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Abstract

In this thesis, we develop methods of image segmentation and cell tracking, especially for cells that migrate
and change their shapes dynamically. The studied methods are applied to biological time-lapse images, mostly
for macrophages known as one of the fastest-moving cellular populations with complex shapes and movements.
For the first step in image segmentation, we design a segmentation method combining thresholding techniques
and the SUBSURF (subjective surface segmentation) method. Before applying the combination of thresholding
and SUBSUREF, space-time filtering, which can preserve temporal coherence in time-lapse data is performed.
The presented segmentation method can capture cells that have a wide range of image intensities and shapes.
The accuracy of the segmentation is measured by using the Hausdorff distance, the IoU (Jaccard) index, and the
Sgrensen—Dice coefficient between the semi-automatic and automatic segmentation. In the segmented images,
the approximate cell centers in every time frame are found by solving the time-relaxed eikonal equation. In the
next step, the partial trajectories for cells overlapping in the temporal direction are extracted. Then, the tangent
calculation at endpoint points of partial trajectories is carried out to link the trajectories for non-overlapping
cells. The accuracy of the cell tracking method is evaluated by counting the number of correct links, and the
trajectories obtained from the proposed method are compared with the manually extracted trajectories by using
the mean Hausdorff distance.

Keywords: Image segmentation, global thresholding, adaptive thresholding, subjective surface method, finite
volume method, semi-implicit scheme, cell tracking, time-relaxed eikonal equation, macrophages.

Abstrakt

V tejto prici vyvijame metddy segmenticie obrazu a trekingu buniek, a to najmé pre bunky, ktoré dyna-
micky migruji a menia svoj tvar. Navrhované metdédy st aplikované na biologické ¢asopriestorové vided, najma
na treking makrofdgov, ktoré st zndme ako jedna z najrychlejsie sa pohybujicich bunkovych populdcii so zlo-
Zitymi tvarmi buniek a ich zmenami. Na segmentaciu obrazu navrhujeme kombindciu prahovania a metédy
subjektivnych ploch (SUBSURF), ktorym predchddza Casopriestorova filtrdcia videa, zachovdvajica Casovi
koherenciu objektov v Casopriestorovych datach. Prezentovand segmentacnd metdéda dokdze zachytit’ bunky,
ktoré maju Sirokd Skdlu intenzit a tvarov. Presnost’ segmenticie sa meria pomocou Hausdorffovej vzdialenosti
medzi semi-automatickou a automatickou segmenticiou. Vo vysegmentovanych obrazoch sa nasledne v kazde;j
casovej snimke najdu priblizné stredy buniek pomocou riesenia casovo zdavislej eikonalovej rovnice. V d’alSom
kroku sa extrahuju Ciastkové trajektérie pre bunky prekryvajice sa v ¢ase. Potom sa vykond vypocet dotyCnic
v koncovych bodoch Ciastkovych trajektorii, aby sa prepojili trajektérie pre neprekryvajice sa bunky. Presnost’
metddy trekingu buniek sa vyhodnocuje uréenim poctu spravnych prepojeni v kaZzdom ¢asovom kroku ako aj
pomocou strednej Hausdorffovej vzdialenosti medzi trajektériami ziskanymi navrhovanou metédou a manu-
dlne extrahovanymi trajektériami.

Krucové slova: Segmentdcia obrazu, globalne prahovanie, adaptivne prahovanie, metdda subjektivnych ploch,
metdda konecnych objemov, semi-implicitnd schéma, treking buniek, eikonald rovnica, makrofagy.
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1. Introduction

The development of computer vision has contributed signi cantly to the analysis of biological data by pro-
viding automated tools such as the segmentation and tracking of cells. In biology, there have been many efforts
to understand cellular or subcellular dynamics in living animals by using images acquired by microscopes. The
automatic segmentation and tracking of individual cells are the rst tasks to analyze cell behaviors objectively.

Identifying (segmentation) and tracking individual cells is challenging because cells divide, move, and
change their shapes during their journey in the developing embryo. A lot of efforts have been dedicated to
developing software to track cells during embryonic development and robust solutions are now available [1].
Some of these solutions are even compatible with the study of other situations where cells are either moving
in an organism (the heart) or in a moving organism (neurons in foraging worms [2]) but some speci c cellular
populations, due to their very speci ¢ behaviors are dif cult to identify and track during their journey within a
living animal. This is the case with macrophages which are one of the fastest-moving cellular populations with
more erratic shapes and movements.

Segmentation of macrophages has been previously studied performing a lter-based rnkthod [3], image-
based machine learning [4], anglegram analysis [5], etc. Also, deep learning-based segmentation methods have
been developed for various types of cell5([6, 7,18, 9,10, 11]. U-Net[6, 8], Cellpose[10], and Splinédist[11]
are designed for segmentation of general shapes of cells in microscopy data and have shown a high perfor-
mance. However, it is still a challenging task to segment macrophages due to their varying nature and extreme
irregularity of shapes, and variability of image intensity inside macrophages. lin [12], we have proposed a
macrophage segmentation method that combines thresholding methods with the SUBSURF method requiring
no cell nuclei center or other reference information. However, a problem occurs when attempting to segment
macrophages in time-lapse data, since the segmentation parameters are not always suitable for macrophages in
all time frames. In this thesis, rst, we improve the ability to detect macrophages with low image intensity by
applying space-time Itering which considers the temporal coherence of time-lapse data [13]. Second, Otsu's
method is implemented in local windows to deal with cases in which each macrophage has a substantially
different image intensity range. Similarly, as in[12], the SUBSURF methad [14] is applied to eliminate the
remaining noise and to smoothen the boundaries of the macrophages resulting from space-time Itering and
the thresholding method (Figure [L.1). The performance of the proposed image segmentation is presented by
computed mean Hausdorff distances between the results of the semi-automatic method, the gold standard in
this thesis. Also, the perimeter, area, and circularity are compared between the proposed method and other
segmentation methods. This comparison shows the proposed method is the most similar to the results of the
gold standard.

Automatic cell tracking in microscopy images has been investigated and several different methiods [15, 16,
17,[18,19/ 20, 21,19, 22] have been proposed. The tracking algorithm by using linear assignment problem
(LAP) [15,121] is computationally ef cient and has shown good performance, especially for Brownian motion.
However, it can be less accurate if a large number of cells is densely distributed or if some cells suddenly move
toward the other nearby cells. The studies [18, 20] performed the cell tracking during the zebra sh embryoge-
nesis by nding a centered path in the spatio-temporal segmented structurel In [19], a work ow was designed,
from the image acquisition to cell tracking, and applied to 3D+time microscopy data of the zebra sh embryos.
Those methods show outstanding performance in the case of embryogenesis. Meanwhile, the keyhole track-
ing algorithm has proposed and been applied to red blood cells, neutrophils, and macrophdges [23, 24, 25].
Furthermore, deep learning-based motion tracking in microscopy images has been studied for various types of
biological objects with different learning approaches [26, 27| 28], 29, 30, 31, 32, 33, 34, 35]. For instance, the
method in [28] trains the networks by utilizing semi-supervised learning to predict cell division. Usiigaci [30]
segments individual cells providing each unique ID to them with a Mask R-CNN model, then the method links
the cells by given IDs. The methods by training image sequences using LSTM (long short-term memory) net-
works have shown their performance for tracing nuclear proteins [31] and bacteria [33]. In [32], the algorithm
to solve linear assignment problems in tracking is trained with a deep reinforcement learning (DRL)-based
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method. Although various methods of cell tracking have been studied, there is still a need for more accurate
tracking of erratic movements, such as macrophages.

The cell tracking studied in this thesis deals with macrophages which undergo fast and complicated motion.
It results in non-overlapping cells in the time direction and, in many cases, one can observe a “random move-
ment”. This paper proposes a tracking method that covers the situations of a large number of macrophages and
their complex motion. The rst step is to extract the cell trajectories from their shapes overlapping in time. By
this approach, we often extract only partial trajectories, because not always a segmented macrophage overlaps
with its corresponding cell in the next/previous frame of the video. Next, we connect endpoints of partial tra-
jectories corresponding to macrophages that do not overlap in time. To do this, the tangent calculation is used
to estimate the direction of the partial trajectories at the endpoints. Figure 1.1 illustrates brie y all steps of
the proposed method yielding macrophage tracking. The performance of the tracking method is analyzed by
measuring the mean Hausdorff distance between trajectories obtained from manual and automatic tracking. In
this measurement. Also, The mean accuracy of tracking is checked by averaging the ratio between the correct
links and total links over all time slices. The proposed tracking method showed a high mean accuraéyoof 97

The remaining part of the thesis is organized as follows. In Chapter 2, the proposed segmentation method
will be illustrated through the four subsections. The rst subsection will explain space-time ltering as pre-
smoothing. The second and third subsections describe the local Otsu's method, one type of local thresholding
technique, and the SUBSURF method. The last subsection of this chapter will propose the combination of the
threshold and SUBSURF method and apply the method to 2D+time macrophage data. Chapter 3 will present
the proposed algorithm of cell tracking with two steps. The rst subsection will illustrate the time-relaxed
eikonal equation to approximate the center of the cells. The second subsection will show the algorithm for the
extraction of partial trajectories. Then, the connection of those partial trajectories will be described in the third
subsection of this chapter. The application in 2D+time and its quantitative comparison will be presented in the
last subsection.

Figure 1.1: Procedure of macrophage tracking in 2D+time data.

2. Image segmentation

For image segmentation, we design the method by combining threshold techniques and the SUBSURF
method. Before performing it, the time-lapse images are processed by using space-time ltering. This ltering
can keep the temporal coherence of objects so that making distinguishable the signals between objects and
the background noise. With the images obtained by space-time ltering, the ltered images are binarized by
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2.1. SPACE-TIME FILTERING 5

applying a threshold technique, the local Otsu's method. The local Otsu's method enables us to capture the
objects having high variability of image intensity and shapes. Finally, the SUBSURF method removes the
artifact and remaining detected noise in the images obtained from the local Otsu's method, and also smoothes
the boundary of objects.

2.1 Space-time lItering

The image sequence after space-time Itering can be represented by a real furfttion) de ned on
[0;T] W [0;gr], wheret denotes the scale, in other words the amount of lterings a spatial domain,
x2 W RN andq denotes a particular time slice with the intervaldg].

The equation of space-time ltering is represented by the following nonlinear diffusion,

j]l;:clt(u)ﬁl g(jNGs uj)Nu (2.1)

with the initial condition given by
u(0;x;q) = W(x;q): (2.2)
InjNGs uj, the “ ” stands for the convolution operator. Tok(u) function is de ned as in [36, 13] by formula

1
clt(u) = mln (D)2 j< Nuwy  we> j+

w; (Do
jux wig Dg)  u(x;q)j+
jux+wo;q+ Dg)  u(x;q)j ;

wherews, W, are arbitrary vectors in the space dbgl is the time increment between discrete time slices. The

functiongis the so-called edge detector function and is de ned by

(2.3)

1
g(s) = v ke K> o: (2.4)

Finally, G5 is a Gaussian function with variansewhich is used for pre-smoothing by convolution. Let us
denote byu; a numerical solution in thid" frame of the image sequence in tiile discrete Itering (scale) step
ntg with the step sizer, i.e.

UR(X) = u(ntg; x; kDa): (2.5)

By using the semi-implicit scheme [13], Equation (2.1) is discretized as follows

un+1 un

kti"_ clt(upN  g(RNu M)Ruf*? ; (2.6)
F

Whereg(jNuﬁ;”j) = g(jNGs ug). From Equation (2.3), the discretizationa@f(uy) in the pointx 2 Wcan be
written as

1 .
clt(ug) = i 5z 1< Nugswy  wy > j+

jup (x wy)  uR(X)j+ (2.7)

JUuRe 1(X+ W2)  UR(X)]
For space discretization, we use the nite volume method with nite volume (pixel) BidBy considering
that a pointv is a center of a pixe(i; j) and let us denote by;; a nite volume corresponding to pixél; j),

i=1, M,j=1, N.The quantitylt(u)) is considered constant in nite volumes. Then, Equation (2.6) is
integrated with the nite volumé/;; and by using Green's theorem we get
z un+1 n z N
K Kax=clt(u))  g(iNu")Nu*t njjds (2.8)

Vij tr TVij



6 CHAPTER 2. IMAGE SEGMENTATION

wheren;; is a unit outward normal vector to the boundary\gf. The gradient ofi on the pixel edges can

be approximated by computing the average values of neighboring pixels. By using the diamond cell approach
[37], we compute the average of neighboring pixel values in the corners of thgpiRehs follows (see also

Figure 2.1).

n n n n .
Z(ui;j;k"' ui;j+1;k+ ui+1;j;k+ ui+1;j+ 1;k)v

;o1 1 n n n n .
ik = Z(ui;j;k"' Uik 1yt Uij ookt Uik 1)

R (2.9)
) — n n n n .
Uik = Z(ui;j;k"' Ul gt Ui ookt U 1) 1)
U 11 _ (un + " + " + " )
ik ik DMLk T M Lkt M Lj+Lk/-

The gradient oU” K IN n" ltering step, for a pixel(i; j) in k" frame of the image sequence, is computed at
the center of edges of the pixel [37],

10, 11
N* Ijk (ul+ljk uljk’uljk Ijk)
~ O 1 . .
o 1,0 _ 1,11 L 1.0 no\.
N U= f (U Yijic W 1k Ui
h (2.10)
g L,0,n n 11
N "0 = *(Ui Lik Uik Uik |jk h;

Ny Uik = 7(u| ik ui;j%l;(l;uir?j"' Lk uﬂj;k);
whereh denotes the pixel size. With the set of grid neighlidrs that consists of al{l; m) of V;;j, such that
I'm2f 1,0;1g,jlj+ jm = 1, the nal discretized form of equation (2.1) is written as

urk= o e ot & N (U e UT: (2.12)
jli+jm=1

Figure 2.1: Schematic picture of the space discretization. Higfg,denotes the value of the unknown function

ata plxel positior(i; j) in k' time slice. In a clockwise direction, the valuestoét cornersuI i k, ,1] kl, Ui, Jlk L

andu, i L, are de ned. The gradient§|%0, N® 1, N 19, andN®?, are computed at the center of edges.



2.2. THE LOCAL OTSU'S METHOD 7

2.2 The local Otsu's method

The global threshold method described above works well if there is only one object in the image or the range
of image intensity is similar between objects. However, it is needed that the image thresholds are inspected
locally when objects have huge variability of image intensity as mentioned at the beginning of the chapter. In
this section, we calculate the optimal thresholds for every pixel in a certain window of sigeentered in a
pixel (i; j) by using the approach of the global Otsu's method.

In the local windowW;, the gray-level histogram is normalized and a probability distribution is regarded
as

L
pr=n=N; & p=1 (2.12)
r=0

wheren; is the number of pixels of intensityin Wij, N = &% andL is the maximum image intensity. Then, the
probabilities of background and foregroundif) are given by

Tij L
Wo(Ti)= & p; wi(Ti)= & p=1 wo(Ty) (2.13)
r=0 r=Tj+1

and means of background and foreground are given by

1 o
m(Tij) = ——=a rPr;
)= o) 2,
1 L (TWe(T:1) (2.14)
_ _ Mot Mv( lij)Wol 1ij) .
m(Tj))= ——— a rp= ;
= @) 2,7 1 w(m)
wheremg; = é'r-zorpr. Finally, the between-class variance related to the (§ixg) is written as
s&(Ti) = Wo(Ti)(My(T) Mo+ Wa(Ti))(M(Tij)  Mor)® (2.15)
which simpli es to
2
Wo(Tjj Tij)wo(Tij
sg(ry)= ovotT) mTi)wo(T) (2.16)
Wo(Tij) 1 wo(Tij)
and the optimal threshol§; is given by
2 - 20T\
sa(Tij) = ;max sa(Ti): (2.17)

At the boundary of the image, mirroring is applied. In the case where the local window contains only the back-
ground, the histogram completely loses its bi-modality, with the threshpldepresenting some noise level.

To obtain a reasonable threshold, we determine whether the local window is only located in the background or
not by considering the relative difference between the mean levels of two classes that represent the object and
the background. Let us consider tima(T;;) andm(T;;) are the mean levels of the background and the object,
respectively, based on the threshdld If jmy(T;;) m(T;;)j < &, & is very small, then the two classes cannot

be properly separated, and it is reasonable to conclude that the local window is located in the background. In
other words, the local windoWy; is considered as including an object when the following condition is ful lled:

im(T;)  m(T)i
my(T;)
where the relative difference is considered because the background noise level is different in each time slice.

Here,d is a parameter to check whether the local winddly contains macrophages or not. If there is a part
of macrophages ik, the relative difference in equation (2.18) will have a larger value thaRinally, the

d; (2.18)
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binarized images are obtained

LI(i;j) > T;; and Equation (2.18) is ful lled

B(i;j) = 2.19
(D) 0; otherwise ( )

wherel(i; j) is the image intensity of the pix€l; j) andT;; is given by Equation (2.17).

2.3 The subjective surface segmentation method

The SUBSURF method can effectively complete missing parts of boundaries, join adjacent level lines, and
rapidly remove noise [14]. In particular, this method has previously been shown to be useful for segmenting
macrophage data [12]. The SUBSURF method is described by

I Nu
W= INUN - grgy (2.20)
whereu s a evolving level set function, argis given by Equation (2.4) whess= jNIj in Equation (2.20) and
19 is the original image pre-smoothed by the Gaussian kernel. The SUBSURF is applied independently to the
images for every time frame. Therefore, we solve the unknown funafigr), where(t;x) 2 [0; Ts] Wix 2
W RV, N= 2;3. The time discretization of Equation (2.20) is given by the semi-implicit scheme
un+1 un . N Nun+l
—— = jNu"jeN —— 2.21
ts INUTeN g5 (2.21)
herets is the scale step. Her@\u"j is regularized using the Evans—Sprucks approach [3gNa%. =
jNunj2+ e2, wheree is a small arbitrary constant. The space is discretized by a nite volume square grid
with a pixel side size of. ForV;;, Equation (2.20) is integrated, and using Green's formula we get
z 1 un+1 un Z Nun+1

T dx = T
Vij JNUje ts T1Vij gJNUnJe

nijdS (2.22)

wheren;; is a unit outward normal vector to the boundary of the p(kgf). In a similar manner as in Equation
(2.10), we use the diamond cell approach [37]. The average of neighboring pixel values in the four corners of
the pixel(i; j) are written as

1
L — n n n n .
U = *(”i;j+ W g + UL g+ U g );

1 n n n n
U = Z(ui;j Uyt U 1t Uik 1)
1 (2.23)
) —_ n n n n .
Upj" 7= (U W g+ U g+ U g o),

1
1 n n n n .
u. = 7(”i;j + ui;j 1+ ||i . + ui 1 )

The gradienuﬂj, in " Itering step for a pixel(i; j), is approximated by

~. 1 . .
1.0,n _ n n. L1 1 1.
N="ui = H(ui+1;j Ui Uisi Wi )
o, 1 . .
0 1,,n — 11 1, 1..n ny.
N Tugp = C(0) 7 U Sl 1 W)

(2.24)
) u.n. = }(un . u
i h i 1]

n... L1 L 1y.
HE B i)

~ 0 1 4 .
01, — 11 L1..n ny.
NP7U = —(U U Uijer i)
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Now we can de ne

2.25
- e . & Mg e
jljxjm=1
wherel;m2f 1;0;1g, jlj+ jmj = 1, in the set of grid neighbony;;;. Therefore, the nal discretized form of
Equation (2.20) is given by [39]

un+1 u_n_+1
n+1 un = (-:)Imn é gIms i+1;j+m ij . (2.26)

1] IJ 1) Im;n
jlj+jm=1 Q

whereh? is the pixel area angIms = g(iN'™2.¢ ).

u

2.4 Experiments with 2D time-lapse data of macrophages

In the dataset we experiment with, macrophages are imaged from 30 minutes post-amputation to 6 hours
post-amputatiorf0:5 6 hpA) with the imaging time step of 2 minutesstep of 1nmm, and the pixel size of
0:347 mm. Then, the 3D+time images are projected into the 2D+time images, where the three-dimensional
(3D) microscopy images are projected onto a plane with the maximum intensity of the 3D dataset in every
pixel selected. Due to the image acquisition speed, the exposition time and uorescence intensity are reduced,
resulting in a low signhal-to-noise ratio.

We rst perform the histogram crop from the acquired images to ignore the noise effects from very high
image intensity in a small pixel area. After the histogram crop, the image intensity is scaled to the interval
[0; 1] for applying space-time ltering. Then, the images obtained from space-time ltering are rescaled to the
interval[0; 259 to simply perform the local Otsu's method since histograms of images are usually described by
the discrete distribution in a nite interval. To apply the SUBSURF method, two types of images are used; one
is the original images after the histogram crop with the intef@dl], and the other is the output of the local
Otsu's method.

For solving space-time ltering and the SUBSURF method, the successive over-relaxation (SOR) method
[40] is used. In our simulations the relaxation factor of the SOR method was s& tdHe calculation was
stopped whed 2, 8L, jul[i  uf;,j < 0:001 for everyk for space-time ltering anci2,4"% 1Ju,”’1“1 unjj <
0:01 for the SUBSURF method The parameters we used are as foltews:0:25, K = 100,s = 0:1 for
space-time ltering,s= 50,d = 0:5 for the local Otsu's method, artg = 0:25,K = 10,s = 1 for the SUB-

SURF method.

Figure 2.2 shows ve different macrophages and the processing of the proposed segmentation. The local
Otsu's method preceded by space-time Itering can capture the approximate shape of macrophages that have
very weak image intensity. However, there can be some artifacts where pixels around the macrophages are also
detected. As shown in the third column of the gure, the SUBSURF method can remove those artifacts where
some detected noise around the objects and also make smoothen the inside and boundary of the macrophages.
Figure 2.3 presents the results of the automatic segmentation for ve macrophages, showing it works reliably
for differently shaped macrophages no matter how complicated their boundaries are. In this gure, The fourth
and fth rows show the segmentation yields a few segmented regions for a single macrophage, in which four
and two segmented regions, respectively. Therefore, it remains an open question of how to segment the whole
bodies of macrophages with some areas of weak image intensity.

The performance of the presented segmentation method is evaluated quantitatively by using the mean Haus-
dorff distance of automatic and semi-automatic segmentation results; for the de nition of the mean Hausdorff
distance see equations (37)-(38) in [41]. The semi-automatic segmentation method, based on the Lagrangian
approach [42], is used to create the “gold standard” for comparison, see also [12]. For the quantitative compar-
ison, we choose one macrophage (the fth macrophage in Figure 2.3). Also, the quality of the segmentation
is measured by using the loU (Jaccard) index [43] and the Sgrensen—Dice coef cient [44, 45]. We see that the
average of the mean Hausdorff distances for the macrophage is small compared to the size of macrophages. The
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loU index and Sgrensen—Dice coef cient obtained from the proposed method indicate the results show reason-
able performance. The perimeter, area, and circuléity area/perimetéj are calculated for both automatic

and semi-automatic segmentation in Figure 2.4(d)—(f), showing the geometrical information obtained from the
proposed segmentation is close to the ones from the gold standard.

Figure 2.2: Five different macrophages and their processing by the proposed segmentation method. The rst
column shows the original images where the macrophages are hardly recognizable. The second column shows
already recognizable macrophages in the images obtained by the local Otsu's method preceded by the space-time
Itering. The last column gives the results after the last segmentation step, the application of the SUBSURF

method.
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Figure 2.3: Five different macrophages from the original (left) and the segmented images using the combination
of local Otsu's with the Itered images obtained from space-time ltering and the SUBSURF method (right).



Figure 2.4: The quantitative comparison for a chosen macrophage. (a): The mean Hausdorff distance from the gold
standard, (b): loU (Jaccard) index, (c): Sgrensen—Dice coef cient, (d): Perimeters of segmentations, (e): Areas of
segmentations, and their (f): circularities.

3. Celltracking

In this chapter, we propose a method for cell tracking based on segmented images. The approximated cell
centers of all segmented cells are computed by solving the time-relaxed eikonal equation. Next, the approximate
cell centers form trajectories when the segmented cells overlap each other in the temporal direction to trace
the individual cell over time. Finally, these rstly formed trajectories are connected by computing a tangent
allowing us to estimate the direction of movement of the cells. The two trajectories are connected by using the
tangent calculation of a trajectory.

3.1 Detection of the approximate cell center

The time-relaxed eikonal equation is solved to nd the cell centers in the segmentation results. As shown
in Figure 2.2 and 2.3, the segmentation does not always extract the whole shape of some cells (macrophages).
Therefore, the connected segmented subregions are used for obtaining the approximate centers of the cells, and
we will call the connected segmented subregions segmented regions in short. We approximate the centers of the
cells by nding the maxima of the distance function evaluated from the boundary of the segmented regions. The
distance function will be obtained by solving the time-relaxed eikonal equation with the computation restricted
only to the area of segmented regions. Since the centers—the local maxima of the distance function—are not
exactly identical to the real cell centers, they will be called “approximate cell centers”. We describe the solution
of the eikonal equation by the Rouy—Tourin scheme. The time-relaxed eikonal equation is written as

o + jNdj = 1: (3.1)

In every time sliceg 2 [0; ge], we solve equation(3.1) for the unknown functiofx;t;q) where(x;t) 2 W

[0; TE]. The equation is discretized by the explicit scheme using the stepsized the Rouy—Tourin scheme
is used for space discretization [46, 47, 48]. We solve Equation (3.1) in every 2D data slicﬁ.(dJ,)etjenote
the approximate solution of Equation (3.1) at the time stice pixel (i; j) at a discrete stef = ntp. For

12
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every(i; J), the index seN;; consists of al(l;m) such that;m2f 1;0;1g, jlj+ jmj = 1, and therD}Jm(q) is
de ned for any(l;m) as

DI"a)= min d}j.m@ di(a)0 (3.2)

In addition,

Mi1%q) = max D;*%(q);D{%(q) ;

(3.3)
MY (a) = max Dj “(a);Dj'(a) ;
are de ned. Finally, the discretization of Equation (3.1) at time stjdakes the following form,
n+1 n th 10 01
di (@)= dj(a)+to — Mj(a)+ Mj¥(a); (3.4)

h
wheretp = h=2 is used for stability reasons. For the proposed cell tracking method, this equation is solved only
inside the segmented regions according to the following process. The rst step isq%)(qc)etz 0 inside the
segmented regions amﬁ(q) = BIG outside the segmented regions; here, the vBIt&is much greater than
0. Next, the numerical scheme in equation(3.4) is applied only inside the segmented rel,@;(qr)sis xed to
0 at the boundary of segmented regions by considering a@iX¢lis at the boundary in case tlm}(q) 6 BIG
and there is at least one neighboring pixel which fuldﬁl;j+m(q) = BIG. The computation is stopped when

the following condition is ful lled& g% &2, 8L 1jdT" *(q)  df}(q)j < eq.

3.2 Extraction of partial trajectories

The obtained approximate centers of the segmented regions are connected when the segmented regions
overlap in the temporal direction. The algorithm to connect the approximate cell centers in case of overlapping
segmented regions using the backtracking approach is introduced in this Section. The algorithm yields the
trajectories that connect the cells overlapping in the temporal direction—all these trajectories will be called
partial trajectories.

Three sets of values will play a major role in the algoritrai(q), F ij(q), andC'(q), where(i; j) denote
a pixel positiong denotes a time slice aridlenotes the cell center number.

First, the distance function valwl (q) indicates whether a pixel is inside a segmented region or not. The
pixel (i; j) at time sliceq is positioned inside the segmented regiomij{q) 6 BIG. SecondF j(q)= 1
indicates the pixe{i; j) belongs to the segmented region which is already connected to another cell by a partial
trajectory. Lastly,C'(q) represents the selected cell center, 1;:::;N9, whereNY is the total number of
segmented regions at the time stepWith these de nitions, the steps for linking the approximate cell centers
are as follows:

1. For all pixels(i; j) and all time steps|, F ij(q) is set to 0 andj(q) is computed by the method equa-
tion(3.4).

2. Letq. be a time slice and leg. = g initially. The values of the distance functiodij(q.) 6 BIG)
inside every segmented region in time slgeare inspected and the pixel having the maximal value
of distance function inside the segmented region is found and designated as approximate cell center,
Cl(a) = Cp a);Cy(a) 1= 155N,

3. Letqg = q.. In a backtracking manner, we look for overlapping segmented regions by performing steps

denote the projected point C'(q)), whereP(C'(q)) = Ci(q);Ch(q);q 1.
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(a) The case when an approximate cell center is projected inside some segmented region:
If dij(q 1) 6 BIGfor (i;j) = C}(q);Ch(q) , the approximate cell center gt 1 is found by
searching for the maximum value of the distance function inside the segmented regioncat time
and the approximate cell center is denotecCbyg 1)= Ci(q 1);Ci(q 1) .
Also, Fijj(q 1) is changed to 1 for all pixel§; j) inside the corresponding segmented region.
After nding the approximate cell cent&'(q 1), it is connected witlC'(q), forming a section
of the patrtial trajectory (see Figure 3.1).

(b) The case when the projected cell center is not inside of any segmented regionat tilne
If dij(qg 1) = BIG for (i;j)= Ci(q);Ch(q) , let S(q) be a set of all pixelsi; j) belonging
to thel™" segmented region at tine. Thendij(q 1) is inspected for all pixelgi; j) in S(q).
The inspection is stopped @fj(q 1) 6 BIG for some(i; j) = ( p ;g ) and denoting such point
Sp q (a), or if all pixels inS(q) are inspected without nding such a point.

i. If apointS, ., (q) exists, the approximate cell cen@(q 1)= Cij(q 1);Cy(q 1) is
found like in the step @) but starting frorrF’(Sp q (d)), andFij(q 1)issetto 1 forall pixels
inside the segmented region at time 1 to WhichP(Sp q (0)) belongs to. After nding the
approximate cell cente€'(q 1) is connected witlC'(q), forming a section of the partial
trajectory.

ii. If a point gp q (0) does not exist, the approximate cell center is not designated because there
is no overlap of the segmented regioat timeqg with any segmented region at time 1.

4. Step 3 is repeated by decreasingy one untilg = 1.

5. q. is decreased by one add(q.) andF j;(q.) are checked for ali; j).
If there is a pixel that ful llsd;j(q.) 6 BIG andF jj(q.) = 0, we consider that the pixel is inside a
segmented region af non-overlapping with segmented regiongjat- 1. The approximate cell center
of the region is found like in step 2, and then steps 3 and 4 are repeated.

6. Step 5is repeated ungjj = 1.

Let us note that in steps 3(a) and 3(b), if there are several maxima of the distance function in the inspected
segmented region, then the cell center is chosen as the rst one found. In step 3, the trajectories can remain
disconnected if there is no overlap of cells and condition 3(b)-ii is ful lled. In the top panel of Figure 3.3,
such partial trajectories are depicted inside the 3D spatial-temporal structure formed by stacking segmented
regions in the temporal direction. This shows that the algorithm works correctly for the overlapped cells, and
the extracted partial trajectories appear as expected.

Figure 3.1: Schematic picture of step 3(a) of the proposed algorithm. The cells in the top-left panel are ampli ed
along the time axis for better visualization. The blue dot denotes the projected coordinate.
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Figure 3.2: Schematic picture of steps 3(b) of the proposed algorithm. The cells in the top-left panel are ampli ed
along the time axis for better visualization. The yellow dot denotes the inspected coordinatedyfuerel) 6
BIG. Step 3(b)-i is shown in the bottom panels.

Figure 3.3: Top: Partial trajectories of several macrophages. Bottom: Connected trajectories from the partial
trajectories in the top panel. The time axis is ampli ed for better visualization.

3.3 Estimation of cell movement direction

The tangent approximation by the backward nite difference is used to estimate the position of a pointin the
next time step of a partial trajectory. Similarly, the forward nite difference for the tangent calculation is used
for the estimation of the point at the previous time step of the partial trajectory. In the tangent calculation, third-
order accuracy is maximally considered, and thus there are three forms of tangent approximation depending on
the number of points in the partial trajectory. The tangents computed with the third order accuracy using the
backward and forward nite difference approximations are given by [49]
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1 11 3
VE(rq) = By 6" g 1+ Sla2 3l s
3.5
f 1 3 1 ] (3:5)
Vi(rg)= E grq"‘ 3rg+1 érq+2+ érq+3 ;

whereDg means the size of the time slice difference, and ( Xq;Yq) is the point of the partial trajectory in
the time sliceq. Similarly, second and rst-order accuracy approximations for backward and forward nite
differences are given by

1 3 1
VE(rq) = By 2' &g 1+ 5rq 2
3.6
f 1 3 1 ) (3.6)
V (rq): E irq'i' 2rq+1 él’q+2 )
and
by y— 1 .
Vo(rq) = E(rq rq 1),
(3.7)

Vi(rg) = qu( rq+ fgea):

Let us consider a partial trajectory with a time step rajaipe ; bDq], a; b integers, and denote the positions of
the cell center aaDg andbDq by r, andry, respectively. Then, the position of the cell centefaat 1) Dg can

be estimated from the tangent at time s&&). For example, if the partial trajectory contains more than three
points, the tangent obtained by using the forward nite differencaDat is given by

1 11 3 1
Vf(ra) = E E"a"‘ 3ra+1 éra+2+ §Va+3 (3.8)
and the tangent & 1)Dg would be
1 11 3 1
Vf(ra 1)= E Era 1+ 3ra éra+l+ éra+2 : (3.9)

AssumingT f(ra 1) = T'(ra), i.e. the uniform directional motion of non-overlapping macrophages, we see that
ra 1is the only unknown in the equation and can be easily obtained. Similarly, the tangent at timeDsteps
yields the estimated cell center at time s(pg- 1)Dg using the backward nite difference. So, the estimated
points on trajectories in the time slice without overlap of cells are given by

6 18 9 2
ra 1= ﬁVf(ra) Dq + 112 ﬁra+1+ 11 a2 b a>2
2 4 1
o 1= évf(ra) Do+ zra ez b a=2 (3.10)

ra1= V'(ra)) Dg+ra b a=1;
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and
6., 18 9 2
—_— — + + . > .
Mb+1 llV (rp) Dg TLIETLEETLE: b a> 2
2 4 1
= ZyP +-rp, = ‘b a=2
Mor1= 3Vi(re) DA+ 2le 2rp 2 a (3.11)

rb+1=Vb(rb) Dg+rp, ;b a=1

3.4 Connection of partial trajectories

The connection of partial trajectories is carried out when the estimated center of thg ge#n byr, ; or
I'p+1 iN equations (3.10) or (3.11), is positioned near the end peiat some existing partial trajectory ending
attime slice(a 1)Dq or starting a(b+ 1)Dg. It means, we check the condition

jres re Dr (3.12)

whereDr is a parameter, and if it is ful lled then the partial trajectories are connected.

Figure 3.4(a) shows two partial trajectories denotedabgndb. The red dot in the gure represents the
estimated cell centaresa computed from the trajectory with the backward nite difference approximation.
Thea andb trajectories are connected if the beginning point oflthieajectory and the estimated cell center
from a trajectory is located within the neighborhobd; Figure 3.4(b) shows the connected trajectory in such
case. The condition (3.12) is written for the case when the difference of time slices between endpoints of
partial trajectories is equal to 1. However, the partial trajectories are connected similarly when the difference
of time slices is equal to 2, i.e. if two estimated points obtained from two partial trajectories (one in a forward
manner and one in a backward manner) are located in the same time slice and wibriméighborhood. The
connection of partial trajectories by using the above approach is shown in the bottom panel of Figure 3.3.

Furthermore, the tangent calculation is also used to connect the partial trajectories if their last points are
located close to each other in several time slices. It can happen if the segmentation of a single macrophage
contains several fractions in a few time slices. Figure 3.4(c) shows two such partial trajegtarield .

As shown in the blue circle, there are three common time slices wharell have trajectory points close

to each other. To connect those kinds of partial trajectories, we again calculate the estimated point of the
partial trajectory using the tangent approximation and check if there is amyahanother trajectory in a close
neighborhood of the estimated point. If yes, then also a difference between the time sjiaedthe time slice

of the endpoint, of its trajectory is checked. In other words, we check the number of common time@lices
where two close trajectories appear simultaneously. For instance, in the case of Figur&3.4(8), Finally,

two trajectories are connected if the following two conditions are ful llgds rjj DrpandQc Drg. In

Figure 3.4(d) we plot by the red line such connected trajectory.
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Figure 3.4: Two different partial trajectori@sandb (a), and the connected trajectory contairngngndb (b). The
blue circles show the last point of the partial trajectarand the beginning point df. Two different trajectories
g andl (c), and the connected trajectory containmpgnd! (d). The blue circle shows the points of the two
trajectories in the common time slices.

3.5 Experiments with 2D time-lapse data of macrophages

The segmented images obtained from the segmentation in the previous chapter are used for experimenting
with the proposed tracking method. For this dataset, the condition (3.12pwith60 was rst used to connect
the partial trajectories and then paramefams= 120 andDrq = 5 were used to avoid closed trajectories due to
macrophage segmentation split. We note Dratcan be chosen less sensitively tlrsince many trajectories
are already connected.

The nal trajectories in the whole spatial domain are visualized in Figure 3.5. There are 9 detected
macrophages at the beginning and 12 macrophages are shown at the last time slice as new macrophages appeal
and disappear over time. The site of the wound is positioned on the right side and many macrophages migrate
toward the wound. Especially, the macrophage denoted by violet located at the top of the pictuigs fadr
to g = 156 shows very fast movement which implies the macrophage yields many partial trajectories, and our
method enables us to connect them.

In the second row of the gure, the two trajectories (purple and brown) inside the blue rectangle are located
in the same cell, but they are shown differently due to the problem that the segmentation cannot extract the
entire shapes of macrophages, and their number of the common time(licegreater than 6.

The number of trajectories before and after the rst connection by using condition (3.12) (see also Figure
3.4(a)—(b)) was 930 and 234, respectively. After the second connection of closed common trajectories (see Fig-
ure 3.4(c)-(d)), the number of extracted trajectories decreased again signi cantly to 69. In addition, the average
length of extracted trajectories after the second connection increased froBt636329 in pixel units.

The mean Hausdorff distance computed for three selected trajectories, see panels (a)—(c) of Figure 3.6, was
3:13, 4 35, and 240 in units of pixels, which is very low in comparison to the average length of trajectories and
it shows again the high accuracy of tracking for this dataset. The comparison of the average distance computed
by averaging the Euclidean distance between points at each time frame of manual and the proposed tracking is
presented in Table 3.1. This distance is bigger than the mean Hausdorff distance but still small compared to the
average size of macrophages.

Further check of automatic tracking accuracy we performed by counting the number of correct and wrong
links in every time slice by visual inspection. We de ne the time slice tracking accuracy as the ratio between the
number of correct links and the total number of links detected visually in one time slice in a forward manner,
and we de ne the mean accuracy of tracking as the average of the tracking accuracy over all time slices. As a
result, the mean accuracy of tracking wagt.
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