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Abstract

Early S phase detection is a challenging part of Hoechst-based cell-cycle segmentation
because early S is rare, visually subtle, and represents a transitional state between G1 and
later S/G2/M. This thesis investigates whether temporal context from time-lapse microscopy
can improve early S detection compared with single-frame prediction.

Starting from an existing U-Net baseline with an EfficientNet-B5 encoder, several temporal
approaches were tested. First, predicted cell instances were extracted, tracked across consecutive
frames, and used to construct temporal label windows. A rule-based method and a logistic
regression classifier were then evaluated using predicted class labels from t− 1, t, and t+ 1.
Second, image-based temporal U-Net models were trained using three consecutive Hoechst
frames as input to predict the segmentation mask of the center frame.

The temporal label-based classifier performed almost identically to the center-frame baseline
on the matched cell-instance subset. A temporal U-Net trained from scratch performed poorly,
especially for early S. Initializing the temporal U-Net from the trained single-frame baseline
improved performance compared with training from scratch, but did not outperform the
inherited single-frame baseline on the same temporal test center frames. These results suggest
that temporal context is not automatically sufficient to improve early S detection. More
careful temporal model design, training strategy, and evaluation using consistent data splits
are needed to determine whether temporal information can improve Hoechst-based cell-cycle
segmentation.
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1 Background and theory

1.1 Cell Cycle

The cell cycle is an ordered sequence of events during which a cell grows, duplicates its genetic
material, and divides into two daughter cells. The cell cycle generally consists of four main phases:
G1, S, G2 and M. During G1 phase, the cell grows and prepares for DNA replication. In S phase,
the cell synthesizes a complete copy of its DNA. This is followed by G2 phase, in which the cell
continues to grow and prepares for mitosis. Finally, during M phase, the duplicated chromosomes
are separated and the cell divides [Sch98].
This process is regulated by cyclins, cyclin-dependent kinases (CDKs), and checkpoint mechanisms
[Bir03]. Cyclins are proteins whose concentrations rise and fall during specific stages of the cell
cycle, while CDKs are enzymes that become activated when bound to cyclins and drive progression
into the next phase. Specific cyclin-CDK complexes are needed for the cell to transition from one
phase to another. For example, when cyclin D expression increases, CDK4/6 form a complex with
cyclin D, which stimulates the cell to progress through G1 phase and it supports re-entry of the
cell cycle. Cyclin E forms a complex with CDK2 to promote entry into S phase. Cyclin B forms a
complex with CDK1 which is needed for entry into M phase [VVBB03].
There are three key checkpoints to ensure important events are completed correctly. The G1/S
checkpoint monitors whether the cell is sufficiently prepared for DNA replication and whether
any DNA damage is present. The G2/M checkpoint ensures that DNA replication has been
completed correctly before the cell enters mitosis. During mitosis, the spindle checkpoint verifies
that chromosomes are properly attached to the mitotic spindle before they are separated. Together,
these regulatory mechanisms help preserve genomic stability and prevent damaged or incompletely
replicated DNA from being passed on to daughter cells [Nig95].
Although the cell cycle is commonly described as a series of discrete phases [HCG+22, EKB+17,
NSC+20, DC24, Cui25], progression through these phases is in reality gradual and continuous.
Transitions between phases may therefore be difficult to define sharply, particularly around the entry
into S phase [DC24, Cui25]. This biological continuity is important to consider when interpreting
microscopy-based cell-cycle labels.

1.2 Fluorescence-based cell-cycle imaging

The identification of cell-cycle phases is crucial for studying cell proliferation, cancer progression,
and drug response [Sch98, ZE15]. A widely used approach for identifying cell-cycle phases in living
cells is fluorescence-based cell-cycle imaging. These methods monitor cell-cycle progression by
linking molecular events to fluorescent signals.
One of the most established methods for fluorescence-based cell-cycle imaging is the Fluorescent
Ubiquitination-based Cell Cycle Indicator (FUCCI) system, introduced by Sakaue-Sawano et al.
[SSKM+08]. FUCCI uses two fluorescent markers linked to two specific proteins, Cdt1 and Geminin,
present during different phases of the cell cycle. Cdt1 is mainly present during G1 phase, while
Geminin is mainly present during S and G2 phases. As a result, cells show different fluorescence
signals depending on their current cell-cycle state. This allows researchers to distinguish different
phases based on distinct fluorescent patterns and their transitions over time [SSKM+08, ZE15].
An important strength of FUCCI is that researchers can directly observe how individual cells
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progress through the cell cycle in space and time. This has made FUCCI a versatile and widely
adopted tool across different model systems, including mammalian cells, mice, fish, flies, and plants
[ZE15]. The method has contributed to studies of developmental patterning, stem cell behavior,
quiescence, and the relationship between cell-cycle progression and cell fate decisions [ZE15].
During the transition from G1 to S phase, FUCCI signals are not always sharply separated. In the
original FUCCI system, cells in G1 phase are labeled red, whereas cells in S, G2, and M phases
are labeled green. However, during a short period around the G1/S transition, both markers can
be present at the same time, causing cells to appear yellow [ZE15, SSKM+08]. This is particularly
relevant for early S phase, which represents the start of DNA replication and therefore forms a
transitional state between G1 and later S phase. As a result, early S phase does not always appear
as a clearly distinct category, but rather as an intermediate state that shares characteristics with
neighboring phases. This biological overlap is important for this study, because it suggests that the
boundary between G1 and early S phase may be inherently gradual rather than sharply defined.

For the present study, FUCCI is particularly important because it provides the reference labels
used for cell-cycle phase annotation. However, the aim of this work is to predict cell-cycle phase
from the Hoechst channel alone, rather than from dedicated cell-cycle reporter channels. This is
useful because FUCCI requires genetically encoded fluorescent reporters and additional fluorescence
channels, which may not always be available in other experiments. In contrast, Hoechst is a
commonly used nuclear DNA stain and provides a simpler single-channel input. Reducing the
number of required imaging channels may also reduce experimental complexity, image acquisition
time, data storage requirements, and the amount of fluorescence exposure during live-cell imaging.
This is relevant because phototoxicity is an important consideration in live fluorescence microscopy,
where illumination can affect sample physiology [IWWN17]. If cell-cycle phase can be predicted
from Hoechst alone, FUCCI can be used for annotation during model development while not
being required as input during prediction. FUCCI therefore serves as ground truth during model
development, while the prediction task itself focuses on Hoechst-based cell-cycle detection.

1.3 Hoechst-based prediction without FUCCI input

An alternative to dedicated cell-cycle reporters is to detect cell-cycle phases from simpler imaging
signals, such as DNA staining with Hoechst. Hoechst is a cell-permeable fluorescent dye that
binds to DNA at A/T-rich regions in the minor groove, and is widely used as a nuclear stain in
fluorescence microscopy [BLG18]. Because Hoechst labels nuclear DNA, its fluorescence intensity is
related to DNA content, which changes across the cell cycle [BLG18]. This makes Hoechst relevant
for cell-cycle analysis, even though it is not a phase-specific reporter such as FUCCI. For the present
study, this is valuable because it enables the prediction of cell-cycle phase from a single Hoechst
channel, reducing reliance on dedicated cell-cycle labeling while still retaining useful biological
information.
Unlike FUCCI, Hoechst does not directly label specific cell-cycle phases. Instead, phase-related
information must be detected indirectly from differences in DNA content and nuclear signal. This
makes the task more challenging, especially for phases that are close together in the cell cycle.
At the same time, it also makes Hoechst-based prediction attractive, because it allows cell-cycle
analysis to be performed from a single staining channel. Deep learning methods are therefore a
suitable approach for detecting subtle differences in Hoechst images, because they can learn complex
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visual patterns directly from image data.

1.4 Deep learning methods for biomedical segmentation

Deep learning has become widely used in biomedical image analysis because it can learn relevant
image patterns directly from data. This is especially useful in microscopy, where differences between
structures can be subtle and difficult to capture with hand-crafted features or simple threshold-based
methods. In segmentation tasks, deep learning models can learn both fine local details, such as cell
boundaries, and broader contextual information from the surrounding image. This makes them
well suited for pixel-level classification in biomedical images.
One of the most commonly used architectures for biomedical segmentation is U-Net [RFB15]. U-Net
was created for biomedical image segmentation and has become a standard model in the field. It
consists of an encoder path, which extracts increasingly abstract features from the input image, and
a decoder path, which reconstructs a segmentation map at the original resolution. An important
feature of U-Net is that it uses skip connections between the encoder and decoder to help preserve
spatial detail, which is important when segmenting small biological objects such as nuclei. By
combining detailed low-level image information with high-level contextual features, skip connections
help the model localize structures more precisely.

Many later studies have extended the U-Net architecture by using stronger encoder backbones, in-
cluding EfficientNet [SPRA+22]. These pretrained encoders can improve feature extraction and lead
to better segmentation performance. U-Net-based models have therefore been used successfully in
many biomedical tasks, including nucleus segmentation, tissue segmentation, and cell classification.
In the context of cell-cycle analysis, deep learning is particularly relevant because the visual
differences between phases may be subtle, especially when only a single imaging channel is available.
Rather than relying on manually defined thresholds or intensity rules, a deep learning model can
learn phase-related patterns directly from annotated training data. Previous work has shown that
U-Net-based models with EfficientNet encoders can perform cell-cycle phase segmentation from
single-channel Hoechst images, demonstrating that meaningful phase information can be extracted
even without dedicated cell-cycle reporters [DC24, Cui25]. For the present study, this makes deep
learning-based segmentation a suitable foundation for investigating whether difficult transitional
states, especially early S phase, can be detected more accurately.

1.5 Related work in cell and nuclei segmentation

Besides U-Net-based models, several deep learning methods have been developed specifically for cell
and nuclei segmentation. One important example is Cellpose, which was designed as a generalist cell
segmentation algorithm that can work across different microscopy image types and cell morphologies
[SWMP21]. Instead of relying only on a model trained for one specific dataset, Cellpose aims to
generalize to many types of cellular images. This makes it useful in biological imaging settings where
cell shape, size, and imaging conditions can vary strongly between experiments. In the context of
this thesis, Cellpose is relevant because it shows how deep learning can be used to segment cells
robustly across diverse microscopy datasets.
Another widely used method is StarDist, which is designed for instance segmentation of cells and
nuclei [SWBM18]. StarDist represents objects using star-convex polygons, which allows the method
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to separate individual nuclei even when they are close together or touching. This is particularly
relevant for microscopy images, where neighboring nuclei can overlap or be difficult to distinguish
using simple thresholding or semantic segmentation alone. Compared with standard semantic
segmentation, instance segmentation methods such as StarDist are especially useful when the goal
is to identify separate cell objects rather than only classify each pixel.
Although Cellpose and StarDist are important methods for cell and nuclei segmentation, they were
not used in this thesis. The present study builds on an existing U-Net-based semantic segmentation
baseline from previous work.

1.6 Challenges in early S phase detection

Although deep learning has shown strong potential for Hoechst-based cell-cycle segmentation,
the detection of early S phase remains particularly challenging. Previous work has reported that
early S is one of the most difficult classes to identify accurately in single-channel Hoechst images
[DC24, Cui25]. This is partly because early S is a short transitional phase between G1 and later
S/G2/M, rather than a clearly separated and stable state. As a result, cells in early S may share
characteristics with both neighboring phases, which makes the class boundary less distinct.
Furthermore, early S is typically underrepresented in the data. Because the phase is relatively short
compared with other parts of the cell cycle, fewer cells are observed in early S at any given time.
This leads to class imbalance, meaning that the model is trained on substantially fewer early S
examples than on classes such as G1 or S/G2/M. In supervised learning, such imbalance can make
the model more biased toward the majority classes and reduce its ability to learn the more subtle
characteristics of rare classes [Cui25]. In practice, this can result in early S cells being misclassified
as one of the neighboring phases.
Another important issue is that evaluation results may depend strongly on how the data are split.
Cui [Cui25] showed that random splits can lead to overly optimistic results because images from
the same experimental conditions or time-lapse sequences may appear in both training and test sets.
In contrast, replicate-aware or sequence-aware splits provide a more realistic assessment of model
generalization. Under these more stringent conditions, the detection of early S remains difficult,
which further suggests that the problem is not only one of model capacity, but also of class rarity,
subtle visual differences, and biological continuity between phases.

Taken together, these factors make early S phase detection a particularly challenging problem in
Hoechst-based cell-cycle segmentation. The class is rare, visually subtle, and biologically intermedi-
ate, which increases the likelihood of confusion with neighboring phases. These challenges motivate
the search for modeling strategies that may better capture the transitional nature of the cell cycle
and improve the detection of early S phase.

1.7 Ordered nature of the cell cycle

The cell cycle is not simply a set of unrelated categories, but an ordered biological process. Cells
progress through the phases in a fixed sequence, moving from G1 to S phase, then to G2 and
M phase, before returning to G1 after division [Sch98]. This means that neighboring phases are
biologically closer to each other than phases that are further apart. Early S phase is a clear example
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of this, because it lies between G1 and later S/G2/M and therefore represents an intermediate
state.
This ordered structure is relevant for this study because it shows that cell-cycle phase should not
only be viewed as a static label, but also as part of a progression over time. Around transition
points, the appearance of a cell may change gradually rather than abruptly. As a result, a single
image may not always contain enough information to distinguish a transitional phase clearly from
its neighboring phases. This is especially true for early S, which may share characteristics with
both G1 and later S/G2/M.
For this reason, the ordered nature of the cell cycle provides an important motivation for considering
temporal context in cell-cycle prediction. If the same cell can be followed over multiple frames,
its current state may be interpreted in relation to the states before and after it. In this way, the
sequential nature of the cell cycle suggests that temporal information may be particularly useful
for identifying transitional phases such as early S.

1.8 Thesis motivation

Previous work has shown that Hoechst-based cell-cycle segmentation is possible using deep learning,
but early S phase remains a difficult class to detect reliably. In single-frame prediction, this transition
may be difficult to recognize because the visual differences in the Hoechst channel can be subtle
and gradual.
Most existing approaches treat each image frame independently. However, the cell cycle is an ordered
process that unfolds over time. A cell that is in early S phase at one time point is expected to be
preceded by a G1-like state and followed by a later S/G2/M-like state. This suggests that temporal
information from neighboring frames may provide useful context for identifying transitional phases.
For example, a cell that appears ambiguous in a single frame may become easier to interpret when
its previous and following states are also considered.
Therefore, this study investigates whether temporal context can improve early S phase detection in
Hoechst-based cell-cycle prediction. Starting from an existing single-frame U-Net baseline, individual
cells are extracted, tracked across consecutive frames, and organized into short temporal windows.
This makes it possible to compare the original single-frame prediction with temporal approaches
that use information from the same cell over time.

2 Methods

2.1 Dataset

The dataset consists of time-lapse fluorescence microscopy images of cells progressing through the
cell cycle. For each timepoint, multiple fluorescence channels were available, including a Hoechst
channel and FUCCI reporter channels. Only the Hoechst channel was used as model input, while
the FUCCI-derived annotations were used as ground-truth labels for the cell-cycle phases.
The data were organized into sequences corresponding to different locations and imaging sites. A
sequence refers to one time-lapse image series from a fixed imaging location and site. Each sequence
contains 70 consecutive timepoints of the same field of view. A sequence therefore does not refer to
the trajectory of a single cell, but to the full image series in which multiple cells are visible over
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time. This temporal information is important for the present study because cells can be followed
across consecutive frames and their phase can be interpreted using surrounding timepoints.
The ground-truth masks contained labels for the main cell-cycle-related classes, including G1,
S/G2/M, early S, and an additional Hoechst-related annotation class, as well as background
and border labels. Early S was strongly underrepresented compared with the other phase classes,
reflecting its role as a short transitional state and making it a particularly challenging class for
prediction.

2.2 Overview of experimental pipeline

Figure 1 gives an overview of the experimental pipeline used in this thesis. The single-frame
U-Net baseline was inherited from previous work and used as the starting point. Two temporal
extensions were then explored. First, a label-based temporal approach was tested as an exploratory
experiment by extracting predicted cell instances, tracking them across frames, and applying
temporal rule-based relabeling and logistic regression. Second, image-based temporal U-Net models
were trained using three consecutive Hoechst frames as input. This included a temporal U-Net
trained from scratch and a temporal U-Net initialized from the trained single-frame baseline. The
final comparison focused on pixel-level performance of the single-frame baseline, the temporal U-Net
from scratch, and the baseline-initialized temporal U-Net.
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2. FUCCI & Hoechst
images

3. FUCCI & Hoechst
images

4. Single-frame baseline U-net
(EfficientNet-B5)

5. Predicted segmentation masks

6. Instance extraction

Temporal label-based approaches

7. Cell tracking

8. Temporal windows
(t-1, t, t+1)

10. Logistic
regression classifier

9. Rule-based
relabeling

Exploratory instance-level results
Precision, recall, F1-score

11. Temporal image window
(t-1, t, t+1)

Temporal image-based approaches
(main comparison)

12. Baseline-initialized
temporal U-Net

13. Temporal U-Net
trained from scratch

14. Predicted center-
frame segmentation

mask

15. Predicted center-
frame segmentation

mask

Main pixel-level model comparison
Single-frame baseline vs temporal U-net from
scratch vs baseline-initialized temporal U-Net 

Precision, recall, F1-score

Time-lapse microscopy data
Inherited from previous work

Developed in this thesis

Figure 1: Overview of the experimental pipeline. Green components indicate parts inherited from
previous work, while blue components indicate methods and analyses developed in this thesis.
The diagram was recreated in diagrams.net based on an earlier diagram draft generated with the
assistance of a generative AI tool.

2.3 Baseline model

The baseline model used in this study is based on the Hoechst-based cell-cycle segmentation pipeline
developed in previous work [DC24]. The model performs single-frame semantic segmentation,
meaning that each input image is processed independently and each pixel is assigned to one of the
predefined classes. The input to the model is a single-channel Hoechst image, while the output is a
multiclass segmentation mask containing the predicted cell-cycle-related labels.
The baseline architecture consists of a U-Net model with an EfficientNet-B5 encoder. The model
was trained to predict six classes: background, G1, S/G2/M, early S, Hoechst, and border. The
border class is included to help separate neighboring or touching nuclei.
The baseline model serves as the single-frame reference method. Its predictions are used to evaluate
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performance without temporal context and to provide baseline class labels for the temporal label-
based approaches. In addition, the trained baseline model is used to initialize the temporal U-Net
model. This allows the temporal model to start from a model that has already learned Hoechst-based
segmentation features, while extending the input from a single frame to multiple neighboring frames.

2.4 Instance extraction

After baseline inference, the predicted segmentation masks were converted into individual cell
instances. This step was necessary because the baseline model produces semantic segmentation
masks, while the temporal part of this study requires individual cells to be followed across frames.
Therefore, each predicted mask was processed to extract separate connected components.
For each frame, the background and border classes were excluded from instance extraction. The
remaining phase-related classes were processed separately, so that connected regions belonging to
G1, S/G2/M, early S, and Hoechst were identified as candidate cell instances. Very small connected
components were removed using a minimum-area threshold of 20 pixels.
The same instance extraction idea was applied to both predicted and ground-truth masks, but the
masks were stored in different formats. The predicted masks were saved as color-coded images, so
class regions were identified by their RGB color. The ground-truth masks were stored as class-index
images, where each pixel value corresponded to a class label. Therefore, ground-truth instances
were extracted directly from the numeric pixel values. Both procedures produced an instance table
containing the frame name, class label, centroid, area, and bounding box for each detected object.
To allow evaluation at the cell-instance level, predicted instances were matched to ground-truth
instances within the same frame. Matching was based on centroid distance, with each ground-truth
instance assigned to at most one predicted instance. Matches were only accepted when the distance
between the predicted and ground-truth centroids was at most 20 pixels. The resulting matched
instances were used to compare predicted class labels with the corresponding ground-truth labels
and to attach ground-truth labels to temporal samples in later steps.

2.5 Cell tracking

After extracting individual cell instances from the predicted masks, cells were linked across consec-
utive frames within each time-lapse sequence. Here, a sequence means the 70-frame image series
belonging to one fixed imaging location and site. Tracking was performed separately for each
sequence so that cells were only matched between frames from the same field of view. This prevents
cells from being incorrectly linked across different imaging locations. The resulting tracks represent
approximate single-cell trajectories within a sequence.
For each pair of consecutive frames, candidate matches were computed based on the Euclidean
distance between cell centroids. A cost matrix was constructed in which each row represented a cell
instance in the previous frame and each column represented a cell instance in the current frame.
The value in the matrix corresponded to the centroid distance between the two instances. The
Hungarian algorithm was then used to find an assignment that minimized the total matching cost
between the two frames.
A match was accepted only if the centroid distance was at most 30 pixels. If a cell in the current
frame could not be matched to a cell in the previous frame within this threshold, it was assigned a
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new track identity. In this way, each tracked cell was given a track ID that could be followed across
frames for as long as valid matches were found.
The resulting tracks were used to construct temporal samples in later steps. Because this tracking
procedure is based only on centroid distance, it should be interpreted as a simple tracking approach
rather than a full cell-lineage reconstruction method. It is sufficient for creating short temporal
windows, but it may lose tracks when cells move too far, overlap, disappear, or are segmented
differently between frames.

Figure 2: Example of centroid-based cell tracking across three consecutive frames. The same tracked
cells are marked with consistent track IDs (T1-T5) in frames t− 1, t, and t+ 1.

2.6 Temporal window construction

After cell tracking, the resulting tracks were used to construct short temporal samples. Each
temporal sample was centered around one cell instance at a specific timepoint. For this study, a
three-frame window was used, consisting of the previous frame, the current frame, and the next
frame of the same tracked cell. This can be written as t− 1, t, and t+1, where t is the center frame.
Only strictly consecutive windows were included. This means that a sample was only created when
the same track contained detected instances at t− 1, t, and t+ 1 without missing timepoints. The
class label predicted by the baseline model was stored for each of the three frames.
The temporal windows were constructed so that the phase prediction of the center frame could
use information from the predicted phases of the same tracked cell in the neighboring frames. For
example, a cell predicted as G1 before the center frame and as S/G2/M after the center frame may
indicate that the center frame lies near the G1/S transition. This setup was used to test whether
neighboring timepoints provide useful context for identifying early S phase.

2.7 Temporal label-based approach

2.7.1 Rule-based relabeling

Within the label-based temporal approach, two variants were tested. The first variant was a simple
rule-based relabeling method, while the second variant used a learned logistic regression classifier.
Both variants used the predicted class labels of the same tracked cell at t− 1, t, and t+ 1.
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The rule-based method was designed as a simple first test of whether transition patterns could
be used to identify early S phase. If the predicted labels of the neighboring frames suggested a
transition from G1 toward S/G2/M, the center frame was relabeled as early S. For example, if the
previous frame was predicted as G1 and the following frame was predicted as S/G2/M, the center
frame was considered a possible early S candidate. This method was included as an interpretable
baseline for using temporal information.

2.7.2 Logistic regression

In addition to the rule-based approach, a logistic regression classifier was trained on the temporal
samples. The input features were the predicted class labels at t − 1, t, and t + 1. Because the
input features were categorical class labels, they were converted into binary indicator variables
using one-hot encoding before training the logistic regression classifier. The target label was the
ground-truth class of the center frame. In this way, the classifier learned from the training data which
combinations of neighboring predicted labels were informative for predicting the true center-frame
class.
Figure 3 illustrates how a temporal sample was represented for the logistic regression classifier. The
baseline-predicted class labels of the same tracked cell at timepoints t− 1, t, and t+ 1 were used as
input. These categorical labels were converted into a one-hot encoded feature vector, which was
then used to predict the ground-truth class of the center frame t.

Tracked cell labels:
t− 1: G1 t: G1 t+ 1: S/G2/M

⇓

One-hot encoding using class order [G1, S/G2/M, Early S, Hoechst]:
[1, 0, 0, 0 | 1, 0, 0, 0 | 0, 1, 0, 0]

⇓

Logistic regression classifier

⇓

Predicted center-frame class: Early S

Figure 3: Example of the feature representation used for the temporal logistic regression classifier.

The temporal classifier was trained on the training split and evaluated on the validation and test
splits. Its performance was compared with the original center-frame baseline prediction on the same
test samples. This allowed the temporal approach to be evaluated under the same conditions as the
baseline prediction, while using additional information from neighboring timepoints.
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2.8 Temporal image-based approach

The label-based temporal methods described in the previous section incorporated temporal infor-
mation after the baseline segmentation by using the predicted class labels from neighboring frames.
In contrast, the following approach integrates temporal information directly into the segmentation
model itself. Instead of using predicted labels as input, consecutive Hoechst images (t− 1, t, t+ 1)
are provided to a temporal U-Net, allowing the network to learn temporal image features during
segmentation.
Two variants of this image-based temporal approach were tested: one temporal U-Net trained from
scratch and one temporal U-Net initialized from the inherited single-frame baseline. Both variants
used the same three-frame input and center-frame target; only the training initialization differed.

2.8.1 Temporal U-Net trained from scratch

A temporal U-Net was trained from scratch using the same three-frame input setup. This model
used the Hoechst frames at t− 1, t, and t+ 1 as input and predicted the ground-truth mask at t,
but did not use the trained single-frame baseline weights. This model was first tested with standard
cross-entropy loss and was then also tested with weighted cross-entropy loss. This experiment was
used as a comparison to determine whether baseline initialization was necessary for the temporal
image-based model.
The model was trained using the Adam optimizer with a learning rate of 1 × 10−4 and a batch
size of 1. The model predicted six segmentation classes. The weighted cross-entropy loss used class
weights [0.05, 1.0, 1.0, 10.0, 1.0, 0.5] for background, G1, S/G2/M, early S, Hoechst, and border,
respectively. Training was performed for 10 epochs, and the checkpoint with the lowest validation
loss was selected for evaluation.

2.8.2 Baseline-initialized temporal U-Net

The baseline-initialized temporal U-Net used the same three-frame temporal input windows as the
temporal U-Net trained from scratch. Thus, the input consisted of the Hoechst frames at t − 1,
t, and t + 1, stacked as three input channels, and the target output remained the ground-truth
segmentation mask of the center frame t.
The temporal U-Net architecture was based on the same U-Net with EfficientNet-B5 encoder as
the baseline model. To make the comparison with the baseline more direct, the temporal model
was initialized from the trained single-frame baseline checkpoint. Since the baseline model used one
input channel and the temporal model used three input channels, the first convolutional layer had to
be adapted. The original one-channel weights were copied across the three temporal input channels
and divided by three, so that the initial activation scale remained similar. All other compatible
weights were loaded directly from the baseline checkpoint.
The model was fine-tuned using the Adam optimizer with a learning rate of 1× 10−5 and a batch
size of 1. A weighted cross-entropy loss was used with class weights [0.05, 1.0, 1.0, 5.0, 1.0, 0.5] for
background, G1, S/G2/M, early S, Hoechst, and border, respectively. As with the temporal U-Net
trained from scratch, training was performed for 10 epochs, and the checkpoint with the lowest
validation loss was selected for evaluation.
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2.9 Evaluation

The temporal label-based approaches and the temporal U-Net models were evaluated using dif-
ferent procedures, because they produced different types of output. The label-based approaches
produced class predictions for tracked cell instances, while the temporal U-Net models produced
full segmentation masks.
For both evaluation settings, precision, recall, and F1-score were computed for each class, with
particular attention to the early S class. For a given class, these metrics were defined as:

Precision =
TP

TP + FP
, Recall =

TP

TP + FN
, F1 =

2 · Precision · Recall
Precision + Recall

.

Here, TP denotes true positives, FP denotes false positives, and FN denotes false negatives for
the class being evaluated. Since early S is underrepresented, the F1-score was used as the main
summary metric for early S performance, while precision and recall were also reported to show
whether the model mainly missed early S examples or overpredicted them.

For the temporal label-based approaches, evaluation was performed at the cell-instance level
using the matched predicted and ground-truth instances described in Section 2.4. For each temporal
sample, the predicted class of the center-frame instance was compared with the ground-truth class
of the matched center-frame object. A cell instance was considered correctly classified when the
predicted class label matched the ground-truth class label.
For the temporal U-Net experiments, evaluation was performed at the pixel level on the test split.
The predicted segmentation mask for the center frame was compared with the ground-truth mask
of the same frame. The comparison with the single-frame baseline was performed on the same test
center frames used for the temporal U-Net evaluation. The baseline received only the Hoechst image
at timepoint t as input, while the temporal U-Net received the three-frame window (t− 1, t, t+ 1).
Both models were evaluated against the same ground-truth masks at t.
However, the baseline checkpoint was inherited from previous work and was trained using a different
data split than the temporal models in this study. Therefore, some images or sequences in the
current temporal test set may have been included during the original training of the baseline model.
For this reason, the baseline comparison should not be interpreted as a fully independent held-out
test result.

2.10 Implementation and hardware

The experiments were implemented in Python using PyTorch. The original baseline model was
implemented with the segmentation models pytorch library, using a U-Net architecture with
an EfficientNet-B5 encoder. Temporal image models were trained and evaluated on the ALICE
high-performance computing cluster at Leiden University. GPU jobs were submitted using Slurm.
The temporal U-Net experiments were run using NVIDIA GPUs available on ALICE, including
NVIDIA L4, RTX 2080 Ti, and A100 GPUs depending on scheduling availability. Training was
performed with a batch size of 1 because of the large (1024×1024) input images. Model checkpoints
were selected based on validation loss and evaluated on the held-out test split.
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3 Results

3.1 Temporal dataset construction

Temporal samples were constructed in two different ways, depending on the type of temporal model.
For the cell-tracking-based approaches, individual predicted cell instances were linked across frames
and used to create short temporal windows centered around one cell instance. This resulted in
550,860 temporal cell-level samples, of which 475,227 had a valid ground-truth match for the center
frame. These matched samples were used for the temporal label-based experiments.
For the image-based temporal U-Net experiments, temporal windows were constructed at the
full-image level. Each sample consisted of the Hoechst images at t − 1, t, and t + 1, with the
ground-truth segmentation mask at t as the target. This resulted in 2,176 training samples, 272
validation samples, and 816 test samples. The temporal train, validation, and test splits were
constructed at the sequence level, meaning that all temporal windows derived from the same
70-frame time-lapse sequence were assigned to the same split. Unlike the cell-level temporal samples,
these full-image samples did not require explicit cell tracking.

Table 1: Number of temporal image samples used for the temporal U-Net experiments.
Split Number of samples
Training 2,176
Validation 272
Test 816

3.2 Temporal label-based approaches

The learned temporal classifier performed very similarly to the inherited single-frame baseline on
the same temporal subset. On the test set, the original center-frame baseline reached an early S
precision of 0.9383, recall of 0.9060, and F1-score of 0.9219. The temporal classifier reached an
early S precision of 0.9382, recall of 0.9045, and F1-score of 0.9210. Therefore, using only the hard
predicted labels from neighboring frames did not improve early S detection in this subset.
This result suggests that the temporal label-based representation may have been too limited. Since
the classifier only received the final predicted class labels, it could not use more detailed visual
information from the Hoechst images or uncertainty in the baseline model predictions. In addition,
the tracked temporal subset appeared to be relatively clean, which may have made it difficult to
improve over the center-frame prediction.

Table 2: Cell-instance-level Early S performance of the temporal label-based classifier compared
with the center-frame baseline on the same matched temporal subset.

Method Precision Recall F1-score
Center-frame baseline 0.9383 0.9060 0.9219
Temporal logistic regression classifier 0.9382 0.9045 0.9210
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3.3 Temporal U-Net trained from scratch

The initial temporal U-Net trained from scratch performed poorly, especially for the early S class.
With standard cross-entropy loss, the model did not detect early S pixels. Therefore, the final
from-scratch experiment used the weighted cross-entropy setting described in Section 2.8.1.
Although the weighted loss caused the model to predict some early S pixels, performance remained
very low. On the test set, the weighted temporal U-Net trained from scratch reached an early
S precision of 0.0191, recall of 0.0085, and F1-score of 0.0118. The other foreground classes also
remained relatively weak, indicating that training the temporal model from scratch was not sufficient
for this dataset.

3.4 Baseline-initialized temporal U-Net

The baseline-initialized temporal U-Net performed substantially better than the temporal U-Net
trained from scratch. On the test set, the model reached an early S precision of 0.2379, recall of
0.6908, and F1-score of 0.3539. This shows that the model was able to detect a large proportion of
early S pixels, although precision remained relatively low. In other words, the model became more
sensitive to early S, but also produced many false positive early S predictions.

Table 3: Pixel-level test performance of the baseline-initialized temporal U-Net.
Class Precision Recall F1-score Support pixels
Background 0.9966 0.9411 0.9680 707,848,130
G1 0.6264 0.7656 0.6890 20,450,265
S/G2/M 0.7134 0.8880 0.7912 60,609,447
Early S 0.2379 0.6908 0.3539 1,383,757
Hoechst 0.7352 0.8307 0.7801 29,234,753
Border 0.4875 0.6711 0.5647 36,111,664

These results suggest that initialization from the trained single-frame baseline was important for
the temporal U-Net. The model trained from scratch almost completely failed to detect early S,
while the baseline-initialized temporal model recovered meaningful early S predictions. However,
this does not yet show that temporal input improves over the original single-frame baseline. For
that reason, the baseline model was also evaluated on the same test frames.

3.5 Comparison with the single-frame baseline

To determine whether temporal image input improved over the original single-frame model, the
trained baseline model was evaluated on the same 816 test center frames as the temporal U-Net.
Both models were compared against the same ground-truth masks at timepoint t. The difference
between the models was the input: the single-frame baseline used only the center Hoechst frame t,
while the temporal U-Net used the three-frame input window (t− 1, t, t+ 1).
On this same-test-frame pixel-level comparison, the single-frame baseline performed better than
both temporal U-Net models. For early S, the single-frame baseline reached a precision of 0.8354,
recall of 0.8067, and F1-score of 0.8208. In comparison, the baseline-initialized temporal U-Net
reached a precision of 0.2379, recall of 0.6908, and F1-score of 0.3539. Although the temporal
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model detected a substantial proportion of early S pixels, its much lower precision shows that it
overpredicted the early S class. Therefore, in this experiment, adding neighboring frames as input
did not improve early S detection over the original single-frame baseline.

Table 4: Pixel-level Early S performance on the same temporal U-Net test center frames.
Method Precision Recall F1-score
Single-frame baseline 0.8354 0.8067 0.8208
Temporal U-Net trained from scratch 0.0191 0.0085 0.0118
Baseline-initialized temporal U-Net 0.2379 0.6908 0.3539

Because the baseline checkpoint was trained using a different data split, this comparison should be
interpreted with caution and mainly serves to compare the inherited single-frame model and the
temporal U-Net under the same pixel-level evaluation procedure.

3.6 Example segmentation results

In addition to the quantitative evaluation, qualitative examples were inspected visually. Figure 4
shows representative segmentation results for the single-frame baseline and the baseline-initialized
temporal U-Net. The first row shows an example where the temporal U-Net gives a relatively good
prediction. The second row illustrates a case where the temporal U-Net overpredicts early S, visible
as additional yellow regions compared with the ground truth. The third row shows an example
where the single-frame baseline is closer to the ground truth than the temporal U-Net.
These examples are consistent with the quantitative results. The temporal U-Net is able to predict
early S regions, but it also tends to assign early S to too many pixels. This explains why the temporal
U-Net achieved relatively high early S recall but low precision compared with the single-frame
baseline.
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Figure 4: Example segmentation results for the single-frame baseline and the baseline-initialized
temporal U-Net. Each row shows one test frame. The columns show the Hoechst input image, the
ground-truth segmentation mask, the single-frame baseline prediction, and the temporal U-Net
prediction.

3.7 Summary of findings

Overall, the experiments show that the tested temporal approaches did not improve early S
detection over the inherited single-frame baseline. The temporal label-based classifier performed
almost identically to the center-frame prediction on the tracked cell-instance subset, suggesting
that hard predicted labels from neighboring frames did not add enough useful information. The
temporal U-Net trained from scratch performed poorly and almost completely failed to detect early
S. Initializing the temporal U-Net from the trained baseline checkpoint improved performance
compared with training from scratch, but the model still performed worse than the single-frame
baseline on the same test frames.
These results suggest that temporal context may still be useful, but the temporal approaches tested
in this study did not successfully exploit it. In particular, the baseline-initialized temporal U-Net
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became more sensitive to early S but also produced many false positives, leading to a lower F1-score
than the original baseline model.

4 Discussion

This study investigated whether temporal context could improve early S phase detection in Hoechst-
based cell-cycle segmentation. Since early S is a short and visually subtle transition between G1
and later S/G2/M, the main expectation was that neighboring timepoints could provide useful
information that is not available in a single frame. Several temporal approaches were tested,
including temporal label-based classification and temporal U-Net models using image windows.
Overall, the results show that the tested temporal methods did not improve early S detection over
the inherited single-frame baseline, although some temporal approaches were more successful than
others.

4.1 Temporal label-based approaches

The first temporal approaches used predicted class labels from tracked cells at t− 1, t, and t+ 1.
These methods were based on the idea that a cell transitioning from G1 toward S/G2/M might be
easier to recognize when its neighboring predicted labels are also considered. However, the logistic
regression classifier performed almost identically to the original center-frame prediction on the
same temporal subset. This suggests that the hard predicted labels from neighboring frames did
not contain enough additional information to improve early S detection.
One likely explanation is that the temporal classifier only used the final predicted class labels of
the baseline model. This means that uncertainty in the baseline prediction was lost. For example,
a cell that is visually ambiguous between G1 and early S is still represented only as one discrete
predicted label. The classifier therefore could not use softer information, such as class probabilities
or image features, which may have been more informative. In addition, the temporal subset created
by tracking may have been relatively clean, since only cells with valid consecutive detections and
ground-truth matches were included. This may have made the center-frame baseline already difficult
to improve upon.

4.2 Temporal U-Net models

The temporal U-Net models used the Hoechst images directly instead of only using predicted labels.
This allowed the model to receive visual information from neighboring timepoints. The temporal
U-Net trained from scratch performed poorly, especially for early S. With standard cross-entropy
loss, the model did not detect early S pixels, and even after applying class weighting the early S
F1-score remained very low. This indicates that training the temporal model from scratch was not
sufficient for this dataset.
The poor performance of the model trained from scratch is likely related to the difficulty of the
segmentation task and the strong class imbalance. Background pixels dominate the images, while
early S pixels are rare. As a result, a model trained from scratch may learn to focus on the larger
and easier classes while failing to learn the subtle visual features of early S.
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The baseline-initialized temporal U-Net performed substantially better than the temporal U-Net
trained from scratch. This suggests that initialization from the trained single-frame baseline was
useful. The baseline model had already learned relevant Hoechst-based segmentation features, and
the temporal model could build on these features instead of learning the task completely from the
beginning. However, although the baseline-initialized temporal U-Net detected a larger proportion
of early S pixels than the from-scratch model, its precision remained low. This means that the
model became more sensitive to early S, but also predicted early S too often.

4.3 Comparison with the single-frame baseline

When the original single-frame baseline was evaluated on the same temporal U-Net test center
frames, it performed better than the temporal U-Net models. For early S, the baseline reached a
much higher F1-score than the baseline-initialized temporal U-Net. This shows that, in the current
experimental setup, adding neighboring image frames as input did not improve early S detection.
This result does not necessarily mean that temporal information is not useful for this problem.
Instead, it suggests that the temporal information was not successfully used by the tested models.
The temporal U-Net may have been affected by the training setup, the class weighting, or the
limited three-frame input window. The low precision of the baseline-initialized temporal U-Net
suggests that the weighted loss may have encouraged the model to overpredict early S. Therefore,
the model detected more early S pixels, but at the cost of many false positives.

4.4 Limitations

There are several limitations to this study. First, the temporal label-based approaches depended on
the quality of the baseline predictions and the tracking procedure. If the baseline prediction was
already wrong, the temporal classifier only received this incorrect label as input. In addition, the
tracking method was based only on centroid distance and was designed for short temporal windows,
not for full cell-lineage reconstruction. This may have caused errors when cells moved, overlapped,
disappeared, or were segmented inconsistently across frames.
Second, the temporal U-Net experiments used only a short three-frame window. This may not have
been enough to capture the gradual progression into early S phase. A longer temporal window could
provide more context, but would also increase memory usage and make training more difficult.
Third, the temporal U-Net was evaluated at the pixel level, while the temporal label-based methods
were evaluated at the cell-instance level. These evaluation settings are useful for their respective
methods, but they make direct comparison between all experiments more difficult.
Finally, the comparison with the inherited baseline model is limited by the use of different data
splits. Because the baseline checkpoint was not retrained using the same split as the temporal
models, the baseline performance on the current temporal test frames may be overly optimistic.
This limits the strength of the conclusion that can be drawn from the direct baseline comparison.

4.5 Future work

Future work should first retrain the single-frame baseline using the same train, validation, and test
split as the temporal models. This would make it possible to compare the baseline and temporal
models under fully controlled conditions. In addition, temporal methods could be improved by
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using class probabilities instead of hard predicted labels, since probabilities preserve information
about uncertainty. This may be especially useful for early S, where cells may be ambiguous between
neighboring phases. Further experiments could also compare pixel-level and instance-level evaluation
more directly, since these metrics emphasize different aspects of performance.
Another possible direction for future work is to investigate the use of brightfield images. While this
thesis used only the Hoechst channel as input, brightfield microscopy can provide morphological
information that is useful for automated cell image analysis, such as cell outlines, shape, and
boundary structure [SRP+09]. This information may be complementary to the DNA-related signal
captured by Hoechst staining. Combining Hoechst and brightfield images as multimodal input could
therefore be a useful direction for distinguishing subtle transitional states such as early S phase,
especially when the Hoechst signal alone is ambiguous. This could be tested for both single-frame
models and temporal models.

Temporal architectures. For the image-based models, future work could explore architectures
that are designed more explicitly for sequential or spatiotemporal data. In this thesis, the temporal
U-Net used neighboring frames by stacking t− 1, t, and t+ 1 as input channels. This is a simple
way to provide temporal context, but it does not explicitly model how cell appearance changes over
time. A ConvLSTM-based model could be useful because ConvLSTM extends recurrent neural
networks with convolutional operations, allowing the model to preserve spatial information while
updating its representation over time [SCW+15]. With the current data, this could be implemented
by passing a sequence of Hoechst frames from the same imaging location through a convolutional
encoder and using the temporal representation to predict the segmentation mask of the center
frame.
Another option would be to use 3D convolutional models. 3D convolutional networks can learn
features across both spatial and temporal dimensions, which may help capture gradual changes in
nuclear appearance around the G1/S transition [TBF+15]. A segmentation-specific version of this
idea is 3D U-Net, which extends U-Net-style dense prediction to 3D inputs [ÇAL+16]. With the
current dataset, short clips such as five or seven consecutive Hoechst frames could be treated as a
small spatiotemporal volume, while the target mask remains the center timepoint.
Transformer-based temporal models could also be explored. Video transformer models such as
TimeSformer use self-attention over space and time, allowing the model to learn which spatial
regions and timepoints are most informative for the prediction [BWT21]. For early S detection,
this could help the model use frames before and after the transition more flexibly than a fixed
three-frame channel stack. However, transformer-based models usually require more data and
careful regularization, so they may need to be combined with pretrained image encoders or patch-
based training. Overall, these architectures could provide a more explicit way to model temporal
progression while still using the same Hoechst image sequences and FUCCI-derived ground-truth
masks available in the current dataset.

5 Conclusion

This thesis investigated whether temporal context could improve early S phase detection in Hoechst-
based cell-cycle segmentation. Early S phase is difficult to detect because it is rare, visually subtle,
and represents a transitional state between G1 and later S/G2/M. The main idea of this study
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was therefore that information from neighboring timepoints could provide additional context for
identifying early S more accurately than a single-frame prediction.
Several temporal approaches were tested. The temporal label-based methods used predicted class
labels from tracked cells at t− 1, t, and t+ 1, but performed almost identically to the center-frame
prediction. This suggests that hard predicted labels from neighboring frames did not contain
enough additional information to improve early S detection. A temporal U-Net trained from scratch
also performed poorly, especially for early S. Initializing the temporal U-Net from the trained
single-frame baseline improved performance compared with training from scratch, showing that the
baseline model provided useful Hoechst-based segmentation features.
However, the baseline-initialized temporal U-Net did not outperform the inherited single-frame
baseline on the same temporal test center frames. The temporal model became more sensitive to
early S, but also produced many false positive early S predictions, resulting in a lower F1-score
than the single-frame baseline. Therefore, the temporal approaches tested in this study did not
successfully improve early S detection over the existing baseline model.
Overall, these results show that temporal context is not automatically sufficient to improve Hoechst-
based cell-cycle segmentation. Temporal information may still be useful, but more careful model
design and evaluation are needed. Future work should retrain the single-frame baseline and temporal
models using the same data split, evaluate them on a fully independent test set, and explore temporal
methods that can better model changes over time.
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