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Abstract—We present several novel methods for analysis of microscopy videos of cell interactions. Specifically our
main focus has been in the following domains,
(i): Tracking algorithms for collecting trajectory data as well as infection and cell death detection in macrophages. This is
done using a combination of well known concepts in computer vision such as the optical flow algorithm by
Lucas–Kanade and a state of the art convolutional neural network used for biomedical image segmentation, U-Net.
(ii): Image processing and clustering algorithms for detection and analysis of macrophage aggregation. Several
properties are calculated, such as position, size and shape metrics.
We quantitatively and qualitatively show that our algorithms perform well on real data using multiple evaluation metrics.
The average object tracking error for the Lucas-Kanade tracker was 4 pixels and it successfully tracked 74% while the
assignment method successfully tracked 60% of all automatically cells throughout 100 frames.
Aggregation is detected correctly in 96% of 851 tested images.
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1 INTRODUCTION

R ECENT advancements in technology have made
it possible to generate a large amount of data

from microscopy images of cells. This requires
automated analysis of the data that is generated
since it is very time consuming for scientists to
go through this amount of data image by image.
Another advantage of automated analysis is that
cell behaviours can be visually enhanced in vari-
ous ways and different statistics can be calculated.
Maria Lerm together with her project group at the
University hospital in Linköping are working on
discovering opportunities for prevention of tuber-
culosis (University, 2019). They produce a large
amount of microscopy image data and to be able to
analyze the data in a more efficient way M. Lerm
reached out to Linköping University to get help
from students with image processing knowledge.
This created a cooperation with the aim to find
automated ways of analysing their specific data. An
example on how their images look like is shown in
Figure 1.

In this project we decided to focus on two
domains where the first domain was tracking al-
gorithms for collecting trajectory data as well as

infection and cell death detection. Tracking of cells
can be used for example to visually enhance how
the cells are moving over time. The challenge with
tracking cells instead of tracking e.g. cars is that cells
change shape over time, a much lower framerate,
and the fact that all cells look very similar. All
this entails that a tracking algorithm might have
difficulties to recognize the same cell in one frame
to another.

The second domain was to use image processing
and clustering algorithms for detection and analysis
of cell aggregation. Cell aggregation is when cells
move close to each other and form ‘cell clumps’ and
identification of this cell behaviour in an automated
way saves significant efforts for biologists when
they want to analyze that specific behaviour.

This report describes the different methods used
to make an automated analysis of these two do-
mains as well as the result of the implementation.

2 PROBLEM FORMULATION

The client wanted an image processing based tool
for automatic analysis of microscopy image se-
quences of macrophages in contact with tubercu-
losis infection. What areas to specifically focus on
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Figure 1. A microscopy image from M. Lerm and her project
group including all three colour channels. The green in the
image is bacteria, the red is cell death and the gray spots are
cells.

was discussed in upcoming meetings, and was de-
termined based on their priorities and our know-
ledge of limits in image processing. We narrowed it
down to two main tasks.

Cell-to-cell spread of infection, which is the abil-
ity of bacteria that reside in the cytosol of the cell
to spread to the cytosol of another cell without
traveling through the extracellular medium (Kuehl
et al., 2015). This was the end goal for this task,
and a major step to solve this was to implement a
tracker that can follow and store data of wanted
cells, so that was decided as the main goal. The
tracker should also create additional statistics about
the cell that in future work can be of help for solving
the original problem to detect cell-to-cell spread.

The other task was to detect cell aggregation in
images, which is a recently observed phenomenon
where cells aggregate, which is unusual for mac-
rophages (Otaka et al., 2014). The goal was to be
able to detect in which images this occurs and give
statistics for further analysis.

3 BACKGROUND

In recent years the biomedical field has undergone
a transformation, with an explosion in the usage
of data analysis methods like computer vision and
machine learning techniques to improve results and
be able to process the large amounts of data being
generated by the industry (Dinov, 2016). In this sec-
tion some previous work within automated analysis
in the biomedical field will be presented. We first
give a short introduction to microscopy imaging,
cell staining, and Mycobacterium tuberculosis (Mtb)
interaction with macrophages.

3.1 Microscopy imaging, staining methods and
tuberculosis

Microscopy imaging, and specifically live cell ima-
ging developed in the 20th-century. One of the
major issues with live cell imaging is that cells
are generally translucent, and hence difficult to
observe with standard bright-field microscopes.
Phase-contrast microscopy (Zernike, 1942) was in-
vented in the 1940s specifically to deal with these
issues. Instead of observing the light intensity,
the phase shift of the light passing through the
cells is observed and then converted into pseudo-
intensities in the resulting image, which will hence-
forth be referred to as phase image.

There are several ways to make cells fluoresce.
In this study, a genetically modified version of the
mtb bacteria which fluoresces in a green hue was
used. This is a preferred method over other invasive
staining methods which damage and can even kill
the cells (Ge et al., 2013). Another dye that has been
used is a red dye which permeates the macrophage
cell walls only in connection with cell degradation
and death. A third dye, which makes the cell nuclei
fluoresce has also been used, mainly in connection
with the training of a cell segmentation network. As
mentioned previously this kind of dye is toxic and
should be avoided.

Many interesting dynamics have been observed
between human macrophages and mtb. Macro-
phages, whose regular role in the human immune
system is to digest and remove any unwanted for-
eign objects in the body, e.g. bacteria, are unable to
properly digest mtb and are instead infected and
serves as a ‘breeding ground’ for the bacteria which
then can spread further in the body Ernst, 1998.
Some of the questions which Maria Lerm’s group
at LiU are investigating are different phenomena
which have been observed between macrophages
and mtb. One such phenomenon is aggregation
of macrophages, which usually are solitary cells,
in connection with infection. Another is changes
in cell behaviour after infection, e.g. the speed of
the cell. Both of which were also discussed in the
problem formulation section. It is with this in mind
we developed our methods.

3.2 Previous work

Some examples of recent areas of success is med-
ical image segmentation with U-Net (Ronneberger
et al., 2015) outperforming all previous methods
within lung cancer detection (Ardila et al., 2019),
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and smart-watch detection of heart disease (Heart
rate notifications on your Apple Watch 2019).

Automated analysis has also become more pre-
valent in tuberculosis research, Mahamed et al.
(2017) used tracking in conjunction with infection
and death data on cells to quantify several im-
portant statistics, such as time of infection, size of
infection, and time of death. However, very few
cells were tracked (around 40) in total, and to the
best of our knowledge their algorithm are limited
to single cell tracking.

Our research has focused on two main areas, cell
tracking and cell aggregation.

There are several paradigms for tracking. To
mention a few: Discriminative based approaches,
Background Subtraction approaches, Point Tracking
approaches, Generative approaches, and Dense/-
Local Optical flow approaches (Satrughan Kumar,
2016; Dorra Riahi, 2016).

In microscopy images of macrophages there are
several constraints that limit our choice of method.
One such constraint is that all the cells are funda-
mentally of the same type. This means that Dense
Optical flow and Discriminative methods have a
high failure rate since it is often difficult to dis-
criminate between objects in the image. Since the
image is often filled with a large amount of cells
this can be fatal. Another issue is that there is
often a very small amount of static background, this
means that background subtraction often produces
incorrect backgrounds and may therefore give poor
results.

For cell aggregation there exist several different
strategies to access the aggregation feature. In Ma-
hamed et al. (2017) the problem was approached by
first determining the cell borders and then using
the watershed algorithm to discriminate adjacent
cells. The distance between the segmented cells is
then calculated. Due to different setup, cameras
that are used and different cell culture plates the
images vary widely and make it challenging to find
a parameterization that fits the whole sequence.
Other approaches uses machine learning and deep
learning algorithms to train a classifier and classify
the detected objects (Sommer and Gerlich, 2013;
Kraus et al., 2017). The limitation of machine and
deep learning approaches is that it requires large
amount of data and the parameters needs to be
tuned in each step (Kraus et al., 2017).

4 DATA

This section describes the data collection of the
used microscopy images from M. Lerm and also the

Figure 2. Example of visual interface of IncuCyte. Wells are
ordered in a grid. A combined color image for a specific well
at a specific time is magnified.

processing pipeline employed in the project.

4.1 IncuCyte Live-Cell Analysis System
Cells and bacteria are studied in vitro, using small
sample areas called wells, shown in Figure 2.

The data is generated through an automated mi-
croscopy image capture system called IncuCyte R©
S3 Live-Cell Analysis System (IncuCyte R© S3 Live-
Cell Analysis System 2019), henceforth called In-
cuCyte. This system captures hundreds of wells,
where each well contains a sample, concurrently by
iteratively shifting a microscope over the samples.
A visualization of the physical IncuCyte system can
be seen in Figure 3.

Wells are arranged in a grid indexed with a
letter and a number. Experiment parameters are
fixed within a single well and the response in cell
behavior to varied parameters can be studied by
comparing behavior in different wells in the grid.
Each well can further be divided into several regions,
indexed with a number, on which the camera places
itself to capture images. These regions are in general
not contiguous, so no stitching can be performed to
e.g. track cells between regions.

IncuCyte comes with on-board image processing
and storage in the form of proprietary server soft-
ware which is accessible via remote login.

4.2 Data collection pipeline
The on-board software has the ability to produce
images from different wavelength bands which
gives added description capabilities e.g. that stained
cells can be easily identified. This allows us to
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Figure 3. Picture of the physical IncuCyte system.

gather all the data that are needed: a raw grayscale
image of the cells, see Figure 5, an image where only
the bacteria are seen, see Figure 4, and also an image
where the cell death is shown, see Figure 6, but
other types of staining and dyes are also possible.

Figure 4. Green channel of microscopy image.

The number of cells, time resolution, and multi-
plicity of infection (MOI) (Ellis and Delbrück, 1939),
i.e. number of bacteria per cell, are some of the
sample parameters that need to be taken into ac-
count. In our case we typically deal with 100–500
cells per sample, a time resolution of between 30
minutes and 6 hours, and MOI of about 5–15.

In general, fewer cells and higher time resol-
ution gives better tracking results. However this
is not always possible, both for practical reasons
and because setting these parameters too far in
this direction has detrimental effects on the cells
and their behavior. This has been one of the major

Figure 5. Phase channel of microscopy image.

Figure 6. Red channel of microscopy image.

challenges in this project.

4.3 Storing/Loading

As discussed above, the data can be accessed with
remote login to the IncuCyte server. However, this
can only be done manually through a graphical
interface.

To allow our software to read (and write if
needed) the data the built in export functional-
ity was used to download it locally. It was then
uploaded to a Raspberry Pi (Raspberry Pi 2019)
equipped with extra storage owned by the group
from where it was served over the SSH File Transfer
Protocol (SFTP) (SSH File Transfer Protocol 2019) by
OpenSSH (OpenSSH 2019).

Public key cryptography was utilized to allow
secure and automated access by the group members
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only. SSHFS (sshfs 2019) was then used to mount
the file store on the machines running the software,
obviating the need to bake support for network
access into the application while still allowing it to
process data larger than what will fit on local stor-
age. GNOME Virtual file system (GVfs) (GNOME
Virtual file system (GVfs) 2019) was also evaluated
for this purpose but was discovered to exhibit bugs
such as inability to create symbolic links or delete
files.

5 METHOD

In this chapter the project framework is described
followed by the different methods used for each of
the project tasks. Also the two different evaluation
methods are described.

5.1 Project framework
This project used Scrum 1 as framework where a
product backlog initially was formed followed by a
number of sprints that were updated each or every
second week. The framework focuses on smal-
ler milestones instead of bigger milestones which
makes it easier to know what needs to be done in
a shorter amount of time. Each task in every sprint
was marked with ‘To do’, ‘Doing’ or ‘Done’ and also
who the different tasks were assigned to. That gave
a good insight in the development of the project for
all project members. Beyond this, we had a meeting
with the customer M. Lerm and her project group
once every other week on average.

5.2 Tracking
Tracking multiple objects with very similar features
turned out to be a major challenge for traditional
tracking approaches. It was quickly realised that
discriminative approaches for trackers were un-
stable. Traditional dense optical flow approaches
failed and more modern approaches such as SpyNet
(Ranjan and Black, 2016) failed which we conjecture
is caused by the domain shift from natural images
to microscopy. Hence both these approaches were
discarded. We ended up utilizing two approaches,
which both used our cell detection network in vary-
ing ways.

The first approach uses optical flow to estim-
ate the new position of the cell between frames,
and also segments this next frame to get the cells

1. Lecture: Introduction to scrum in course TSBB11. Klaus
Tindholm. Linköping University 2019.

and with some image processing also the positions
where the cells are located. First we begin by a high
level description of the tracking procedure utilized
in both methods, which is presented in algorithm 1.

The block diagram in Figure 7 gives an overview
of the different steps used in the tracking part of this
project and will be described further in upcoming
sections.

input : φi: a phase image
input : TBi: an uncalibrated

tuberculosis image
input : Di: an uncalibrated cell death

image
input : MΦ0:i−1: cell traces for tracked

cells until previous frame

TBi ← calibrateImage(TBi)
Di ← calibrateImage(Di)
δ ← detectPerturbation(φi,φi−1)
φi,TBi,Di ← shiftImage(φi,TBi,Di)
MΦiU ← detectCells(φi)
MΦ0:i ← track(φi,φi−1,MΦiU ,MΦ0:i−1)
MΦ0:i ← TBi,Di

Algorithm 1. General formulation of tracking.

5.2.1 Perturbation adjustment
A quirk of the data collection, described in more
detail in Section 4, is that images in the sequences
were often not aligned perfectly, and in fact often
contained large spatial perturbations. This greatly
hampers the performance of any tracker, and hence
we created an algorithm to automatically perform
an inverse perturbation to restore temporal coher-
ence to the sequences.

This was re-framed as a simple maximum cor-
relation problem

P−1t = arg max
δ

∑
x

It−1(x)It(x+ δ). (1)

where position is denoted by x and displace-
ment by δ. It is the current frame and It−1 is the
previous frame.

The underlying assumption is that the global
alignment that corresponds to the camera perturb-
ation gives the highest correlation, i.e. we assume
that the cells in general do not move ‘too much’.

Now, to make this process more stable some
standard image processing techniques were used
where the images were thresholded and blurred. To
speed up computation the operations were conduc-
ted in the fourier domain which can be shown to be
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Figure 7. Block diagram for tracking method.

equivalent to the circular correlation. This technique
turned out to work very well and can be seen in
Figure 8.

(a) Image with adjustment.

(b) Image without adjustment.

Figure 8. Consecutive images overlaid.

5.2.2 Automatic calibration of images
The images produced by the IncuCyte system can
either be exported as pre-calibrated or raw. For both
our domains we chose to work with the raw images,
to avoid potential issues resulting from changes in
IncuCyte algorithms and also so that our method
is not dependent on any extrinsic algorithms. While
the phase images did not need much calibration, the
red and green channels of the microscopy image are
extremely noisy and need several calibration steps.
The procedure is explained in Algorithm 2.

input : im, an uncalibrated image
output : im, a calibrated image
parameter: σ, standard deviation of

gaussian blur
parameter: s, kernel size of maximum filter

DC ← smoothImage(im, σ)
im← rectify(im−DC)
ε← median(maxFilter(im, s))
im← rectify(im− ε)

Algorithm 2. Image calibration.

Smoothing is done to remove local DC-level
unrelated to signal. Here σ should be quite large,
we used σ = 50. Then we rectify to remove the
noise which we assume is negative, which means
that we threshold at zero. We are still however left
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with a certain amount of random noise in the image.
We use the median local max-filters over the image
to estimate an upper bound on noise amplitude.
We then subtract that and rectify the image again.
This produces our final result that can be seen in
Figure 9. Observe that this procedure only works
on images where we can assume that the signal
plus noise has higher amplitude than noise. This
is not necessarily the case, for example cell bodies
can actually block certain amounts of background
radiance and will therefore have a lower intensity
in the image, however for our applications the
signal can safely be assumed to be positive. Another
assumption is that it is possible to estimate the noise
with the median of a local maximum filter, this
requires enough area of noise.

(a) Uncalibrated image.

(b) Calibrated image.

Figure 9. The obtained calibrated and uncalibrated images.

5.2.3 Cell segmentation

We implemented a cell segmentation network based
on the U-Net architecture (Ronneberger et al., 2015).
We trained the network using sequences where cell
nuclei had been stained, and used this dye as output
labels for the network. We trained on an Nvidia
1080 8GB GPU on 256x256 crops of images down-
sampled to 260x352 in batches of 16 with an Adam
optimizer with default settings and a exponentially
decaying learning rate with a factor of 0.95.

Figure 10. Sample outputs of the cell detection network.

Some label outputs for a select set of microscopy
images of the network can be seen in Figure 10.

After detection, the detection image map was
up-sampled linearly to the original image size.

It was observed that some data were unusable
and damaging for the learning of the network.
Since the labels were generated from the data itself
issues such as late registration of cell dyes resulted
in empty label images. Therefore sequences were
manually selected based on visual inspection to
ensure correctness of the learning.

One of the major advantages of this kind of
segmentation compared to traditional thresholding
or gradient filtering is that it is much easier to dis-
criminate between nearby cells since only the nuclei
were detected. This has proved very important for
the stability of tracking.

5.2.4 Optical flow method
The method used to estimate the optical flow, which
also can be seen as the motion, between frames
is the one presented by Lucas-Kanade (Lucas and
Kanade, 1981), and will be referred to as the LK-
tracker. Optical flow assumes that the flow is es-
sentially constant in a small local neighbourhood
around the point under consideration, which is a
correct assumption in this case since the point to
be tracked should be chosen close to the center
of the cell. However, this method is sensitive to
large motion since it assumes that the motion of
the point between two consecutive frames is small.
To make this more robust to cases where larger
motion occurs, a scale pyramid is used. The optical
flow algorithm runs on all the scales of the image,
where on the higher scales small motion is removed
and large motion becomes small motion which the
algorithm then can detect. The search window used
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around the point of consideration is 15 times 15
pixels and the number of scales used is 4. Since
this is an iterative method it also uses termination
criteria in the form of maximum number of itera-
tions and minimum search window displacement.
Maximum number of iterations used is 10 and min-
imum search window displacement is 0.03 pixels.
Consequently, the Lucas-Kanade tracker calculates
the dissimilarity between two local regions in two
images as

ε =

∫∫
W

[It+1(x+ d)− It(x)]2w(x) dx (2)

where position is denoted by x and displace-
ment by d. It is the current frame, It+1 is the next
frame, W is the integration region around a pixel
and w represents the weighting function (Johans-
son, 2007).

Input : φi: Current phase image
Input : φi−1: Previous phase image
Input : MΦi

U : All detected cells in
current image

Input : MΦ0:i−1: Cell traces for all
tracked cells up until last image

Output : MΦ0:i

MΦi
LK ← estimateFlow(φi,φi−1,MΦi−1)

MΦi ← fuseEstimates(MΦi
U ,MΦi

LK)
MΦ0:i ←MΦ0:i−1 +MΦi

Algorithm 3. Lucas-Kanade tracking method.

5.2.5 Assignment method
The second method is perhaps the most conceptu-
ally simple. If the segmentation in the cell detection
output is reduced to points for two consecutive
images in a sequence the tracking problem can be
framed as an assignment problem where the global
sum of travel-distances is to be minimized for all the
cells, under the constraint that all cells in the first
image must be assigned a cell in the new image.

From this we formulate a matrix containing all
distances between all points in both images, on
which we then employ the Hungarian algorithm
(Kuhn, 1955), to assign each cell a new position. In
a similar fashion as in the perturbation adjustment
we have assumed that the cells do not move too
much, i.e. that cells usually do not cross paths.

A weakness of this method is that it is com-
pletely point based, compared to the Lucas Kanade
tracker which contains a priori information about

the cell shape. A potential reframing of the dis-
tance matrix with consideration taken to appear-
ance change could potentially be an interesting ex-
tension, however this might introduce issues since
cells often look very similar. The procedure is
presented in algorithm 4.

Input : φi: Current phase image
Input : φi−1: Previous phase image
Input : MΦi

U : All detected cells in
current image

Input : MΦ0:i−1: Cell traces for all
tracked cells up until last image

Output : MΦ0:i

C ←
√∑

(MΦi−1 −MΦi
U )2

MΦi ← minimizeAssignmentCost(C)
MΦ0:i ←MΦ0:i−1 +MΦi

Algorithm 4. Hungarian Assignment Method.

5.2.6 Cell data and visualization
Some additional data was obtained for the cells that
were tracked. This data is shown and updated in
the terminal as well as in an overlaid trace in an
image (if wanted) as the program was running. The
cell data consist of:

• Cell ID
• If the cell is dead, alive or infected
• Infection amplitude
• Distance the cell has traveled
• The time that a cell has been infected for
• Positions of the cell in every frame
• How many frames the cell was tracked in
• When the cell was infected
• Speed
• When the cell died

From the red and green color channels of the
cell images from IncuCyte values on cell infection
and cell death could be obtained. This was done by
creating a box of a predefined size of 40 times 40
pixels which is the observed average size of a cell.
The box was then placed around a chosen cell in the
image and the amplitude was calculated as the sum
of the values in the image divided by the area of the
box. Two different thresholds, one for cell infection
and one for cell death, were set to values that
determine if the cell would be assigned as infected,
dead, alive or not infected. This threshold can be
changed by the user if desired. If a cell was assigned
as infected the program starts to calculate for how
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many frames the cell was infected and displays the
statistics in the terminal. The visually showed trace
also changes color from blue to green if a cell is
assigned as infected. If a cell was assigned as dead
the time of cell death was saved and displayed in
the terminal and the current position of the cell was
marked with a bigger red dot to show the user that
the cell has died. Since the distance that a cell has
traveled as well as the time resolution was known
the speed of the cell could easily be calculated.

5.2.7 Program I/O
The finished developed program has some para-
meters that affect the execution, such as number of
frames to run all the implemented algorithms on,
thresholds for infection and cell death, if you want
to output a movie of the sequence with an overlaid
trace etc. These are examples of parameters that can
be changed by the user and were implemented in a
configuration file that the program reads from start.
The configuration file is in JSON format.

The program outputs data from the run to a
file. These data contain various data of the cells
that were being tracked. These data can then be
analyzed and printed in a user-friendly way by
running a second script.

5.3 Aggregation
In this section an overview of the architecture
and the methodology for detecting aggregation is
presented. The user interface will also be described.

5.3.1 Overview
The system architecture for detecting aggregation
is illustrated in Figure 11, where several modu-
lar building blocks are combined to form differ-
ent methods. To find aggregations, two different
approaches were used: a mask-based method us-
ing morphological operations and a point-based
method with a clustering algorithm. Evaluation of
the methods can be found in Section 7.2.1.

The function image_to_mask is the first
step in both methods and converts the original
image (phase image) to a binary image. The
next step in the mask-based method is to
label the connected components and return
the found aggregations. This is handled by the
mask_to_aggregations function. In the point
based method, after the mask has been calculated,
the mask_to_positions_and_weights
function sets positions as the local maxima of
distance-to-background and assigns weights to the

Figure 11. Overview of the architecture for aggregations. To
find aggregations, two different approaches were used: a mask-
based method using morphological operations (shown in blue)
and a point-based method with a clustering algorithm (shown
in red). A third point based method was planned, utilizing the
trained U-Net model mentioned in the Section 5.2.3 (shown in
dashed green). However, it is not yet implemented and is left for
future work (see Section 9).

positions based on the distance. Then the function
positions_and_weights_to_aggregations
performs clustering and returns the found
aggregations. These are described in more detailed
in the coming sections.

5.3.2 Create a mask

The naïve way to generate the mask would be
to calculate the value of the background, e.g. by
assuming it to be the median, and setting values
sufficiently far from it to true and the rest to false.
As can be seen in figure 12 however, this produces
less than satisfactory results.

Figure 12. Image after thresholding on a band around the me-
dian.
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To improve this, we note that pixel regions con-
taining cells are characterized by varying more than
the background. Therefore the image is differenti-
ated by calculating the norm of the gradient using
Sobel operators

|∇I| =

√(
∂I

∂x

)2

+

(
∂I

∂y

)2

. (3)

The result is shown in Figure 13. This is then
thresholded with a threshold found by inspecting
the histogram in Figure 14.

Figure 13. Image after differentiation.

Figure 14. The histogram of the differentiated image with the
calculated threshold highlighted.

The differentiated image is dominated by pixels
with low values, corresponding to the background.
We wish to place the threshold just to the right of
this peak. To do this we calculate the derivative and

set the threshold to the left-most point with a slope
≥ −2 (this value is the default and can be modified).
However since the histogram and the derivative is
not smooth this comes with problems. Therefore, a
low pass filter is applied and the condition that the
second derivative must be positive at the threshold
point is added. This is illustrated in Figure 15.

Figure 15. The first and second derivatives of the histogram of
the differentiated image with the calculated threshold highlighted
in red. Note the profound difference made by the low pass
filtering.

The result, shown in Figure 16a, is combined
with the naïve approach, Figure 16b and finalized
with morphological opening and closing to remove
noise and fill holes, Figures 16c and 16d, respect-
ively.

5.3.3 Find aggregations from mask
In mask_to_aggregations the connected com-
ponents of the mask are found and a number of
statistics calculated:

• All pixel locations of the aggregation are av-
eraged to the position of the entire aggregate.

• The number of pixels of the aggregate are
summed to give the size.

• Principal component analysis (PCA) is used
to find the lengths of the principal axes. The
larger is divided by the smaller to yield a
shape ratio.

• Even if the shape ratio is close to 1, there may
be many holes in the aggregate. To measure
this a circle of the same total size as the
aggregate is created, the intersection with the
mask is performed and the result is summed.
This number is then divided by the size to
give a compactness score.
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(a) After thresholding the dif-
ferentiated image.

(b) After combining.

(c) After closing. (d) After opening.

Figure 16. Intermediate results during aggregation detection
using the mask method.

All of these statistics can be used to discard ag-
gregates that e.g. are too close to the image border,
too small, or not ‘clumpy’ enough to be of interest.

5.3.4 Create positions and weights from mask
The mask_to_position_and_weights function
tries to estimate cell positions from a mask. An
illustration is shown in Figure 17. It does this by
assigning as position the innermost point of con-
tiguous blobs.

Figure 17. Intermediate result after
mask_to_position_and_weights. Black markings are
local maxima, red markings are local maxima after pruning and
assigning weights.

To this end, the minimum Euclidean distance to
the background is calculated for every pixel (bluish

hue in Figure 17) and the local maxima found (black
marks in Figure 17). Every maximum is then as-
signed a weight which is equal to the distance to the
background. The uneven shape of aggregates and
cells generates too many local maxima, therefore
the maxima are pruned so that no two lie within
a distance corresponding to each other’s weight.

The surviving positions and the corresponding
weights (red marks in Figure 17) are then returned.

5.3.5 Create aggregations from positions and
weights
The positions_and_weights_to_aggregations
function performs Density-Based Spatial Clustering
of Applications with Noise (DBSCAN) (dbscan),
which is a clustering algorithm that clusters data
and discards outliers. The algorithm takes in two
parameters: eps and minWeight. The eps parameter
is the maximum distance between two points for
them to be considered neighbors and minWeight

is the minimum sum of weights of points in the
neighborhood for a point to be considered a core
point. Core points then bind other points within
the distance eps to the cluster as non-core points.
Any remaining points are considered noise. The
resulting clusters are considered aggregates.

The positions of the aggregates are set as the
weighted average of the included point positions,
and the size is set as the sum of the weights.

5.3.6 User interface
To make the system user-friendly a Command Line
Interface (CLI) was used with the Python argparse

module (argparse — Parser for command-line options,
arguments and sub-commands — Python documentation
2019). It takes in a set of positional and optional
argument and generates help messages. More about
the CLI is described in the user manual.

6 VALIDATION METRICS

In this section we present the quantitative and
qualitative test metrics used for tracking and the
validation metrics for aggregation.

6.1 Tracking

Four different evaluation methods were used to test
the implemented tracker. Three of these test the
quantitative robustness of the tracker and one tests
the qualitative robustness. These four methods are
described in detail below.
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6.1.1 Quantitative evaluation

Since there was no ground truth available, an ap-
proximate ground truth was visually created to be
able to test the implemented algorithms. For the first
test that implies that one of us visually followed the
cells that were evaluated and clicked in the images
to save the coordinates for the new position of those
cells in every frame. This means that the created
approximate ground truth contains some errors that
arise from not clicking on the exact same position in
the cells through all frames. The visually detected
coordinates were saved and compared with the
coordinates that the implemented tracker detected
for every cell that was evaluated. Both the ground
truth and the predicted trace was drawn linearly
between tracked points and might therefore not
be the correct path between the points. To ensure
that the program did not stop tracking a cell that
was detected as dead during the tests the death
threshold was set to a very high value during this
process. The average Euclidean distance difference
between the visually created coordinates and the
coordinates from the tracker was calculated and
analyzed as 4.

1

Ng
∗
∑

i∈g(ti)∧r(ti)

√
(xgi − xri )2 + (ygi − yri )2 (4)

where Ng represents the number of frames that
the cell was tracked, xgi represents the x-coordinate
of the ground truth in the ith frame, xri represents
the x-coordinate of the tracker in the ith frame.

This is a good enough approach for quick and
easy evaluation of the tracking algorithm and from
now this distance will be called Object Tracking
Error (OTE) (Bashir and Porikli, 2006).

The second quantitative test was to evaluate the
number of cells that the tracker was able to track
throughout all frames in a sequence. This test was
needed because even if the earlier described test
shows how accurate the tracker is it does not say
anything about how many cells that the tracker lost
throughout a sequence.

This was done by randomly choosing a number
of cells to track in a sequence and visually inspect-
ing the number of cells that were lost and determ-
ining if they were lost because they died or because
the tracker did not recognize them anymore. If the
cause of the lost track was cell death it was detected
as a correct tracking but if the cause was that the
tracker did not recognize the cell anymore it was
detected as a failed. It was hard to determine a test

limit for this test since there are no references on
how many cells that the tracker can lose and still
pass the test. Therefore this test only shows how
many cells that the tracker lost.

A third test was also conducted on the cell
detection algorithm which is a crucial part in the
tracker as it removes the tracked cell if it can not be
found in the detection image output. This test was
done by manually determining where cell nucleus,
which the detection algorithm is looking for, are
located in the phase image (Figure 18a), for all cells
visible. The same evaluation metric was applied on
the cell detection image (Figure 18b). The number
of cells in both images was counted and how many
of them that matched was noted, with a match
corresponding to points that are less than 20 pixels
apart in both images. As the test above this was also
done by manually labeling and setting the ‘ground
truth’ in the phase image, which likely results in
some error in the ground truth as well as in the
labeling of the detection image.

(a) Cells in phase image. (b) Cells in detection image.

Figure 18. Difference in phase image and detection image

6.1.2 Qualitative evaluation
While a quantitative analysis is the preferred sci-
entific method for assessing the quality of the res-
ults produced by an algorithm, there is in some
cases also merit in a qualitative analysis. One such
reason is that in many cases it is very difficult to
generate ground truth traces to compare objectively.
For example densely populated sequences may be
extremely difficult even for a human to be able to
properly label due to the high rate of misidentific-
ation between nearby cells. The distance between
two traces can also sometimes be misleading, e.g.
mistaken identity between two cells that move close
together will give a low Euclidean distance, but
obviously such a trace is not the desired outcome.
To get a better intuitive understanding of the im-
plemented algorithm, a selected number of cells
were tracked in sequences that were sparsely pop-
ulated, medium populated and densely populated
and those were visually reviewed regarding misid-
entification.
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6.2 Aggregation
6.2.1 Quantitative evaluation
In the same way as for the tracking data there
was no ground truth given in our data for the
aggregation problem. An approximate ground truth
data was created by manually labeling data as yes,
no or do not know. Ground truth was created for
the following experiments: ’w49_2018’ (121 frames),
’w8_2019’ (219 frames), ’w6’ (15 frames) and ’w4’
(496 frames). To be considered as aggregation the
aggregation should be clearly visible and have a
total size larger than 12 average-sized cells in the
image. In the evaluation our system is compared
with ground truth and a ratio of correctly assigned
labels is calculated. Images that is labelled in ‘do not
know’ are not included in the evaluation.

7 RESULTS

In this section we present quantitative and qual-
itative test results for the implemented tracking
algorithm and the validation test results for aggreg-
ation.

7.1 Tracking
The quantitative and qualitative test results of the
tracker are shown below.

7.1.1 Quantitative results
All results presented here are using the Lucas-
Kanade tracking method described in Section 5.2.4.
As discussed in Section 6.1.1 the object tracking
error (OTE) between ground truth cell traces and
predicted traces from the tracking algorithm was
used as an evaluation metric. As this distance is
dependent on the pixel resolution, it is of note that
the average cell radius in the images was observed
as about 30 pixels. Results are shown in Table 1
where three test sequences were used and ten dif-
ferent cells in every sequence were tracked. The test
sequences that were used came from an experiment
performed on 15th of November 2019 named Clara
few cells.

The test results from Table 1 were also visualized
by plotting the ground truth traces in a green color
and the predicted traces in a red color. This made
it easier to see how well the predicted traces agreed
with the ground truth traces. Figure 19 shows the
visualized result for the first tracked cell in sequence
C4_2 from Table 1.

Another test on the quantitative result of the
implemented tracker was, as mentioned earlier, the

Table 1
Test accuracy of tracking algorithm for three different

sequences and thirty different cells. The letter and number that
defines the test sequence stand for which well in that

experiment that the images were collected from. Each well
contained around five thousand cells from the start of the

experiment.

Test sequence (50 frames/sequence) OTE [Pixels]

C4_2 4.43
C4_2 2.63
C4_2 2.51
C4_2 4.14
C4_2 2.48
C4_2 6.08
C4_2 7.72
C4_2 4.60
C4_2 3.05
C4_2 3.67
B5_4 4.07
B5_4 2.62
B5_4 4.10
B5_4 3.31
B5_4 5.35
B5_4 4.63
B5_4 3.88
B5_4 5.48
B5_4 4.92
B5_4 4.66
B6_4 4.07
B6_4 2.62
B6_4 3.25
B6_4 3.82
B6_4 3.02
B6_4 2.86
B6_4 4.84
B6_4 3.46
B6_4 3.52
B6_4 3.92

Figure 19. Example trace where ground truth trace is marked as
green and predicted trace is marked as red (zoomed).
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number of cells that the tracker was able to track
throughout all frames in a sequence. This test was
performed on the four different test sequences that
were used in Table 1 and tracked in total 57 cells
throughout the three sequences. The result can be
seen in Table 2.

Table 2
Number of successful tracking instances compared to initial

amount, C4_2, B5_4, B6_4, B2_1. Observe that the result for
sequence B2_1 is in parenthesis. This sequence is more

densely populated and difficult to track and evaluate.

Test sequence (100 frames) LK Assignment

C4_2 13/19 10/19
B5_4 13/17 11/17
B6_4 16/21 13/21
B2_1 (11/49) (26/49)

Total test result 42/57(11/49) 34/57(26/49)

The third test mentioned in Section 6.1.1 was
done on 11 randomly picked images from three
different sequences where 5 of them had a bit fewer
cells than the remaining 6 with the results shown in
Table 3.

Table 3
Phase and detection image cell count comparisons. It shows
that the detection algorithm finds more detections than was
manually labeled from the phase image. Although the most
important result that can be seen is that it on average finds

96.9% (770/795) of all cells labeled as ground truth and most
likely to be chosen to be tracked.

Test sequence # cells (phase, detection) # cells (match)

C4_2 56, 61 54
C4_2 56, 66 54
C4_2 53, 60 51
C4_2 44, 51 42
C4_2 43, 54 42
B5_4 105, 118 103
B5_4 95, 104 92
B5_4 79, 94 78
B6_4 88, 101 85
B6_4 87, 101 82
B6_4 89, 108 87

7.1.2 Qualitative results
Here, three image sequences with different amount
of cell density are presented. For the low density se-
quence, Lucas-Kanade tracking was used, while the
assignment method was used for higher densities.

In Figure 20 an almost perfect tracking is ob-
served of the cells with high precision. Some cells

are immediately lost at the start of the sequence and
their traces were discarded, which may indicate a
slight selection bias for track able cells.

In Figure 21 a similar result can be seen, with
most cells being traced correctly. In Figure 22 a
slight degradation of the tracking can be seen, when
the cells get very close to each other the tracker
occasionally switches identities which indicates that
results on such sequences are not entirely trust-
worthy.

Figure 20. A typical run of the tracker on a sparsely populated
sequence.3

Figure 21. A typical run of the tracker on a sequence with a
medium sized population.5

7.2 Aggregation

The test results for aggregation are shown below.

3. https://www.youtube.com/watch?v=Mp0_cJPFsaE
5. https://www.youtube.com/watch?v=EFFP3o6CZz0
7. https://www.youtube.com/watch?v=o76drIOZnTA

https://www.youtube.com/watch?v=Mp0_cJPFsaE
https://www.youtube.com/watch?v=y50Te9p2vVQ
https://www.youtube.com/watch?v=OOWiIRWGWrE
https://www.youtube.com/watch?v=QhxBcPv2gBU
https://www.youtube.com/watch?v=Mp0_cJPFsaE
https://www.youtube.com/watch?v=EFFP3o6CZz0
https://www.youtube.com/watch?v=Mp0_cJPFsaE
https://www.youtube.com/watch?v=EFFP3o6CZz0
https://www.youtube.com/watch?v=o76drIOZnTA
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Figure 22. A typical run of the tracker on a densely populated
sequence.7

Figure 23. Output image for visual representation of the found
aggregations. The numbers in the circle gives information about
the aggregation in the following order: size, position, shape ratio
and compactness.

7.2.1 Evaluation of aggregation
Output image of detected aggregations can be
found in Figures 23 and 24. Evaluation of the two
methods used for detecting aggregates can be found
in Table 4. A a correct label in 96% of the images was
observed with the mask-based method and 95%
with the point based from the given data.

8 DISCUSSION

Overall the project has been a success. In both
tracking and aggregation detection has been suc-
cessful. In the previous section we showed that our
tracker is very precise and somewhat robust. We
also showed that our aggregation detection pro-
duces accurate labels for sequences compared to the
ground truth. What is somewhat lacking so far is

Figure 24. After positions_and_weights_to_aggregations.

Table 4
Ratio of correctly assigned images as Aggregation/No

aggregation compared to ground truth.

Experiment Mask-based Point-based

w49_2018 (121 frames) 0.992 1.000
w8_2019 (219 frames) 0.982 0.972

w6 (15 frames) 0.933 1.000
w4 (496 frames) 0.944 0.931

Total result (851 frames) 0.960 0.952

further analysis of these results. While we do have
the ability to produce several metrics and statistics,
we have not conducted a large scale investigation
and leave this as future research.

8.1 Tracking
As can be seen in the previous section our tracking
works quite well even in challenging sequences, but
there are still difficulties. As discussed earlier, cells
look very similar to each other, and in some cases
even change shape drastically between frames. This
causes issues with robustness as the Lucas-Kanade
tracker assumes temporal coherence and hence
tracking may sometimes completely fail for certain
cells.

Cells sometimes create clusters and since the
cells all have very similar appearances, it is very
hard to distinguish and next to impossible to track
the correct cell. Also, since this tool uses images
produced by IncuCyte and is used to analyze real
crucial data for a scientific purpose, there are some
restrictions. You can not make experiments with
too few cells since they would then behave differ-
ently than they would under normal circumstances.

https://www.youtube.com/watch?v=o76drIOZnTA
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The given data also have a somewhat bad time
resolution on the image sequences, where the best
sequences had a time resolution of one image per
30 min. This is also a factor that we can not change
without ruining the data, since the cells will behave
differently or even die due to the high amount of
radiation from the camera. We believe that there is
potential for further development of the tracker, and
hope future improvements will lead to even better
results.

It was observed that the Lucas-Kanade tracker
performed the best on lower density sequences
while the assignment tracker performed better on
higher density sequences. However we were unable
to create ground truth data for the high density
sequences simply due to the difficulty for humans
to accurately label them. This means that most
of our quantitative results will show bias to the
performance of the Lucas-Kanade tracker. However
we still believe that the assignment tracker is an
interesting approach, based on promising results
from target dense sequences, but more investigation
is needed to determine its accuracy.

8.2 Aggregation

As seen in Table 4, both methods performs very
well. It seems like the point-based method performs
better on some experiments and worse on others
compared to the mask-based. Our ground truth
shows that some experiments are easier and that ex-
plains why we have ratio 1:1 on two experiments (in
point-based method). In experiment w49_2018, al-
most all images are labeled as ‘yes’ in ground truth,
and here the aggregations are large and clearly
visible, in which the point based method seems
to perform better. In w6 we only have 15 frames
which makes it easier to get a higher score. Overall,
looking at all the frames in total the mask-based
method is better and can correctly label 96% of
all images in the data, but the point-based method
might be preferred when aggregations are large and
clearly visible.

Since the images from different wells in the
plates differ and sometimes light and contrast will
change over time, the most time-consuming task
was to manually tune parameters and finding the
best value that fits all images. The evaluation was
only made for large aggregations, but smaller ag-
gregations might also be of interest for the research-
ers, which is why the performance of our solution
should be further evaluated. Sources of uncertainty
will be discussed in Section 8.3.

8.3 Sources of uncertainty

The created ground truth to evaluate aggrega-
tion is based on the given data. Of these images
roughly 90% contained aggregations since a sig-
nificant amount of those experiments had a large
density of cells. Due to the more populated density
aggregations will still be found even if there are
no clumps but the cells are close enough to be
considered as such. Also the manual labeling was
somewhat challenging when considering an image
as aggregation or not. To make a better ground
truth another experiment with fewer cells should
be included.

9 FUTURE WORK

While we have greatly improved the automation of
the analysis we still have several areas of improve-
ment which are of interest to future research:

1) Tracking in densely populated sequences
is still somewhat unstable, especially when
the tracked cells move quickly. We believe
this is caused by the tracker attaching to
other nearby cells, which ‘blocks’ the track-
ing.

2) Further statistics derived from the cell trace
information of the cells. We believe that
the information we have extracted is not
complete. For example detecting cell to cell
spread of bacteria should be feasible to pre-
dict from just the combined cell traces of all
the cells. We also believe it may be possible
to combine trace information with frame in-
formation to record additional temporal in-
formation about individual cell behaviour.

3) Combining the forward pass of the data
with a backward pass for improved track-
ing and error detection. Since we always
have access to the full sequences it should
be possible to improve results by taking into
consideration the inverse movement of the
cells.

4) Implement a window that matches the spe-
cific cell better when looking for infection
and/or death. Instead of what we got now
which is a fixed windows size

5) Detecting different forms of cell aggrega-
tion and categorizing them. Right now we
provide simple statistics for the detected
cell aggregates, but it should be possible to
provide more detailed descriptions using a
priori information.
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6) At the moment we are able to register
aggregate statistics over time, e.g. sum of
aggregate sizes as in Figure 25. However,
no method to evaluate the correctness has
been developed.

7) Implement the third method in aggregation:
a point based method, utilizing the trained
U-Net model mentioned in the Section 5.2.3.

Figure 25. The sum of aggregate sizes over time.

10 CONCLUSION

In this report we have demonstrated two different
methods for automated analysis of microscopy im-
agery which we have shown perform well.

We have implemented two robust multi target
tracking algorithms. One, LK, which is very good
in sparsely populated sequences and another, As-
signment, which is able to retain identities even
in target-dense situations. We use this tracking to
extend our analysis in several ways, e.g. calculating
velocities, detecting infection and cell death, and
a multitude of derivative statistics computed from
this information.

We have also implemented automatic detection
and description of cell aggregation with two ap-
proaches and quantitatively evaluated the meth-
ods. One approach was a mask-based method us-
ing morphological operations and the other was
a point-based method with a clustering algorithm.
We conclude that the mask-based performs better
than the point-based method on more difficult data
while the point-based method is preferred when

the aggregations are large and clearly visible. The
framework developed can easily be extended and
adapted for studying aggregations in other experi-
ments.
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