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Abstract—The goal of quantitative analy sis of microarrays is to 
determine the strength of th e h ybridization for every elemen t of 
the array (s pot). S ince n ew tech nology allow s the detection of the 
signal at single molecule leve l, new  methods for analy sis are 
necessary. A detection error of 10%  is  con sidered accep table. I n 
this p aper w e d iscuss th ree ap proaches to s ingle p eak detection 
inside th e s pots of th e arrays , an d comp are th e res ults w e obtain 
on simulated and real images. These approaches are: global 
thresholding, an adapti ve filter comb ined with local thresholding. 
We proposed a third algorithm, a statistical estimation of the 
background combined with c lustering, w hich pr oduces 
comparable results to w ell know n algorithms, w ithout having to 
perform the manual adjustme nt of th e p arameters. 

I.  INTRODUCTION 
From an image processing point of view, the task of 

quantitative microarray analysis consists of recognizing and 
counting single peaks in fluorescence images. (According to 
biological terminology, the elements of the microarray are 
called spots, and the bright signals inside them peaks. Peaks are 
diffraction limited point-like objects). Due to the development 
of an ultra-sensitive microarray platform, based on a 
combination of anti-adsorptive thin glass slides and the 
Cytoscout®  (a scanning device with high throughput 
capabilities and high sensitivity, see [6], [11]) detection at 
single molecule level becomes possible. At this level, the 
current techniques [4, 5, 7, 8], based on the computation of the 
mean intensity for an array element, are obsolete. More 
sensitive and accurate methods are required.  

The challenges of this task are robustness to noise, to 
different concentration of oligonucleotides (resulting in 
different densities of the peaks to be detected) and the total 
automation of the procedure. To one pixel of a commercial 
scanner correspond 400 pixels for the new technique. This 
leads to a considerable increase in the size of the images that 
have to be analyzed (the size of one image is approximately 
8GB). The size of the images and the high density of peaks 
makes the peak counting task practically impossible for  the 
human operator. Also, an efficient automatized method should 
not be computationally too expensive.  

The results are tested on real as well as simulated data, 
since ground truth for since ground truth for this kind of 
images is not available. 

 
 

Fig 1. Oligonucleotide microarray peak with single molecule sensitivity 
(concentration: 0.8 amol/ 80 µl) 

As real test images we used 16-bit scans of arrays 
hybridized with different concentrations of oligonucleotides 
(0.08, 0.8 and 8 amol/80 µl) resulting in different peak 
densities in the image. 

For simulations, we generated images containing various 
numbers of peaks, and added a percentage of Gaussian and/or  
Poisson noise. 

A pre-processing step in the scan analysis consists in 
detecting a region of interest, around the position of every 
single array element. Each such region is analyzed separately. 
In the following we discuss the use of two thresholding 
methods and one method based on robust estimation of the 
background. 

II. PEAK DETECTION BY THRESHOLDING 
As a first approach, a global threshold method was used to 

convert greyscale images into binary images and count 
subsequently the resulting blobs. As all the microarray images 
in our test dataset show a Poisson-like histogram, the triangle 
algorithm [14] seems suitable for a fast automated 
thresholding. 

However, as a drawback of all global threshold methods, 
changing illumination profile causes background variations, 
which result in an overlap of the intensity distributions for 
background and foreground, making accurate peak detection 
impossible. Noise may further deteriorate the results.  
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In order to minimize these effects, in the second approach, 
we combine a local thresholding method with a previously 
applied local adaptive smoothing filter [9]. This filter reduces 
the noise in the original image xO(i, j) without affecting the 
peaks, as described by Eq.1, 
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where ml is the mean intensity value in a local neighbourhood  
l of pixel (i, j), σl

2 is the variance in the same neighbourhood, 
and  σn

2 denotes the variance of the noise estimated by 
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σσ , the mean of all local variances in the 

image. 

The original image xO(i, j) as well as the filtered image 
xAF(i, j) are binarized into the resulting images bO and bAF, 
respectively, according to the local adaptive threshold [13], in 
Eq. 2 : 

⎩
⎨
⎧ +≥

=
otherwise

kjimjixfor
jib nl

,0
),(),(,1

),(
σ

 (2)

  
where k is a constant a adapted to the imaging conditions.  

Finally, a valid peak is found at location (i0,j0) if the 
following conditions are fulfilled: 

• bO (i0, j0) = 1,  

• bAF (i0, j0) = 1, 

• xAF(i0, j0) local maximum in xO,  

• xAF(i0, j0) local maximum in xAF           (see Fig. 2).  

The results for different concentrations are summarized in 
Table II.A. Although the results of the local adaptive threshold 
are acceptable and the method has relatively low complexity, 
an appropriate estimation of the factor k is necessary, causing  
additional adaptation efforts for changing concentration and 
SNR. For this reason, the use of statistical methods for 
background estimation is justified. 

 

Fig 2. Results of the adaptive filter and local thresholding method for the 
detail image in fig.1 (k = 1.5, window size = 5) 

III. PEAK DETECTION BASED ON STATISTICAL BACKGROUND 
ESTIMATION  

The basic idea is to compute, for each image, certain 
features, which are sensitive to occurrence of peaks and 
subsequently, try to find a normally distributed model of the 
background, for each of these features. The peaks will 
represent outliers for these normal distributions, and by 
combination of outliers  for different features, we try to 
eliminate false positives (assuming that noise is uncorrelated 
among the features). The method is suitable when sufficient 
background knowledge is available (the peaks represent less 
than a few percents of the background, which in real images 
usually is the case). 

A. Features for peak detection 
The features which are thought to be sensitive to 

occurrence of peaks are: 

1. the variance of a 5 × 5 neighborhood, 
2. the mean value of a 3 × 3 neighborhood (after 

applying the top-hat operation to the image, with a 
large structuring element, in order to eliminate the 
background), 

3. the discrepancy and modified discrepancy value 
(described below), 

4. the sum of the positive difference between the 
intensity value of the 4 (or 8 neighborhood) of a pixel 
and the mean value m of the 5 × 5 neighborhood: 
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5. the result of Laplace filter. 

The discrepancy norm  on Dx |||| nR is defined [3] as a 
mapping 
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Considering that ideal peaks show a radial symmetric 
appearance and are more or less size restricted in our images by 
5 x 5 pixels, the sequence X of the regarded pixels over which 
we calculate the discrepancy D(i, j) was chosen in the 
following way: 
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starting repeatedly in the central point (i, j),. Subtracting the 
mean value m of X , the modified radial discrepancy DR. is:  
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For reduction of computing time, only local maxima were 
considered as central points. An analysis of "sensitivity" of 



each feature (the sensitivity to peaks, to the dimension of the 
chosen neighborhood, to noise) is necessary.

B. Outlier detection 
In order to detect outliers in every computed feature, we 

shall use the “modified z-score method”, for normal 
distributions. Let zij be the value of a feature at pixel (i,j) 
(described in section A). The distribution of the feature for the 
background is standardized, using robust estimators, and then 
outliers are detected. The method consists of the following 
steps [10, 12]: 

1. Compute the median med of the zij  
2. Compute the median MAD of medzij −  

3. If the following inequality holds:  

t
MAD

medzij >
−

⋅6745.0     (1.)  

then zij is an outlier with respect to the feature z. 
 

The effect of the threshold t in Eq. 7 will be discussed 
below. However one should keep in mind that, in case of 
normal distribution, 99.7 % of the data is closer to the mean 
than 3σ, where σ is the standard deviation of the distribution 
and for outlier detection, usually a value of  t = 3.5 is chosen. 

For variance, the distribution is χ2 and not the normal one. 
However, for large sample sizes (as in or case), small 
deviations from normality will not compromise the result of the 
test ([10]). 

 

C. Counting peaks 
Since, in practice, the result still contains a lot of 

background data, some further steps are necessary. In order to 
select only the data related to the peaks, clustering algorithms 
are applied.  

Since the appearance of the peaks shows a great variability, 
(due to background variance, focus etc.) it seems more 
reasonable to divide the candidates, instead of two, into three 
categories: rejected candidates, weak candidates, strong 
candidates. We tested two clustering algorithms: fuzzy c-means 
and Gustafson-Kessel. The Gustafson-Kessel method (see [1]) 
provides better results, since it is sensitive to the size and shape 
of the clusters. 

IV. RESULTS  
In Table 1, we present the number of peak candidates, 

found as a result of outlier detection for the features 1 and 2 
(variance and mean). The test images contain 100, 500 and 
1000 peaks, respectively. The background intensity is a tenth of 
the mean peak intensity, and Poisson noise was added. 

TABLE I. NUMBER OF PEAKS SELECTED AS OUTLIERS FOR DIFFERENT 
THRESHOLD VALUES (FEATURES: VARIANCE AND MEAN).THE RESULTS VARY 

LESS THAN 10% 

Generated 
peaks 

Detected peak  candidates 

 t = 3.5  t = 3.0 t= 2.5 
100 95 99 109 

500 503 521 546 
1000 961 988 1021 

  
a) GK clustering using mean and variance as features b) GK clustering using mean, variance and volume 

estimation as features 

  
c) GK clustering using mean, variance and 

discrepancy as features 
d) GK clustering using mean, variance and Laplace 

filter value as features 
Fig 3. Detail of clustering result (GK clustering with different features) for microarray image having 

concentration 0.8 amol/80 µl. The three resulting clusters are:□ – clear peak, ◊ - peak out of focus, ○ - rejected 
peak candidate 



Since the variation is less than 10%, no further processing 
is necessary. In real images, peaks show a great variability, the 
features change if the peak is defocused, and the SNR of the 
recorded images is low. In order to minimize these negative 
effects, we lower the outlier detection threshold to t = 3, 
introducing some background elements. 

In order to reflect the characteristics of wide-field 
fluorescence microscopy imaging, we perform a clustering in 
three classes (focused objects, defocused objects and noise). 
The class of candidates least resembling to the assumed model 
is discarded as the elements introduced by noise. The weak 
candidates represent mainly defocused objects, while the set 
C3 is the set of peaks in focus. The results of the Gustafson-
Kessel clustering for three different concentrations are 
summarized in Table II.B. The three values for each t 
represent the cardinality of each cluster (the first is the number 
of rejected peaks, while the second and the third represent the 
cluster of defocused and focused peaks, respectively). The 
final result of detected peaks is . In the “Features” 
column, the features used for clustering are enumerated 
(denoted as in III.A). The set of peaks   corresponding to 
focused and defocused objects varies little with the features 
used for clustering, the most significant differences occurring 
at very high concentrations. 

∪ 32 CC

TABLE I. A) NUMBER OF PEAKS IN MICROARRAY IMAGES USING ADAPTIVE 
FILTER AND LOCAL THRESHOLDING (K = 1.5) 

Concentration 
(amol / 80 µl) 

Detected peak s 

0.08 101 
0.8 875 
8 3808 

 

B) NUMBER OF PEAKS IN MICROARRAY USING DIFFERENT FEATURE 
COMBINATIONS AND GK CLUSTERING (C1  REJECTED, C2  DEFOCUSED, C3  

FOCUSED OBJECTS) 

Concentration 
(amol / 80 µl) 

Features Detected peaks 

  t = 3.5  t = 3.0 

  C1 C2 C3 C1 C2 C3

0.08 1, 2, 3 104 44 27 141 58 30 
 1, 2, 4 98 54 23 109 74 46 
 1, 2, 5 105 46 24 145 56 28 
 1, 2 107 48 20 152 56 21 

0.8 1, 2, 3 503 560 158 553 610 175 
 1, 2, 4 503 530 188 585 561 192 
 1, 2, 5 532 493 196 596 543 199 
 1, 2 578 531 112 645 566 127 
8 1, 2, 3 4409 1032 1040 4566 1132 1081
 1, 2, 4 3365 1267 1849 3048 2647 1084
 1, 2, 5 3118 2408 955 3218 2573 988 
 1, 2 3258 2556 667 3535 2628 616 

 

The complexity of the proposed algorithm is dependent 
mainly on the computation of the z-statistic for each feature –
section III.B (an approximate value of the median can be found 

as in [2], in O(n) steps, where n is the size of data) and on the 
relatively high complexity of the Gustafson-Kessel algorithm 
(since it implies a matrix inversion step) – section III.C. 

CONCLUSIONS 
The task of peak counting for very large images, with low 

SNR cannot accommodate human intervention. The last 
method presented in the paper produces comparable results to 
well known algorithms, without having to perform the usual 
adjustment of the parameters. The results of this method can 
be used in a further analysis of peaks. Nevertheless, additional 
tests are necessary as well as an analysis of the sensitivity to 
different peak concentration, SNR and varying imaging 
conditions. An improvement of the algorithm time-complexity 
can be achieved by using a sub-sample of the original data and 
by replacing the Gustafson-Kessel clustering with a less 
computationally expensive one.  
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