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Abstract

Cell Tracking in Microscopy Images Using a
Rao-Blackwellized Particle Filter

Sofia Lindmark

Analysing migrating cells in microscopy time-lapse images has already helped the
understanding of many biological processes and may be of importance in the
development of new medical treatments. Today’s biological experiments tend to
produce a huge amount of dynamic image data and tracking the individual cells by
hand has become a bottleneck for the further analysis work. A number of cell tracking
methods have therefore been developed over the past decades, but still many of the
techniques have a limited performance.

The aim of this Master Project is to develop a particle filter algorithm that
automatically detects and tracks a large number of individual cells in an image
sequence. The solution is based on a Rao-Blackwellized particle filter for multiple
object tracking. The report also covers a review of existing automatic cell tracking
techniques, a review of well-known filter techniques for single target tracking and how
these techniques have been developed to handle multiple target tracking. The
designed algorithm has been tested on real microscopy image data of neutrophils with
400 to 500 cells in each frame. The designed algorithm works well in areas of the
images where no cells touch and can in these situations also correct for some
segmentation mistakes. In areas where cells touch, the algorithm works well if the
segmentation is correct, but often makes mistakes when it is not. A target
effectiveness of 77 percent and a track purity of 80 percent are then achieved.
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Populärvetenskaplig sammanfattning

Att detektera och följa celler i bildsekvenser tagna med mikroskopi är ett viktigt
steg för många biomedicinska tillämpningar [26]. Det kan till exempel användas
vid utveckling av nya mediciner och behandlingsmetoder, samt för att skapa en
bättre först̊aelse för hur olika processer i kroppen fungerar [36]. Att följa celler
i bildsekvenser för hand är dock ett mycket tidskrävande och enformig arbete
och automatisk cellsp̊arning är därför idag ett aktivt forskningsomr̊ade [28].

De flesta djurceller kan ändra form och röra sig inuti levande organismer och
dessa förändringar är viktiga för många grundläggande biologiska processer.
Ett exempel kan vara när en inflammation bryter ut i en organism och aktiver-
ade celler i dess immunförsvar rör sig mot det inflammerade omr̊adet. Ett an-
nat exempel är d̊a tumörceller migrerar genom vävnad, och därigenom orsakar
metastas. Att lära sig hur cellers rörelse fungerar, mekanismerna bakom och
hur de kan kontrolleras är ett aktivt och intressant forskningsomr̊ade. Analys
av celler och organismer i bildsekvenser fr̊an mikroskop har redan bidragit till
upptäckten och först̊aelsen av många biologiska processer, och sp̊as kunna vara
av stor betydelse för utvecklingen av nya medicinska behandlingar [36].

Idag tenderar dessa experiment att generera enorma mängder bilddata. Dessu-
tom inneh̊aller ofta varje bildruta ett mycket stort antal objekt av intresse.
Dessa bildsekvenser kan därför omöjligen analyseras för hand med tillräcklig pre-
cision och hastighet. Istället krävs automatiska metoder och under de senaste
decennierna har ett stort antal bildanalystekniker för att kunna upptäcka och
sp̊ara celler utvecklats [28]. En majoritet av dessa tekniker har dock en begränsad
prestanda. Som en konsekvens utförs fortfarande i många laboratorier det tid-
skrävande arbetet med cellsp̊arningen för hand, vilket begränsar och saktar ner
det fortsatta analysarbetet [33].

Syftet med detta examensarbete har varit att utveckla en algoritm som klarar
av att automatiskt upptäcka och sp̊ara ett stort antal individuella celler i bild-
sekvenser. Algoritmen är baserad p̊a ett partikelfilter för ”multiple target track-
ing”. Företaget Gradientech AB har försett projektet med mikroskopbilder och
även ”sanna” sp̊ar av cellerna, sp̊arade för hand av en expert. Dessa sp̊ar har
använts för att kunna testa den utvecklade algoritmens prestanda. För att
kunna använda en sp̊arningsalgoritm, måste de enskilda cellerna i varje bild
först detekteras av en segmenteringsalgoritm. Segmentering har inte varit fokus
för projektet och Wählby lab, vid Centrum för bildanalys vid Uppsala Univer-
sitet har hjälpt till att designa denna.

Rapporten omfattar en genomg̊ang av befintliga cellsp̊arningstekniker inom
mikroskopiomr̊adet, av välkända filtertekniker för att följa enskilda objekt, samt
hur dessa har utvecklats för att även kunna följa flera objekt. Sedan följer ett
kapitel om hur det utvecklade filtret fungerar, resultat och diskussion. Det
utvecklade filtret fungerar bra i omr̊aden av bilden där inga celler rör vid varan-
dra och klarar i dessa situationer även av att hantera vissa segmenteringsmis-
stag. D̊a cellerna är mer tätpackade och rör vid varandra fungerar filtret bra
om segmenteringen är korrekt, men filtret gör ofta misstag om s̊a inte är fallet.
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Chapter 1

Introduction

Most animal cells can move and change their shape inside organisms and these
cell migrations are central to many fundamental biological processes. Examples
could be when activated cells of the organism’s immune system migrate towards
the site of inflammation or when tumour cells migrate through tissue causing
metastatic cancer [36]. To get a better understanding of biological processes,
detecting and tracking migrating cells in time-lapse microscopy has become an
important step in many biomedical experiments [26] and it will probably play
an important role in the development of new medicines and treatments [36].

Biological experiments of today tend to generate huge amounts of dynamic
image data showing several objects at the same time. The image sequences
can therefore not be analysed manually with su�cient speed and accuracy. In-
stead automatic computerized methods are required and over the past decades
a number of image analysis techniques for cell tracking have been developed.
However, a majority of these techniques have a limited performance [28]. As
a consequence tracking is still performed by hand in many laboratories [33],
limiting and slowing down further analytical work.

There are some reasons why many, in other areas well-used, tracking tech-
niques often give an unsatisfactory result in the cell tracking area. One di�culty
is that cells can touch and overlap, which makes it hard to decide whether there
is one or more cells in the detections. There are also usually a lot of cells in
each frame, which can worsen the problem of touching cells, but also consider-
ably slows down the algorithms. For an example of a cell image see Figure 1.1,
showing one of the frames in the sequence used for this project. Many of the
cells touch a neighbouring cell and there are over 400 cells in the image.

Living cells can also move and reshape, normally in a way that is di�cult
to describe with a simple motion model, and also appear or disappear in the
image by moving into or out of the field of view. In addition, cells can undergo
mitosis (cell division) or apoptosis (cell death). For a satisfactory tracking result
a solution must include models for this. For an example of cell behaviour, see
Figure 1.2. One cell is almost still, another cell migrates while the third cell
disappears.
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Figure 1.1: Example of one frame in the image sequence used for this project.
The cells are neutrophils, a type of white blood cells.

Figure 1.2: Cells in 3 adjacent frames. The cell inside the yellow circle is almost
stationary, the cell inside the red circle migrates and the cell inside the blue
circle disappears.

The aim of this Master Project is to develop a particle filter algorithm that
automatically detects and tracks a large number of individual cells in an image
sequence. The company Gradientech AB has provided the project with micro-
scope images of cells, and also ”true” tracks of the cells, tracked by hand by an
expert. In order to use a tracking algorithm, the individual cells in each frame
need to be detected by a segmentation algorithm. As the main focus of the
project is the design of a tracking algorithm, the Wählby lab at the Centre for
Image Analysis at Uppsala University has helped to design this.
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1.1 Goal

The objective of this project is to design an algorithm that automatically tracks
multiple objects in microscopy time-lapse images. The algorithm will be based
on particle filters for multiple target tracking.

1.2 Gradientech AB

Gradientech AB is company based in Uppsala, Sweden, that develops and sup-
plies microfluidic assays for real-time live cell imaging. Their technology enables
the formation of gradients in substances of cell cultures, which makes it pos-
sible to replicate gradients found in vivo and analyse their e↵ects on complex
biological systems. The company was founded in 2009.

1.3 Outline

The rest of the report is structured in the following way. An overview of the
cell tracking area and some existing cell tracking methods can be found in
Chapter 2. The segmentation step, where the individual cells are separated from
the background, is also described in more detail. In Chapter 3, some tracking
methods for single target tracking are reviewed, like the well-known Kalman
filter and especially the particle filter. An example of a particle filter used to
track a single cell is also to be found in this chapter. In Chapter 4, di↵erent
methods to associate measurement with tracks, with focus on particle filters,
are described. Others’ work on particle filters for multiple target tracking is
also reviewed. Chapter 5 describes the layout and ideas behind the cell tracking
algorithm designed and tested in this project. In Chapter 6, example runs of
the algorithm are shown and the performance is tested. Finally, in Chapter 7,
a summary, conclusions and suggestions of future work can be found.
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Chapter 2

General Cell Tracking

The understanding of cell migration, the mechanisms behind it and how they
can be controlled have already helped the understanding of many biological pro-
cesses and may be of big importance in the development of new medical treat-
ments [36]. Today’s laboratory experiments generally produce huge amounts
of image data showing a large number of cells in each frame. Analysing the
sequences by hand is a time consuming and monotonous work and automatic
computerized methods are therefore desired. Over the past decades a number
of cell tracking techniques have been developed [28], but many of the techniques
still have a limited performance [33].

2.1 Approaches to Cell Tracking

Since the early 1980s, a lot of research has been done in the field of automatic
cell tracking and a wide range of articles have naturally been published. Even
though there are many di↵erent approaches, the underlying concepts are in many
cases the same. Normally, the approach consists of the following steps [28]:

• Preprocessing – prepare the images for an easier analysis. Background
noise is reduced and frames from the same sequence are aligned if needed.

• Segmentation – detect individual cells in each frame.
• Association – create cell tracks, i.e. the detected cells in each frame are
linked together.

• Analysis – derive motion parameters.
These steps are described in more detail in Section 2.3– 2.6.

2.2 Key Labs in the Area

There are many active research labs in the automatic cell tracking area and this
is only a brief overview of some of them.

The Biomedical Imaging Group Rotterdam focuses on developing and val-
idating techniques for the processing and analysis of large, heterogeneous and
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complex biological image data sets. It is a collaboration between the Depart-
ment of Medical Informatics and the Department of Radiology at the Erasmus
MC - University Medical Center, in the Netherlands [27] [28] [33].

Joakim Jaldén and Klas Magnusson at the Department of Signal Processing
within the School of Electrical Engineering at KTH, Sweden, are developing
a cell tracking software based on an iterative application of the Viterbi algo-
rithm [25].

Professor Takeo Kanade’s Cell Image Analysis Group at Carnegie Mellon
University, USA, is developing fully-automated computer vision-based cell track-
ing algorithms together with a web-based system that can track whole popula-
tions of cells on test chips in real-time [5] [24].

The Quantitative Image Analysis unit at Institut Pasteur, France, is devel-
oping computer vision and image analysis tools for the processing and quan-
tification of biological images, with focus on multi-channel temporal 3D se-
quences [12] [36].

The Wählby lab, based at the Centre for Image Analysis at Uppsala Uni-
versity, Sweden, is developing methods and software to quantify and extract the
valuable information in microscopy images [2] [35].

The Carpenter Lab, at the Broad Institute of MIT and Harvard, USA, is
developing the free and open-source software CellProfiler, used for automatic
quantification of a variety of phenotypes in biological images [10].

2.3 Preprocessing

The signal-to-noise ratio (SNR) is an important factor influencing the tracking
performance. It has been shown that the accuracy of many common tracking
algorithms degrades fast when the SNR falls below levels that are common in
microscopic imaging. Therefore it is of vital importance to apply noise reduction
techniques before tracking. The most dominant background noise normally
follows a Poisson distribution and nonlinear filtering techniques, like median
filtering, are mainly used [28].

A common tool to align and stabilize images is the Image Stabilizer plug-in
for ImageJ [23]. This plug-in is based on the Lucas-Kanade algorithm for optical
flow estimation.

2.4 Segmentation

There is a huge variability and complexity in cell image data, which makes the
segmentation step a hard problem and di↵erent approaches must be used with
di↵erent data sets. Most approaches however create a segmentation pipeline
based on filtering steps and mathematical operations in combination with a few
basic segmentation concepts, like intensity thresholding, morphological filtering,
feature detection, watershed transform or deformable model fitting [27].
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The segmentation pipeline used in this project is created in the software
CellProfiler [10] by Carolina Wählby and Sajith Kecheril Sadanandan at the
Centre for Image Analysis, Uppsala University. It contains the following steps,
which are also visualized in Figure 2.1:

• Step 1 – Enhance bright cells: a white top hat transform is used on the
original image to create a new image where the bright cells are enhanced.

• Step 2 – Enhance dark cells: a rolling-ball algorithm is used on the original
image to create a new image where the dark cells are enhanced.

• Step 3 – Combine: the two images created in Step 1 and Step 2 are added
together. This creates an image where both the dark and the bright cells
are enhanced.

• Step 4 – Smooth: a Gaussian filter is applied to the image created in Step
3 to smoothen the image and reduce over-segmentation.

• Step 5 – Find cells: intensity thresholding is applied to the image created
in Step 4 to separate the cells from the background. To distinguish cells
in clusters, the watershed algorithm is used.

Since image segmentation has not been the main focus of this project, we
will only briefly introduce the algorithms and filters present in these steps at a
general level.

A white top hat transform is the greyscale image subtracted by the morpho-
logical greyscale opening of the image [10].

The rolling-ball algorithm uses morphological reconstruction to find dark
areas within brighter areas. Reconstruction is a morphological transformation
that uses two images, instead of a single image, and a structuring element. The
original image is inverted. Successive, morphological erosion of the inverted
image is performed and the eroded image is then reconstructed. The result is
an image missing the brightest peaks (the dark areas before inversion). The
reconstructed image is then subtracted from the previous reconstructed image.
The result is an image with circular bright spots at the earlier dark areas, with
a radius proportional to the number of iterations performed [10].

A Gaussian filter is a linear smoothing filter with the weights chosen accord-
ing to the shape of a Gaussian function [19]. For image processing, the discrete
zero-mean two-dimensional Gaussian function,

g[i, j] = e�
(i2+j2)

2�2

is normally used, where i and j are the row and column indices of a pixel
and �2 is the spread parameter, determining the width of the Gaussian. The
filtered image h[i, j] is then given by a convolution of the original image f [i, j]
with the Gaussian filter g[i, j],

h[i, j] = f [i, j] ? g[i, j].

Intensity thresholding was the first algorithm used for cell segmentation and
is still one of the most common techniques. If the cells have a consistently
di↵erent intensity than the background, intensity thresholding works fine as the
only step in the pipeline. In practice though, cells often have intensity similar
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Figure 2.1: Segmentation example. a) Original image. b) Bright cells are
enhanced. c) Dark cells are enhanced. d) The two images in b) and c) are
combined. e) A smoothing filter is applied to the image d). f) Segmentation
result. Images b)-f) are created in the software CellProfiler [10].

to the background and using only intensity thresholding gives bad results. To
automatically get a threshold value, a statistical analysis of the image histogram
is performed. Cells can either be separated globally with a fixed threshold for
the whole image or locally by an adaptive threshold [27].

The intuitive idea underlying the watershed transform is that a drop of water
falling on a landscape will flow towards the lowest point in the surrounding. An
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area where all drops of water will flow towards the same point is seen as one
segment and the divide lines of the domain is the watershed. Another way of
seeing this is to fill up the landscape with water from sources placed in local
minima. At points where water is coming from di↵erent basins, barriers are
built. For image segmentation this approach is simulated [29]. The watershed
algorithm is a popular segmentation approach, but it often produces an over-
segmentation of the image and further processing is normally required to merge
some of the segments [27]. In figure 2.1 over-segmentation has been reduced by
applying a smoothing filter to the image prior to watershed segmentation.

2.5 Association

After the cells in the frames are detected, the connections between them must
be established. This has been the main work of the thesis and more details can
be found in Chapter 3 and Chapter 4.

The association step is not a trivial part, mainly since there can be a few
hundred cells in each frame, the number of cells can change over time and the
segmentation algorithm may have made some mistakes.

Association algorithms can be classified into ”local” or ”global” methods.
Local methods associate one cell in a frame to a cell in the next in a per-
cell fashion. When there are many closely spaced cells, this is normally not
good enough. Global methods, where neighbouring cells or even all cells are
used simultaneously, are generally preferred for more reliable results in complex
situations. The drawback is that they are usually harder to implement and
more computationally demanding.

To link cells between di↵erent frames, distance measures are specified. It can
simply be the spatial distance between measurements in two adjacent frames
or the spatial distance between a measurement in a frame and the predicted
position according to a motion model of the cell. Distance measures can also
be described by features like cell area, texture or intensity. A mix of di↵erent
measures is often used [28].

2.6 Analysis

Before deriving motion parameters from the results from an automated cell
tracking algorithm, it is usually a good rule to verify the results first. This
can be done by looking at the resulting cell movements in a frame-by-frame
way, or better by using more advanced visualisations techniques for spatiotem-
poral data. Once the results are verified, desired motion parameters can be
calculated [28].
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2.7 Evaluation of the Algorithm

The goal of a tracking performance measure is to evaluate the ability of the
cell tracking algorithm to detect and follow cells over time. Currently there is
no standardized cell tracking measure available [26]. In the papers [5] and [25]
they use target e↵ectiveness and track purity. These parameters are easy to
compute, and still includes important aspects of the tracking performance.

To compute target e↵ectiveness of a single track, each ground truth target is
assigned to the computed track that has the most observations in common. Tar-
get e↵ectiveness is then computed as the number of these common observations
divided by the total number of frames in which the target appears. This mea-
sure thus describes how many frames of targets that are followed by computed
tracks. Track purity is defined in a similar way, but with the roles of tracks
and targets reversed, and describes how well tracks are followed by targets. To
compute target e↵ectiveness and track purity for the whole data set a weighted
average of the individual measures in the set is used, where the weights are
based on the length of the trajectories.

2.8 Challenges

An important challenge in automatic cell tracking is the fact that cells can touch
or overlap. These situations can be di�cult even for an expert. One possibility
is to study cells in isolation. However, it is known that cells interact and thus
to get a total understanding of the migration it is often necessary to study cells
in a more realistic environment. In these cases a solution can be to use prior
knowledge of the cells like a known shape or the fact that some cells have an
almost constant volume over time. Sometimes another possibility is to track the
nuclei instead of the whole cells [36].

In addition to cell migration, living cells can also divide (mitosis) and die
(apoptosis). For a correct tracking result an automatic algorithm must include
models for these situations. A tracking algorithm must also handle situations
where new cells appear or disappear in the image by moving into or out of the
field of view.

Another challenge is that there can be a lot of cells in an image sequence.
This can aggravate the already mentioned problem of touching or overlapping
cells, but also considerably slow down the algorithms.

2.9 2-D or 3-D

Most studies on cell migration are still done in 2-D environments, even though
it is known that cells can behave quite di↵erently in 3-D scenarios. An example
could be tumour cells treated with drugs. In 2-D environments the drug suc-
cessfully blocks the migration, while in an artificial 3-D scenario the cells can
still move. Therefore, it is sometimes necessary to study cell migration in 3-D
environments and several methods are being developed. For instance, a stack
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of individual slices of 2-D images can be used together with triangulation to re-
construct the cell in 3-D, although the result is a faceted version of the true cell.
An alternative is to use active surfaces, which gives a 3-D image. When working
with 3-D images it is possible to further incorporate biological constraints, for
example that cell volumes normally remain approximately constant [36].

The data used in this study are 2-D images, but the models and algorithms can
easily be extended to 3-D environments.

2.10 Microscopy Techniques

Three commonly used light microscopy techniques for imaging migrating cells
are bright field microscopy, phase contrast microscopy and fluorescence mi-
croscopy. The type of microscopy used strongly a↵ects the final images [36],
as seen in Figure 2.2.

Figure 2.2: Example of light microscopy images. The first frame is taken with
phase contrast microscopy and the second one with fluorescence microscopy (last
frame retrieved from [1]).

Bright field microscopy is the simplest of the three techniques. The specimen
is illuminated with white light and the image is formed mainly by absorption
of the transmitted light in dense areas of the specimen. Usually some kind of
staining is used as most cells are more or less invisible without this. Bright
field technique can result in a low contrast but it is still a well-used technique
because of its simplicity [22].

In phase contrast microscopy the image is formed as a result of interference
between light beams that have passed through the specimen and a reference
beam. Contrast is obtained because of di↵erent refractive indices within the
specimen. The equipment needed for phase contrast microscopy is normally
more expensive than the one for bright field microscopy, but the advantage is a
better contrast in the images [22].

In fluorescence microscopy, fluorescent molecules are used to create the im-
age. It is most common to introduce exogenous molecules such as the green
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fluorescent protein (GFP). The specimen is illuminated with light that will ex-
cite fluorescence in dyes. By using variants of GFP or other proteins such as
red fluorescent protein, it is possible to even take multicolour images of living
cells [34]. Worth noting is that any kind of manipulation of the cells, such as
introducing GFP, may have an e↵ect on the cells behaviour.

The images used in this project are phase contrast microscopy.

2.11 Existing Automated Cell Tracking Meth-
ods

A summary of existing automated cell tracking methods can be found in [36]
and [28] and a comparison between commonly used and up-to-date algorithms
can be found in [13] and [26].

Early cell tracking algorithms were often based on a nearest neighbour ap-
proach or a smooth-motion criterion [33]. Such algorithms work well for image
data showing only a small number of clearly distinguishable cells that are easily
separated from the background, but fail in other cases such as noisy images [11].
Algorithms based on minimal cost path searching for spatiotemporal tracking
have also been proposed [33]. However, as has been observed in [9], such algo-
rithms fail when either the object trajectories cross or come close to each other
or when the number of cells is large.

To achieve the same, or even higher, level of performance and accuracy as
an expert human observer, the algorithm must use prior knowledge about the
dynamics of the current analysed cells and temporal information in a better way
than these early algorithms [28]. In the paper [25] they use a batch algorithm
based on an iterative application of the Viterbi algorithm. In the paper [14],
they use a probabilistic data association in combination with a Kalman filter
and in the article [12] multiple hypothesis tracking is used. All these approaches
give better and more accurate results than earlier, more elementary methods.

Particle filters for target tracking have previously been used for radar- and
sonar-based tracking, mobile robot localization and video surveillance. How-
ever, in computer vision applications tracking is usually limited to only a few
objects, while biological applications usually require tracking algorithms capa-
ble of handling a large and time-varying number of objects [33]. The advantage
of biological applications is that they normally do not require on-line meth-
ods, like for example the surveillance area, which makes it possible to use more
computationally demanding algorithms [25].

During the last decade, particle filters have been developed and used in
the cell tracking area, with results at least as accurate and robust as other
popular tracking methods. An example is a particle filter used to track objects
in fluorescence images described in article [33].
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Chapter 3

Single Target Tracking

In order to analyse a dynamic system, two models are needed: the system model
and the measurement model. The system model (3.1a) is a predefined model
that predicts the evolution of the states x

k

over time, while the measurement
model (3.1b) relates the noisy measurements y

k

, possibly from several sensors,
to the states x

k

[3][33]

x
k+1

= f
k

(x
k

, w
k

), (3.1a)

y
k

= h
k

(x
k

, v
k

), (3.1b)

where f
k

and h
k

are linear or nonlinear functions of the state x
k

, w
k

is the
process noise and v

k

is the measurement noise.
In general, an estimate of the state is required every time a new measure-

ment is received. Instead of handling the data as a batch and reprocessing the
complete data set every time a new measurement is available, the tracking al-
gorithms are preferably written so the data is processed sequentially using only
the latest measurements [3].

3.1 Bayesian Tracking

The Bayesian approach to estimate the state of a system aims to construct
the posterior probability density function p(x

1:k

|y
1:k

) of the states based on
all available information. Since this pdf embodies all obtainable information,
this can be seen as the complete solution to the estimation problem. A point
estimate of the state and also its accuracy can be extracted from this pdf, but
this solution is only analytically tractable under special conditions, including
the Kalman filter [3].

The two noise processes w
k

and v
k

in the system model (3.1) are assumed to
be independent and identically distributed (i.i.d.). It is also assumed that the
initial pdf, the prior, p(x

0

|y
0

) ⌘ p(x
0

) is available. The desired pdf p(x
k

|y
1:k

)
is then obtained recursively in two stages; the prediction and the update stage.
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In the prediction stage the system model (3.1a) is used via the Chapman-
Kolmogorov equation to obtain the prior pdf of the state

p(x
k

|y
1:k�1

) =

Z

p(x
k

|x
k�1

)p(x
k�1

|y
1:k�1

)dx
k�1

,

where the Markov property p(x
k

|x
k�1

, y
1:k�1

) = p(x
k

|x
k�1

) has been used.
In the update stage a new measurement y

k

becomes available. Via Bayes’
rule, this is used to update the prior

p(x
k

|y
1:k

) =
p(y

k

|x
k

)p(x
k

|y
1:k�1

)

p(y
k

|y
1:k�1

)
,

where the denominator is

p(y
k

|y
1:k�1

) =

Z

p(y
k

|x
k

)p(x
k

|y
1:k�1

)dx
k

.

The likelihood function p(y
k

|x
k

) is described by the measurement model (3.1b).
As mentioned earlier this optimal Bayesian solution can only be determined

analytically in some special cases, including the Kalman filter. When an ana-
lytic solution does not exist, approximations like the extended Kalman filter or
particle filters are needed.

3.2 The Kalman Filter

The Kalman filter originally appeared in [20], 1960. The filter considers the
special case when the system model (3.1a) and the measurement model (3.1b)
can be described by the linear system

x
k+1

= F
k

x
k

+ w
k

, (3.2a)

y
k

= H
k

x
k

+ v
k

, (3.2b)

where the random variables w
k

and v
k

have covariances Q
k

and R
k

respectively.
The Kalman filter is initialized by x̂

1|0 = E(x
0

) and P
1|0 = Cov(x

0

) and
then implemented by the following recursions

1. Measurement update equations

x̂
k|k = x̂

k|k�1

+K
k

(y
k

�H
k

x̂
k|k�1

),

P
k|k = P

k|k�1

�K
k

H
k

P
k|k�1

,

where

K
k

= P
k|k�1

HT

k

(H
k

P
k|k�1

HT

k

+R
k

)�1.
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2. Time update equations

x̂
k+1|k = F

k+1

x̂
k|k,

P
k+1|k = Q

k

+ F
k+1

P
k|kF

T

k+1

.

If the linear assumptions hold, the Kalman filter is the best linear unbiased
estimate. If w

k

, v
k

and x
0

are Gaussian it is also the maximum variance estimate
[16].

3.3 The Extended Kalman Filter

If the dynamic system

x
k+1

= f
k

(x
k

, w
k

),

y
k

= h
k

(x
k

) + v
k

,

is nonlinear it cannot be written on the form (3.2). To describe the nonlin-
earity the extended Kalman filter (EKF) uses a local linearisation of the equa-
tions. Then the predictive and posterior distributions are approximated by
Gaussians [3]

p(x
k+1

|y
1:k

) ⇡ N (x
k+1

; x̂
k+1|k, Pk+1|k),

p(x
k

|y
1:k

) ⇡ N (x
k

; x̂
k|k, Pk|k),

where x̂
k+1|k, x̂k|k, Pk+1|kand P

k|k are given by the following recursions

1. Measurement update equations

x̂
k|k = x̂

k|k�1

+K
k

(y
k

� h
k

(x̂
k|k�1

)),

P
k|k = P

k|k�1

�K
k

Ĥ
k

P
k|k�1

,

where

K
k

= P
k|k�1

ĤT

k

(Ĥ
k

P
k|k�1

ĤT

k

+R
k

)�1.

2. Time update equations

x̂
k+1|k = f

k+1

(x̂
k|k),

P
k+1|k = Q

k

+ F̂
k+1

P
k|kF̂

T

k+1

,
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where F̂
k

and Ĥ
k

are linearisation of the nonlinear functions f
k

and h
k

F̂
k+1

=
df

k+1

(x)

dx

�

�

�

�

x=x̂k|k

,

Ĥ
k

=
df

h

(x)

dx

�

�

�

�

x=x̂k|k�1

.

The EKF is thus based on the first term in a Taylor expansion of the nonlinear
functions. As long as the rest term is small the EKF works well. As a rule of
thumb, the rest term can be considered small if either the model is almost linear
or the SNR is high [16].

3.4 Particle Filter

The first hints of the particle filter date back to the 50s and the article [17].
However, it was not until 1993 when the seminal work [15] was published that
the particle era started and the first implementation of today’s method was
provided [16].

The particle filter is a technique where Monte Carlo simulations are used
to approximate the prediction and update equations in the recursive Bayesian
filter. The idea is to use a discrete set of random samples (particles) with associ-
ated weights to represent the posterior density function p(x

1:k

|y
1:k

). The set of
particles is then propagated through time, and the weights are continuously up-
dated. From the particles and weights, the desired estimates can be calculated.
When the number of particles grows the particle filter estimate approaches the
optimal Bayesian estimates [3].

To implement a particle filter, the posterior density function is approximated
by a set of N

p

weighted particles [3]

p(x
0:k

|y
1:k

) ⇡
Np
X

i=1

wi

k

�(x
0:k

� xi

0:k

),

where x
0:k

= {x
k

0 , k0 = 0, 1, . . . , k} is the set of all states up to the current
time and {xi

0:k

, i = 1, . . . , N
p

} is the set of particles with associated weights

{wi

k

, i = 1, ..., N
p

}. The weights are normalized,
P

Np

i=1

wi

k

= 1.
Initially, a set of particles is generated xi

0

⇠ p(x
0

), i = 1, ..., N
p

and as-
signed equal weights wi

0

= 1/N
p

. The prediction and update equations are then
approximated by the following recursions [16], summarized in Table 3.1.

First, by sampling from a proposal distribution q(x
k+1

|x
1:k

, y
k+1

), the par-
ticle positions at time k + 1 are generated using the earlier particle positions
and the current measurements y

k+1

xi

k+1

⇠ q(x
k+1

|xi

k

, y
k+1

).
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The choice of proposal distribution can have a huge e↵ect on the e�ciency
of the particle filter. The optimal proposal distribution is q(x

k+1

|xi

k

, y
k+1

) =
p(x

k+1

|xi

k

, y
k+1

), but this density is normally too di�cult to sample from. In
practice, the kinematic prior p(x

k+1

|x
k

) is often used. However, for the same
number of particles, a more sophisticated choice of the proposal distribution
would lead to a more accurate result.

Second, the particle weights are updated

wi

k+1

= wi

k

p(xi

k+1

|xi

k

)p(y
k

|xi

k

)

q(xi

k+1

|xi

k

, y
k+1

)

and the weights are normalized
P

Np

i=1

wi

k

= 1. If the kinematic prior is used as
the proposal distribution, the weight equation simplifies to

wi

k+1

= wi

k

p(y
k

|xi

k

).

Finally a resampling step is used to remove particles with very low weights.
Without this step, one particle will have almost all the weight after just a
few iterations. Di↵erent strategies exist. One common approach is to use the
e↵ective sample size, N

e↵

, defined as

N
e↵

=
N

p

1 + V ar(
p(x

i
k|y1:k)

q(x

i
k|xi

k�1,yk)
)
.

This measure can not be evaluated exactly and instead an estimate N̂
e↵

of N
e↵

is used

N̂
e↵

=
1

P

Np

i=1

(wi

k

)2
.

When N̂
e↵

is below a predefined threshold, resampling is performed. Another
strategy is to resample in every time step. In the resampling step, N

p

samples

are drawn from the particle set {xi

1:k

}Np

i=1

, where the probability to take sample
i is wi

k

. All particles are then assigned equal weights, wi

k

= 1/N
p

. The result is
that particles with high weights are duplicated, while particles with low weights
are eliminated. For the full algorithm, see Table 3.2, where U(a, b) is the uniform
distribution on the interval a to b.

The mean can then be approximated by

x̂
1:k

⇡
Np
X

i=1

wi

k|kx
i

1:k

.
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Table 3.1: A bootstrap particle filter for single target tracking

Algorithm: Bootstrap particle filter

Initialization: Generate xi

0

⇠ p(x
0

), i = 1, ..., N
p

. Let wi

0

= 1/N
p

Iteration: For k = 1, 2, ...
• For i = 1 : N

p

– Draw: xi

k

⇠ q(x
k

|xi

k�1

)
– Update the weights wi

k

= wi

k�1

p(y
k

|xi

k

)
• Normalize the weights. For i = 1 : N

p

w⇤i
k

=
wi

k

P

Np

j=1

wj

k

• Estimation: x̂
1:k

⇡
P

Np

i=1

w⇤i
k

xi

1:k

• Resample: draw N
p

samples from the particle set
�

xi

k

 

Np

i=1

,
according to the resampling algorithm described in Table 3.2

Table 3.2: A resampling algorithm that can be used for resampling in particle
filters.

Algorithm: Resampling

[
n

x⇤j
k

, w⇤j
k

o

Np

j=1

] = resample[
�

xi

k

, wi

k

 

Np

i=1

]

• Construct a cumulative distribution function:
– Initialize: c

w,1

= 0
– For i = 2 : N

p

⇤ c
w,i

= c
w,i�1

+ wi�1

k

• Decide a starting point: u
1

⇠ U(0, 1/N
p

)
• For j = 1 : N

p

– u
j

= u
1

+ 1/N
p

(j � 1)
– While c

w,i

< u
j

⇤ i = i+ 1
– Assign state: x⇤j

k

= xi

k

– Assign weight: w⇤j
k

= 1/N
p
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3.5 A Particle Filter Used for Single Target Track-
ing

To demonstrate the particle filter for single object tracking, the filter defined in
Table 3.1 is used to track a single cell. The procedure is described in more detail
in the following paragraphs, and for an illustration of one step see Figure 3.1

• First the area of the cell is detected in each frame using the segmentation
algorithm described in Section 2.4. From these detections the center of
mass of the cell can be calculated, and these (x,y)-coordinates are used as
measurements y

0

. . . y
k

in the particle filter.
• The particle filter is then initialized by generating N

p

particles from the
probability distribution p(x

0

). For this example we simply use the two-
dimensional normal distribution N (µ,⌃) with mean set to y

0

. This gives
N

p

particles spread out around this first measurement.
• Then, each of the N

p

particles is propagated according to a Wiener motion
model, see equation 5.3, and the weights are updated depending on how
well the particle describes the measurement.

• Next is the resampling step. In the resampling step N
p

samples are drawn
from the particle set, where the probability to take one sample is its weight.
The result is that particles with low weights are removed and particles
with higher weights are duplicated. All particles are then assigned equal
weights.

• Finally, a weighted sum of the particles is used as the estimate of the
cell’s position. The track is obtained by simply connecting the previous
estimates.

For an example of a tracked cell see Figure 3.2. The red line is the track.
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Figure 3.1: Frame 1: Estimated position of the cell at time t
1

. Frame 2:
Segmentation result (red circle) of the cell’s position at time t

2

. Frame 3:
Particles (blue dots) are propagated according to a motion model. Frame 4:
Particles (blue dots) are resampled according to the resampling scheme. Frame
5: The estimated positions of the cell at time t

1

and time t
2

are linked together
to form the estimated track of the cell.

Figure 3.2: Single cell tracked between time t
1

and time t
6

using the particle
filter described in Table 3.1.
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Chapter 4

Multiple Target Tracking

Multiple target tracking is a considerably more complex problem than single tar-
get tracking since the measurements are not only used to estimate the tracks,
they must also be associated with the correct track. An e↵ective measurement-
to-target association can be regarded as the main task in multiple target track-
ing [33].

The easiest approach for association is the nearest neighbour (NN) approach,
where the measurement closest to the estimated track simply is associated with
it. For example in Figure 4.1, T

1

would be associated with M
1

and T
2

with M
3

.
If two tracks are closest to the same measurement, they will both be associated
with it [7].

The global nearest neighbour (GNN) approach is similar to NN approach,
with the di↵erence that one measurement can at most be associated with one
track. To speed up the calculations only measurements within a circle, a gate,
around the estimate are considered, see Figure 4.1. The radius of the gate
generally depends on the uncertainty of the estimate. Since the GNN approach
only considers the single most likely hypothesis for track update, problems can
easily arise when there are false alarms in the data set or when two targets are
close to each other [7].

In the tracking literature, data association methods are typically divided into
two main classes, unique-neighbour data association methods and all-neighbours
data association methods. Both the NN approach and the GNN approach belong
to the first class, in which each measurement is associated with one of the
existing tracks. Also the well-used multiple hypothesis tracking (MHT) can be
mentioned as an example of this class. In the all-neighbours data association
methods class, all measurements are instead used to update all existing tracks.
An example is the joint probabilistic data association method (JPDA) [6].
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Figure 4.1: Example of a data association situation where only the measure-
ments within gates around the predicted target positions are considered. T

1

can
therefore only be assigned to M

1

or M
2

and T
2

only to M
2

and M
3

. The final
association depends on the tracking algorithm.

4.1 Multiple Hypothesis Tracking (MHT)

The MHT algorithm forms di↵erent data association hypotheses every time more
than one measurement can be associated with a track. Then, instead of picking
the best hypothesis as in the GNN approach, all hypotheses are propagated into
the future where new incoming data hopefully will help to solve the uncertainty.
For example in Figure 4.1, eight di↵erent hypotheses can be formed. The most
likely hypothesis is that T

1

is associated with M
1

and T
2

with M
3

. Another
possible, but less likely, solution could be that T

1

is associated with M
2

and
T
2

with M
3

. Another highly unlikely, but still feasible, hypothesis is that all
measurements form new tracks. Every time new measurements are obtained,
new hypotheses will be created. Therefore it is necessary to delete the most
unlikely tracks to avoid an explosion of tracks. The most likely track or a
weighted average of the tracks is presented to the user [7].

4.2 Joint Probabilistic Data Association (JPDA)
Method

The JPDA method uses a weighted sum of all observations inside the gate to
update the track. The weights depend on the probability that one measurement
belongs to one track and the idea is that uncertain associations can be avoided
by letting more than one measurement contribute to the estimate. Another
undesired e↵ect is that one measurement can contribute to the update of two or
more tracks. This e↵ect leads to the problem that nearby tracks tend to come
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together. For example in Figure 4.1, if M
2

updates both T
1

and T
2

, these tracks
will be drawn together [7].

4.3 Particle Filter for Multiple Target Tracking

Particle filter methods for multiple target tracking can be seen as generalizations
of the MHT algorithm, but instead of propagating the most probable hypothe-
ses, the tracking and data association problem is modelled within a Bayesian
framework and Sequential Monte Carlo methods are used to estimate the poste-
rior distribution. The particle filter has the advantage that the model can be on
any form, although the number of particles needed to obtain a good accuracy
may be high [30].

The extension of a single target tracking particle filter to a multiple target
tracking filter can be made in di↵erent ways. One way is to simultaneously run
a single target particle filter per track. This works well if the tracks are well
separated and the association problem can be solved without ambiguities. In
other cases an extra algorithm, like the JPDA algorithm or the MHT algorithm,
must be used for the association step [32]. A second approach is to use a unique
particle filter with a single-target state space. This has the e↵ect that di↵erent
particles in the filter may be tracking di↵erent targets. The drawback with this
approach is that particles tracking occluded objects will quickly be discarded in
the resampling step (due to low weights) [18]. Finally, a third approach is to
use one particle filter, but extend the dimensions of the particles to the sum of
each target’s individual state space. This approach is frequently used in articles
and will be used for this project.

A blend between a particle filter and the MHT algorithm, called the proba-
bilistic multiple hypothesis tracker was introduced in [18]. Also particle filters
and the JPDA filter have been used together in for example [8] and [21] and
work on particle filters together with probability hypothesis density was done
in [32]. A Rao-Blackwellized particle filter is described in the article [31], and
is the main article used for designing the filter in this project. This is described
in more detail in the subsequent chapter.
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Chapter 5

Design of Cell Tracking
Algorithm

The main ideas of the implemented filter come from the article Rao-Blackwellized
particle filter for multiple target tracking by Särkkä, Vehtari and Lampinen [31].
Each particle in the filter describes the whole state space, i.e. the dimensions
of the particle are the sum of each target’s individual state space. The algo-
rithm estimates the number of tracks, and can therefore handle an unknown
and changing number of cells in the sequence. It can thus start or finish a track
when a cell for example moves in or out of the field of view. The implemented
filter can also to some extent deal with false detections.

Some modifications of the particle filter in [31] have been made to better
suit the cell-tracking application. One change is that the filter runs each frame
twice. First, the associations are only performed for tracks with no ambiguities,
and then, in the second run, the rest of the associations are done. This way,
uncertain associations do not interfere with the highly certain ones. Another
modification is that the weight of a particle is lowered if that particle associates
a measurement to a track in a di↵erent way than the majority of the parti-
cles. Finally, the size of the segmentation result will influence if more than one
association can be done to the same detection.

5.1 State Space Model of the Cells

The state vector of all cells j = 1 . . . N
t

is the position and velocity of the cell,
x

k,j

= [x
k,j

y
k,j

ẋ
k,j

ẏ
k,j

]T and all cells are described by the state space model

x

k+1,j

= F
k,j

x

k,j

+ w
k,j

, (5.1)

y
k

= H
k,j

x

k,j

+ v
k,j

, (5.2)

where the random variables w
k,j

and v
k,j

have covariances Q
k,j

and R
k,j

re-
spectively. The system model 5.1 is assumed to be a white noise acceleration

27



model [4]
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where w
k,j

is process noise with

E[w
k,j

] = 0,

E[w
k,j

wT

k,j

] =

2

6

6

4
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3
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q.

The measurement model (5.2) is assumed to be

y
k,j

=



1 0 0 0
0 1 0 0

�

2

6

6

4

x
k,j

y
k,j

ẋ
k,j

ẏ
k,j

3

7

7

5

+ v
k

. (5.4)

5.2 Assumptions to Derive the Algorithm

The following mathematical assumptions were used in the derivation of the
algorithm in [31]. The target dynamics are assumed to be linear Gaussian

p(x
k,j

|x
k�1,j

) = N (x
k,j

|F
k�1,j

, x
k�1,j

, Q
k�1,j

),

where x
k,j

is the state at time step k of target j, F
k�1,j

is the transition matrix
at time step k�1 for target j and Q

k�1,j

is the process noise covariance matrix
at time step k� 1 for target j. Both F and Q can thus be di↵erent for di↵erent
targets and the matrices change depending on when the last assignment was
done.

The target measurements are also assumed to be linear Gaussian

p(y
k

|x
k,j

, a
k

= j) = N (y
k

|H
k,j

, x
k,j

, R
k,j

),

where y
k

is the measurement and a
k

is the data association indicator, which
has the value a

k

= j for the targets j = 1, . . . N
t

and a
k

= 0 for false alarm
measurements. H

k,j

is the measurement matrix at time step k for target j and
R

k,j

is the measurement noise covariance matrix at time step k for target j.
Again, both H and R can be di↵erent for di↵erent targets and they change
depending on when the last assignment was done.

False alarm measurements are assumed to be uniformly distributed

p(y
k

|a
k

= 0) = 1/A,
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where A is the area of the frame.
Association priors are assumed to follow an mth order Markov chain

p(a
k

|a
k�1

, ..., a
k�m

),

which makes it possible to implement restrictions on measurements coming from
the same frame in the association step. In the designed cell tracking algorithm
this prior is set to 1 if no association has been done in the current frame.
Otherwise, it is set to 0 if the detection is smaller than a threshold and 1 if
it is larger than the threshold. It is thus possible for a large detection to be
associated to more than one track.

To model an unknown number of targets, there is assumed to always be a
large constant number of targets N

t,1, but only a varying, unknown number of
them are visible and tracked.

The above model is formulated such that the data is processed as a sequence,
i.e. such that one measurement is received and processed at a time. Several
measurements can still be handled at the same time instance by setting �k0 = 0
in the model and the prediction step. When a new measurement is processed
only the states belonging to the assigned track are updated.

5.3 The Implemented Cell Tracking Algorithm

Using the assumptions above, the particle filter can the be described by the
following. The N

p

particles in the filter are all described by

{x̂i

k,1

, ..., x̂i

k,Nt
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and P i
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are the states and covariances of targets j. ai
k�m+1:k

are
the data association indicators and can take integer values from 0 . . . N

t

, where
N

t

is the number of visible targets. visi
k

is the visibility indicator, indicating
which of the targets that are visible, invisible or terminated. The indicator is
of length N

t,1. wi

k

is the importance weight of the particle. The particle filter
algorithm is summarized in Table 5.1 and Table 5.2.

The optimal importance distribution is, for each particle i, given by
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Table 5.1: A Rao-Blackwellized particle filter for multiple target tracking.

Algorithm: Rao-Blackwellized particle filter

Initialization: Generate xi

0,j

⇠ p(x
0,j

), i = 1, ..., N
p
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1, . . . , N

t
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k

⇠ q(ai
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ble 5.2
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Table 5.2: An algorithm for sampling from the optimal importance distribution
in the Rao-Blackwellized particle filter in Table 5.1.

Algorithm: Optimal sampling

• For j = 0, ..., N
t

, compute the association probabilities
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is the Kalman filter evaluation of the measurement likelihood
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is the Kalman filter time update equation.
Since the associations are independent of previous measurements y
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depends only on the m previous associations, we have
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It is now possible to sample from the optimal importance distribution as follows:

1. Compute the clutter association probability
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, compute the target association probabilities
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4. Sample a new association ai
k

, where the probability to draw ai
k

= j is ⇡i

j

.

After the resampling step, if a particle associates a measurement to a track in a
di↵erent way than the majority of the other particles, the weight of that particle
is lowered.

All measurements are also processed twice. The first time, associations are
only allowed if the association probability ⇡i

j

related to the drawn association
indicator ai

k

is above a predefined threshold. If the indicator is below, no assign-
ment is done this first run. The rest of the algorithm is the same as in Table 5.1
and Table 5.2. When all measurements in a frame have been processed once,
they are re-run without the threshold.

New tracks are started for every unassigned measurement in each particle. If
no association is done in two subsequent frames, the whole track is deleted again
and not seen as a terminated track. Tracks are terminated if no association is
done in three subsequent frames.

If a (weighted) majority of the particles have associated the same measure-
ment to a track, this association is presented to the user and the estimated
cell position is a weighted sum of each particles estimate, where the particles
with other associations are ignored. If no association have majority, no result
is presented to the user in the current time step.

If the dynamic model is nonlinear, the EKF can be used instead of the
Kalman filter in the marginal measurement likelihood evaluation. The state
space model can also easily be extended to a 3-D model if the analysed data is
a 3-D image.
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Chapter 6

Performance and Results

The cell tracking algorithm can partially handle segmentation mistakes, like
when a false detection is present in a frame or when a cell is missing in the
segmentation result. On the other hand, the algorithm has problems separating
one cell from the others when they touch, which easily confuses the tracks when
they split up again. In the Section 6.1 Examples of Runs of the Cell Tracking
Algorithm, tracking results are displayed and discussed. Performance measures
can then be found in the Section 6.2 Evaluation of the Cell Tracking Algorithm.

k0=1 k0=2

k0=3 k0=4

Figure 6.1: Example of a tracked sequence for four adjacent frames. The outlines
show the segmentation result, used as input to the tracking algorithm, and the
red dots/lines are the tracking result.
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6.1 Examples of Runs of the Cell Tracking Al-
gorithm

The images in this section are chosen to make the examples clear and easy to
follow. Therefore, they are highly zoomed showing only the relevant cells. The
tracking was still performed on the original sequence with all the cells.

An example of a run is displayed in Figure 6.1. The red outlines are the
segmentation result and the red dots/lines are the tracking result. Worth noting
is that some cells are nearly stationary while others are moving and that one cell
is undetected in the segmentation step (in frame 3), but still tracked correctly.
Another example where one cell is undetected in the segmentation step, but still
tracked correctly can be seen in Figure 6.2. The decision to terminate a track is
not confirmed until the subsequent frame. If the cell is correctly segmented again
and has only moved a small distance, the missing detection can be corrected
for. In Figure 6.3 a false detection is present in a frame and correctly not
tracked. Again, the decision to start a track is not confirmed in this frame, but
in the subsequent frames. If this false detection is only present in one or two
subsequent frames no track will be started in these detections. In many cases
a false detection is unfortunately present in more than two subsequent frames
and will be tracked. In Figure 6.4 the cells disappear in the image sequence and
the tracks are correctly terminated. When a track has not been associated to
a measurement for more than two subsequent frames, the track is terminated.
If a false detection would appear close to these tracks, they would probably be
associated to this detection and not terminated correctly.

k0=1 k0=2 k0=3

Figure 6.2: Example of a missed detection. In the second frame, one of the cells
is undetected in the segmentation step, but this cell is still tracked correctly.

k0=1 k0=2 k0=3

Figure 6.3: Example of an incorrect detection. In the second frame, the segmen-
tation includes a false detection, which is not tracked by the tracking algorithm.

An example where the cells touch and the algorithm mixes up the tracks
can be seen in Figure 6.5. In frame 2, the two cells are detected as one in the
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k0=1 k0=2 k0=3 k0=4

Figure 6.4: Example of cells disappearing. In the third frame one cell disappears
from the field of view and in the fourth frame the other cell disappears. The
tracks are then correctly terminated.

segmentation step and the tracking algorithm partly corrects this by letting two
tracks occupy the same detection, but incorrectly positions both tracks in the
centre of the detection. Then in frame 3, when the cells split up again, both
tracks are associated to the wrong cell. In Figure 6.6, one cell is missed in the
segmentation step (frame 2). The track following this cell is then incorrectly
associated to another detection, preventing this detection from being associated
to the correct track. The two situations described in Figure 6.5 and 6.6 are
unfortunately quite common in the data set and cause many incorrect associa-
tions.

k0=1 k0=2 k0=3

Figure 6.5: Example where the cells touch and the algorithm mixes up the
tracks. In frame 2, the two cells are incorrectly detected as one in the segmen-
tation step. In the next frame, when they split up again, both tracks are then
associated to the wrong cell.

6.2 Evaluation of the Cell Tracking Algorithm

To calculate the performance measures target e↵ectiveness and track purity,
tracks and cells are counted as matching if they are closer than 8 pixels apart.
This is normally the distance from the centre of the cell to the outline of the
cell. The ground truth is created by tracking 75 randomly selected cells in the
sequence by hand. The parameter optimization is done on the first eight frames
of the sequence, while the evaluation is done on the whole sequence of 31 frames,
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k0=1 k0=2 k0=3

Figure 6.6: Example where one cell is undetected and this leads to incorrect
associations. In frame 2, cell 2 is missed in the segmentation step. The track
following this cell is then incorrectly associated to cell 1, blocking this cell from
being associated to the correct track. In frame 3, the track that originally
followed cell 1 is then associated to cell 2.

except that the first frame is excluded to get another start frame. The reason to
evaluate the filter like this, and not on a completely other set than the one used
for parameter optimization, is that the sequence becomes so short that it has
a positive influence on the result. Since not all the cells are tracked by hand,
the measure track purity must be rescaled. In other cases, there will be many
computer generated tracks that do not seem to follow any true track, which
will significantly decrease this measure. The rescale is done by only using the
computer generated tracks that are associated to the ground truth tracks in at
least one frame in the calculations of this measure.

The performance measures for the designed cell tracking algorithm and for
an alternative algorithm where each frame is processed only once, can be seen in
Table 6.1. The sequence has been tracked 5 times (with 100 particles) for each
algorithm, and the result shown is the mean of these trials. The variation of the
trials are caused by the noise in the system model, the randomness when the
associations are drawn and the randomness in the resampling step. The result
is highly data dependent and cannot directly be compared with results from
other studies, but to get an idea of the range of these numbers, in article [25]
they obtain a target e↵ectiveness of 81 percent for one data set and 83 percent
for another and a track purity of 85 percent of one data set and 92 percent for
the other. By processing each frame twice, the target e↵ectiveness is improved
from 75 percent to 77. This improvement depends mainly on the fact that there
are many stationary cells in the image sequence. These cells can be correctly
tracked with a high probability. By making all the certain associations first,
some ambiguities for the rest of the associations can be avoided.
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Table 6.1: The performance measures target e↵ectiveness and track purity for
the designed algorithm and a similar version where each frame is processed only
once (alternative algorithm).

Designed algorithm Alternative algorithm
Target e↵ectiveness (%) 77 75

Track purity (%) 80 77
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Chapter 7

Discussion

The designed cell tracking algorithm works well in areas of the images where no
cells are touching. As described in the previous chapter, in these situations the
tracking result may still be correct with some segmentation mistakes present. In
areas with touching cells, the algorithm works well as long as the segmentation is
correct. This is often not the case, since two touching cells can easily be taken
for one by the segmentation algorithm. Even though the tracking algorithm
often discovers that the detection includes two cells, the placement of the cells
within this detection is wrong (both cells are assumed to be in the centre) which
in turn makes it easy to mix up the tracks and create a faulty movement pattern
of the cell. By using the shape of the detection area it could be possible to make
a better placement of the two tracks, which could probably significantly improve
the result of the algorithm.

The main ideas of the implemented particle filter come from the article [31],
but some modifications have been made to improve the result when used for
cell tracking. One change is that the filter runs each frame twice to avoid
some ambiguities. This has improved the target e↵ectiveness from 75 percent
to 77 percent and the track purity from 77 percent to 80 percent. Another
adjustment is that the weight of a particle is lowered if that particle associates
a measurement to a track di↵erently than the rest of the particles. Without this
modification, the particle filter did not work well for more than two or three
frames, because a faulty association could easily be picked in the resampling step
and then be given the same weight as the other particles. Another modification
is that the size of the detection area is used to determine if there is more than
one cell in the detection area. If the detection area covers a larger area than
normally, there is usually more than one cell in this detection. If the sampled
hypothesis also assigns two tracks to this detection, it is probably correct to do
so, and this part seems to work well. The problem is that the algorithm uses
the same detected position for both of the tracks, which incorrectly moves them
both towards the centre of the detection area. As discussed above, an algorithm
to estimate the cell’s position is also needed to improve the result.

Particle filters for multiple target tracking have earlier been used to track
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objects in microscopy images with results at least as accurate as multiple hy-
pothesis tracking algorithms or joint probabilistic data association methods. All
these methods process the data as a sequence and use only the information up
to the current frame for decision, even though multiple hypothesis trackers and
particle filters keep many hypotheses. Algorithms that process the data set
completely globally, as in [25], show very promising results and for particle fil-
ters, the whole data set could be used smarter by adding for example backward
simulation.

7.1 Conclusion

The aim of this project was to design an algorithm, based on particle filters
for multiple target tracking, that automatically could track multiple objects in
microscopy time-lapse images. The designed algorithm works well in areas of
the images where no cells are touching and can in these situations also correct
for some segmentation mistakes. When cells are touching, the algorithm works
well when the segmentation is correct, but often makes mistakes when it is not.

When the algorithm is used to track neutrophils in an images sequence of 30
frames, with 400 to 500 cells in each frame, a target e↵ectiveness of 77 percent
and a track purity of 80 are obtained.

7.2 Future Work

As mentioned earlier, to achieve a better result when using particle filters for
cell tracking, the information in a data set should be used in a smarter way.
Since there is no need for on-line tracking and all the data is available before the
start of the algorithm, it is possible to track the data ”backwards”. By using for
example backward simulation some ambiguities and mistakes could probably be
corrected for.

The main di�culties for the designed algorithm appear when there are seg-
mentation mistakes in cell dense areas. Depending on the size of the data set,
it could be an idea to go through the detections that in some way di↵er from
the others and then correct them by hand. By adjusting some mistakes, there
is a higher probability that the algorithm can handle the rest.

For some applications it might be a good idea to include the shape or inten-
sity of the cell in the model. This should be weighed against the need for more
particles in the filter when the model is of a higher dimension.

A big challenge in automatic cell tracking is that there is a huge variability
in the data sets. A segmentation that works well with one combination of cells
and microscopy techniques, might be almost useless with another, at least before
the parameters are set for this specific combination. The same is true for the
tracking algorithms and a di↵erent motion model might even be needed when
used for a di↵erent application. If completely automatic methods with easy-to-
trim parameters or semi-automatic methods where the user for example points

38



out correct and incorrect situations and then re-runs the algorithm will work
best remains to be seen, but in some way it should be easier to use the developed
methods with more than one specific data set.
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