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a b s t r a c t

It is still a standard practice for biologists to manually analyze transmission electron microscopy images.
This is not only time consuming but also not reproducible and prone to induce subjective bias. For large-
scale studies of insulin granules inside beta cells of the islet of Langerhans, an automated method for
analysis is essential. Due to the complex structure of the images, standard microscopy segmentation
techniques cannot be applied. We present a new approach to segment and measure transmission electron
microscopy images of insulin granule cores and membranes from beta cells of rat islets of Langerhans.
The algorithm is separated into two broad components, core segmentation and membrane segmentation.
Core segmentation proceeds through three steps: pre-segmentation using a novel level-set active con-
tour, morphological cleaning and a refining segmentation on each granule using a novel dual level-set
active contour. Membrane segmentation is achieved in four steps: morphological cleaning, membrane
sampling and scaling, vector field convolution for gap filling and membrane verification using a novel
convergence filter. We show results from our algorithm alongside popular microscopy segmentation
methods; the advantages of our method are demonstrated. Our algorithm is validated by comparing
automated results to a manually defined ground truth. When the number of granules detected is com-
pared to the number of granules in the ground truth a precision of 91% and recall of 87% is observed.
The average granule areas differ by 13.35% and 6.08% for core and membranes respectively, when com-
pared to the average areas of the ground truth. These results compare favorably to previously published
data.

� 2014 Elsevier B.V. All rights reserved.

1. Introduction

Biomedical image processing helps researchers to extract
information from images they need to analyze. As microscopes be-
come more sophisticated and are able to achieve better resolution,
researchers are able to observe cellular processes in more detail.
With the increased viewing power, new image processing algo-
rithms need to be developed in order to extract as much informa-
tion from the images as possible. Currently, scientists mainly resort
to slow manual analysis to extract and analyze information from
limited amounts of image data. Image informatics has become
the rate-limiting factor in realizing the full potential of dynamic
cellular and molecular imaging studies (Zhou and Wong, 2006).

Insulin is the only hormone in mammals able to lower blood
glucose levels and consequently it is vital for life (Göpel et al.,
2004; Straub et al., 2004). Disbalance of insulin levels may result
in diabetes. The hormone is secreted into the blood stream by beta
cells inside islets of Langerhans of the pancreas. After its biosyn-
thesis, insulin is processed and packaged in granules, surrounded
by a membrane. In this work, transmission electron microscopy
(TEM) images of beta cells have been acquired to examine the
physical dimensions of insulin granules. Typically, insulin granules
are described as organelles containing a dense core, surrounded by
a halo and an enclosing membrane (Fig. 1). Along with the gran-
ules, other structures and organelles are present in the images,
such as mitochondria, which can in some orientations be mistaken
for granules. Granule cores are typically round and can vary in
intensity and texture. Some granules do not have a surrounding
halo, depending on the fixation procedure. Also, in some cases
granule halos only have a partially visible membrane. All of these
factors make accurately segmenting granules a challenging task.
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Biologists mainly use open source software, such as ImageJ
(Walter et al., 2010), MetaMorph or CellProfiler (Jones et al.,
2008) to perform image processing tasks. A common method for
microscopy image segmentation is image thresholding. Fiji—which
is based on ImageJ—includes many thresholding methods, for
example in Otsu (1979) and mean thresholding. A level-set active
contour method is also available for use. It is similar to the gradient
based active contour presented in Caselles et al. (1995). In order to
achieve the desired segmentation, the biologist will have to em-
ploy multiple procedures and, in some environments, create a pro-
gram flow. This requires prior image processing knowledge on the
side of the biologist. While suitable for simple image processing
tasks such analysis tools are too general in their scope and do
not provide a solution to the challenging task of granule detection
in TEM images. A number of approaches for microscopy cell seg-
mentation have been previously described. Methods based on wa-
tershed transforms (Nguyen and Ji, 2008), multiscale products
(Olivo-Marin, 2002), the Hough transform (Guan and Yan, 2011;
Liu et al., 2006) and the sliding band filter (Quelhas et al., 2010)
have been proposed, however as we will also show later these
methods are not readily applicable to segmenting TEM images of
beta cell granules. Horváth et al. (2009) proposed a shape prior
for tree crown extraction, based on higher order active contours.
This method incorporates specific shape information into the mod-
el, (the tree crown radius). This however would not be suited to
granule segmentation, due to the variability in granule sizes. Re-
cently, a method was developed to analyze insulin granules in
TEM images (Fava et al., 2012). It was developed for a specific
(expensive) software package: Developer XD by Definiens. The
method described in this paper has a lower miss rate (4%) than that
of the method used by Fava et al. (2012) (17%).2

Active contours are a popular method used in segmentation
(Volkmann, 2010). Techniques using active contours have been
developed for microscopic image segmentation, (Dzyubachyk
et al., 2010; Zimmer et al., 2002; Dufour et al., 2005). We propose
a segmentation algorithm that is based on the level-set active con-
tour model specifically targeted at granule core segmentation of
beta cell TEM images. Being able to split and merge easily allows
the level-set method to segment objects with unknown topology,
which is the case in granule segmentation (Angelini et al., 2005).

Our granule segmentation algorithm is broken down into two
major sections: core segmentation and membrane (halo) segmen-
tation. We initially present preliminary results that can be found in
(Nam et al., 2012). Two novel level-set active contour segmenta-
tion energy functionals are presented and employed for core seg-
mentation. The first is based on intensity information and so can
detect objects with a weak border. A novel shape regularizer is
included in the energy functional to promote granule segmenta-
tion. This rewards the contour for having a low perimeter to area
ratio. Without the shape regularizer, granules are oversegmented
while unwanted details in the cytoplasm are also segmented. This
method provides a good starting point for core segmentation but
needs refining.

The second contribution is a dual level-set active contour based
on the energy functional presented in Li et al. (2008). The dual ac-
tive contour method is used to prevent the contour from getting
stuck in a local minimum, therefore guiding the contour to the best
solution. This energy functional is able to segment inhomogeneous
images. The dual active contour is applied on each granule core to
get the best possible segmentation. Once cores are segmented,
obtaining their area is trivial.

The second section of the granule segmentation algorithm is
halo extraction. This section uses as inputs the TEM image seg-
mented by our first level-set method, the segmented cores and
the TEM image. Membrane segmentation is done on a single gran-
ule basis. Using the center of a granule core as a starting point, the
core is removed and the membrane is sampled from the image seg-
mented with our level-set method. We sample from the image seg-
mented by our first level-set method because the membrane is
present in this image, but it is over segmented. The sampled points
are then bridged and scaled, before a vector field convolution (VFC)
snake (Li and Acton, 2007) is applied in order to fill any gaps in the
membrane.

Granules do not always possess a surrounding halo (Fava et al.,
2012). In order to check if our segmentation is correct, the seg-
mented membrane is overlapped with the image segmented by
our first level-set method. If there is no significant overlap, the
granule was deemed not to have a halo. To compliment this, a
modified sliding band filter (SBF) is applied on the TEM image.
The SBF is part of the family of convergence filters and is suited
to detect convex objects (Quelhas et al., 2010). The SBF is based
on gradient convergence and not on intensity. If a granule does
have a halo that is properly segmented, the gradient directions
around the membrane will converge to the same point within
the center of the granule. Granule membranes often contain weak
edges, which is another reason that justifies the use of the SBF. We
present a detection criterion to evaluate the membrane conver-
gence and exclude membranes that do not meet the minimum
convergence level. The remainder of the paper is organized as fol-
lows: Section 2 describes our level-set regularizing term to reduce
cytoplasmic segmentation and our dual level-set method for accu-
rately segmenting single granule cores. Section 3 describes our
algorithm for granule core segmentation. We present our methods
for granule membrane segmentation and verification in Section 4.
In Section 5 we validate our approach and conclude in Section 6.

2. Geometric active contours

It can be seen from Fig. 1 that TEM images of beta cells in the
islet of Langerhans are complex and contain many interacting
structures. Due to the complexity of the image, the core segmenta-
tion process is broken down into three steps. The first step utilizes
our locally scalable region-based level-set active contour, with a
shape regularizer, to provide a good pre-segmentation of the cores.
Other organelles and cell structures are segmented in the first step;

Fig. 1. TEM image of a rat beta cell. Insulin granules are indicated by white arrows.
The nucleus (N) is a large amorphous structure, and mitochondria (M), can be seen
as elongated structures with internal structure. Scale bar is 5 lm.

2 A granule segmentation tool based on this work can be downloaded at, http://
www.bris.ac.uk/vi-lab/projects/.
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