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Abstract— Microarray image analysis helps in the
identification of new genes enables better understanding of their
functions and used for the simultaneous analysis of gene
expression levels under different conditions.  It is used to
diagnose various diseases and helps to develop more effective
treatment for the targeted disease. Microarray image processing
usually follows three stages (i)spot addressing or gridding
(ii) segmentation (iii) intensity extraction. Among these stages
segmentation is a vital stage. Four categories of methods for
microarray image segmentation are (a) fixed /adaptive circle
segmentation (b) Histogram based techniques (c) adaptive shape
segmentation (d) Machine learning techniques. Thus the
integration of machine learning in Image processing will
contribute a better analysis of medical and biological data. The
purpose of this paper is to discuss on various machine learning
based techniques to segment the microarray images. After
analyzing the features of all algorithms we conclude with several
promising directions for the future research in microarray image
segmentation.

Keywords— DNA Microarray processing, Supervised
segmentation, unsupervised segmentation, Image segmentation.

I. INTRODUCTION

Microarray image analysis has made powerful the scientific
community to understand the basic feature in the growth and
development of life as well as to explore the hereditary causes
of anomalies occurring in the functioning of human body [37].
Some of the applications of microarray technology are gene
discovery [38], disease diagnosis and treatment [39], drug
discovery and toxicological research [40]. Microarray images
contain several blocks or sub grids which consist of a number
of spots, placed in rows and columns as shown in fig.1. The
intensity level of each spot represents the amount of sample
which is hybridized with the corresponding gene.

The Microarray image analysis at gene expression level is
necessary when dealing with vast amount of biological data.
Microarray image processing has three stages. Among these
three stages the second stage is the vital stage i.e. segmentation.
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Fig. 1. The Microarray Image

There are four categories of methods for microarray image
segmentation. They are (a) fixed or adaptive circle
segmentation [1], [2] (b) Histogram-based techniques [41] (c)
The adaptive shape segmentation [42]. Algorithms such as seed
region growing, watershed transform and Markov random field
have been employed. (d) The fourth category is based on
machine learning techniques. There are two categories in this
method. They are (a) supervised segmentation techniques and
(b) unsupervised segmentation technique. More specifically,
methods in unsupervised category employ clustering
algorithms, such as k-means, hybrid k-means, fuzzy c-means,
expectation-maximization and partitioning method for
segmentation of microarray images. The Supervised method
includes Bayes classifier approach. Thus the incorporation of
machine learning in image processing has an enormous
advantage, and provides a better analysis of medical and
biological data.

The processing of microarray images [4] includes three
stages. First, spots and blocks are preliminarily located from
the images (gridding).  Second, using the gridding information
each microarray spot is segmented into background and
foreground as shown in fig.2.  Finally, intensity extraction
calculates the foreground fluorescence background and
foreground.  Finally, intensity extraction calculates intensity,
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which represents each gene expression level and the
background intensities.

Fig. 2. The Segmented Microarray Image

The image analysis would be a rather a simple process, if
all the spots had circular shape, similar size, and the
background was noise and artefact free. However, a scanned
microarray image has none of the above characteristics, thus
microarray image analysis becomes a difficult task.

In this paper, several microarray segmentation algorithms
based on machine learning techniques to segment microarray
images are described as shown in figure 3.  Section II describes
various unsupervised techniques used for microarray image
segmentation. Section III describes various segmentation
techniques. Section IV gives the conclusion.

Fig. 3. The Microarray Image Segmentation

II. UNSUPERVISED SEGMENTATION TECHNIQUE

The various methods in this category employ clustering
algorithms, such as k-means, hybrid k-means, fuzzy c-means,
expectation-maximization and partitioning method for
segmentation of microarray images.

The k-means segmentation algorithm is based on the
traditional k-means clustering [3].  It employs a square-error
criterion, which is calculated for each of the two clusters. K-
means is commonly fed with the intensity of each pixel in the
microarray image as features.  However, many algorithm have
already been developed, which use more intensity features of
each pixel such as mean intensity of the neighbourhood of the
pixel, or spatial features.

For instance, [5] employed the K-means algorithm using
only the intensity of the pixel as a feature, while [8] used three
intensity-based features as well as the Euclidean distance
between the pixel and the center of the spot, as the fourth
feature. Both the channels of the microarray image are
segmented simultaneously. Thus, for each pixel the intensities
from both channels are combined to one feature vector. The
number of cluster centers K is set usually to two, due to the fact
that the segmentation is used for characterizing the pixels of
the image as foreground or background pixels.

A number of studies utilize the fuzzy c-means (FCM) [6],
instead of the k-means algorithm. FCM is a data clustering
technique in which a dataset is grouped into k clusters with
each data point in the dataset belonging to a cluster to a
specified degree. For example, a certain pixel that lies close to
the centroid of a signal cluster will have a high degree of
belonging or membership to that cluster and another pixel that
lies far away from the centroid of a cluster will have a low
degree of membership to that cluster.

A more robust method than K-means and FCM clustering
technique is the Partition around Medoids (PAM) [9]
clustering. PAM minimizes a sum of dissimilarities instead of a
sum of squared Euclidean distances. The algorithm first
computes a number of representative objects, called medoids.
A medoid can be defined as that object of a cluster, whose
average dissimilarity to all the objects in the cluster is minimal.
The representative objects are called centrotypes. After finding
the set of medoids, each object of the dataset is assigned to the
nearest medoid.

[7] developed a segmentation method based on the PAM to
extract the target intensity of the spots. The distribution of the
pixel intensity in a grid containing a spot is assumed to be the
superposition of the foreground and the local background. The
partitioning around medoids is used to generate a binary
partition of the pixel intensity distribution. The medoid of the
cluster members are chosen as the cluster representatives.

Another method called the hybrid k-means algorithm is an
extended version of the k-means segmentation approach [10].
The machine learning contribution includes repeated clustering
in order to increase the number of foreground pixels. As long
as the minimum amount of foreground pixels is not reached,
the remaining background pixels are clustered into two groups
and the group with pixels of higher intensity is assigned as
foreground. After the clustering, the number of outlier pixels in
the segmentation result is reduced with mask matching.

Model-based segmentation algorithm [11] is a two- step
method for spot segmentation. The main steps of the method
are model-based clustering of pixel values and spatial
extraction of connected components. Model-based clustering
forms the initial segmentation into at most three different
clusters sharing similar intensity values, which are the
background, the spot with background or artefact, and the spot
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foreground. Model-based clustering relies on Gaussian mixture
models, and the number of clusters is defined based on data by
using Bayesian Information Criterion (BIC). Spatial connected
component removal is used for excluding small disconnected
clusters that are assumed to be artifacts from the spot
foreground pixels. Though the algorithm actually provides spot
foreground as a separate cluster,[11] used both the foreground
and the spot with artefact clusters to denote the foreground.
The algorithm combines both spatial and intensity information
in segmentation. Similarly as in the Mann-Whitney method, a
circular target mask is first used for separating all possible
foreground pixels from the known back- ground. Pixels inside
the target mask having larger intensity than the local
background mean and standard deviation, are considered as
accepted foreground pixels and are used for calculating new
spot centroids. Thereafter, the foreground and background
pixels for each spot are iteratively redefined.

[13] explains that DNA (Deoxyribonucleic acid)
microarray image segmentation based on pattern recognition
techniques performs an unsupervised classification of pixels
using a clustering algorithm, and a subsequent supervised
classification of the resulting regions. Additionally
morphological operators are used to eliminate noise from the
spots. The results obtained on various microarray images
shows that this technique is quite promising for segmentation
of DNA microarray images, obtaining a very high accuracy on
background and noise separation.

[19] has developed a parallel strategy based on domain de-
composition to determine the number of clusters and inherent
properties of spectral clustering. They have tested the method
on microarray images.

The segmentation of cDNA (Complementary DNA)
microarray spots is required to analyze the intensities of
microarray images for biological and medical investigation.
[20] explains a method using kernel density estimation to
segment two-channel cDNA microarray images. This method
groups pixels into a foreground and a background. The
segmentation performance of this model is tested and evaluated
with reference to 16 microarray data. In particular, spike genes
with various contents are spotted in a microarray to examine
and evaluate the accuracy of the segmentation results and
duplicate design is implemented to evaluate the accuracy of
this model. This method can cluster pixels and estimate
statistics regarding spots with high accuracy.

[22] explains the k-means, fuzzy c-means methods and
thresholding methods are used and compared to segment
microarray image. The intensity of each spot is calculated and
the gene expression is observed. And they conclude that fuzzy
c- means is more efficient than the k-means in terms of
clustering the signal pixels. This is because fuzzy c-means has
ensured a sensitive classification when compared with the k-
means algorithm.

[28] stated that the target intensity of the spots are extracted
using clustering-based segmentation. [29] demonstrated
clustering based approaches such as fuzzy c-means clustering
for automated spot segmentation. [21] stated the extraction of
spot features from a gene microarray image, which along with
the spot intensity can be used for statistical analysis of spot
shape and intensity variations.

[31] demonstrated two clustering methods, fuzzy c-means
and k-means algorithms and the results of both are compared.
The experimental result shows that fuzzy c-means has ensured
a sensitive classification of the weak spots when compared
with k-means algorithm. [32] Presented a technique for
removing genes noises based on the offset vector field and
segmenting genes using the expectation maximization
algorithm. [33] Proposed a fuzzy c-means with bi-dimensional
empirical mode decomposition (FCMBEMD) for segmenting
the microarray image to reduce the effect of noise. [34]
Demonstrated the automatic spot detection of cDNA
microarray images using mathematical morphology methods.

III. SUPERVISED SEGMENTATION TECHNIQUE

Many supervised techniques are employed to deal with
microarray image segmentation. In the software Spot [14], the
seeded region growing algorithm [15] was used for microarray
segmentation for the first time. The algorithm segments each
spot by iteratively growing separate regions with respect to a
set of predefined seed points providing a starting point for the
segmentation. In each iteration, the algorithm includes the most
homogenous pixels from the neighborhood to the segmented
regions. The algorithm aims at ensuring that the final
segmented regions are as homogeneous as possible for the
given connectivity constraint. Finally, the region originating
from the foreground seeds is considered as the spot foreground,
and the region originating from the background seeds as the
background.

[16] explains that the classification technique segments the
microarray image by classifying their pixels into signals,
background and artefact pixels using support vector machines
(SVM). This method requires training data set of spots with
pixel-by-pixel information for the real images, while for the
simulated images the training data are extracted directly during
the production of images. This method performs direct
characterization of each pixel to the designated category and it
is more advantageous compared to clustering based methods.

Here we include another segmentation method called Bayes
classifier approach. This method classifies the pixels of the
image into two categories (foreground and background) using
classification techniques. This classification-based approach
directly classifies each pixel to the designated category. More
specifically, the Bayes classifier [17] is employed to classify
the pixels of the image into different classes. Thus, the method
can classify the pixels of the image into signal, background and
artifacts.

[18] explains a method based on support vector ma-chine,
classifies the foreground pixels from the background pixels.
The canny method, morphological method and fixed circle
method are also combined into the SVM method to improve
the performance. To verify the performance of the method,
images drawn from the SMD and GEO database are used for
comparing with the k-means method and the GenePix.Pro.
Experiment results reveal that this method has two advantages.
It can segment most of the microarray spots effectively, and its
segmentation result is closer to the real spot than the k-means
method and the GenePix.Pro.

[23] proposed an approach based on the markov random
field modeling of the microarray spot regions in which the
contextual information is also considered.[24] proposed
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markov random field (MRF) based approach to high level grid
segmentation which is robust to common problems en-
countered with array images and does not require calibrations.
They also developed an active contour method for single spot
segmentation that describes objects in images by properties of
their boundaries.

[25] presented a novel automatic approach to locate the
spots without the formation of grids. [26] proposed an
integration of active contour approach and Fisher criterion to
capture the boundary and the region information of microarray
images. [27] stated a method to reduce the error of the edge
detection which is influenced by noise and tilt array during
segmentation of microarray image.  [36] described the
segmentation of microarray images using an improved seeded
region growing method.

[35] explains soft threshold provides better segmentation
output. According to varying spot sizes of input image, the
output segmented spot sizes also get varied. Fuzzy c-means
clustering performs well when compared with adaptive
threshold method of segmentation. The soft thresholding gives
good segmentation and improved log intensity values when
compared with all other methods. Thus this method provides
accurate segmentation of spots in microarray images.

[30] proposed a new approach for segmentation of the
microarray images. They have used chan-vese approximation
of the mumford-shah model and the level set method for image
segmentation.

IV. CONCLUSION

An overview of the already developed methods for
microarray image segmentation is presented in this paper. We
have categorized all the methods of machine learning
techniques for microarray image segmentation. Image
segmentation is an important stage in the microarray image
analysis. Reliability of this stage strongly influences the results
of data analysis performed on extracted gene expressions. This
survey explains various machine learning techniques and their
features to segment the microarray images.
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