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Abstract—Cancers are one of the deadliest diseases with a
costly treatment system in the world at present. In this paper a
cost-effective, autonomous system of cancer-cell detection was
proposed using several efficient image processing methods to
develop an early stage non-Hodgkin type lymphoma which is a
type of blood cancer. The system is implemented automatically to
detect the traits of cancer in microscopy images of biopsy
samples. Recent attempts have previously lacked flexibility in
characteristics and the accuracy level is not consistent with the
individual cancer type. The framework consisted of three stages
for detecting cancer on the basis of various detected traits
including cell segmentation, quantification, area measurement
analysis of cells, a center clump detection using the moment of
image, identification of 4-connected components and Moore-
Neighbor tracing algorithm. This methodology has been used in
several sets of images and Feedback from these test executions
has been used to improve the system. Subsequently, the proposed
method can be used efficiently for used for autonomous non-
hodgking type lymphoma cancer cell detection, which has an
accuracy of 93.75%.
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I.  INTRODUCTION

The term cancer is referred to as a barrier to anomalous cell
division. Cancer cells can migrate across blood, lymph systems
and tumors to other areas of the body. But all tumors are not
cancerous, tumors may be benign as not cancerous, or
malignant (cancerous). There are over one hundred types of
cancer that has been recognized and each type has many
subtypes which has variations of their own. This immense
variation makes cancer detection very complex, especially in
the preliminary stages. The causes of cancer, in most cases, are
still not very well understood. Hence treating cancer becomes
even more strenuous [1-3]. Due to this enormous complexity of
the disease scientists, doctors and engineers all over the world
are researching on the field of cancer to achieve a better
understanding of cancer and find absolute cures for each type
of cancer in the process. Even though the process is lengthy
and difficult, but knowing more will enable doctors to cure
cancer patients more effectively. This motivated us to think
about the mechanism of cancer detection and use technology to
speed up the process. If cancer researchers are able to
automatically detect cancer cells via means of image

processing, this can save tremendous amounts of time and also
increase efficiency of the research, since the human error factor
will cease completely. For detail clarification of
implementation techniques, several similar works had been
studied throughout the research. For instance, an automatic
detection method was introduced by Agaian, S. et al. for Acute
Myelogenous Leukemia where 80 microscopic image data,
collected from the American Haematology Society, were used.
The authors used k-mean cluster algorithms to extract the
nuclei of the cell in the pre - processing phase. Then extraction
of features by Hausdorff Dimension was carried out to count
the number of the boxes. SVM is then adapted as the
classification where the accuracy is 98% [4]. Two approaches
to classify blood cell cancer were suggested based on the
doctor's guide by separating L1, L2, M5 AML and comparing
with other forms of leukemia. The working architecture was
developed based on the Gaussian distribution and Random
Forest Classification methodology, after transforming RGB to
YCbCr color space and this solution was able to get 94 percent
accuracy [5]. Leukemia detection with leucocytes classification
was performed by Putzu, L. et al. [6] using image processing
techniques including color conversation, contrast stretching,
applying Zack Algorithm for segmentation, removing
backgrounds and so on. Total seven types of feature extraction
calculation were applied including measurement of roundness,
convexity, compactness, elongations, eccentricity,
rectangularity, and these were fed SVM classifier where the
accuracy was more than 80% deploying on 33 test images.

Il. THEORITICAL STUDIES

A. Connected Components Lableing (CCL)

The CCL scans an image depending on pixel connections
to identify connected areas. Connect component pixels are
somehow related where they are bound to those pixel intensity
values. Both pixels are marked with a color after evaluating the
connected areas. Connected labeling components searches an
image from top to bottom and from left to right, pixel-by-pixel,
for instance, to distinguish areas of neighbor pixels of same
intensity values [7].The CCL operator scans the image by
moving along till it complete a loop from the coordinates, it
found and started. It thoroughly scans like its own process with
the concept of four connections. If any non-zero pixel (white)
is found, it starts the loop and stores the pixels that at least have
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one connection with its neighbor one. Through this process, a
certain pixels of bounded area are stored. To obtain the contour
pixels, while the scanning in an image, if any of four connected
components is missed, it stores as a contour pixels.

B. Douglas-Peucker Algorithm

Douglas-Peucker is necessary to have the line segments
approximate the initial direction. In topology, the ultimate
simpler path is compatible with the initial path, in particular
with neighborhood trajectory properties. The characteristic
points are extracted and the original trajectory, approximating
the original trajectory, is then reconstructed. The benefit of the
fundamental DP is that the measuring outcome is definite when
the curve and threshold are specified, with a rotation and
translation entropy. In order to optimize the rows, the threshold
must be predetermined by the users [8]. All points are
illustrated from the first to the last stage as well as the first and
the last stage are automatically retained. The point is the one
with first and last points as nodes that are the further off from
the section with the curve nodes, where one point is similar to
the line section than epsilon, all items that have not actually
been defined are removed without an aided scale of the worst
than epsilon. When the furthest point is bigger than an epsilon
from the line segment, the point is kept. The approach applies
frequently to the first, and furthest and then the last, which
includes the distance marked as conserved. A new curve with
the values labeled for retention after completion of the incident
is created.

C. Moore’s Neighbor Tracing Algorithm

The pattern group of white pixels in this Algorithm is
positioned on a black pixel backdrop. It is taken as the starting
pixel when a white pixel came at the left end of the pixel range.
Afterwards, the contour was extracted from this pixel in a
clockwise direction by moving round the pattern. This enabled
machine to map the entire pixel array. The key thought is to go
back until the last white pixel backtracking from it hits a black
pixel on every time. When the second visit was made to first
pixel, the algorithm stops.

I1l. PROPOSED METHODOLOGY

The following methods are implemented in order to count
normal and cancerous cells, segmenting cancerous cells by
calculating areas and measure centers and distances between
each of those kinds of cells that forms clumps. Fig. 1 described
the work flow.

A. Pre-processing

In this proposed model, Non-Hodgkin Lymphoma typed
cancer cells’ biopsy image in Fig. 2.a that has 1000 x 741
resolutions, is used for analysis [9]. The sample image
undergoes with gray scaling shown in Fig. 2.b, to minimize
color complexity, converted to binary image using Otsu [10-
12] threshold with normalized intensity value 0.55, shown in
Fig. 2.c and then image is processed into inverted binary image
to make easier while calculating moments of image in the next
step to measure area which is visualized in Figure 2.d.
Followed by median filtering to reduce noises in Fig. 2.e and
flood fill operation [13,14] is applied to fill the background
regions using morphological reconstruction which recover the

Vol. 12, No. 4, 2021

minima shown in Fig. 2.f that are not connected with in an
object boundary.

B. Image Segmentation

As in some cases of cancer, cells don’t get bigger or form
clump but increase in number by dividing, then the following
cell counted method will be applied and also implemented to
count and extract only cancerous cells based on size. First of
all, boundaries of each cells are traced based on the
connectivity’s of white pixels from black pixels background.
Moore-Neighbor tracing algorithm’s modified version Jacob’s
stopping criteria [14], [15], [16] is applied that scans starting
from left bottom left corner to each rows going upwards and
again starting from leftmost column to right until stop from
where it started If it can complete a loop, then it’ll be traced as
segmented boundary and quantified as cell .In the end, the final
image in binary and RGB form will be displayed by plotted
each outer shell of cells marked with green color.

C. Cells’ Area Measurement Technique

Cancerous cells enlarge in size in some types including
lymphoma. The paper presents two different ways to calculate
area of cells, one is based on region extractions and another is
by calculating the moments of image.

Median Filtering

for binarization

Median Filtering

Flood-Fill Operation

{ Cell Segmentation J [ Area of cells
and Quantification

% n
|§.s

Analysis and Detect

Fig. 1. Proposed Workflow.
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Fig. 2. (a) Sample Image, (b) Gray Scaled, (c) Binarizing using Otsu
Threshold 0.55, (d) Inverse Binarize (e) Median Filtered, (f) Flood-Fill
Operation.

The method of connecting components are used to find
connected regions [17, 18] and how many pixels are connected.
As it is 2D image and need to find pixels that are directly
connected or touches edges, 4-connected neighborhood are
used. Now, in order to measure properties of the regions of
connected non-zero pixels, the function of MATLAB named
regionprops [19, 20] is implemented. This Returns a quaternion
that indicates the actual pixel number in the area. The
neighbour regions are the cells. In the connected area the
number of non-zero white pixels is the cell region.

In the second proposed method of cells area measuring,
regions are extracted and computed after calculating moments
of image based on contour approximation method as cells are
in irregular shapes. Contour approximate method [21] which is
the implementation of Douglas-Peucker Algorithm [22], stores
all contour vector points of horizontal, vertical, and diagonal
segments using OpenCV’s chain approx none [23]. If the
image is considered as f(x,y) and i, j are any number to
calculate image with pixel intensities then the moment of
image M;; can be calculated using following equation:

Mij ZZnyxiyj(x'y) (1)

In the binary image of cells, the zero™ moment M, is the
Area [24].

A= M,, @)
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As the binary image’s pixels are 1 and 0, if x and y are 0
that means for every white pixels, a ‘1’ will be summed. This
process will continue until returning to the starting point of
scanning in a connected region. When w and h denote width
and height of the image, equation of Area A can be written as
below where x°y° is removed as it doesn’t affect the
equation.

A=Y Xy-0x°y°f (x,y) ©)

As the area of objects is relay on pixel, so the area of same
sample may vary based on image resolution. To avoid errors
for pixel pitches following equation of ratio is implemented in
both area measuring method, while coordinates x = 1000 and y
=741

New Resolution

oy )

A = A x Ratio (5)

Ratio =

D. Clump Detection based on Center and Distance
Measuring

In some cases of cancer, cells don’t enlarge or divided to
increase in number, it forms clump. To detect clump, system
needs to detect either the affected nucleus or center of each
cells. In this sample type of cancer cells image, clump will not
occur but method has been applied on to detect center and
distance from each. To detect center step of area measuring
using moments of image based on contour approximation [25]
is followed to get the area using Otsu binarization thresholding
(Fig. 3.a) and canny edge detection (Fig. 3.b). Then divide each
by the number of pixels that is the zero™ moment (M, o) which
is the area of the particular bounded region. Considering sum,,
and sum,, are the total x and y coordinates of white pixels, and
M, , My, are the calculated average position of each axes.

My = 22 ©
sum
My, = e 7
o = ™
— (Mo Moy
Center = (MOO,MOO) (8)

Here, coordinates of center x and y are described as thee
spatial moments of first order and dividing with area. the
location of centers is marked with RGB value (24,16,247).
After that, the distance from one center point to other is
measured using distance formula.

©)

Fig. 3. Counted Cells Plotted in (a) Binary Image, (b) RGB Image.
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To reduce errors, lowest three distances are taken, bubble
sort algorithm is applied. Afterwards, it is proposed to mark the
center of the cells and measure the positions and find out the
lowest three distances from one another to reduce error, based
on the values of the distances. Hence find out if a clump of cell
is present. This system of center measuring is also based on the
calculation of the moments of the image [26, 27, 28]. Gaussian
smoothing is applied just before the median filtering during
pre-processing. Both Otsu algorithm and canny edge detection
[29, 30] algorithm are applied to analysis severally and
outcomes are visualized in Fig. 4. To split the touching or
overlapping cells, watershed algorithm is used based ride line
after getting value from distance transformation. Then the cells
are contoured. Contour contains the coordinates of cells that
have the same outline intensity with fewer number of vertices.
Contour approximate method is the implementation of
Douglas-Peucke Algorithm [31], it stores all contour vector
points of horizontal, vertical, and diagonal segments with
opencv’schain_approx_none method. Moments are determined
using Discrete Green's Theorem which are the specific
weighted average intensities of the image pixels and the
boundaries can be drawn using draw contour function of
OpenCV.

Fig. 4. (a) Pre-processed Image, (b) Center Marked of each Cell using Otsu
Threshold, (c) Center Marked using Canny Edge Detection.

IV. RESULT AND DISCUSSION

By doing a relevant study, it is acknowledged that non-
Hodgkin type lymphoma cells grows in numbers and enlarge in
size. As over lapping is needed to be reduces as much as
possible, the system varies on Otsu threshold with normalized
intensity value to detect perfect shapes. TABLE | show that
while the threshold value is 0.55, all cells are detected in best
shapes and total 96 cells are counted throw this system where
the actual number of cells is 94 counted manually. So, it gives
97.91% accuracy. Finally based on the threshold value of area
gained by trial and error method, total 31 cancerous cells which
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is shown in TABLE Il, are detected and counted in the
particular region of the sample image.

The cells are measured and marked using connected
components analysis with a threshold value of 1100 pixels. The
threshold value was fine-tuned for this particular image by trial
and error method. This process displays out each cell
individually with the respective area.

After analysis the cells the following graph Fig. 5 is
generated and plotted based on areas. The line above the red
line shows the cancer cells and cells plotted below the red line
indicates the normal cells. The detected and segmented each
cancer cells are shown in Fig. 6. and visualization of their
calculated area are displayed in Fig. 7.

Implementation of Otsu binarization threshold produced a
more accurate result during center marking for detecting
clumps compared to using Canny Edge Detection. TABLE IlI
displayed the cell marking and accuracy difference of both
methods.

TABLE I. TOTAL CELLS BASED ON THRESHOLD VALUE
Otsu Threshold value (Binarization) Total cell Accuracy (%)
0.1 0 0
0.2 39 41.49
0.2 67 71.27
0.3 105 89.52
0.35 109 86.23
04 101 93.06
0.45 101 93.06
0.5 98 95.91
0.55* 96 97.91
0.6 90 95.74
0.65 86 91.48
0.7 80 85.1
0.8 71 75.53
0.85 1 1.06
TABLE Il.  TOTAL CELLS BASED ON THRESHOLD VALUE
Area (in Pixel) Cancer Cell Count
700 35
800 33
900 33
1000 33
1050 33
1100 31
1150 29
1200 28
1300 28
1400 24
1500 24
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Fig. 5. Area of Cells vs. Segmented Cells.

Fig. 6. Detected and Segmented Cancer Cells.
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Fig. 7. Visualization of Area of Cancer Cells.

The proposed method is compared with existing three other
methods which is shown in TABLE IV. Among the three other
methods, algorithms like k-mean cluster, support vector
machine (SVM), Zack algorithm for thresholding, watershed
segmentation, Fuzzy c-means as well as feature extractors like
Gabor Gray Level Co-Occurrence Matrix (GLMC).

Vol. 12, No. 4, 2021

TABLE Ill.  ACCURACY TEST OF ALGORITHMS TO FIND CENTERS FOR
CLump
Threshold using in Cells marked (out of o
Center Marking 94) Accuracy (%)
Otsu Binarization
90 93.75
Thresholding
Canny Edge 22 22.91
TABLE IV.  COMPARISON WITH EXISTING WORKS
Reference Method Accuracy (%)
Fuzzy c-means clustering, Gabor 0
[32] texture extraction and SVM 90%
[33] K-mean clustering, GLCM Features | 83.33%
[34] Threshold with Zack Algorlthm with 93%
Watershed Segmentation and SVM
Proposed CCL and Moment of Image with 93.75%
Method™* Otsu Thresholding 97

V. CONCLUSION

Every year millions of people all over the world are being
suffered from cancer and a large percentage of these people die
because there is no solid cure to the type of cancer that affected
them. Numerous scientific communities are constantly
researching on different grounds of cancer to figure out
possible defined cures. The proposed model effectively
identifies cancer cells simultaneously by cell counts, cell area
measurements and clump detection in this study. In terms of
traits and the accuracy of 93.75%, the proposed non-hodgking
cancer cell detection technology method from microscopic
biopsy images may be an optimum approach.
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