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The purpose of the present study was to investigate 
and compare the segmentation ability of the 
Gaussian Mixture Models (GMM) against the 
Seeded Region Growing (SRG) methods in 
microarray spots segmentation. A simulated 
microarray image, each containing 200 spots, was 
produced. An automatic gridding process was 
developed in MATLAB and it was applied on the 
images for identifying the centers of spots and their 
surrounding borders (cells). The GMM, developed in 
MATLAB and the SRG algorithms, using MAGIC 
Tool software, were applied to each spot separately 
for discriminating foreground from background. 
The segmentation abilities of the GMM and SRG 
algorithms were evaluated by calculating the 
segmentation matching factor for each spot. Optimal 
segmentation results were obtained by the GMM, 
especially in cases where the spot’s mean intensity 
value was close to the background. The GMM 
technique was found to be an accurate algorithm in 
delineating the boundary of microarray spots and, 
thus, in discriminating the spot from its surrounding 
background.  
 

Introduction 
 

In the field of bioinformatics, microarray imaging is 
used for the identification of thousands of genes 
simultaneously [1]. The identification of Gene is closely 
associated with the identification of spot. By locating 
the spot in a complementary DNA (cDNA) microarray, 
measurements, such as the mean or median fluorescence 
intensity values, are obtained. These measurements are 
related to the abundance of the messenger RNA 
(mRNA).   

For the task of measuring spot intensity values, three 
major steps are taken [1, 2]: First, the gridding step, 

where the exact location of each spot is located. Second, 
the segmentation step, in which foreground and 
background recognition of each spots is accomplished, 
and, finally, the intensity extraction step, where the 
mean fluorescence value is calculated for each spot.  

In the past, several algorithms and software packets 
have been developed for the task of processing 
microarray images [3, 4, 5, 6, 7]. In the ScanAlyze [3] 
packet, a fixed circle segmentation method is used, 
where all spots are considered circular with a fixed 
predefined radius. In the GenePix [4] packet, an 
adaptive circle segmentation technique is employed and 
the radius of each spot is suitably determined. In the 
Spot [6] packet, an adaptive shape segmentation 
technique is followed. The most representative 
algorithms employed for that technique are watershed 
[8] and seeded region growing [9]. In the ImaGene [7] 
packet, a histogram based segmentation method is 
applied, in which the 80th and 95th percentiles 
contribute to the calculation of the mean intensity value. 
In all those techniques, the major disadvantages are 
either that spots are not circular, or a-priori knowledge 
of the precise position of centers is not accurately 
defined [10].  

The purpose of the present study was to investigate 
and compare the segmentation ability of the Gaussian 
Mixture Models (GMM) [11] method against that of the 
Seeded Region Growing (SRG) [9] method in 
microarray spots segmentation. Evaluation of the results 
was achieved by calculating the segmentation matching 
factor [13] 

Material and Methods 
On complementary DNA (cDNA) Microarray 

experiments [12], two messenger RNA (mRNA) 
samples are first reverse transcripted into cDNA. Next, 
the two samples are labeled using two different 
fluorescence dyers, Cyanine Cy3 (red channel) and Cy5 
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(green channel) respectively. The two samples are 
hybridized [1] and after the scanning procedure, two 
colored fluorescence Tagged Image File Format (TIFF) 
images are produced for each channel [1]. The whole 
procedure is illustrated in Figure 1. 

 

 
Figure 1. Hybridization of cDNA Microarray 

images. [13] 
 

The fluorescence intensity value of each spot is 
related to the expression abundance of the 
corresponding DNA sequence. In the present study, a 
microarray image of 200 spots (16-bit colored TIFF 
image) was created using the Microarray Scan 
Simulator [14]. 

An automatic gridding procedure was developed, as 
described in K. Blekas et. al. [15], according to which, 
line profiles of the horizontal (x) and vertical (y) axes of 
the hybridized image were calculated. Then, a low-pass 
filter was applied to smooth the two signals. Sub-array 
boundaries were obtained by finding the local minima 
of each signal and the procedure was repeated within 
each sub-array separately. Identification of the centers 
and the boundaries of each spot were calculated by 
finding the local maxima and minima of each signal 
respectively. 

The K-means clustering [15, 16] algorithm was 
firstly employed and two classes (K=2) were produced, 
the foreground (FG) and the background (BG) class 
corresponding to the spot and surrounding areas 
respectively. For each class j, the Probability Density 
Function (PDF) was estimated. Classification based on 
Bayes’ rule was then performed, according to Equation 
1. 
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Eq. 1 

where, P(X|Cj) is the PDF of class j evaluated at X,  
P(Cj) is the prior probability of for class j, and p(X)  is 
the overall PDF evaluated at X. 

GMM estimates P(X|Cj) as a weighted average of 
multiple Gaussians. The estimation of the PDF of each 
class j is calculated by Equation 2. 
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Eq. 2 

where πk is a weighting factor of the k-th Gaussian Gk, 

described in Equation 3. Nc is considered to be the 
number of features belonging to class j.  

For the initialization of the GMM algorithm, an 
estimation of the mean value μk , the covariance matrix 
Vk, both estimated for each class k  produced by k-
means, and finally πk, that initially is set to 0.5 for both 
classes was performed.  
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Eq. 3 

where T is the transpose matrix and n is the number of 
features used. 

The algorithm was next divided into two steps, the 
Estimation Step (E-Step) and the Maximization Step 
(M-Step). In the E-Step,  an estimation of the prior 
probability of every pixel value (pattern Xp) in cluster i 
was made, according to Equation 4. In the M-Step, the 
model’s parameters θ (i.e. π, μ, V) were recomputed, 
according to Equations 5, 6 and 7. 
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Eq. 5 
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Eq. 6 
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Eq. 7 

Steps E and M were repeated for each iteration t+1, 
until Vi(t+1)=Vi(t) or the number of iterations reached a 
specific predefined value. For each pattern Xp, the 
confidence (Equation 8) for each class j was computed 
and the pattern was classified to the class with the 
highest confidence.  
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Eq. 8 

The output of the algorithm was a binary image; 
white color for the BG and black color for the FG class.   

The accuracy of segmentation was numerically 
calculated by using the segmentation matching factor 
(Equation 9) [13].     
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Eq. 9 

where Acalc is the area of the spot as determined by the 
proposed algorithm and Areal is the actual spot area. A 
perfect match is indicated by a 100% score, any score 
higher than 50% indicates reasonable segmentation [13] 
while a score of less than 50% indicates poor 
segmentation [13].  
 



Results and discussion 
 
According to our results, the GMM algorithm was 

more successful than the SRG method in delineating 
spots. The SRG algorithm employed was that 
incorporated in the Magic Tool [17] software. It is clear 
from the calculated matching factors (see Table 1), that 
in cases where the FG value was close to the BG value, 
the proposed methodology managed to delineate spots 
in a more accurate way.  

 

  Original 
Cell 

Real 
Boundaries GMM 

Seeded 
Region 

Growing 

    
spot 1 Accuracy: 97,5207 91,7355 

    
spot 2 Accuracy: 95,8678 88,4297 

    
spot 3 Accuracy: 94,2149 90,9091 

    
spot 4 Accuracy: 99,1736 97,5207 

    
spot 5 Accuracy: 97,5207 97,5207 
Table 1: Comparative results for 5 identical spots (G 

channel). The first column indicates the simulated spot, 
the second column indicates the actual boundaries of 
spot and finally third and fourth columns present the 
results of GMM and Seeded Region Growing (SRG) 
algorithms (using the MAGIC Tool), as well as the 
calculated corresponding matching factors, respectively 
 
Conclusion 
 

The GMM technique was found to be an accurate 
algorithm in delineating the boundary of microarray 
spots and, thus, in discriminating the spot from its 
surrounding background. Moreover, the processing time 
was less than 20 sec. on a typical desktop PC (Pentium 
4, 2.3GHz, 512MB RAM) for the 200 spots. 
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