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A multilevel aggregation method is applied to the problem of segmenting live cell bright field
microscope images. The method employed is a variant of the so-called ‘Segmentation by Weighted
Aggregation’ technique, which itself is based on Algebraic Multigrid methods. The variant of the
method used is described in detail, and it is explained how it is tailored to the application at hand.
In particular, a new scale-invariant ‘saliency measure’ is proposed for deciding when aggregates of
pixels constitute salient segments that should not be grouped further. It is shown how segmentation
based on multilevel intensity similarity alone does not lead to satisfactory results for bright field cells.
However, the addition of multilevel intensity variance (as a measure of texture) to the feature vector
of each aggregate leads to correct cell segmentation. Preliminary results are presented for applying
the multilevel aggregation algorithm in space-time to temporal sequences of microscope images,
with the goal of obtaining space-time segments (‘object tunnels’) that track individual cells. The
advantages and drawbacks of the space-time aggregation approach for segmentation and tracking
of live cells in sequences of bright field microscope images are presented, along with a discussion
on how this approach may be used in future work as a building block in a complete and robust

segmentation and tracking system.

I. INTRODUCTION

There is extensive current interest in the high-content,
high-throughput screening of live cell populations, and
the experimental techniques being developed for this pur-
pose are leading to important biological insights with ap-
plications to new clinical therapies [1, 2, 23, 24]. Due to
the large amount of data generated by these experiments,
automated data processing systems for segmentation and
tracking of live cells in sequences of microscope images
are a virtual necessity. Several comprehensive systems for
segmentation and tracking have recently been described
in the literature (see, for example, [13, 16] and refer-
ences therein). In most existing approaches, cells are
segmented using advanced level set, active contour or
watershed methods, or ingenious combinations of them
[13, 16, 22]. In this paper, we investigate the use of a mul-
tilevel aggregation algorithm as an alternative method for
segmenting live cell bright field microscope images. We
use a variant of the so-called ‘Segmentation by Weighted
Aggregation’ (SWA) technique [17, 19]. Our algorithmic
contribution is a new scale-invariant ‘saliency measure’

for this algorithm to decide when aggregates of pixels
constitute salient segments that should not be grouped
further. We investigate the performance of the multilevel
aggregation algorithm for bright field cell segmentation
in images and sequences of images, and discuss its ad-
vantages and drawbacks compared to other methods as a
possible building block in comprehensive automatic cell
segmentation and tracking systems.

A. Problem description

Fig. 1 shows a microscope image with approximately
two dozen mouse C2C12 myoblast cells on a dark grey
background. C2C12 myoblasts (ATCC CRL-1772) are
muscle cell precursors, which have varied shape and size
as well as good motility in vitro. In tissue culture,
they will grow to a fully confluent monolayer with well-
separated cell nuclei and a small amount of overlapping
cytoplasm between adjacent cells.

Our goal is to obtain separate segments for each cell in
images like Fig. 1. It can be seen immediately from Fig.



FIG. 1: Bright field microscope image with
approximately two dozen cells on a grey background.
Some interior structure can be discerned in cells
(including the cell membrane, the dark grey cytoplasm,
and the lighter cell nucleus with dark nucleoli inside).
Cells that are close to division appear as bright, nearly
circular shapes. Some cells are touching, and some cell
parts overlap. Our goal is to obtain separate segments
for each cell in the image.

1 that this is a difficult task. Two major challenges are,
first, that the cells appear in two distinct basic shapes
(cells that are close to division show as bright circular
shapes, while regular cells have more stretched shapes in
which the cytoplasm and nucleus can be discerned), and,
second, that cells may be touching or overlapping. While
our ultimate goal is to automatically segment sequences
of complex images like Fig. 1, we start out in this paper
with segmentation of simplified cases (isolated cells and
small groups of cells).

B. Approach and algorithm

We use a variant of the Segmentation by Weighted
Aggregation technique [17, 19] to segment the micro-
scope images, which itself is based on Algebraic Multigrid
(AMG) methods for solving linear systems of equations
[3, 4]. The SWA method attempts to segment the image
into salient (or ‘prominent’) groups of pixels by using a
multilevel aggregation procedure that groups blocks of
pixels at various scales, based on multiscale feature vec-
tors for the pixel blocks. The SWA method has more
recently also been used as the basis of a more general
multilevel clustering algorithm [6, 11]. The variant of
the method that we use is described in detail below,
and it is explained how it is tailored to the application
at hand. Our algorithmic contribution is a new scale-
invariant ‘saliency measure’ for deciding when aggregates

of pixels constitute salient segments that should not be
grouped further. Our new saliency measure is a variant of
the saliency measure employed in [17, 19] that takes scal-
ing into account. Furthermore, we use the so-called ‘first
pass’ of the standard AMG graph coarsening algorithm
[3, 4] to coarsen the pixel graph, rather than the direct
aggregation methods that are used in SWA algorithms
described in the literature [5, 6, 17, 19]. We test our
approach on parts of real microscope images, and show
how segmentation based on multilevel intensity similar-
ity alone does not lead to satisfactory results. However,
the addition of multilevel variance of mean intensities (as
a measure of texture) to the feature vector of each aggre-
gate, as in [5, 19], leads to correct cell segmentation.

In the second part of the paper, preliminary results
are presented for applying the multilevel aggregation al-
gorithm in space-time to temporal sequences of micro-
scope images, with the goal of obtaining space-time seg-
ments (‘object tunnels’) that track individual cells. This
parallels previous research results on space-time segmen-
tation using level set methods [10, 15] and on compre-
hensive segmentation and tracking systems for sequences
of cell images [13, 16], but space-time segmentation us-
ing SWA has, to our knowledge, not been investigated
in the literature yet. The ultimate goal of this space-
time segmentation is to determine a space-time segment
(‘object tunnel’) for each individual cell, taking into ac-
count cell divisions. Ideally, when a cell divides, the seg-
ment of the mother cell should terminate and cell seg-
ments should start for the two daughter cells. In this
sense, the desired outcome of our space-time segmenta-
tion is more complicated than for related problems such
as cerebral vasculature segmentation in CT scans, for
which three-dimensional level set algorithms have been
developed [14]. Also, the full space-time segmentation
problem is complicated since cells change shape when
they divide and cells may touch and overlap. In this
paper, we present preliminary results on our experience
with extending the spatial SWA segmentation algorithm
to space-time segmentation of sequences of images, for
simplified cases of isolated cells and pairs of cells. We
identify problems that remain and suggest possible ex-
tensions of the algorithm that may handle them, and
we comment on the potential of the SWA segmentation
method as a building block in comprehensive segmenta-
tion and tracking systems along the lines of [13, 16] and
references therein.

While the general ideas and concepts of the SWA
framework are described in several places [5, 6, 17, 19],
most of the description in the literature is formulated in
general terms, and not all algorithmic details are spelled
out. In this paper we want to present methods and re-
sults that are fully reproducible by the reader, and for
this reason we provide a complete description of the ver-
sion of the SWA algorithm we settled on. One property of
the SWA algorithm is that it has a significant number of
parameters that have to be chosen judiciously to obtain
the desired segmentation. While this may be perceived



as a potential drawback of the approach, it also opens
opportunities to finetune the algorithm for the applica-
tion class at hand. Indeed, the problem of segmenting
an image without further specifications is often ill-posed.
For example, a satellite image with roads, buildings, cars
and people can be segmented at the level of the roads and
buildings, or at the more detailed level of individual cars
and people. Finetuning the SWA parameters allows the
user to steer the segmentation in the desired direction.
The question about how to choose the SWA parameters
is not discussed much in the literature [5, 6, 17, 19], and
in most cases specific parameters are not given for seg-
mentation results that are presented as examples. Again
in the interest of reproducibility, we make sure in this pa-
per to include full details about the parameters we choose
for each image or image sequence for which we give seg-
mentation results, and we also formulate some general
guidelines for choosing parameters.

C. Context

Automatic segmentation and tracking of live cells in
bright field microscopy images is a difficult task [7, 13].
For this reason, fluorescence microscopy is often used in
place of bright field microscopy to image live cells. In
fluorescence microscopy, cells are made fluorescent by ap-
plying fluorescent dyes, or by making the cells artificially
express fluorescent proteins. The strong fluorescence sig-
nals facilitate tracking [16], but may also have significant
drawbacks. In many cases, the fluorescence introduced is
toxic for the cells [9], and it may change cell behaviour.
On the contrary, bright field microscopy is well suited for
live cell studies as the imaging conditions can usually be
chosen to minimize phototoxicity.

For example, the experiments reported in [8] show how
the shape of a cell can be linked to genetic factors, in this
case signaling proteins. In this study, the cells were fixed
and permeabilized prior to phalloidin staining and, since
the cells are no longer alive, it is impossible to examine
the same cells at a later time. Killing the cells is often
a necessary step when using stains. However, the im-
age segments we obtain from our analysis can be used
to categorize cell shapes while keeping the cells in cul-
ture. This ensures minimal interference with normal cell
function through toxicity from photochemical effects and
the high intensity illumination that is required to excite
fluorescent probes.

In other types of experiments, fluorescent markers are
used to measure concentrations of certain specific pro-
teins that are under study. A limited number of flu-
orescent marker channels with non-overlapping spectra
(typically up to three) are used in combination. If one or
two of these channels is used solely for tracking purposes,
the number of channels available for measuring protein
concentrations is reduced, which may be a significant lim-
itation.

For these reasons, it can be an advantage if methods

can be derived that manage to track cells based on bright
field images [13].

In addition, bright field images typically contain many
features of interest, and accurate segmentation methods
for bright field images are intrinsically useful since they
allow the study of cell morphology and internal cell struc-
ture, and their dynamics. For example, the morphology
of a cell can be indicative of cell health or can indicate
various stages of pathology [8]. Also, accurate bright
field segmentation of cells and cell organelles may allow
for more precise integration of fluorescence signals over
relevant parts of precisely identified cells, enhancing the
accuracy of protein expression level measurements. Fi-
nally, it should also be noted that the contrast of bright
field images is often enhanced by the use of phase contrast
microscopy. The images discussed in this paper were ob-
tained with this technique. This allows us to see detailed
structure within cells on Fig. 1 (including cell nuclei and
nucleoli), but it also generates bright halos around cells
which may complicate segmentation since they do not
uniformly enclose cells.

The microscope images used in this paper (including
Fig. 1) were obtained as follows. Cells were plated at a
low density in glass chamber slides and imaged at 20X
using a phase contrast objective (Nikon TEU 2000 with
CFI Plan Fluor ELWD 20X) and a cooled CCD camera
(Hamamatsu C9100-12). Each image contains 512 by 512
pixels, with a resolution of 0.8um/pixel and 14 effective
bits per pixel. Unless otherwise noted, all cell culture
reagents were purchased from Invitrogen. C2C12 my-
oblasts were cultivated in growth medium (Dulbecco’s
Modified Eagle Medium supplemented with 20% fetal
bovine serum (Sigma), 2mM glutamine, 50 units peni-
cillin and 50 pg/mL streptomycin in 10cm cell culture
plates (Corning). Cells were treated with 1.5mL of
0.05% Trypsin-EDTA for 5 minutes, manually dispersed
by pipetting and diluted in growth medium to 50,000
cells/mL. Subsequently, 3 mL of this suspension was
added to one Lab-Tek chambered coverglass well (Nunc)
and cells were allowed to settle undisturbed at 37 C and
10% COx for 16 hours. The slide was then placed on the
motorized stage of a Nikon TEU 2000 equipped with a
Solent environmental chamber where the cells were kept
at the same CO2 and temperature conditions as before.
The microscope images were acquired at five minute in-
tervals during 24 hours.

D. Organization of the paper

The rest of this paper is structured as follows. In Sec-
tion II, we give a brief description of the SWA algorithm
and introduce a new scale-invariant saliency measure. In
Section III we investigate how the algorithm performs
for segmenting bright field cell images. In Section IV we
explain how the approach is extended to segmentation
in space-time in a straightforward way, and investigate
the performance of space-time segmentation for simple



sequences of real cell images. Computational cost and
scalability of the SWA algorithm are discussed in Section
V. Section VI discusses conclusions and future work. Fi-
nally, Appendix A gives a pseudocode-style step-by-step
description of our algorithmic implementation.

II. ALGORITHM DESCRIPTION

Finest Level

AbSlgIl nodes

Asbign nodes

Finest Level

Coarsen\

Coarsen\

Coarsen\ Assign nodes

Coarsest Level

FIG. 2: Schematic representation of the SWA algorithm.

In this section, we describe the multilevel segmentation
algorithm that we employ in this paper. We start with an
overview of the basic SWA algorithm from [5, 6, 11, 17—
19], followed by a subsection on some specific more de-
tailed aspects of the algorithm. In the third subsection,
we propose and discuss a new scale-invariant saliency
measure for the SWA algorithm. For a complete de-
scription of the algorithm we use, we refer the reader to
Appendix A, which provides an actual pseudocode-style
step-by-step description of our implementation.

A. Overview of algorithm

Fig. 2 shows a schematic representation of the SWA
algorithm. A high-level description of the SWA algo-
rithm proceeds as follows. In the first, top-down phase
of the algorithm, pixels are recursively grouped into in-
creasingly large overlapping blocks. At any level in the

process, blocks that are sufficiently different from their
neighbours are identified as salient segments. The top-
down phase ends when all remaining blocks have become
salient. In the second, bottom-up phase of the algorithm,
overlapping blocks that were identified as salient are re-
cursively sharpened, until all fine-level pixels are assigned
to a unique segment at the top level.

We now give a more detailed description of the algo-
rithm.

The problem of image segmentation can be viewed in
terms of segmentation of a weighted undirected graph,
with each node of the graph representing a pixel, and
each edge corresponding to a link between neighbouring
nodes, weighted by the similarity in intensity between
the two neighbouring pixels. The SWA algorithm starts
with this weighted graph on the finest level (which we call
level 1) and forms a weighted graph of reduced size on
level 2, with the nodes of the level-2 graph representing
overlapping blocks of level-1 nodes. Each level-2 block is
formed around a level-1 seed point, which is called a C-
point (short for coarse point) on level 1. Nodes on level
1 that are not chosen as C-points are called F-points
(short for fine points). The overlapping blocks are cho-
sen such that they group neighbouring nodes that have
similar intensities. This graph coarsening can be done in
a variety of ways, and the particular approach we em-
ploy is explained in the next subsection and in Appendix
A 3. This graph coarsening process is then repeated on
level r, r = 2,3,4,..., to obtain the coarse-level graph
on level 7 + 1. The left branch of the diagram in Fig. 2
shows for an example image how the nodes (shown as red
dots) are coarsened during the first, top-down phase of
the algorithm. (For each coarse-level overlapping block,
one finest-level node corresponding to the C-point of the
block on the previous level is shown as a representative.)

In more specific terms, we start from the pixel graph
of the original image, with the intensities of the pixels
stored in level-1 intensity vector 1. (We scale each in-
put image such that the maximum intensity value equals
1.) Pixels that are neighbours in the horizontal or ver-
tical directions are connected by weighted edges in the
graph, with edge weights AE-] defined using an exponen-
tial function of the intensity difference between the pixels
they connect:

_ [1] _ 7[1]
PIED I
1] 0

with o > 0 a user-defined parameter. C-points are then
chosen for the level-1 graph and their indices are stored
in vector C". An interpolation matrix from level 2 to
level 1 is defined as

1 1fz€C[l],Z*C[1]
0 ifieCll, C[”

if 4, j are neighbours,
otherwise,

— — ifigchl
Al

kecl]



Here we use the shorthand notation 7 € C to mean that
i= C’J[-l] for some j. Bach column j of P12 represents a

level-2 node, and element Pz[j1 2 indicates which fraction
of level-1 node i belongs to level-2 block j. (The rows of
P2 sum to one.) The edge weights between nodes of
the level-2 graph are calculated by an averaging process
known as Galerkin coarsening [4]:

Al _ plLAT 411 pl1.2]

In a similar way, interpolation operators P *+1] are de-
rived between the other recursive levels, and coarse-level
graph weights are calculated by

A[TJrl] — P[T,rJrl]TA[r]P[r,rJrl]'

On each level, the blocks are tested for saliency: a
salient (or ‘prominent’) block is a block that is sufficiently
different from all the blocks it is connected to, as deter-
mined by a saliency measure. Once a block is designated
salient, it is not allowed to merge with other blocks on
coarser levels. (In our implementation, salient blocks are
propagated to all coarser levels.) The coarsening pro-
cess terminates at the level where all blocks have become
salient, at which point we have found all segments in the
image. In Fig. 2, the bottommost image is at the coars-
est level where coarsening stops because each of the two
nodes represents a salient segment (the white and the
black segment).

The right branch of the diagram in Fig. 2 represents
the second, bottom-up phase of the algorithm. Recall
that the segments obtained on the coarsest level corre-
spond to overlapping blocks on the finest level. It is im-
portant to retain overlapping blocks in the first phase of
the algorithm, since a pixel that may appear to belong
primarily to a certain block according to fine-level infor-
mation, may be reclassified as belonging to a different
block later when coarser-level information is taken into
account. The goal of the second phase is to uniquely as-
sign every finest-level pixel to one of the segments. The
nodes on the second-to-coarsest level are first assigned
to the segments obtained on the coarsest level according
to the weights in the interpolation matrix, and this is re-
peated recursively for nodes on increasingly fine levels. In
this way, the representation of the so-far overlapping seg-
ments is obtained on each recursive level. On each level,
the overlap between segments is reduced by a sharpen-
ing procedure, with a sharpening threshold d;, which we
normally take equal to 15%. In this sharpening proce-
dure, nodes that belong for more than 85% to a segment
are assigned for 100% to that segment, while nodes that
belong for less than 15% to a segment are fully decou-
pled from that segment. Finally, on the finest level, every
pixel is assigned to the segment to which it belongs the
most.

The SWA algorithm is in many ways similar to AMG
methods for solving linear systems of equations [3, 4],
and the V-shaped process of Fig. 2 is called a V-cycle in
multigrid terminology. Contrary to the AMG V-cycle,
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FIG. 3: Flow chart for the algorithm with the recursive
and nonrecursive parts.

where cycles are repeated to iteratively produce better
approximations to linear equations, we perform the im-
age segmentation V-cycle only once, giving the final seg-
mentation.

Fig. 3 shows a flow chart of the SWA algorithm. The
core of the algorithm can be described recursively. The
recursive part of the algorithm is preceded and followed
by a nonrecursive part on the finest level. In the recur-
sive part we consider two adjacent levels: level r (the
current fine level) and level r + 1 (the current coarse
level). On level r, we find a suitable subset of fine-level
nodes (the C-points) that will form the seed points for
the coarse-level blocks. Then, as long as we are not yet
on the coarsest level (i.e., not all nodes are salient), we
calculate the coarse-level graph weights from the fine-
level weights, and coarsen again recursively. Once on the
coarsest level, the recursive function returns the segments
found, and performs a bottom-up process that ultimately
leads to each pixel in the (finest-level) image being as-
signed to exactly one of the (initially overlapping) seg-
ments found on the coarsest level. The nonrecursive and
recursive parts of the algorithm are described in detail
in Appendices A1 and A 2, respectively, and the coars-
ening algorithm is given in Appendix A 3. Calculation of



do not affect the selection of C-points on level r,
they do affect the off-diagonal terms of A"+ that
subsequently influence the selection of C-points on
level r + 1. Diagonal terms of Al represent the
internal similarity of blocks, and should be taken
into account when calculating similarity between
coarse-level blocks.

the saliency measure to detect segments is discussed in
Section ITC.

B. Additional algorithmic elements

The following are further details and enhancements of
the SWA algorithm.

e In order to coarsen the graph at the current level,

we use the so-called first pass of the standard
AMG coarsening algorithm [3, 4]. This algorithm

coarsens the connectivity graph with weights AZ]
by first dividing the connections in sets of weak and
strong connections based on their weights, and then
approximately determining a subset of the nodes
of the graph that is a maximal independent set in
the subgraph formed by only retaining the strongly
connected edges. See Appendix A.3 for a full de-
scription of the coarsening algorithm we employ.
Strength parameter § € [0,1] (see Eq. (A12)) is
used as a threshold to determine strong connections
in the coarsening algorithm. The nodes in the max-
imal independent set, which are selected such that
they are not linked by strong connections, become
the C-points on the current level. Nodes that have
strong connections to many other nodes are more
likely to be chosen as C-points. Note also that, on
coarse level r, nodes that have already been desig-
nated salient on previous levels (see Section IIC),
automatically become C-points at the beginning of
the coarsening on level r. Note that we use stan-
dard AMG coarsening [3, 4] to coarsen the graph,
rather than the direct aggregation methods that
are used in SWA algorithms described in the liter-
ature [5, 6, 17, 19]. We find the standard AMG
coarsening a simple and effective graph coarsening
algorithm that leads to good results, as confirmed
by extensive experiments.

Calculating A"t by
A[r+1] — P[r,r—i—l]TA[r]P[r,r-i-l]

gives the coupling weight between two blocks based
on finer-level coupling weights across their shared
boundary. However, it is beneficial to also consider
the direct similarity between the blocks in terms
of their average intensity. The average intensity of
each block on level » + 1 can easily be calculated
from the average intensity on level r by multipli-
cation with a scaled interpolation matrix, see Egs.
(A4) and (A3). The coupling weights can then be
rescaled as follows to incorporate similarity in av-
erage intensity:

AE;-H] - A£;+1]67&|1y+1],1}w11‘.
Here, IZ-[TH] is the average intensity of block i on
level r + 1, and & > 0 is a user-defined parame-
ter. Note that, while the diagonal terms of Al

Another blockwise quantity we use to better con-
nect similar blocks is multilevel variance in inten-
sity (as a measure of texture) [18]. Every node
on level r + 1 corresponds to an overlapping group
of nodes on level r, every node on level r corre-
sponds to an overlapping group of nodes on level
r — 1, etc. The variance in intensity of the level-
r nodes that correspond to a level-r + 1 node
is easily calculated using the standard expression
var(X) = B((X — B(X))?) = E(X?) — E(X)?,
see (Ab). These variances are calculated between
all consecutive levels, and are assigned to coarse-
level nodes by recursive averaging (see (A6)). An
r-component multilevel feature vector with inten-
sity variances can thus be associated with every
node on level r + 1, see (A7). In each such fea-
ture vector, the last component gives the variance
between the average intensities of the level-r nodes
that correspond to the level-r + 1 node, the one-
before-last component gives the average over those
level-r nodes of the variance between the average
intensities of the level-r — 1 nodes that correspond
to each of those level-r nodes, etc. The averages in
the feature vectors can be calculated efficiently via
recursive averaging, see (A6). The coupling weights
between blocks can then be rescaled according to
the similarity in these variance vectors, with a scal-
ing parameter 3, see (A10). In practice, it turns
out that variance for small blocks is less relevant
and may cause incorrect segmentation. We there-
fore only use variance rescaling on levels larger than
level p, with p a user-defined parameter.

In order to avoid small segments, we only allow
detection of salient segments on levels larger than
level o, with o a user-defined parameter.

In summary, we list the free parameters in our al-
gorithm, to be chosen such that correct segmen-
tation is obtained for the application at hand:
top-level intensity scaling factor «, coarse-level
intensity rescaling factor &, coarse-level variance
rescaling factor 3, coarsening strength threshold 6,
saliency threshold ~y (see the next section), sharpen-
ing threshold d;, segment detection threshold level
o, and variance rescaling threshold level p.



C. Scale-invariant saliency measure

We propose a saliency measure that is a modified ver-
sion of the saliency measures used in [5, 6, 11, 17-19].
Our modified saliency measure is scale-invariant.

The saliency measures used in [5, 6, 11, 17-19] can be
derived and motivated as follows.

On each level r, define the energy functional

[r] ¢, ] [r]\2
Z Aij (u; — Uy )

> ¢ r|T r r
Tl = i>j wlmIT L lr] g lr]

- Lyl Wi bl
(1)

Here, Al is the coupling matrix on level r, the matrices
LI and W'l are given by

[r], [r], [r]
ZAZ-J- u; ug

L=\ s Al iri=j, (2)
ki
and
wll = Al (3)

and [l is a Boolean state vector for a particular block

on level r such that ug-r] = 1 if node j belongs to the

block and u[jT] = 0 otherwise. Subscripts denote matrix

or vector components. L[" is called the Laplacian of the
(weighted) graph. Note that Wl = Al"l on all levels so
there is no real need to introduce the variables W1, but
below we choose to use the Wl in expressions for the
saliency measure.

The SWA algorithm seeks segments (Boolean vectors
ull) that yield low values of the energy functional. On
the finest level, this formulation is equivalent to a nor-
malized cut formulation for the segmentation problem
[5, 20]. In the normalized cut approach, a generalized
eigenvalue problem is formulated on the finest level that
is related to functional (1). The few eigenvectors with
lowest eigenvalues are computed and are used to seg-
ment the image using a clustering method. Note that
AMG solvers can also be developed that directly calcu-
late the eigenvectors of this fine-level eigenvalue problem
in an efficient manner [12]. In the SWA approach, how-
ever, we do not directly calculate the fine-level eigenvec-
tors, but, instead, consider increasingly coarse versions
of the coupling matrix and detect salient segments based
on connection strength in those coarse-level coupling ma-
trices, guided by functional (1). This approach allows us
to take into account coarse-level features (like multilevel
variance) for segment detection.

At level r, the SWA algorithm checks for each node i
whether it is salient. (Recall that node 4 is interpreted as
an overlapping block of finest-level pixels.) To this end,
define the Boolean vector for the single-node segment

with node ¢ on level r by ugﬂ’i = ;5 (i.e., u™ =1, and

%

7

ugﬂ"i = 0 for j # i). The saliency measure FET] of node 14

is then given by

= Pl =

and node ¢ is designated a salient segment if its saliency
measure is smaller than a user-defined constant ~:

i <. (5)

(Note that saliency measure (4) cannot be used on the

finest level, since Wi[il] = 0 for all finest-level nodes 7. In
practice, this is normally resolved by not allowing salient
nodes on the finest level.) It can be understood eas-
ily that saliency measure (4) is sensitive to the scales of
segments [17], and, depending on the application, this
may lead to difficulties. In what follows, we illustrate
the scale-sensitivity of saliency measure (4) by a simple
example, and propose a new variant of saliency measure
(4) that takes scaling into account.

Saliency measure (4) for node i on level r can be related
to the block of pixels on the finest levels that corresponds
to node 4 (which we can call block 7). Indeed, the saliency
measure can be interpreted as the sum of the coupling
coefficients along the border of block 7 divided by the sum
of the coupling coefficients along connections internal to
block ¢ [6]. It can easily be seen that this interpretation
is exact for any nonoverlapping block, as is illustrated by
the following simple example.

FIG. 4: A simple example image with a square block of
white pixels in the center. We assume that the white
pixels are aggregated to a single, nonoverlapping block
on level 2.

Consider Fig. 4 which represents an example image
with a square block of white pixels in the centre, and
assume that this block corresponds to node 7 on level 2
in the aggregation process (we thus call it block i). The
ith column of the interpolation matrix between levels 2
and 1, P2 contains 1s in the rows corresponding to the
pixels in block 7, and 0s in the other rows. It is convenient
to represent the ith column of P12 in so-called stencil



form, as

000
111
111
111
0000

piba —

K3

(6)

o O oo
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Let us define two more matrices, the adjacency matrix
VI and the unweighted graph Laplacian G| which are
Boolean versions of W and LY, not weighted by the
coupling strengths in AM:

0o ifalll=o,
Vil = L (7)

1 it Al #0,

and

1] e
Gl _ e 1 s g, 8
b=y ovl =g (8)

k#i

The stencils of the operators VIl and GI! are given by

1
vil=11 1],
1
and
-1
GW=1-1 4 -1
1

(Note that these stencils represent the nonzero elements
in each of the columns (or rows) of VI and G['. Since
each column has the same pattern of nonzeros, we don’t
give the stencils of V[l and G[! a subscript index. Note
that columns corresponding to pixels close to the bound-
aries of the image would have a different nonzero pattern,
but we assume that the white block in Fig. 4 is embed-
ded in a larger black image and is located far from the
image boundary, such that we don’t have to worry about
boundaries.)

Let us now calculate the ith diagonal elements of
the level-2 versions of VU and G, namely, V2 =
plL2aT /1] pli2 449 Gl = plL2aT il pli2],

First, we want to show that diagonal element GE] =
Pi[l’g]TG[l]Pi[l’Q] equals the boundary length of block 1,
which in this example is 3 x 4 = 12. Applying matrix
G to column Pi[l’m gives, in stencil notation,

0l-1-1-1]0
12 1 2]
Gipt =111 0 1)1
102 1 21
0l-1-1-1]0

1T

Multiplying this with row Pi[l"2 results in a scalar value

of
Pi[l’z]TG[l]F)i[LQ] —12

3

which is the boundary length of block 4, as desired.
Next we want to show that %V;[f] = %P}LQ]TV“]P}LQ}
equals the number of internal connections within block 3.

First apply matrix V! to column Pl-[

notation,

L2 4 get, in stencil

111
232
343
232
111

V[I]P»[LQ] —

Ol = = |O

Ol —~ RO

Then multiply this with row P 46 obtain

Pi[172]Tv[1]Pi[172] =24,

which equals twice the number of internal connections,
or approximately twice the area of block i. Due to this
interpretation of the diagonal elements of matrices GI']
and VI in terms of block boundary length and block
area, we will in what follows refer to the matrices G[' as
boundary length matrices, and to V"l as area matrices.

It is now easy to see that the ¢th diagonal element of
LI"l corresponds to the sum of the coupling coefficients
along the boundary of block 4, or, in other words, to the
boundary length of block i weighted by the similarity
with neighbouring blocks along the block boundary. For
this reason, we call the matrices LI"! weighted boundary
length matrices. Similarly, the ith diagonal element of
Wl = Al"l corresponds to twice the sum of the coupling
coefficients along connections internal to block ¢, or, in
other words, to twice the area of block i, weighted by the
mutual similarity of neighbouring finer-level blocks in the
interior of block i. We therefore call the matrices W'l
weighted area matrices.

Note that this interpretation
]

also follows directly from plugging ul"l = Pi[l"2
(1) (middle expression).

into Eq.

(a)Small L;;, large Wy;. (b)Large L;;, small W;;.

FIG. 5: Example shapes for analyzing scale behaviour of
saliency measures.

With these interpretations of the diagonal elements of
L, wlrl, G and VI) in hand, we can now analyze the



scale behaviour of saliency measure (4), and propose a
new scale-invariant version of it. Fig. 5 shows two exam-
ples of images with a white shape on a black background.
The original saliency measure

0_ L
o= ©)
2 Wi

is much smaller for shape (a) than for shape (b): shape

(a) has a shorter boundary and a larger area than shape

(b), and the similarity-weighted boundary length LE? is

proportional to the block boundary length, while the
similarity-weighted area %WZ—[Z] is proportional to the
area. For the example considered, this is undesirable,
since both shapes should be deemed equally salient: their
saliency measure should be of similar value for the SWA
algorithm to segment them correctly if they were to occur
together in a larger image. It is also clear that saliency
measure (9) tends to assume geometrically smaller val-
ues as levels get coarser, since, in two dimensions for
example, shape areas normally grow by a factor of four
when boundary lengths double. This can also be seen
as follows. Consider two white blobs with the shape of
Fig. 5(a), a large one and a small one. The large blob
would reduce to a single node at a coarser level than the
small blob, and the salience measure (9) for the large blob
would be smaller than for the small blob, since the ratio
of boundary length to area is smaller for the large blob
than for the small blob. We can thus say that saliency
measure (9) is not scale-invariant (and also not shape-
invariant, according to the example of Fig. 5). Potential
scaling difficulties with saliency measure (9) have been
discussed in the literature and some ad-hoc fixes have
been proposed [17], but a generally applicable modifi-
cation that addresses these scaling issues has not been
proposed yet.

In order to remedy the potential scaling difficulties
of saliency measure (9), we propose the following new
saliency measure:

[rl _ LE:]/GEZ] (10)

The motivation behind this new saliency measure is
simple: we normalize the similarity-weighted boundary
length by dividing it by the unweighted boundary length,
and we normalize the similarity-weighted area by divid-
ing it by the unweighted area. As a consequence, the
quantities LE? / GEZ] and Wi[ir ] / Vi[f] become scale-invariant
(they lie between 0 and 1, since all coupling weights also
lie between 0 and 1). The new saliency measure can then
simply be interpreted as

average similarity along boundary of block ¢

rl _
L= average similarity in interior of block 4

(11)

This interpretation also provides an easy intuitive un-

derstanding of the saliency measure: a block is salient if

it has low average similarity to its neighbouring blocks,
but this has to be evaluated relative to how similar its
own finer-level blocks are to each other. It is also clear
that the new saliency measure may make it easier for
many applications to choose a saliency threshold v be-
low which nodes are to be considered salient: due to the
scale-invariance (and shape-invariance) of the new mea-
sure the saliency threshold can remain constant on all lev-
els, and segments with different shapes can be detected
more consistently.

We have experimented extensively comparing the
scale-invariant saliency measure (10) and the original
saliency measure (9). Even though the scale-invariant
saliency measure is somewhat more expensive to com-
pute (a second three-way sparse matrix product i+l =
PlrHUT ] plrr+1] has to be evaluated on each level),
we have found that it is much easier for our application
to find a suitable value of the saliency threshold v that
works well on all recursive levels and for the different
shapes the cells in our images assume. For our applica-
tion, the extra work leads to a significantly more robust,
less parameter-dependent algorithm and is thus worth-
while. It has to be noted, though, that for some applica-
tions the original saliency measure (9) may give good re-
sults (with less work), or may be preferable for other rea-
sons. The original saliency measure is expected to work
well for segments of similar size and shape. Also, the
original saliency measure favours large segments (since
the saliency measure tends to assume smaller values on
coarser levels), and this may be beneficial in applications
in which only large segments are of interest. (For in-
stance, one could consider an image with many white
blobs of different sizes on a black background, and if only
the large blobs are important, the original saliency mea-
sure can be used to select them.)

To finalize this section on a scale-invariant saliency
measure, we want to make three remarks. First, the ex-

ample in Fig. 4 that led to the interpretations of LE? , G E:] ,
Wl-[ir Jand V;[Z-T] in terms of block boundary lengths and ar-
eas, was set in the context of non-overlapping blocks. In
the first stage of the SWA V-cycle, overlapping blocks are
employed. The interpretation in terms of block bound-
aries and areas becomes less straightforward in this case
and the heuristics become approximate, but the formu-
las remain well-posed and extensive testing indicates that
the measure performs as expected for the case of overlap-
ping blocks as well. Second, saliency measure (10) is not

defined on the finest level since Wi[il] =0 and Vigl] =0
for all finest-level nodes 7. In many applications, salient
segments on the finest level are not of interest, and can
be disallowed. If they are to be allowed, the areas of
finest-level pixels can be set to one, and scale-invariant
saliency measure I‘E” = LE} / GE] can be used. Third,
scale-invariant saliency measure (10) only uses the diag-
onal elements of the boundary length and area matrices
Ll Gl wih and VI, and the off-diagonal information
in these matrices remains unused. The off-diagonal ele-



ments of these matrices can be used to refine (10). For ex-
ample, if block ¢ shares a very short boundary with block
j to which it is very similar, but is very different from
all other neighbouring blocks, then its average similarity

along the boundary, L[T]/ GZ], may be very small, even
though block i is very similar to one of its neighbours. In
this case, it may be desirable not to designate block 7 as

salient, and to aggregate it with block j. Such a situation
can be detected by comparing the sizes of L[T] / G[T] for
all neighbours j of i (these ratios of Off—diagonal elements
can be interpreted as average similarities between blocks
along their mutual boundary), and block ¢ may only be
considered salient if all of these are small (relative to
block 4’s internal similarity). Improvements of this kind
may be important for certain types of applications, and
remain a topic of further research.

IIT. SEGMENTATION RESULTS
A. Cell segmentation

In this section we evaluate the performance of the mul-
tilevel segmentation algorithm by applying it to bright
field phase contrast cell microscopy images. First we
demonstrate the advantage of segmenting taking the mul-
tilevel intensity variance into account, versus not taking
it into account.

The image of Fig. 6(a) has two regions that differ in
texture but are identical in average intensity. Using only
intensity, only one segment is found (Fig. 6(b)) because
the algorithm cannot distinguish the patterned shape
from the uniform background. However, when intensity
variance is incorporated, the two segments are identified
separately (Fig. 6(c)). (Note that the SWA algorithm
finds the background as a separate segment.)

()2 segments found
(patterned shape
and background),
using variance

(a)Original image (b)1 segment found,

not using
variance

FIG. 6: Parameters used: (b) n =60, a = 10, & = 10,
§=01,~v=0.1,d =0.15, 0 = 5; (c) n = 60, a = 10,
&=10,8=10,0=0.1,~v=0.1,d = 0.15, 0 = 5,
p=1

Next we apply our algorithm to the single isolated cell
of Fig. 7(a). (All cell images in this and the next section
are obtained by cutting out a square n X n region from
larger 512 by 512 images as in Fig. 1.) The cell is not
segmented correctly when using only intensity. By using
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(b)4 segments found (c)2 segments found
(including the (including the
background background
segment), not segment), using
using variance variance

a)Original image

FIG. 7: Parameters used: (b) n =60, a = 100, & = 10,
0=0.1,v=0.5,d =0.15 0 =6; (c) n =60, a =100,
a=10,8=30,0=0.1,v=0.5,d, =0.15, 0 =6,
p=1

b)4 segments found

a)Original image

FIG. 8: Parameters used: (b) n =60, a = 130, @ = 5,
8=50,0=0.08,y=0.5,d =0.15,0 =6, p=1.

variance, however, correct segmentation is obtained: the
variance of the background is low, but cells have high
internal variance. By preferentially grouping blocks with
high variance and blocks with low variance, cell parts
are forced to merge together rather than merge with the
background.

Figs. 8, 9 and 10 show further examples of success-
ful segmentation results for increasingly difficult cases of
cells with elongated expansions, touching cells, and cells
that are close to division (bright and circular). Note that
the segmentation parameters employed differ somewhat
between the examples; parameter selection is discussed
at the end of this section. Also, if the background is not
contiguous, the SWA algorithm finds a segment for each

(b)4 segments found

(a)Original image

FIG. 9: Parameters used: (b) n =60, « =130, & = 4,
3=100,0=0.1,v=08 d =0.150=6, p=1.



(a)Original image (b)5 segments found

FIG. 10: Parameters used: (b) n =60, a = 190, @ = 5,
B =100, 0 = 0.09, v = 0.35, d; = 0.15, 0 = 6, p = 3.

(a)Original image

(b)4 segments found

(c)6 segments found

FIG. 11: Parameters used: (b) n =120, a =50, @ =0,

B=110,0=0.15,v=15,d; =0.15, 0 =5, p=1; (c)

n =120, a =100, @ =0, 8 = 110, § = 0.11, v = 0.9,
d1 =0.15,0 =5, p=23.

of the separate background regions. These background
segments can easily be grouped together since they have
very similar feature vectors at the level where they are
detected as salient segments.

Finally, Fig. 11 shows segmentation results for a more
difficult example involving four whole cells at once, one
of which is close to division. With one choice of param-
eters, we get Fig. 11(b), which correctly identifies the 2
cells at the bottom with sharper boundaries but does not
segment the top 2 cells correctly. With another choice of
parameters, we get Fig. 11(c), where all four cells are
found. However, part of the top-right cell is segmented
with the background, and the nucleus of the bottom cell
has its own segment.

B. Discussion

The results of Figs. 7-10 demonstrate that the SWA
algorithm is capable of correctly segmenting bright field
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cell images of moderate complexity. However, some im-
portant problems remain. First, it is undesirable that
parameters have to be changed depending on the image,
since we are pursuing an automatic method. The SWA
algorithm contains a number of segmentation parameters
that have to be chosen. (The next subsection explains
how we have chosen the parameters for our algorithm to
obtain the results shown above.) However, the goal of
the SWA approach is to include enough multilevel fea-
tures in the feature vectors of the overlapping blocks on
the various levels to allow the algorithm to find correct
segments for all images in a certain class, for example,
the bright field cell images obtained by our experiment,
with a single set of parameters. If this is achieved, the
free parameters of the method are not a drawback, but
are actually used to finetune the algorithm for the ap-
plication class at hand, steering the segmentation in the
desired direction. In our current implementation we have
included multilevel intensity and multilevel intensity vari-
ance, and have shown that this allows the algorithm to
correctly segment relatively complex bright field cell im-
ages. Since these images are difficult to segment, this is
a significant achievement, even if somewhat different pa-
rameters are required for different images. Note also that
the multilevel information about the segments gained by
the SWA algorithm leads to several other advantages over
commonly used segmentation methods, as discussed be-
low in Section VI. However, it is clear that further re-
search is needed before a fully automatic reliable SWA
segmentation method is obtained for the bright field im-
ages under consideration.

A first type of improvement can be offered by including
more features in the feature vector. For example, geomet-
rical shape moments can be calculated for overlapping
blocks at all levels, giving information about block shape
and orientation that can be used to preferentially group
together blocks that have similar shape or orientation
[5, 19]. We expect that this can be used to deal better
with the difference between cells that are close to divi-
sion (they appear bright and circular) and regular cells.
Anisotropic texture can be considered as well. The al-
gorithm performs well on bright field images containing
few cells, but the quality of the segmentation deterio-
rates when more cells are present. This is mainly due to
the low-contrast boundaries and the broken halos that
surround the cells. One way to overcome this problem
may be to detect and promote boundary integrity across
neighbouring aggregates as in [18]. Cross-correlation be-
tween features can also be taken into account. Applica-
tion of these and other algorithmic enhancements will be
studied in future research.

A second type of improvement, however, may be
achieved by simply considering the extra information
that is present in temporal sequences of images. The
SWA algorithm can take immediate advantage of this
information by applying it directly to these image se-
quences in space-time. However, before exploring SWA
segmentation in space-time in Section IV, we first dis-



cuss how we chose the parameters for the segmentation
results of Figs. 7-11.

C. Choice of segmentation parameters

To apply the algorithm to an image, we need to choose
values for segmentation parameters «, &, (3, 0, v, di, o
and p. In order to find suitable parameters, we normally
start with an initial parameter choice, and then finetune
individual parameters according to the following guide-
lines. A suitable initial parameter set for our types of
images is given by
(o, &, 8,0,7,d1,0,p) = (100,100, 100,0.1,0.1,0.15,5, 1).
1. To increase the contrast level of the image, increase

top-level intensity scaling factor «, which amplifies

the intensity difference between pixel pairs.

2. For images containing broad bright or dark bound-
aries of regions (such as the halos in the bright
field cell images), we do not want these boundaries
to become salient segments themselves. Since a
large coarse-level intensity rescaling factor & causes
blocks with high average intensity to become more
disconnected from their neighbours, a bright block
can very easily become a salient segment. To avoid
this, decrease & to a small value, say in the range
[0, 5].

3. In order to separate desired segments that differ
more in average intensity and less in intensity vari-
ance, choose a larger intensity rescaling factor &
and a smaller variance rescaling factor 5. Do the
opposite if the desired segments differ more in vari-
ance.

4. If the algorithm finds too many (small) segments,
try

e decreasing 6 (more strong connections),
e decreasing ~y (stricter saliency threshold),

e increasing o (segments allowed only on coarser
levels).

On the contrary, if too few (large) segments are
found, then shift the parameter values in the oppo-
site direction.

5. The process for segmenting image sequences in
space-time (see next section) is similar but we usu-
ally start with a smaller 6, such as 0.03. This is
so because a node in an image sequence typically
has more neighbours than a node in a single im-
age. If we used the same 6, there would be fewer
strong connections since our strength criterion de-
fines strength relative to row sums of the coupling
matrix (see (A12)).
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IV. SPACE-TIME SEGMENTATION AND
TRACKING

(a)t =1 (b)t =2 ()t =3
(d)t =4 ()t =5 (Flt=6
(g)t=7 (h)t=8 ()t =9

FIG. 12: Original image sequence.

(g)t=7 (h)t=8 ()t =9

FIG. 13: 2 segments found with parameters

(n7a7d7576777d170’7p> =
(60,100, 5,160, 0.0055, 0.062, 0.15, 5, 2).

In this section we describe results obtained when ap-
plying the multilevel SWA algorithm to sequences of im-
ages. In our experimental technique we take images fre-
quently enough that moving cells overlap significantly be-
tween frames. (The motion of the cells is slow compared
to the image frequency.) Cell trajectories in space-time
thus form ‘object tunnels’ that are found efficiently by the



(a)looking down from ¢ =1

(b)looking down from ¢t =9

FIG. 14: 3D representation of the cell segment.

FIG. 15: Original image sequence.

SWA algorithm. The extra temporal information makes
it easier to resolve difficult cases such as touching cells,
dividing cells, and cells that temporarily overlap. The re-
sulting space-time segments can also be used for tracking
cell motion.

By stacking up the images, the problem of segmenting
multiple images can be viewed as segmenting one three-
dimensional (3D) data set. It is not difficult to modify
the SWA algorithm to suit a 3D problem because the al-
gorithm is already designed to coarsen arbitrary graphs,
which can represent geometric grids of any dimension.
The details of this simple modification are given in Ap-
pendix A 4. Additionally, SWA can easily be applied to
datasets with three spatial dimensions and one temporal
dimension with little or no modicfication.

We now describe segmentation results for sequences of
bright field cell images.

Fig. 12 shows a cell with an irregular shape moving
from the top-left corner of the window to the bottom-
right corner, while slightly changing its shape, from im-
age t = 1 to image t = 9. (The actual time between
images is 5 minutes.) Applying the SWA algorithm with
appropriately chosen parameters to this stack of images,
we find the two segments shown in Fig. 13. Note that
the cell boundary is quite accurately captured in every
frame, even though the boundary of the cell is irregular.

Fig. 14 shows a plot of this result in 3D with the red
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FIG. 16: Annotations by a human expert.

FIG. 17: 2 segments found with parameters

('I’L, «, dv ﬂv 97 Vs d17 a, p) =
(121,11, 30,10, 0.025,0.01,0.15, 7, 3).

tube representing the cell wall. In Fig. 14(a), the images
are stacked with the ¢ = 1 slice on top. In Fig. 14(b), the
stack is reversed to show the ¢ = 9 slice on top.

The next set of images (Fig. 15) shows a slow-moving
triangular cell, and Fig. 16 shows cell contours annotated
by a human expert. Fig. 17 shows the SWA segmentation
results, and Fig. 18 gives a 3D representation of them. In
comparison with the human expert, the SWA algorithm
segments 71634 out of the 121 x 121 x 5 = 73205 pixels

Time

(a)looking down from t =1

(b)looking down from ¢ =5

FIG. 18: 3D representation of the segments.



t=9 ()t =10 ()t =11

FIG. 19: Original image sequence.

(a)t =1 (b)t = 2 ()t =3

()t =9

()t = 10 (k)¢ = 11
FIG. 20: 2 segments found with parameters

('I’L, «, dv 67 97 Vs d17 a, p) =
(60,8, 4,200,0.025,0.15,0.15, 6, 1).

correctly, yielding a 97.85% accuracy.

Fig. 19 shows a sequence of 11 cell images which rep-
resent a cell dividing into two cells. In Fig. 20, segmen-
tation parameters are chosen such that the cells remain
in one segment. This may be useful if one desires one
large connected segment for all cells in a tree-like struc-
ture. Fig. 22 shows that segmentation parameters can
be modified to obtain two segments, one for each of the
daughter cells. Even though the first few images contain
only one cell, the information from later times causes the
algorithm to interpret the mother cell as two cells that
are about to separate. Having two segments instead of
one large segment for all three cells may be useful if one
desires separate segments for each unique cell. In fact,
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Time
Time

(a)looking down from ¢t =1 (b)looking down from ¢ = 11

FIG. 21: 3D representation of the segments.

(i)t =9 ()t =10 (k)t =11

FIG. 22: 3 segments found with parameters

(n7a7daﬁ79777d1707p) =
(60,11, 2,300,0.015,0.05,0.15,5,4).

if earlier images were included, one would want a third
segment for the mother cell in this case. These two re-
sults illustrate how a judicious choice of segmentation
parameters allow the user of the SWA algorithm to steer
the segmentation process towards the outcome that is
desirable for the application at hand. Figs. 21 and 23

Time
Time

(a)looking down from t =1 (b)looking down from ¢t = 11

FIG. 23: 3D representation of the segments.



show 3D trajectories for the two segmentations. While
more research is clearly needed to handle these rather
complex cell divisions properly, the preliminary results
shown point to interesting possibilities to use the space-
time SWA algorithm as a building block of comprehensive
tracking systems.

V. SCALABILITY

12
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N b O

Algorithm runtime (seconds)

0.5 1 15 2 25
Image size (pixels) % 10°

FIG. 24: Runtime vs. image size. (Single images.)
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Algorithm runtime (seconds)
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FIG. 25: Runtime vs. image size. (Space-time
sequences of images.)

Multilevel algorithms often enjoy the desirable prop-
erties of fast execution time and low memory cost that
are linearly proportional to the number of data elements
[3, 4, 19]. 1In this section, we demonstrate how we
achieved linear runtime as a function of the number of
pixels in the input image for our implementation of the
SWA algorithm. We show that this, as expected, also
holds for the space-time version of the algorithm. This
makes the space-time SWA algorithm a highly attractive
building block for segmentation and tracking systems ap-
plied to long sequences of high-resolution images. Also,
if applications were to arise in which image sequences
with very large numbers of pixels have to be segmented
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in short time, efficient parallel versions of the SWA al-
gorithm could be developed, along the lines of success-
ful parallel implementations of AMG, which have been
shown to scale well on large parallel computers (see, e.g.,
[21], and references therein).

We test runtime scaling by fixing a set of segmentation
parameters and running the algorithm on images of dif-
ferent resolution, from 512 x 512 to 10 x 10. (We do this
using an original 512 x 512 image that is downsampled
to increasingly lower resolution.) For each resolution, we
determine the typical runtime by calculating the average
runtime over three trials. Fig. 24 shows that the run-
time scales almost linearly as a function of the number
of pixels. Our implementation is a mixed MATLAB-C
research code, taking advantage of MATLAB’s sparse
matrix data structures and operations, and employing
C for the compute-intensive parts of the code that can-
not easily be done efficiently in MATLAB (in particular,
the AMG coarsening step). This implementation could
obviously be accelerated significantly for a production
environment by migrating the whole implementation to
C. However, even in our mixed MATLAB-C implementa-
tion, we obtain almost linear scaling, and a quite reason-
able runtime of approximately 14 seconds for segmenting
a 512x512 image. Fig. 25 shows that we also obtain lin-
ear runtime for a 3D 512x512x5 image downsampled to
increasingly lower resolution.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, we have investigated the use of a multi-
level aggregation algorithm as a method for segmenting
live cell bright field microscope images. We use a vari-
ant of the Segmentation by Weighted Aggregation (SWA)
technique [17, 19] and incorporate an improved scale-
invariant saliency measure, which can identify salient seg-
ments more accurately. We have shown that bright field
cell images of moderate complexity are segmented cor-
rectly by incorporating multilevel intensity and intensity
variance. We have shown how the SWA algorithm can
be applied without significant modification to temporal
sequences of images, producing segments that track cell
contours in space and time. Correct segmentation still
depends on a judicious choice of segmentation parame-
ters, and further research is needed before a fully auto-
matic reliable SWA segmentation method is obtained for
the bright field images under consideration. In future
work, we plan to investigate improving segmentation re-
sults by including more features in the feature vector. For
example, we are considering to include shape moments,
anisotropic texture, cross-correlation between features,
and boundary detection [5, 18, 19]. We also plan to ap-
ply the multilevel aggregation algorithm to segmentation
of cell parts (cytoplasm, nucleus and nucleoli).

While the robust application of multilevel aggregation
to bright field cell images requires further research, it
is already clear that the SWA segmentation approach



may have several advantages over more commonly used
segmentation techniques, which include level set, active
contour, and watershed methods. First of all, multilevel
aggregation is fast and linearly scalable in the number of
pixels to be segmented. The algorithm is conceptually
simple since there is no need to define initial level set
seeds, or extract markers as in watershed. The space-
time segmentation approach uses extra temporal infor-
mation that makes it easier to resolve difficult cases like
touching cells, dividing cells and cells that temporarily
overlap. Nevertheless, it seems that extensive further re-
search is required to handle these difficulties properly.
The feature vector for each resulting segment contains
multilevel information about the segment that can be
exploited in various ways. It can be used to classify seg-
ments as background, dividing cell, or regular cell, and it
can potentially be used (in 3D) to separate tracks of di-
viding cells from tracks of regular cells, to aid the proper
handling of cell division events. It can also be used to
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study cell morphology and its dynamics.

The multilevel segmentation approach provides a sin-
gle, unified technique that produces accurate cell trajec-
tory segments (for moderately complex cases so far) and
gives a lot of additional useful information. It is clear
that it will have to be combined with other advanced
methods of geometric, modeling and statistical nature in
order to obtain a complete and robust segmentation and
tracking system, along the lines of the sophisticated and
comprehensive segmentation and tracking methods that
recently have been described (see [13, 16] and references
therein). However, due to its conceptual simplicity, linear
efficiency, and tunability, and due to the useful additional
multilevel information it provides, multilevel aggregation
may simplify the development of such comprehensive sys-
tems, and it thus promises to be an attractive alternative
to level set, active contour and watershed approaches as
a basic building block for robust segmentation and track-
ing systems.
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Appendix A: Detailed description of multilevel
segmentation algorithm

1. Nonrecursive part

Input: an n x n greyscale image with N = n? pixels.

Output: an N xm Boolean segmentation matrix U de-
scribing m segments (U;; = 1 means that pixel ¢ belongs
to the jth segment).

1. Define global segmentation parameters:

e o (top-level intensity scaling factor)
e & (coarse-level intensity rescaling factor)
e [3 (coarse-level variance rescaling factor)
6 (coarsening strength threshold)
~ (saliency threshold)
e d; (sharpening threshold)
e o (segment detection threshold level)

e p (variance rescaling threshold level)

2. Initialize level 1 variables ¢[1, a0 01 Al gt

i il vyt and Tl
(a) Current level [ =1,
(b) Current number of nodes M = N.
(c) Label the pixels {1,2,---, MM}, Let 1M be
an MM x 1 vector with I]m as the intensity of
pixel j, where the intensity values may range

from 0 to 1. (Each input image is scaled such
that the maximum intensity value equals 1.)

(d) Let coupling matrix AM be an MM x M
matrix with

_a|][1]_1[1]‘ e . .
) e i if 7, j are horizontal or
AEJ»] = vertical neighbours, (A1)
0 otherwise.

(e) Let variance matrix S be an M1 x M zero
matrix.
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(f) Let weighted boundary length matrix LI be
an MM x MU matrix with

Ly = 5242 if i = j.

(2) Let area matrix VI be an MM x M1 matrix

with
0
v
1) 1

(h) Let boundary length matrix GI!!
MW matrix with

if Al =
ij
it AL £ 0.

, be an M1 x

Gy = gyﬁ if i = j.

(i) Let saliency vector T!* be an M x 1 vector
with
L[ ]

1] _
F G[l]

3. Determine overlapping segments by calling the re-
cursive graph segmentation function:

Ul = imageV Cycle(¢™, M1
st yhl iy,

T Al
(The recursive function imageV Cycle is described

in Appendix A 2).

4. Assign pixels uniquely to segments: Set

1
Uij —
0

2. Recursive part (function imageV Cycle)

if j = min{j : InaXUk = [1]}

otherwise.

Input: ¢, Ml gl Al) gl y) Dl
Output: U], in which Ui[;] indicates the fraction of
node ¢ on level r belonging to segment j.

1. If ¢l < o, set all I‘ET] = 00. (No salient segments
allowed on current level.)

2. Coarsen the current graph: Set
cll = coarsenAMG(A[T],l"[T], v, ),

where coarsenAMG is a function described in Ap-
pendix A 3.

3. Let M"t1 be the length of C-point vector C!"]



4. Let flr+1 = glr] 4 1.

5. If Ml = MU+ (no further coarsening obtained),
output U as an M1 x M) identity matrix (every
current node is a segment). Otherwise continue.

6. Let interpolation matrix P+ be an MU x
MU+ matrix with

1 if i € Ol z—C'[T],
ifiecll i#C [T,
plpr] A, ot o (A2)
——— ifi¢ O
S A ifi ¢
kecClr]

7. Let column-scaled interpolation matrix Plrr+1] 1o
an M x MU+ matrix with

N plrr+
[ryr+1] ij
Pij - Z P]LT_,TJrl]' (A3)
J
k

8. Let coarse-level intensity vector It be an
MU+ 1 vector with

I[rJrl] _ (R[;“,TJrl])TI[T] ) (A4)

9. For each block on the current coarse level, r + 1,
compute a new intensity variance measure relative
to level r:

S[rJrl] — (p[r,r+1])T(I[r])2 _

coarse (I[T+1])27 (A5)
and average the previously calculated variance
measures for levels finer than level r + 1:
r+1 D[r,r r

Sfime = (PUTH)Ts0 (A6)
Here, (II")2 and (I"+11)? are the vectors I'"l and
I+ squared componentwise. Then coarse-level
intensity variance matrix SU*+ is an M1 x (r 4
1) matrix given by

glr+1] — {S[TH]

fine

skl | (A7)

10. Define coarse-level coupling matrix A+, an
MU+ s MIr+H1] matrix, in three steps:

(a) Let

A[r-i—l] — P[r,r-l—l]TA[r]P[r,r-i-l]- (A8)

(b) Rescale using coarse-level intensity:

- 1] gl .
AEJ.H] — A£j+1]e ST for all i,]. (A9)
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c) If ¢lr+1 > , rescale using multilevel variance:
(c) P g
Set, for all 4, 7,
Al gl il =Bl s (A10)

[r+1] is the ith row of coarse-level in-

tensity Variance matrix S+,

where s;

11. Let coarse-level weighted area matrix W+l =
Alr+1],

12. Let  coarse-level area matrix V[Tl =

P[r,r-{-l]Tv[r]P[r,r-i-l]'
13. Define coarse-level weighted boundary length ma-
trix LI an MU s M7+ matrix, in two steps:
(a) Let LIt = —Alr+1],
(b) L — 5o Ll o g i,
ki

14. Define coarse-level boundary length matrix G [r+11,
an M+ 5 MU+ matrix, in two steps:

(a) Let G+l = —yIr+1,
(b) GZH] —=> GEZH] for all i.
leFi

15. Let coarse-level saliency vector T'l"t1 be an
M1 % 1 vector, determined as follows. For each
C-point 4, if it was salient on level r, keep it salient
on level r + 1. If not, determine its saliency using
the saliency measure.

If F[(Z][ =0, then F[TH] 0, otherwise

[r+1]/G [r+1] r+1 /G[r+1]
i Wiy W»[-TH]/V ST
0 otherwise.

16. Recursively segment the coarse graph: Let

Ut = imageVCycle(elr+1, pr+1 plr+1]
Alr1] glr+1] ylr+1] plraly,

17. Find the current segmentation matrix from the
coarse-level segmentation matrix: Let

ylrl = plrr+glr+1],

18. Sharpen overlapping segments: For all 4, j, set

0 it Ul < dy,
R S U U}jﬂ >1—d, (A11)
U otherwise

)

19. Return current segmentation matrix UL,



3. AMG coarsening (function coarsenAMG)

Input: A1 T~ 6.
Output: Cl"] indices of C-points chosen on level r.

1. Let Ml be the number of rows (or columns) in
Al

2. Let A"l be an MU x MUl matrix containing only
strong connections. That is,

] Atz g, Al >y Al
A = RN N b

0 otherwise.

(One may also use the criterion AZ-] > 9%17%?( AEQ
2

for strong connections, which is more standard in
the AMG context. In our experience, either cri-
terion may be used, but § may have to be chosen
differently.)

. Let A be an M1 x 1 vector in which \; denotes the
number of nonzero entries in column i of Al

. Let T be an M x 1 zero vector that keeps track
of the set to which each node is assigned. For node
i, T; = 0 means it is unassigned, 7; = 1 means it is
a C-point, and 7; = 2 means it is an F-point.

.Fori=1,2,--- M, ifI‘ET] < 7y, then set T; «— 1
and A; < 0. (So that salient nodes, or segments,
are designated as C-points.)

. While not all T; > 0, do

(a) Let j be the smallest value satisfying 7; = 0
and A\j; = max Ak- (Nodes that strongly influ-

ence many other nodes are likely to be chosen
as C-points.)

(b) Set T; «— 1 and A; < 0.

(c) Let K = {k : A{] > 0,7}, = 0}. (K is the
set of unassigned nodes that are strongly in-
fluenced by node j.)

(d) For all k € K, do

i. Set T, «— 2 and Ay «— 0. (Nodes in K
become F-points.)

ii. Let H = {h: A/l > 0,73, = 0}. (H is the
set of nodes that strongly influence k.)
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iii. For all h € H, set A\, = A, + 1. (Nodes
in H are made more likely to become C-
points.)

7. Let the vector of C-points be Cl"l = {i : T; = 1}.

8. Return CI'l.
4. 3D modifications

Let k£ be the number of consecutive images we wish to
segment in space-time. The following modifications need
to be made to the nonrecursive part of the algorithm
(Appendix A 1). To highlight the changes, we do not
rewrite any steps that do not change.

1. Read in the k greyscale images as n x n inten-
sity matrices, I{”,IS], e ,I,[:]. Each input image
is scaled such that the maximum intensity value

equals 1. Let N = n2.

2. (The global segmentation parameters are defined
as before.)

3. Initialize variables ¢1, a0 00 Al g0 pil)
GU, wil vl and Tl
(a) Set the current number of nodes M = NE.

(b) Obtain the M x 1 intensity vector I by
reshaping the n x nk intensity matrix given
by

1 1 1 1
JiRND SR IS I S

(c) Al is an MO x MM matrix with

—a M 1) e . .
e i if 4, 7 are horizontal, vertical

1
Agj] = or time-wise neighbours,

0 otherwise.

(d) (The other variables are defined as before.)
4. (Call the recursive function as before.)
5. (U is defined as before.)

Everything else in the algorithm, including the recursive
part and the coarsening, remains unchanged.



