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Abstract—This work proposes a dynamic-shape-prior guided

active contour model (ACM) to cell tracking. Recent works on

snake model (DSP G-snake) that is designed to improve the cell detection and tracking, e.g. [4] and [5], employ theact

overall stability of the point-based snake model. The dynaric
shape prior is rst proposed for snakes, that ef ciently uni es
different types of high-level priors into a new force term. To
be specic, a global-topology regularity is rst introduced that
settles the inherent self-intersection problem with snake The
problem that a snake's snaxels tend to unevenly distribute lang
the contour is also handled, leading to good parameterizabin.
Unlike existing methods that employ learning templates or
commonly enforce hard priors, the dynamic-template scheme
strongly respects the deformation exibility of the model, while
retaining a decent global topology for the snake. It is veried by
experiments that the proposed algorithm can effectively pevent
snakes from self-crossing, or automatically untie an alredy self-
intersected contour. In addition, the proposed model is comined
with existing forces and applied to the very challenging tals
of tracking dense biological cell populations. The DSP G-sake
model has enabled an improvement of up t030% in track-
ing accuracy with respect to regular model-based approactse
Through experiments on real cellular datasets, with highlydense
populations and relatively large displacements, it is conrmed
that the proposed approach has enabled superior performare,
in comparison to modern active-contour competitors as welas
state-of-the-art cell tracking frameworks.

Index Terms—Snakes, self-intersection, cell population track-
ing, dynamic shape prior, global-topology regularity.

|I. INTRODUCTION

disc model [6] and the radial snake model [7]. The ACM in
[8] takes the prior of elliptical shapes. P&t al. propose a
new shape force that captures tubular patterns with péaticu
types of cells in [9]. External forces that embed motion gio
of cells are also considered in [5] and [7]. Nowadays, along
with the intense requisite for quantitative analysis ofiudar
behaviors, there is a growing demand for the automated
tracking and analysis of dense cell populations [10]-[#8f

to the manual effort involved in marking up vast volumes of
cell data for biological study. This brings forward many new
challenges for the vision-based cell tracking communibg a
models or tools with more stable performance are required.

A. Motivation

Reliable analysis of cell migration and proliferation typ-
ically involves large numbers of cells (usually hundreds to
thousands) within videos or image sequences. This makes
manual tracking labor-intensive and often unfeasible §14]
[16]. Dense cell-population tracking is by itself a comptied
problem, with many particular challenges, arising from the
obscure boundaries of tightly packed cells, the varietyedf ¢
shapes and sizes, the varying levels of cell deformation and
displacement, temporal occlusions, etc. Blurred bouedaie

INCE the development of snakes in the seminal woommon in low-contrast cellular images (see Fig. 1), which

by Kasset al. [1], they have been applied to objecimeans the segmentation of active contours may leak, causing
segmentation and widely adopted in various forms of biander-segmentation. Snaxels on the leaked contour can be
logical image analysis. Snakes are used to de ne an objec¥racted by noise, or incorrect/neighboring featuresylteng
outline in images under analysis by minimising an enerdy segmentation error or the commonly occurring effect of
or cost function associated with different object promerti snakes self intersecting, as illustrated in Fig. 2. If thekes

(e.g., average intensity value), and intrinsic curve proge
(e.g., smoothness). Due to the fact that the traditionatival

are region based, this self-intersection can cause a diueey
of the snake, since the invalid loop changes the normal

energies of snakes encourage smooth and circular-likeeshaglirection and thus reverses the inside/outside of the dlose

deformable active contours are intuitive tools for moaejli

contour [17]. Within an edge-clutter environment, the dals

cell membranes and regions. They have thus received latgeps may trap irrelevant features or regions/edges ofbyear
popularity in the cell tracking community since the 1990sells (see Fig. 2b), leading to tracking failures. Occlasio
Works such as [2] and [3] are pioneering in applying ther cells displaying temporary intensity changes also have a

in uence on the snake performance, leading to undesirable
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shakes tend to have knock-on effects in the neighborhood. In
tracking a small number of objects, or dense cell population
the self-crossing effect can directly cause a center or Gayn
localisation error, and lead to a degraded tracking result.

is therefore important that a solution is found to solve the



(b) (©)

Fig. 3: Inside and outside self-crossed snakes on (a) rehl an
(b)-(c) synthetic images.

from tracking an object with exible deformation, or multg
Fig. 1: lllustrating cell populations in phase-contrastage objects with a variety of shapes and sizes, such as dense cell
samples. Note the densely packed cells, the variety of shapepulations.

and sizes, and the ambiguous cell boundaries. Square esntouFrom the small amount of literature available that discsisse
denote cropped and magni ed regions. the self-crossing problem, it is noted that the underlying
problem persists, since existing solutions cannot preciud
the problem from re-occurring. In [17], Nakhmaet al.
develop an algorithm for automated self-crossing detactio
after which a process for accurately locating the knot [int
is needed, and incorrect loops are removed or the contour is
split. Another approach in [21] is based on the line-segment
intersection strategy. Ji and Yan proposed a raster-itispec
mechanism [22], by checking if the same raster location is
plotted more than once by (densely interpolated) points on
the snake. Note that, after self-crossing detection byethos
aforementioned methods, the snake contour is re-iniédliz
However, re-initialization cannot stop the re-occurreatthe
self-crossing section, as the image information that chuse
the problem remains. Other methods for detecting snake self
crossing are referred to in [17], [22], [23]. Existing work
ignores the intrinsic fact that the traditional snake mautdi/

has a local range regularity, which is not suf cient to retai
desirable global topology for the contour. As demonstrated
Fig. 3, the local regularity mechanism won't penalise thié se

self-crossing problem. Other issues that also affect amaKzrossed snakes or contours, since the smoothness reqoireme
performance in object segmentation and tracking are ilfoalready satis ed. In the family of non-parameteric aetiv
snaxels' uneven-distribution effect and the contour Stage contours, much effort has been made to control or reduce the

problem. However, these problems are usually overlookedt8|p.°|_ogy sensitivi.ty, Le., stoppingthe_contourfrom usideble
ignored. splitting or merging [24]—-[26]. Existing works such as [16]

and [27] employ topology constrained level-sets to mutipl

cell tracking. However, the strategies in the non-paraimetr
B. Related Work family cannot be borrowed, since the physical con gurasion

During the past decades, the snake model and its extensiohthe two families are quite different. Still, other workarc

have developed greatly, particularly for modelling cell rmo be referred to in [28]-[31], where active contour/shape et®d
phology and movement. In spite of this, the inherent topplodiave been applied to segmenting different modes of medical
defect remains with parametric snakes, due to the fact fieat tmages and a wide range of targets.
traditional model lacks a global topology constraint. ¥k Another issue also weakening the model's performance is
tend to develop false loops, particulary during the tragkinthe uneven-distribution effect of the snaxels, especialien
phase due to noise, clutter, occlusion, large motion, etc. édge signals have uneven intensity or contrast. Unevenly
fact, none of the aforementioned snake models are spelyi catonverged snaxels affect the segmentation result in themur
targeted at the self-crossing problem. By using algorithnfimme and also degrade the subsequent tracking. Howeiger, th
such as [4], [6], [8] with circular or elliptic priors, or ska problem is also overlooked and there is limited literatune o
models with more speci ¢ shape priors [18]-[20], the shaki#he topic. In [32], the original L1-norm term that consti&in
self-crossing problem can be side-stepped. However, théke contour length is replaced with a squared L2-norm based
methods generally have strong shape priors that excluae theegularity, in the B-spline active contour framework. This

o [Frome ]

(a) Images taken from [17].

Fig. 2: lllustrating the self-intersection effect of snakim
segmentation/tracking.



helps to enforce an equidistant spacing for the spline'tsrobn a so-called minimum-envelop (ME) based template is rst
points. In the case of point-based snakes, the quadratic li@&roduced, which is simply the boundary contour that dipse
norm based regularity is used more commonly; however,viraps around the snake region. Other forms of dynamic
encourages short contours. templates are also designed (to be explained respectinely i
In order to solve either the self-crossing problem, or theection II-B). Based on the dynamic template, a new comdtrai
improper distribution or aggregation of snaxels, one mdgrce is proposed, called the deformation-guiding foFc¥,
resort to existing shape-priors-based regularities. Hewdor with an initial formulation de ned as,
gzﬁ:::géein obJect_ with .eX|bIe.deformat|on, or segmentlng ng?O(C(s);C(s)) - C(s) C(s) 3)
populations with various modes of shape and size,
restricting snakes with relatively strong shape constsaim Wwhere C represents the template conto@(s) gives the
inappropriate. In this paper, a novel dynamic shape prior fsirticular guiding point for the snax€l(s). So, the attraction
proposed for the parametric snake model. In this way, vierceF 9%:° aims to pull each snax€l(s) closer to the position
aim to signi cantly enhance the model stability while alsdC(s). Please note that the templaieis always a simple and
respecting the deformation exibility of snakes. continuous curve, which involves no self-loops. So, dribgn
the guiding force, the snake automatically pursues a desire

Il. THE DYNAMIC -SHAPE-PRIOR GUIDED SNAKE MopeL  9lobal topology. In order to nd an optimal guiding point for

A traditional tric ACM K tains int ﬁach of the snaxel€§; can be obtained by contour registration,
raditional parametric or snake, contains interna amely solving the equation below,

external and constraint energy terms [1]. The snake can be L
represented by a closed cur@(s) = ( x(s);y(s)), that is argmin  jC(s) C(s)jds: @)
parameterised bg 2 [0;1]. In practice, the snake contour is . 0 '

usually shaped by a number of discrete control points, also .
called snaxels. The traditional snake works by minimising ith C parameterising the ME boundary of the snake-covered

associated energy function&C), as de ned below: region. In fact, given the same ME mask, the boundary curve
' ' has no unique parametrisation, i.e., setting the startirigt po

Z, _ Y _ " a different position (along the boundary) leads to a diffiere
E(C) = . ( ICs(8)i“+ JCss(s)i™+ parametrisation. To facilitate implementation, the testpl
i contourC is also discretely represented as a number of evenly
img con .
E (Clsh+ ETR(C(Nds: (1) sampled control points (referring to number of the snaxels)

where the rst two terms respectively constrain the eléstic See the red control points in Fig. 4b, and 4e. So, Eqn. (4)
and smoothness of the contof™? represents the externalcan be trivially solved by plugging every possible formidat
energy term, encouraging the snaxels to converge ontoedesief C, namely varying the coordinates Gf(s = 0) along the
features in the imageE®" gives rise to external constraintME boundary. This essentially performs a (discrete) contou
forces. , , , are the associated weights. The snake thalignment, where each snaxel @{s) is thus associated to a

minimisesE (C) must satisfy the Euler equation: guiding point atC(s), as illustrated in Figs. 4c, and 4f.
Thanks to the guiding-force mechanism, the uneven-

Cs+ Coss FM(C) F™(C)=0 (2 distribution effect of the snaxels is also handled with ease
where the image forceF™ (C) = r EMI (C), and since the guiding points are evenly sampled. As demonsirate
Feon(C) = r E®"(C). The snake will move becauée of thd" Figs. 4b, and 4e, the snaxels not only follow a correct
competition between the forces, and will reach equilibriuffder but also achieve an equidistant distribution. Compar

when the forces are balanced by each other. with the classic continuity term that gradually leads to a
longer contour, the even-distribution (ED) constrainfpisethe

o ] . shake to maintain continuity while also controlling the tmur

A. Topology and Distribution Constraints based Gu'd'”%ngth.
Force Before presenting the nal formulation, an important fact

In order to deal with the self-looping problem, existingieeds to be explained: if the snaxels are moved directly
works try to seek ef cient ways to check the order of the snaxewards or onto the paired positions, an undesired effect is
els, such as [17] and [33]. After that, processes are redjuithat the contour will contract from iteration to iteratioBee
to delete in particular the knot snaxels or entirely remowbe rst two graphs in Fig. 5. Noting that the contours are
incorrect loops, and then to re-initialize the snake. Sithee only driven by the guiding force, the contraction is thus not
order of the snaxels can be badly affected with multiple &notaused by the (internal) elastic force, but relates with the
and incorrect loops on the snake, automated order-checkiwgding direction of the attraction force. To accommodate
or knot-localisation is typically non-trivial. More imptantly, the contraction issue, a force-projection (FP) processhean
the self-intersection may keep re-occurring as the unaeyly considered (to be explicitly de ned in Eqgn. (5)). The idea
problem remains. Inspired by these observations, we stiggesto guide the snaxel closer to the paired position along the
to initiatively supply the snaxels a correct order, and gissilocal tangent direction. In the third graph in Fig. 5, thexaia
preferred seats to the snaxels along the contour. The pedpoare translocated along the tangent directions, also aphpirog
method rst extracts a binary mask according to the rurthe guiding points, while not altering the size of the comtou
time shape of the snake. As illustrated in Figs. 4a, and 4eggion.



the outward normal. If that condition is violated then there
5 1920%1f22&425 a clear indication of a self-crossing. Correspondinglg, thal
7 formulation of the guiding force is de ned as,

F9C;C)=(@1 ) C C)+( <C CN?>N7?) (5

3‘211109 8 where encodes the divide-and-conquer strategy, to be spec-

© i ed below. Without ambiguity here, the curve parameseis
omitted. Recall thaC C) describes the same attraction force
as in Eqn. (3)< ; > stands for the inner product operator
and N? () denotes tangent vector. S, C C;N? >

' ,§§513 measures the magnitude of the attraction force that is giexe
Ve’ on the tangent direction, ard” speci es the force direction.
Lo For symbol consistency, we employ () and N() to
B represent outward normal and inward normals respectively.
O @ Explicitly, ( s) is de ned as,

Fig. 4: Within each row: First, the ME based template is : )
extracted from the snake (denoted with a green colour). Theps) = é I(:trlwvér(\:/v(ige(S) N(S) > M c(C(s)+ N(S);
the boundary contour (with blue colour) of the ME template (6)

is discretely s_ampled to get a sequence of control points (_rgo, for snaxels with( s) = 1, the FP process is applied:
ones). The third column shows that the sampled control poigg, ('s) =0, the original attraction force is employebl. .

are paired with the snaxels by contour alignment. The armrowggtes the binary template mask, as shown in Fig. 6, with
connect the snaxels with the associated guiding points. only the elements in the template region set to dBs) +

N (s) denotes the position away fro@(s) by 1 unit length
along the outward or inward normal, respectively for=

——snaxels
2 * guiding points

3//\ ?volved snaxels 1' 1
Ji \
\/s B. Potential Types of Dynamic Templates
é\ / Except for the ME template, two other types of dynamic
\6//7 templates are considered: major-blob (MB) and convex-hull

(CH) based, as illustrated in Fig. 6. The MB and CH based
Fig. 5: Left: Directly moving the snaxels onto the guidingemplates are constructed as follows. For the MB based
points, where a contour-shrinkage effect is observed, by-cotemplate, the original binary mask (covered by the snake) is
paring the region sizes of the evolved (green) contour aad thst eroded, so potential blobs from different loops areided.
original (black) contour. Middle: Gradually moving the sR&  Then, the biggest blob is reconstructed by image dilatiad, a
towards the guiding points. See the green contour also getgha smaller blobs are removed. Fundamentally, the ME based
reduced area. Right: The snaxels are translocated aloadj laghape prior assumes valid and invalid loops both contaifulise
tangent directions, also approaching the guiding pointslew information, more or less about the nal shape and position
the size of the contour region is retained. of the target. So, all the snaxels are taken into account in

the construction of the template; in fact the MB type prior

excludes invalid loops in the template construction, with a

However, there is another issue to be discussed. For a sngkgumption that invalid loops have a relatively smallermare

free of self-looping, it is acceptable to universely apdfe t (at least at the beginning of the self-intersection); The CH
FP process. Gradually translocating the snaxels alongetengype prior assumes convex-shape targets.
directions ends up with a sequence of evenly-spaced snaxelssimilar to the ME based case, in MB and CH based ones,
While for a snake already with a self-loop, e.g. in Fig. 3¢ thye snaxels can be ef ciently classi ed into FP- and non-FP-
order of the 6th to 15th snaxels is Corrupted. These Snaxﬁi'%cess groups, according to the binary values pointed @y th

must swap positions, or the entire incorrect loop must B&ward and outward normal vectors. Also, see illustrations
removed. Actually, it is unclear which approach is bettgtig. 6b and 6c.

or safer. Thankfully, moving these snaxels straight toward
the registered points, can not only achieve the position r&-
ordering, but also gradually shortens the invalid loop. §ht1
is rational to have a divide-and-conquer strategy, by ifideg 1) Implementation: The implementation of the DSP G-
the snaxels into the FP-process group or not. Here, an etciesnake model is straightforward. It involves nding the stga
method is suggested by checking the intensity values atomg state solution of the equation below:

normal vector. As illustrated in Fig. 6, a snaxel on a validdo t+1 ¢t _

satis es the simple rule: the intensities (in the binary k)asit = CLl+Cl FM™(@CY F dact;ct)
change from bright to dark from the inward normal towards (7

Implementation and Evaluation



according to two conditions: First, the standard deviatién
the snaxels' intervals should be suf ciently small. Seclgnd
the! values (as de ned in Eqgn. (6)) along the contour should
be all positive, i.e., invalid loops are entirely elimindte
2) Automatically Untying Self-Crossed ContouiBhe ME
based G-snake model is applied to synthetic contours, as
shown in Fig. 7. The evolution processes of the snaiitis
the FP mechanismare illustrated from the 1st column to the
5th, with the converged contours in the 5th column. The self-
Fig. 6: (a)-(c) respectively illustrates the ME-, MB- and CHcrossed contours are successfully untied, no matter witplsi
based template masks, for the same snake. The snake is fikomplex self-intersections. Note that the invalid loepe
represented as a green contour with snaxels. The blue asntaliminated and the snaxels gradually attain equal intsrval
are the corresponding template boundaries. The local Hormalt is worthy of discussion that, comparing Fig. 7b with Fig.
vectors are represented as blue pins, with the inward asd, 4e, and 4f, why the upper blob disappears in Fig. 7b. The
outward vectors represented respectively with thick and threason is that the self-untying process should not be caeduc
ends. According to the binary values along the normal diregithin one iteration. First, this is to avoid the undesigabl
tions, the snaxels are classi ed into two groups. The smaxlffect that using the guiding-force mechanism fully cascel
that do not need the FP mechanism are highlighted withe work/effort of other snake forces. Also, it is important
magenta. These snaxels should directly follow the atwaeti to realise that, self-looping usually happens in the casa of
force mechanism, so as to eliminate invalid-loops, or aghiecontour being distracted by noise, or incorrect neighlgprin
the position swapping (for some magenta snaxels in (a)), features. That means fully conserving the self-loop region
to remove concavities (for some magenta snaxels in (c)). could be dangerous. The question relies on the fact that the
amount of region to preserve is unknown. A conservative
. . _ ' way is to temporally preserve the region but allow a gradual
where_the supers_cnpts de_note_ the time index andis the ) de)r:\tion, just Iliie emyplljoying the ME Gg-snake. A more r%;ldical
step size. .Note, n eatch iteration of the §nake deformau%ay is to totally remove the self-loop region, namely using t
the dynamic teEanaté: is up.dated according to the current ;o template based scheme.
snake contouC’. To summarise the steps: For a close comparison, the last column in Fig. 7 presents
Step 0: InitializeC'=0 ; the results using the ME G-snake modeithout the FP
Step 1: Extract a run-time template mabkc: mechanism As demonstrated, the G-snakes without the FP
from the current snak€!. Template shapes include Mechanism suffer from the impact of contour contraction.
ME, MB, and CH types. If the foreground area pf While for the case of G-snakes with FP, allowing that the

M c: is less than a pre-de ned size, a circular | invalid loops are de ated, the converged structures retsihec

(b)

template or a dilated template is constructed:; initial shapes very well. . .

Step 2: Along the boundary conto@! of the 3) Experiments with Different Dynamic Templateé3uali-
template mask, extract a sequence of control po ntdative results of applying G-snakes with MB and CH based
with equal intervals; dynamic templates are presented in Fig. 8.

Step 3: Align the discretely sample@! and Ct, To conrm the integrity of this approach, the DSP G-
and associate each snal(s) with the guiding snake model was also tested on real images for evaluating the
point Ct(s); segmentation performance. Corresponding results aredadl
Step 4: Updatect*! according to Eqn. (7); as supplementary materials.

To summarise, the ME and MB based DSPs are both
designed for general application, but with differences owh
they treat invalid loops on a self-crossed contour. The CH-

Note that a snake may contract to a small dot or an ovefiased shape prior is relatively application speci c. Nétver
thin structure, which can be caused by occlusion, objeds exiess, the three dynamic templates can be used in a exible way
from the image frame, and other factors. If during the snak@ combination with practical situations.
evolution, the contour-covered region becomes too small (i
less than a tolerable sizg), we consider that a shrinkage Ill. DSP G-SNAKES BASED CELL TRACKING
effect has happened. In that case, a dilated template or dhe proposed snake model is applied to tracking dense cell
circular template (specied bya.) will be used, rather than Populations over phase-contrast datasets. Since this iste
constructing a template directly from the snake. challenging problem, it provides a good scenario in which
In the following section, the DSP G-snake model is tested &@ Validate whether the model stability and performance is
synthetic contours with varying levels of self-intersentiThe €nhanced by engaging the DSP mechanism.
weighting parameters for the snake model are set &s0,
=0, =0, =1.By that means, only the deformationA- Repulsive, G-Snakes with DGVF force
guiding (DG) force is activated for validating the performea The proposed cell tracker model is based on the DSP G-
of the proposed model. The convergence condition is de nattake model, in combination with two other forces, namely

Step 5: Stop if the snake has converged; Otherwijse
updateC'*! | and repeat steps 1-5.




——Converged contour
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(a) Case I: ME wFP Itéf 1,8,15,22,32; ME w/oFP Itér27

HeRN A

(b) Case Il: ME wWFP ltef 1,7,14,31,61; ME w/oFP It&r200

G5 @5 5 D

(c) Case Ill: ME wWFP Ite# 1,15,50,90,165; ME w/oFP It#r115

Fig. 7: From column 1 to 5, the self-crossed contours arenaatically untied by the ME G-snake model with the FP
mechanism. The fth column includes both the initial contedashed contours with magenta) and the converged cofmur
a close comparison, the last column presents the results tihe ME G-snake without the FP mechanism (the intermediate

results are omitted).

)

(a) Case I-V: MB wFP

(b) Case I-V: CH wFP

Fig. 8: The rst row display converged results from MB baseestiakes, and the second row provides the results from CH
based G-snakes, both with the FP mechanism.

an inter-object repulsion force and a dynamic gradienterec whereM ¢ is a binary map, denoting the regions of
ow (DGVF) based image force. To be speci c, the associated all the snakes except the snake The repulsive force
Euler equation can be written as below: direction is N (s) (the inward normal vector), with a
magnitude of 1. This gives the local repulsion force a
Css+ Csss F 9(C;C) privilege to overcome the in uence of other forces, and
1F99v (C) LF'®(C)=0 (8) to stop the snakes from overlapping.

The DGVF force is de ned according to the original work
F99(C;C) is de ned in equations (5) and (6). Only the  of Chenget al, which is able to provide ef cient segmen-
template type ofC is to be specied from the possible  tation in a clutter environment. To avoid overloading the
typesfME;MB;CH;R ( a)g. R( a) denotes a small paper, we determine not to repeat the equations (10-13)
circular template with a prede ned sizg, applied when that are detailed in [35].
the snake-covered region become inappropriately small.
The same repulsive forde" is borrowed from our recent
work [34], with the speci ed formula as

Note that the magnitude of the repulsion force is always
1, and the DGVF and DG force elds are both normalised.
So, only three out of the ve weights in Eqn. (8) need to be
F'(C(s))= N(s) M c(C(s) (9) tuned in practice. According to the Euler equation in Eqg, (8



the algorithm can be trivially implemented with the gradien TABLE I: Cellular datasets in the experiments
descent method.

Dataset #of Time #of #of #of

1)_Sy3tem O_VerVieWSince ceII_—popuIation tracking is a ype frames/ interval cells leaving cells into
relatively complicated problem, this work also developsi f sequence  (min/frame) cells account
; i i . TWH-PEC-d1 100 4 74 1 73
cell traTcklng system, that consists of the following fupati WH-PEG-d5 20 20 74 1 73
blocks: MDCK1 80 10-20 82 4 78
Image pre-processing, by applying the median lter to MDCK2 100 10-20 102 14 88

each frame in the image sequence.
Snakes initialization: the cell detection method as de-

scribed in [12] is employed, which results in a binary map,

with candidate cell regions (see demonstration in FigP9 epithelial (WH-PEC) cells, as described by [36], and
(h) in [12]). Snakes are then initialized as small circuldVC image sequences of Madin Darby Canine Kidney Ep-
contours that are centered at the candidate regions. SiH@@I'al (MDCK) ceII; (similar to [12]), all acquired using )
low-level image segmentation cannot avoid the under- gy Phase-contrast microscope. The WH-PEC dataset consists
over-segmentation problem, manual corrections are af8h100 frames of dimensions 300x3080(m x40m ). The
involved with limited effort. two sequences of the MDCK data are respectively referred
DSP G-snake based cell trackers: With the excepti(’iﬂ as MDCK1 and MDCK2. More details about the cellular
)Flatasets are listed in Table I. WH-PEC-d1 denotes the @ligin

initialized by the converged snakes from the last framg€duence with the time interval 4 min/frame, and the WH-

They then track cells across subsequent frames. N&tEC-0S sequence is obtained by taking one out of ve frames
that the guiding-force mechanism is involved during thEom WH-PEC-d1, so the time interval is 20 min/frame.
whole evolution process of the G-snake model. At each

iteration, a new dynamic template is constructed for tt®. Parameter Setting

G-snake, and guiding points are updated by extractingag explained in the last section, only three weights need to
equidistant samples along the template boundary. Thg adapted in Eqn. (8), namely, , . In the experiments,
guiding force then works together with other types of — .1 =1 | = 1, , = 1 are used in all the

snake forces, by following the gradient-descent methogy,eriments. A relatively small value for permits a weak
Detalls_are provided in Section 1l-C1. ) constraint on the elastic force. Other parameters aretivety
Repulsive force, and DGVF force calculation. getermined as following: Each snake is discretely sampted a
Cell-Division detection: After the snakes converge in eacdy = 49 snaxels; The initial radius of the active contour is set
frame, the number of cell candidates inside each snhakeg - g for MDCK1, andR = 7 for the other datasets: The
region is checked using the same cell-detection method&§ constraint is invoked when the size of the snake region is
described above. A positive mitosis event is determingge than the thresholdy = 10. For estimating the DGVF-

if more than one cell candidate appears in the sam8seq image force, the diffusion weight and the iteration
snake region for three consecutive frames. This aims (o mper are also tuned once and xed for all the cellular
lower the chance of over-segmented regions being fals@lasets. All of the involved parameters are kept exacty th

reported as mitosis events. The snake is then split agge in all of the experiments, except thais varied in the
new identities are assigned. Since cell-division detec“%ensitivity-analysis section.

is not the current focus, only a basic strategy is employed.

Thus, this cannot guarantee that all the mitosis events are )
captured. C. Testing Results

of the rst frame, the cell trackers are automaticall

Dealing with exiting cells: For a snake whose centroid is On one hand, the experiments are conducted to evaluate the
very close to or exceed the image border, e.g., within @-snake model with different types of dynamic templates. On

pixels, the snake will be killed. the other hand, by replacing the G-snake with the traditiona
Measurements output, including the estimated cell rerodel in the proposed system, the performance of the two
gions and centroid in each frame. model types are compared. For the traditional model based

The basic functional blocks are similar to our previousacking, within one set of tests, the snakes are not re-
work [34], while the current system employs the proposeditialized (except after cell-division events). For thecend
G-snake model as the core algorithm, and two new blocks @@t of experiments, the snakes are re-initialized in evenyé.
introduced for dealing with cell division and exiting eventBesides, all the G-snake based trackers are only initlize
respectively. Still, note that the nal tracking system fojoite to trigger the tracking process, and then they are left to
simple design, with no sophisticated steps or post-prangssautomatically deform frame by frame.
requirements. Although the dynamic template needs to be extracted at
each iteration (during the contour evolution), and so a $gem
implicit re-parametrisation is involved. However, the posed
A. Dataset Description G-snake differs fundamentally to a regular snake re-satnple

The performance of the developed tracking algorithm wad each iteration (RAEI). The latter will quickly give rise t
tested on three different datasets: a dataset of woundhgeakegmentation and tracking errors. To demonstrate thigrfact

IV. EVALUATION AND DISCUSSION



detailed experiments are performed in the supplementary Apis thus proved that many failure tracks are directly cause
pendix A. It is actually dangerous to directly alter the sslax by the contour self-intersection. Particularly, blurresubd-
positions after each iteration or even too frequently (olyri aries, close contact between neighbours, cell division and
the contour evolution). By applying the RAEI strategy, thdeath events, and large/strong motions are major indugemen
required global-topology constraint is essentially dgded factors for the SCEs. For traditional snakes, it is in fact
from the other forces of the snake. This can to a largery hard to maintain a relatively stable tracking perfonce
extent cancel out the work of other forces at each iterationithout frequent re-initialization. By contrast, the Gakes
While, the proposed G-snake aims to couple all the forceased segmentation and tracking results are not degra@éed ov
and extra constraints in a uni ed formula, which enables me. See a demonstration in Fig. 9. Thanks to the dynamic
collaboration/competition environment. template based guiding-force mechanism, the global sireict
Since ground truth data of cell segmentation is not avalabbf the G-snakes are well preserved during the entire trgckin
only qualitative results are presented in Fig. 9. Note thatl  process. The SCEs are nearly all eliminated using the peapos
is xed for testing G-snakes based trackers on all the dédasesnake model, as re ected in Fig. 9 and Table Ill. A small
For testing traditional snakes with or without re-initition, number of cells are under-segmented due to the cell division
the exact same system is employed except for shutting doandeath events. These events are usually accompanied with
the guiding-force mechanism, i.e., setting= 0 in Eqn. (8). appearance and intensity changes, and may continue for 3-
To numerically quantify the accuracy of the proposed ajp frames (and also repeat). As a result, they impose large
proach, the automated tracking results are compared agadibculties in accurate segmentation and continuous tragk
the manually annotated data that is established by a hun&till, one or two cells (out of the about 80 cells) get lost due
expert. The expert was provided with a graphical user iaterf to large displacement or strong deformation. This is bezaus
that allowed her to place markers at the pixel locationsadbs the existing snake models are still limited by the capture
to the centers of the cells. Each marked cell in the rgtange problem. However, the problem is currently beyond the
frame is automatically assigned a unique identity by the usecus of this research paper. In spite of the various diftiad,
interface. The expert is allowed to scroll through the slicahe proposed snake model has greatly enhanced the accuracy
and follow the centroid movement of the cell until the lasdf tracking. And, the rate of improvement is ranging from
frame. The tracking accuracy is given by the number of corret0% 30% (see Table II).
(automatically) tracked cells that are identi ed by theposed = The ME, MB and CH based G-snakes have all enabled
approach with respect to the total number of cells that halégh tracking accuracies. The ME and MB based developments
been (automatically) taken into account in the rst imagere both general approaches, so they can be straightfdgward
Only cells that are always in the image eld over the entirapplied to other scenarios of segmentation and trackiramFr
image sequence are taken into account. So, earlier exiithgy cobservation, since the SCEs are largely suppressed in the
are excluded. To be more precise, in the last frame of eaekperiment, the performance difference of the two template
sequence, the automated cell centroid is compared with tgpees is not obvious. The CH based G-snakes achieved §lightl
manually marked positions. If the deviation is within thél cehigher accuracies due to an extra prior involved, that ercou
radius, the tracking is considered correct. In additiorrjrdp  ages the contour to capture convex shapes. This is benéncial
the early stage of cell division, a snake may wrap around batie tracking of dense cell populations. Since cell bouredari
of the child cells for several frames. Once the correct chilate usually blurred or incomplete, and the intensity or edge
cells are captured, the tracking is still considered vatidd signals might be not constant between consecutive frames,
temporary period. some of the snaxels can easily get trapped in local minima.
In Table I, the abbreviation “re-init” stands for re-So, the convexity prior provides a soft constraint to préven
initialization. In Table Ill, e.g., 1185(70) means that tiséal the contour structure from collapsing. This is demonstiate
number of the self-crossing events is 1185, which happefig. 10.
on the same 70 snakes (with repeated self-crossing). Th&Recall the de nition of! (s) in Eqn. (6). By checking
self-crossing event (SCE) is only examined once per frarfeany of the ! (s) values becomes zero, a simple way is
for each snake. To be specic, only for contours with aresuggested to identify whether a self-crossing has occurred
sizes > 10, the SCE is checked according to the lineBased on that knowledge, within one set of experiments, the
segment intersection strategy. For the traditional ACMeblasguiding force is activated only when the contour needs to
experiments, re-initialization is processed as followiRgst, be automatically untied. Otherwise, the whole guidingséor
each snake is examined for whether a SCE is evolved; Faechanism is blocked (also including the even-distributio
snakes without self-crossing, a new sequence of controkpoiconstraint). See Table IV, the tracking accuracies on the
are evenly sampled along the snake contour; For a snake whtee datasets (with relatively low frame rates) are shght
self-crossing, the current centroid is extracted and then tdecreased, without always running the ED constraint. The
snake is re-initialized at the position as a circular conteith ~ statistics are compared with the rst column of Table II).
radiusR.
In the traditional snakes-based experiments, relativaixet . )
tracking accuracies are reported in Table II. After chegkhre D. Parameter Sensitivity Analysis
identities of the lost tracks and the self-looped snakegs it This section aims to evaluate the parameter sensitivity
found that abou?0% to 80% of the identities are coincident.for , varied in the sef0:2; 0:4;0:6; 0:8; 1; 1:2g. All of the



(c) MDCK2, Frame# 1, 20, 40, 60, 80, 100.

Fig. 9: lllustrating the cell segmentation and trackingeeté by using the proposed ME G-snake based system on differe
image sequences. In (a) e.g. with Frame# 5(21), 5 denotefahe number in WH-PEC-d5, and 21 indicates the frame

number in the original data WH-PEC-d1.

TABLE II: Quantitative results for tracking accuracies

G-snake Regular snake

ME MB CH w/0 re-init w re-init
WH-PEC-d1  (69/73)94.52%  (70/73)95.89%  (71/73)97.26% /1886.30% (69/73)94.52%
WH-PEC-d5 (69/73)94.52%  (69/73)94.52%  (69/73)94.52% [1332.60% (64/73)87.67%
MDCK1 (75/78)96.15%  (75/78)96.15%  (75/78)96.15%  (4962832%  (60/78)76.92%
MDCK2 (85/88)96.59%  (83/88)94.32%  (86/88)97.73%  (657/3336%  (76/88)86.36%

(c) ME G-snake #37, frames #30-42.

.‘ V m m » 8 m fﬁi : | : m w
‘ & N ~ 3
(d) CH G- snake #37, frames #30 42.

Fig. 10: Performance comparison between the ME and CH bassthi&s on the same cells. For the cells #19 and #37 (in
MDCK1), the CH based G-snakes achieved better segmentasuits due to the involved convexity constraint.

other parameters are maintained as the same values. Tablgifférent templates based G-snake models to the four image
provides a full list of statistics that are obtained by apmly sequences. The best accuracies of the G-snake model, by



TABLE llI; Quantitative results of the self-crossing event

10

—_
o
o

+WH-PEC-d1
G-snake Regular snake ° k,)”’_, 75 ‘\'\IAVS(-:IT(EC-dS
ME MB CH wi/ore-init w re-init gP +MDCK2
WH-PEC-dL 0 0 0 420027 124020 o5 50
WH-PEC-d5 0 0 0  219(27) 83(11) <E
MDCK1 11) 73) 0  1185(70)  716(40) =
MDCK2 1(1) 43) 0  1224(70)  652(37) 0 i , .
0 0.2 0.4 0.6 0.8 1 1.2

TABLE IV: Evaluating the ED constraint

Fig. 12: The average numbers of the SCEs according to the

G-snake model, with 2 f 0:2;0:4; 0:6; 0:8; 1g. Each curve
shows how the average number of the SCEs changes with a
varied value of .

WH-PEC-d5
93.15%

MDCK1
93.59%

MDCK2
93.18%

ME G-snake

TABLE V: Quantitative results for tracking accuracies, hwit V. EXPERIMENTS AND COMPARISON

varied A. Modern Active Contours Dealing with Self-intersection
g
In [33], a so-called, contour-simplicity (CS) term is pro-
0.2 0.4 0.6 0.8 1 posed that penalises self-intersected curves for geodesie
ME WH-PEC-d1_ 9589% 972686 97.26% 95.89%  94.520,CONtOUL, WhICh.IS a model f:losely relgted to parameteric
WH-PEC-d5 95.8% 95.89% 95.89% 95.89% 94.52%snakes. Assuming control points on a simple closed contour
MDCK1  92.31% 94.87% 94.87% 96.136  96.15% gre (jstributed in a clockwise order, inverted loops are-con
MDCK?2 95.45% 9545% 96.5%6 95.45% 9545% ... oo following th ti-clockwise. To fadit
MB WH-PEC-dl 94.52% 95.89% 97.26% 97.26% 95.89% >!/d€red as those lofllowing the anti-clockwise. 10 ladata
WH-PEC-d5 91.78% 94.52% 94.526 94.52% 94.52% later discussion, the explicit CS term of [33] is introduced
MDCK1  93.59% 94.87% 97.4% 96.15%  96.15% pelow
MDCK?2 95.4%6 94.32% 94.32% 95.45%  94.32% ' 7
CH  WH-PEC-dl — 0452% 97286 9726% 97.26% 9726% o5 _ Y x(s)ys) x%s)y(s) ds (10
WH-PEC-d5 94.52% 94.586 94.52% 93.15% 94.52% (C)= > s (10)
MDCK1  92.31% 93.59% 94.87% 96.1%  96.15% (uv)2is(c) U
MDCK2 95.45% 97.73% 97.73%  96.59% 97.7%% ) )
wherelS (C) denotes the set of ordered pairs of curve posi-
tions (u; v) s.t.u <v, that describe inverted segments (either
closed or open). In factz® here is a simpli ed expression
> 100% fc_)r the original Eqn. (11) |n.[33]. This is achieved by. treafi
©97.5% single or double types of inverted loops equally, since they
§§ 95% both follow anti-clockwise orders. Note in [33] collisioimts
o %92-5% ¢ +WH-PEC-d1 are classi ed as positive/negative crossings, for distisging
<g 90% "l\'AVE"CFI’('iC‘df’ single/double inverted loops. Taking the derivative of Eqn
£87.5% +MDOK2 (10), the associated CS force can be written as,
85%
02 04 06 08 1 1.2 N (s if s21S(C):
. Fec = o 1221800 ay
0 if s21S(C)):

Fig. 11: The average tracking accuracies of the G-snake mod
based on different dynamic templates. The experiments
conducted by manually adapting2 f 0:2; 0:4; 0:6; 0:8; 1g.

Eich presents an interesting formula, since the pote@fal
orce is decided by the normal vectd (), and s inside
(resp. not inside) the sdiS(C) identi es where to switch
on (resp. off) the CS force (along the contour). From the
implementation, this is also reasonable: evolving an ieder
adapting the value, are highlighted in the table. Althoughoop along the local normal directions will make the loop

is varied from 0.2 to 1, all of the tracking accuraciesmaller or disappear, considering the inside/outside®fdhp
are successfully maintained in high and steady rates. Hig. i reversed.

intuitively illustrates the average performance of ther@ie Also, note the algorithm of [33] is developed for the
model based tracking. Even with a relatively smathat gives jnteractive segmentation tasks. Here, we directly emphey t
a less competitive guiding force, the tracking accuractes acs force and combine that with the regular snake. By that
only slightly decreased. means, the constructed model (hereinafter CS-snake) is mor
As can be seen in Fig. 12, by lowering down thevalue, convenient for a joint segmentation and tracking task. The
the average numbers of the SCEs are mildly increased. Péallowing experiments compare the CS-snake and the prapose
numbers are at = 0:2. However, the largest SCE numbeiG-snake, particularly in dealing with the problem of contou
is not exceedingh% of the average SCE number with theself-intersection. From the energy functional aspect, Gise
traditional model. When is above 0.6, the SCEs are almossnake consists of the same terms as de ned in Eqn. (8), only
excluded. with the GD term replaced by the CS term. And, all the
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force for snaxels that are close to the centerline (ske)eton

of the snake. Unfortunately, the contour's self-intergact

problem is not excluded by NIF snakes, regardless of using

centerline or (extended) full skeleton based NIFs. Expenim

tal tests are also included as supplementary materials. We
\ ‘ (= , nd that self-intersection or points collision can happen a

- NE ™ 1T TSN e random locations along the contour, due to the fact thatedaax

Fig. 13: lllustrating CS-snakes tested on the MDCK1 imag{@latively far away from the endpoints or the core structfre.
sequence. Left to right: frame#4 and #10. Note that the he skeletons are less affected by the NIF. While, incrgasin

CS-snake model is constructed by borrowing the contodf® NIF weight or diffusing the NIF into a larger range give
simplicity term from [33]). rise to the side effect of contour expansion. As long as the

shake has not converged onto desirable features or pasition
the volcano force (driven by the skeleton structure) migintrin
contour convergence.

ost recently, Barbiet al. developed a method for elimi-

weighting values of the CS-snake are set as the same astﬂ%l

G-snake, except the CS-force weight is tuned. . . o L
P 9 nating contour self-intersection in the initializatioregtof a

¢ Fig. 134prezent7s trfler;trai/lrlignglglesults of the _I(_:hS-snakes [@el-set active contour. The basic idea of [37] can be viewe
rames # lfqn # o t t? ¢ sequenfie. e;vbeﬂr;ts & grouping (short) edges with orientation compatibilityoi
contour seli-intersection become frequent after a sm a simple curve, given start and end points. However, contour

of fre;)mes]; fRecaII tha}thG-sr(ljakesl are abletlo track Oven;;rlar%?ouping is by itself an unsolved problem. Also, the extensi
number of frames, without developing seli-loops, as prasip ¢ approach to jointly tracking multiple objects istno
demonstrated in Fig. 9. In addition, contour expanding 's?traightforward

observed in CS-snakes, such#s$ ;#18 and#49 in frame
#10 (see also Fig. 13). In order to nd inducing factors for
those undesirable events, additional experiments areucted B. Comparison with Spline-based Snakes
in supplementary materials, where CS-snakes are tested 08y far, our work has been focused on points-based paramet-
synthetic images. ric snakes. Spline-based snakes, belonging to anothectbran
According to our experimental ndings, the method thagf parametric models, are also popular due to their advastag
starts with classifying inverted loops or self-crossingtexcan of fewer coef cients [38], and ease of interaction. Notably
be highly unreliable, either for relatively simple or compl modern spline snakes have gained success at segmentisg cell
self-crossings. Also, evolving the contour by blindly tMiing  with different shape modes, by either interactive or autmuha
the local normal directions can be dangerous. Although ogfeans. See demonstrations in works [8], [39], [40]. For that
approach also divides snaxels into two groups (to determipgson, this section performs contrast experiments ameng s
which snaxels need the FP mechanism), there are key diffeglled E-snakes [39], Hermite snakes [40], as well as the
ences to note. First, all snaxels are treated as individualsproposed G-snakes.
our classi cation, with no need to further group them into For poth of the sparse and dense cell populations, snakes
sub-loops or contour segments. This avoids the complexfye initialised as average-sized circles in the rst frambich
of resolving orders among different snaxels. And, we darts the full tracking process. Note that in [39] and [40],
not evaluate clockwise/anti-clockwise loops for decidim®n snakes are initialized by manually outlining curves around
the inside/outside of the snake region, since that can Bg|| boundaries. Uhimanet al. also allow users to specify
confusing. Instead, by exploiting the snake-covered rggite the number of control points (NCP) for each Hermite snake.
inside/outside can be more reliably determined. In our experiments, xed NCPs are exploited for the spline
Although [17] provides an elegant way for determining thenakes, after a number of parameter tuning. This is for the
occurrence of self-crossing events, the algorithm doesleat consideration that cell shapes can be quite exible. Anropti
with (automated) contour untying. In addition, the authon§CP is actually not available for all snakes/cells in thewie
resort to extra strategies to locate self-crossing knaidthen nor for the same snake because of cell deformation. The point
they choose to split or reorder the contour. By contrast, ogimpling rate (per curve span) is also tuned, to enablexita
approach needs no explicit localization for collision fein values for different spline snakes. Other associated peters
For any given contour, our rst concern is not whether a selfire set as default values by referring to [39] and [40]. Sege Fi
crossing occurs or not. Instead, we encourage the snakelfofor the experimental results.
obey two intuitive rules, namely the simple-curve topology The snakes behave varyingly at preserving shape/structure
and the even distribution of control points, which are udi e stability, when reacting to cell deformation or neighbdeiac-
into the proposed guiding-force mechanism. The essedtal i tion. The structure of E-snakes or Hermite snakes can siylden
of our method is to always provide a good template/exampigllapse, resulting in undesirable loops or huge (random)
for the snake. blobs. Checking the result of the edge-based E-snakes (pame
In [23], algorithmic innovations for a so-called nonthe second image in Fig. 14a), 4 out of 13 snakes have
intersecting force (NIF) are developed for snakes. Esalnti achieved inferior segmentations in the fra#tte. This includes
a volcano force model is employed that grants a stronger puslo cases of contour self-crossing2( and#8 snakes) and
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to us. However, we achieved higher accuracies than [12]
and [41], in spite of our datasets containing more complex
cell dynamics, particularly in the MDCK1 and the WH-PEC-
: d5 datasets. Although a comparable accuracy is reported by
¢ N R Y AR [15], it is worth noting postprocessing steps as employed fo
(a) From left to right: region-based E-snakes, edge-basedakes, and  reconnecting broken or early-terminated trajectories.viaark
the proposed G-snakes on the same frafi%)( requires neither postprocessing nor mid-term re-inidion
for the cell trackers during the whole tracking process. Amo
different types of imaging techniques, uorescence miomgc
images usually have higher contrast. It is well known that
phase-contrast datasets have image artifacts, and bloeted

; ; X P boundaries that add considerable dif culties to image seg-
(5) Hermite snakes (le'ﬂ) and the proposed G- mentation. The works [11], [27], [42], [43] employ relatlye_
snakes (right), tracking on the same image (frame low-contrast images but take much sparser cell populations
#1). as inputs. As the density of the cell population goes down,

Fig. 14: Comparing the performances of E-snakes, Hermif¢ neighborhood-interference index and the tracking ambi
snakes and the proposed G-snakes on tracking sparse or d8HE¥ are correspondmglly decrgased. So, a sparse pGIW'é_IU
cell populations. Some snakes are not displayed, correspoRrovides an advantage in practical tracking. Except fongisi
ing to absent (cell/snake) identity indices. This is beeaas SParser populations, existing works usually require thagen

notable rate of E-snakes or Hermite snakes suddenly devef§gluence to have a relatively high frame rate, where celemo
huge blobs. or deform slowly along the temporal axis. By contrast, our

experimental datasets include relatively large-scaleianst
between consecutive frames (corresponding to a low frame
two cases of under-segmentatio#l®? and #13 snakes). rate).
Neither region- nor edge-based E-snakes exclude conttiur se Since dense cell-population tracking is by itself a com-
intersection, as re ected in Fig. 14a. For Hermite snakes, plicated problem with many particular challenges, exgtin
stably handle cells with different sizes/shapes is chgllem approaches usually resort to combinations of models and
(see Fig. 14b). The testing results of E-snakes and Hermiigorithms, and/or training processes. To temporallytlitne
snakes on tracking dense populations are not presentedo du&acking dif culty, different focuses or assumptions arede
that even higher degrees of contour instabilities are eleser in the literature. That makes it dif cult to fully implement
For the spline-based snakes, good initialization and thienap different systems or recover equal environments for compar
number of control points are usually required (preferally fison. However, it is worth emphasizing that a suf ciently
each snake). This makes the models less feasible, particulg@eneralised cell-tracking system is developed, where t¢he c
in tracking cells with exible shapes and deformations. algorithm is the proposed G-snake model. It is encouraging
Still, other works may improve the robustness of activi9 see the proposed approach has demonstrated comparable
contours in object tracking. Researchers usually aim tugdee  Or improved tracking accuracies, compared with the current
speci ¢ prior knowledge about classes of objects, and alstate-of-the-art.
they tend to use probability methods for describing faraibé
plausible shapes. Unlike existing works, no particulampsisa
are enforced in our model, while strong contour stabilitgd an

performance consistency have been achieved, thanks to th# this work, a novel DSP G-snake model is proposed
proposed guiding-force mechanism. that solves the topology and parametrisation aws that occu

with the traditional snake model. To the best knowledge of
the authors, it is the rst time that a dynamic shape prior
is introduced to the parametric ACM eld. In addition, the
Since existing works are commonly evaluated on differefllowing issues are ef ciently tackled or solved: the cout's
cellular datasets, and associated statistics are not alway self-intersection problem, and the common effect that the
ported in the literature, qualitative and quantitative pam snaxels improperly distribute along the contour. Thankihé
isons are thus jointly made in this section. See Table VI. proposed guiding-force mechanism, the model stability and
Comparing with [12], [15], [41], [42], the developed systenperformance has been signi cantly enhanced. Differens set
has achieved higher or comparable accuracies. To faeilitaf experiments have been carried out, in order to compare
fair comparison, the statistics are precision values, tlee the proposed model with existing active contours and relate
number of correct (automatically) tracked cells divided bgxtensions. It is con rmed that the role of the proposed G-
the total number of cells as automatically identi ed by thenake model cannot be replaced by either snakes that are
corresponding system or approach. Also noting that, thle cedimply re-sampled (at each iteration) or other modern caimpe
tracking accuracies in our work are returned by uniformliors. Moreover, the proposed G-snake is combined with other
xing the guiding-force weight = 1. [12], [15], [41] existing forces and applied to a very challenging problem of
share a similar level of cell density and spatial resolutiamacking dense biological cell populations. It is con rmgtht

VI. CONCLUSION

C. Comparison with Existing Cell-Tracking Works
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TABLE VI. Comparison against Existing Cell-Tracking Syste

Image Mode Image Contrast  Cell Density ~ Accuracy (max)  Aacyr(min)
Refs
[41] Confocal laser scan  Low Dense 83.9% 83.9%
[12] Phase-contrast Low Dense 97.4% 81.8%
[11] Bright- eld Medium Sparse n.a n.a
[42] Phase-contrast Low Sparse 87.3% 84.4%
[15] Confocal laser scan  Low Dense 97.0% 96.8%
[43] Phase-contrast Low Sparse n.a n.a
Proposed  Phase-contrast Low Dense 97. 7% 94.5%

. - . S — P— - -
Fhe system devgloped has resulted in a signi cgn_t increase s'ﬂi-;l“ éﬂg@j ﬂ”i‘
in the cell tracking accuracy. Compared with existing state = & ﬁr . -

of-the-art works, the proposed approach has demonstrated A ."“' i . .§
improved performance, in spite of application to challewgi TR . : .
dense populations with cells that have more complex motions "
and larger displacements than are commonplace in the-litera
ture.

APPENDIXA
COMPARISON WITH SNAKES RE-SAMPLED AT EACH
ITERATION

In theory, directly resampling the snhake, according to a
DSP template, is also able to remove self-intersections. So
experiments are necessary to compare the proposed G-snaki® ME RAEI snakes, Dilated-ME RAEI snakes, and G-shakes on
model against regular snakes with resampling at eachiiterat tracking sparse cells in frame #12.

(RAEI). Recall the snake contour, in the rst graph of FigFig. 15: From left to right, the segmentation and tracking
5, is actually contracted with respect to the original, afteesults sequentially correspond to ME RAEI snakes, dilated
a direct reparameterization. In order to resist the regioftE RAEI snakes and G-snakes.

shrinkage effect, another set of experiments use clasaiesn

that are resampled according to dilated ME templates. To be

Speci ¢, tW_O steps are carried out at each iteration: Firsiy dense or sparse cell populations (see the last column in the
control points are evenly extracted along the boundary of gure).

regular ME template or a dilated one; Then, the gradient-

X In terms of computation time, the G-snake model takes
descent method is conducted to evolve the resampled contoFr . : : . : .
Slightly increased time, in comparison to classical moudstl

The two types of RAEI models are hereinafter referred to o : .
ME or dilated-ME RAEI snakes. They are compared with th?é';AEI. The extra computation is mainly due to the involvement

proposed G-snakes on tracking dense/sparse cell popual;;\tié)]c guiding-force vectors, with a time complexity @¥(n) (n

with the experimental results shown in Fig. 15 denoting the number of the sampled points). This process

According to the experiments, ME RAEI snakes are gragpmd be less trivial than existing works that enforce gafar

ually shrinking from frame to frame. See the segmentati(ssﬁape constraints, or it is at least similarly trivial to exdphew

failures even in the frame #3, as shown in the rst column on?xternalllnternal forces.

Fig. 15. On the other hand, the dilated-ME RAEI snakes are

quickly expanding into nearby regions or background (see th

images in the second column). Since cell boundaries in phase ACKNOWLEDGMENT
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