
 
 

 

A new morphological segmentation algorithm for biomedical imaging 

applications 
 

D. Gorpas
*a

, P. Maragos
b
, D. Yova

a
 

a
 Laboratory of Biomedical Optics and Applied Biophysics, School of Electrical and Computer 

Engineering, National Technical University of Athens, GR-157 80, Zografou, Greece 
b
 Computer Vision and Speech Laboratory, School of Electrical and Computer Engineering, National 

Technical University of Athens, GR-157 80, Zografou, Greece 

ABSTRACT 

Images of high geometrical complexity are found in various applications in the fields of image processing and computer 

vision. Medical imaging is such an application, where the processing of digitized images reveals vital information for the 

therapeutic or diagnostic algorithms. However, the segmentation of these images has been proved to be one of the most 

challenging topics in modern computer vision algorithms. The light interaction with tissues and the geometrical 

complexity with the tangent objects are among the most common reasons that many segmentation techniques nowadays 

are strictly related to specific applications and image acquisition protocols. In this paper a sophisticated segmentation 

algorithm is introduced that succeeds into overcoming the application dependent accuracy levels. This algorithm is based 

on morphological sequential filtering, combined with a watershed transformation. The results on various biomedical test 

images present increased accuracy, which is independent of the image acquisition protocol. This method can provide 

researchers with a valuable tool, which makes the classification or the follow-up faster, more accurate and objective. 

Keywords: Morphological sequential filtering, watershed transformation, biomedical image segmentation, contrast 

enhancement, image gradient, regional minima. 

1. INTRODUCTION 

Biomedical imaging applications have become a valuably tool in modern healthcare, as they provide critical information 

for the diagnosis and the applied therapeutic process of various diseases. However, the processing of the acquired images 

is among the most challenging problems in computer vision field. Light interaction with tissue and the geometrical 

complexity of the inspected regions prevent from the development of sufficient algorithms that would lead to the 

extraction of accurate data. Despite the recent advantage of computer vision systems and methods, there is still lack of an 

algorithm that would successfully confront most of the biomedical imaging applications. 

In literature, one can seek numerous methods for processing and segmenting medical images, many of them with quite 

accurate results
[1]

. Nevertheless, most of these methods fail when the acquisition protocol changes, or they are applied to 

a different application. The image processing and segmentation method, described in this paper, attempts to fulfill this 

lack of an algorithm that would semi-automatically adapt to the most common biomedical imaging applications. 

The computer vision algorithm presented in this paper, for accurate image segmentation, is based on morphological 

sequential filtering
[2, 3]

 and watershed transformation
[2, 3, 4, 5]

. Cascading erosions at multiple scales, alternating with 

image reconstructions, have been applied to produce image smoothing, progressively from the smallest scale up to the 

maximum. Through this procedure, contrast enhancement and significant de-noising is achieved
[4]

. The resulting edge 

weakening is overcoming with the application of Sobel filtering
[3]

. Finally, a marker controlled watershed 

transformation
[2, 3, 4]

 is applied to segment the acquired images. This transformation utilizes an extended minima 

transformation, followed by a distance transformation
[3, 6]

. The segmentation is achieved by extracting the regional 

minima that occur only at the marked locations, and using these minima as flooding sources, the watershed 

transformation is applied
[2]

. Once the set of regions has been identified, the properties of these regions become the input 

to following procedures that perform decision-making tasks, such as recognition or inspection. 
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The proposed algorithm has been tested over two medical imaging applications. The first one is the optical imaging of 

skin lesions, where image segmentation is important for the follow-up of the therapeutic process or the diagnosis. 

Although these categories of images usually contain one object, the accurate segmentation is a difficult process, due to 

strong tissue scattering. The proposed algorithm successfully overcame this problem presenting 95% accurate 

segmentation, compared to detailed manual segmentation.  

The second application is the processing in light microscopy imaging. Modern diagnostic algorithms are strictly related 

to the cell geometry, texture and/or color characteristics. Nevertheless, the most challenging aspect is the successful 

segmentation of the cells. The geometry complexity here is very high, with strong background in-homogeneity. 

However, the proposed algorithm preliminary presented 80% successful cell segmentation, even in cases of tangent cells. 

This paper is organized as follows: In Section 2 the methodology of the proposed algorithm is presented. The image 

preprocessing and segmentation are briefly described and their main points are highlighted. In Section 3 the two 

biomedical imaging applications and the image acquisition are presented. Finally, in Section 4 the results of the proposed 

algorithm on the two imaging applications are given, while the paper concludes with a brief discussion in Section 5. 

2. METHODOLOGY 

Image segmentation is among the most challenging problems in the field of computer vision. Generally speaking, 

segmentation is the process of isolating objects in the image from the background, i.e partitioning the image into disjoint 

regions, each one being homogeneous and connected with respect to some property, such as gray value or texture
[7]

. In 

this section the proposed algorithm is presented, divided into two different stages: (a) preprocessing and image 

simplification and (b) the region based watershed transformation that leads to the segmentation of the image. 

All the algorithms presented in this section are referred to gray-scale images. The transformation from RGB images to 

gray-scale has been succeeded by selection of the green channel of the RGB images, since this is the channel bearing the 

more information, according to the CCD camera structure. 

2.1 Image simplification 

The image preprocessing and simplification, in the context of image segmentation, is of critical importance since its 

output determines directly the segmentation results. The main objective of this stage is to reduce the presence of noise, 

producing an image that consists mostly of flat and large regions. There have advance to the pre-processing algorithms 

over the years, however a large number of them yet requires at some point thresholding, an action that makes the 

algorithm problem-dependent. 

Biomedical images suffer from inhomogeneous background, with very low contrast, complex structure and often 

overlapping components. This fact makes the application of any kind of thresholding at the stage of preprocessing an 

uncertain action, as it may influence negatively the outcomes of the segmentation and make the algorithm applicable 

only to a specific type of biomedical images and acquisition protocol. In order to avoid this drawback the proposed 

algorithm has adopted a morphological sequential filtering process, known as alternating sequential filtering
[2, 8, 9]

 (ASF), 

and obtained by applying sequential erosions followed by image reconstructions. 

However prior to the ASF, intensity adjustment is applied. The scope of this process is to expand the histogram of all 

input images to the same histogram boundaries. The intensity adjustment, commonly known as contrast-stretching 

operator, is a point operator that uses a piecewise smooth function of the input gray level to enhance important details of 

the image
[3]

. Because the described algorithm has been developed for various acquisition protocols, this smoothing 

function is a linear one, targeting not to the enhancement but to the distribution of the intensity levels between black (0) 

and while (1). 

Now that all the input images are expanded between the same histogram boundaries, the morphological filtering is 

applied. The most common formalism of the ASF family is the one involving cascading open-closings b
t
a
t
 at multiple 

scales t = 1,…, r , where a
t
f( ) = f tB  is the opening transformation of the image input 

 
f  with the structuring element 

B  at the scale t  and b
t
f( ) = f • tB  is the closing transformation

[8, 9]
. This generates a class of efficient nonlinear 

smoothing filters 

SPIE-IS&T/ Vol. 7251  72510C-2

Downloaded From: http://proceedings.spiedigitallibrary.org/ on 06/21/2016 Terms of Use: http://spiedigitallibrary.org/ss/TermsOfUse.aspx



 
 

 

 
  

asf
f( ) = b

r
a

r
b
2
a
2

b
1
a
1

f( )( )( )( )
 

1( )
 

with the smoothing progressively increases from the smallest scale possible up to a maximum scale  r . 

In this paper, the approach of equation 1( )  will be retained. Nevertheless, instead of sequential openings and closings, 

cascading erosions followed by reconstruction are applied. The reconstruction scheme that has been used is the 

morphological reconstruction by dilation
[2, 4]

 of a gray-scale mask image, 
 
g , by a gray-scale marker image, 

 
f , defined 

as the geodesic dilation of 
 
f  with respect to 

 
g , iterated until stability is reached. The geodesic dilation

[3, 10]
 of 

 
f  with 

respect to g  is defined as: 

 
 
D

g

1( )
f( ) = f B( ) g

 

2( )
 

where  denotes the point-wise minimum operator
[4]

. Equation 2( )  indicates that the geodesic dilation of size 1  is 

obtained by firstly computing the dilation of 
 
f  by the structuring element B  and then selecting the minimum between 

the result and the mask image 
 
g  at every pixel point 

  
u, v( )  of the image plane. With respect to 2( )  the geodesic 

dilation of size  t  of input image 
 
f  with respect to 

 
g  is defined as: 

 

D
g

t( )
f( ) = Dg

1( )
D
g

t 1( )
f( )

 

3( )
 

with D
g

0( )
f( ) = f . 

With equation 3( )  as a premise, the morphological reconstruction by dilation is expressed by the formalism: 

 
 
R

g

D f( ) = D
g

k( )
f( )

 

4( )
 

with k  being the scale that leads to: 

 
 
D

g

k( )
f( ) = D

g

k+1( )
f( )

 

5( )
 

Thus, the operator that is applied to the image, after the contrast-stretching process, is described by: 

 

O
R

t( )
f( ) = Rf

D f tB( )
 

6( )
 

which is the reconstruction by dilation of f  from the erosion of size t  of f , process knowing and as opening by 

reconstruction. The operator of equation 6( )  is applied sequentially to the gray-scale image 
 
f  and to its complement, 

treating symmetrically the image foreground and background and thus accomplishing image simplification and 

denoising, without affecting the position of the boundaries of the regions of interest. 

One question, that may arise at this point, is the determination of the iterations number. By applying the algorithm to 

various test images, it has been observed that using more than six scales does not change the segmentation outcomes at 

the objects of interest. As a result the described algorithm has been set to six iterations of the alternating sequential filter, 

giving, as an extension, the opportunity to the user to try less or more scales if he desires to. 

However, the boundaries strength of these regions has been affected by the application of the sequential morphological 

filter. This fact leads either to the expansion or to the reduction of the segmented area. Among the numerous edge 

strengthening filters, the Sobel filter
[2, 3, 11, 12]

 has been proven to provide rapid and sufficient results and thus it is the one 

selected for the described algorithm. This high-pass filter operator utilizes the following 3 3  masks (Sobel masks): 
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1 2 1
0 0 0
1 2 1

     and     

1 0 1
2 0 2
1 0 1  

These two masks are convolved with the image separately, to measure the strength of horizontal and vertical edges, 

respectively, present at each pixel. Thus, the gradient magnitude image of the sequential morphological filtering output is 

computed by approximating the first derivatives G
u

 and G
v

 at each pixel. The two strengths are then combined to find 

the total amount to which any edge exists at the pixel 
  

u, v( ) , that is: 

 
 
G

uv
= G

u

2
+ G

v

2
1
2

 

7( )
 

2.2 Image segmentation 

As it has been already mentioned, the segmentation process in the described algorithm for biomedical images is based on 

the well-known watershed transformation. However, direct application of the watershed transformation to the gradient 

image of equation 7( )  would lead to over-segmentation due to local irregularities of the gradient. A practical solution to 

this problem is to limit the number of allowable regions by incorporating a preprocessing stage, designed to bring 

additional knowledge into the segmentation procedure. Hence, instead of the simple watershed transformation, a marker-

controlled watershed based segmentation
[2, 4, 13 – 15]

 has been adopted.  

A marker is a connected component belonging to an image. The segmentation process starts with creating flooding 

waves that emanate from the set of markers and flood the image gradient surface. The points where the emanating waves 

meet each other form the segmentation boundaries
[2, 3]

. The simplest markers are the regional minima of the gradient 

image, but very often they are extremely numerous and lead to over-segmentation
[2]

. One approach to control this over-

segmentation is based on the concept of internal and external markers. The internal markers are localized inside each of 

the objects of interest, while the set of external markers is contained within the background. 

In order to identify the internal markers, the extended minima transformation has been applied to the gradient image. The 

regional minima transform identifies connected components of pixels with a constant intensity value, and whose external 

boundary pixels all have a higher value. However, most of the regional minima specified are very swallow and represent 

detail that is irrelevant to the segmentation problem. For these extraneous minima to be eliminated, a threshold height is 

included to the regional minima transformation. This threshold determines whether a set of connected pixels belong to 

the foreground or the background of the gradient image and its value is assigned according to the type of objects of 

interest. Thus for each application a unique threshold height has been assigned, permitting, as well, the user to modify 

this value if the results are not satisfying. 

The next step is to identify the external markers, or pixels that belong to the background. The approach that has been 

adopted is to mark the background by finding pixels that are exactly midway between the internal markers. This is 

implemented by computing the watershed transformation of the Euclidian distance transform
[10, 16, 17]

 of the internal 

marker image. 

Given both internal and external markers, the gradient image is modified so that regional minima occur only in the 

marked locations, while other pixel values are “pushed up” as necessary to remove all other regional minima. The 

resulted gray-level image is the one that finally undergoes a watershed transformation, action that concludes the 

proposed algorithm for segmenting biomedical images. 

3. DATA 

The proposed algorithm has been tested at two different types of medical imaging applications. The first one is the 

optical imaging of skin lesions, and more specific from SKH-HR1 albino hairless mice, bearing non-melanoma skin 

carcinomas (NMSC). The images were acquired after the application of photodynamic therapy for evaluation purposes. 

The geometrical features of the presented tumours are of great importance for the therapy monitoring. Since the imaging 

system is un-calibrated, a calibration sphere is also present to assist for the quantification of the geometrical features of 

the tumours. In Fig. 1 are shown the RGB and gray-level images of such an acquisition. 
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Fig. 1: A non-melanoma skin carcinomas animal model as acquired from an optical imaging system (left) with a calibration 

sphere on the model surface and the green channel (right) of the RGB image. 

The second application that was used to evaluate the proposed algorithm is light microscopy imaging. Images of prostate 

cancer nuclei were acquired using a light microscope and a thermoelectrically cooled color CCD camera. Features 

related to the nuclei, such as color and intensity metrics, are often used to determine the cell nucleus DNA index, and 

thus the extraction of the nuclei from the image background is of great importance. In Fig. 2 the acquired RGB image of 

prostate cancer nuclei is presented, along with the corresponding gray-level image. 

The animal model treatment and all the measurements involved in this paper were carried out according to the strict 

guidelines, established by the European Council Directive 86/909/EC and the Greek Committee for animal models. 

 

Fig. 2: Prostate cancer nuclei as acquired using a light microscope (left) and its green channel (right). 

4. RESULTS 

The results presented in this section are grouped between the above-mentioned cases. The entire segmentation process 

for both cases was implemented fully automatic. The only requirement was the user to define the type of application 

image, so the corresponding threshold height to be considered.  

4.1 Optical imaging 

The segmentation application of Fig. 1, although it seems to be quite simple, is among the most difficult applications as 

it includes light interaction with tissue, a highly scattering media. The reflectance levels just around the two objects of 

interest lead most of the common segmentation algorithms to fail and a preprocessing of the acquired images is essential. 
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In Fig. 3 is presented the gray-level image after it has been undergo by the contrast-stretching process with respect to the 

green channel of the original image. It becomes apparent that through the linear intensity adjustment, a significant 

improvement is succeeded. 

 

Fig. 3: The green channel of the acquired image (left) and the improved image after the intensity adjustment (right). 

In order to simplify the image of Fig. 3 the sequential morphological filter is applied. The results of this filter at the six 

scales are presented in Fig. 4. 

 

Fig. 4: Results of the alternating sequential filter at the applied six levels (the first three shown at the top row and the latter 

three at the second row moving from left to right). The smoothing that is achieved is apparent at these images. Further 

filtering will produce no better results at the segmentation algorithm. 

Finally in Fig. 5 are shown the gradient image derived after the Sobel filtering, the internal and external marker set, the 

gradient image after the modification of the gradient image and the final segmented image.  
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Fig. 5: The gradient output image of the Sobel Filter (top left), the external and internal markers (top right), the modified 

gradient image (bottom left) and the segmented image (bottom right) after boundary objects have been removed. 

From Fig. 5 becomes apparent that the application of the watershed transformation to the modified gradient image 

provides very accurate segmentation results, suitable for tissue lesion monitoring applications. The described algorithm 

has been tested over various images of the same medical application and the results were compared to the most accurate 

but time-consuming manual segmentation. The comparison revealed a mean 95% accuracy over the results of the 

proposed algorithm at various geometrical features, such as area and axis lengths. Furthermore, in some cases there was 

the need for the user to interact with the algorithms outcomes, in order to isolate the objects of interest for some 

unwanted image segments. 

4.2 Light microscopy imaging 

With a similar modus operandi as in the previous case, various images of the light microscopy imaging application were 

tested with the described algorithm. In Fig. 6 are shown the green channel of the acquired image and the adjusted for the 

intensity gray-scale image.  

 

Fig. 6: The green channel of the acquired image (left) and the improved image after the intensity adjustment (right). 
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Fig 7: Results of the alternating sequential filter at the applied six levels (the first three shown at the top row and the latter 

three at the second row moving from left to right). The background smoothing is obvious. 

Furthermore, the alternating morphological filter results on this type of application are presented in Fig. 7. From this 

figure one can notice how the background is improved between the different scales of the filter and the initial gray-level 

image. This smoothing is of great importance for the segmentation process. The gradient image, the markers, the 

modified gradient image and finally the segmentation results are all shown in Fig. 8. Due to the inconsistency of the 

background and of some of the cells nuclei, there has been some unwanted regions included and some boundary 

shrinkage to some of the nuclei. The unwanted regions can very easily be rejected with a color or shape algorithm, topic 

that belongs to a decision-making algorithm (besides the background regions, some cell nuclei must also be rejected as 

they are positioned to a deeper lever than the surface). Having trying the algorithm to various images of the same 

application, a successful recognition of cell nuclei up to 80% has been succeed, in comparison to the manual count. 

 

Fig. 8: The gradient output image of the Sobel Filter (top left), the external and internal markers (top right), the modified 

gradient image (bottom left) and the segmented image (bottom right) after boundary objects have been removed. 
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5. DISCUSSION 

Future work with this algorithm is to define a fully automated threshold height assignment, related to specific image 

features. As this threshold is not a grey-level value for transformation into binary image, many of the well-known 

threshold algorithms, like Otsu’s method
[3]

, fail to provide a value that would lead to accurate segmentation. However, 

more medical imaging applications should be tested, before a method of the threshold value to be developed. 

As a segmentation algorithm, this method does not include a process for determining which of the recognized objects are 

worth keeping and which are not. Furthermore, there is need for visually well-defined objects to exist; otherwise it will 

fail to produce accurate results. Finally, as this algorithm perform object labeling after the segmentation, in order to 

correctly label the segmented object the input images should be in the fashion of the background bearing higher intensity 

values than the foreground, otherwise the background would be labeled, instead of the segmented objects. 

A robust segmentation algorithm, which manages to overcome the application-related accuracy that dominates the most 

state-of-the-art segmentation procedures in the biomedical image processing, was developed. The results presented high 

accuracy levels in two different imaging applications. This method can provide researchers with a valuable tool, which 

makes the classification or the follow-up faster and more accurate. 
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