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This article presents the implementation of the watershed method for the segmentation
of nuclei in fluorescent images of cancer cells. In this study, we apply the watershed
algorithm to fluorescent images of cancer cells, aiming to accurately find the boundaries of
nuclei for further analysis. The article discusses the methodology used for preprocessing the
images and applying the watershed algorithm. The watershed shows the following
drawbacks: watershed lines run through nuclei rather than along their boundaries, merged
nuclei persist after processing, over-segmentation leads to noise on the nuclei mask.
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B nanHOU crathbe NpeacTaBiIcHa peann3alys METoAa BOAOpa3Aeiia Aid CerMeHTaluu
siep Ha (PIIyopecleHTHBIX U300paKeHUIX PAKOBBIX KJIETOK. B 3TOM Hcclie1oBaHUN MBI TTPH-
MEHsIEM aJITOPUTM BOJIOpasjielia K (IyopeclieHTHBIM N300pa’keHUSIM PAKOBBIX KJIETOK, CTpe-
MSICh TOYHO HalTH TPaHUIIbI SAep AJIs JajbHENIIero aHainu3a. B cratbe oOcykaaeTcst MeTo-
JI0JI0THsl IPeBapUTENbHON 00pabOTKU M300paKeHU U MPUMEHEHUs aJlrOpuTMa BOJ0OPa3-
nena. Merton Bomopasaen UMeeT CIEAYIOINe HEAOCTAaTKU: JTUHUM BOJOPA3ena MPOXOAT
gepes s1/1pa, a He BJ0JIb UX TPAHULL, CIUTHIC Apa COXPAHIIOTCS Mocie 00paboTKH, Ype3Mep-
HadA CCrMCHTAlMA IIPUBOAUT K IIYMY Ha MAaCKE A0CP.

Knioueevle cnoea: Bonopaszen; (hiayopecieHTHas MUKPOCKOIHsI; 00padoTKa n300pa-
YKEHUM.

INTRODUCTION

Fluorescence microscopy plays a pivotal role in cancer research by
providing high-resolution imaging of cellular structures. Accurate segmentation
of nuclei from fluorescent images is essential for understanding cellular
morphology and pathology [1]. One of the most efficient ways of image
segmenation is the usage of the artificial neural networks, such as convolutional
neural networks. However, as they estimate the probabilities of the nuclei
locations in the image, it occurs to the presences of the clumped objects on their
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binary masks during the thresholding [2]. The watershed method is a prominent
technique for segmenting overlapping objects in digital images. In the context
of cancer cell analysis, it offers a promising approach to delineate individual
nuclei within densely packed regions [3]. This paper introduces an
implementation of the watershed method tailored for separating nuclei of cancer
cells in fluorescent images. The aim of the paper is to implement the realization
of the watershed segmentation method with markers based on the image
preprocessing.

DATA

The article examines three-channel fluorescent images of breast cancer
cells, obtained with a 10x magnification on a Nikon TE200 inverted
epifluorescence microscope equipped with a Photometrics 300 series CCD
camera. The image size is 2048%2048 pixels. The indicator of cancer cells is the
estrogen receptor protein labeled with Cy5 dye (registered in the red channel of
the image). In the cytoplasm of cancer cells, the cytokeratin protein
accumulates, were labeled with Cy3 dye (registered in the green channel). The
4,6-DAPI dye was used to label all nuclei (registered in the blue channel).
Accordingly, the markers for cancer cells are two dyes — Cy5 and Cy3[4].

The images were preprocessed using the algorithm described in paper [2]
to estimate the probabilities of nuclei locations. The binary masks were obtained
by thresholding the probability images, with a threshold of 0.5.

WATERSHED ALGORITHM

Let | be the input image, where I(x,y) represents the intensity at pixel

coordinates (x,y). We consider | as a topographic surface.

1. Gradient Calculation: Compute the gradient magnitude of the image
to identify potential watershed lines. This can be represented mathematically as:
M=/M /=(01/0x)*+(01/dy)?

2. Marker Generation: Identify markers for the watershed
transformation. These markers typically correspond to the local minima of the
gradient magnitude image. Let M represent the marker image, where M(x,y)=1,
if pixel (x,y) is a marker, and M(x,y)=0 otherwise.

3. Flood-Filling: Simulate a flooding process starting from the markers.
This process is akin to placing water at each marker and letting it fill the image.
At each step, the water from neighboring pixels flows towards the marker with
the lowest intensity. This process continues until all pixels are assigned to a
marker. Mathematically, this can be represented using a flooding function F
defined recursively as: F(x,y)=(x"y') EN(x,y) min{F(x'y')+1}, where N(x,y) is
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the set of neighboring pixels of (x,y). The initial values of F are set to 0 at marker
locations.

4. Watershed Line Formation: Watershed lines form where the flooding
fronts from different markers meet. These lines delineate the boundaries
between segmented regions. They can be represented as a binary image W,
where W(x,y)=1 indicates a watershed line pixel and W(x,y)=0 otherwise.

Watershed segmentation involves computing the gradient of the image,
identifying markers, simulating a flooding process from these markers, and
finally extracting watershed lines to segment the image into regions [5].

IMPLEMENTATION

The flow-chart of image processing for watershed implementation is
shown in the figure 1.

1 3
Start > Watershed
> v z v
Distance Transform Removing
background
v 7
3. 7
Median Filtering Stop
v
M Local Maxima | |
Detection

Fig. 1. Watershed implementation flow-chart

1. Start. The input consists of a mask of clumped nuclei (nucleiciumped),
which represents an input image containing clumped nuclei, and the minimum
area of nuclei (areamin).

2. Distance Transform. The code computes the distance transform of
nucleigumpes  USING Euclidean distance transform, storing the result in
i mag €transform.

3. Median Filtering. It calculates the radius (rmin) based on the areanmin.
Then, it applies median filtering to imagewansiorm USINg a square-shaped
structuring element with a size determined by rpin.

4. Local Maxima Detection. It identifies the coordinates of peak local
maxima in the negated imagetansiorm- Than it uses a 3x3 neighborhood and
assigns labels based on nucleicumped.

5. Watershed. It initializes a mask based on the peak local maxima
coordinates and performs watershed segmentation on the negated distance
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transform image using these markers. The resulting segmented image is stored
in labels.

6. Removing background. Finally, it removes the background (regions
labeled as O in labels) from nucleigumped, iSolating the individual nuclei.

The implementation is made on the Python language and it includes
following libraries: numpy, skimage, scipy.

RESULTS

The results of segmentation are shown in the figure 2. The grayscale image
(Fig. 2A) is presenting the estimations for the nuclei probability locations. The
figure 2B shows only clumped nuclei after thresholding. The distance transform
Image after filtration is presented in the figure 2C. The separated nuclei by the
watershed method are shown in the image 2D.

Fig. 2. Segmentation results:
A - Grayscale image; B - Clumped nuclei; C - Distance transform image after filtration;
D - Separated nuclei

CONCLUSION

As indicated by the segmentation results, the watershed method allows for
separating merged objects. Even though our implementation leverages image
processing techniques to enhance segmentation accuracy and efficiency, the
disadvantages of the method include:

1. Watershed lines do not run along the boundaries of nuclei but through
the nuclei themselves.

2. Merged nuclei remain after processing with the method.

3. Over segmentation, this also results in noise presence on the nuclei mask.
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