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of Segmentation in Two-dimensional Gel Electrophoresis Images, Based on the
Watershed Transform Algorithm
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Abstract

Introduction

Two-dimensional gel electrophoresis (2DGE) is a powerful technique in proteomics for protein separation.
In this technique, spot segmentation is an essential stage, which can be challenging due to problems such as
overlapping spots, streaks, artifacts and noise. Watershed transform is one of the common methods for image
segmentation. Nevertheless, in 2DGE image segmentation, the noise and artifacts of images cause over-
segmentation in the watershed algorithm.

Materials and Methods

In this study, we proposed a novel spot-enhancement anisotropic diffusion (SEAD) method, based on multi-
scale second-order derivatives and eigensystemto enhance the spots and remove noise and artifacts. The
proposed SEAD algorithm was plugged to a watershed transform in order to improve the performance of
watershed segmentation algorithm.

Results

The performance of the proposed SEAD method was evaluated on synthetic and real 2DGE images. The
proposed algorithm was compared with other segmentation methodsin terms of different criteria including
efficiency, precision and true positive rate. The performance of the methods were evaluated in the presence
of noise and the results were evaluated by t-test. According to the count of detected spots, precision and
efficiency of the proposed method were 0.82 and 0.67 respectively. The precision and efficiency values of
the comparative methods were as follows: 0.65 and 0.42 for MCW algorithm, 0.40 and 0.37 for BWT
method, 0.74 and 0.53 for the method proposed by Kostopoulou and 0.76 and 0.55 for the method proposed
by Mylona.

Conclusion

The comparison of the proposed method with four other conventional methods revealed the superiority and
effectiveness of the proposed SEAD method.
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1. Introduction

Proteomics is a research area exploiting the
temporal dynamics of proteins, expressed in a
given biological compartment at a given time.
Proteomics was first introduced in the mid-
1990s to characterize and analyze an entire set
of proteins in a cell line, tissue, organism or
other biological samples [1-4].

As an established scientific branch, proteomics
governs various methods and instruments such
as two-dimensional gel electrophoresis
(2DGE) and mass spectrometry. Generally,
2DGE is an important, practical and unrivalled
method for protein separation, which is widely
used in the search for disease biomarkers,
particularly for cancer and neurological
conditions [5]. Electrophoresis was introduced
in the early 1970s and was soon widely
applied by many researchers [6]. The initial
reports on 2DGE, which combined isoelectric
focusing and sodium dodecyl sulfate-
polyacrylamide gel -electrophoresis, were
published in 1974 and 1975 [7, 8].

Overall, 2DGEprovides a complete map of
proteins within the primary sample. The
proteins are separated due to differences in
their isoelectric points (pI) in the first
dimension and subsequently, their molecular
weight (MW) in the second dimension. These
separated proteins appear as spots in the
resulting gel, as well as the digital scanned
image (Figure 1). Each provided image
contains a few hundreds to several thousands
of protein spots [9, 10].
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Figure 1. A real 2DGE image indicating isoelectric
points (first dimension) and molecular weight (second
dimension)
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Based on the literature, 2DGE images have
various limitations such as streaks, cracks,
fingerprints, dust, staining variations and
overlapping spots [11, 12]. These limitations
can affect the reliability of analysis [13].
Moreover, these problems have been
categorized by Dowsey as artifacts, co-
migration, intensity inhomogeneity and
geometric distortion [14]. These artifacts must
be filtered and the overlapping spots must be
correctly segmented.

Considering the abovementioned issues, the
processing of 2DGE images is a complex and
time-consuming  procedure. Among the
processing techniques of 2DGE images, spot
segmentation encounters serious drawbacks,
particularly in cases such as overlapping spots,
streaks, staining problems and fingerprints,
which lead to inaccurate segmentation.
Therefore, development of spot detection and
segmentation  algorithms  for  accurate
segmentation is of pivotal importance.

Several methods including parametric models,
thresholding, edge detection, scale-space blob
detection and mathematical morphology have
been proposed to overcome problems
associated with the segmentation of 2DGE
images. Parametric models are based on some
common characteristics of the shape of protein
spots, which can be captured by a
mathematical model [14]. Nevertheless,
overlapping spots are the main problem in
model-based techniques.

The thresholding method applies an increasing
threshold to 2DGE images in order to split
unified regions into multiple connected sub-
regions [15, 16]. On the other hand, edge
detection methods aim to identify large
variations in image intensity, which are often
associated with spot boundaries [17]. The
overlapping spot segmentation is the
shortcoming of both thresholding and edge
detection methods. Also, these methods are
highly sensitive to artifacts and noise [18, 19].
Mathematical morphology in image analysis is
a broad field of research. H-dome and
watershed transform are two widely used
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techniques in this category [20-23]. In H-dome
method, maximal structures are determined in
grayscale-inverted 2DGE  images. The
overlapping neighboring spots are not regional
maxima and H-dome cannot separate these
overlapping spots[24].

Additionally, the watershed transform is a
region-growing algorithm, which analyzes an
image as a topographic surface. The advantage
of this segmentation algorithm is that it
produces closed, adjacent and accurate
contours [25]. Nevertheless, the watershed
transform facilitates the detection of false
positive (FP) regions (over-segmentation) [24,
26].

There are two main approaches to reduce the
problem of over-segmentation in watershed
transformation [21, 25, 27, 28]. The first
strategy is region merging in which the
unwanted adjacent watersheds are merged and
removed after segmentation. [29] Considering
the large, non-linear variations in the intensity
of pixels, the region-merging method often
provides poor results [25]. The second
approach to overcome over-segmentation is
marker-controlled watershed (MCW)
transform. A spot marker is a connected
component in the image, which is imposed as
regional minima on the image, while all other
minima are suppressed. The drawback of these
methods based on MCW transform is that the
accuracy of segmentation depends on the
number and location of the marker.

In 2DGE images containing anisotropic spots
with varying intensities and noise, it is difficult
to identify accurate spot markers and
background regions. In other words, the
current watershed-based methods are highly
sensitive to noise and other artifacts in 2DGE
images. Therefore, over-segmentation in
watershed algorithm is still a challenging,
unresolved problem. To improve the
performance of watershed transform, we need
a more developed and sophisticated image
denoising algorithm for 2DGE images.

A technique for accomplishing image
denoising is the scale-space denoising method,
also known as non-linear anisotropic diffusion.
This method was first introduced by Perona-

Malik in 1990 for image denoising and edge
detection where the amount of diffusion
depends on the gradient of the image [30]. By
applying Perona-Malik diffusion method, the
image can be selectively smoothed, while
preserving the edges.

In the Perona-Malik method, diffusion is
inhibited in edges across the image. Therefore,
the edges are not enhanced in this method.
Moreover, Weickert introduced the concept of
diffusion tensor and established a new
anisotropic diffusion, which simultaneously
enhances the edges, while smoothing the
images [31]. This method has been recently
developed and applied to some images [32],
particularly medical images. The proposed
method includes speckle suppression and edge
detection in ultrasound images [33, 34] and
vessel enhancing diffusion filters [35-37].

In the present study, we proposed a novel spot-
enhancement anisotropic diffusion (SEAD)
method for 2DGE images to improve marker
selection in watershed segmentation algorithm.
The proposed SEAD method is a multi-scale
method, based on the second-order local
Hessian matrix and its eigenvectors and
eigenvalues.

In the present study, we proposed a novel spot-
enhancement anisotropic diffusion (SEAD)
method for 2DGE images to improve marker
selection in watershed segmentation algorithm.
The proposed SEAD method is a multi-scale
method, based on the second-order local
Hessian matrix and its eigenvectors and
eigenvalues.

In the present study, the proposed SEAD
watershed method is introduced in section 2.
In section 3, the quantitative evaluation and
results of SEAD application to synthetic and
real images are presented. Moreover, the
discussion is presented in section 4 and the
conclusion is provided in section 5.

2. Materials and Methods

In this study, we proposed a novel anisotropic
diffusion method, powered by a spot-
enhancing filter (SEF) for improving 2DGE
images. SEF is a second-order, local and
structural image filter, which searches for
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geometrical circular Gaussian structures across
an image. Since the spots appear in different
sizes, the scales of spots should be considered,
as well. The proposed SEAD and SEF are
based on the multi-scale eigenanalysis of the
Hessian matrix of the image. We used the
output of SEAD and SEF to improve MCW
segmentation algorithm.

2.1. Watershed transform

In terminology of geosciences, watershed is
defined as the geographical boundary of a
region in a landscape where all water drains.
The main idea is that water (i.e., in a river) or
raindrops, falling on a surface, flow into the
regional minima. The set of these minimum
points constitutes a catchment basin and the
borders between these catchments are
watershed lines [23].

In the scope of image processing, watershed
was first proposed by Beucher et al. as an
effective segmentation approach[38]. The
watershed transform has a wide range of
applications, particularly in medical image
processing for purposes such as cancer and
tumor detection, brain MRI segmentation and
tissue segmentation [39-42]. Nevertheless, this
method suffers from over-segmentation in the
presence of noise.

As mentioned in Section 1, 2DGE images have
various artifacts and noise, which appear as
various local minima across the image. These
local minima lead the watershed towards over-
segmentation. One proposed approach to
overcome this problem is the MCW algorithm.
The basic steps of a typical MCW are shown
in Figure 2. In MCW algorithm, the markers of
the spots and image background are initially
generated. Spot markers are commonly
detected by a regional minima detection
algorithm, applied after using a smoothing
filter. In the next step, the gradient of the raw
image is calculated and used as the control
surface in the watershed transform.

Some optional post-processing steps such as
calculating and correcting the center and size
of the spots have been applied in various
studies [21, 23]. As mentioned before, the
MCW algorithm is highly sensitive to the
number and location of detected markers. The
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wide range of maximal intensity and size of
protein spots and their anisotropic shape make
the selection of a marker difficult in the
presence of noise.
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Figure 2. The basic steps of a typical marker controlled
watershed (MCW) algorithm

In this study, we proposed a novel anisotropic
diffusion method, which enhances spot regions
across 2DGE images and suppresses noise and
artifacts in these images. The proposed SEAD
was plugged to a watershed transform in order
to improve the performance of the watershed
segmentation algorithm. The main steps of the
proposed SEAD watershed algorithm are
shown in Figure 3. The proposed SEAD
algorithm had two main iterative sub-routines.
The first algorithm was SEF and the second
algorithm was a tensor-based anisotropic
diffusion, proposed in this study.
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Figure 3. The proposed SEAD watershed algorithm

The proposed method was based on a multi-
scale Hessian matrix and its eigenanalysis.
Therefore, we calculated the eigenvalues and
eigenvectors of the Hessian matrix of a
Gaussian spot. Afterwards, we defined SEF
and presented the SEAD diffusion algorithm.
2.2. Eigenanalysis of the Gaussian spot
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The majority of parametric models of protein
spots are commonly based on a two-
dimensional Gaussian spot model [43, 44].
Therefore, we investigated the status of
eigenvalues and eigenvectors of an ideal two-
dimensional = Gaussian  spot. (a)
(b)
Figure 4(a) indicates the regional map of the
states of eigenvalues in a second-order system
on a Gaussian spot sample, located in the
center of an image. Also, the directions of the
eigenvectors are plotted in (a
(b)
Figure 4(b). The equation of this Gaussian spot
can be written as follows:

X4y
|0 =exp 20° (1)
whereXand Yare the coordinates of pixel P
and o is the space-scale of the Gaussian-
shaped spot.

h

(a) (b
Figure 4. (a) The regional map of the states of
eigenvalues on a Gaussian spot. In the spot region, both

eigenvalues (/11 and A’Z) are negative and on the
background (non-spot) region, the signs of eigenvalues
can take any other combinations; (b) the eigenvectors of
the local Hessian at pixel p. As shown at pixel p, the

eigenvectors Viand V2 are orthogonal.

We also calculated the Hessian matrix of pixel
P

Hzl_o{rz—l rr’ }
2 ’ l2
o r r's-1
(2)

wherer=x/cand "=Y/%are the normalized
coordinate values. The eigenvalues of the
Hessian matrix can be calculated as follows:
G
o o (3)
In this study, the eigenvalues were sorted in an
order i <4

always negative and %2 can take negative, zero

ascending Therefore, his

or positive values, depending on the pixel
location:

Piri<l=x+y' <o’ =4 <0
rPer?=l=x’+y’=0"=14,=0
Pir?sli=xl+y’ >0 =4,>0 &)
Therefore, a border-line () is located where

4 changes. The relations between eigenvalues
of the Hessian matrix and geometric structures
are summarized in Table 1.

Table 1. Typical structures in 2DGE images and their
corresponding eigenvalues

Patterns A A
Background NL NL
Bolb-like structure (dark) H- H-
Linear structure (dark) L H-
Saddle-like region H+/- H-/+

H =high,L =low, N = Noisy and + /— = Positive / Negative

We calculated the corresponding eigenvectors
as follows:

| 1 I, |r
o |-r/r o |-r

| 1 I, | r
V, =¢c, % =cy %
2 : 0'2 |:I"/r:| 2 62 |:r,:| (5)

Where ®° ©2> 214 Co are  constant values? The
e ! ! T . .
=clr r] is a radial
Vl

second eigenvectorv2

vector and the first eigenvector is

perpendicular to Vs throughout the Gaussian
spot, as presented in () (b)
Figure 4(b). These eigenvectors were used to
determine the directions needed for the
proposed diffusion algorithm (Section 0).

2.3. SEF

We proposed a novel SEF to primarily detect
the spot regions in 2DGE images. The
proposed SEF is a multi-scale Hessian-based
(second order) structural filter. To calculate
the derivatives of image!, convolution with
Gaussian derivatives was applied. The Hessian
matrix (M was a  2x2matrix with two

eigenvalues, i.e.,ﬂ"' and?2. These eigenvalues
were used to make three exponential structural
measures and the final filter function. The final
function of SEF consisted of exponential
functions:
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By (X) = ( ) v
0 0.W. (6)
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BN
A+ (7)

S=\Al+4; ®)

T=exp(-(2)?)

s )
where feNis a proposed geometric ratio to
measure  local  blobness, S differentiates
between structures and background (noise), ¢,
P and” are the threshold parameters, which

control the sensitivity of SEF to measure Ren

and S, respectively, “and®  are the
eigenvalues of the Hessian matrix of the image
at each pixel, Sis the scale of the pixel and T is
a proposed measure to extract the internal
border.

SEF is a multi-scale spot-enhancing filter. To
specify the final values of SEF at each pixel,
we computed the filter in a range of Sscales
and selected the maximum response over the
range. The value of the proposed SEF was
close to one on spot regions and close to zero
on the background. A sub-image of the 2DGE
input image and the corresponding output of
the proposed SEF are demonstrated in Figure
5(a) and (b), respectively.

In this study, the filtered image was used as
the input data to set the parameters of SEAD
algorithm. As shown in Figure 3, the markers
required in MCW algorithm were obtained
from the SEF output.

(a) (b)
Figure 5. (a) The sub-image of the original 2DGE
image, (b) the image filtered by the proposed blobness
filter
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2.4. SEAD algorithm

In this section, the proposed SEAD algorithm
is explained. We established an anisotropic
diffusion method, based on Hessian
eigenanalysis, which enhances spot regions
and reduces background noise in 2DGE
images. We used the output scales obtained
from the previous step (blobness filtering) to
calculate the Hessians in correct scales.
Afterwards, we implemented and run the
anisotropic diffusion, which is an iterative and
time-dependent process, based on Fick's law
and continuity equation [30]. The diffusion
equation can be written as follows:

l, =0l /8t =div(g( VI(X,y,t) )VI) = gAl + Vg.VI
(10)

where | is the input image and 91V, V and Aare
the divergence operator, gradient and
Laplacian operator, respectively. We could
replace g with a diffusion matrix D and
rewrite the diffusion equation as follows [31]:
I, = div(DVI) (11
D was reconstructed based on the
eigenvectors of Hessian matrix as follows

311
o-% o vl t]v] (12)

fi(xy.1) and (x. y’t)were applied as diffusion
coefficients  along Vi and"2
Vl = [levly]T and Vz = [sz sz]T are the
eigenvectors of the local hessian matrix. As
shown in (a) (b)

Figure 4(b), the eigenvectors had singular

directions on the spot regions. The direction of
VI

where

is along the isolevels and Vais parallel to the
gray-level gradient.

The objective here was to construct an
anisotropic diffusion, which preserves blob-
like  structures (spot regions), while
suppressing the background artifacts and
noise. This can be achieved by defining the
diffusion matrix D for spot regions. The
diffusion moderately occurs in the direction of

boundaries or parallel to isolevels (V1 ), while

the diffusion along V2 is inhibited. Also, in

Iran J Med Phys., Vol. 12, No. 3, Summer 2015 214



Segmentation of Two-Dimensional Gel Electrophoresis Images

non-spot regions, diffusion should be
increased in both directions to rapidly
eliminate the noise and other background
artifacts. The constraints suggested for the
proposed SEAD are summarized in Table 2. It
should be mentioned that®?and‘ are positive
large and small values, respectively .

Table 2. Diffusion constraints suggested for the
proposed SEAD

Spot regions B,(x)>1 fi—>1 | f,>¢
Non-spot

regions

B(x)»>0 fi-oo | f,ow

To formulate the diffusion constraints, we
adopted the following diffusion coefficients:
f=we®/ 41

f e 1o (13)

where Bois the SEF function (6) and® is a
threshold to control the sensitivity of functions

to BO.

As demonstrated in Figure 3, we used the
diffused image (the output of SEAD) as the
input of the final watershed transform. As
previously mentioned, the markers required for
MCW were obtained from the SEF output.

3. Results

3.1.Image acquisition and processing tools
Eight real 2DGE images and their
corresponding segmentations  (ground-truth
images) were acquired in the Protein-
Chemistry Laboratory of Biotechnology
Research Center at Pasteur Institute (Tehran,
Iran). Also, eight synthetic noise-free 2DGE
images and the same synthetic images with
common noise were obtained in this study.
These synthetic images were used to evaluate
the performance of methods, particularly in
terms of noise effects.

To develop these synthetic images, synthetic
two-dimensional Gaussian spots with common
noise and artifacts, e.g., streaks, fingerprint,
background noise and staining noise, were
combined. Both real and synthetic images

were obtained in a TIFF format with 24-bit
grayscale depth (400 DPI). The size of real
and synthetic images was 3181x3361 and
10001000 pixels, respectively.

The  utilized real dataset contained
approximately 5000 protein spots, while the
synthetic dataset contained approximately
2000 spots. The ground-truth images of the
synthetic 2DGE images were provided, while
creating the synthetic image. The proposed
algorithms were implemented using the open
source Insight Toolkitand executed on a 3.2
GHz Intel workstation, running under Linux
operating system.

3.2. Results of the proposed SEAD

We applied the proposed SEAD watershed
algorithm on synthetic and real 2DGE images.
The main advantage of synthetic images for
the evaluation of the methods is that the effects
of the presence or absence of noise can be
investigated by these images. All parameters
were set empirically. The sensitivity
parameters &, B and 7 were set at 5, 5 and 1,
respectively, while the diffusion parameters @
and %’ were set at 25 and 0.1, respectively.
3.2.1. SEAD on synthetic images

To evaluate the performance of the proposed
anisotropic diffusion, we initially applied the
method on a set of synthetic Gaussian spots, as
depicted in Figure 6(a): one Gaussian spot,
two spots, two closely-located spots, one noisy
Gaussian spot, two noisy spots and two noisy
closely-located spots. The diffused images of
the original synthetic images, as shown in
Figure 6(b), had clear spot regions and
corrected backgrounds, compared to the
corresponding original images [Figure 6(a)].
To further clarify the superiority of the
proposed SEAD method on watershed
segmentation algorithm, the segmentation
results of the proposed method, the basic
watershed transform (BWT) and MCW
algorithms are shown in Figures 6 (c)-(e),
respectively.
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Methods Original imageDiffused imageSEADW BWT MCW
Image|

One spot . . . .
Two spots .. ..

Overlapping spots - =

One noisy spot » -

Two noisy spots EXS EXS

Overlapping and '
noisy spots -

.- wie o

Syl
e

(a)

© (d) (e)

Figure 6. (a) Gaussian spots, (b) the diffused image obtained by the proposed SEAD method, (c) the segmented image
created by the proposed SEAD watershed algorithm, (d) the segmented image created by BWT, and (e) the segmented
image created by MCW algorithm. The proposed SEADW is superior to other watershed algorithms in segmentation of

overlapping and noisy spots.

(2) (b)

We applied the proposed SEAD watershed
algorithm to a set of eight synthetic 2DGE
images. A synthetic 2DGE image from this set
and its diffused, segmented and ground-truth
images are shown in Figure 7. The quantitative
results of this evaluation are presented in
Section 0.

3.2.2. SEAD on real 2DGE images

In the next step, we applied the proposed
SEAD method to real 2DGE images. The final
results of the diffused image, constructed by
the proposed SEAD method, are demonstrated

() (d)
Figure 7. (a) A synthetic 2DGE image from our set of synthetic images, (b) the diffused image (output of the
proposed SEAD), (¢) the output of the SEAD watershed segmentation algorithm, (d) the ground-truth image

in Figure 8(a). The segmentation results of the
SEADW algorithm are shown in Figure 8(b).
To evaluate the segmented images, developed
by the proposed method, the ground-truth
images were required. In this study, the
ground-truth images for each 2DGE image
were provided by the expert biologists of
Pasteur Institute of Iran. The ground-truth
image for the 2DGE image in Figure 1 is
depicted in 8(c). In the ground-truth images,
the red borders indicate the spot areas.
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For further clarification, the sub-images of the
inverted real images are shown in Figure 9 (a).
The corresponding inverted diffused images,
obtained from the proposed SEAD diffusion
algorithm, the segmented sub-images captured
by the proposed SEAD watershed algorithm
and the ground-truth images are shown in
Figure 9 (b) to (d), respectively. As depicted in
Figure 9 (b), the spot regions in Figure 9 (a)
images are more recognizable than the original
real sub-images. Also, the spots located within
the streaks were isolated and the overlapping
spots were successfully separated, as depicted
in Figure 9 (c).

3.3.Evaluation of the performance of the
proposed SEAD watershed method
We compared our proposed method with other
available segmentation methods, implemented
in this study. BWT was the first comparative
method [38], followed by MCW transform,
proposed in the literature [23]. Another
comparison was based on Otsu's thresholding

@ (b

method [45], utilized by Kostopoulou and
colleagues [16]. Furthermore, we implemented
the method by Mylona et al.[18] and compared
the segmentation results.

Some criteria are required to evaluate the
performance of the proposed method in
comparison  with the above-mentioned
methods. We used efficiency, precision and
true positive rate (TPR) as the main criteria for
comparing the number of detected spots by
each method. These measures are defined as
follows [25, 46, 47]:

.. TNDS - FP TP

Efficiency = =

TNDS+FN TP+FP+FN (14)
.. TNDS - FP TP

Precision = =

TNDS TP+FP (15)
pRoTP__ TP

P (TP+FN) (16)

where TP is the true positive, FP is the false
positive, FN is the false negative and TNDS
denotes the total number of detected spots.

Figure 6. (a) The diffused output of the proposed SEAD method on a real 2DGE image (shown in Figure 1), (b) the
segmented image in this study, (c) the corresponding ground-truth image
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¢) Segmented (d) Ground-truth

Figure 7. Sub-figures and diffused images, (a) sub-images of the real 2DGE image, (b) the diffused image obtained
from SEAD, (c) the segmented output created by the proposed SEAD watershed transform, and (d) the ground-truth

images of the selected regions

3.3.1. Evaluation of the number of detected
spots

The number of the detected spots by the
proposed filter was evaluated and compared
with other methods. To compute TP, FP and
FN of spot count, we extracted he locations of
the local maxima within the watersheds and
compared the extracted locations with true
locations of the spots, using precision (15) and
efficiency criteria (14). True locations of the

spots are available in the ground-truth
database.

Generally, noise and artifacts lead the
watershed transform towards over-

segmentation. We investigated the effects of

noise and artifacts by comparing the
performance of the methods on two types of
synthetic images: noisy images (NI) and
images without noise (WN), which were
developed by the authors. The mean values of
precision and efficiency, based on the
comparison, are shown in Table 3 and Figure
8; the standard deviations are plotted as error
bars in Figure 8. The number of detected spots
in real 2DGE images, calculated by different
methods, is shown in and Table 4 and Figure
9. Additionally, the standard deviations of
TPR, precision and efficiency are shown in
Figure 9.

Table 3. Comparison of the mean values of precision (Pr.) and efficiency (Eff.)of the methods applied to synthetic noisy

images (NI) and images without noise (WN)

SEADW MCW BWT Kostopoulou Mylona
I WN NI WN NI WN NI WN NI WN NI
Pr. 0.83 0.75 0.73 0.4 0.55 0.1 0.7 0.42 0.81 0.64
Eff. 0.71 0.64 0.63 0.37 0.51 0.09 0.63 0.39 0.7 0.57
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1 Precision

=WN
mNI
0
((:)) SEADW  MCW BWT Kostopulou Mylona
08 Eficciency
=WN
mNI

SEADW  MCW BWT Kostopulou Mylona

Figure 8. Comparison of the mean values of (a) precision (Pr.) and (b) efficiency (Eff.) of the methods applied to
synthetic noisy images (NI) and images without noise (WN). BWT, MCW and Kostopoulou methods are highly
sensitive to noise.

Table 4.The count of detected spots on real 2DGE images

Methods
SEADW MCW(2006) BWT KO?;%I’I‘;‘;I"“ Mylona(2011)
TPR Pr. Eff. TPR Pr. Eff. TPR Pr. Eff. TPR Pr. Eff. TPR Pr. Eff
0.83 0.86 0.73 0.50 0.71 042 082 046 041 0.60 0.81 0.52 0.68 0.77 0.57
0.78 0.86 0.69 0.51 0.70 042 086 0.44 041 0.57 0.74 047 0.65 0.79 0.58
0.8 0.84 0.70 0.63 0.62 045 090 0.38 0.36 0.67 0.71 0.53 0.64 0.79 0.55
0.69 0.73 0.55 0.67 0.56 0.44 081 0.32 030 0.71 0.71 0.55 0.64 0.72 0.51
0.83 0.84 0.72 0.50 0.74 042 084 047 043 0.61 0.81 0.54 0.66 0.82 0.58
0.78 0.86 0.70 0.49 0.71 041 086 0.42 040 0.56 0.78 0.49 0.69 0.82 0.60
0.79 0.81 0.67 0.64 0.57 0.44 093 0.35 0.34 0.80 0.61 0.53 0.71 0.67 0.52
0.71 0.74 0.56 0.57 0.57 0.40 0.79 0.35 032 0.73 0.76 0.60 0.69 0.70 0.53
0.78 0.82 0.67 0.56 0.65 0.42 085 040 037 0.66 0.74 0.53 0.67 0.76 0.55
+SD  £0.05 £0.05 £0.07 £0.07 £0.09 £0.02 £0.05 £0.0.5 £0.05 +£0.08 +£0.07 £0.04 +£0.03 +0.06 £0.03
TPR = True Positive Rate, Pr.= Precision, and Eff.= Efficiency

—
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TPR Precision Efficiency

Figure 9. Comparison of TPR, precision and efficiency of the methods in real 2DGE images

Table 5. Paired t-test results pertaining to the number of detected spots using the proposed SEAD watershed and other

methods
MCW BWT Kostopoulou Mylona
h P H p h P h p
Precision 1 9.9x10-6 1 3.9x10-9 1 0.0186 1 0.0069
Efficiency 1 3.2x10-5 1 5.7x10-8 1 0.0053 1 5.0x10—4
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We have further investigated the statistically
significant differences between the results of
proposed SEAD watershed and the other
implemented methods by performing t-test
evaluations [48].The results of t-test is presented
in Table 5.

4. Discussion

Based on the findings, the proposed method had
a superior performance on 2DGE images. The
presence of noise caused over-segmentation in
previous techniques, while the proposed SEAD
watershed was proved to be a robust and reliable
method in 2DGE images, particularly in noisy
images. As indicated in Figure 6, the noisy
overlapping spots were only segmented correctly
to two separate regions by the proposed SEAD
watershed  algorithm.  Also, the over-
segmentation problem of BWT and MCW in the
presence of noise was clearly noted.

Based on the results presented in Table 3 and
Figure 10, the presence of noise reduces the
efficiency and precision of all methods.
Nevertheless, the presence of noise leads to the
detection of many FPs in watershed-based
methods (i.e, BMT and MCW) and
considerably decreases their segmentation
performance. However, considering the
proposed SEAD algorithm, the segmentation
performance of SEAD watershed was not
sensitive to the presence of noise. Unlike the
proposed method, the previous watershed-based
methods and the method proposed by
Kostopoulou were highly sensitive to the
presence of noise.

Comparison between the number of detected
spots by the proposed SEAD watershed method
and previous techniques reveals that the
precision and efficiency of this method are
maximal, whereas the TPR of BWT is maximal.
This is due to the large number of detected spot
regions in BWT method. In fact, the large
number of FPs reduces the efficiency and
precision of BWT method. The methods
proposed by Mylona and Kostopoulou had good
precision and moderate efficiency on our
database.

The results of t-test on these quantitative
parameters demonstrated considerable

Sina Shamekhi et al.

differences between SEAD watershed transform
the proposed and previous methods. In other
words, the proposed method showed a
considerably  effective  performance in
comparison with previous methods. In this
study, all the parameters of the proposed SEF
and diffusion algorithm were set empirically. In
order to improve the proposed method, the
effects of variations in these parameters should
be further investigated.

5. Conclusion

In this study, a novel SEAD method was
proposed for spot enhancement and noise
removal in 2DGE images. This method was
based on the multi-scale Hessian analysis,which
facilitates a more accurate detection of local
structures and their properties. The proposed
method was used to improve the segmentation
performance of watershed transform. One
important contribution of this study was the
introduction of MCW segmentation algorithm,
which was not sensitive to noise. Unlike the
proposed SEAD watershed algorithm, noise and
artifacts in 2DGE images caused over-
segmentation in previous watershed algorithms.
We used the SEAD output as a marker to extract
the accurate locations of the spots. This approach
reduced the number of detected FP spots and
eliminated over-segmentation in watershed
transform in 2DGE images. We compared our
segmentation method with other published
methods in terms of spot count and t-test results.
We also evaluated our proposed method, using
synthetic and real 2DGE images. Our
quantitative  evaluations showed that the
proposed SEAD  watershed segmentation
method is a viable multi-scale tool, which can be
employed for the segmentation of 2DGE images.
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