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Abstract—Cell tracking and motility analysis are
essential for understanding multicellular processes,
automated quantification in biomedical experiments, and
medical diagnosis and treatment. However, manual tracking
is labor-intensive, tedious, and prone to selection bias and
errors. Building upon our previous work, we propose a
new deep learning-based method, EDNet, for cell detection,
tracking, and motility analysis that is more robust to shape
across different cell lines, and models cell lineage and
proliferation. EDNet uses an ensemble approach for 2D cell
detection that is deep-architecture-agnostic and achieves
state-of-the-art performance surpassing single-model
YOLO and FasterRCNN convolutional neural networks.
EDNet detections are used in our M2Track multiobject
tracking algorithm for tracking cells, detecting cell mitosis
(cell division) events, and cell lineage graphs. Our methods
produce state-of-the-art performance on the Cell Tracking
and Mitosis (CTMCv1) dataset with a Multiple Object
Tracking Accuracy (MOTA) score of 50.6% and tracking
lineage graph edit (TRA) score of 52.5%. Additionally, we
compare our detection and tracking methods to human
performance on external data in studying the motility
of muscle stem cells with different physiological and
molecular stimuli. We believe that our method has the
potential to improve the accuracy and efficiency of cell
tracking and motility analysis. This could lead to significant
advances in biomedical research and medical diagnosis.
Our code is made publicly available on GitHub.

Index Terms—Cell tracking, deep learning, detection, en-
semble, multiobject tracking, deformable object tracking.

Impact Statement— This work provides a robust state-of-
the-art framework for the automatic detection and tracking

Manuscript received 4 January 2023; revised 10 April 2023 and 13
June 2023; accepted 13 June 2023. Date of publication 21 June 2023;
date of current version 11 June 2024. This work was supported in part
by the U.S. NIH National Institute of Neurological Disorders and Stroke
under Grant R01NS110915, in part by the U.S. Army Research Labo-
ratory project under Grant W911NF-18-20285 to KP, and in part by the
NIH National Institute of Arthritis and Musculoskeletal Diseases under
Grant AR062836 to DDWC. The review of this paper was arranged by
Editor Y. Zhang. (Corresponding author: Kannappan Palaniappan.)

Imad Eddine Toubal, Noor Al-Shakarji, and Kannappan Palaniap-
pan are with the Department of Electrical Engineering and Computer
Science, University of Missouri, Columbia, MO 65211 USA (e-mail:
itdfh@umsystem.edu; nmahyd@mail.missouri.edu; pal@missouri.edu).

D. D. W. Cornelison is with Christopher S. Bond Life Sciences Cen-
ter, University of Missouri, Columbia, MO 65211 USA (e-mail: cor-
nelisond@missouri.edu).

This article has supplementary downloadable material available at
https://doi.org/10.1109/OJEMB.2023.3288470, provided by the authors.

Digital Object Identifier 10.1109/OJEMB.2023.3288470

of cell image sequences. This enables a more accurate
computation analysis for quantifying cell behaviors includ-
ing proliferation, interaction, and motility to draw biological
conclusions.

I. INTRODUCTION

EXPERIMENTS with live-cell imaging have provided a fas-
cinating glimpse into the behavior of biological systems.

Despite the fact that these trials can yield huge volumes of data,
it is difficult to analyze these datasets computationally. Cells
must be precisely detected in each image and then tracked over
time in order to comprehensively capture the temporal evolution
of cellular phenotypes. A robust cell tracking system should be
able to track cells that are partially overlapping or touching in
addition to well-separated cells, and should be able to identify
and quantify potential heterogeneity among the cell population.
Early work on cell tracking uses classical unsupervised methods
to detect or segment cells [11], [12], [53], [54]. In order to exploit
abundant cell imaging data to train deep learning models, data
often needs to be annotated by experts. Hence, the difficulty of
automatically performing single and multi-cell analysis.

In theory, given enough data, deep neural networks are able
to achieve human-like performance on numerous vision tasks.
This has been proven in natural images with the developments
of massive and carefully annotated vision datasets [30], [34].
However, lack of large annotated biomedical datasets introduces
challenges in advancing the research in generalized models for
medical vision tasks. Numerous attempts for creating large-scale
microscopy image data for cells have been made. The Cell
Tracking Challenge (CTC) [46], [67] offers a dataset of differ-
ent cell lines using different imaging modalities. This dataset
offers “Gold Truth” annotations that are manually made by
experts for a subsample of images; and “Silver Truth” that is
semi-automatically generated and less reliable but provided for
all images. CTC provides two benchmarks: Segmentation and
Tracking; this means that exact instance segmentation masks are
provided. In contrast, the CTMCv1 dataset [3] provides fully
manual annotations in the format of bounding boxes that are
persistently tracked over time. Additionally, CTMCv1 dataset
features a single imaging modality with different cell lines.
Despite the large scale of these datasets, the low diversity in
data (in comparison with natural images) causes overfitting when
training complex deep networks.
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Fig. 1. Three different cell line DIC video microscopy examples show-
ing variability in cell appearance, number, density and shape. Each
column shows temporal cell tracking with colored bounding boxes and
cell IDs for Frame 0 (Row 1), 100 (Row 2), and 200 (Row 3). The range
in complexity varies from: (a) MDOK (Col 1) an easy sequence with few
cells to detect and track; (b) BPAE (Col 2) a difficult sequence with many
smaller cells at high density; and (c) APM (Col 3) a difficult sequence
due to large shape deformation, though few cells. Mitosis or cell division
events are identified and handled during tracking by passing the parent
ID to one of the daughter and sibling cells as shown in MDOK-run01
(Col 1).

Several cell tracking methods have been proposed in the
literature. The task of tracking is often composed of two sub-
tasks: (a) detection [3] or segmentation [4], [27], [48], [59],
[67] and (b) tracking [3], [4], [62], [67]. Ever since U-Net
made a breakthrough in biomedical image segmentation [59],
deep learning has been adopted as the most prominent method
in both detection and segmentation. Most methods used in
cell tracking can fall into the following two categories: (i)
tracking-by-detection either using graph-based tracking [15],
[17], [61], label propagation using overlap or distance [9], or
nearest neighbor linking [45]; (ii) tracking-by-model evolution
which includes an initialization step to locate the cells of interest
on the first frame followed by a per cell model evolution in
time by using deformable models such as active contours [19]
or level sets [23], [24]. The baseline method on the CTMC
dataset uses FasterRCNN [57] for detection and Tracktor [6]
or DeepSORT [72] for tracking.

Tracking-by-detection [4], [38], [44], [55] is the most popular
approach for automatic cell tracking. This method needs to
associate pre-located cells from either segmentation [32], [38],
[50] or detection [14], [66] approaches. The association process
links the detected cells in time to produce cell trajectories.
Tracking-by-detection can be implemented in two ways: (i)
online (short-term) by associating and linking detections and
tracks between consecutive frames [36]; or (ii) offline (long-
term) tracking that uses information from the complete sequence
of in the time-lapse [43]. Online tracking tends to be sensitive
to detection errors, producing short, fragmented trajectories.
An offline tracker often produces longer and more reliable
trajectories but is more computationally expensive.

TABLE I
STATISTIC OF EACH CELL LINE IN THE CTMCV1 DATASET

The contribution of this article is a detection and tracking
framework that produces state-of-the-art performance on cell
tracking on the CTMCv1 dataset. Our framework can be sum-
marized in two-fold:

� First, we introduce a Model-Agnostic Detection Ensemble
method that shows great robustness to over-fitting, and
test our method using the YOLOv3 architecture as a base
model;

� Second, we employ a robust tracking algorithm (M2Track)
to link cell detections and track cell lineage.

II. RELATED WORK

A. Scale-Invariant Feature Transform for Cell
Tracking

Some earlier work on tracking cells in DIC time-lapse
videos uses classical feature-matching methods. [28] used Scale-
Invariant Feature Transform (SIFT) to detect key points inside
the cells in each frame. The tracking of the SIFT feature points
along succeeding frames of cell sequences is proposed utilizing
a structural locality preservation (SLP) approach based on the
Laplacian Eigenmap. This approach is completely unsupervised,
thus reducing any human labor associated with annotating cells.
However, this approach is only able to correctly match cells
around 30% of the time on BPAE, MDBK, U2OS, APM, 3T3,
Pl1Tu cell lines. Furthermore, this method does not provide
explicit mitosis detection or lineage tracking.

B. The Cell Tracking Challenge

The Cell Tracking Challenge [46], [67] is a benchmark for
segmenting and tracking moving cells in time-lapse video se-
quences. The challenge provides public datasets consisting of
2D and 3D microscopy videos of a wide range of cell lines
imaged in different modalities. The quality of sequences vary
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Fig. 2. Three sample frames from the training set of CTMCv1 for each of fourteen cell lines. The first two frames are taken at different time-frames
from a single video sequence while the third frame is from a different sequence of the same cell type. Each cell line is given a numerical id
i ∈ {1, 2, . . ., 14} so they can be easily identified. For cell line A-549, a single sequence for training is provided, hence, only two frames are shown
from that sequence. The full name and cell type associated with each cell line is provided in the Supplementary Materials.

Fig. 3. A box plot showing the distribution of the number of cells per
frame for each of the videos in each of the 14 cell lines in the public
CTMCv1 video microscopy dataset. The box plot does not show the
outlier cell counts for clarity; the upper and lower tick mark range is 5%
to 95% in matplotlib.

due to difference in spatial and temporal resolution, noise levels,
etc.

For the DIC-Hela1 sequences in the Cell Tracking Challenge,
the state-of-the-art method (user MU-Lux-CZ [41]) uses
a pipeline that consists of pre-processing, segmentation,
post-processing, and tracking. Pre-processing steps include
histogram equalization or median normalization. For
segmentation, a U-Net was trained to predict binary cell

1Details on DIC-HeLa dataset are reported in the Cell Tracking Challenge
website http://celltrackingchallenge.net/2d-datasets/

masks as well as cell markers. The cell markers are generated
from the ground truth cell masks by eroding each cell. A
pixel-wise weighted loss function is employed during training
where pixels closer to cells are assigned higher weights. In the
post-processing step, a watershed algorithm is used to transform
output markers and masks into an instance segmentation map.

Interestingly, the tracking algorithm is rather simple: for each
frame, if a cell has an overlap of at least 15% with a cell in the
previous frame, the ID from the previous frame is then carried
to the cell in the current frame. If two cells satisfy the overlap
threshold, both cells are assigned new cells and are considered
daughter cells. Cells that do not satisfy the overlap threshold are
assigned new IDs.

C. Dual-Stream Marker-Guided Network (DMNet)

DMNet [4] proposes a cell segmentation tracking algorithm
for DIC sequences in CTC among other cell lines and imaging
modalities. DMNet solves the problem of semantic segmentation
using a dual-stream segmentation network. Their architecture
concurrently generates a binary semantic segmentation of the
cells and a marker mask for cell centroids. The marker mask
provides sufficient cell separability to apply a connected com-
ponents algorithm to mark each cell with a unique identifier. A
watershed algorithm is then applied on the marker mask and
cell mask to create a full instance segmentation mask. This
method uses a complex deep architecture HRNet [69], therefore
requiring more data size and diversity with accurate cell outline

http://celltrackingchallenge.net/2d-datasets/
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Fig. 4. Notable imperfections on the CTMC dataset ground-truth. Al-
though the dataset provides mostly perfect ground truth. There are
inconsistencies regarding cells around edges where they are sometimes
annotated and sometimes not. A number of cell detections were missing
in a few frames (CV-1-run03, cell id 4). The bounding box of some large
cells sometimes fully or partially contains/encloses other cells. This is a
limitation of using bounding box annotations which is faster but makes
training difficult in comparison to instance segmentation.

annotation that is currently severely limited publicly in the DIC
imaging space.

D. Mainstream Deep Tracking Algorithms

Up until the rise of deep learning, tracking has been pre-
dominantly approached using a variety of linear assignment
algorithms such as the Hungarian algorithm [31]. Multi-object
tracking was achieved by solving for two-frame assignment that
minimizes a cost matrix. The cost is computed using spatial fea-
tures (i.e., bounding box intersection over union (IoU), distance
between centroids, etc.) and/or appearance features. Appearance
features in the classical literature consisted of unsupervised
hand-crafted features such as SIFT [37], SURF [5], ORB [60],
DCT [20] or others. Alternatively, learned features can be used
for appearance-based tracking [6], [52], [72]. The Multi-Domain
Network (MDNet) [52] is one of the earlier works on Deep

TABLE II
CHARACTERISTICS OF THE CTMCV1 VIDEOS FOR CELL TRACKING AND

MITOSIS CHALLENGE BENCHMARK ACROSS DIFFERENT CELL LINES
AND CELL CYCLE DYNAMICS

tracking and was motivated by the success of Convolutional
Neural Networks (CNNs) in many vision domains. MDNet em-
ploys a simple CNN backbone for general visual representation,
followed by a domain-specific layer for classification. Multi-
domain learning is applied online during tracking for each se-
quence to adapt to the new video. Deep Simple Online and Real-
time Tracking (DeepSORT) [72] works differently in that it uses
learned appearance features to track multiple objects. To achieve
this, a discriminator is trained offline for visual recognition. The
network is suited for tracking context because it was trained on
a sizable person re-identification dataset. For tracking, it uses
the classic Hungarian algorithm for association considering a
cost matrix derived from the appearance features. Tracktor [6]
(tracked without bells and whistles) is fundamentally differ-
ent than linear assignment methods. Tracktor turns a detector
into a tracker using the bounding box regression of an object
detector to predict the position of that object in the following
frame.

E. Ensemble Methods for Computer Vision

Ensemble methods aim to combine the predictions of multiple
individual models to achieve better results than any single model
alone [70]. Ensemble methods in deep learning, particularly
in computer vision tasks such as classification, segmentation,
and detection, have proven to be highly effective in improving
overall performance and robustness [30]. In classification tasks,
ensemble methods can be employed by training multiple deep
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Fig. 5. General overview of the proposed ensemble detection network (EDNet). k detection sets Di are generated from k detection models
trained on different subsets of the training dataset (k = 4 in the diagram shown). These sets are pooled together in a single set D, then grouped
together such that for each pair of detections in the same group di, dj ∈ Gk, IoU(di, dj) > 0.5. Groups with fewer detections than half the number
of models (i.e., 2) are discarded. The remaining groups are coalesced into a single detection by picking the detection with the highest confidence
score.

neural networks with different initializations or architectures
and then combining their predictions through voting or aver-
aging [30] or more sophisticated methods like boosting [42].
This approach helps mitigate overfitting and reduces the impact
of model biases. For image segmentation, ensemble methods
can be applied by training multiple models on different sub-
sets of the training data or using different architectures, and
combining their predictions either by averaging the pixel-wise
probabilities or by integrating the outputs using methods like
conditional random fields [73]. In object detection, ensembles
can be constructed by training multiple detection models, each
with its own set of parameters or network architectures, and
combining their outputs to improve both accuracy and robust-
ness [13]. These ensemble methods leverage the diversity of
multiple models to enhance performance, increase generaliza-
tion capability, and address the inherent uncertainties and com-
plexities of computer vision tasks. Although ensemble methods
significantly increase computational cost, there has been ongo-
ing research in improving their performance using multistage
filtering [70].

III. DATASETS

A. Cell Tracking and Mitosis Challenge (CTMC)
Dataset

CTMCv1 dataset introduces a human-annotated live-cell
video larger and more diverse than prior cell tracking datasets.
The dataset consists of 86 live-cell imaging videos that represent
14 different cell lines of various shapes and sizes, with each
cell annotated using a bounding box. Table II summarizes the
statistics of the dataset and Fig. 2 shows examples of each
cell line in the given data. Fig. 4 shows challenges associated
with annotating this dataset by human annotators. Additionally,
Fig. 3 is provided to show the cell count distribution across
different cell lines; and Table I shows statistics of the number of
frames for different sequences in each cell line. This dataset
is part of the Multi-Cell Tracking with Mitosis Challenge.
The CTMCv1 dataset poses different challenges. Namely, low

TABLE III
NUMBER OF TOTAL CELLS, AVERAGE CELLS PER FRAME, AND NUMBER OF

MITOSIS EVENTS FOR BOTH SEQUENCES IN THE MSC DATASET

contrast, low resolution (400× 320) pixels, unclear cell edges,
and MPEG compression artifacts. Additionally, each cell line
provides an average of two sequences, both of which contain
a significant number of similar frames. This proposes a poorly
distributed dataset despite its large scale, which, in turn, is a
major cause of model over-fitting. Additional tracking chal-
lenges are caused by cell overlapping and cell mitosis (cell
division) events. Ideally, the two resulting cells should have
two new distinct labels that point to their parent cell. Alter-
natively, this is sometimes handled by passing the parent ID
to one of the two daughter cells (our approach), or simply left
unhandled.

B. Muscle Stem Cell (MSC) Brightfield Microscopy
Videos

In order to evaluate the generalization and transfer learn-
ing performance of the proposed EDNet we use two live cell
brightfield microscopy videos of skeletal muscle stem cells (also
known as muscle satellite cells) [16], [40], [63]. These muscle
stem cell (MSC) videos for external evaluation are from a dif-
ferent cell type and different imaging modality compared to the
CTMC dataset. The MSC live cell imaging data were collected as
part of an experiment to identify protein components in crushed
muscle extract (CME) that are motogenic and/or chemotactic for
satellite cells [47]; CME is a complex mixture of proteins and is a
well-recognized physiological stimulus for these activities [8].
In this work, we use a total of 6 videos collected from two
different wells. Each well contains 3 videos that correspond to 3
different fields. The first well features muscle stem cells grown in
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minimal media (MSC-MM), while the second well contains the
same type of cells grown in minimal media supplemented with
Crushed Muscle Extract (MSC-CME). We, therefore, refer to the
6 videos as: MM1.1, MM1.2, and MM1.3 for the different fields
in the MM well; and CME1.1, CME1.2, and CME1.3 for the
different fields in the CME well. Each timelapse video was im-
aged at 5-minute intervals for 12 hours for a total of 145 frames.
It should be noted that both sequences contain both viable and
dead cells throughout the entire sequence or part of the sequence.
CME well is expected to contain a greater number of cells, owing
to the better cell growth environment provided by the media
compared to MM. Healthy cells typically exhibit halos, smooth
boundaries, regular appearance, and motion, while dead cells
may display an irregular and rough appearance, a bumpy surface,
lack of motion, or may get swept up by motile live cells. The
initial and emerging heterogeneity among the primary cells in
both viability and motility highlights challenges in detection and
segmentation as well as opportunities for identifying biological
relevance in investigator-supplied datasets.

Two of the MSC sequences (MSC-MM1.1 and MSC-
CME1.1) were annotated using v7Labs2 where a bounding box
was manually marked for each cell in every frame of the video.
Table III summarizes statistics associated with the two labeled
sequences of this dataset. The exact cell boundary (instance seg-
mentation mask) was automatically extracted using the bound-
ing box input and an object-agnostic segmentation model [26].
Fig. 6 shows an example annotated sequence (MSC-CME1.1)
and highlights the differences in zoom level, resolution, and illu-
mination, compared to the CTMC dataset the task of predicting
cells in this environment can be challenging when training using
CTMCv1 dataset that has vastly different properties.

Additionally, for each of the 6 videos centroids for 4-5 cells
were tracked manually by a human annotator in order to quantify
cell motility between the different experiments (MM vs. CME).

IV. METHODS

We describe our method as two-fold. Given a sequence of im-
ages, we first detect cells in each frame independently. Second,
we track the cells by linking ids of the same cell in time using
spatial queues.

A. Deep Detection Network

1) Architecture: Prior to YOLOv3, advancements of this
mainstream detection network have been focused on neural
architectures. YOLOv4 [10] is the first YOLO architecture
that was proposed by other than the original YOLO author (J.
Redmon). YOLOv4’s incremental improvement on the mAP
score on the MS COCO dataset [34] is attributed to data
augmentation and training techniques “bag of freebies” rather
than architecture improvements. Minor architecture develop-
ments have also been introduced with YOLOv4 (Weighted-
Residual-Connections (WRC), Cross-Stage-Partial-connections
(CSP), Cross Mini-Batch Normalization (CmBN), and Mish-
activation). YOLOv7 [68] built upon YOLOv4 and focused

2v7Labs Darwin tool: https://darwin.v7labs.com

Fig. 6. A sample frame from the MSC-CME1.1 sequence showing
manual cell segmentation masks. We show inset views near the white
arrowhead over three time steps (Frames 60, 63, 72). Cells may die
during the experiment but retain their shape and these apoptetic cells
would need to be filtered out for velocity estimation. For example, Cell
204 is a dead cell but has some motion due to cell 198 sweeping it along
as it moves.

on improving inference speed while maintaining a competitive
performance on MS-COCO [34]. In our experiments, we fo-
cus on comparing the neural architectures of these different
iterations of models without changing the training methods.
Therefore, better performance in newer architectures is not
guaranteed over YOLOv3. After an ablation study on different
architectures of YOLO [10], [56], [68] (Table V). We adopt
an off-the-shelf YOLOv3 [56] and apply it to our frame-
work (EDNet-YOLOv3). Our proposed methods for training
a generalized detection and tracking pipeline are applicable
to any detection method. Thus, this work is orthogonal to
research in deep detection networks. Similar to the Single-
Shot Detector (SSD) network [35], YOLO is trained to per-
form classification and bounding box regression simultaneously
(unlike other detection networks such as R-CNN [22] and
Fast R-CNN [21]). This enables YOLOv3 to run inference in
real-time.

2) Training Configuration: The utilized YOLOv3 model
is initialized with pretrained weights from the ImageNet [30]
dataset. The final prediction layer is modified for a single “cell”
class, therefore it is initialized randomly using Kaiming He ini-
tialization [25]. During training, we minimize a sum of squared
error loss function for bounding box regression, and a cross
entropy loss for bounding box confidence. All training in this
work uses the same hyper-parameters: mini-batch size of 48, an
input resolution of 416× 416, a learning rate of 10−3. We allow
the training to run for a maximum of 500,000 iterations and we
multiply the learning rate by 0.1 at step 400,000 and once more
at step 450,000.

https://darwin.v7labs.com
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B. Training for Generalization

Like most deep tracking network architectures, YOLOv3
is quite complex and requires extensive and well-distributed
datasets to train. As such, deep detectors can easily fit the
CTMCv1 data. Hence, we introduce a cross-cell-type validation
method. We train 14 folds; in each fold, we leave one cell
line out for validation and train on the remaining 13 cell lines.
By excluding a whole cell line from training and using it for
validation, we train our base models to generalize to new cell
lines. Furthermore, to address the limited size of the data, we
apply random online augmentation during training. The utilized
image augmentation techniques include random rotation, flip-
ping, translation, scaling, illumination, and sharpening.

C. Few-Shot Learning for Generalization Across
Imaging Modalities

In order to test EDNet’s generalizability across datasets, we
perform zero-shot, few-shot and full fine-tuning experiments
and evaluations on the MSC dataset. For zero-shot learning, we
run inference using the model trained in Section IV-B directly
on the MSC-MM1.1 test sequence. For few-shot learning, we
train on a few frames from MSC-CME1.1 and run inference
on MSC-MM1.1 sequence. We demonstrate that our model can
generate reliable detections based on training on a few frames of
an external dataset. Finally, we run an experiment where we train
on a full sequence (MSC-CME1.1) of 145 frames. Performing
zero-shot, few-shot, and full fine-tuning experiments on a new
dataset like MSC allows us to investigate the generalizability
of the EDNet model and gain insights into the amount of
data required for effective fine-tuning on datasets with different
modalities and resolutions.

D. Model-Agnostic Ensemble Detection Network
(EDNet)

For inference, we take inspiration from an ensemble technique
from [13] to design an ensemble detection network (EDNet)
that is independent of the base model as described in Fig. 5.
For a given frame, let us consider each set of detection outputs
D = {Di|i = 1, 2, . . .14} of different lengths mi = |Di| pro-
duced by each of the 14 models. Each output Di = {dij |j =
1, 2, . . .,mi}, is a group of bounding box detections with dij
representing a single (jth) detection from the ith model. We
first flatten the outputs as:

D =

{
dk | k = 1, 2, . . .,

∑
i

mi

}

Then, we group bounding boxes together based on their IoU
defined as the area of intersection over the area of union as
follows:

IoU(di, dj) =
area(di ∩ dj)

area(di ∪ dj)
(1)

The output of the grouping will be a list of detection groups
G = {G1, G2, . . ., Gn} with a single detection group Gi =

Fig. 7. An overview diagram of M2Track: the used tracking algorithm.
Level 2 adds an additional layer of robustness and further improves
detection through interpolating missed detections and handling mitosis.

{dij |j = 1, 2, . . ., |Gi|}. Each pair (dij , dik) inside a given de-
tection group Gi satisfies:

IoU(dij , dik) ≥ τ

where τ is the ensemble grouping threshold.
Finally, we use a consensus technique to only keep groups

containing 50% the number of detector models we employ in
our ensemble system (that is 7). We then pick the detection with
the highest confidence score from each group; the final set of
detections is F = {di|i = 1, 2, . . ., n} where:

di = argmax
dij

conf(dij)

where conf(·) gives the confidence of a given input detection.

E. M2Track for Cell Tracking

Multi-cue Multi-object Tracker (M2Track) is a tracking-by-
detection module that is adapted from our work on multi-
cell tracking for cell lineage tracing in biomedical timelapse
videos [4], BCTracker for tracking Myxococcus xanthus bacte-
ria during swarming behavior [65] and our computer vision work
on multi-object tracking for video surveillance [1], [2]. M2Track
module is used to track the cells detected by EDNet-YOLOv3
(described in Section IV-D). M2Track is multi-step cascaded
data association that links the detected cells and recovers from
misdetections. M2Track module can explicitly handle cells en-
tering and exiting the field of view, touching cells, mitosis or
cell division events and cell fragmentation arising from birth
and death of cells.

M2Track module in Fig. 7, uses detected cells as input, then
performs cascade data association in two steps:
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1) Short-Term Tracking: is a frame-to-frame data asso-
ciation and matching using bounding box intersection over
union (IoU) score to generate cost matrix. The IoU cost ma-
trix is used to optimize the associations of current N de-
tected cells in Dt set at frame t to the M predicted tracks
in T t−1 set at frame t− 1, where the set of detections, Dt =
{dt1, dt2, . . .., dtN} is assigned to the previously tracked objects
T t−1 = {T t−1

1 , T t−1
2 , . . .., T t−1

M }, and T t−1 is the set of pre-
dicted cell trajectories previously tracked. Kalman filter [29]
with constant velocity model is used to predict the motion of the
cell in each frame. The optimization is implemented by mini-
mizing the cost matrix using Munkres Hungarian algorithm [51]
as:

min
b∈B

m∑
i=1

n∑
j=1

cijbij (2)

where cijt is the ith row and jth column entry in the cost
matrix representing the cost of assigning detection j to tracklet
i predicted bounding box location at time t and the cost value
represents the IoU between i and j predicted and observed
bounding box detections as:

cijt =
|di ∪ dj | − |di ∩ dj |

|di ∪ dj | (3)

and b is a binary assignment matrix to ensure the rows and
columns of b are summed to 1, with constraints,

m∑
i=1

bij = 1 j = 1, 2, . . .., n;

n∑
j=1

bij = 1 i = 1, 2, . . ..,m.

To reduce false matches, eliminate low certainty association, and
reduce computation cost, we use spatial circular gating regions
around the predicted track positions. Association cost matrix
decision assigns one out of four status (new track, linked track,
lost track, and dead track) for each individual cell. Since this
step considers only information from consecutive frames, having
false detections, occlusions, and matching ambiguities causes
track fragmentation. Further step is important to improve the
performance.

2) Long-Term Tracking: Problems during object detection
or data association process result in implicit fragmentation of
cells. Long-term tracking, which also called global assignment,
uses information across long video segments. Increasing the
number of frames or the number of cells makes this process ex-
pensive. Our approach optimizes fragmented tracklets re-linking
by connecting cells at the track level rather than object level using
spatial and temporal clues. Cell interpolation is used to recover
missing cells due to miss-detection or occlusion events [1], [2],
[4].

3) Lineage and Mitosis Tracking: Cell mitosis (cell di-
vision) event introduces a challenge during tracking. During
lineage tracking, it is important to record the cell division events.
During a mitosis of a given cell, the two resulting cells should
be assigned new distinct labels. Both labels should point to
the label of the parent cell that has undergone mitosis. To

Fig. 8. Illustrative example of M2Track performance with (top) and
without (bottom) cell-lineage tracking in generalized coordinates where
the x-axis represents time and the y-axis is arbitrary projected spatial
units. A mitosis event is highlighted in both scenarios. For simplicity, we
assume a 1-D+time space where the horizontal axis represents time and
the vertical axis represents space. When lineage-tracking is turned on,
a mitosis event is detected at time t = 9, and cell #1 is corrected as a
new cell from that point forward rather than cell #1 persisting over time.
For a real example, see Fig. 12.

reduce the complexity, our pipeline handles cell mitosis during
the tracking phase rather than incorporating additional steps to
detect mitosis during the detection steps. During the association
step, any new cell that appears in the scene assigns as a new track
with a new ID. There are three scenarios for the appearance
of new cells in the scene: (i) a new cell entering the science
which is usually happened from the edges of the frames. The
short-term tracking step handles this part by assigning a new ID
to the new cell entering the scene; (ii) when occlusion events
are ended and the cells usually re-appear again in the scene,
the long-term tracking step handles this part by reconnecting
the cell after occlusion event; (iii) and during cell mitosis
event.

For detecting cell mitosis events, the appearance of new cells
needs to be distinguished from the cells that enter the scene,
which usually happened from the edge of the frames. This is
described in Algorithm 1 and visually explained in Fig. 8. Ad-
ditionally, Fig. 12 shows an example of using mitosis detection
tracking on a real sequence from the test set (A-10-run02).

V. EXPERIMENTAL RESULTS

A. Evaluation Metrics

Different evaluation metrics have been proposed for multi-
object tracking [64], [71]. To report the results of our pipeline,
we adopted Multi-Object Tracking (MOT) challenge evaluation
metrics summarized below and described in [39], [64]. The
toolkit for MOT benchmark evaluation provided in [18] was used
to evaluate tracking results for training; the public benchmark
was used to evaluate performance on the hidden test set. Below
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Fig. 9. A complete space-time track representation using the output
of our EDNet-YOLOv3+M2Track cell tracking pipeline on the LLC-MK2-
run03 sequence. Ground-truth tracks look particularly smoother due to
interpolation applied during annotation to reduce the number of manu-
ally annotated frames.

is a brief description of the MOT evaluation metrics used in this
work:

1) MOTA Multiple Object Tracking Accuracy: the most
popular metric, is calculated as a function of false posi-
tives (FP ), true positives (TP ), and false negatives (FN )
per frame. MOTA is reported as a percentage that takes
values in [−∞, 100]:

MOTA = 1−
∑

t (FN t + FP t + IDSw t)∑
t GTt

(4)

Where t is the frame index and GT is the number of
ground-truth objects. FP , TP , and FN count are deter-
mined by thresholding the intersection over union (IoU)
between predicted and target bounding boxes using a
threshold d = 50%.

2) ID Sw Identity Switches: counts the number of times that
the matched identity of a tracked trajectory changes.

3) Frag Fragmentation metric: is the number of times that
trajectories are fragmented.

4) MT Mostly Tracked metric: computes percentage of
trajectories (with respect to the number of ground-truth
trajectories) tracked accurately for more than 80% of the
trajectory duration.

5) ML Mostly Lost metric: computes the percentage of
trajectories tracked accurately for less than 20% of the
trajectory duration.

Algorithm 1: Mitosis Lineage Detection.

6) IDF1 Identification F1 metric: measures the ratio of
correctly identified detections over the average number
of ground-truth and computed detections using (5). It is
expressed in terms of IDTP True Positive ID, IDFP
False Positive ID, IDFN False Negative ID. This metric
ranges between 0 and 100%,

IDF1 =
2IDTP

2IDTP + IDFP + IDFN
. (5)

7) TRA: Tracking or lineage metric as described by Cell
Tracking Challenge [67] calculates the number of graph
edit operations required to match the predicted trajectory
graphs with the human ground-truth,

TRA = 1− min(AOGM,AOGM0)

AOGM0
(6)

where AOGM is the edit cost for transforming predicted
trajectory graph to ground-truth graph, and AOGM0
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Fig. 10. Qualitative results of our method (EDNet-YOLOv3 + M2Track). Results of LLC-MK2 (easy) and APM (challenging) cell lines for samples
in a testing sequence (top) and a training sequence (bottom). We demonstrate how effective our approach is in generalizing across training and
testing (unseen data). The proposed method has no errors for LLC-MK2 in the shown frames (top two rows). APM cells show more variance in
appearance across frames due to their deformable shape dynamics that changes more significantly than LLC-MK2 cells. Missed detections and
extra detections are highlighted for the training set (where ground truth is known). For better clarity in the APM-run03 sequence, we add a third row
showing just the ground-truth annotations.

is the cost for creating predicted trajectory graph from
scratch (i.e., assuming empty tracking results). Fewer
graph edit operations result in higher values of the
TRA score which indicates better lineage tracking
performance.

It is worth noting that compared with the MOTA score,
the TRA score is more sensitive to “mitosis” or cell division
detection and cell lineage tracing. This is due to the fact that in

order to score perfectly in TRA, parent-daughter relationships
resulting from cell divisions need to be captured corrected in
the cell IDs and lineage graphs. Whereas in the MOTA score,
mitosis parent cell and daughter cells are treated independently.

B. Evaluation Results

Figs. 1, 10, and 11 present a selection of sample results.
Specifically, Fig. 10 offers an in-depth examination of the
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TABLE IV
SUMMARY RESULT TABLE SHOWING THE MOTA SCORE FOR DIFFERENT PROPOSED METHODS COMPARED TO THE BASELINE

Fig. 11. Qualitative EDNet+M2Track tracking results for two difficult
cell lines (test sequences) using MOTA and TRA scores. In Row 1,
for cell line A-10 (run04): extra cell detections reduce the MOTA score
but TRA is still above average due to tracking accuracy. In Row 2, for
A10-run02 both EDNet detections and M2Track cell lineage have high
accuracy with three cells resulting in high MOTA and TRA. In Row 3, for
cell line MDOK (run04): missing detections due to unusual cell shape
and appearance lowers MOTA and TRA since there is only one cell
to track. In Row 4, for cell line MDOK (run06): the three cells in the
shown frames are detected and tracked accurately over a large number
of frames so the MOTA and TRA scores are high.

qualitative results obtained from using the EDNet+M2Track
method on both training and testing sets. This figure is crucial
in demonstrating the ability of our method to generalize from
the training to the testing set. Fig. 11 showcases the challeng-
ing sequences where our tracker did not perform as expected,
highlighting its limitations. Additionally, Fig. 9 provides a valu-
able perspective by representing our tracking results on select
sequences through a space-time visualization.

To illustrate the difficulty of generalization, we report the
results for the different methods on both the training and testing
sets in Table IV. The results for the hidden test sets were

TABLE V
AN ABLATION STUDY ON DIFFERENT YOLO ARCHITECTURES

(V3, V4, AND V7)

generated using the public benchmark [7], [33], [58], [67]. As
can be seen in Table IV, a cell-specific model – that is trained
on specific cell lines – performs best on training data and worst
on testing data. This is a clear indication that training a different
model for each cell line yields over-fitting. In contrast, a general
model (Model I, where all data was pooled together to train a
single detector) consistently results in a worse performance in
training but a superior performance for the hidden test data.

It can also be observed how deep detection networks (in our
case YOLOv3) are sensitive to the way data is split into training
and validation. We can see that random splitting (YOLOv3
Model I) yields a baseline score of 37.50. Leaving one sequence
out from each cell line for validation (YOLOv3 Model II) greatly
improves generalizability; giving a MOTA score of 44.72. Sim-
ilarly, leaving-out an entire cell line for validation (YOLOv3
Model III) can also yield a comparable improvement, giving a
MOTA score of 42.34. Finally, our EDNet applied to YOLOv3
(EDNet-YOLOv3) produces a state-of-the-art MOTA score on
the public leader board with a MOTA score of 50.55.

We conclude that leaving a cell line for validation to
train a deep detection model can greatly boost the model’s
generalizability. Furthermore, applying this method 14 times
with each of the cell lines and combining the resulting models
into one using our EDNet can produce the best cell detection
framework on the CTMCv1 dataset.

Table VII shows the TRA performance on each cell line for
our method in comparison to two state-of-the-art cell tracking
algorithms: Viterbi [43] and DeepCell [49]. We show that our
best method (EDNet-YOLOv3 + M2Track) outperforms these
methods significantly. However, for cell lines with very few
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TABLE VI
MOTA SCORES ON THE TESTING SET PER CELL LINE FOR OUR DETECTION METHOD EDNET-YOLOV3 WITH THREE DIFFERENT TRACKING ALGORITHMS

TRACKTOR, DEEPSORT AND M2TRACK (OURS), COMPARED TO BASELINE CELL DETECTOR FASTERRCNN WITH TWO DIFFERENT CELL TRACKING
METHODS TRACKTOR AND DEEPSORT

cells (A-10, and CV-1), Viterbi and DeepCell outperform our
methods. Fig. 13 shows a comparison of how the performance of
each method scales with the density of a given sequence. We note
that, while Viterbi and DeepCell perform well on low-density
sequences, they scale poorly with higher-density sequences. On
the other hand, our method shows great robustness against cell
density, and its performance is not correlated with the number
of cells.

Table VI shows the MOTA metric for different mainstream
detection and tracking algorithms in comparison to ours.
FasterRCNN experiments were performed in the original work
of the CTMC dataset [3]. We observe that using FasterRCNN
architecture for detection, Tracktor is more effective than
DeepSORT. This has been consistent with our experiments
using EDNet-YOLOv3. Tracktor exploits the regression head
of the Faster-RCNN network by providing region proposals
based on detections from a previous frame. Since YOLOv3 is
a single-shot detector, Tracktor cannot be trivially integrated
in YOLOv3. In our experiments, EDNet-YOLOv3 + Tracktor
experiment only uses the appearance and re-identification
models as well as the data association algorithm from Tracktor.
M2Track consistently outperforms Tracktor and DeepSORT
despite being completely unsupervised and not using appearance
information. Furthermore, Table VI shows that our detection
method produces a significantly higher MOTA score using the
same tracking algorithms (DeepSORT and Tracktor).

Tracking performance is affected by the quality of the
object detection algorithm used. Table VIII shows tracking
performance as reported on Cell Tracking and Mitosis Detection
Challenge website.3 Our EDNet-YOLOv3 method for detection

3https://motchallenge.net/results/CTMC-v1/

TABLE VII
COMPARING THE TRA TRACKING LINEAGE PERFORMANCE SCORES ON THE

TESTING SET PER CELL LINE (USING HIDDEN TESTING SEQUENCES) OF
OUR CELL TRACKING ALGORITHM (EDNET-YOLOV3+M2TRACK) WITH

MU-LUX-CZ, THE BEST DIC CELL SEGMENTATION ALGORITHM IN THE CTC
BENCHMARK. MU-LUX-CZ USES A CUSTOM U-NET FOR DETECTION WHICH

IS USED IN COMBINATION WITH VITERBI AND DEEPCELL TRACKING
ALGORITHMS IN THE ORIGINAL BASELINE PAPER [3]

combined with M2Track tracker outperforms in most of
multi-object tracking metrics MOTA, IDF1, TRA, MT, FN,
ID Sw, and Frag. As an ablation study, we substitute M2Track
with DeepSORT (row 2 of Table VIII). M2Track provides
global assignment and explicit lineage detection. As a result,

https://motchallenge.net/results/CTMC-v1/
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TABLE VIII
TRACKER PERFORMANCE COMPARISON AS REPORTED ON CELL TRACKING WITH MITOSIS DETECTION CHALLENGE WEBSITE ON THE TEST DATA

TABLE IX
TRACKING PERFORMANCE ON THE MSE-MM1.1 TEST SET [40]

we can see that M2Track outperforms DeepSORT in MOTA
and TRA scores.

Overall, our method achieved the top one rank on the Com-
puter Vision for Microscopy Image Analysis (CVMI) workshop
at CVPR 2021.

C. Performance on External Data

We evaluate of our Ensemble Detection Network (EDNet)
on the MSC dataset as external data. This data uses brightfield
instead of DIC and was taken at a different zoom level and
sampling rate with smaller cell sizes, making it challenging
for benchmarking our model’s generalizability. We use one
sequence (MSC-CME) for training and one sequence (MSC-
MM) for testing. We report the performance of zero-shot,
few-shot, and fully fine-tuned EDNet-YOLOv3 on the testing
set in Table IX. Fig. 15 shows a qualitative performance of
EDNet-YOLOv3 on external MSC data. Despite the differences
in imaging modality and sampling rate, our approach shows
promising results for accurately detecting and tracking cells
in this external dataset even with few-shot fine-tuning. This
highlights the potential for our approach to be applicable in a
range of cell tracking scenarios.

Fig. 14 shows a quantitative comparison of muscle satellite
cell (MSC) velocities in two conditions: minimal media (MM)
which would not be expected to stimulate motility, and crushed
muscle extract (CME) which is a well-recognized physiologi-
cal stimulus for satellite cell motility [8]. Human tracking of
selected cells does not adequately differentiate between the two
conditions, while the automated EDNet correctly identifies both
greater total motility and a broader range of cell velocities in
CME, as would be expected.

In Fig. 16 we compare human versus EDNet+M2Track per-
formance by checking the track accuracy of the same small
subset of cells tracked by the human in the three fields from each
well. We first applied a track-to-track association step between

Fig. 12. Lineage and mitosis tracking for sequence A-10-run02 from
the test set. The upper box shows the cell lineage tracking results
without using mitosis detection, Track #1 was under mitosis event on
frame 1605 but the tracking pipeline does not detect the mitosis, hence
keeping #1 with the same ID and assigning a new ID (#13) to the divided
cell (one of the daughter cells). The bottom box shows the lineage cell
tracking results with the mitosis detection applied. In this case, at frame
1605, Track #1 is divided into #14 (first daughter) and #15 (second
daughter) and #1 is assigned as a parent for both #14 and #15. The
x-axis is time and y-axis is a graphical representation of the distance
between cells not actual positions.

human-generated tracks and EDNet-generated tracks, to find the
algorithm-tracked cells associated with human-annotated cells.
Overall there is good agreement between the human ground truth
and our EDNet+M2Track algorithm and most of the average
cell velocities in each field are within one standard error. The
exception is MM1.2 where EDNet was not able to detect all
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Fig. 13. A comparison of the TRA performance on CTMCv1 dataset
for different cell densities (number of cells per sequence). The plot of
Viterbi (blue dots) and DeepCell (orange dots) tracking results shows the
decreasing and highly variable performance with increasing number of
cells in a given sequence. Our EDNet method (yellow dots) shows robust
and consistent performance across increasing number and density of
cells in each sequence (black dotted line).

Fig. 14. A comparison of cell velocities at the well and image field
level, between MSC-CME vs MSC-MM calculated using (a) Human-
generated labels for select cells, and (b) algorithm-generated labels
(using EDNet + M2Track). Human tracking consists of 4 or 5 cells per
sequence, for EDNet, we track all cells detected (A total of 225 cells
were detected in MM and 604 cells in CME). Each data point is taken as
the mean velocity for a tracked cell.

cells in the field and so tracks became fragmented which led
to ID switches, as EDNet was only trained on CME images
to evaluate generalization performance. The variability between
fields within the same well (where all conditions are the same) is
due to a combination of cell selection bias by the human tracker
as not all cells in the field are tracked and heterogeneity in cell

Fig. 15. Qualitative performance on external data in different zoomed
regions of interest for two frames from the MSC-CME1.1 video and one
frame from MSC-MM1.2 video (challenging case). Rows represent dif-
ferent points in time in this microscopy time-lapse sequence. Fine-tuned
EDNet-YOLOv3 using few-shot learning was used to improve detection
performance. Colored boxes are cell detections, black arrowheads high-
light false positives and white arrowheads false negatives.

Fig. 16. A comparison of mean cell velocities of the cells tracked by
human annotators. We use association based on track proximity to find
all fragmented tracks from EDNet+M2Track that correspond to the same
cells tracked manually. We were not able to track the same cells in
MM1.2 due to missed detection of cells. This can be attributed to the
fact that EDNet was trained on CME only. MM1.2 is therefore not used
in the average computation. A t-test between the algorithm and human
in cell velocities yields a p-value of 0.461 (MM) and 0.467 (CME). This
indicates no significant difference in the distribution of velocity estimation
in human vs algorithm.

behavior exists within the same population which is evident in
Fig. 14. For operational use, the performance of EDNet would be
improved by training on a large amount of MSC data in different
media to improve detection performance when deployed in
the laboratory. In terms of speed, EDNet+M2Track is able to
track a full sequence in 30 minutes (unoptimized sequential
version), enabling more high-throughput studies with statistical
significance compared to current manual tracking which can take
a week or longer.
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VI. FUTURE WORK

As it stands, EDNet requires training multiple (m) networks,
raising the computational complexity by a factor of m in
comparison to base detection models. This can be addressed
in future work by exploring weight sharing between networks.
This can reduce the scaling from a linear function O(m) to a
near constant function O(1). Furthermore, deep features can
be added to the M2Track association step to take advantage of
appearance during cell tracking. This will facilitate the analysis
of primary cells or otherwise heterogeneous cell populations,
which will be necessary to generate biologically relevant data.

VII. CONCLUSION

In this work, we propose a two-step detection and track-
ing pipeline that uses a model-agnostic EDNet for detection
followed by a two-stage tracking algorithm (M2Track). Our
detection framework can overcome over-fitting and achieve
better generalization compared with other cell detection models
including the best-performing model in the Cell Tracking Chal-
lenge DIC dataset. Furthermore, M2Track tracker outperforms
the mainstream tracking algorithm DeepSORT as well as cell
tracking algorithms (Viterbi and DeepCell) only using location
features. It is also effective in analyzing a heterogeneous popu-
lation of primary cells (skeletal muscle satellite cells) presented
with different physiologically relevant stimuli, supporting its
utility in biological research. As future work, utilizing deep
appearance features is expected to further improve tracking
using M2Track.

VII. CODE AVAILABILITY

The code is availably on Github at https://github.com/CIVA-
Lab/EDNet-YOLO.
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