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Abstract. A new method for DNA microarray image segmentation
based on pattern recognition techniques is introduced. The method per-
forms an unsupervised classification of pixels using a clustering algo-
rithm, and a subsequent supervised classification of the resulting regions.
Additional fine tuning includes detecting region edges and merging, and
morphological operators to eliminate noise from the spots. The results
obtained on various microarray images show that the proposed technique
is quite promising for segmentation of DNA microarray images, obtain-
ing a very high accuracy on background and noise separation.

Keywords: DNA microarray images, segmentation, clustering, classifi-
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1 Introduction

DNA microarrays are techniques used to evaluate the expression of thousands
of genes simultaneously. This paper focuses on DNA microarrays, in which the
spots are layered in sub-grids. Segmentation is one of the most important steps in
microarray image processing, and consists of identifying the pixels that belong to
the spot from the pixels of the background and noise. Various microarray image
segmentation approaches have been proposed, which assume a particular shape
for the spots, while some of them have more freedom in this regard. Fixed circle
is a method that assumes a circular shape with the same diameter for all spots
[1][2]. Adaptive circle is a method that allows to adjust the radius of the circle
for each spot [1]. While this method solves the problem of the radius of the circle,
it fails to find the proper shape when the spots have irregular shapes. Elliptic
methods assume an elliptical shape for the spots, and can adapt to a more general
shape than the adaptive circle method, but cannot recognize irregularly shaped
spots [3]. Seeded region growing is a method that groups pixels in regions based
on a certain criterion of similarity, starting from initial points, the seeds [4][5].
Histogram-based methods and mathematical morphology have also been applied
to microarray image segmentation [6][7]. The application of clustering to DNA
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microarray image segmentation is based mainly on two algorithms: k-means and
expectation maximization [8][9][10]. The advantage of clustering with respect
to other techniques is that it is not restricted to any predetermined shape for
the spots. However, the power of clustering and in general, pattern recognition
techniques has not been exploited in a comprehensive way as we do here. This
paper introduces the use of pattern recognition techniques to devise a method
for DNA microarray image segmentation. These techniques combined propose
a general structure, which is composed of many steps, and the main steps are
implemented with classifiers, while the others are implemented with algorithms
developed for fine tuning.

2 The Proposed Method

The proposed approach is divided in various steps, starting with a method that
discards images that do not have spots, followed by a series of region detectors
and classification, ending with the use of morphological operators to eliminate
noise. Fig. 1 illustrates this structure, in which the boxes represent the steps,
while the arrows the output of each block. A brief description of these steps
follows.

Fig. 1. General scheme of the proposed microarray segmentation technique



A Pattern Classification Approach to DNA Microarray Image Segmentation 321

Image w/spot Correlation Without spot Correlation

Fig. 2. Correlation plot for two images (with presence or absence of a spot). The
intensities were increased to improve visualization.

Correlation analysis discards regions that do not have spots by analyzing Pear-
son’s index between the intensities of the pixels and the average intensity of its
neighbors [21]. Fig. 2 shows an image with a spot and its correlation plot, where
the x-axis represents the average neighbor intensity and the y-axis the pixel inten-
sities, which tends to follow the x = y line, reflecting the high correlation between
the features. Fig. 2 also shows an image without a spot and its corresponding cor-
relation plot, which has the shape of a cloud, reflecting the low correlation between
the features for this case. Thus, the correlation index is a very good measure for
the presence or absence of a spot. Region detection detects the initial regions of an
image using k-means and different initial configurations for the number of clusters
and centroids, generating a set of 303 different clusterings – we select the best clus-
tering using the I-index [11]. Background-non background classification classifies
the initials regions as regions that belong (or do not belong) to the background
using a supervised classifier. Border absorption takes the regions that were classi-
fied as non background, and determines which are the main regions and which are
the borders, and proceeds to merge the main regions with their borders. Noise-
non noise classification classifies the initials regions as non noise regions using a
supervised classifier. Morphology is finally used to eliminate noise that was not
detected in the previous steps.

2.1 Unsupervised Classification

For the unsupervised classification of the pixels into different regions of the
image, k-means was used and combined with the I-index to evaluate the quality
of the clustering generated [11]. We used the Euclidean distance and the following
features to represent each object (pixel) to be classified: pixel intensity, average of
neighbor intensities (using an 8-vicinity), distance from the pixel to the center
of the region, variance of the neighbor intensities (considering an 8-vicinity),
and gradient (a vector that indicates the direction of maximum increment of
intensities). The centroids of the clusters were initialized using the percentiles
of the distribution of the feature values. We also used a random initialization of
the centroids.
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When clustering data, it is crucial to know the correct number of clusters. Since
this is usually unknown, a difficult task is to find it automatically, i.e. without
human intervention. The I-index is a coefficient used to measure the quality of the
clustering and hence, it helps find the best number of clusters. The I-index aims
to maximize I(k) =

{
E1

kEk
Dk

}p

, where Ek =
∑k

i=1

∑|Di|
j=1 uij ‖xj − µ

i
‖ and Dk =

maxk
i,j=1

∥∥µi − µj

∥∥, with uij being the membership of xj to cluster Di and µi =
1
n

∑
xj∈Di

xj . To avoid predominance of some feature over others, normalization
is applied to each feature before using k-means.

The general strategy used to determine the final clustering consists of gen-
erating a large number of clusterings with different initializations and based on
the quality of the clustering, to finally determine which one has the best perfor-
mance. By following this procedure, the final implementation of the algorithm
was configured to recognize between two and four clusters. For each number of
clusters, 101 different clusterings were generated, 100 of the initial centroids were
chosen at random, and one of them was predetermined, yielding a total number
of 303 different clusterings. Each clustering was evaluated with the I-index and
the one with the highest index value was selected.

2.2 Supervised Spot Classification

Once the regions have been identified, the next step is to identify those regions
that belong to the spot and those that belong to the background. The first stage
of this process consists of classifying a region as background or non background.
The features for the background classification were, mainly, based on the average
intensities and the spatial characteristics of the background, such as its distri-
bution in the image. The features to represent an object (region) used for this
classification are the following: average of intensities, percentage of the region
perimeter that represents the border of the image, and the largest distance of a
pixel that belongs to the region from the geometric center of the image.

The second stage consists of separating noise from spots. This procedure takes
the regions that were classified as non background and merged with its borders,
and classifies them as noise or non noise regions. The features used in this step
are the following, which are shown grouped in four categories:

Statistics of Intensities

– average of intensities
– variance of intensities (calculated as 1

n−1

∑n
i=1

(
Ii − I

)2
, where n is the total

number of pixels that belong to the region, Ii is the intensity of pixel i, and
I is the average of intensities of the region)

– standard deviation of intensities (calculated as
√

1
n−1

∑n
i=1

(
Ii − I

)2
)

– average of neighbor regions that are non background
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Geometric Features

– total area of a region
– ratio between the total area of a region and its perimeter (excluding its holes)
– distance between the geometric center of the region and the geometric center

of the image
– percentage of the border of the region that limits with the background
– percentage of the region perimeter that represents the border of the image
– length of the skeleton of the region (defined as the medial axis of the region,

where a point belongs to the medial axis, if it has more than one closest
neighbor in the border of the region [20])

Comparison with the Edges of Neighboring Regions

– ratio between the border of the region and the border of its neighbors (av-
erage of pixel intensities)

– difference between the border of the region and the border of its neighbors
(average of pixel intensities)

– ratio between the border of the region and the border of its neighbors that
are non background (average of pixel intensities)

Comparison with the Average Intensities of Other Regions

– ratio between the region and the neighbor regions that are non background
– ratio between the region and the largest neighbor that is non background
– ratio between the region and the largest region that is non background
– ratio between the region and the background

For each of the supervised classifications, various classifiers were implemented,
tested and compared: the logistic linear classifier (LG) [13], Fisher’s lineal clas-
sifier (FISH) [12], the nearest mean classifier (NM) that uses the Euclidean
distance [14], the k-nearest neighbor classifier (k-NN) using the Euclidean dis-
tance [15], a support vector machine (SVM) with a linear kernel [16], the naive
Bayes classifier (NV) [17], a linear classifier using principal component analysis
(PCA) [18], the quadratic classifier (QUAD) that assumes a normal distribution
for each class [12], and the binary decision tree classifier (BTREE) [13][19].

2.3 Post-processing

In order to improve the final segmentation two post-processing stages are per-
formed on the resulting regions classified as spots. Border absorption is applied
to detect the borders of the regions, and to eliminate false edges. In a nutshell,
this stage detects which regions, classified as non background, are borders of
other regions, and then merge the main regions with their border regions, gen-
erating a new region. Two conditions are demanded for considering a region as
a border of another region. Firstly, considering the pixels of both regions that
conform the border between them, the average of intensities of the pixels from
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Spot 1 Spot 2

Previous Regions Border Absorption Previous Regions Border Absorption

Fig. 3. Border absorption applied on two spots

the region that is a possible border is lower than the average of intensities of
the pixels from the possible main region. Secondly, when the morphological op-
eration dilation is applied over the main region [7,20], with an 8-vicinity and
ignoring its holes, and this main extended region is overlapped with the possible
border region, if it covers at least an 85% of its area. The algorithm also detects
successive borders, i.e. if region B is a border of region A, and region C is a
border of region B, then, the algorithm merges the tree regions into a single one.
Fig. 3 shows two examples of border absorption, showing the simplification of
the resulting regions.

The other stage involves applying mathematical morphology. The basic op-
erations used in this work are erosion, which produces thinning of the objects,
and dilation, which produces thickening of the objects. Both operations are con-
trolled by a shape called structured element, which consists of a matrix with
zeros and ones that is translated through the domain of the image. The combi-
nation of these two operations, a dilation and soon an erosion, are used as the
last filter of noise on the regions that have been classified as non noise.

3 Experimental Results

The DNA microarrays images used in the experiments were obtained from the
Stanford Microarray Database (SMD), publicly available at smd.stanford.edu.
The images used here are mainly from experiments with Arabidopsis Thaliana
and Austrofundulus Limnaeus. The images extracted from the database represent
individual spots, based on its correlation value and a classification index that
represents whether or not the image contains a spot. The regions were generated
using the unsupervised classification, which were then classified as background
or non background. The regions used for the second supervised classifier, which
correspond to regions that were classified as nonbackground in the previous
supervised step, were merged with their borders and classified as noise or non
noise. Finally, morphological operators were applied to the regions classified as
non noise, and the resulting regions were considered as the spots detected by
the algorithm.
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3.1 Correlation

The experiments performed with the correlation coefficient between the pixel
intensities and the average intensities of the neighbor pixels were done using
Pearson’s coefficient, and a threshold 0.7384, which was found experimentally,
was used to eliminate images that do not have spots with a very high accuracy.

3.2 Unsupervised Classification

A series of experiments were then performed with the aim of determining the set
of features that gives better results, and the range for the numbers of clusters
using the I-index as a measure of the quality of the segmentation produced. To
find the feature space that gives the best initial image segmentation with the
k-means algorithm, a series of experiments with k-means were performed for
testing the different configurations. This consists of comparing visually the seg-
mentation generated with different feature spaces for k-means. The experiments
performed showed that the feature space involving the intensities of the pixels
and the average of intensities of the neighbors generates the best results among
all possible feature spaces tested.

To determine an appropriate range for numbers of clusters to be used in the
k-means algorithm, a test with two, three, four, five and six clusters was con-
ducted, and the results were compared afterwards. These experiments allowed
to conclude that the range for the numbers of clusters that gives the best re-
sults is between two and four, because a larger number of clusters generates an
excessively large number of regions that are difficult to classify. Fig. 4 shows
this scenario. The best number of clusters was found using the I-index, search-
ing over 101 different clusterings for each number of clusters in the range (two,
three and four), with a total of 303 clusterings. For each number of clusters,
we generated 101 different clusterings: one of them has the initial configuration
of the centroids pre-determined based on percentiles of the values obtained for
each feature, and the remaining 100 initial configurations of centroids were se-
lected at random in the range of values registered for each feature. Then, the
algorithm obtains the I-index value for each clustering produced, and selects
the one that delivers the largest value. This procedure is applied to each group
of clusters, yielding three different clusterings with two, three, and four clusters
respectively, and their corresponding image segmentations and I-index values.
These experiments demonstrate the validity of the I index as an evaluator of
the quality of the segmentation produced.

3.3 Background Classification

In this step, a set of supervised classifiers were tested in the classification of
the regions into background and non background, and following a ten-fold cross-
validation setup, obtaining the average error rate over the ten folds. Table 1
shows the results obtained in these experiments, where the error rate for each
classifier is listed. These results indicate that the lowest error rates were obtained
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Spot 2 Clusters 3 Clusters 4 Clusters 5 Clusters 6 Clusters

Fig. 4. Comparison of the segmentation generated with k-means using different num-
bers of clusters and the set of features pixel intensities with average of intensities of
the neighbors

Table 1. Error rates for background vs non background classification

Classifier Error Rate

LOG 3.47

PCA 3.72

FISH 3.47

NM 40.89

QUAD 8.43

KNN 13.51

BTREE 9.54

NV 4.58

SVM 4.37

with the logistic linear classifier and the minimum least square linear classifier,
with an error rate of 3.47% for both cases. Both classifiers show a very low error
rate, indicating that the schemes recognize background versus non background
quite accurately. Border absorption was then applied to the regions that were
classified as non background. The experiments show that the algorithm detects
quite accurately when a region is a border of another region. This resulted in
images simpler and easier to process for the next level using supervised classifiers.

3.4 Noise Classification

In this step, a set of supervised classifiers were tested in the classification of the
regions, which were classified in the previous step as non background regions
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Table 2. Error rates for noise vs non noise classification

Classifier Error Rate

LOG 18.88

PCA 21.53

FISH 19.76

NM 33.92

QUAD 23.64

KNN 26.84

BTREE 20.35

NV 24.19

SVM 23.60

and then merged with their borders, into two classes, noise or non noise. The
classifiers were tested using a ten-fold cross-validation procedure. Table 2 shows
the results obtained in these experiments, where the error rate of each classifier
is listed. These results indicate that the lowest error rate was obtained for the
logistic linear classifier with an error rate of 18.88%. These results imply that
the hardest task of the proposed approach is to recognize the signals including
noise, and thus it justifies the use of a specific level of supervised classification for
detecting them. It also suggests the need of using additional filters to detect and
remove noise, which are implemented in the next step by using morphological
operators.

3.5 The Complete Segmentation

We tested the complete segmentation method over a set of images of spots se-
lected and classified based on general features. The aim is to compare visually
the original image with the segmentation that the algorithm outputs. The super-
vised classifiers used in the implementation of the algorithm were selected based
on their performance in the tests. In this series of experiments, the same classifier
was used to implement the background and noise classification steps, the logistic
linear classifier, which was shown to be the most accurate among all classifiers
tested. The images included in the experiments are of various characteristics:

Regular Spots: This set groups spots that show a circular-like shape, and the
image does not present signals of noise. The variations between the images are
given by the size, intensity and location of the spot in the image.

Irregular Spots: This set groups spots that do not have a circular-like shape,
and the image does not present noise signals. Some of the shapes considered
in this set are elliptic and half-a-moon. The variations between the images are
given by the size, intensity and location of the spot in the image.

Noisy Spots: This set groups images of spots that present different levels of
noise. In addition to the level of noise, other variations between the images are
given by the shape, size, intensity and location of the spot in the image.
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Spot 1 Spot 2 Spot 3 Spot 4 Spot 5

Image

Segmentation

Fig. 5. Experiments performed with the complete algorithm

Fig. 5 shows the results of the experiments over a set of spot images using the
complete algorithm. The set of spot images considers different configurations, from
nearly perfect spots to quite irregular spots and noisy images. The results show the
power of the algorithm to produce accurate segmentation and to easily adapt to all
these different configurations. When dealing with regular spots, the algorithm seg-
ments accurately the images with these characteristics, independently of the size,
location or brightness of the spots. The results of the experiments with irregular
spots show that the algorithm detects the main features of the spots accurately,
and the quality of the segmentation depends on the smoothness of the spot borders
– smoother spot borders produce a better segmentation. The results of the exper-
iments with noisy spots show that the performance of the algorithm depends on
the level of noise present in the image. If the magnitude of noise compared to the
spot is low, the algorithm generates a segmentation that is arbitrarily close to the
real spot, while if the magnitude of noise is high, the segmentation will differ sub-
stantially from the real spot. In conclusion, the main factors that affect the quality
of the segmentation are the level of noise and the smoothness of the borders of the
spots. In general, the proposed approach is able to deal with different types of im-
ages, capturing different shapes and eliminating noise accordingly.

4 Conclusions

A combination of techniques from the field of pattern recognition is shown to be
a very powerful scheme for segmentation of DNA microarray images. Supervised
and unsupervised classification techniques have been shown to be effective in the
segmentation of real-life images, when performed in sequence and complemented
with fine tuning that includes border absorption and morphology. Experiments
have been performed in real-life images from the Stanford microarray database,
which show that the system is highly accurate in identifying the pixels belong-
ing to the spots, and separating them from background and noise. The proposed
approach is a framework for the development of such a system that encourages
future research on variations of the different parameters of the system, including
the number and selection of the features, the unsupervised and supervised classi-
fication schemes, the evaluation of the quality of the clusters, among others.
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