
YONGPING ZHANG et al: A DETECTION METHOD OF DOT PATTERNS AND ITS APPLICATION TO  . . . 

DOI 10.5013/IJSSST.a.17.30.18                                     18.1                           ISSN: 1473-804x online, 1473-8031 print 

A Detection Method of Dot Patterns and Its Application to Fluorescent Dots 
Counting 

 
 

Yongping Zhang, Dechun Zheng, Zhongkun He 
 
 

School of Electronic and information Engineering, Ningbo University of Technology, Ningbo, 315016，China 
 
 

Abstract — In this paper, a two-step refining method is proposed to perform dot pattern detection. Firstly, the linear structures are 
suppressed and the candidate dot patterns are found by using the morphological filters in combination with automatic 
thresholding technique. Secondly, the genuine dot patterns are detected by employing a kind of multiscale contrast measure. This 
refining method reduces the detection of light dot to the detection of a single point that is located approximately in the center of 
each dot. The counting procedure is then largely simplified. Some computational results have been presented to demonstrate the 
performance of the detection algorithm. Further development of the method allows its application to more general texture image 
analysis. 
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I. NTRODUCTION 
 

Dots detection and counting techniques have been 
applied to a wide range of areas, such as virus detection, 
disease diagnosis, dynamics of intracellular networks, gene 
mapping, DNA replication and recombination, and cell-cell 
interaction [1-17]. To the typical fluorescent image of cells, 
a convenient counting method is manual through visual 
inspection under the microscope or from captured images. 
Most of the time, those dots are visible to the human eye 
and can be correctly counted by manual method.  But 
some dots with small size or weak signal-to-noise ratio 
render their observation difficult even with high-resolution 
microscopy. Moreover, the manual counting process is 
time-consuming and laborious. Therefore, developing a 
tool to automate the process of dots counting is essential to 
overcome the disadvantages of visual analysis. 

Generally, there are two important structures in a 
fluorescent image of cells: one is the light dots; the other 
one is the light boundaries between the cells (see Fig.1). 
Therefore, the main task of fluorescent image analysis is to 
detect the cells in the image and to count the number of 
dots per cell. Such detection problem of cells and dots is 
virtually a classical image segmentation problem. 

Image segmentation is the process of partitioning an 
image into several segments. An important goal of 
segmentation is to simplify the representation of image 
information, being conductive to further processing such as 
object description or recognition. In practice, image 
segmentation can be also seen as the classification process 
of assigning each to one of the image compositions by a 
rule. 

 
Fig.1 Scaled fluorescent image. A431 (vulval carcinoma) cells stimulated 

with epidermal growth factor (EGF) beads.  The size of the image is 
640×480 

Existing image segmentation methods can be broadly 
divided into five types: edge detecting methods, 
shape-based methods, threshold-based or clustering 
methods, region growing methods, and hybrid methods [18]. 
These methods can also be categorized as: (1) edge-based 
and (2) region-based. Edge-based approaches partition an 
image by taking the edge information into account. In 
region-based approaches, an image is divided into different 
groups of pixels according to a certain similarity criterion. 
Many image segmentation approaches are intended for 
specific application fields to yield better results, for 
example, real-time image segmentation, color image 
segmentation, 3-D image segmentation, and motion image 
segmentation. 

In previous works, some feature-based segmentation and 
recognition techniques have been adopted to realize the 
automation of dots counting. By extracting some 
distinguished features of dot patterns and implementing the 
procedure of classification, the dots counting was then 
automatically accomplished with the aid of computer. The 
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features derived from the input image, including geometric, 
texture and spectral, have been devoted to describing dot 
patterns. Statistical analysis (e.g. [15]), neural networks 
(e.g. [16]) and fuzzy clustering (e.g. [17]) have been 
employed to classify dot features. In the current study, we 
present a two-step refining automated method to perform 
fluorescent dots detection. The main distribution of this 
work is that a multiscale contrast descriptor is developed 
for dot pattern detection. 

Because the human visual system is more sensitive to the 
difference in luminance than absolute luminance, image 
contrast that measures the variation in intensity in a 
small, most or all region of an image has been used as 
one of the important features to descript visual images. The 
contrast defined on small neighborhoods of pixels is called 
local contrast, which can be employed as a tool to classify 
pixels and describe textures. Several approaches to the 
quantitative measures of local contrast have been provided 
in the past years. The work in [19] uses the mean gray 
values in two rectangular windows centered on a given 
pixel to measure local contrast. Based on a local analysis of 
edges, a measure of local contrast is defined in [20] and is 
derived from the definition in [19]. The variation in size of 
neighborhoods gives rise to a multiscale concept of contrast. 
Local multiscale methods have been proposed for image 
contrast enhancement [21] and [22].  

Multiscale filters, like Laplacian of Gaussian (LoG) [23], 
Gabor wavelet [24], and the difference of Gaussian (DoG) 
[25-28] have been provided as exact point-spread function 
of neurons in visual pathway to describe the mechanisms 
selective for certain spatial frequencies in the input [29] and 
[30], and widely used in texture feature extraction, image 
segmentation, image indexing and retrieval [31-36]. DoG 
filters, so-called Mexican Hats in some literatures, are 
suitable for detecting shape features such as edges, bars, 
corners and dots because of their agreement with Gaussian 
derivatives. Our approach to dot pattern detection is based 
on local multiscale contrast, the modified DoG filter 
responses. 

In this work, a two-step refining scheme is provided to 
perform the detection of light dots based on multiscale 
analysis in combination with TopHat filtering [37]. 
Morphological TopHat filtering followed by automatic 
thresholding is used to find the candidate dots. The local 
maximality of responses of the multiscale contrast 
descriptor is then employed as a criterion to classify the 
detected candidate dots. The method reduces the detection 
of light dot to the detection of a single point that positioned 
approximately in the center of the dot. This approach 
provides a way for the simplification of the dot counting 
procedure. 

The paper is organized as follows: Section 2 depicts the 
multiscale method of dot pattern detection, and Section 3 
presents the experimental results and discussions. Section 4 
concludes the paper. 
 

II. DOT PATTERN DETECTION 
 

In this section, a combined approach to dot detection is 
developed on the basis of morphological filtering and 
multiscale analysis. The morphological Tophat transform is 
used to suppress linear structures and find candidate dots. A 
multiscale contrast detector is developed to refine the dot 
detection. Once the possible dot location is detected, each 
candidate dot is further classified using the detector with 
maximality and lateral inhibition criteria. The dots failed to 
meet the criteria are treated as the false-positive dots and 
will be taken away from the list of the valid dots. The flow 
diagram of dot pattern detection algorithm is shown in Fig. 
2. 

 
Fig.2 The flow diagram of dot pattern detection algorithm 

    A.   Morphological Filtering 

Linear structures such as the boundaries between cell 
zones must be removed for implementation of effective dot 
feature enhancement algorithm, although these structures 
are important for cell zone segmentation. Excluding all 
structures which are larger than a given linear distance in 
any direction is a way to achieve the goal. The grayscale 
area TopHat transform followed by constant or variable 
threshold is the most common technique for dot feature 
enhancement [37]. The transform is defined as the algebraic 
difference between an area opening and the original image 
I: 

))(min(max)( IIITopHat
BB

 Error! Reference 

source not found.,     (1) 
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where B is the neighborhood defined by a structure element. 
This filter allows the straightforward extraction of small 
light or dark structures regardless of their shapes. 

To suppress the liner structures, a better solution is to use 
linear structuring element (i.e. a rectangle with a width of 
only one pixel). To exclude the most linear structures, 
generally, the eight TopHat filters corresponding to eight 
equally spaced angles are sequentially performed, and then 
thresholding is used. We find that regardless the threshold 
chosen many dots on the boundaries remain. Another 
drawback is that after thresholding, the number of pixels 
(or area) per dot is not uniform. Both will affect the 
accuracy of automated counting. In the next subsection, to 
overcome these disadvantages and ensure each candidate is 
fully delineated, a multiscale extracting algorithm is 
provided.  Inspired by the shunting mechanism [26], a 
modified DoG (Difference of Gaussians) filter is introduced 
as multiscale contrast detector to detect dot patterns. 

   B.  Contrast Descriptors 

In this work, we use a modified DoG filter to detect the 
local contrast. The DoG filter can be defined as: 
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where λ is a positive constant. 

  We define the local contrast of the input image I at 

position ),( yxp  as: 
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If the parameter λ is fixed, we simply denote by DoG  and 

C  the filter  ,DoG  and the contrast  ,C . 

As an example, we perform local contrast detection on 
the image shown in Fig. 1. In the experiments, fixed value 
of λ =2 is used. The responses of detectors with σ = 0.52 
and σ = 1.04 are shown in Fig. 3(a) and (b), respectively. 
As can be seen from the computational example, the 
response of contrast detector to the original image not only 
enhances the dot patterns, but it also enhances the 
boundaries. Hence the direct use of contrast detector to an 
input image cannot effectively accomplish the detection 
task. In subsection 2.3 we will propose a combined method 
to solve the problem. 

 

(a) 

 

(b) 
Fig.3 Local contrast of image Fig. 1: (a) the response of detector with σ = 

0.52; (b) the response of detector with σ = 1.04 

   C.   Dot Pattern Detection Algorithm 

In this subsection, we propose an algorithm for the 
effective detection of dot patterns. The algorithm consists 
of the following steps: 
Step 1: Sequentially apply TopHat filters with linear 
structuring elements, which correspond to eight directions 
(0, π/8, π/4, 3π/8, π/2, 5π/8, 3π/4 and 7π/8), to the input 

image ),( yxI . Let the filtered image be ),( yxTH . 

Step 2: Threshold the filtered image ),( yxTH . The global 
threshold is determined using Otsu’s algorithm [30]. Let the 

resultant binary image be ),( yxf , which gives the 
possible dot domain: 

}1),(|),{(  yxfyxP . 

Step 3: Apply the multiscale detector C  to ),( yxI on 

the domain P to detect the maximality and the lateral 
inhibitory.  For each candidate pixel p, the local 
maximality of the contrast is defined as: 

)(pC M
  

3 31, ( ) ( ) ( )

0,

if C p C q for all q p

otherwise
   




 (4) 

where )(33 p is the 3×3-neighborhood of pixel p. Similarly, 

the lateral inhibitory in distance d (it should be equal to or 
larger than the radius r of the positive support set of the 

function DoG , and equal to or less than the half of the 

average distance between dots) is defined as: 
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where d is Proportional to the maximum of distances 
between the centers of dots. 
Step 4:  Classify the candidate dots according to the 
multiplication of )(pC M


 and )(pC I


. If 

1)()(  pCpC IM
 , output the real dot position p. 

By combining the detection results corresponding to 
different standard deviations together, a multiscale 
detection strategy is obtained. The above algorithm reduces 
the detection of a light dot to the detection of a single point 
that is located approximately in the center of the dot.  This 
approach can greatly simplify the procedure of dot 
counting. 

D.   Selection of Parameters 

In order to faithfully detect dot patterns, the standard 
deviation σ must be carefully selected. For a faithful 
contrast detector, its positive support set (center region) 
should cover the light dot. Assuming that the radius of light 
dots is r, the radius of the positive support set of the 

function DoG should be selected as r. That is, the distance 

from the zero crossing where the function DoG  changes 

polarity to the original point should be r. From 0DoG , 

we have 
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Solving the above equation,  
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When the value of parameter λ is fixed as 2, we have 

r52.0 .                 (8) 
Hence the parameter σ can be determined by the 
distribution of dots’ sizes according to formula (8). To 
detect dots with diameter 3, for example, the standard 
deviation σ may be chosen as 0.52.    
  The parameter d depends on the minimum distance 
between dot centers. In this approach, it is settled as the 
average of dots’ radii. 

Fig. 4 shows an example of dot pattern detection using 
the combined algorithm. In the experiments, four different 
values of standard deviation σ (= 1.56, 2.08, 2.60, 3.12), 
which correspond to four different values of radius r = 3, 4, 
5 and 6, are selected to perform dot detection. The size of 
the original image is 2560×1920 pixels. The detected dot 
centers are marked with black points. 3267 dots are 

detected. The part of the image in Fig. 4 (a) denoted by the 
white rectangle is displayed at higher magnification in Fig. 
3 (b). Subsequently, the boxed area in Fig. 4 (b) is shown at 
higher magnification in Fig. 4 (c). 

 
(a) 

   
(b)                (c) 

Fig.4 Detection experiments.  (a) Fluorescent image of A431 cells 
stimulated with EGF beads.  Its size is 2560×1920 pixels. Detected dot 
centers are marked with black points. 3267 dots are detected. (b) Higher 

magnification of the part of the image in (a) denoted by the white 
rectangle. (c) The boxed area in (b) is shown at higher magnification 

 
III. RESULTS AND DISCUSSIONS 

 
The present approach is motivated by the development of 

automatic detection solution for dot patterns in various 
fluorescent images. The goal of the dot detection algorithm 
is to generate counts of dots within specimen of interest 
that are close to that obtained by manual counting. The 
manual count value, which is known as ground truth, is 
compared with the results of the automatic detectors. 

A.   Evaluation of Performance 

  For validation of the algorithm, each image was 
manually counted three times independently, and the 
average of these results is used as the final manual counting 
result. Since most images of A431 cells stimulated with 
EGF may include more than a thousand dots, like the image 
shown in Fig. 1 which includes about 2500 dots (2568 dots 
are detected using our automated counting method), visual 
observation and manual counting are very time-consuming. 
To guarantee the effective implementation of manual 
counting, only 20 smaller images (1024×1024) of A431 
with EGF beads are used to obtain the ground truth in this 
approach. By applying the automated method, some false 
positions (false-positive dots) have been detected. The 
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number of these positions is about 4.62 percent of the total 
number counted by automatic method. The false positions 
are detected by automated analysis but rejected in manual 
counting because of their being the corner points on the 
bright boundaries between cells. Meanwhile, some real 
positions (true-negative dots) are still missed because of 
their extremely large areas or lower intensities.  The 
number of the true-negative dots is about 2.91 percent of 
the total number counted by manual method. This means 
that more that 97 percent of real dots have been correctly 
detected. The summary of test result is shown in Fig. 5. The 
correlation coefficient between the manual and automated 
methods is 0.98529. This indicates that the current dot 
detection method gives valid results. 
 

 
Fig.5 Comparison of manual and automated dot counts for twenty images 

of 1024×1024 
 

   B.  Comparison with Intensity-based Method 

The performance of the present dot detection method is 
further analyzed by carrying out a classification results 
comparison. In [15] the total intensity was used to classify 
the candidate dots gotten by the TopHat filtering. Let 

maxI be the maximum intensity within the dot mask (here is 

a 5×5 window), γ be a constant (here 0.33). The total 
intensity is defined as the sum of the intensities that are 

larger than maxI and is given by 





dotmaskyx

tot IyxIclipyxII
),(

max )),((),(    (9) 
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For classification of candidate dots, a training set of the 
detected dots is selected to determine an interval of values 

of the feature totI . The interval is defined from the 

minimum value to the maximum value of that feature as 
observed in the training set which consists of real dots. Fig. 
6 shows the results detected by the present method and the 
total intensity-based method. As can be seen from this 
figure, almost all the dots perceptible by visual inspection 

were correctly identified by both methods. Using the 
contrast detector, the output is approximately in the center 
of dot and most hidden dots have been detected. Using the 
total intensity-based method, the most pixels of a dot have 
been detected; the sizes of dots detected by the method 
distribute over a wider range; to accomplish the dot 
counting task, a labeling procedure must be adopted to the 
classified results. 

On the other hand, using the total intensity-based method, 
the detection performance depends upon the selection of a 
training set. It is then not suit for fully-automated dot 
pattern detection. 

 

 
(a) 

(b) (c) 
Fig.6 Comparison of dot detection methods: (a) the original image of 

A431 with EGF beads; (b) the dot detecting results using total 
intensity-based method; (c) the dot detecting results using present 

multiscale method 

    C.   Application to Cell Detection 

We applied the combined method to detection of cat 
retina cells. Fig. 7 (a) shows a confocal image of cat retina, 
which is downloaded from [38] (thanks). The cells in the 
image form two groups: the group A is called outer nuclear 
layer (ONL) and the group B is called inner nuclear layer 
(INL). Here only the cells in the ONL are counted. Using 
the combined dot detection algorithm, 604 cells are 
detected. The detected cell centers are marked with red 
color. Compared with manual counts (618 cells), the 
absolute error is 2.2%. 

 
IV. CONCLUSİON 

 
We have developed a fully-automated algorithm for dot 

pattern detection from fluorescent scanning images based 
on a contrast filter bank, which is a multiscale family of 
modified DoG filters. For reducing the false positions, the 
TopHat filters were used to find the candidate dots in 
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advance. The local maximality and lateral inhibition 
mechanism were introduced as the criteria to control the 
outputs of the contrast filters.  

We compared the conventional total intensity-based 
analysis and the presented method. The result indicated that 
our method is more direct and effective. Also, we compared 
the visual observation and the automated analysis of dot 
patterns. A good correlation between the dot counts was 
observed. By applying the dot detection algorithm, more 
than 97 percent of light dots have been correctly detected in 
spite of the irregularities in dot shape, since isotropic 
contrast operator was adopted as the dot detector. The 
presented method has the advantages of simplicity and 
reliability in detecting dot patterns. 

 
(a) 

 
(b) 

Fig.7 Cell detection. (a) Cat retina image 3d.cat.topro.z1-0001.tif from 
[43]. Detect cell centers are marked with red color. The boxed area in (a) is 

shown in (b) at higher magnification. 604 cells are detected in group A 
with 2.2% error compared with manual counts (618 cells) 
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