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Abstract— In this work, we propose a methodology for
segmenting glands automatically in digitized images of
histopathological prostate tissue for grade classification. Gleason
grading describes the abnormality of cancer cells and their
degree of aggressiveness by using numerical scale from grade 1
that represents benign tissues through grade 5 for tissues
characterized as advanced stage cancer. The special
characteristics of glands in prostate tissue for each grade play a
significant role in discriminating Gleason grades. Therefore,
lumen objects and tissue glands were segmented as the major
regions of interest for tissue grading. Lumen objects were
segmented by an empirical thresholding technique. Since we are
mainly concerned with the inner regions of the glands consisting
of the lumen, cytoplasm and the inner boundary of the cell nuclei,
a k-means clustering approach was employed to the a* color
channel of the L*a*b* color model for each of the tissue images.
This was followed by statistical and morphological features
extraction for the segmented lumen objects and glands. Finally, a
naive Bayes classifier was used to classify tissue images to the
correct grade. The efficiency of the automated segmentation
method was evaluated, and classification results achieved
accuracy, sensitivity, and specificity of 91.66%, 96.66%, and
95.00%, respectively. These results indicate that our automated
methodology could serve as an adjunct to histopathologists and
would have a positive impact when integrated with conventional
histopathological diagnosis procedures.
Keywords— Prostate tissue; Gleason
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I.

grading;

gland

INTRODUCTION

Prostate cancer (PCa) is a major medical problem that has
many economical effects. It is the fifth most common cancer
among men in the world. Around 900,000 new cases were
diagnosed in 2008 over the world with the percentage of 14%
of cancer cases [1]. In Jordan, 133 new cases of PCa were
discovered in 2006 with a percentage of 6.5% as compared to
all local cancer cases [2]. Early detection of PCa plays a vital
role in the treatment of this disease. Some tests are needed to
determine whether the patient has PCa or not, and to classify
the cancer, if found, into grades. Gleason grading system is the
most commonly employed grading system [3]. It relies on the
glandular architecture of prostate tissues; describing the
degree of loss of the normal glandular tissue architecture (i.e.
shape, size and differentiation of the glands). The most
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prevalent patterns are assigned grades from 1 to 5 where
grades 1 and 2 are called benign tissue.
Classifying prostate tissue images into grades based on
extracted features from automatically segmented tissue glands
is a challenging task that consists of three main stages:
Segmentation, feature extraction, and classification. These
stages are based on image processing and machine learning
techniques.
In the next section, medical background is presented.
Related work is discussed in section III. The methodology
developed for gland segmentation and tissue classification is
discussed in section IV. In section V the results are reported
and appropriate discussion is made. Finally, we close this
paper with a conclusion in section VI.
II.

MEDICAL BACKGROUND

The process of diagnosing PCa consists of several tests. In
this work, we are concerned with digitized prostate biopsy
tests since it can be easily captured into a high resolution
image, which can be then classified using automated
approaches. After prostate biopsy is taken, slides of the tissue
are prepared and stained using Hematoxylin and Eosin (H&E)
staining method [4]. Slides are then scanned using high
resolution scanners to be digitized into images that represent
the prostate epithelial tissue. The resulting digitized images
can be viewed with low resolution (10X) or high resolution
(40X) for better analysis. Pathologists can then examine these
images to classify tissues into grades. This is based on
examining gland units in prostate tissue to check some
features such as size, shape, and number of glands in the tissue
image.
Prostate gland unit consists of four main components:
stroma, lumen, epithelial nuclei, and epithelial cytoplasm.
These components appear in different colors in a prostate
tissue image stained by the H&E method: stroma is the pink
region, lumen is the white region, nuclei are the dark blue
dots, and cytoplasm is the purple region.
The special characteristics of glands in each grade of
Gleason grading system motivated many researchers to extract
features for the glands and for the main components of the
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glands for automated diagnosis. In benign tisssue (grades 1 and
2), glands are large, appearing as singlee separated units,
having large lumen components and thick gland boundaries
with prominent nuclei. There are a lot of vaariations in lumen
shape, from circular to oval or branchy [5]. In grade 3 tissue,
glands are smaller and more circular than inn a benign pattern.
This pattern has also small, circular lumenn and thin nuclei
boundaries. In grade 4 tissue, the glands start to lose their
architecture. It is obvious that this grade dooes not have wellseparated gland unit with separate lumen. Nuclei distribute
uniformly instead of forming well-defined boundaries as in
benign patterns. Glands are fused with each other and they are
poorly defined [5]. Multiple glands are mixed
m
together to
create a mass of glands containing multiple lumen
components. Grade 5 is less common than grade 4. This grade
shows variety of patterns with no formationn of gland units or
lumen appearance [3]. This grade is oftenn undifferentiated;
since its features are not significantly distinguishing. For
previously mentioned reason, grade 5 is not considered in this
research. Figure 1 shows samples of beniign, grade 3, and
grade 4 tissues.
III.

K
RELATED WORK

Many methodologies were proposed for
f complete and
partial segmentation of glands in prostate tisssue image. These
methodologies were based on image processsing and machine
learning techniques such as region growinng, level sets, and
clustering.
Region growing technique groups pixels of similar features
such as intensity or texture into regioons. It examines
neighboring pixels of initial seed points to check if they
M
researchers
should be added to the region or not. Many
proposed methodologies for segmenting glands based on
region growing technique such as Teverovsskiy et al. [6] who
developed a medical image analysis system called
c
(MAGIC)

(a)

(b)

(c)

Fig. 1. Samples of benign and cancerous tissues (a) beenign, (b) grade 3, and
(c) grade 4.

which was applied specificallly to prostate tissue images.
Segmentation was done using region growing algorithm that
segmented gland objects basedd on color similarity and shape
regularity. Results showed thhat classification accuracy was
73% on average. Peng et al. [7] also presented a method to
segment the complete individdual glandular units based on
seeded region growing using true
t
lumen regions as the initial
seeds. Region growing methodd was applied iteratively with a
3 × 3 pixel kernel to all seedds. Pixels that belong to stroma
were not included in the grow
wn glands. The iterative process
ended when all glands stop to grow.
g
Using region growing technniques for segmenting glands has
the advantage of simplicity. It has the disadvantage of
consuming computations. In addition,
a
variation of intensities
may result in over segmentation. This motivated us to avoid
using region growing techniquue in segmenting glands; due to
the heterogeneity of prostate tisssue image.
Level set approach wass also used to segment the
boundaries of glands. This wass done by initializing curves that
were usually lumen boundarries. These curves evolved to
segment the inner or the outerr boundary of the gland. Many
researchers proposed methodoologies for segmenting glands
based on level set technique suuch as Naik et al. [8], Hafiane et
al. [9], and Vidal et al [10]. Naaik et al. presented an automated
glands segmentation method based
b
on low-level information,
high-level information and dom
main-specific information. Lowlevel information was based onn Bayesian classifier to generate
likelihood that each pixel belonngs to a specific object based on
image intensity and textuural information. High-level
information was based on levell set technique to segment gland
boundary. Domain-specific innformation was used to check
whether the detected objects were
w
true objects or not based on
structural constraints. Testss showed that classification
accuracies in distinguishing inntermediate grades of PCa were
above 90%. Hafiane et al. combined two approaches to
develop multiphase vector-bbased active contours. First
approach required multiple levvels sets; one for each class in
the tissue (lumen, cytoplasm, nuclei, and stroma). Second
approach was based on multiplle phases of a single level set to
detect nuclei centers. Results showed that detection rate was
91% compared to manual dettection. Vidal et al. proposed a
method that was based on lum
men centered expansion by using
level set and cell density locallization (where cell was used to
describe nucleus) by using mean
m
filtering technique. The
contour of lumen area was useed as the initial zero contour for
applying level set for the firsst time. The curve grew freely
involving pixels except nuclei pixels. A second level set was
applied to get the complete glannd by involving nuclei pixels.
In this work, we chose nott to apply level sets to segment
glands due to the heterogeneitty of prostate tissue image (i.e.
the diversity of shape and poosition of the main parts of a
gland), since we intended too avoid defining many initial
boundaries to segment glands that
t
would render the technique
semi-automated.
In clustering based techniiques, gland components were
assigned into clusters based on similarity between
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components. Many researchers proposed methodologies
m
for
segmenting prostate tissue glands baseed on clustering
techniques such as Farjam et al. [11] who proposed
p
a method
to segment prostate glands in the image byy applying texture
based techniques along with clustering technniques. He noticed
that lumen and stroma have higher illuminaations compared to
nuclei. Based on that, values of texture featuures for lumen and
stroma regions was higher than nuclei regions.
r
K-means
clustering was applied to segment stroma, lumen,
l
and nuclei.
The selected number of clusters was two: one
o for lumen and
stroma and the other for nuclei. Nuclei regioons were excluded
from stroma and lumen to get glandularr regions. Results
showed that classification accuracy was arouund 95%.
Due to simplicity and high speed of clusstering techniques,
k-means clustering was chosen in this workk to segment inner
regions of glands. Number of clusters was determined
correctly to achieve high segmentation accurracy.
IV.

METHODOLOGY OF GLANDS SEGM
MENTATION AND
TISSUE CLASSIFICATION

In this work, we aim to segment lumen objects and tissue
glands. We focus on partial gland segmentatiion by segmenting
the inner region of the gland; which coonsists of lumen,
cytoplasm and inner boundary of nuclei. Thhis is done to have
good separation of glands since glands in grade
g
4 tissue tend
to fuse to form gland mass. Our purpose is to segment glands
separately instead of segmenting combined glands especially
when glands are close together or when havving gland masses.
This improves the accuracy of segmenting thhe glands. Figure 2
summarizes the general architecture of
o the proposed
methodology for segmentation and classificaation.
A. Preprocessing Prostate Tissue Images
Filtering H&E prostate tissue image is ann essential step for
preparing the image for segmentation step. Gaussian filter is
applied to smooth the images. It is applied because we focus
on region based segmentation not on boundary based
segmentation. The general formula of Gauussian function in
two dimensions is [12]:

,

(1)

where x is the distance from the origin in thee horizontal axis, y
is the distance from the origin in the verticall axis, and σ is the
standard deviation of the Gaussian distributioon.
Many filters were tested on prostate tissuee images. Gaussian
filter showed good smoothing results when applied
a
on dataset

Fig. 2. The general architecture of the proposedd methodology

used in this work with σ = 0.711.
B. Segmenting Lumen Objects and
a Identifying True Objects
In this work, we focus onn segmenting lumen objects as
well as segmenting tissue gllands. This is done to extract
features from lumen objects annd glands to have more accurate
classification. We start seggmenting lumen objects by
converting the filtered RGB tisssue image into grayscale image.
This is done to apply manual thhresholding technique for lumen
segmentation; since threshoolding deals with different
intensities of grayscale imagee [13]. Manual thresholding is
based on choosing single parrameter known as the intensity
threshold. It divides the tiissue image in two classes:
foreground (lumen objects) and background (other tissue
components).
Segmented tissue image g(x,y)) by applying threshold can be
defined as[14]:
,

1

,

0

,

(2)

where f(x,y) is point of the gray
g
image pixels and T is the
threshold value.
Trial and error approach is used to empirically choose
intensity threshold value that is suitable to segment lumen
objects for all types of prostatte tissue images. By relying on
this approach, we find that thhe value of 205 is the suitable
threshold value. Finally size coonstraint is applied to keep true
lumen objects and eliminate tooo small detected lumen objects
(false lumen objects). The valuue of the applied size constraint
is determined empirically by choosing
c
the suitable value for
all tissue types which is 900 pixxels.
C. Segmenting glands and idenntifying true gland objects
Segmenting inner regions of
o glands starts with converting
the filtered RGB tissue imagee into L*a*b* color model and
separating a* channel. Lab color is chosen because it is a
perceptually uniform color space. It is designed to
approximate the color perceptioon in human visual system [15].
It is used to enhance the separaation of different colors of tissue
components; i.e. lumen, cytopplasm, nuclei and stroma. We
have noticed that lumen and cyytoplasm are distinguished from
nuclei and stroma in a* imagee for benign, grade 3, and some
grade 4 cases. Based on thatt, segmentation of inner gland
region is performed using extraacted a* channel.
After that, k-means clusterring is applied on the extracted
a* tissue image for initial segm
mentation of glands. We apply kmeans algorithm with three sppecified parameters: number of
clusters k, cluster initializationn, and distance metric. Number
of clusters is two: A clusteer that represents lumen and
cytoplasm pixels and another cluster
c
that represents nuclei and
stroma. Clusters are initialiized with tested values that
represent the average of luminaance values of selected pixels in
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each cluster for samples of a* tissue images. Euclidean
distance is the distance measure used to assign each pixel in
the tissue image to the closest cluster center.
While segmenting the inner region of glands, some holes
may occur due to the heterogeneity of prostate tissue; some
pixels within the inner region could belong to stroma or nuclei
cluster not to lumen or cytoplasm cluster resulting in these
holes. To overcome this problem, morphological closing
operation is applied on initially segmented glands to fill holes
and small gaps. A disk structuring element with small size is
used while applying closing operation.
Finally, size constraint is applied to keep true glands. This
is important to eliminate too small detected glands (false
glands). The value of the applied size constraint is determined
empirically by choosing the suitable value for all tissue types
which is 2000 pixels. Figure 3 shows the corresponding
segmented lumen objects and glands for tissue samples shown
in Figure1. Illustrated images for the segmented lumen objects
and glands prove the accuracy of the proposed segmentation
methodology.

D. Feature Extraction for Segmented Lumen Objects and
Glands
By the end of segmentation process, final segmented
lumen objects and glands are labeled to extract some features
necessary to classify tissue image into the suitable grade. As
illustrated in Table 1, nine features are extracted for
segmented lumen objects and glands. All the extracted
features are chosen carefully to have an accurate classification
of prostate tissues. Extracted features are classified into
statistical features related to area, diameter, and perimeter and
morphological features related to eccentricity.
E. Classification Using Naive Bayes Classifier
After extracting features, classification of tissue images is
done using naive Bayes classifier, which is known to be a
simple probabilistic classifier that assumes features are
independent given a specific class. This classifier has the
advantage of oversimplifying assumptions; and could give
very good accuracy results as compared to other approaches
[16]. Evaluation of segmentation and classification is done to
prove the accuracy of the proposed methodology as discussed
in the results section.
V.

(a)

(c)

(b)

(d)

RESULTS AND DISCUSSION

All experiments were applied on a dataset that contained
digitized H&E prostate tissue images. These images were
acquired by preparing prostate biopsy to be ready for
digitization through the following steps [17]: fixation,
dehydration, clearing, embedding, sectioning, H&E staining,
and cover slipping. Number of selected patients was 38 male.
They were 22-65 years old. Tissue images were provided from
University of Jordan Hospital and Prince Hamza Hospital
through ethical approval.
Dataset contained 150 images having the three tissue
types: 59 benign tissue images, 41 grade 3 tissue images, and
50 grade 4 tissue images. The grading of these images was
confirmed by a pathologist. All tissue images have same size
(3136 x 2352) and same magnification (20X). Dataset was
divided into training dataset and testing dataset. Training
dataset contained 90 tissue images of all tissue types. Testing
dataset contained 60 tissue images of all tissue types. This was
based on holdout validation, where 2/3 of dataset is chosen for
TABLE I. Features Extracted from Segmented Lumen Objects and Glands
Feature Type

(e)

(f)

Fig. 3. The corresponding segmented lumen objects (a, c, and e) and the
corresponding segmented tissue glands (b, d, and f) for tissue samples
(a, b, and c) shown in Figure1, respectively.

Extracted Features

Lumen Objects Features

Average lumen area, maximum
lumen area, and average lumen
eccentricity.

Glands features

Average glands area, maximum gland
area, average glands diameter, average
glands perimeter, average glands
eccentricity, and glands density.
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training and 1/3 of dataset is chosen for testing. All tests were
performed using Matlab 7.8.0 (R2009a) running on a machine
of 4 GB RAM and 2.40 GHz core i5.
Many experiments were performed to test the accuracy of
the proposed segmentation approach. Images subtraction is
one of the simplest ways to view the accuracy of
segmentation. It depends on viewing the difference between
manually segmented image (reference image) and
automatically segmented image. This was done on samples of
images that represent all tissue types. Subtracted images for
these samples showed high accuracy of segmentation
approach. We also calculated correlation r between reference
image and automatically segmented image. This was done by
computing the correlation coefficient for samples of tissue
images[18]:
∑ ∑
∑ ∑

(3)
∑ ∑

where A is the reference image, B is the automatically
segmented image, Ā is the mean of A, and  is the mean of
B.
We calculated lumen segmentation accuracy and gland
segmentation accuracy for samples of tissue images based on
the calculated correlation coefficient. Lumen segmentation
accuracy was: 93.45%, 85.21%, and 82.69% for benign, grade
3, and grade 4 tissue samples, respectively. Gland
segmentation accuracy was: 84.80%, 84.78%, and 86.41% for
benign, grade 3, and grade 4 tissue samples, respectively.
Classifying prostate tissue dataset using naive Bayes
classifier resulted in accuracy, sensitivity, and specificity of
91.66%, 96.66%, and 95.00%, respectively. Sensitivity is
related to the ability of the classifier to identify positive
results. It is the proportion of people who have cancer but
classified as positive cases. More specifically, it is the
probability of a positive test, given that the patient is ill.
Specificity is related to the ability of the classifier to identify
negative results. It is the proportion of people who are well but
classified as negative cases. More specifically it is the
probability of a negative test, given that the patient is well.
Some cases that were misclassified are shown in figure 4. This
misclassification could be due to some benign cases having
morphological characteristics resembling grade 3 cases.
Defects in the staining could be another reason for having
some misclassified cases.
Our results show that the proposed approach is successful
in segmenting H&E prostate tissue images to label lumen
objects and glands. Classification accuracy, sensitivity, and
specificity show that the extracted features are capable of
discriminating different Gleason grades of PCa.

(a)

(b)

Fig. 4. Some cases that were misclassified (a) Grade 4 tissue that was
misclassified to grade 3. (b) Benign tissue that was misclassified to
grade 3.

Our proposed methodology has proven its accuracy and
efficiency when comparing sensitivity and specificity values
with other methodologies such as Wang et al. [19], Monaco et
al. [20], and Xu et al. [21] methodologies. Table 2 compares
sensitivity and specificity of the proposed methodology with
other methodologies.
VI.

CONCLUSION

In this work, we have proposed a fully automated inner
gland segmentation, feature extraction, and classification
methodology for digitized images of histopathological prostate
tissues. The classification of images was based on Gleason
grading system to classify them into grades: benign, grade 2,
or grade 3. To extract required features for grading the tissues,
we focused on segmenting lumen objects and glands.
Segmenting lumen objects was performed by an empirical
thresholding technique. We were interested in segmenting
inner regions of the glands using k-means clustering technique
applied to the a* channel of the L*a*b* color model for each
tissue image. Nine features were extracted for segmented
lumen objects and glands, and then fed to a naive Bayes
classifier to classify the tissue images to the appropriate grade.
Main contributions of this work are:
•
•
•

A new proposed methodology for segmenting glands.
A fully automated lumen and inner-region glands
segmentation, feature extraction and classification.
Evaluation of segmentation accuracy by images
subtraction and correlation coefficient calculation for
samples of tissue images.
TABLE II. Sensitivity and Specificity Comparison

Methodology

Sensitivity

Specificity

The proposed methodology

97.56%

96.34%

Wang et al. methodology

87.74%

94.82%

Monaco et al. methodology

82.00%

71.00%

Xu et al. methodology

71.00%

95.00%
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For future work, we aim to apply other classification
algorithms to the extracted features. Our goal is to test the
accuracy of segmentation by comparing the resulting
accuracy, specificity, and sensitivity using the naive Bayes
algorithm with other classifiers. We also aim to apply the
proposed methodology on other datasets from different
hospitals.
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