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Abstract – The raw data from a DNA microarray 
experiment is a scanned image of a microarray slide that 
has been subjected to an experimental process. The 
analysis of data involves an image processing task and 
has substantial impact on the accuracy and effectiveness 
of the subsequent gene expression and identification 
analysis. To extract data from the microarray, a spot 
localization has to be done. The current work proposes a 
method for microarray image gridding using a classical 
image processing algorithm, the Harris corner detector, 
with slight modifications. 
Keywords: microarray, gridding, corner detector 
 

I. INTRODUCTION 
 

Microarrays have now been recognized as a powerful 
and cost-effective tool for large scale analysis of gene 
expression. One issue of the technique is the structure 
of the resulting data. The raw data of an experiment is 
a scanned image of a microarray, which had been 
subjected to an experimental process before. This 
image has to be converted into quantitative data, 
which is basically an image processing task. 
Conversion has to be done carefully, since the quality 
of the resulting data has substantial impact on the 
accuracy and effectiveness of the subsequent gene 
expression and identification analysis. There are many 
recent publications that deal with microarray image 
processing [1], [2], [3], [4] so it seems like the 
problem is not solved yet and there is still a need of 
re-search in this field. 
According to [5] the processing of microarray images 
can generally be separated into three tasks. The first 
step called gridding or addressing, assigns coordinates 
to each spot. In the second step, namely segmentation, 
pixels are classified either as foreground (representing 
the DNA spots) or as background (some recently 
developed methods also consider a third group called 
artifact). The third step calculates intensity values of 
each spot and estimates background values. In 
addition, the above mentioned steps can be preceded 
by different preprocessing methods and the last step 
can be extended to deliver some quality measures. 

The current paper uses a traditional image processing 
method, known as Harris corner detector, with the aim 
of proposing a new approach in microarray image 
processing.  
 

II. MICROARRAY IMAGE PROCESSING 
  
The basic structure of a microarray image can be seen 
in Fig. 1. The image contains the array which in turn 
contains a number of spot groups. Each spot group in 
turn contains a number of spots. Independent of the 
desired result, spot centers or target masks, positions 
of the spots have to be estimated somehow. This can 
be done by gridding.  
 

 
First approaches to gridding were done by manual 
grid placement of the user [7]. Nowadays, it is 
commonly accepted that addressing algorithms should 
work without user interaction. This is not just because 
manual addressing is tedious and time-consuming but 
also because the addressing step can be repeated 
easily in the case of full automation. The same logic 
applies to the number of free parameters in an 
automatic addressing algorithm. It is desirable to have 
as few free parameters as possible to avoid time-
consuming parameter testing. 
After successful gridding, the approximate positions 
of the spots are known, simplifying the process of 
segmentation that allows the classification of pixels as 
foreground, i.e. belonging to a spot, or as background. 
After having obtained a segmentation mask it follows 
the intensity extraction step that deals with the process 

Fig. 1. Microarray image gridding (taken from [10]) 
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of conversion of image data to a few numbers that 
represent each spot. 
Widely used methods for gridding are based on the 
computation of vertical and horizontal image profiles, 
localization of the spots being performed on these 
profiles using a sliding window to find local minimum 
of energy [8]. It is obvious that this method cannot be 
used on microarray images containing large missing 
spot areas or important high-energy artifacts inducing 
unusable profiles. That is why the consideration of a 
criterion less dependent of the pixel intensity gives the 
possibility to overcome this type of problem. To 
provide a good robustness, we propose in this work 
the use of Harris corner detector algorithm with a 
modified Harris measure. 
 

III. HARRIS CORNER DETECTOR 
 

The Harris corner detector algorithm [6] relies on a 
central principle: at a corner, the image intensity will 
change largely in multiple directions. This can 
alternatively be formulated by examining the changes 
of intensity due to shifts in a local window. Around a 
corner point, the image intensity will change greatly 
when the window is shifted in an arbitrary direction. 
Following this intuition and through a clever 
decomposition, the Harris detector uses the second 
moment matrix as the basis of it’s corner decisions. 
The autocorrelation matrix A has values closely 
related to the derivates of image intensity:   
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where Ix and Iy are the respective derivates of pixel 
intensity in the x and y direction. The off-diagonal 
entries are the product of Ix and Iy, while the diagonal 
entries are the square of the respective derivates. The 
weighting function w(x,y) can be uniform, but is more 
typically an isotropic, circular Gaussian:  
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that acts to average in a local region while weighting 
those values near the center more heavily. 
As it turns out, the matrix A describes the shape of the 
autocorrelation measure as due to shifts in window 
location. Thus, if we let λ1 and λ2 be the eigenvalues 
of A, then these values will provide a quantitative 
description of how the autocorrelation measure 
changes in space: it’s principal curvatures. As Harris 
and Stephens point out [2] the A matrix centered on 
corner points will have two large positive eigenvalues. 
This is why they use the Harris measure based on the 
trace and determinant: 
 

( ) ( )
( )22121

2

    

tracedet

λλαλλ

α

+−=

−= AAR
   (3) 

 
where α is a constant. Corner points have large, 
positive eigenvalues and would thus have a large 
Harris measure. Thus, corner points are identified as 
local maxima of the Harris measure that are above a 
specified threshold.  
A corner, or in general an interest point, is 
characterized by a large variation of S in all direction 
of the vector. By analyzing the eigenvalues of A, this 
characterization can be expressed in the following 
way: A should have two “large” eigenvalues for an 
interest point. 
Considering the Harris measure, a modified measure 
was proposed to test it on the current image 
processing. The relation for this new measure is: 
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where ε is a constant. The result of the corner 
detection in a microarray image once applying (4) can 
be seen on Fig. 2. 

 
III. MICROARRAY GRIDDING AND 

IDEXATION 
 
Once the Harris corner detection was applied on the 
microarray image, the spot group localization, or 
global gridding, is done using a sliding window which 
identifies the areas that separates the spot groups as to 
be the region with no corners followed by a region 
with an important quantity of corner. Applying this on 
the horizontal and vertical dimension, the global 
gridding is performed, Fig. 3. 
After the position of all spot groups from the image 
where determined, the spots from within each group 
must be localized. To speed up the process the 
localization of the spots within a spot group, known as 
the local gridding, was done on a single spot group 
which was cropped from the image.  

Fig. 2. Corner detection on a microarray image 
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The local gridding current methods are based on 
energetic profiles, so it induces the same issues as 
global gridding. Once again, this process is based on a 
method less dependent to energy. Thereby, before 
searching for local minimum of energy, a color 
segmentation is applied to the group spot image using 
a model containing the mean of the two channels µ, 
and their covariance Σ. To produce the segmentation 
mask the Mahalanobis distance is computed, and a 
threshold is used to determine if a pixel belongs to a 
spot or not. 
 

( ) ( ) ( )µµ −−Σ−= xTxyxmahad 1,   (5) 
 

Then a morphomathematic process is applied and the 
energetic profiles of the mask are calculated and the 
use of the Hill Climbing algorithm, described in [9], 
allows an estimation of the separation positions. 
Searching the original image on neighborhoods of 
previously determined separations, with the result of a 
rigid local gridding, Fig. 4, was done with the purpose 
of improving the accuracy of this method. 

 

 
Next, to consider a spot-by-spot approach and to 
improve the accuracy of localization of the spots, for 
each spot is performed a positioning step. Starting 
from the previous localization, each spot is included 
in a rectangle, and on each side neighborhood of this 
rectangle a minimization of the energy is performed. 
This way a flexible local gridding is obtained, Fig. 5, 
with a localization of each spot independently of its 
neighborhoods. 
This boxing allows a more accurate localization of the 
spot, is less sensitive to light deformation, maximize 
the energy per pixel on the spot area and decrease the 
surface to proceed in the sequel of the extraction 
process. 
Having a box for each spot can be useful to perform 
an indexation step based on the computation of the 
box center, as its shown in Fig. 6. The coordinates of 
this point characterize the spot and are directly linked, 
in the index array, to the number of its spot group, its 
line and its column. This information corresponds to 
the information required in the MIAME database [11]. 

 
IV. CONCLUSIONS 

 
The global and local gridding was tested on Apoa1 
microarray image database [12]. By testing 19 images 
with the proposed method, only for two images were 
found misplaced spots, resulting an accuracy of 
99,19%, while when applying the methods described 
in [10] in all cases were determined misplaced spots 
and the accuracy was only 95,58%.  
The method applied in the current work aims at 
increasing the accuracy of the spot localization and 
the insensibility to variable image quality by working 
with parameter free algorithms.  
 

Fig. 4. Rigid local gridding 

Fig. 5. Flexible local gridding 

Fig. 3. Global gridding on microarray image 
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Fig. 6. Spot center localization 
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