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Abstract— A segmentation method for three-dimensional im-
age stacks obtained by confocal microscopy is proposed. The
method can be used to find two-dimensional object areas based
on an image stack. The segmentation method is based on K-
means clustering, global thresholding, and mathematical mor-
phology. As a case study, the proposed method is applied to 244
image stacks of the yeast Saccharomyces cerevisiae. Quantitative
comparisons with manually obtained results as well as with
results obtained by a two-dimensional segmentation method
are used to illustrate how the additional information provided
by three-dimensional image stacks can improve segmentation
results.

Index Terms—Image analysis, segmentation, K-means
clustering, thresholding, mathematical morphology, three-
dimensional, image stack, confocal microscope, yeast

I. INTRODUCTION

Because real world objects are three-dimensional, confo-
cal microscopy is increasingly being used to obtain three-
dimensional image data in the form of an image stack. An
image stack consists of a number of two-dimensional images,
each imaged at a specific focal plane. These images are often
referred to as z-slices of the stack. This paper presents a K-
means segmentation method for finding the object locations
based on such three-dimensional image data. The goal is to
find a two-dimensional binary mask that defines the object
locations. In principle, segmentation is possible based on a
single z-slice only, but, as shown here, the use of additional
z-slices gives new information on cell locations, and thus
helps to improve the accuracy of segmentation.

In this paper we use images of the budding yeast Saccharo-
myces cerevisiae as a case study to illustrate our K-means
segmentation method. Although a two-dimensional mask
cannot be used to describe the three-dimensional size or
shape of the cells in the image, it can be used as a
location marker for detecting subcellular structures. The two-
dimensional mask can be thought of as defining a cylinder
in the three-dimensional space, and subcellular structures
are found from the space defined by this cylinder. This is
typically done by multimodal microscopy, meaning that cells
are imaged in one channel (often transmission imaging) and
organelles are imaged in another channel (often fluorescent).

The yeast S. cerevisiae is an important model organism,
and imaging is increasingly applied in studies on yeast,
including morphology, cell cycle, signaling pathway, and
gene function studies [1]-[7]. In many studies extensive

manual analysis is performed on the images, and in others
semi-automated image analysis methods are used. However,
fully automated methods should be favored over manual
and semi-automated methods, since without full automation
human factors such as fatigue and distraction result in errors
in the analysis results, leading to inter-user as well as
intra-user variability in the results. Moreover, modern high-
throughput experiment and imaging technologies produce
vast amounts of image data, calling for fully automated
methods for producing reliable image analysis results in a
reasonable time.

The first step of most image analysis tasks is the seg-
mentation of the objects of interest from the background.
Considerable efforts have been made to enable fully auto-
mated segmentation of yeast cells; see, for example, [2],
[3], [8]-[12]. These papers have also considered the problem
of detecting clustered cells individually by applying region
splitting methods. All these papers have considered the
segmentation problem in two dimensions.

The K-means segmentation method is presented in Sec-
tion II. The results obtained with this method are analyzed
in detail in Section III, using a set of 244 confocal image
stacks. The results are also compared with results obtained
by manual analysis done by visual inspection of the images
as well as with results obtained by a simple modification of
the image analysis method that we have previously presented
for two-dimensional images [10]. The implications of the
obtained results are discussed in Section IV.

II. METHODS
A. Experimental procedure and image acquisition

A total of 34 strains of the yeast S. cerevisiae were
grown in YEPD (1% yeast extract, 2% peptone, and 2%
glucose) overnight, then transferred to SCIM medium (0.7%
yeast nitrogen base, 0.5% yeast extract, 0.5% peptone, 0.5%
Tween 40, 0.79 g/L of complete synthetic medium (Qbio-
gene, Morgan Irvine, CA, USA), 0.5% (NH,4)2SOy4, 0.1%
glucose, and 0.15% oleic acid) and induced for 4 hours.
Post induction, cells were fixed with 3.7% formaldehyde
for 30 minutes, then washed three times with phosphate
buffered saline solution. The cells were visualized using a
Leica confocal microscope using transmission imaging with
a 100x oil immersion objective (NA 1.40). In total 244 stacks
of 20 z-slices of size 512 x 512 pixels (8 bits per pixel) were
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obtained. As an example, the tenth z-slice from one of the
obtained stacks is shown in Fig. 1(a).

B. K-means segmentation in three dimensions

Our K-means segmentation method has three main steps.
First, an initial mask of the object areas is obtained. The
mask is merely a cover of all the objects in the image stack: at
this point separation of touching objects is not attempted. The
second step is the segmentation of the object borders, which
is done by K-means clustering [13]. In the third step these
binary images are combined by the logical AND operation
between the mask image and the negative of the border
image. This three-step method, followed by a number of
post-processing steps (see Section II-C), allows us to obtain
a good segmentation result even if there are discontinuities
in the object borders segmented in the second step.

The initial mask of the object areas is obtained as follows.
First, the local variance image of each z-slice is obtained,
and the resulting 20 images are summed together. Then, the
resulting image is thresholded using the threshold value ¢ =
0.5t,, where t, is obtained by Otsu’s method [14]. The mask
obtained for our example image stack is shown in Fig. 1(b).

In the second step we consider the different z-slices of the
stack to be features of the information given by the stack.
Since we have 20 z-slices, we have a feature vector of 20
features for each xy-location. K-means clustering with three
clusters is applied, and the result for our example image stack
is shown in Fig. 1(c). We use the cosine distance measure in
K-means clustering. The cosine distance measure depends
on the direction of the feature vectors and is independent
of their magnitude. This is a desirable property, since the
directions of the feature vectors representing the background,
cell membranes, and intracellular parts fall into three distinct
clusters. Random initialization of the cluster centroids can
be used, but it sometimes causes the K-means clustering
method to converge at a local minimum rather than the
global minimum. To avoid this, the cluster centroids should

(e) Detected object areas

(f) Labeled objects after watershed separa-
tion

A 512 x 292 part of an image stack at different image processing stages.

be initialized by first clustering just one image stack with
random initial centroid locations. If the clustering result
is satisfactory according to visual inspection, the obtained
cluster centroids can be used as an initialization for similar
image stacks. This procedure can be thought of as a simple
teaching phase, and typically just a single iteration in the
teaching phase is needed to obtain significant improvement
in the clustering results.

The decision on which of the clusters is the object border
cluster can be made as follows. First, the background cluster
is excluded. In our case study with yeast images this is
equivalent to excluding the largest cluster. After this we make
the logical AND operation between the mask and a cluster,
and calculate the ratio between the resulting area and the area
of the cluster. These operations are done to the two clusters
that remain after the background cluster is excluded, and the
object border cluster is the one for which the ratio is smaller.
The object border cluster is shown in Fig. 1(d).

The result of subtracting the binary image of the object
borders obtained in step two (Fig. 1(d)) from the initial mask
obtained in step one (Fig. 1(b)) is shown in Fig. 1(e). Note
that since some of the object borders detected in step two
have discontinuities, some touching objects have not been
separated at this point.

C. Post-processing

The cluster consisting mainly of the object borders may in-
clude some other regions inside the objects. These unwanted
regions result in holes in the objects of the binary image
obtained in step three of the K-means segmentation method.
Therefore, we employ the morphological reconstruction to
perform a simple flood fill of these holes. As a second post-
processing step, touching objects that are falsely recognized
as a single object are separated by the classic watershed
separation method. The result for our example image stack
is shown in Fig. 1(f). In addition, predefined minimum and
maximum object size thresholds are enforced to remove



Fig. 2. A concave object (black) and the concave area (gray) of its convex
hull (black and gray).

objects that are likely to be false positives. The image border
is also cleared of objects. Apart from watershed separation,
these final steps do not have any effect on the segmentation
result of our example image stack, but are needed for some
of the other stacks that are part of our case study.

D. Segmentation in two dimensions

We have previously published a segmentation method for
two-dimensional yeast images [10]. This method can be
directly applied to the each of the 20 z-slices of the image
stacks used in this paper. The results for the z-slices that are
close to the one where the cells are in the best focus are very
similar to the results obtained by the K-means segmentation
method proposed in this paper. Therefore, we implemented a
simple scheme that uses certain heuristics, described below,
to select the best segmentation result from the 20 that are
obtained when each z-slice is segmented separately. We then
compared the obtained results with the results obtained with
the K-means segmentation method.

Since we know that yeast cells are generally convex ob-
jects, convexity is the main heuristic that we use to select the
best segmentation result. We calculate for each segmented z-
slice the number of pixels in the concave areas of the objects
(see Fig. 2). The z-slices for which this number is low are
candidates for the best segmentation result. In addition, we
also look at the number of cells found in each z-slice. A
z-slice that has a small number of concave area pixels and
a high cell count is selected as our best segmentation result.
With the image stacks used in our case study, we decided to
consider as candidates those z-slices that have at most 1.5/,
concave area pixels, where V. is the number of concave area
pixels in the z-slice that has the smallest number of concave
area pixels. From these z-slices we select the one that has
the largest number of detected cells. If several z-slices have
the same cell count, we select the one that has the smallest
number of concave area pixels.

The labeled segmentation result obtained by the above
method for the example image stack used in Fig. 1 is shown
in Fig. 3. The post-processing steps used to obtain this image
are the same as those used to obtain the image in Fig. 1(f)
(see Section II-C).

IIT. RESULTS

According to manual analysis, the 244 image stacks that
are used in this paper contain a total of 1668 cells with
the mean count 6.8 (standard deviation 2.86, and median
as well as mode 6). The minimum number of cells in a
single stack is 1 and the maximum is 18. Fig. 4 shows the

Fig. 3. Labeled segmentation result for the example image stack using the
two-dimensional segmentation method.

scatter plot of automated cell counts obtained with the K-
means segmentation method vs. the manual cell counts. Each
dot represents one or more images, and the number on the
right of each dot refers to the number of image stacks that
produced a particular manual and automated count pair. The
number of images is also color-coded on the dots.

The scatter plot indicates that the cell counts obtained with
the K-means method match the manual cell counts for 199
(81.6%) image stacks. For 8 (3.3%) image stacks the K-
means method gives a count that is higher by one cell. The
counts are lower by 1, 2, and 3 cells for 26 (10.6%), 9 (3.7%),
and 2 (0.8%) image stacks, respectively. The mean absolute
error is 0.24. These data as well as visual inspection of the
segmentation results (data not shown) suggests that the K-
means segmentation method gives very accurate results. Most
of the segmentation errors result from cells that are not in
good focus in any of the z-slices. It should also be noted
that in these cases counting the cells manually is difficult,
and these manual counts may be incorrect. By visual analysis
of the segmentation results we were also able to confirm that
there are very few cases in which there are false negatives
and false positives (which would cancel each other out in
the cell counts) in the same image stack.

For comparison, the scatter plot of automated cell counts
obtained with the two-dimensional segmentation method (see
Section II-D) vs. the manual cell counts is shown in Fig. 5.
The scatter plot shows us that the cell count is correct for
only 124 (50.8%) image stacks and the MAE is 1.23. It
is therefore clear that the results are substantially worse
than they are with the K-means segmentation method. In
particular, the two-dimensional segmentation method results
in a much larger number of false negatives.

IV. DISCUSSION

It is interesting to observe that the K-means step of the pro-
posed K-means segmentation method is akin to methods used
for classification of multispectral remotely sensed images
and of images obtained by medical imaging techniques such
as multispectral magnetic resonance imaging (MRI). In the
former case, the images consist of channels that are imaged
using radars operating in different bands of electromagnetic
waves (radio, infrared, visible), and the pixel values from
different bands are used as features in classification; see, for
example, [15]. In the latter case, voxel values from images
obtained with different parametrization of the scanner are
used as features; see, for example, [16].
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Fig. 4. The scatter plot of automated cell counts obtained with the K-means
segmentation method vs. manual cell counts.

The results reported here suggest that additional z-slices
help to improve the accuracy of segmentation. Indeed, many
of the false negatives in the segmentation results obtained
with the two-dimensional method result from the fact that
in many cases a single z-slice in which all the cells are in
good focus does not exist. On the other hand, some of the
segmentation errors of the K-means segmentation method
result from the movement of the cells between the times the
z-slices were imaged, which is naturally not a problem in
the two-dimensional method.

Both segmentation methods have a tendency to result in
some false negatives but only few false positives. False pos-
itives are damaging irrespective of the application, so their
incidence must be minimized in all segmentation schemes.
However, in many microscopy applications even a large
number of false negatives can be tolerated. For example, if
the aim is to obtain statistics on subcellular structures and
to associate each of them with a cell, it may not matter
that some of the cells are not recognized in segmentation.
This means that the statistics on the subcellular structures of
these cells cannot be recorded, but since there is usually a
practically unlimited supply of cells, this merely means that
more images need to be taken so that data on a sufficient
number of cells can be obtained.
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