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Abstract

Cell tracking is a challenging task in microscopic image analysis that enables the study of
cellular behaviors and interactions over time. It requires tracking hundreds of nearly indis-
tinguishable cells that move dynamically and may undergo growth or division, complicating
the tracking process. As a result, state-of-the-art cell tracking methods often rely on ground
truth segmentation mask-derived cell-level features, even during inference, which are typ-
ically unavailable in real-world application. In this work, we introduce CytoTracker, an
end-to-end framework for cell tracking that integrates three key modules: a cell detector, a
diffusion model-based motion prediction network, and a transformer-based association net-
work. Additionally, we developed the CytoEmbedding attention fusion block to effectively
extract cell-level features from images, improving tracking. Our method accurately detects
cells in each frame, predicts nonlinear motion, and robustly associates them across time,
even in the presence of cell division. Experimental results on microscopy datasets demon-
strate that CytoTracker achieves performance comparable to state-of-the-art approaches
that require ground truth masks during inference, without such costly segmentation mask
annotations.

Keywords: cell detection, lineage tracking, cell association, diffusion motion.

1. Introduction

Cell tracking is a challenging medical image analysis task, essential for studying cellular
behaviours, dynamics, and interactions over time. It plays a key role in diverse applications
ranging from developmental biology to cancer research. In cell tracking, the objective
is to track individual cell instances across frames in a microscopic video, where these cell
instances need to be associated across frames despite occurrences of cell division, migration,
and apoptosis. Cell tracking presents unique challenges due to the large number of similar-
looking cells exhibiting complex behaviours, including cell division and merging (see Fig. 1).
These challenges make developing robust and accurate cell tracking methods particularly
demanding. Similar to cell tracking in microscopy, multiple object tracking (MOT) in
natural images also aims to track multiple objects in a video. Existing MOT methods
for natural images have incorporated deep learning-based motion models, which can be
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Figure 1: Visualization of cell detection and tracking trajectories. Each cell is represented
with a unique ID, and its movement across frames is depicted by blue trajectory lines. Red
bounding boxes indicate detected cells, while green dots mark their current positions. A
notation such as 132, 0 represents a cell that has not undergone division, while 362, 127
indicates a cell that originated from parent cell 127 (Best viewed in Zoom).

broadly categorized into linear and non-linear motion estimation techniques. Linear models,
such as SORT (Bewley et al., 2016), DeepSORT (Wojke et al., 2017), ByteTrack (Zhang
et al., 2022), and OC-SORT (Cao et al., 2023), assume smooth motion within small time
intervals. Although these models achieve high-speed tracking, they lack the flexibility to
handle unpredictable cellular movements. On the other hand, non-linear motion prediction
techniques, such as tracking optical flow (Xiao et al., 2024), DiffTrack (Lv et al., 2024),
and transformer models (Cao et al., 2022; Gallusser and Weigert, 2024), can effectively
model complex motion dynamics in natural images. However, performing cell association
through these non-linear methods also remains a challenge due to frequent occlusions and
the presence of hundreds of cell divisions, making it difficult to accurately link new cells to
their parents. These challenges make adapting existing MOT methods for the cell tracking
problem particularly difficult.

Several cell tracking approaches have been proposed in the literature to address the
challenges related to the tracking/association of cell instances across video frames. For
example, integer programming-based lineage tracing (Magnusson et al., 2015) and graph-
based models (Ben-Haim and Raviv, 2022) have been developed by extracting handcrafted
features and manually tuning them. Similarly, the robustness of cell tracking was improved
in (Chen et al., 2020), while transformer-based tracking was leveraged in (Sun et al., 2020)
to effectively handle occlusions and long-term dependencies. However, these methods often
struggle to associate dividing cells (Zhang and Yang, 2023). Graph Neural Networks (GNNs)
(Moen et al., 2019; Ben-Haim and Raviv, 2022) refine object interactions but are restricted
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to local regions, unlike transformers, which enable all-to-all associations. Methods such
as (O’Connor et al., 2022) predict object masks for linking. Recently, the state-of-the-art
method Trackastra (Gallusser and Weigert, 2024) learns associations using cell-level features
extracted from manually labeled ground truth segmentation masks. However, these ground
truth masks are required by this model, even during inference.

In this work, we propose CytoTracker, which strives to address the limitations of exist-
ing cell tracking approaches, through an end-to-end cell tracking framework that integrates
detection, motion prediction, and association within a unified architecture. Specifically, our
CytoTracker employs YOLOX (Ge et al., 2021) for accurate frame-wise cell detection and
then utilizes a diffusion-based motion prediction to model non-linear cellular dynamics. Fur-
thermore, a transformer-based association network is introduced to learn temporal lineage
relationships across multiple frames, enabling robust tracking under complex motion pat-
terns and frequent cell divisions. We evaluate our framework on publicly available datasets,
including DeepCell (Moen et al., 2019) and CTC (Maska et al., 2023). The contributions
of our work are summarized as follows:

e We introduce CytoTracker, an end-to-end cell tracking framework that integrates
YOLOX-based detection, diffusion-based motion prediction, and transformer-based
association, effectively handling cell division, and long-term tracking.

e We develop CytoEmbedding, a feature fusion mechanism that incorporates spatial
and appearance features by combining image features with cell coordinates, enhancing
cell-level representation for improved tracking.

e We conduct extensive experimental evaluations on a diverse set of microscopy and nat-
ural image datasets, demonstrating state-of-the-art performance in both tracking and
association accuracy. Our method performs favourably compared to the state-of-the-
art Trackastra (Gallusser and Weigert, 2024), which requires ground truth masks for
each frame, even during inference, while our method does not require such expensive
annotations

2. Methodology

Our approach consists of three main components: (1) cell detection, (2) non-linear motion
prediction, and (3) cell association as shown in the figure 2.

2.1. Cell Detection

Cell detection is treated as a single-class object detection problem using YOLOX (Ge
et al., 2021). For each frame I; € RH*W>3 the model outputs bounding boxes B; =
{b1,ba,...,bn}, where each box is represented as b; = (x;, y;, w;, hi, ¢;), with (x;,y;) being
the top-left corner coordinates, w;, h; as width and height, and ¢; as the confidence score.

2.2. Non-linear Motion Prediction Using Diffusion Model

Given an object trajectory T'= {Bi,..., By,..., By}, where each bounding box at frame
f is represented as By = (x¢,ys,wy, hy), the object motion My is defined as:

Mf = Bf — Bf_l = (A:rf,Ayf,Awf,Ahf)
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Figure 2: On Left: The overall architecture of the proposed CytoTracker, which comprises
detection, diffusion-based motion prediction, and association modules. First, we obtain
the cell coordinates at the frame level in microscopy videos using a pre-trained YOLOX
detector. Next, we introduce a diffusion model to predict cell motion over a short temporal
window, which is used to estimate the cell’s position in the next frame and guide the cell
association. Finally, cell association begins with the CytoEmbedding, which takes estimated
cell positions and frame-level image features as input. Then, pairwise associations between
cells across frames are performed using an encoder-decoder attention. A candidate graph is
then constructed by averaging associations over a sliding window, and the final tracking is
refined using either a greedy algorithm or discrete optimization (Kuhn, 1955). On Right:
The CytoEmbedding extracts image features using a self-supervised pre-trained Hiera (Ryali
et al., 2023) model to enhance association learning. This provides image-based, cell-level
information through feature fusion.

We model My using a diffusion process, which consists of two sub-processes: data-to-zero
forward noising process and zero-to-noise backward denoising process.
Forward Process: The data-to-zero process attenuates the clean motion data My to zero
over time ¢ € [0, 1], defined as:

Dy =Mpo+t-c

where ¢ = — My ensures that Dy = 0.
Backward process: Simultaneously, the zero-to-noise process adds Gaussian noise to the
zero data, increasing it to pure noise at ¢t = 1:

Wf7t = \/iZ

where z ~ N(0,1) is sampled from a normal distribution.
Combined Forward Process: The noisy motion data My; at time ¢ is computed as:

Mypy=Dysy+Wyy=Mpo+t-c+ itz

At t = 1, the clean motion data has been fully converted into noise, allowing the reverse
diffusion process to predict the future motion of each object.
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Bounding Box Prediction The predicted motion My is used to update the bounding box
in frame f, which is then passed to the cell association module.

By =By 1+ My = (:Ef,1 +Axp,yp1 + Ayp, wy_1 +Awyp, hy_g + Ahf)

2.3. Association Module

Inspired by Trackastra (Gallusser and Weigert, 2024), we employ a transformer-based as-
sociation module to improve cell tracking across frames as shown in the Figure 2. For each
pair of consecutive frames, we extract an association matrix A = [A;;], where A;; represents
the probability of associating cell ¢ in frame f — 1 with cell j in frame f. Unlike Trackastra,
our model is trained using bounding box crops and hiera (Ryali et al., 2023) image encoder.
Input Acquisition. We acquire input data, consisting of high-resolution time-lapse mi-
croscopy videos capturing dynamic cell behavior and cell detections. The raw image se-
quences provide detailed visual information of the cells over time, while the bounding boxes
(coord.) from the detection module define regions of interest in each frame.
CytoEmbedding. The pipeline of the CytoEmbedding is illustrated in Figure 2. This
module fuses spatial, temporal, and contextual image features to create unified cell repre-
sentations for tracking. Input images are first processed by a pre-trained image encoder
to extract features. Cell coordinates p; are normalized by removing temporal offsets and
embedded using a positional encoder, while optional cell features z; are concatenated with
positional embeddings. An attention mechanism aligns cell features with image features,
generating context vectors through weighted summation. These context vectors are fused
with the cell features, projected to a lower-dimensional space, and normalized, producing
the final unified representation. This enables robust tracking by capturing complex spatial
and temporal relationships.

To represent each object effectively, tokens x; are constructed by applying Fourier Posi-

tional Encodings (©) to position features p;. These encodings are concatenated with shape
descriptors z; and projected using a linear transformation x; = Wiy, - concat(O(p;), ;).
This unifies both spatial and morphological cell-level information.
Encoder-decoder architecture. The encoder processes tokens x; through self-attention
layers A?(X, X, X), incorporating Rotary Positional Embeddings (RoPE) (Su et al., 2024)
to capture relative spatial and temporal relationships. This produces contextualized repre-
sentations Y. The decoder refines tokens by applying cross-attention layers Ag(X,Y,Y)
between the input tokens X and the encoder output Y. The resulting refined representa-
tions Z are further processed by multi-layer perceptrons (MLPs).

Finally, the association logits A, representing the likelihood of associations between

objects, are computed as the outer product of the outputs: A = MLP(Y) ® MLP(Z),
where A captures both spatial and temporal dependencies critical for association tasks.
This pipeline ensures efficient and accurate cell tracking by leveraging both learned features
and positional relationships.
Association Normalization. We normalize the association logits using a specialized
Parental Softmax function (®) (Gallusser and Weigert, 2024), ensuring that the sum of
association probabilities for each object does not exceed one. This normalization enforces
biological constraints, such as a cell not being associated with multiple parent cells simul-
taneously.
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We train the model using a weighted binary cross-entropy loss function. This loss

prioritizes associations involving dividing cells and track continuations, which are critical
for accurate cell lineage tracking. By weighting these associations more heavily, the model
enhances its accuracy and robustness in capturing complex cellular behaviors.
Inference and Linking. To generate global tracking results, we first perform sliding
window averaging, where predictions from overlapping temporal windows are averaged to
obtain global association scores a;;. We then construct a candidate graph where nodes
represent objects and edges represent potential associations, discarding edges with low scores
to reduce noise. Finally, we apply linking algorithms to derive the final tracks. This involves
methods such as Greedy Linking, which iteratively adds the most probable edges while
satisfying biological constraints; Linear Assignment Problem (LAP) (Fukai and Kawaguchi,
2023; Jagaman et al., 2008), which solves an optimization problem to find globally optimal
associations; or Integer Linear Programming (ILP) (Gallusser and Weigert, 2024; Malin-
Mayor et al., 2023), which enforces stricter constraints to ensure optimal solutions. The
final output is a set of cell tracks, representing the trajectories of individual cells over time.
These tracks account for cell divisions and migration, providing a comprehensive view of
cell behavior in the microscopy videos.

3. Experiments

Experimental Details. CytoTracker is trained in three stages using a single NVIDIA
A100 40GB GPU. First, we train YOLOX (Ge et al., 2021) for cell detection. The detected
cell positions are then used to train a diffusion model for motion prediction. Finally, we train
the association module to link cell instances across frames. For training, we set the window
size to 4, the embedding dimension to 768, and the number of encoder and decoder attention
layers to 6. The model processes a maximum of 1024 tokens per window, constraining the
total number of cells, and is trained with a batch size of 4.

Evaluation Metrics. We evaluate our cell tracking method using False Positives (FP)
and False Negatives (FN) to measure incorrect and missed associations. Acyclic Oriented
Graph Matching (AOGM) (Matula et al., 2015) quantifies the operations needed to trans-
form the predicted graph into the ground truth. Tracking Accuracy (TRA) normalizes
AOGM relative to an empty graph, ensuring a standardized comparison. Furthermore, As-
sociation Accuracy (Asso Acc) (Hayashida et al., 2020) assesses the correctness of object
associations across frames (Matula et al., 2015). For natural image object detection, we use
HOTA, IDF1, AssA, MOTA, and DetA, which measure tracking accuracy, identity preserva-
tion, association correctness, and detection performance (Bernardin and Stiefelhagen, 2008;
Luiten et al., 2021).

3.1. Results and Analysis

Performance on DeepCell Dataset. Table 1 presents a comparative analysis of state-
of-the-art tracking methods on the DeepCell dataset. Our proposed method, CytoTracker,
achieves the second-best overall performance, with an AOGM score of 6.4 and a perfect
TRA of 1.000. While Trackastra-General (Gallusser and Weigert, 2024) (ILP) achieves
the lowest AOGM score (5.8), it requires cell segmentation information during inference.
In contrast, CytoTracker operates directly on microscopy images, eliminating the need for
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segmentation masks during inference, making it more practical for real-world applications.
Furthermore, CytoTracker outperforms most baselines in division tracking, achieving a Div

Table 1: Performance comparison of various tracking methods on the DeepCell dataset.

Model Linear optim AOGM | TRA 1 Division F11T Asso Acc?
Baxter (Magnusson et al., 2015) Greedy - 0.997 0.72 1.00
CellTrackerGNN (Ben-Haim and Raviv, 2022)  Greedy 128.3 0.999 0.18 0.93
Caliban (Moen et al., 2019) LAP 18.1 1.000 0.97 0.99
Trackastra Greedy 12.2 1.000 0.90 1.00
Trackastra ILP 7.9 1.000 0.94 1.00
Trackastra-General Greedy 7.4 1.000 0.96 1.00
Trackastra-General ILP 5.8 1.000 0.94 1.00
CytoTracker (Ours) ILP 6.4 1.000 0.96 1.00

F1 score of 0.96, which is on par with Trackastra-General (Greedy) and superior to other
competing methods. Additionally, CytoTracker attains an Association Accuracy (AA) of
1.00, matching the highest-performing models. This highlights its robustness in maintaining
accurate cell identities across frames, ensuring reliable long-term tracking.

Baseline on MOT tasks. Table 2 presents a comparative analysis of various multi-
object tracking (MOT) methods on the DanceTrack dataset. Among the existing methods,
DiffMOT achieves the best overall performance, attaining the highest HOTA (62.3), IDF1
(63.0), and AssA (47.2), along with strong MOTA (92.8) and DetA (82.5) scores. This high-
lights the effectiveness of diffusion-based motion prediction in multi-object tracking tasks.
Our proposed method, CytoTracker, matches Diff MOT in HOTA (62.3) but outperforms it
in IDF1 (63.2) and Ass Acc (48.7), demonstrating superior tracking association accuracy.
This improvement is attributed to our transformer-based association module, which effec-
tively captures long-range dependencies between objects, leading to more reliable tracklet
associations. Additionally, CytoTracker achieves the highest MOTA (93.0) while maintain-
ing a DetA of 82.5, further reinforcing its robustness in maintaining object identities over
time.

Table 3: AOGM scores for different fea-

Table 2: Performance comparison of various o )
ture combinations and linkage.

tracking methods on the DanceTrack dataset.

Coord. Image Motion Cell Feat. Linkage AOGM |

Method HOTA + IDF1{ AssA T MOTA 1 DetA 1

v X X X Greedy 87.9
ByteTrack (Zhang et al., 2022) 47.3 52.5 31.4 89.5 716 X v X x Greedy — 213.4
OC-SORT (Cao et al., 2023) 55.1 54.2 38.0 89.4 80.3 v v X X Greedy 12.1
DeepOC-SORT (Maggiolino et al., 2023) 61.3 61.5 45.8 92.3 82.2 v X X v Greedy 11.9
DiffMOT (Lv et al., 2024) 62.3 63.0 47.2 92.8 82.5 v v v X Greedy 11.9
CytoTracker (Ours) 62.3 63.2 48.7 93.0 82.5 v v v X ILP 6.4

v v v v ILP 4.9

The Role of Rich Feature Combinations: Table 3 presents an ablation study exploring
the impact of various feature combinations and linkage methods (greedy vs. ILP) on AOGM
scores. Using only spatial coordinates (coord.) with the greedy linkage results in a high
AOGM score of 87.9. Incorporating additional features such as image and motion (coord.
+ image feat. + motion) significantly reduces the AOGM score to 11.9 with the greedy
method and to 5.2 when using the ILP method.

Impact of ID Switches and Discovered Objects in MPOT Task: The qualitative re-
sults, shown in Figure 3 for CTC challegning dataset Fluo-N2DL-HeLa (Maska et al., 2023),
highlight the challenges of non-linear motion tracking and association in the MOT task. A
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Figure 4: Visualization of image features for fusion with coordinates. The features are
extracted using the Hiera encoder and visualized through aggregation, as well as PCA on
two-stages (PCA1 and PCA2) for key feature.

key observation is the increasing number of cell IDs, which is attributed to memory limita-
tions during tracking. This results in frequent ID switches, where a single cell is mistakenly
assigned multiple IDs over time, disrupting the continuity of tracking. Furthermore, the re-
sults indicate an increase in the number of newly discovered objects, particularly in scenarios
with complex non-linear motion. While this reflects the model’s ability to identify previ-
ously undetected cells, it also suggests difficulties in consistently associating objects across
frames. These challenges emphasize the critical role of the tracking association module,
which ensures accurate object linking across frames, even in complex and occlusion-heavy
scenarios.

Image Feature Visualization for Fusion: The visualization of image features from CTC
Fluo-N2DH-GOWT1 (Maska et al., 2023) (as shown in the Figure 4 for fusion with coordi-
nates demonstrates the effectiveness of the Hiera encoder in extracting meaningful represen-
tations. These features are aggregated and subjected to a two-stage Principal Component
Analysis (PCA1 and PCA2), highlighting key components that encapsulate critical infor-
mation. The resulting features can be interpreted as cell-level features, where the intensity
of components corresponds to specific cell information. This approach allows for capturing
spatial and morphological details at a granular level, making the extracted features highly
relevant for tasks like segmentation and tracking. The qualitative results showcase the abil-
ity of these features to encode cell-specific information effectively, reinforcing their utility
in downstream tasks.

4. Conclusion

CytoTracker provides a robust foundation, augmented with domain-specific adaptations and
significant advancements in association mechanisms and motion modeling. CytoTracker
holds the potential to establish a new benchmark for tracking dividing objects in both
biological and non-biological domains. Future work will focus on scaling the model to
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encompass a wider range of datasets and applications, further enhancing its robustness,
adaptability, and practical utility for researchers and practitioners alike.
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