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ABSTRACT

Subcellular organelles are commonly analyzed using 2-D fluo-
rescent microscopy. However, 3-D reconstruction and analysis
of organelle topology in a high-throughput manner promises to
result in a better understanding of cellular systems. We devel-
oped image analysis methods for automated quantitative analysis
of peroxisome shapes. The methods employ 3-D image stacks
obtained by confocal microscopy. There are three fundamen-
tal phases: image preprocessing and segmentation, 3-D recon-
struction, and automated quantification of peroxisome topology
in 3-D using shape descriptors. The algorithms are shown to
produce results that can be used to classify objects of different
topologies, and to enable visual studies of peroxisomes in 3-D.

Index Terms— Biological cells, image analysis, image re-
construction, biomedical image processing

1. INTRODUCTION

3-D imaging, reconstruction, and automated analysis are com-
mon tools in several disciplines. In magnetic resonance and PET
imaging, 3-D reconstruction is used in producing the final output
image that is then analyzed visually, or using automated analy-
sis [1]. 3-D techniques are also used in, for example, describing
the shape and deformation of heart during a beat [2]. In com-
puter graphics and in computer aided design, browsing through
databases containing 3-D models often requires automation of
shape description and 3-D shape matching [3]. In material sci-
ences, 3-D imaging and shape description can be used in, for
example, studying mechanical properties of concrete [4].

In this paper, we study 3-D reconstruction and shape descrip-
tion in the context of peroxisomes in yeast. Peroxisomal defects
underlie a large number of human health concerns, including di-
abetes, cancer, and heart disease. In yeast, peroxisomes are in-
ducible, independent subcellular organelles, whose development
involves a limited number of genes with numerous human coun-
terparts, making peroxisomes an ideal model system to apply a
systems biology approach. Previously, we have used 2-D imag-
ing to extract the number of peroxisomes in yeast [5], but in or-
der to enable more detailed shape description, 3-D analysis is
needed.

In the field of cytometry, although confocal microscopy in-
herently enables 3-D imaging, often only a 2-D projection is used
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in the actual study of the specimen. 2-D representation saves
storage space and prevents visualization problems of 3-D recon-
struction: it is faster and more convenient to project the data into
a 2-D image with mean or maximum projections. Furthermore, it
is not trivial to produce an illustrative view of several 2-D slices
in the z dimension and finally perform 3-D digital image anal-
ysis in a fully automated manner. While there has been interest
in 3-D reconstruction of subcellular structures from microscopy
images, the work has most often been performed using electron
microscopy [6, 7], or the context has not been high-throughput
experiments [8].

We present an automated, straightforward, and high-
throughput approach for the visualization and shape description
of yeast peroxisomes in 3-D. Using a confocal microscope, we
show that it is beneficial to store and use all the z-slices produced
by the microscope, and not just the 2-D projections. In compari-
son to 2-D digital image analysis, our approach can be used, for
example, to increase the accuracy of peroxisome enumeration in
high-throughput applications, or to describe peroxisome shapes
under different conditions. The presented methods are fully au-
tomated, which is to say that no user intervention is needed.

2. MATERIALS AND METHODS

In order to enable a high-throughput study of the shapes of per-
oxisomes in yeast, we need to incubate the cells, image the pop-
ulations, store the images, and analyze the images using digital
image analysis.

2.1. Cell Incubation and Imaging

We utilized a green fluorescent protein (GFP) based reporter as-
say as our primary tool to investigate peroxisome induction. The
gene encoding the yeast peroxisomal matrix enzyme, 3-ketoacyl-
CoA thiolase (POT1), was C-terminally tagged with the GFP
gene by homologous recombination creating a genomically inte-
grated copy of POT1GFP in the Saccharomyces cerevisiae strain
BY4742.

Cells were grown to log phase in glucose-containing media,
then shifted to oleate containing media and induced for 6 hours,
inducing peroxisome biogenesis and concomitant POT1GFP ex-
pression. Cells were fixed at the given time point in 3.7%
formaldehyde and washed in phosphate buffered saline solution.
Confocal images were taken as a series of 20 slices through the
z axis, utilizing line averaging to suppress noise.
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2.2. Automated Image Analysis

The fluorescent image stacks of peroxisomes were automatically
stored in a file server using a standardized naming convention
to enable easy automation of the digital image analysis. The
analysis is divided into three phases, each designed for high-
throughput measurements through low computational cost.

2.2.1. Preprocessing

The 3-D input image consists of several 2-D images taken with
different focus levels in the z dimension. For each of the z-slices,
we first perform standard 2-D median filtering in a 3×3 window
to remove impulse noise present in the confocal images. The
filtered image is then thresholded using a threshold obtained by
Otsu’s method [9]. Since we expect that peroxisomes are visi-
ble as bright spots over a dark background, with approximately
1% − 5% of all the pixels in the image representing the per-
oxisomes, we can discard thresholding results that are likely to
be erroneous. Specifically, we discard a z-slice if the threshold-
ing indicates that over 10% of the pixels are foreground pixels.
This approach works in practice because if the image consists of
only noise, it is very likely that a significant portion of the image
is thresholded as foreground (and therefore discarded), while if
peroxisomes are present the foreground only consists of approx-
imately 1% of pixels as mentioned above.

After the binarization by thresholding of each image, we
stack the images which were not discarded to form a 3-D binary
matrix, where 1’s indicate peroxisome pixels and 0’s the back-
ground. For example, if we have 512 × 512 images for each z
position, and use 20 different z depths, we get a 512× 512× 20
matrix of 1’s and 0’s. Next, we remove objects that are signifi-
cantly too small or too large to be peroxisomes. The size thresh-
olds were determined manually by an expert, and were consis-
tently used in all tests presented in this paper.

The resolution of confocal microscopes is often anisotropic.
In our study, the resolution of the z dimension is not as high as
the resolution in x and y directions, and we therefore interpolate
new z values to the 3-D stack by nearest neighbor interpolation.
New values are also interpolated to compensate for the images
discarded because of erroneous thresholding. All further pro-
cessing, visualization, and measurement steps are performed to
the interpolated stack. Since the aim is to enumerate the perox-
isomes and describe the shapes peroxisome-by-peroxisome, we
apply the 3-D watershed transform with h-minima suppression
to separate possibly overlapping objects [10].

2.2.2. 3-D reconstruction

After preprocessing, we have a 3-D binary matrix with peroxi-
somes and background, where each peroxisome is separated with
at least one or more background pixels. Since the pixels now
have x, y and z coordinates, we refer to them as voxels, the 3-D
equivalent of a pixel. Similarly to how pixels describe the inten-
sity of a small area in an image, each voxel describes the intensity
of a small volume in 3-D space.

There are two main approaches to 3-D reconstruction, the
volumetric reconstruction and surface reconstruction. The vol-
umetric reconstruction follows naturally from the coordinates of
the voxels in 3-D space: since one voxel defines the intensity of a
small volume in 3-D, we draw a semi-transparent 1× 1× 1 cube
in the location of each 1 in the matrix. In surface reconstruction
the aim is to locate the surface of the object, model it using faces
and vertices, and apply some lighting method [11] to visualize
the surface. The modeling of the surface is a nontrivial task, and
is an active area of research. There are several algorithms in the
literature: we used the built-in MATLAB (The MathWorks, Inc.,
Natick, MA) function ”isosurface”.

2.2.3. Shape analysis

Although we know the coordinates of the voxels that comprise
the peroxisomes, we still need methods to efficiently classify dif-
ferent peroxisomes by their shape and intensity. In 2-D image
analysis, shape descriptors [12] are used extensively, for exam-
ple, to describe the shapes of intracellular structures [13]. Many
of the descriptors can be extended into 3-D in a straightforward
manner. First, we perform normalization by translating the center
of mass of the peroxisome to the origin. Second, using principal
component analysis on the covariance matrix of the coordinates
of the voxels, we rotate the peroxisome by aligning the coordi-
nate axes to the directions of the eigenvectors corresponding to
the largest eigenvalues. This procedure aligns the peroxisome
along the coordinate axis and provides adequate rotation invari-
ance.

After the normalization we measure the following descrip-
tors for each peroxisome:

Volume The number of voxels in the peroxisome.

Length, width and thickness The maximum distances between
two voxels in the direction of the three eigenvectors cor-
responding to the three largest eigenvalues, respectively.

Orientation The direction of the eigenvector corresponding to
the largest eigenvalue.

Median intensity The median of intensities of the peroxisome
voxels, measured from the original stacked z-slices.

Compactness Measure of the roundness of the object shape.
Classical compactness defined as (Area3/Volume2),
minimized by a sphere.

Convexity Measure of complexity of the object. Defined as the
volume of the object divided by the volume of the convex
hull of the object, maximized by a convex object.

3. CASE STUDY

The analysis procedures described in the previous section were
tested on an image set consisting of 20 confocal stacks, each of
which were 512 × 512 pixels in size.

Figure 1 shows the preprocessing phases, forming the z-
slices of GFP stained peroxisomes into a binary 3-D matrix. In
Figure 2, the differences between two 3-D reconstruction tech-
niques are presented. The volumetric reconstruction emphasizes
the locations of the individual voxels, and is therefore very useful
in a detailed study of the shape of the peroxisome and the qual-
ity of the segmentation, when zooming on the object. Using this
approach, however, the overall shape and 3-D depth of the ob-
ject is hard to visualize. The surface reconstruction, on the other
hand, gives visually very appealing reconstruction, interpolating
a smooth surface and including lighting. While for visualization
purposes the latter method is more attractive, we suggest that the
actual measurements and visual study of the details be done us-
ing the volumetric method if the visualization software gives the
possibility to rotate and zoom in.

In Figure 3, the separation of overlapping objects in 3-D is
presented. Figure 3 (A) shows the 2-D projection of the perox-
isome data. Although the peroxisome is somewhat narrower in
the center, it would still be difficult to decide whether there are
one or two peroxisomes in the cluster. In Figure 3 (B), how-
ever, the rotated 3-D representation makes the narrowing much
clearer, and the watershed segmentation succeeds in the separa-
tion as seen in Figure 3 (C).

As a proof of principle to illustrate the usefulness of the se-
lected shape descriptors, we calculated the descriptors first for
the peroxisome complex in Figure 3 (B), and then for both of
the separated peroxisomes in Figure 3 (C). These objects were

673



A B

Figure 1. Formation of the 3-D matrix from the confocal image stack of GFP-stained peroxisomes. (A) Schema of the image stack. (B)
Binary 3-D matrix after median filtering and thresholding.

A B

Figure 2. Peroxisomes visualized using two different reconstruction methods. (A) Volumetric reconstruction, where each individual
voxel is presented as a semi-transparent cube. (B) Surface reconstruction, where the 3-D shape of the objects surface is approximated
and a lighting model applied.

A B C

Figure 3. Separation of overlapping peroxisomes. (A) 2-D projection of a peroxisome complex. From this view it is difficult to decide
whether there are one or two peroxisomes in the complex. (B) 3-D view of the same complex. (C) Watershed separated peroxisomes.
Due to topology of the objects, the gap between the separated peroxisomes can not be clearly visualized.
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Table 1. 3-D shape descriptors calculated for two types of objects. The units are in voxels where applicable.
Volume Lenght Width Thickness Compactness Convexity

Object 1, type 1 2716 32.1 15.7 14.4 182.9 0.8
Object 2, type 2 1336 17.2 14.7 13.4 93.7 1.0
Object 3, type 2 1320 17.7 13.3 13.1 108.0 1.0

selected because, when comparing Figure 3 (B) to (C), they rep-
resent objects with clearly different shapes, complexities, and
sizes. The descriptor results are given in Table 1. As assumed,
volume and length of the complex are significantly larger than
of the second and third object, while width and thickness values
do not differ significantly. Since compactness is minimized for a
simple object (sphere) the first object gives a much larger value
than the rest. Convexity, on the other hand, is maximized by an
object with a simple shape, so logically the convexity of the first
object is the smallest.

4. CONCLUSIONS

We presented methods for straightforward 3-D reconstruction
and shape description of peroxisomes from confocal image data.
In our case study we showed that with fairly basic image anal-
ysis operations having low computational cost, it is possible to
enable 3-D shape description with results that correlate well with
visual analysis. We also presented how the results from a 3-D im-
age stack often give important additional information about the
shapes and peroxisome number, for example, by enabling more
precise separation of overlapping objects.

The resolution of confocal microscopy is a limiting factor
in detailed analysis. Because we have only a relatively small
amount of voxels per peroxisome, just a few falsely segmented
voxels can result in significant errors in the shape descriptors.
However, the confocal microscope is superior over electron mi-
croscopy in enabling high-throughput analysis. In addition to the
resolution, the anisotropy and the fact that we discard some of
the z-slices also cause inaccuracies in the results. We noticed,
however, that the results are consistent over the peroxisomes we
imaged, and that neither the visual shapes of the peroxisomes,
nor the results of the shape descriptors changed significantly de-
spite the preprocessing steps. To achieve accurate 3-D results,
the resolution and contrast of images need to be as high as pos-
sible, and therefore the imaging process has to be defined in a
consistent and precise manner.

In our future work we will combine the cell segementa-
tion methodology presented in [5] with the peroxisome shape
description results presented in this paper. We will also study
the effect of deconvolution algorithms to the accuracy of the re-
sults. We are implementing all the algorithms into a data analysis
pipeline, where acquired images are stored, segmented, and ana-
lyzed. This enables automated comparison of shapes of peroxi-
somes from different cells and different treatments, classification
of peroxisomes, and the measurement of the usefulness of the
shape descriptors.
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