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ABSTRACT

A variety of methodologies are available for the study of cell migration in vitro which has major function in
physiological and pathophysiological processes even in cancer metastasis. The in vitro scratch assay is widely
utilized for cell migration analysis. The straightforward, simple, and inexpensive procedure is performed
manually; demonstrated to exhibit a high degree of similarity to the in vivo migratory behavior of cells. The
scratch area is approximated to a rectangle or averaged to a certain number of parallel distances, performed
by the analyst. Being laborious and time-consuming, the visual evaluation process is contingent upon the
researcher’s professional expertise, leading to subjective outcomes in the results. Furthermore, factors such
as differing experimental setups, imaging equipment and brightness differences in the images can also lead
to subjective outcomes. In order to circumvent inherent subjectivity, utilization of fully automatic software
is proposed for the segmentation and quantification of scratch assay micrographs. The proposed software’s
algorithm is founded upon the principles of morphological image processing and rank filtering, encompassing
a series of image processing steps. The results demonstrate that the software generates reproducible outputs
even though parameters of the image such as brightness and contrast change. The algorithm offers a novel
perspective in this field and functions as a robust and user-friendly computational instrument for end users,

thereby reducing the subjectivity of the results.
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INTRODUCTION

Cell migration is the key step of many phys-
iological and pathophysiological processes such as
development, inflammation, tissue repair/regeneration,
and cancer metastasis. There are different methods of
studying cell migration in vitro. In vitro scratch assay,
also known as the wound healing assay or wound
healing (WH), was first introduced by Lampugnani
(1999). The assay is widely used for the analysis
of in vitro migration of cultured cells since it is a
straightforward, easy, and inexpensive method (Song
etal.,2017; Somadder et al., 2024; Soykan and Gunes,
2024; Yu et al., 2024a;b; Kim et al., 2025). In addition,
it has a good mimicry of the in vivo migration behavior
of cells and is compatible with real-time cell imaging
(Liang et al., 2007). It can also be adapted to a high-
throughput screening platform (Yarrow et al., 2004).

Scratch assay is based on the “healing” of a gap,
or a scratch, created by scratching the fully confluent
cell monolayer with a pipette tip. Due to the increment
of soluble factors in the medium, cells polarize and
protrude toward the scratch, contract and adhere to the
surrounding matrix, and finally, they migrate to close
the scratch (Small, 2013). Healing of the scratch is

141

monitored over a time course by microscopy, scratch
images are captured, and WH is evaluated according
to variable parameters to determine cell migration via
image analysis. The main limitation of the assay is
the standardization of the assessment in terms of the
techniques used and the end-point parameters selected.
This is a general issue in all biological assays.

Scratch size and migration rate are two parameters
for the quantification of cell migration. In manual
analysis, the scratch size is measured in two ways.
Firstly, the distance between two parallel lines at the
boundaries of the scratch can be recorded. Secondly,
the scratch area can be measured by tracing the sound
boundaries (Topman et al., 2012). There are different
parameters for the determination of the migration
rate. For example, the distance between the scratch
edges is measured by at least ten random parallel
horizontal points, and the mean values are calculated.
The migration rate is expressed as a percentage of WH,
calculated by dividing the scratch difference by the
original scratch (Iseri et al., 2014; Luan et al., 2017).

Image analysis tools are frequently used for man-
ual extraction of quantitative information (cell area,
scratch size, scratch area, etc.). Visual analysis and



manual quantification of scratch assay images mainly
depend on personal expertise, are time-consuming, and
difficult. It may also have subjective consequences due
to inter-experimentalist variability and experience. The
challenge is to significantly accelerate with automated
quantitative high-throughput image tools which enable
acquiring objective and reproducible results. This case
sparks great interest in the community of people using
scratch assay.

To overcome these limitations, we have developed
fully automatic software for the segmentation and
quantification of scratch assay micrographs. The
algorithm of this software is based on morphological
image processing and rank filtering with several
image processing steps. The goal of the study is to
fulfill robustness and accuracy, concerning different
experimental setups and/or image properties. Image
parameters may vary due to different experimental
setups and imaging equipment. Therefore, the software
was designed to operate in the same way for all
situations; and hence has flexibility for modification.

This study is an improved and expanded version
of our previously presented work (Erdamar et al.,
2017). The main enhancements are the application
of rank-filtering to detect scratch area substituting
multi-thresholding in the previous work, and an
extended image set for robustness. The rest of this
article is organized as follows. Section 2 includes
reviewing the related work. Section 3 begins with
the description of the cell experimental setup and
properties of the micrographs. Then, our approach to
segmenting scratch areas is introduced. Appropriate
ways to formulate this problem are described for
each step. The results of the algorithm are given in
Section 4. In Section 5, discussion of the results with
previous studies and the proposed solutions by our
method are considered. Finally, Section 6 constitutes
the conclusion.

RELATED WORK

In the literature, there are limited studies about
automated quantification of scratch assay images. The
common goal of these studies is to get over the
obstacles related to the image acquisition process and
to elaborate specific design for the problem. The initial
attempt was to develop a software tool based on
the fast discrete curvelet transform for the automated
analysis of monolayer scratch assays. Gebick et al.
(2009) confirmed the robustness of this algorithm on a
diverse range of cell morphologies, under conditions of
pharmacological stimulation or inhibition of migration
and also in genetically manipulated cell lines. Topman
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et al. (2013) presented an automated and quantitative
methodology for determining time-dependent damage
areas in monolayer culture experiments. The utility of
the method was represented by conducting scratch as-
say experiments in eight cultures of NIH3T3 fibroblast
cells. Zaritsky et al. (2011) presented a segmentation
algorithm to separate between multi-cellular and
background regions for bright field images, based
on a classification of local patches within an image,
leading to evaluation of the scratch assay. Zordan
et al. (2011) developed an automated image analysis
algorithm based on texture segmentation capable of
rapidly distinguishing between areas of the image
covered by cells and the bare scratch area. Milde
et al. (2012) introduced an algorithm and software
for the automated analysis of cell migration in scratch
assay under varying substrate conditions. Cortesi et al.
(2017) developed a computational tool that computes
the local entropy of micrographs to identify the scratch
area. GlaB et al. (2012) proposed an automated method
using the support vector machine. Three features were
calculated from micrographs and the classification
method defined cell boundaries. Vargas et al. (2016)
presented a quantitative method for scratch assay
analysis. This algorithm includes morphological and
spatial filters and is based on the least squares
method to fit curves for cell lines. Garcia-Fossa
et al. (2020) presented PyScratch, a Python program
for quantitative analysis of in vitro scratch assays.
This software analyzed confluent cells and showed
impact of high plating density affecting cell migration.
Suarez-Arnedo er al. (2020) developed an optimized
plugin for ImagelJ, which automates the recognition of
scratch size, corrects the average scratch width, and
quantifies other parameters.

MATERIALS AND METHODS

MICROGRAPHS AND IMAGE ANALYSIS
ALGORITHM

The experimental work was conducted at the
Department of Molecular Biology and Genetics,
Faculty of Arts and Sciences, Bagkent University. The
dataset under consideration comprises micrographs of
human breast adenocarcinoma (MCF-7, SAP Institute,
Ankara, Turkey) and human hepatocellular carcinoma
(HepG2, ATCC, Rockville, MD, USA) cells. The
cells were seeded in six-well plates at a density
of 1 10% cells per well. Linear scratches were
created on confluent cell monolayers using a pipette
tip. The scratch areas were visualized using an
inverted microscope (Olympus CK40) and captured
with a digital camera (Eclipse E600, Nikon, Japan).
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Micrographs were recorded at 24-hour intervals over
a 72-hour time course. The raw RGB images were
saved in JPEG format with a resolution of 2560
1920 pixels. The proposed image analysis algorithm,
depicted in Fig. 1, was developed utilizing MATLAB
(MathWorks, Inc.) and consists of three primary
stages. The following subsections provide a detailed
exposition of each stage of the algorithm.
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Fig. 1. The flow chart of the scratch
analysis algorithm.

assay image

IMAGE PROCESSING (15T STAGE)

In the first step, the RGB image was converted
into a grayscale image by using NTSC converting
algorithm (Gonzalez and Woods, 2008). After the
gray-scaling process, rank filtering was applied. Rank
(order statistic) filters are non-linear spatial filters
which are based on ordering (ranking) the values
of a pixel contained in image area encompassed by

satisfy X1y  X(2) X(n)- The ranking process
determines the response of the filter. Maximum rank
filter in this study was used. This process replaced the
value of a pixel with the maximum of the pixel value
in its neighborhood (Heygster, 1982). Neighborhood
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window size was set as 25 25 pixels due to
experimental trials. Maximum filtering was achieved
using Eq. 1 and then applied to the grayscale image.
Maximum rank filtering facilitates enhancing bright
areas corresponding to cell locations in this study.
Scratch areas remained nearly the same value. Rank
filtered image (RFI) was obtained after the filtering
process:

fly)= max fg(s;1)g: M
(5:1)28yy

where f(x;y) is the intensity value of the pixel
at coordinates (x;y), and Sy, denotes the 25 25
square neighborhood window centered at (x;y). The
set of coordinates within this local window is formally
defined as:

Sy =F(s;1)2Z%jx 12
y 12

x+12;
y+12g:

s
t

)

In the brightness correction process, scratch (inner)
and cell (outer) areas were obtained through a
segmentation process and a series of mathematical
operations. In Fig. 2, these areas are marked on
an exemplary scratch assay image. As a first step
of the process sequence, the grayscale image was
subtracted from the RFI, and a difference image was
obtained. In the following step, the difference image
was segmented with Otsu’s segmentation (Otsu, 1979).
Otsu’s segmentation was applied to determine the cells
surrounding the interior area. In this method, the image
is assumed to be formed from two different pixel
classes which are foreground and background pixels
(Otsu, 1979). In this context, foreground pixels were
cells and background pixels were scratch area. To
obtain the scratch area, the outer area was subtracted
from the grayscale image. Then, noise removal and
sharpening processes were applied both for scratch and
cell areas. Brightness correction steps are summarized
in Fig. 2.

In the post-processing part, noise removal and
sharpening, with an unsharp mask, were applied
respectively. For the noise removal step, Wiener
adaptive noise-removal filtering was used; it was
preferred because it reduces the minimum mean
squared error between the images, both at input and
output (Lee, 1980; 1983). This process is aimed
at reducing algorithm errors due to image noise.
Intensity levels converged due to minimizing variance
in locations where quantitative changes are low. For
the first step, an N M sized window was used
for determining the local mean (Eq. 3) and variance
around each pixel (Eq. 4). Next, a noiseless image b
was obtained from the input image a by using local
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Fig. 2. The flowchart, which illustrates a sample of a micrograph scratch assay image, delineates the process of
brightness correction and the calculation of cell/scratch areas.

mean (1, the variance around each pixel 6> and noise
variance v with Eq. 5 as follows:

1

u=-— Z a(ny;ny) 3)
NM ny;no2n
1
o’=— Y &(m;m) W’ )
NM ny;ny2n
o’ v?
b(ni;ny)) =u+ (a(ni;n2) ) )

o2

where n; and n; are indices of an image.

After the noise removal process, images #h,
were sharpened with the unsharp masking method.
According to Eq. 6, 5 5 sized and ¢ = 1 standard
deviated Gaussian matrix h, was constituted. The
blurred new image h; was obtained after the image
had been processed with a Gaussian matrix in Eq. 7.
The blurred image was subtracted from the original
image, and the unsharp mask was created (Eq. 8). After
subtraction, the original image and unsharp mask were
summed to obtain the sharpened image h;.

i12+n2
he(ni;ny) =e 20 (6)
he(nyi;ny)
hy(nisng) = 2 o—= (7N
an Zl’lz hg
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hu(ni;n2) = ho(ni;nz)  hp(ng;no) 8)

hs(ni;n2) = ho(ni;n2) + hy(ni;n2) ©)
After obtaining the noise-free sharpened image,
the morphological operations were initiated.

MORPHOLOGICAL OPERATIONS AND
SEGMENTATION (2N STAGE)

Morphological image processing is an approach
for extracting desired image components. The image
is used to probe some predefined shapes (i.e.,
structural elements) and to monitor how these elements
influence the image. There are four basic operations
of morphological image processing, namely dilation,
erosion, opening, and closing (Gonzalez and Woods,
2008). The dilation operator grows or thickens objects
in the image. Also, the dilation process is basically
used to fill the holes in a continuous object. The
erosion operator shrinks or thins objects in the image.
Hence, it can be used to remove the noisy ‘connection’
between two objects (Srisha and Khan, 2013). The
dilation and the erosion operations are defined in the
order as follows:

X B=fzj(B).\X &g (10)

X B=fzj(B). Xg (11)






