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Abstract. Histology images may be used in E-Learning systems to
teach how morphological features and function of each organ contribute
to its identification. Automatic classification of coating epithelial cells is
an open problem in image processing. This problem has been addressed
using morphological gradient, region-based and, shape-based method,
among others. In this paper, coating epithelial cells are recognised and
classified into: Flat, Cubic and Cylindrical. Epithelial cells are classified
based on sphericity and projection. Information about sphericity is used
to classify cells into cubic and a measure based in projecting cell nucleus
into light region is used to classify into flat and cylindrical. Experimen-
tal validations are conducted according to expert criteria, along with
manually annotated images, as a ground-truth. Experimental results re-
vealed that the proposed approach recognised coating epithelial cells and
classified tissues in a similar way to how experts have performed these
classifications.

1 Introduction

Tissue samples are used to study biological structures present in living organ-
isms. These samples contain information about cells distribution and organisa-
tion. Large amounts of pathologies are identified by analysing cell normality or
abnormality, besides supporting diagnosis in daily medical practice of histolo-
gists, biologists, pathologists, and related disciplines [1].

Large repositories of images containing tissue structures are available due to
developments in information gathering. As a result, automatic identification and
classification of structures in a tissue become possible. Automatic image analysis
is based on cells information. Cell analysis process consists of three steps: iden-
tifying cell nuclei, measuring morphological features, and classifying. Since, cell
nucleus are a key part in identifying biological structures, much effort is dedicated
to identify cell nucleus. A computer-aided identification of cell nuclei has been
addressed using different techniques: morphological gradient [2], region-based
methods [3], shape-based methods [4], minimax algorithm and thresholding [5],
geometric active contours [6], binary graph cuts [7], K-means clustering and
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tracking algorithm [8], fuzzy C-means clustering [9], and colour intensity [10].
However, these techniques require to set manually parameters. Moreover, histol-
ogy images contain cell variations due to photoelectronic and thermal noise that
make cell nuclei identification an open problem. Computer-aided identification
of a cell is affected by some issues such as: similarity between cell nucleus from
different tissues, image noise acquired by capture devices, cell nuclei size, and
low definition in image areas, like edges, among others.

In this paper, an approach to automatically identify and classify coating ep-
ithelial tissue – into flat, cubic and cylindrical – using morphological information
is presented. Experimental results shown that the proposed approach correctly
classify the different types of epithelial cell nucleus. The rest of the paper is
organised as follows. The proposed classification approach is presented in Sec-
tion 2. Experimental validation is included in Section 3. Finally, conclusions are
presented in Section 4.

2 A Classification Approach of Coating Epithelial Tissue

Automatic identification and classification of epithelial cell nucleus are tackled
by image processing techniques and tissue morphological information. The input
is an image and the automatic process is four-fold. First, an initial segmentation
is obtained using the largest eigenvalue of the Structure Tensor algorithm [10] on
the red colour channel. Obtained segmentation along with the red and the green
colour channels are used as input into the K-means algorithm [11] to identify
cell nucleus and light regions – tissue samples have shapeless spaces or holes,
that generate regions with maximum luminance values in an image, called light
regions. Red and green colour channels have relevant information on cell nuclei
along with light regions recognition, due to the use of stains. Second, distances
between light regions and cell nucleus are calculated, cell nucleus closest to light
regions are identified as epithelial cell nucleus. Third, the sphericity is calculated
with the Feret’s diameter in order to identify the cubic epithelium tissue. Fourth,
a projection measure is calculated to differentiate between flat and cylindrical
epithelium tissue.

2.1 Coating Epithelial Cell Identification

Let I ∈ RMN be a histological image of the cardiovascular system in RGB
color space; Q ∈ RMN be a matrix such that each element is formed by 3
values (x, y, z) where x represents the intensity of the red color channel of I,
y represents the intensity of the green color channel of I, and z represents the
largest eigenvalue of structure tensor of I; Hk(t) be a cluster represented by a
set of vectors in R

3 in the t− th iteration; and Ck(t) ∈ R
3 be a centroid k of the

cluster Hk(t).
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For initialising the cluster algorithm, initialisation parameters are set: t = 0,
C1(0) = {70, 30, 150}, C2(0) = {160, 70, 30}, and C3(0) = {110, 154, 0}.

Qij ∈ Hk(t) → k = argmin
k∈{1,2,3}

|
2∑

u=0

(Qij [u]− Ck(t)[u])|2, (1)

Ck(t+ 1) =
1

|Hk(t)|
M∑

i=1

N∑

j=1

aij .Qij , (2)

where aij is 1 if Qij ∈ Hk(t) and 0 in other case. Increase t = t+ 1 and repeat
(1) and (2) until Hk(t + 1) = Hk(t). Let O = {O1, O2, O3} be a binary image
such that:

(Ok)ij =

{
1 Qij ∈ Hk(t)
0 else,

(3)

where a value of k represents a different tissue in I, such that k = 1 contains
pixels position associated to connective tissue, k = 2 contains pixels position
associated to cell nucleus, and k = 3 contains pixels position associated to light
regions.

A Flood-fill algorithm is applied to image regions associated to each Ok.
The result is an image with a value within [0, 3] such that pixels with 0 are
background.

Definition: A region R is a set of pixels with same intensity value excluding
the background.

According to the Definition, δ is a region that represents a cell nuclei and γ is
a region that represent a light regions. Epithelial cells are characterised for being
close to a light region. Distances [14] between cell nuclei and light regions depend
on cell nucleus sizes, which is determined by the zoom used in a microscope and
the resolution used to digitize images. In this work 40x zoom and a resolution
of 2048x1536 pixels are used. Cells farther than 200.3pixels to light regions are
not considered epithelial. Set of epithelial cells is defined as follows:

E = {δi|∃ pi ∈ δi ∧ ∃ pj ∈ γj : dist(pi, pj) ≤ 200.3}, (4)

where δi ∈ O2 is a cell nucleus, γj ∈ O3 is a light region, pi and pj are
coordinates (x, y), and dist function is expressed by:

dist(pi, pj) =
√
(pi − pj)2. (5)

2.2 Coating Epithelial Cell Classification

Epithelial cells have different functions according to their shape and orientation.
They are classified into flat, cubic or cylindrical. Sphericity and position relative
to light regions are used to classify automatically epithelial cells. Once epithelial
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cells are classified, a tissue is classified based on the largest frequency of grouped
cells.

Since cubic epithelial cells have sphere shape, a measure of sphericity, based
on the Feret’s diameter [13], is used to identify cubic epithelial cells. Flat and
cylindrical cells have ellipse shapes. Flat cells are parallel to light regions whilst
cylindrical cells are perpendicular to light regions. The line defined by the two
extreme points in the widest diameter of a cell nuclei is called baseline. Baseline
is used to calculate the ProjectionRatio of a cell nucleus. An epithelial cell is
classified into flat or cylindrical based on the relative position to the nearest
light region. The classification approach is described in detail as follows:

Cubic Epithelial Classification. Sphericity is measured as a ratio between
two values the minimum and the maximum Feret’s diameter. The Feret’s diame-
ter is the distance between two parallel tangents such that they are perpendicular
to a fixed direction. The maximum Feret’s diameter is the maximum possible
value and the minimum Feret’s diameter is the minimum possible value [13]:

Sphericity =
FeretMinimum(c)

FeretMaximum(c)
. (6)

Cell nuclei with sphericity values larger than 0.8 are considered as sphere
shape and cell nuclei are classified as cubic.

Flat and Cylindrical Epithelial Classification. Different methods were
evaluated: slope [15] and Law of Cosines [16]. However, the proposed classifi-
cation is based on orientation of cells with respect to a light region. The base-
line length is the length of the line defined by the two connected points of the
maximum Feret’s diameter (q1, q2). The projection length is the length of the
projection line of a cell over the closest light area, it is illustrated in Fig. 1.

Fig. 1. illustration of cell projection

Let NLR be the set of the nearest light region coordinates, q1 and q2 be
intersection points between the maximum Feret of a cell nuclei, r1 and r2 be
intersection points between a NLR and q1 and q2 points.

r∗1 = argmin
r1∈NLR

√
(q1(x) − r1x)2 + (q1(y) − r1y)2, (7)
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r∗2 = argmin
r2∈NLR

√
(q2(x) − r2x)2 + (q2(y) − r2y)2. (8)

The ProjectionRatio is calculated as:

ProjectionRatio =
�(r∗1r

∗
2)

�(q1q2)
, (9)

where �(r∗1r
∗
2) is the length of the line formed by r∗1 and r∗2 and �(q1q2) the

length of the line formed by q1 and q2.
Epithelial cells with a ProjectionRatio larger or equal value than 0.5 are

classified as flat epithelium and epithelial cells with a ProjectionRatio smaller
value than 0.5 are classified as cylindrical epithelium.

3 Experiments and Analysis of Results

In this section, results of the tests performed and the comparative analysis be-
tween the proposed method and the manual classification is carried out. In order
to assess the proposed approach, epithelial tissue samples were processed with
hematoxylin-eosin staining to highlight cell nucleus. A set of 100 histological im-
ages, composed by 34 images of flat epithelial tissue, 33 images of cubic epithelial
tissue and 33 images of cylindrical epithelial tissue, were processed to validate
the proposed approach. The sensitivity [17] is used as a performance measure.

Results of automatic classification of epithelial tissue were evaluated by a
group of experts. Once cells are identified and classified into flat, cubic and
cylindrical, the frequency of cells in each group is calculated. A tissue is classified
according to the largest frequency of grouped cells. A subset of 30 manual and
automatic classification results are included in Fig. 2.

A quantitative evaluation of the obtained results is presented in Table 1. The
automatic identification results are compared with the manual identification us-
ing: True Positive calculated as epithelial tissue correctly identify; False Negative
calculated as epithelial tissue incorrectly identify.

Table 1. Performance evaluation of tissues classification

Confusion Matrix Flat Cubic Cylindrical Total

True Positive 31 26 28 85
False Negative 3 7 5 15
Sensitivity 0.91 0.79 0.85 0.85

Results show that the proposed approach is able to recognize flat, cubic and
cylindrical epithelial tissues with values of sensitivity greater than 0.79. The
best score of sensitivity was obtained when classifying flat epithelial tissue while
the worst score was obtained when classifying cubic epithelial tissue. The score
obtained in cubic classification may be a consequence of joined cells since they
look similar to other epithelial tissue.
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Image Manual Automatic Image Manual Automatic

Flat Flat Flat Flat

Flat Flat Flat Flat

Flat Flat Flat Flat

Flat Flat Flat Flat

Cylindrical Cylindrical Flat Flat

Flat Flat Flat Flat

Flat Flat Cylindrical Flat

Cylindrical Cylindrical Cylindrical Cylindrical

Cylindrical Cylindrical Cubic Cubic

Cylindrical Cylindrical Cubic Cubic

Cylindrical Cubic Cubic Cylindrical

Cylindrical Cylindrical Cubic Cubic

Cylindrical Cylindrical Cubic Cylindrical

Flat Flat Cubic Cylindrical

Flat Flat Cubic Cubic

Fig. 2. Results of manual and automatic classification of coating epithelial tissue



Automatic Classification of Coating Epithelial Tissue 317

4 Conclusions

Coating epithelial tissue is automatically classified using image analysis. The
problem is split into segmentation and classification. Three challenges are tackled
for segmenting coating epithelial cells:

– cell’s appearance variation produced by staining and low definition image
areas such as borders

– cell’s size and shape variations
– the presence of similar cell nucleus that do not belong to the epithelial tissue.

The Structure Tensor algorithm captures edges of cells, even though edges are
ill-defined and different stains may be used. Regarding different sizes and shapes
of cells, they are not an obstacle for segmenting since information is handled at
pixels level using edges — provided by the structure tensor algorithm —, the
red and the green colour channels. Proximity to light areas is used to identify
cell nucleus which belong to the epithelial tissue.

Once coating epithelial cells are segmented, classification into flat, cubic and
cylindrical involves several challenges:

– size of cells may vary
– flat and cylindrical cells have similar shapes
– cells may lose their particular shape due to tissue cutting.

Variations on cell’s size are overcomes by measuring sphericity since this fea-
ture is preserved regardless size. The projection of cell nuclei into light areas
is used to distinguish between flat and cylindrical. Finally, a tissue is classified
using the mode, under the assumption of unimodal distribution, which is robust
against tissue cutting effects.

Automatic identification may help to solve one of the greatest problems of
pathological diagnosis – lack of reproducibility –, which is common since the
diversity of views among pathologists.

Failure rate of the proposed method is due to union or proximity of cells
nucleus which are taken as a single cell nuclei. A joined cells separation process
will be required in order to improve results.
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