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Abstract—! Conventional manual cell counting is tedious and is 
error-prone.  In this paper, we present an image processing algorithm 
to automatically count and characterize cells on a hemocytometer. 
The algorithm extracts the area of interest automatically and 
identifies cells with Canny edge detector and circular Hough 
transform. A training set of 30 images was used to adjust parameters 
to maximize accuracy with 92% accuracy. Next, the algorithm was 
tested on 19 additional images and had an average of 86% accuracy. 
The algorithm was robust against background noise and shadows and 
worked well for two different cell types tested (chondrocytes and 
adipose-derived stem cells) with a wide range of cell radii.  
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I. INTRODUCTION 

Conventional cell counting involves the use of a 
hemocytometer, a device with two etched chambers and a 
coverslip on top. Each chamber is marked with square grids of 
area 1mm2 representing a volume of 0.1mm3 (Fig. 1). To 
obtain cell count, a user would manually count and average the 
number of cells in each square grid and subsequently the 
average cell density in the fluid. Since the volume of the fluid 
is known, the total number of cells can be calculated based on 
the cell density obtained multiplied by the total fluid volume. 
The device was originally invented to count blood cells in the 
19th century by a French anatomist, Louis Charles Malassez. 
Today, it is still one of the most commonly used tools in 
laboratories to quantify cell number by manual counting.  

The process of cell counting is tedious, time-consuming, 
and inaccurate due to operator-dependent biases. Various 
studies have reported the development of image processing 
programs to automate cell counting to make the process more 
time-efficient and reduce error [1-4]. However, many of these 
programs require users to change the parameter settings for 
each image to obtain counting with reasonable accuracy [4, 5].  

To make automated cell counting conveniently and readily 
available to users, the image processing algorithm should be 
robust against noise and uneven illumination. Ideally, a user 
would be able to acquire an image with a camera through the 
eyepiece and process the image quickly with the algorithm to 
obtain cell count. This paper presents an image processing 
algorithm to automate cell counting and characterization. The 
algorithm extracts the area of interest automatically and 
identifies cells with Canny edge detector and circular Hough 
transform. To fully automate the process, a training set of 30 
images was used to adjust parameters to maximize accuracy 

(92%). Next, the algorithm was tested on 19 additional images 
and had an average of 86% accuracy. The algorithm was robust 
against background noise and shadows and worked well for 
two different cell types tested (chondrocytes and adipose-
derived stem cells) with a wide range of cell radii.  

 

 

Fig. 1. Using a hemocytometer for cell counting. 

II. ALGORITHM DESCRIPTION 

 The algorithm extracts area of interest (AOI) from a 
relatively low quality image of cells on a hemocytometer, 
identifies the cells in the AOI, counts them and characterizes 
their sizes. The entire process is fully automated without any 
user-defined parameters and was written with Matlab. The 
following steps are involved in the algorithm: 

A. Obtaining a Grayscale Image  

If the input image is a color image, the algorithm will 
convert it to a grayscale image. Only pixel intensity but not 
color is taken into account during processing. 

B. Identifying the Area of Interest (AOI) 

To identify grid lines, edges in the grayscale image are 
detected using Canny edge detector (Fig. 2A) [6]. Horizontal 
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and vertical lines are identified and reconstructed based on 
morphological erosion and dilation with horizontal and vertical 
line structures (Fig. 2B-F).  The advantage of using Canny 
edge detector is that it is less susceptible to noise compared to 
other edge detectors (e.g. Prewitt, Sobel) and is suitable for the 
application here on low-quality images. Once the gridlines are 
reconstructed, the selection of AOI (4X4 square) is based on 
the distance between the grid lines. For each direction 
(horizontal & vertical), the 5 lines that resulted in the most 
evenly distributed grid spacing will be selected and the AOI is 
selected as the region bounded by the top, bottom, left and 
right grid lines (Fig. 3). 

 

 

 
Fig. 2. Detecting grid lines using Canny edge detector and morphological 
operations. (A) Detecting edges of the input image. (B) Detecting original 
horizontal grid lines. (C) Morphological operations on horizonal edges to 
obtain horizontal grid lines.(D) Detecting vertical grid edges. (E) 
Morphological operations on vertical edges to obtain vertical grid lines. (F) 
Horizonal and vertical grid lines.  
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Fig. 3. Area of Interest extracted from the original image bounded by grid 
lines. 

 

 

C. Identification of the cells 

1) Edge detection 
Once the AOI is identified, Canny edge detection is used 
again in the AOI (Fig. 4). This time, a higher threshold for 
strong edge detection is selected to reject edges detected due 
to noise. 

2) Hough circle transform 
Hough circle transform based on edge map of the image 
allows for identification of cells more selectively than directly 
using Hough circle transform on the raw image. Hough circle 
transform has been implemented in Matlab by the following 
function: imfindcircles.  To reduce the identification of false 
positives due to features of the grid lines, edges on and close 
to the grid lines and edges that are detected in between the 
grid lines are treated differently (Fig. 4). A higher sensitivity 
factor is used for edges close to the grid lines. To carry out 
Hough circle transform with Matlab function imfindcircles, 
the following inputs are needed: 

a) Image input (edges detected by Canny edge detector) 
b) Radius range, which is range of radii to be detected 

by the algorithm 
c) Sensitivity factor, a scalar between 0 and 1; when 

sensitivity is increased, more circular objects with 
weak and partially obscured circles will be detected. 

d) Edge threshold: a scalar between 0 and 1, which 
determines the gradient threshold for determining 
edge pixels in the image. 

Adjusting inputs b) through d) for specific images will 
increase the accuracy of the cell identification since different 
images have different lighting, cell size distributions, etc. 
Ideally, optimal accuracy is achieved when these input 
parameters are adjusted specific to each image. However, 
since the goal is to automate the process of cell counting, these 
inputs are pre-adjusted by a training image set to obtain 
satisfactory accuracy across a wide spectrum of images with 
different cell sizes and lighting conditions. Since the accuracy 
of the algorithm is highly sensitive to b) the radius range (e.g. 
a input radii that are too small compared to the actual cell 
radius will result in false positives from shadows and dust on 
the image (Fig. 5B), whereas when the input radii are too big, 
small cells will be missed (Fig. 5C)). To make the algorithm 
robust against cells with a wide range of cell radii, an 
additional step is added prior to Hough circle transform to 
estimate the range of radii of the cells in the image. 
Specifically, the Canny edges are subjected to morphological 
closing operation and the range of radii is estimated based on 
the area of connected regions. This extra step makes the 
algorithm more robust against images containing cells of 
different cell radii. The other two parameters, b) sensitivity 
and c) edge threshold are adjusted for the training image set 
such that a maximum accuracy in this training image set is 
obtained.  

D. Post-processing 

Additional post-processing steps are written to correct two 
common errors that are identified when the algorithm are used 
on the training image set. The first error commonly observed 
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is false positive identification due to shadows adjacent to a 
cell (Fig. 6, A). To correct such error, after imfindcircles 
identifies all the circular objects in the image an additional 
post-processing step is added to eliminate circles that overlap 
each other. Another error commonly observed is the 
identification of dark circular spots as a cell (Fig. 6, B). To 
correct this error, a post-processing step is written to compare 
the pixel intensity within the area outlined by the circle with 
the neighboring pixels.  
 

   
Fig. 4. Decomposing edges into two components: edges that fall within the 
grid lines and edges that are outside the grid lines. 
 

   
Fig. 5. (A) Original image, with blue circles indicating the identified cells 
based on the function imfindcircles with input range of radii that are (B) too 
small, and (C) too large, leading to over-estimation and under-estimation of 
the total number of cells respectively. 
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Fig. 6. Two common sources of error of the algorithm are A. shadow adjacent 

to a cell and B. dark spots identified as false positives. 

E. Reporting Total Number of Cells and Average Cell Radius 

At the last step, the algorithm displays a cropped image 
from the original input image showing the area of interest with 
circles drawn outlining the identified cells (Fig. 7). The total 
number of cells and the average radius calculated based on 
Hough circle transform are reported on the screen as well.  
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Fig. 7. Output of the algorithm displaying the cells identified along with the 

total cell number and average radius. 

III. PERFORMANCE  

A. Performance in the Training Image Set 

To determine the set of parameters used in the algorithm 
for Canny edge detector and Hough circle transform, a training 
image set containing 30 images is used. The training set 
contains image of two different cell types, chondrocytes and 
mesenchymal stem cells and the size of the cells vary. The 
computed total cell number by the algorithm is compared 
against that obtained by manual counting. Error may be due to 
under-counting by missing a cell or over-counting by counting 
false positives. In general, error percentage tends to be larger 
when the total cell count is smaller. The error here is defined as 
(number of over-counted cells by the algorithm + number of 
missed cells by the algorithm)/(total number of cells obtained 
by manual counting). As shown in Fig. 7A, the major source of 
error is from over-counting false positives. The error 
percentage ranges from 0 to 19.3%, with an average error of 
8.4%. The average radii range from 8 to 13�m. After the 
parameters in the algorithm are determined from the training 
set, it is applied to a testing image set.  In the testing set, error 
ranges from 1.5 to 28.2% (Fig 7B).   

 

 
Fig. 7. Error percentage in A) the training image and B) the testing image set. 

B. Alternative Methods Used 

During the development of the algorithm, several other 
methods are used to identify cells in the images. These include: 
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1) local adaptive thresholding, 2) edge detection followed by 
identification of cells based on connected neighbors and 3) 
edge detection followed by morphological closing and cell 
identification with connected neighbors.  

1) Local adaptive thresholding: 

Local adaptive thresholding is a suitable method when 
dealing with uneven illumination since threshold for 
binarization is chosen lcoally. In general, such method works 
well when the cells appear as bright spots in the images. 
However, depending on the configuration of the microscope 
and cell types, sometimes the cells appear as dark spots with 
bright edges, and in these instances the algorithm would fail to 
identify cells (Fig. 8). In contrast, edge detection is gradient 
based and would be robust against cells that appear as bright 
and dark spots in the image. Therefore, edge detection-based 
method is chosen over local thresholding. 

 
Fig. 8. Sample images of the cells. Cells may appear as dark (left) or bright 
(spots). 

 
Fig. 9. Edges detected by Canny edge detector. 

2) Edge detection followed by identification of cells 
based on connected neighbors: 

Before choosing Canny edge detector, other edge detection 
methods such as Prewitt and Sobel edge detection are applied 
to the images. Canny edge detector is chosen over these edge 
detection methods since Canny edge detector calculates 
gradients based on derivative of a Gaussian filter, and is less 
susceptible to error due to noise. Once edges are detected, it 
seems reasonable to identified cells based on connected 
neighbors. However, examination of the edge maps reveal that 
many of the edges are not connected directly and an alternative 
method is needed to identify cells based on the edge map (Fig. 
9). 

3) Edge detection followed by morphological closing 
and cell identification with connected neighbors: 

Another alternative to identify cells based on edges would 
be morphological operations such as erosion and dilation. 
However, one challenge of applying these operations is that a 
window structure with defined size is needed to carry out these 
operations. This would make the algorithm less robust against 
cells with different radii, and would also make the radius 
calculation less accurate. 

IV. CONCLUSIONS & FUTURE DIRECTIONS 

The goal of the algorithm presented here is to automate cell 
counting and characterization based on images of cells taken 
on a hemocytometer. All the image process steps, from area of 
interest identification, edge detection, to cell identification and 
characterization are fully automated without any user input 
(e.g. threshold selection, parameter adjustment, etc.). The 
algorithm presented here is able to identify cells and count 
them with reasonable accuracy of 86% in the testing image 
set. However, as mentioned above over-counting false 
positives is a major source of error. While post-processing 
steps are added to reduce error, the algorithm may be further 
improved. Additional post processing steps to examine and 
compare the identified cells against neighboring pixels may be 
added to further reject false positives. Alternatively, additional 
steps which compare the population of the identified cells 
based on cell size and other properties may be used to reject 
false positives. To make the algorithm more accessible to 
users, the next step is to implement it into a mobile phone 
application such that users can easily take an image and 
process the image on their phone directly.  The mobile phone 
application may also include formula to calculate total cell 
number and provide statistics on the cell count variations from 
one square grid to the other such that users can have more 
information the accuracy of the cell count. 
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