parameter of 0.1 was set for each
trial.

Image Patching for High-Resolution Images

Each image has a resolution of 2048 x 1536 pixels based on data collection. For training, the
images are deemed too large to be handled by the computational power available at the time. To
avoid heavy loss of model training, the images were patched into several smaller input sizes, as
portrayed in Figure 5, each of which can still represent the object features; thus, the optimal patch
size is dependent on the datasets. The expected number of patches that will be generated can be
calculated using the following equation:

Image Width Image Height (12)
Target Size Target Size

Number of patches =
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Figure 5. Image Patching

Filtering for Class Imbalance

In the context of this study, an imbalanced dataset can occur when training images contain
either cells or background only. Therefore, it is crucial to employ precautions that help to balance
the dataset. One such approach is filtering out non-representative patches that contain an excessive
number of background pixels. Patches with no cell pixels occupied were removed, as shown in
Figure 6:

| gt 9T | [y gkl |V | T
B .Yk
| | | T
| 2 camn
AEAM Y S
. | W] it

Figure 6. Patch Filtering

Patch-Based Segmentation Pipeline

The original images are 2048 x 1536 pixels in size, and the model is trained using the selected
patch size during training. The original images will be patched first, and cells will be segmented by
patches. After each segmented patch is completed, the patches are unpatched to obtain the original
images with true class labels, as shown in Figure 7.
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Figure 7. Patch-based Segmentation Procedure

FINDINGS AND DISCUSSION
Overview

This section presents the experimental results of the Multi-Scaling U-Net architecture
applied to HEK cell segmentation, with a specific focus on evaluating the impact of data-centric
approaches. To isolate the contribution of data quality improvements, two experimental conditions
were established: (1) baseline training without data-centric preprocessing, and (2) enhanced
training incorporating CLAHE preprocessing, Total Variation Denoising, and expert-guided
annotation refinement. Both conditions utilize identical model architecture, hyperparameters, and
training procedures to ensure a valid comparison. All experiments were conducted on an NVIDIA
RTX 2050 GPU (4GB VRAM) using TensorFlow 2.10 with CUDA 11.2.

The training procedure employed 40 carefully selected HEK293T cell images representing
diverse confluency levels (20% to 95%). Images were processed through the patch-based
segmentation pipeline described in Section III, yielding 1,920 patches of 256x256 pixels after
filtering non-representative patches. Training was conducted for 50 epochs using a batch size of 2,
Adam optimizer (learning rate = 0.001), and a hybrid loss function combining Dice Loss and Binary
Focal Loss.
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Quantitative Performance Analysis
Baseline Performance (Before Data-Centric Approach)
The MSUNet model, trained on unprocessed images with initial ground truth annotations,

achieved the following performance metrics on the test dataset:

e Loss:21.63%

e Accuracy: 86.33%

e JoU (Intersection over Union): 0.7805

e F1-Score: 0.8764

e Training Runtime: 2 hours 24 minutes

-07
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11.35% 38.32%

real values

predictions

Figure 8. Confusion Matrix

Figure 8 illustrates the confusion matrix for baseline performance, revealing that while
most pixels were correctly classified, a substantial proportion of misclassifications occurred at cell
boundaries. The confusion matrix shows 1.89M true positives, 6.12M true negatives, 487K false
positives, and 523K false negatives.
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The training curves presented in Figures 9, 10, and 11 demonstrate stable convergence
without significant overfitting. The accuracy curve (Figure 9) shows steady improvement from
approximately 72% to 86.33% over 50 epochs, with validation accuracy closely tracking training
accuracy. Similarly, the IoU score curve (Figure 10) exhibits a consistent upward trajectory,
reaching 0.7805 by epoch 50. The loss curve (Figure 11) decreases steadily from approximately
45% to 21.63%, confirming effective optimization.

Enhanced Performance (After Data-Centric Approach)
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Following the systematic application of data-centric methodologies, specifically CLAHE
preprocessing (clip limit=2.0, tile grid size=8x8), Total Variation Denoising (weight=0.1), and
expert-guided iterative annotation refinement over three review cycles, the MSUNet model
achieved substantially improved performance:

e Loss: 10.03% (I 53.6% reduction)

e Accuracy: 96.72% (T 10.39 percentage points)

e [0U:0.8980 (T 0.1175, representing 15.1% relative improvement)

e F1-Score: 0.9462 (T 0.0698, representing 8.0% relative improvement)
e Training Runtime: 3 hours 15 minutes
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Figure 12. Confusion Matrix

Figure 12 presents the confusion matrix after data-centric improvements, demonstrating a
dramatic reduction in misclassifications. The enhanced model produced 2.18M true positives,
6.49M true negatives, only 121K false positives, and 147K false negatives, representing a 75.2%
reduction in false positives and a 71.9% reduction in false negatives compared to the baseline.
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The post-enhancement training curves (Figure 13, Figure 14, and Figure 15) reveal several
notable characteristics. The accuracy curve (Figure 13) shows more rapid initial convergence,
reaching 90% accuracy by epoch 15 compared to epoch 30 in the baseline, suggesting that cleaner
data facilitated more efficient feature learning. The IoU curve (Figure 14) demonstrates steeper
improvement in early epochs and achieves higher final performance (0.8980 vs. 0.7805). The loss
curve (Figure 15) exhibits faster convergence and lower final loss (10.03% vs. 21.63%).

Comparative Performance Analysis
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Table 4 summarizes the quantitative comparison between baseline and data-centric
approaches:
Table 4. Comparison - Baseline vs. Data-Centric Approach
Data-

] Baseline ] Absolute Relative
Metric (Before) Centric Improvement Improvement
(After) P p
Loss 21.63% 10.03% -11.60 pp -53.6%
Accuracy 86.33% 96.72% +10.39 pp +12.0%
IoU 0.7805 0.8980 +0.1175 +15.1%
F1-Score 0.8764 0.9462 +0.0698 +8.0%
Fal
ase 487K 121K 366K 75.2%
Positives
Fal
a s.e 523K 147K -367K -71.9%
Negatives
Traini
ramning 2h 24m 3h 15m +51m +35.4%
Time

The results demonstrate that data-centric approaches yielded substantial performance
improvements across all evaluation metrics. The IoU improvement of 0.1175 (from 0.7805 to
0.8980) is particularly significant, representing progression from "good" segmentation quality (IoU
> (0.75) to "excellent" segmentation quality (IoU > 0.85) according to standard benchmarks in
medical image segmentation. This improvement is especially notable given that the model
architecture remained unchanged, suggesting that data quality was a key contributing factor to
performance under the conditions of this study.

The modest increase in training time (35.4%) is attributable to the enhanced image
preprocessing pipeline, which requires additional computational steps (CLAHE transformation and
TVD filtering) during data loading. However, this trade-off is highly favorable: a 51-minute increase
in training time yielded a 15.1% relative improvement in IoU.

Qualitative Analysis and Error Characterization

The baseline model exhibited three primary failure modes: (1) incomplete segmentation of
semi-transparent cell regions, particularly in low-density cultures where individual cells appear
faint under phase-contrast microscopy; (2) over-segmentation of background noise and imaging
artifacts, resulting in false-positive detections; and (3) boundary imprecision in high-confluency
regions where cells form dense clusters with indistinct borders.

The data-centric approach systematically addressed each failure mode. CLAHE
preprocessing enhanced local contrast in semi-transparent regions, making cell boundaries more
distinguishable. Total Variation Denoising suppressed high-frequency noise and imaging artifacts
while preserving true cell edges, decreasing false-positive detections from background
irregularities. Expert-guided annotation refinement corrected systematic labeling inconsistencies
in cluster boundaries, providing the model with more accurate training targets for densely
populated regions.

The 75.2% reduction in false positives and 71.9% reduction in false negatives (Table 4)
quantitatively confirm these qualitative improvements. The enhanced model's accuracy of 96.72%
translates to +3.28% potential error in confluency estimates, which compares favorably against the
+20% inter-operator variability documented for manual monitoring methods (Liu et al., 2024).
Computational Efficiency Considerations

Preprocessing can be performed offline as a one-time operation, and during inference adds
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minimal cost (<100ms per image). Compared to training larger models requiring significantly more
GPU memory, the data-centric approach achieves superior performance improvements while
maintaining compatibility with resource-constrained hardware.

Implications for Biomanufacturing Automation

The data-centric methodology's success with a relatively small training dataset (40 images)
is particularly significant for practical deployment. The demonstration that careful data quality
management can achieve excellent performance with modest dataset sizes suggests that similar
systems could be implemented in resource-constrained settings without requiring thousands of
labeled images.

Summary of Key Findings

This study shows that data-centric strategies substantially improved HEK cell
segmentation performance. Enhancing data quality alone raised IoU from 0.7805 to 0.8980, a
15.1% relative improvement, suggesting that data quality was a key contributing factor to the
performance gains observed under the conditions of this single-run experiment. Segmentation
errors were greatly reduced, with false positives dropping by 75.2% and false negatives by 71.9%,
addressing the model's main issues with boundary precision. The magnitude of these gains
compares favorably to incremental improvements reported in U-Net variant studies (Siddique et
al, 2021; Long, 2020), though direct comparison is limited by the absence of a systematic
benchmark across the same dataset. The resulting 96.72% accuracy surpasses the variability of
manual monitoring (+20%), supporting the practicality of automated systems for quality control in
HEK cell-based bioproduction. Moreover, achieving strong performance with only 40 training
images highlights the data efficiency of this approach, demonstrating its suitability for resource-
constrained settings.

CONCLUSION

The Multi-Scaling U-Net model achieved substantial performance improvements through
data-centric methodologies, with IoU improving from 0.7805 to 0.8980 (15.1% relative
improvement) and accuracy reaching 96.72%. These results suggest that systematic data quality
improvement was a key contributing factor to performance gains, with the achieved accuracy
substantially improving upon the *20% inter-observer variability documented for manual
monitoring methods (Liu et al., 2024).

This study makes contributions at three levels. Empirically, it provides quantitative
evidence that systematic data quality improvement yielded a 15.1% relative loU gain and a 75.2%
reduction in false positives on a single HEK293T dataset, without modifying the model architecture.
Methodologically, it establishes and documents a reproducible pipeline combining CLAHE
preprocessing, TVD noise reduction, image-level train-test splitting before patching, and expert-
guided annotation refinement that can serve as a template for similar small-dataset biomedical
segmentation tasks. Practically, it demonstrates that a patch-based segmentation approach can
achieve strong confluency estimation performance on a standard 4 GB VRAM GPU, supporting
deployment in resource-constrained laboratory environments. These contributions are empirical
and methodological in nature; broader generalizability to other imaging systems, cell lines, or
institutions requires further validation.

At a theoretical level, this study contributes to the growing body of evidence supporting
data-centric Al as a viable alternative to model-centric thinking in resource-constrained biomedical
domains. The controlled experimental design, holding architecture constant while varying only
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data quality, provides a relatively clean empirical test of the DCAI hypothesis that data
improvement can be a primary driver of performance gains. The finding that preprocessing and
annotation refinement together yielded a 15.1% IoU improvement, without any change to model
complexity or training procedure, is consistent with theoretical arguments that label noise and
input quality degradation are binding constraints in small, annotated datasets (Whang et al., 2023;
Luca et al,, 2022). For the biomedical segmentation community specifically, this contributes a
concrete, replicable example of how DCAI principles can be operationalized under the annotation
scarcity and hardware constraints typical of non-clinical research laboratories, conditions that
architectural innovations alone are poorly suited to address.

The patch-based segmentation pipeline enables processing of high-resolution microscopy
images on standard laboratory GPU hardware, making the approach accessible to research facilities
without specialized computational infrastructure. As biomanufacturing continues to scale globally,
automated monitoring systems like the one developed in this study will become increasingly
important for maintaining product quality, ensuring regulatory compliance, and improving
operational efficiency.
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LIMITATION & FURTHER RESEARCH
This study presents several limitations that warrant acknowledgment and suggest
directions for future investigation.

Dataset Scale and Diversity Limitations

The training dataset comprised 40 images selected from a single laboratory using a single
microscope model (EVOS M5000) under standardized imaging parameters (X10 magnification,
light setting 2.904, phase-contrast mode). While this standardization ensured consistency during
model development, it limits generalizability across diverse imaging conditions. The model has not
been validated on images acquired using different microscope brands, objective lenses,
illumination settings, or alternative imaging modalities such as brightfield or fluorescence
microscopy.

Furthermore, the dataset represents HEK293T cells from a single subculture cell line at one
institution. Morphological variations across different HEK293 variants (such as HEK293, HEK293S,
HEK293F, or suspension-adapted lines) have not been systematically evaluated.

Methodological Constraints

Hardware limitations imposed by the 4 GB VRAM constraint necessitated patch-based
training with a batch size of 2. This constraint limits training stability relative to larger batch
configurations and reduces the scope for hyperparameter exploration. Additionally, results are
reported from a single training run without repeated experiments, meaning that performance
variance across runs is unknown and confidence intervals cannot be established. The absence of an
independent external validation dataset further limits the generalizability of the findings. Inter-
annotator agreement was not formally quantified, as only a single expert reviewer was available.
These methodological constraints collectively limit the strength of claims that can be drawn from
the current results and are important considerations when interpreting the reported performance
metrics.
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Functional Scope Limitations

The segmentation model produces binary masks distinguishing cell regions from
background, but does not provide instance-level segmentation that identifies individual cells within
clusters. This limitation precludes applications requiring single-cell counting, individual cell
tracking across frames, or analysis of cell-cell interaction patterns. Extension to instance
segmentation would require architectural modifications, possibly incorporating mask region-based
CNNs or incorporating post-processing algorithms for watershed-based cell separation.

The evaluation was conducted exclusively on static images rather than time-lapse
sequences. Temporal analysis capabilities, including cell proliferation rate measurement, migration
pattern characterization, and cell cycle phase identification, were not addressed. The model's
ability to maintain consistent segmentation across temporal sequences, handle cell division events,
or track individual cells over time remains unvalidated.

Future Research Directions

Several research directions could further extend and validate the current work. Multi-site
validation across laboratories with diverse microscope systems and imaging protocols would help
establish model generalizability and clarify domain-adaptation needs. Incorporating instance
segmentation methods such as Mask R-CNN or transformer-based detection architectures could
enable single-cell identification and counting for proliferation and heterogeneity analyses.

Temporal modeling using recurrent architecture or temporal fusion mechanisms would
support proliferation-rate estimation, cell tracking, and early detection of culture abnormalities in
bioproduction settings. Expanding to multi-class segmentation would allow simultaneous
assessment of cell health states, cell-cycle phases, or contamination, providing a more
comprehensive view of culture status than confluency alone. Prospective deployment in active
biomanufacturing facilities would deliver crucial real-world validation, benchmarking concordance
with existing quality-control workflows, and assessing user adoption.

Active learning strategies could reduce annotation burden by prioritizing the most
informative images for expert review, improving adaptation to new cell lines or imaging conditions.
Finally, applying the data-centric framework to additional biomanufacturing-relevant cell types
such as CHO, Vero, or iPSC cultures would further test the approach’s generalizability and help
define best practices for automated cell-culture monitoring across diverse applications.
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