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Abstract. The segmentation of the picture (and, implicitly, the segmen-

tation method used) is one of the three important steps in microarray image

processing, together with spot gridding and information extraction. It directly

affects the accuracy of gene expression analysis in the data mining process that

follows. In 2001 a segmentation method for arbitrary pictures using the Active

Contours Without Edges (ACWE) technique to detect the objects boundaries

was proposed. In this paper we present a segmentation method based on ACWE

with applications in cDNA segmenting. Because of the targeted nature of the

method proposed we were able to perform several adjustments to the original

method and use it in the cDNA microarray image processing area. We present

various experiment results showing that the ACWE method is better than the
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other segmentation methods used in the cDNA microarray and that the re-

sults obtained match more closely (than the older methods) the biological cycle

through correct gene expression measurements.

1. Introduction

A DNA microarray is an array of DNA spots. One type of DNA microarray is
called complementary DNA (cDNA) microarray. In cDNA microarrays DNA strands
are fastened at fixed spots on glass or plastic slides or silicon chips. A cDNA mi-
croarray is a useful tool for analyzing gene expression based on the samples of genes
in the spots aligned in a regular pattern. cDNA microarrays provide widely used
technology for doing scientific experiments simultaneously with thousands of genes
or entire genomes. This approach is much more efficient than the traditional exper-
iment method which only focuses on a few genes at one time. A critical part in the
gene analysis process is the effectiveness of image segmentation analysis. There are
four types of segmentation methods described in [8]: fixed circle segmentation, adap-
tive circle segmentation, adaptive shape segmentation and histogram segmentation.
Some cDNA microarrays segmentation software have been developed based on the
four types segmentation methods. ScanAlyze developed by Eisen in 1999 is based
on the fixed circle segmentation method. This method assumes that the spot has a
perfect circle shape and all spots have the same size. GenePix developed by Axon
Instruments Inc. in 1999 uses, on the other hand, an adaptive circle segmentation
method. This method assumes as well that the spot has a circular shape but also
allows for adjusting the size of each spot. It provides more accurate results than the
fixed circle method. SpotSegmentation is a software based on histogram segmenta-
tion [5], and was developed by Qunhua Li and Chris Fraley in 2005. The method
uses a clustering algorithm to partition the pixels based on their pixels intensity val-
ues. Most of the histogram segmentation algorithms neglect the spatial information
of pixels. SpotSegmentation is the modified method which combined the power of
the histogram-based and spatial approaches. SPOT is a software developed by Y.H.
Yang, M. J. Buckley and T. P. Speed in 2002 and described in [8]. and applied the
adaptive shape segmentation. The software provides two types of adaptive segmenta-
tion methods. One is the Seeded Region Growing (SRG) first described in [1] and the
other is the Globally Optimal Geodesic Active Contours (GOGAC) first described in
[2]. These two methods segment a spot by its shape. The spot is adaptive in size and
can be of irregular shape.

The method we used in this paper also belongs to the adaptive shape segmen-
tation method. The Active Contour Without Edges (ACWE) method can detect
objects’ boundary by solving numerical finite differences equations. Experimental
results showed that ACWE is better than other adaptive shape methods SRG and
GOGAC. It is obvious that ACWE is better than fixed circle and adaptive circle meth-
ods. To compare ACWE with the histogram method, we choose spotSegmentation
for comparison. The experimental results showed also that ACWE was better.
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2. Image analysis methods and basic definitions

There are three steps for microarray image analysis as described in [8]: address-
ing, segmentation and information extraction. In our research we will not focus on
the addressing part since we can get the grid information for the microarray data file
from the Stanford website mentioned above. A spot is an area where printed cDNA
is located. Segmentation is a partition process used to separate a spot area from a
non-spot area. The spot area is called foreground and the non-spot area is called
background. We will focus on four types of segmentation methods: fixed circle seg-
mentation, adaptive circle segmentation, adaptive shape segmentation and histogram
segmentation. Fixed circle segmentation is an ideal method, it assumes that each
spot has the same size and a circular shape. The segmentation algorithm in this case
is easy to implement but the real spots may not have the perfect circular shape and
same size. Adaptive circle segmentation allows for the diameter of each spot circle to
be adjusted. It is better than the fixed circle, but still the spot shape is restricted to
be a circle. Histogram segmentation uses the normal distribution of pixels intensity
percentiles around and inside each spot to segment the spot from the background.
Obviously this method neglects the particular pixels locations. It will not give out
the accurate spot intensity but only return the trend. Adaptive shape segmentation
is designed to improve the accuracy of the segmentation. This method is better than
the fixed and adaptive circle segmentation methods. Watershed, seed region growing
and globally optimal geodesic active contours are the three algorithms usually used
that fall into the adaptive shape segmentation method class. Watershed segmentation
[3] defines an image as a topographic surface and assumes the water enters from the
minima and floods the surface. The only visible surface after the flood is called the
watershed lines. Watershed segmentation has the weakness of overlaying the original
image. The segmentation area of watershed is always larger than that of the original
image. Seeded region growing (SRG) segment is a method that starts with some
seeds (starting points) and then includes the neighboring pixels to check if they have
similar intensities. In the affirmative case, the pixels are “joined” together, if not,
they will be in different classes. This process will continue until all the pixels have
been included in a class containing one of the seeds. The weakness of seeds region
growing is that if the seeds were chosen improperly the segmentation result will not
be accurate. Globally Optimal Geodesic Active Contours (GOGAC) is the new seg-
mentation method which was implemented in [10] Spot (fall 2007). The weakness of
this method is that it prefers to produce circles, it cannot prevent overlaps and it is
slower than the SRG method. In what follows we will compare also the segmentation
results with our implemented method.

The segmentation method we implemented was based on Active Contours Without
Edges (ACWE) method, which was proposed by Tony F. Chan and Luminita A. Vese
in [4]. Chan and Vese (C-V) model is segmenting an image by detecting different
objects boundary. The authors assumed an image was formed by two regions within
and outside an object. Their model can find out objects within an image without any
definition of gradient. The algorithm as described in [4] is as follows:
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Algorithm:

1. Initialize φ0 by φ0, n = 0.
2. Compute c1(φn) and c2(φn) by

c1(φn) =

∫
Ω

µ0(x, y)H(φ(x, y))dxdy∫
Ω

H(φ(x, y))dxdy

and

c2(φn) =

∫
Ω

µ0(x, y)(1−H(φ(x, y)))dxdy∫
Ω
(1−H(φ(x, y)))dxdy

.

3. Solve the PDE in φ from

∂φ

∂t
= δε(φ)[µdiv(

∇φ

|∇φ| )− v − λ1(u0 − c1)2 + λ2(u0 − c2)2] = 0 in (0,∞)× Ω,

φ(0, x, y) = φ0(x, y) in Ω,

δε(φ)
|∇φ|

∂φ

∂−→n = 0 on ∂Ω,

where −→n is the exterior normal to the boundary ∂Ω, and
∂φ

∂−→n is the normal derivative
of φ at the boundary.

4. Reinitialize φ locally to the signed distance function to the curve (optional).
5. Check whether the solution is stationary. If it is not, then n = n+1 and repeat

the algorithm.

The C-V model was implemented as in [4] using finite differences equations:

φn+1
i,j − φn

i,j

4t
= δh(φn

i,j)[
µ

h2
4x
−.(

4x
+φn+1

i,j√
(4x

+φn
i,j)2/(h2) + (φn

i,j+1 − φn
i,j−1)2/(2h)2

)

+
µ

h2
4y
−.(

4y
+φn+1

i,j√
(φn

i+1,j − φn
i−1,j)2/(2h)2 + (4y

+φn
i,j)2/(h2)

)

− v − λ1(u0,i,j − c1(φn))2 + λ2(u0,i,j − c2(φn))2].

The C-V method is the minimization of an energy based segmentation. For ex-
ample, an image is denoted by u0 with the boundary denoted by C0. The image can
be divided by two regions: the inside object denoted by ui

0 and the outside object
denoted by uo

0 .
The fitting function is defined as follows:

F1(C) + F2(C) =
∫

inside(C)

|u0(x, y)− c1|2dxdy +
∫

outside(C)

|u0(x, y)− c2|2dxdy,
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where C is the variable curve, c1, c2 are the constants depending on C and C0 is the
minimum of the fitting function

inf
C
{F1(C) + F2(C)} ≈ 0 ≈ F1(C0) + F2(C0).

In the C-V model the fitting function is minimized and some more terms are
added like the length of the curve and the area inside the C . The energy function
F (c1, c2, C) is defined as follows:

F (c1, c2, C) = µ · Length(C) + v ·Area(inside(C)) +

+ λ1

∫

inside(C)

|u0(x, y)− c1|2dxdy

+ λ2

∫

outside(C)

|u0(x, y)− c2|2dxdy,

where µ ≥ 0, v ≥ 0, λ1, λ2 ≥ 0 are constant.
The ACWE method minimizes the energy function to get the boundary where

φ = 0. The inside part (φ > 0) is the segmentation result needed. It means that the
boundary curve has been found and the area inside the boundary is the actual object
obtained by the segmentation.

The C-V model has some limitation. For example it cannot detect the texture
image. These limitations have no effect on applying the C-V model to cDNA mi-
croarray image segmentation. If we apply the ACWE method directly on the whole
microarray image it would not give us the correct segmentation. Therefore we made
some adjustment for applying ACWE on the microarray image as follows:

1. We used ACWE to segment each spot patch one at a time.

2. We provided the grid file which gives the approximate spot locations.

3. We decreased the iteration numbers and made the computing time shorter by
taking into consideration the current segmentation setting.

4. We adjusted the µ value and found smaller spots.

We use C-V method to compute the exact boundary of each spot. We can get the
exact location of each spot beforehand by using the grid file from the database. The
grid file gives out the location of each spot which will be printed on the microarray
during the printing process of the microarray. We use the spot patch which is the
location (rectangle or square) of each spot as a sub image. Since the patch outside
of every spot is the same, we only need to preset up the initial function and other
parameters once for PDE equations. After solving the equations we will get the exact
boundary of the individual spot and the intensity value of that spot. To compute
the background intensity value, we use the local background. The background area
considered in this paper is defined as the area that lies outside the boundary of
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the spot and inside the boundary of the spot patch. In the segmentation of cDNA
microarray, some parameters are set as follows: λ1= λ2= 1, v= 0, h= 1, 4t= 0.1. The
other parameters need adjusting based on the spot size of different microarrays. For
example, for cDNA microarray, the initial curve can be chosen inside each spot patch.
Smaller µ, φ0 are chosen for spots. Once these parameters are set in the program,
there is no need to adjust the parameters during computing, since the spots size for
an image are the same based on the grid file.

3. Experimental result

We used real cDNA microarray images from [9] for segmentation. The experiment
results showed that ACWE is the most accurate segmentation method out of the five
segmentation methods considered.

Figure 1 represents an original 16-bit tagged image file format (TIFF) file.

Fig. 1. Original image.

In Figure 2 we present a segmentation result image using the ACWE segmentation
method. The red lines around each spot represent the boundary of the spot. The
boundary of each spot in Figure 2 using ACWE method gives out almost the actual
boundary which can be checked by visual inspection.

Fig. 2. Left: Image after segmentation using ACWE,

right: only spot 1 segmented with ACWE.
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Figure 3 presents the segmentation result image obtained by using the GOGAC
and SRG segmentation methods. The red lines around each spot is the boundary of
the spot.

Fig. 3. Segmentation using GOGAC(left) and SRG (right),

Spot 1 is at top left corner with red line boundary.

Comparing Figure 2 with Figure 3 we observe that the ACWE method gives a
more accurate boundary than the previous two methods mentioned.

In Figure 4 we provide a segmentation image using the spotSegmentation for
only one spot (Spot 1). The spotSegmentation is based on histogram segmentation.
Comparing Figure 2 and Figure 4, we visually observe that the ACWE method gives
out more accurate boundary than the spotSegmentation method . These two methods
were segmenting the same spot from the same original image. The same spot (Spot
1) can also be found in Figure 3 at the top left corner.

Fig. 4. Segmentation using spotSegmentation for Spot 1.

Figure 5 shows the pixel intensities for Spot 1. The 10 columns by 10 rows square
is the patch for Spot 1. After segmentation using ACWE the area with 5 pixels
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(yellow part) is the exact Spot 1. The red figures are the boundary which separates
the Spot 1 with the background.

Based on Figure 5 the mean intensity value of Spot 1 was computed as (2576 +
1648 + 1640 + 2456 + 1896)/5 = 2043. The actual mean intensity value of Spot 1 was
computed by different methods and the result is as follows:

Spot 1 ACWE SRG GOGAC Fixed circle spotSegmentation

mean intensity 2043 1308 693 414 1279

The result showed that other segmentation methods counted more pixels to the
Spot1 and thus got the less mean intensity value. Only ACWE method can segment
the Spot 1 correctly.

Fig. 5. Segmentation by ACWE of Spot 1: yellow is the spot area, red is the boundary.

In Figure 6, the 3D visualization picture of figure 5 was presented. The intensity
value of each pixel was used as Z-axis. The 5 pixels with extremely high intensities
were partitioned as the spot foreground.

Fig. 6. 3D graphic for spot patch of spot 1 with intensity value.
Z-axis is the intensity value. 5 pixels with extreme high

intensity are partition to the same spot foreground.
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In what follows we will perform linear regression analysis in order to investigate
the relationships between the ACWE method and the SRC, GOGAC and Fixed circle
methods. The same microarray image was segmented using these different methods,
the spots intensities were calculated using each of the methods. Then the linear
model was determined for each case. Figure 7 presents the linear regression line and
the model equation that explains the relation between the ACWE and SRG methods.
We observe that R2 = 0.9714.

Fig. 7. The linear regression between SRG and ACWE methods.

Figure 8 presents the linear regression line and the model equation that explains
the relation between the ACWE and GOGAC methods. We observe that R2 = 0.9662.

Fig. 8. The linear regression between GOGAC and ACWE methods.
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Similarly Figure 9 presents the linear regression line and the model equation that
explains the relation between the ACWE and Fixed circle methods. We observe that
R2 = 0.6494.

Fig. 9. The linear regression between FIXED circle and ACWE methods.

Therefore, observing the regression lines in Figures 7 - 9 we conclude that ACWE
was highly correlated with SRG and GOGAC and least correlated with the fixed circle
methods. The ACWE method is the most accurate in determining the boundary of
the spots.

Fig. 10. LAMBDA is a control spot and YBR145W is a gene spot.

The trend is the result of intensity of the spots using different methods.
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Figure 10 presents the comparison between control spots and spots with same
gene. LAMBDA was a control spot and YBR145W was a gene spot (with gene named
”ADH5”). For the two gene spots (Spot 2055 and Spot 3687), ACWE had smaller
difference between them. For the two control spots (Spot 1941 and Spot 5813), the
ACWE method showed bigger difference between the two controls.

In Figure 11 we present the boxplot of log ratio on spots named ”LAMBDA”.
The inter-quantile range (IQR) presented method ACWE was better than the ones
provided by the SRG and GOGAC methods, since it showed a smaller range which
meant less gene expression differences for the control spot.

Fig. 11. Boxplot of z-score normalization

of log ratio using different methods.

According to [7], Figure 12 given in he following shows the gene clusters with cell
cycle-regulated and the histone (a key protein component) cluster under the alpha
factor experiment. Figure 12 was presented as an array with 9 rows and 18 columns.
Each row represents a gene and each column represents a microarray image. Histone
genes showed periodical regulation. There are 9 genes in Figure 12. Only eight genes
were used in the experiment data set which were ’HTB2, HTA2, HHF1, HHF2, HHT2,
HHB1, HHT1, HTA1’. Totally 18 microarray images were used in the alpha factor
experiment. Each image was taken every 7 minutes in a time series. Figure 14 showed
a clear cell cycle in Alpha Factor section under cluster histone. It showed ’Green Red
Green Red’ cycle. Approximately, at minute 0, 7 and 14, it showed green. At minute
28, 35 and 42, it showed red. At minute 63 and 70, it showed green again. At minute
84, 91 and 98, it showed red again. Red showed the DNA expression was increased.
Black showed the DNA expression was stable. Green represented the DNA expression
was decreased.

We stress that according to [7] the data presented in the following figure was built
manually by the researchers (counting the intensities of the spots manually). We
therefore will consider this information as control data (as it is curated) and will use
it to compare the different segmentation methods.
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Fig. 12. Histone genes under yeast

alpha factor experiment.

In the following we will focus on minute 70 of the experiment (when according to
[7] the log ratio values should be negative) green in Figure 12.

Figure 13 shows the ’Green Red Green Red’ cycle which was the same as in
Figure 14. The ratio Rg is equal to Yg

Xg
. This ratio represents the DNA change (DNA

expression difference).Xg denotes the gth spot pixel intensity of Cy3 channel (Green).
Yg denotes the gth spot pixel intensity of Cy5 channel (Red). Logarithms of this ratio
is log2Rg . Using logarithmic transformation reduces the skewness of the distribution
and improves the variance estimation. Log ratio of intensities from Red and Green
channel was computed to represent histone genes expression in alpha factor using the
ACWE method.

Fig. 13. Log ratio (R/G) of histone genes in alpha factor using ACWE method.

In Figure 14 log ratio of intensities from Red and Green channel was computed to
represent histone genes expression in alpha factor using the SRG method. At minute
70, it showed red. This is different from Figure 12.
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Fig. 14. Log ratio (R/G) of histone genes in alpha factor using SRG method.

In Figure 15 the log ratio of intensities from Red and Green channel was computed
to represent histone genes expression in alpha factor using the GOGAC method. At
minute 70, it showed red. This is different from Figure 12.

Fig. 15. Log ratio (R/G) of histone genes in alpha factor using GOGAC method.

Therefore, we can conclude that ACWE is better than SRG and GOGAC since it
matched the exact biological cell cycle.
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4. Conclusion

Active Contour Without Edges ACWE segmentation method is more accurate
in extracting the spots foreground intensities than the other segmentation methods
discussed above. The log ratio based on the ACWE segmentation can provide more
accurate gene expression difference levels than the other segmentation methods. The
accurate intensities data provided are much more helpful in the cluster analysis, func-
tion prediction of data mining for future analysis. These accurate intensities data are
much more helpful in the cluster analysis, function prediction for future analysis.

We have shown that the ACWE method is outperforming the current segmentation
methods used today. The big drawback of the method proposed in the current paper is
its requirements with respect of time: in our processing we showed a time difference
of about 80 fold between ACWE and the other methods. This means that if the
processing takes now minutes for an array, it could take of the order of hours in the
case of ACWE. This should not be a deterrent towards ACWe because the actual
biological experiments (preparation of the cells, preparation of the DNA chip, etc.)
takes usually of the order of days, thus it does not make any sense to hurry-up in
the end and obtain the results fast but not the most accurate. With the advent of
higher resolution cameras we anticipate that the increase in resolution will show an
even wider gap between ACWE and other methods, with ACWE becoming even more
accurate. If at the moment we estimate that around 3% of the values computed in
a DNA chip have different values between ACWE and GOGAC, a higher resolution
picture should increase this percentage. Considering that out of the total of tens
of thousands of spots a successful experiment identifies roughly tens of genes, a 3%
change in the number of values can prove to have dramatic changes in the results and
conclusions of the work.

Up until now the DNA arrays have been considered as qualitative tools (due to the
problems related to sensitivity and reliability in the value association with the genes),
we consider that our approach could be a first step into the direction of DNA arrays
that are quantitative. Of course, the technology needs to be bettered also at the
hardware/experimental level, but at the image processing level the ACWE method
should provide excellent results once the resolution of the pictures is increased.

5. Future work

Parallel computing may be implemented in the ACWE to improve the computing
time. We can also apply ACWE method to Affymetrix Genechip. By segmenting the
Affymetrix GeneChip .DAT image files, the gene cell intensity values can be obtained.
We want to show that ACWE can also provide more accurate segmentation result of
gene cell intensity than the method Affymetrix applied. Each Affymetrix GeneChip
probe cell is constructed with n*n pixels. When Affymetrix software segmenting the
spot intensity, it uses the inner (n-2)*(n-2) pixels. The outer boundary of 4*(n-1)
pixels are excluded. The average intensity of the probe cell (spot) is computed by
using the 75 percentile of the (n-2)*(n-2) pixels. It doesn’t care about the real shape
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of the probe cell. ACWE can provide the real shape of each probe cell and give more
accurate intensity value for each probe cell. We will do more experiments based on
Affymetrix image files to show ACWE is better.
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