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Abstract—Microarray technology provides a powerful tool
for the quantification of the expression level for a large number
of genes simultaneously. Image analysis is a crucial step for
data extraction of microarray gene expression experiments. In
this paper we propose a supervised method for the
segmentation of microarray images. The Bayes classifier is
employed for a pixel by pixel classification. The proposed
method classifies the pixels of the image in two classes,
foreground and background pixels. For this task, an
informative set of features is used from both green and red
channels. The method is evaluated using a set of 5184 spots
(consisting of ~15000000 pixels), from the Stanford Microarray
Database (SMD) and the reported classification accuracy is 82
%.

I. INTRODUCTION

D

NA microarray technology yields expression profiles
for thousands of genes, in a single hybridization
experiment [1]. The whole process begins with the
biological experiment. Two mRNA samples are reverse
transcribed into cDNA, and labeled with two difference
fluorescent dyes. Next, the samples are hybridized with the
known genes at the same time, on a glass slide. These known
genes are chosen according to the current biological
problem, and are printed on the slide by a robotic arrayer.
The microarray slide is scanned in both wave lengths that
the two dyes emit, generating two grayscale images. These
images contain several blocks which consist of a number of
spots, placed in rows and columns as it is shown in Fig.1.
The intensity of each spot provides a measure of
hybridization, between the sample and the corresponding
gene. Image processing techniques are required to extract the
intensities of red and green channels. The processing of
microarray images [2], usually consists of the following
steps: (i) spot finding and gridding in order to find the
location of each spot in the image, (ii) segmentation, that
groups the pixels with similar features (separation of
foreground and background pixels), (iii) intensity extraction
to calculate the red and green foreground fluorescence
intensity pairs and background intensities.
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Fig.1: A block of a color microarray image consisting of 24x24 spots.

Segmentation in microarray images results in
characterizing the pixels of the image as foreground or
background. The intensities of background pixels are used to
adjust the foreground intensities for local noise, resulting in
corrected red and green intensities for each spot.
Several methods have been proposed for the segmentation
of microarray images. These methods can be categorized
into four categories: (i) Fixed and adaptive circle, (ii)
histogram-based, (iii) adaptive shape, (iv) clustering. Earliest
approaches fit a circle (with fixed or adaptive size) around
each spot, characterizing the pixels in the circle as signal
pixels and the pixels out of the circle as background pixels.
Such an approach is used by Scanalyse [3] and Dapple [4].
Histogram-based techniques estimate a threshold [5-6] such
that pixels with intensity lower than the calculated threshold
are characterized as background pixels, whereas pixels with
higher intensity as signal pixels. The adaptive shape
segmentation methods are usually based on the watershed
transform [7], seed region growing [8-9] and Markov
random field [10]. Finally, the most recent techniques
employ clustering algorithms like K-means [11], Fuzzy C
means (FCM) [12], Expectation-Maximization (EM) [13],
Partitioning Around Medoid (PAM) [14] and model-based
clustering [15].
In this paper we introduce a novel segmentation method
that classifies the pixels of the image into two categories
(foreground and background) using the Bayes classifier. A
classification-based segmentation method is employed,
instead of clustering or other segmentation techniques.
Clustering techniques generate groups of pixels,
characterized as signal or background using a set of rules,
i.e. the group with the maximum mean intensity value is
characterized as signal. Instead of this, the proposed
approach directly classifies each pixel to the designated
category. Another important advantage of this method is the
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simultaneous processing of both channels of the image.
Moreover, an informative set of features of each pixel is
used as input for the classification, in order to deal with the
artefacts of the image.
II. MATERIALS AND METHODS
The proposed method begins with the spot addressing
and gridding procedure, in order to isolate each spot from
the image. Next, a segmentation approach based on the
Bayes classifier is applied on each spot separately. For this
task, a set of features is selected using both the red and green
grayscale images. This set of features is used for the
classification of the pixels of the image into foreground and
background. The flowchart of the proposed method is shown
in Fig.2

Fig.3: Voronoi diagram in a microarray image.

B. SEGMENTATION
After the gridding procedure, each Voronoi cell
determines an area around each spot. In this area, the
segmentation technique is applied. Each pixel in the area, is
represented by a feature vector and then, it is classified as
background or foreground.

Raw image

Spot Addressing
Gridding

1) Feature extraction
The features which are used can be categorized in three
main categories: (i) features related to the intensity value of
each pixel. The intensity of the pixel, the mean value of the
neighborhood of the pixel and the standard deviation of the
neighborhood of the pixel, are used as intensity features. (ii)
spatial features, such as the Euclidean distance between the
position of the pixel and the center of the corresponding
spot and finally, (iii) features related to the shape of the
theoretical spot. This category contains the correlation of the
pixel’s 11x11 neighbourhood with an 11x11, 2D-gaussian
template. This is a measure of similarity between the
neighborhood and the shape of a typical spot. All the above
features, except the spatial ones, are used in both channels of
the image, in order to segment the two channels at once.
Spatial features are the same for both channels. A detailed
description of the above features is given in Table I.

Single Spot

Segmentation
Feature
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Pixel by pixel
Bayes
Classification

Next spot
Segmented Spot

Fig.2: The flowchart of the proposed method.

A. SPOT ADDRESSING AND GRIDDING

2) Bayes Classifier
The applied spot addressing and gridding procedure
consists of several steps, dealing with the noise and the
artefacts of the image. Briefly (details can be found in [16]),
in the first step, the raw microarray image is preprocessed
with a template matching technique. In a second step, the
blocks of the image are located. The third step is the spot
finding in each block. In this step outlier detection is applied
on each row and column of spots in order to remove the
artefacts. The next step is the detection of the non-expressed
spots. Finally, a grid is fit on the image using a Voronoi
diagram. Fig.2 shows the grid that the above procedure
produces.

Using the Bayes classifier [17], we classify a set of
pixels into two different classes. The classification is based
on the above described features of the pixels. In this case, 11
features are used to characterize each pixel. The concept of
Bayes classifier is to estimate the a posteriori probability of
a sample (pixel) to belong in a class. The a posteriori
probability is given by the Bayes theorem:
P (wi | x) =
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p( x | wi ) P ( wi )
2

∑ p( x | w ) P ( w )
i

i =1

i

=

p( x | wi ) P( wi )
,
p ( x)

(1)

Table I: Extracted features

FEATURE
TYPE

CHANNEL
1

Intensity of the pixel

2

Mean intensity value of the 3x3 neighbor of the pixel

3

Intensity standard deviation of the 3x3 neighbor of the pixel

4

Intensity of the pixel

5

Mean intensity value of the 3x3 neighbor of the pixel

6

Intensity standard deviation of the 3x3 neighbor of the pixel

7

x-coordinate of the pixel in the image

8

y-coordinate of the pixel in the image

9

Euclidean distance between the pixel and the center of the spot

GREEN

10

Correlation of the neighbor of the pixel and the Gaussian template

RED

11

Correlation of the neighbor of the pixel and the Gaussian template

GREEN
Intensity features
RED

Spatial Features

Shape features

DESCRIPTION

where, x ∈ R11 is the feature vector, wi : i = 1, 2 are the two
classes, P ( wi ) is the a priori probability that an arbitrary
sample belongs to class wi , P (wi | x) is the a posteriori
conditional probability that a specific sample belongs to a
class, p( x ) is the density distribution of all samples, and
p( x | wi ) is the conditional density distribution of all
samples belonging to wi .
The theorem is applicable for all probability density
functions, however, it depends on the nature of the data. The
Gaussian density function is often used to model the
distribution of feature values of a particular class. The
general multivariate Gaussian density function is given as:
1
− ( x − µi )T Σi−1 ( x − µi )
1
2
p( x ) =
e
(2)
,
1/ 2
D/ 2
Σi
(2π )
where D is the dimension of the feature vector (D=11 in our
case). µi and Σi are the mean vector and the covariance
matrix of the features of the corresponding class
respectively:
1
µi =
(3)
∑ x, µi ∈ ℜ11 ,
N i x∈wi
Σi =

1
Ni

∑ xx

x∈wi

T

− µi µiT ,

Σi ∈ ℜ11×11 ,

III. DATASET AND RESULTS
For the evaluation of the proposed approach, we have
randomly chosen 11 blocks from the SMD [18]. Every block
consists of 576 spots, forming 24x24 rows and columns.
Two of the blocks are used for the training (1152 spots and
~350000 pixels) and 9 blocks for the testing (5184 spots and
~1500000 pixels). Scanalyse [5] has been used for the initial
annotation of the images. In order to extract pixel by pixel
information from the annotation, we simulate the fixed circle
segmentation that is used by Scanalyse. For this task, the
known radius of the fixed circle and the coordinates of the
centres of each spot are used. A binary map is generated for
the whole block, characterizing the pixels inside the circle as
signal pixels and the pixel outside of the circle as
background.
Fig. 4 shows several high or low expressed spots. It
contains the two raw greyscale images, which are generated
from the two channels, the extracted annotation image and
the result of the classification-based segmentation.
Green

Scanalyse

Bayes

(4)

where Ni is the number of pixels belonging to class wi
In the training stage, the proposed approach estimates the
mean vector and the covariance matrix for each class. Given
the mean vector, the covariance matrix and the gaussian
density distribution, the a posteriori probability is estimated
for each sample and each class in the testing stage. The class
where the object belongs is given by the Bayes Decision
Rule which is:

Fig.4. Segmentation results in several spots using the Bayes classifier
approach.



P (wi | x) > P ( w j | x), ∀j ≠ i.

Red

(5)
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In order to validate our method, sensitivity, specificity and
accuracy are employed:
Se =

# of correctly identified signal pixels
,
total # of signal pixels

(6)

Sp =

# of correctly identified background pixels
,
total # of background pixels

(7)

Acc =

# of correctly identified pixels
.
total # of pixels

(8)

The results for each block for the pixel by pixel
classification are presented in Table II.
Table II: Results obtained when evaluating our method in a set of 9 image
blocks, acquired from the SMD.

Block

Se (%)

Sp (%)

Acc (%)

lc4b069rex2B1

87.0

74.8

83.1

lc4b069rex2B2

82.8

74.8

80.3

lc4b069rex2B3

88.7

72.5

83.5

lc4b069rex2B5

84.2

62.0

77.0

lc4b069rex2B6

88.7

76.1

84.6

lc4b069rex2B7

89.9

74.4

84.9

lc4b069rex2B8

92.1

69.4

84.7

lc4b069rex2B9

87.7

74.4

83.4

lc4b069rex2B15

82.4

73.6

79.6

Overall

87.1

72.4

82.3

results, since there exist no databases or programs to provide
pixel by pixel annotation. Thus, a comparison of our method
with existing methods is not possible.
The absence of a database that contains annotation in a
pixel by pixel (i.e. signal, background or artefact) basis
limits the improvements of the proposed work. The
existence of such a database would be beneficial for the
application of classification based segmentation techniques
in microarray imaging. This constrain could be overcome
using a dataset of simulated Microarray images, where the
annotation of the artefacts would be extracted during the
simulation. Finally, more advanced classification methods
would be employed.
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