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Abstract: In this paper, we presented a semi-automated tool to 

analyze red blood cells. We utilized circular Hough transform for 

circular cells detection. In a light micrograph, the red blood cells 

may appear in a crescent shape that known as Sickle-cell. Thus, we 

proposed a technique to detect this shape and demonstrated its 

capability. Overall, our tool recorded 92% of accuracy with 70% 

and 72% of sensitivity and specificity respectively. Despite the 

promising performance, several limitations must be overcome and 

has been highlighted in the conclusions. 

 
Keywords: red blood cell, segmentation, deformable cell, overlaps 
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1. Introduction 

The analysis of red blood cell (RBC) in light micrograph of 

biopsied tissue is commonly utilized by the pathologist for 

clinical diagnostics. In the past, the process has been 

performed manually by screening the tissue image containing 

thousands of RBC. This approach is prone to human errors 

and relies on the experience of the pathologist personnel. 

Therefore, automated analysis of RBC has been developed to 

improve the accuracy and speed up the quantification 

process.  

 Generally, analysis of tissue images includes 

preprocessing, segmentation, feature extraction, and 

classification. In this study, we focused on segmentation 

process as the feasibility and reliability of analytical imaging 

results depend on segmentation accuracy and the most 

important step in automated image analysis [1].  

There are two major difficulties occluded an accurate 

automated analysis in segmenting light micrograph. First, a 

wide-ranging degree of overlapping cells hide partial 

contours and restricting the identification of individual cells. 

Second, the irregular or deformable contour of cells yields a 

dissimilarity of edge information that differs from the normal 

shape cells. These challenges required proper segmentation 

techniques and remain a tricky step. 

The watershed approach and its variants [2-6] are one of 

the common segmentation methods to handle overlapping 

cells. The traditional watershed identifies its markers that 

pointing to the approximate locations of cells by finding the 

regional minima of the gradient image. This follows by 

segmenting the image region into several influence zones of 

markers. The intensity differences between inside and outside 

of the cells will reflect the shape features of the cells. As the 

traditional watershed typically suffers from over-

segmentation, combination with other method such as a rule-

based approach [7] was proposed to merge the over-

segmented regions. 

Another approach in segmenting overlapping cells is using 

graph-cut method. This approach constructs a graph by 

connecting the edge of pixels with similar intensities. Then, a 

normalized minimum cut of the graph is determined and 

resulting in the segmented image [8]. In the situation when 

the overlapping cells have similar intensity levels, this 

approach becomes impractical [9]. Hence, an estimation of 

the mean radius of the cell has been proposed by Danek et. al 

[10] to isolate the overlapping cell that only significant for 

spherically shaped objects. 

Active contour has also been applied to segment 

overlapping and deformable shape cells. Initially, this 

method is designed to segment an irregular shape object. 

However, variation of active contour such as level-set based 

active contour [11] and the multiphase active contour [12] 

has been used to segment non-overlapping objects. In 

overlapping cases, using prior shape [13, 14] for every single 

object is computational demanding to segment a large 

number of RBC in light micrograph and not guaranteed that 

the boundary is properly identified.  

Since RBC is estimated as quasi-circular shape, a 

segmentation method that based on circular detection can be 

very useful. Typically, Hough transforms is employed for 

circular object detection. In this study, we employed circular 

Hough transform for RBC detection in our developed tool. 

Furthermore, we add a deformable detection feature to 

recognize a crescent shape that occurs with Sickle cell. Then, 

the proposed study is tested with a light micrograph of RBC. 

The remainder of this paper is organized as follows. 

Section 2 describes the workflows implemented for 

segmenting the red blood cells. In Section 3, we apply the 

workflows in a light micrograph and discuss the results. 

Finally, Section 4 concludes the paper.  

2. Methodology 

2.1 Pre-Processing 

2.2.1 Image Acquisition 

In this study, the light micrograph containing red blood cells 

with unidentified leukocytes used to evaluate our work is 

shown in Figure 1.  

 

2.2.2 Image Intensification 

The inconsistent color tone in light micrograph occurs due to 

uneven staining, imaging conditions and smear thickness. 
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These degradations can be minimized with adaptive 

thresholding using Otsu’s method [15] during pre-processing. 

This method will separate the pixels into two classes of 

background and objects from gray-level histogram resulting 

in binary version of input image. 

 

 
 

Figure 1: Light micrograph of red blood cells and leukocytes 

[16]. 

 

2.2.3 Image Enhancement 

Noises in image are unavoidable and must be removed to 

avoid error in segmentation. In this phase, noises in the 

binary image of Otsu’s method are removed using 

pseudomedian filter. This semi-median filter possesses the 

same enviable properties of the median filter with fraction of 

computational complexity. 

2.2 Segmentation 

2.2.1 Preliminary Segmentation 

The circular Hough transform can be applied to recognize 

circular shape objects in digital images [17]. A circles relies 

on there parameters representing radius (r) and center 

coordinate of the circle (a,b) as follows:  

 

x = a + r cos(θ)                   (1) 

y = a + r sin(θ)                   (2) 

 

To find the parameter triplets, the circular Hough transform 

will sweeps trough 3D space to describe the circle. However, 

using direct implementation of circular Hough transform 

requires an extensive computer memory and time. If the 

search of circles can be reduced to 2D space with a fixed 

radius, the center can simply be found based on the locus 

point of the circle. 

For instance, a set of locus points (x, y) and radius is 

known in x and y domain. These locus points can be 

transform into center of several circles in a and b domain. 

Through locus points of these circles, an array known as 

accumulator is used to detect intersection by voting for the 

sets of parameter that criss-crossing. Once the voting process 

is done, the intersection with the highest vote is defined as a 

center of the circle back in x and y domain. Thus, the locus of 

the circular object can be tracked and segment in the image.  

 

2.2.2 Segmentation Enhancement 

In circular Hough transform, it is very challenging in 

detecting non-circular object particularly Sickle cells that are 

shaped like a crescent. Therefore, we addressed this 

limitation as follows. 

 First, the overlaps objects must be eliminated so that the 

crescent shape occurred due to overlapping are not mistaken 

as Sickle cells. The overlapping cells can be detected if the 

distance between two center of the circles is less than the sum 

of their radiuses. 

Once the overlaps circles are known, the process 

recognition of Sickle cells continues by tracking Minima 

points (a thin contour) surrounding the circle of interest. If 

the Minima points are detected in the circle, the Hough 

transform will determine another circle based on the thin 

contour. This resulting in several overlaps circles. Then, the 

intersections of the new circles with the original are 

identified. 

For example, the intersection point on the original circle 

that closes to the thresholded image is marked as Intersection 

1 as shown in Figure 2. Next, the second intersection point 

(Intersection 2) is identified from the additional circle (Circle 

1) that intersects with the original circle in Intersection 1. 

This followed by the Intersection 3 that located from the 

Circle 2 that intersects with Circle 1 in Intersection 2. 

Finally, the Intersection 4 is found from the Circle 1 that 

intersects with Circle 2 in Intersection 3.  

In short, the intersection point is detected from the circle 

that crosses with another circle from the previous intersection 

point. The process goes until the intersection point crosses 

with the first intersection point.  

 

 
 

Figure 2: Four intersection points located from three circles 

that cross each other. 

 

2.3 Blob Counting 

 

Finally, the segmented RBC in light micrograph can be 

counted. 

3. Results & Discussions 

As described in Section 2 Methodology, the analysis of light 

micrograph consists of three main sections, pre-processing, 

segmentation and blob counting.  

 After the image acquisition in pre-preocessing, the 

reduction of light micrograph to a binary image using Otsu’s 

method is shown in Figure 3. 
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Figure 3: Binary image of RBC in biopsied tissue using 

Otsu’s method. 

 

Then, the image is enhanced by removing the noises using 

pseudomedian filter as shown in Figure 4. 

 

 
 

Figure 4: Noise is removed using pseudomedian filter. 

 

 This is followed by segmenting the image using circular 

Hough transform. In our developed tool, the user can define 

the range of radius that suitable for their image. This feature 

allowed various size or close-up image to be analyzed using 

our tool. The screenshot of our tool analyzing a light 

micrograph is shown in Figure 5. 

 

 
 

Figure 5: The light micrograph has been analyzed using 

circular Hough transform in our tool. The deformable cells 

can be identified and distinguished from the overlap cells. 

 

In Table 1, the analysis of the light micrograph using 

circular Hough transform with deformable features is 

described. Overall, this study recorded 92% of accuracy with 

70% and 72% of sensitivity and specificity respectively.  

It can be observed that our analysis tool has several 

limitations. First, this study is designed to recognize RBC 

that is smaller in size compared to the leukocytes. However, 

if the user defined the range of radius too large, the circular 

Hough transform may recognize all the circular objects in the 

image despite its morphological characteristics. Second, if 

the deformable cell is overlaps with others, our tool may not 

be able to recognize the particular cell. Finally, our 

deformable detection can only recognize the cell with 

crescent shape. Further, if the crescent shape is not obvious, 

the cells may be recognized as a normal cell.   

 

Table 1: The result of the segmentation. 

 

Cell Types Accuracy Sensitivity Specificity 

Normal 0.88 1 0.13 

Overlapping 0.98 1 0.98 

Deformable 0.91 0.17 1 

Overall 0.92 0.70 0.72 

 

4. Conclusions and Future Works 

 

The semi-automated tool for RBC analysis is presented. In 

our work, the circular Hough transform is adopted to 

recognize the RBC. Since, the RBC can be in crescent shape 

that known as Sickel cell, we proposed a simple technique for 

the crescent shape detection. We demonstrated our proposed 

study using a light micrograph and discussed the finding. 

Overall, our tool recorded 92% of accuracy with70% and 

72% of sensitivity and specificity respectively. Several 

limitation of our work also has been highlighted in the 

discussion section. 

 These limitations can be addressed in future by improving 

the deformable detection feature so that more deformable 

shape than crescent shape can be detected. Further, it will be 

more precise if the morphological characteristics are taken 

into consideration during the analysis. This will allows the 

tool to differentiate between RBC and leukocytes despite its 

size.  
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