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Abstract The paper proposes a novel approach for image segmentation in case of bio-medical applications. The medical images 

considered for our analysis are drawn from microarray image databases and they are generally used for the estimation of gene 

expression levels, which correspond to the average intensities of the microarray spots represented as circular shapes within the 

image under analysis. The novelty of the proposed image analysis approach consists of a segmentation procedure which uses an 

active contour model (ACM) based on edge information.  Basically, a predefined curve is evolved towards the object edges (i.e. 

microarray spots). For a precise determination of image object, a cellular neural network approach (CNN) is employed for edge 

detection of each microarray spot. This is used further on in the curve evolution process for a more accurate segmentation of 

microarray spots. Specific measures for the characterization of microarray spots features are used to compare the obtained results 

with the ones delivered by GenePix microarray software platform.    
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1. Introduction 

In recent years, image segmentation has gained a lot of research attention as an important area of computer vision. 

The aim of image segmentation is to divide an image into multiple parts with similar features such as texture, strength, 

or color. The resulted image parts are described as meaningful related to the image structure and elements and make 

it easier to examine objects within the image. Image segmentation has numerous applications in industry and research, 

including image or object recognition, image processing and comprehension, medical diagnosis of diseases, computer-
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guided surgery, treatment planning and anatomical structure. Many conventional image segmentation techniques have 

been suggested, including threshold-based segmentation [1], edge-based segmentation [2], region-based segmentation 

[3], hybrid segmentation based on region and edge information [4,5], clustering-based segmentation [6], segmentation 

based on Cellular Neural Networks (CNNs) and active contour models – ACM [7, 8]. Considering the last category, 

they are defined as an evolving contour towards the object edges. Edge-based models use the image gradient 

information to define object boundaries and stop the contour from evolving. Additionally, atlas-based segmentations 

are also available, whereas the use of a probabilistic atlas together level-set - based segmentation methods leads to 

increased segmentation accuracy [9]. 

Further on, we proposed an edge based active contour, where edge features determine by the CNN are embedded 

within the curve evolution process. Thus, the reminder of the document is structured as follows: the basic principle of 

edge- based ACM together with the CNN approach for edge feature computation are presented within the introduction; 

in the second section, the proposed CNN-driven active contour approach is employed in case of microarray images; 

the third section presents the conclusions. 

1.1. Active contours for image segmentation 

The segmentation of microarray spots by mean of active contours starts with the selection of the rectangular 

area for each spot using the method proposed in [10]. Consequently, we obtained one rectangular image Is on the � 

domain, confining each microarray spot. The rectangular area includes both the background and the foreground pixels 

associated to the microarray spot. The foreground pixels correspond to pixels that are part of the microarray spot, 

whereas the background pixels to the local spot background. Consequently, the second step, which is inspired by 

Agilent's "cookie cutter" approach, is to divide pixels within each rectangular area into foreground and background. 

An edge-based level set approach is used to represent the contour of the microarray spot CS for each rectangular area 

determined by grid alignment, as the zero-level set of the level set function (LSF) denoted by �(�, �, �), as expressed 

by equation (1). 

	
(�) = {(�, �)/�(�, �, �) = 0}  (1) 

The determination of the contour CS is converted into finding solution of the partial differential equation 

(PDE) from eq. (2), which is referred to as the level set evolution equation [11], where F is the speed function that 

controls the motion of the curve on its normal direction. 

��
�� = �‖∇�‖    (2) 

The LSF must be smooth and accurate in image segmentation applications, particularly near its zero-level 

set, where it describes the contour of the object to be determined. In order to apply the level set approach for object 

boundaries determination, we consider the motion of the curve by mean curvature expressed by the following equation 

(3), where � =  ��� � ∇�
|∇�|� is the curvature of the level-set curve [1]. 

��
�� = ��� �|∇�|��

|∇�| |∇�|� − � !"#
��    (3) 

The eext is chosen to describe the edge information. According to [11], the classic approach makes use of the 

following edge indicator functions, $ %� =  &'(�) + )*(�) , with '(�) = + ,-(�). |/�|��  and *(�) =
+ ,0(−�). ��, & > 0 , ) ∈ 3 and  

, = �
�4|567∗9:|;.    (4) 

It is to be mentioned that g represents the edge indicator function for a given microarray spot image Is define 

on the � domain, with  <=  a Gaussian kernel with standard deviation >. The results of such segmentation using edge-

based active contours in case of some circular shapes representing microarray spots are given in figure 1. It can be 

seen that, in spite of using a 3 by 3 size window with reduced standard deviation > =1.1 for the gaussian kernel, the 

obtained edges are missing some foreground pixels in case of the 2nd and 4th images from Fig.1, whereas background 

is included in the foreground areas in case of the first spot. Further on, a CNN based approach is used to determine 
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the edge information function. The aforementioned shortcomings demanded a curve evolution process which does not 

depend only on the image gradient, but also on the intensity distribution pattern within the object to be detected. 

Complex mathematical apparatus is available for modeling fluid dynamics in porous media [12]. The evolution of an 

initial curve towards image objects which would account for intensity inhomogeneities within objects is envisaged. 

Thus, shortcomings similar to the ones underlined in Fig. spots 2 and 4, can be eliminated by the curve evolution 

process which is meant to include at the iterations end bright pixels as the one excluded in fig 1 from the segmented 

object within the red curve.  

 

Fig. 1. Results of the classic edge based active contour procedure model for a set of 5 microarray spots corresponding to the following categories, 

donut shape spot (a,c), spots with outliers (b, d), weakly expressed spot (e).. 

1.2. Cellular Neural Networks - CNN 

Artificial and natural vision systems differ in that the latter is characterized by continuous time and signal values, 

while the former is characterized by discrete time and signal values. The CNN universal machine (CNN–UM) and 

cellular neural networks (CNN) were introduced in 1988 and 1992 [13, 14]. Such networks are described as arrays of 

identical dynamical structures, known as cells, that are linked locally [14]. A CNN's basic unit, the cell, is a one-

dimensional dynamic structure connected only to its neighbors, i.e. adjacent cells interact directly with each other Fig. 

2. Because of the propagation effects of the network's dynamics, cells in near proximity have an indirect impact. xij 

stands for the cell in place (i,j) of a two-dimensional M x N sequence, and Nr
ij stands for its neighbors (1). 

?@
AB = {�CD| EF�{ |G − �|, |H − I|} J K, 1 J G J M, 1 J H J ?}  (5) 

 

 

Fig. 2. (a) Cells interconnection within the CNN approach; (b) recurrent computation of the resulted matrix , based on the inputs B and the CNN 

formalism 

A cell is the basic circuit unit of a CNN. It has linear and nonlinear elements that function as linear capacitors, 

linear resistors, linear and nonlinear controlled sources, and independent sources, among other things. Each neural 

network cell has two key characteristics: a constant external input u and an output y. Each neural network cell's 

corresponding block diagram is shown in Fig. 2.a. The dynamics of a CNN are defined by the first-order non-linear 

differential equation: 

	 N%OP(�)
N� = − �

Q �AB(�) + ∑ *(�, I; G, H)�CD(�)TUV∈WXOP + ∑ Y(�, I; G, H)ZCD(�) + [TUV∈WXOP   (6) 
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where  

- xij is the state of cell Cij; 

- C and R represent system integration time constants; 

- I represents an independent bias constant; 

- yij(t) = f(xij(t)), }11(
2

1
)( −−+= xxxf  

The cloning templates are the matrices A(.) and B(.), where A(.) affects the output control of neighbouring 

cells and is known as the feedback operator whereas B(.) affects the input control and is known as the control operator. 

A(.) and B(.) are selected based on the application the CNN are used for. When it comes to image processing, an 

image is a rectangular array of N and M rows and columns, respectively. Each element of the array corresponds to a 

cell in a CNN. A two-dimensional CNN can be thought of as a parallel non-linear two-dimensional filter that can be 

used for noise removal [15], shape extraction, edge detection, and inpainting [16] by calibrating the A, B, and I 

parameters. 

Thus, if we consider the time-dependent equation 3, we get the following discrete model for the CNN, which 

is similar to the continuous one and can be used in image processing. 

�AB\]^ = ∑ *(�, I; G, H)�CD\] − 1^TUV∈WXOP +  ∑ Y(�, I; G, H)ZCD\] − 1^ + [TUV∈WXOP  (7) 

 with 

�AB\]^ = (1/2)(`�AB\]^ + 1` − `�AB\]^ − 1`)  (8) 

 

Edge features detection 

Edge detection is a common task in image processing generally used to extract object borders within the 

image under analysis. The previous task is achieved using gradient information. For edge features detection in image 

processing, state-of-the-art research proposes several hypotheses, including cellular neural networks, genetic 

algorithms, and wavelet transforms [17, 18]. The pixel intensity values of bio-medical images significantly vary in 

the areas corresponding to image object edges. Moreover, in case of images obtain by means of light microscopy, 

cases of inhomogeneity correction and noisy edges are present. These phenomena lead to unexpected results when we 

process noisy images by classical edge detection operators, such as Roberts, Sobel, Prewitt. Because of 

inhomogeneous foreground and background and noisy edges, it is unrealistic to find a uniform threshold suitable for 

every image object. Thus, the proposed CNN based edge feature detection is sensitive to all edges. It actually delivers 

a mapping of all pixel intensities according to the magnitude and sign and direction of the image gradient. According 

to the concept of the CNN, the image evolves in time and converges to an image with visible edges, described by the 

differential equations, eq. (3). (4). A block diagram is shown in the next figure 3, for a more detailed look at how 

CNNs function. The CNN approach can be seen as an iterative spatial convolution process on bi-dimensional matrices 

corresponding to image pixel intensity values. In [18] X-ray images are processed for edge detection. Nevertheless, 

the proposed approach is not limited to bi-dimensional filtering. It also can be employed in processing uni-dimensional 

image profiles for the determination of the magnitude and location of profile peaks. As a result, an increased accuracy 

for the determination of structural ordering parameters is obtained [19, 20]. 

 

Fig. 3. (a) CNN computation of the edge feature matrix ak. 
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 Up to this point, the determination of the edge information function gCNN is described. Thus, after an iterative 

convolutional process applied to the xij inputs corresponding to the initial image, the resulted image becomes gCNN(ij), 

and replaces the g function from equation (4). 

 

2. Experimental results in bio-medical imaging 

2.1. Microarray Data-sets 

Nowadays, the interrogation of genomic functionality relies on microarray technology to assess the gene expression 

levels simultaneously for all cellular transcripts (mRNAs) in a single experiment. By measuring the mRNA levels for 

the whole genome, the microarray experiments are capable to study functionality, pathological phenotype, and 

response of cells to a pharmaceutical treatment [21]. The workflow of a microarray experiment includes, besides the 

procedure of measurement, a step of extensive data analysis. Standardized protocols and design methods exist for 

measurements but the processing of the extensive number of non-homogeneous data is often still a challenge.  In 

microarray experiments, RNA extracted from biological sample is synthesized to microarray targets. The targets are 

either single-stranded DNAs or RNAs labeled with fluorescent markers. One or two labels (e.g. the dyes Cy3, and 

Cy5) can be utilized in the same hybridization measurement. The microarray targets hybridize on a microarray slide 

with spots of sub-sequences (probes) of the genes of the whole genome. A laser scanning with appropriate wavelengths 

produces a TIFF image I for each fluorescent label (a lower index may denote the dye, e.g., ICy3 denotes a microarray 

image recorded of Cy3 dye). The microarray images thus obtained represents a collection of microarray spots, each 

spot corresponding to a specific gene. The expression levels of genes are calculated based on intensities of the 

fluorescent light [22]. The calculation of expression levels is a crucial step to extract valuable information from a 

microarray measurement and involves three major tasks: (1) a grid alignment (addressing), to determine the spatial 

coordinates of each spot; (2) a segmentation to classify pixels either as foreground, representing the DNA spots, or as 

background; (3) an extraction of intensity of each spot and its individual background. Results of the image analysis 

are the layout of the spot array, the spot sizes and shapes, the spot intensities (i.e., gene expression levels), and the 

background intensities values. 

The data set consists of 4 pair of images corresponding to the microarray samples having the following ID 

GSM333336, GSM333353, GSM333337 and GSM333341 (from Gene Expression Omnibus). The 4 pairs represent 

biological replicates of the same experiment. Each pair consists of two images corresponding to the Icy3 and Icy5 

fluorescent dyes. Each microarray image has the size of 4000x1944 pixels and contains 32 spot groups with 380 spots 

per group. Visual results are presented in case of our proposed active contour-based segmentation using CNN edge 

information in case of the series of microarray spots from Fig. 4.  

2.2. Microarray Image Processing using CNN and Active Contour Models 

For the entire population of spots included in the selected microarray image samples, we use our proposed approach 

to extract spot features. In terms of reproducibility and reliability, the obtained results are compared to those provided 

by GenePix Software. 

Fig. 4. Resulted edges obtained using the CNN based active contour model for a set of 5 microarray spots corresponding to the following 

categories, donut shape spot (a,c), spots with outliers (b, d), weakly expressed spot (e).   
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The reproducibility and biological significance of the proposed image processing techniques are assessed. The 

coefficient of variation (CV), which express the variation of spot intensities are computed to quantify the 

reproducibility of the proposed segmentation techniques. 

 

The CV is given by: 

µ

σ
=spotCV

        (9)

 

 

where σ  and µ  represent the standard deviation of spot intensity with subtracted background and the mean spot 

intensity, respectively. 

 

The proposed method's efficiency increases as the CV values decrease. Both our proposed segmentation method 

and the GenePix approach had  CV values computed. As shown in the next table, the following parameter values were 

obtained for the E1 experiment: In terms of CV coefficient, the level-set segmentation protocol produces comparable 

results to the GenePix method. In the case of spot pixel intensity values, the CV represents a standardized metric of 

dispersion that is independent of the unit in which the measurement was taken. A small CV shows that the pixel 

intensity values for a given microarray spot slightly differ. As a consequence, CV table shows a more accurate spot 

description delivered by our proposed approach. 

 

 

 

 

Fig. 5. Table with the coefficient of variation obtained using our segmentation approach compared to the ones resulted using GenePix software,  

 

3. Conclusions 

The paper proposes a novel segmentation approach for bio-medical images which makes use of active contour models 

(ACM) and cellular neural networks (CNN). The novelty of the proposed method consists of an edge features matrix 

computed based on the CNN approach, which is embedded in the curved evolution process, acting as an edge 

enhancement technique. Results of the proposed method applied on a set of microarray images are delivered. The CV 

coefficients were used to underline the benefits of our proposed approach in terms of a more accurate microarray spot 

segmentation. 

Acknowledgements 

This work was supported by a grant of Romanian Ministry of Education and Research, CNCS – UEFISCDI, project 

number PN-III-P4-ID-PCE-2020-0368, within PNCDI III. 

Experiment ID  

(Image channel) 

Mean CV 

our results 

Mean CV 

(GenePix) 

GSM333336 (ICy3) 0. 592 0.663 

GSM333336 (ICy5) 0.498 0.534 

GSM333353 (ICy3) 0.452 0.635 

GSM333353 (ICy5) 0.712 0.706 

GSM333337 (ICy3) 0.597 0.684 

GSM333337 (ICy5) 0.549 0.766 

GSM333341 (ICy3) 0.486 0.552 

GSM333341 (ICy5) 0.658 0.795 
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