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Abstract. The cytoskeleton is a dynamic scaffolding maintaining cell
stability and motility. Keratin filaments form cytoskeletal networks in
the cytoplasm of epithelial cells. Genetic mutations of keratin genes
have been implicated in human skin diseases, such as epidermolysis bul-
losa simplex. Keratin network organization is severely impaired in these
instances resulting in the formation of prominent granular aggregates.
To gain an understanding of the pathomechanisms underlying keratin
granule formation and to screen for factors affecting this process, an
automated segmentation routine of keratin granules is proposed in this
paper. As such, the presented method holds a lot of potential for an
objective assessment of keratin organization to improve treatment of ge-
netic keratinopathies.

1 Introduction

The cytoskeleton is a main structural feature of eukaryotic cells determining
cell shape and facilitating a variety of cell functions. It consists of extensive,
interconnected three-dimensional networks that are composed of intermediate
filaments (IFs), microtubules (MTs) and microfilaments (MFs). IFs represent
the largest cytoskeletal gene family comprising about 70 genes, with 54 of them
coding for keratin polypeptides. IFs not only fulfill scaffolding functions, but also
form complex signaling platforms and interact with various kinases, cytoskeletal
adaptors, and apoptotic proteins [1]. Genetic mutations in IF proteins account
for a large number of diseases, ranging from skin fragility conditions to cardiomy-
opathies and premature aging.
Keratin filaments (KFs), composing IFs within epithelial cells, are connected

to desmosomal cell-cell contact sites and to hemidesmosomal cell-substratum
contacts, thereby forming a well-anchored supracellular scaffolding and stabi-
lizing element of epithelial tissues. KFs are subject to a continuous cycle of
assembly and disassembly consisting of multiple spatially defined steps [2]. No-
tably, KF networks are completely disassembled in some epithelial cell types
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forming prominent granular aggregates at the onset of mitosis. Subsequent net-
work reformation occurs after cell division and proceeds predominantly from the
cell periphery coincident with granule dissolution.
Remarkably, keratin granules are also formed when mutant keratin reporters

are expressed in cultured cells (Fig. 1). Single point mutations in keratin genes
have been linked to blister-forming epidermal diseases, most notably in epidermis
bullosa simplex [3, 4]. In cells producing such mutant keratins, short-lived gran-
ules are formed from keratin particles that nucleate in the cell periphery. These
granules are moved toward the cell interior and rapidly disassemble. Only an
incomplete filamentous network is detected in these cells that is mostly localized
in the perinuclear region.
The examples illustrate that the formation of motile and instable keratin

granules is a stereotypical response to “out-of-balance” situations in epithelial
cells. Thus, quantification of this reaction in relation to endogeneous network
formation is highly desirable to assess keratin organization as a reflection of
altered epithelial function. While recent literature focuses on quantitative anal-
ysis of filament network topology and dynamics [5, 6], keratin granule formation
has not been addressed yet. Towards this goal, we propose a method to de-
tect keratin granules in fluorescence microscopic images using an anisotropic 2D
Gaussian model.

2 Material and method

2.1 Image acquisition and data

In order to visualize K5 keratin structures and their dynamics in cultured cells
(type II keratin knockout murine keratinocytes [7]), fluorescent reporters were
used, that were monitored by fluorescence microscopy. In the current study,
fluorescence images were recorded with a CCD-camera mounted on a Zeiss Apo-
Tome.2 wide-field microscope.

(a) (b)

Fig. 1. Keratin K5, which is prominent in basal regions of epidermis, shows an in-
tact network structure (keratin expressed: WT K5 YFP)(a). Mutation of the K5
gene results in formation of granular aggregates with only few remaining filamentous
structures (keratin expressed: T150D K5 YFP)(b).
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To assess the precision of the segmentation routine, eleven images showing
KFs and granules served as input data for evaluation. From these eleven images,
22 segments were extracted, each with a side length between 50 and 100 pixels
and containing between zero and 30 granules. Within the image segments, all
granules were manually segmented by an experienced cell biologist forming the
ground truth for validation purposes. An example of an image segment and the
corresponding ground truth is depicted in Fig. 3 (training set).

2.2 Adaption of an anisotropic Gaussian model

The resolution that can be achieved by conventional optical techniques is limited
meaning that tightly packed molecules cannot be separated anymore. Their
visual appearance is thus characterized by the point-spread function (PSF) which
can be adequately modeled by a 2D Gaussian [8]. The visual appearance of
a single keratin granule depends on the number and spatial arrangement of
the corresponding fluorescent proteins. In this regard, granules are modeled as
anisotropic Gaussian

G(x, y) = a + b · exp
[
−
(
(x−cx) cosα+(y−cy) sinα

σmax

)2
−
(
−(x−cx) sinα+(y−cy) cosα

σmin

)2]
(1)

where a and b denote offset and scaling, cx and cy the center coordinates, σmin

and σmax the minimum and maximum standard deviations and α the angle of
rotation representing the large variety of granule shapes.
To each granule that has been segmented by the expert, the Gaussian model

(Eq. 1) is adapted using the trust-region algorithm [9] (Fig. 2). In this way,
the model parameters Pfit = {σmax, σoval =

σmax

σmin
, α, ρ} can be identified for

each manual segmentation where σmin, σmax denote the maximum and minimum
spread, α the angle and ρ the linear correlation coefficient between the segmented
image and the adapted Gaussian function.

Fig. 2. The granules are adapted to an anisotropic 2D Gaussian model (1) using the
trust-region algorithm.
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2.3 Segmentation of keratin granules

The processing pipeline of the detection routine is depicted in Fig. 3 and can be
summarized as follows:

a) The model is trained using a leave-one-image-out cross-validation scheme.
From the training set of images and corresponding expert segmentations,
the granules are subsequently fitted to the Gaussian model as described in
Sect. 2.2.

b) By modifying the parameters of the Gaussian model (1), a catalog of tem-
plate functions is generated that specifies the variety of granule shapes. From
the training set, the model parameters Pfit are estimated for each segmented
granule specifying upper and lower parameter bounds for the catalog tem-
plates.

c) A normalized cross-correlation is performed for each template of the catalog
and the input image. Note that due to normalization, offset a and scaling
b do not influence the correlation results and are thus not specified in Pfit.
If the correlation coefficient ρ exceeds the threshold ρthres the elliptic area
defined by the standard deviations σmax and σmin is labeled as granule.

d) Generally, keratin granules appear in different sizes. Larger accumulations
of fluorescent proteins exhibit a rather large and bulky shape. Furthermore,
they emit fluorescence of very high intensity. If the camera intensity range
is exceeded, a flat plateau is built up due to a ceiling effect. The Gaussian
model is thus not suitable for these clusters. Instead they are segmented using
a simple threshold criterion followed by a morphologic opening to remove
remaining noise artifacts.

The segmentation result is finally given by the union of the results of the cross-
correlation and the cluster detection steps c) and d).

Fig. 3. Processing pipeline of the cytoskeletal granules segmentation procedure.
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3 Results

Following a leave-one-image-out cross-validation scheme, the ranges of the pa-
rameters Pfit specifying the catalog of template functions are derived from the
training data set. The lower bound of the maximum spread σmax is set to the
p-quantile of the distribution of the training set and equal to one for the ovality
parameter σoval which also includes circular granule shapes. The upper bound
of σmax and σoval is given by the (1 − p)-quantile of the training set. As the
orientation of granules can be in arbitrary direction the entire parameter range
α ∈ [0, π] is taken for the angle α. The correlation threshold ρthres is set to the
k-quantile of the corresponding threshold distribution obtained from the training
set.
By varying p, the segmentation process can be adapted to more or less diverse

granule appearances whereas k affects the segmentation sensitivity. Granules are
considered to be identified correctly if the overlapping area between automatic
and expert segmentation exceeds 50% of their union. Parameter optimization
is performed by maximizing the F1-score, which led to an optimal setting for
p = 0.1 and k = 0.25. Specifically, precision and recall of 0.864 and 0.896 were
achieved. Fig. 4 shows an example of a wide-field fluorescence microscopic image
(a) and the segmentation result using the optimal parameter bounds (b).

(a) (b)

Fig. 4. Keratin network and granules (a) acquired by wide-field fluorescence mi-
croscopy. Within the segmentation results (b) the granules are marked in red and
the outer cell boundary is framed in yellow.
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4 Discussion

In this contribution, a method for segmenting cytoskeletal keratin granules in
wide-field fluorescence microscopic images has been presented. A high reliability
was demonstrated providing the basis for a fully automated quantitative analysis.
Minor errors were recognized for crossing filaments where localized intensity
peaks can be erroneously labeled as granules.
The extension of the proposed method to three-dimensional images of fluores-

cently labeled keratin is straightforward. Processing 3D images could further en-
hance segmentation reliability since overlapping filaments could be distinguished
more easily. The tools described in this manuscript will be valuable in screens
for modifiers of keratin granule formation to improve treatment of genetic ker-
atinopathies and to modulate keratin function in the context of epithelial disease.
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