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In the present study, an adaptation of the Markov Random Field (MRF) segmentation model,

by  means of the stationary wavelet transform (SWT), applied to complementary DNA (cDNA)

microarray images is proposed (WMRF). A 3-level decomposition scheme of the initial

microarray image was performed, followed by a soft thresholding filtering technique. With

the  inverse process, a Denoised image was created. In addition, by using the Amplitudes

of  the filtered wavelet Horizontal and Vertical images at each level, three different Mag-

nitudes were formed. These images were combined with the Denoised one to create the

proposed SMRF segmentation model. For numerical evaluation of the segmentation accu-

racy, the segmentation matching factor (SMF), the Coefficient of Determination (r2), and the

concordance correlation (pc) were calculated on the simulated images. In addition, the SMRF

performance was contrasted to the Fuzzy C Means (FCM), Gaussian Mixture Models (GMM),

Fuzzy GMM (FGMM), and the conventional MRF techniques. Indirect accuracy performances

were  also tested on the experimental images by means of the Mean Absolute Error (MAE) and

the Coefficient of Variation (CV). In the latter case, SPOT and SCANALYZE software results
were  also tested. In the former case, SMRF attained the best SMF, r2, and pc (92.66%, 0.923,

and 0.88, respectively) scores, whereas, in the latter case scored MAE  and CV, 497 and 0.88,

respectively. The results and support the performance superiority of the SMRF algorithm in

segmenting cDNA images.

dyers, green Cyanine 3 (Cy3), for the reference, and red, Cya-
. Introduction

n the last decay, complementary DNA (cDNA) microarray
echnology has been enormously improved, by offering to the

esearch community the ability to identify and quantify thou-
ands of genes simultaneously [1].  cDNA microarrays consist
f thousands of individual DNA sequences placed on a dif-
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ferent microscope slide spot on the microarray. Messenger
RNA (mRNA) from a sample and a reference cell is collected
and reverse transcripted into cDNA sequence [1].  Each of the
two cDNA samples is labeled using two different fluorescence
nine 5 (Cy5), for the control sample. These two samples are
mixed and hybridized with the microarray slide. After this
hybridization, the slide is scanned and two different images

erved.
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(Red and Green) are produced. For each spot that corresponds
to a specific gene, the fluorescence ratio of the red versus green
channel is indicative of the expression level of the correspond-
ing gene in the two samples (control vs. reference). Hence, the
more precise the localization of a spot on the arrayer, the more
accurate the intensity measurement is and, consequently, a
more precise expression level measurement of the gene may
be obtained. Therefore, the exact location, as well as, an accu-
rate identification of the boundary of each spot is crucial for
more  precise gene expression measurements.

According to the literature, there are three major steps
employed for the calculation of the expression level of each
gene in the cDNA image  [1,2]. The first step is the gridding step,
where the precise localization of each spot with each back-
ground area is defined. The second step is the segmentation
[3–8], where the classification of the pixel to either the fore-
ground or the background of the image-spot is performed. The
final step is the intensity extraction step, where the intensity
of each spot is calculated.

In the present study, the gridding step is assumed to have
been done by means of an automatic gridding process, pre-
viously developed by our group [10], thus, we will focus on
the segmentation process. More  precisely, a new segmentation
algorithm is proposed based on the MRF  model in combination
with the additional information given by the wavelet domain
[12] of the microarray image.  The Stationary Wavelet Trans-
form is used to decompose the image  up to 3 scales, followed
by a soft thresholding filter [11]. SWT  was selected due to the
fact that decomposed images retain their initial dimensions
and no loss of information occurs. Magnitude images from
each one of the three scales, combined with the wavelet fil-
tered image  are used to enhance the segmentation accuracy
of the proposed wavelet-based MRF  scheme.

2.  Methods

2.1.  Material

An indirect performance estimation of the segmentation algo-
rithms was also carried out, with the use of five actual
microarray images concerning Saccharomyces cerevisiae [16].
More  precisely, 10 images (5 Red and 5 Green) from the same
experiment, produced at five different time intervals [16],
were employed. Common reference channel (Green) inten-
sities were considered constant in time [17]. This property
was used to examine the reproducibility of each segmentation
algorithm [17] and the algorithm with the more  stable results
would be the most effective.

In addition, the use of simulated microarray images is
essential for the task of directly calculating the segmentation
accuracy of the algorithms, due to the fact that the numeri-
cal evaluation of the segmentation accuracy is not a straight
forward process since the actual boundaries of the spots
cannot be accurately defined. Thus, a simulated microarray
image with 1600 spots was produced, according to [12]. More

specifically, an actual microarray image  with 1600 spots was
converted into binary image  by means of simple thresholding
filtering. This binary image  was used as a template in order to
create the simulated image  with realistic characteristics. Each
 b i o m e d i c i n e 1 0 4 ( 2 0 1 1 ) 307–315

spot (foreground) was filled with intensity values, randomly
chosen by an exponential distribution with predefined mean
value ranging from 0 to 216 − 1. The background was filled with
intensity values randomly chosen by a single exponential dis-
tribution with mean value equal to 4000. Afterward, the image
was corrupted with additive Gaussian noise [9] of five different
Signal to Noise Ratio (SNR) levels, 1, 3, 5, 7, and 9 db. These five
images would be used for directly evaluating the segmentation
performance of the algorithms at different noise levels.

2.2. Proposed  Wavelet  MRF  (WMRF)  Model

The WMRF models make use of both textural and contex-
tual information of the image  [12,14,18], and [19]. In order
to use additional useful information residing on the microar-
ray image,  the stationary wavelet transform [18] was applied
onto the image  up to scale three followed by a soft threshold
filtering technique, as described in (1)

Wout =

⎧⎨
⎩

Win + Th · (G − 1) if Win > Th

Win − Th · (G − 1) if Win < −Th

G · Win otherwise

⎫⎬
⎭ (1)

where Wout and Win are considered to be the output and the
input wavelet domain values of the image,  and Th and G are
the threshold and gain values, respectively. Filtering is applied
to all wavelet domain detail images; Horizontal (Ho), Vertical
(Ve) and Diagonal (Di). Following a trial and error procedure,
the biorthogonal mother wavelet [19] was chosen. The whole
process is illustrated in Fig. 1.

The denoised image  (D) as well as the three magnitude
images (M1, M2, and M3) [15] in relation (2) for each scale were
formed

M =
√

H′
o

2 + V′
e
2 (2)

where H′
o and V′

e are the Horizontal and the Vertical filtered
wavelet detail images at the 1st, 2nd and 3rd scale, respec-
tively.

Assuming that a feature vector F has been extracted from
a random image  X and that the segmentation result (“0′′ label
for the Background and “1′′ for the spot) is a binary vector Y,
then according to Bayesian theory, the a-posteriori probability
P(Y|F) of Y given the F can be derived from (3),  known as Bayes’
Rule.

P(Y|F) ∼= p(F|Y)P(Y) (3)

where p(F|Y) is the conditional probability of F given the Y,
and P(Y) is the a priori probability of Y that is used to describe
the label distribution. The a-posteriori probability can also be
expressed using Gibbs’ distribution [12] as shown in (4).
P(Y|F) = 1
Z

e−SEC/T (4)

dx.doi.org/10.1016/j.cmpb.2011.03.007
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Fig. 1 – Wavelet decomposition and image formation scheme.

dx.doi.org/10.1016/j.cmpb.2011.03.007
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where Z is normalization constant calculated by (5),  SEC is
the total energy for each class c, calculated by (6) and T is a
constant value.

Z  =
2∑

c=1

e−SEC/T (5)

SEc = SEL + aSEc
F (6)

where SEL and SEF are the energy of the labels (7) and features
(8),  respectively, and a is a normalization value.

SEL(y) = w1

∑
t  ∈  Neighbor

ı(yt, ycenter)D + w2

L∑
i=1

[ ∑
t  ∈  Neighbor

ı(yt, ycenter)Mi

]
(7)

SEc
F = w1

[
(D − �c

D)2

2(�c
D)2

+ log(
√

2��c
D)

]

+ w2

L∑
i=1

{[
(Mi − �c

Mi
)2

2(�c
Mi

)2
+ log(

√
2��c

Mi
)

]}
(8)

where �D and �Mi are the mean values of class c of smoothed
magnitude images M and denoised image  D, respectively, and
L is the maximum level of decomposition (i.e. 3). Finally, �D and
�Mi are the standard deviations of M and D images of class c,
respectively. W1 and W2 ∈ [0 1] are weight parameters.

For the calculation of the a-posteriori probability P(Y|F) in
(1), the following scheme was followed:

• For each spot with its background, the fuzzy c means clus-
tering algorithm [18] was used for an initial estimation of the
2 classes C, the foreground (spot) and background classes.

• For each class C, mean value � and standard deviation �

were calculated.
•  The SEL and two SEF

C (one for each class C) energies were
calculated by using (7) and (8),  respectively.

• Total Energies (4) for each class C were calculated.
• A-posteriori probabilities (2) of each pixel belonging to

either foreground, or background were calculated. Classi-
fication was performed to the highest probability.

• Label values of vector Y were redefined according to the
classification decision.

• The whole process was repeated until no significant change
of the total energies SEC occurred.

2.3.  Intensity  extraction  and  normalization

Regarding simulated images, for each segmented spot, the
mean intensity value of the foreground (IFG) and the back-
ground (IBG) was calculated. The spot intensity value I was
calculated by subtracting IFG from IBG (background correction)
[17]. Regarding the actual microarray images, background cor-
rection was applied to both Red and Green Channels. In the

latter case, in order to adjust individual intensities among
the five replicates, normalisation was an essential step. As
discussed in the literature [1],  with normalization process,
elimination of the biases within each microarray involved in
 b i o m e d i c i n e 1 0 4 ( 2 0 1 1 ) 307–315

an experiment is achieved, thus, microarray data can be used
for further analysis

In the present study, the local weighted linear regression
(lowess) [17] method was adopted. According to this method, IR
plots (I = log10(RG)  and R = log2(R/G)) were formed, where R and
G are the red and green channel’s mean spot intensity values.
Afterwards, normalization was accomplished with the use of
a best-fit weighted function on the IR plot. More  detail about
lowess normalization method can be found in [17]

2.4. Evaluation

In order to make a direct assessment of the segmentation pro-
cess, the following metrics were calculated from the simulated
images:

• The segmentation matching factor (SMF) [13,20] that mea-
sures the mis-segmented pixels.

SMF = Bsegmented ∩ Bsimulated

Bsegmented ∪ Bsimulated
(9)

where Bsegmented and Bsimulated are the binary versions of the
segmented and simulated images, respectively.

The algorithm that scored an SMF value closest to unity
had the best performance.

• The coefficient of determination r2 [13,20] indicates the
strength of the linear association between simulated and
calculated cells, as well as, it gives the proportion of the
variance (fluctuation) of the calculated data.

r2 =
∑All spots

i=1 (Isegmented(i) − Īactual)
2∑All spots

i=1 (Iactual(i) − Īactual)
2

(10)

where Isegmented and Iactual are the mean intensity values of the
calculated and simulated spots, respectively, i refers to indi-
vidual cell images (i = 1. . .1600), and Īactual is the overall mean
of the spot intensity values of the simulated image.  The algo-
rithm that scores r2 value closest to the unity has the best
performance.

• The concordance correlation pc [13,20] measures the agree-
ment between simulated and calculated data and is used to
evaluate the reproducibility of the proposed segmentation
algorithms.

pc(A, B) = 2SASBr

S2
A + S2

B + (Ā − B̄)
2

(11)

where A and B are two samples, Ā and B̄ are the mean val-
ues, SA and SB are the standard deviation of the samples. The
higher the pc value, the better the performance of the algo-
rithm.
Indirect segmentation performance estimation was made
with the use of the real microarray images, where the repro-
ducibility of the segmentation techniques was quantified by
means of:

dx.doi.org/10.1016/j.cmpb.2011.03.007
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 Mean Absolute Error (MAE) [20] that indicates the sameness
of the spots’ intensities.

AEspot = 1
n

n∑
i=1

|Ii − Ī| (12)

here n is the number of replicates (n = 5), Ii is the normalized
ean spot intensity value and Ī is the spot’s overall mean,

alculated from the means of the corresponding spots in the
 replicates.

Coefficient of Variation (CV) [20] that indicates the varia-
tions of the spots’ intensities.

Vspot = �

�
(13)

The lower the MAE  and the CV values, the better is the
eproducibility of the method being evaluated.

For segmentation accuracy comparison purposes, MRF, and
he proposed WMRF  algorithms were compared against the
onventional fuzzy c means (FCM) [19], the Gaussian Mix-
ure Models (GMM)  and the Fuzzy Gaussian Mixture Models
FGMM)  that have been developed and applied to microarray
mages by our group in the past and explicitly described at
20]. The SMF,  the r2, and the pc were used for the evalua-
ion of segmentation’s algorithms, since the former concerns
egmentation accuracy and the two latter intensity extraction
recision.

. Results

omparative segmentation results for 6 different cells,
btained from the G channel of the simulated microarrays, are
resented in Table 1. The first column indicates the simulated
pot with the surrounding area, the second column indi-
ates the actual boundaries of the spot and the third, fourth,
fth, and sixth columns present the segmentation results as
ell as the corresponding SMF  of the GMM (87.60%, 95.87%,

1.74%, 95.87%, 89.26%, 95.04%), FGMM (100%, 97.52%, 100%,
6.69%, 100%, 98.35%), MRF  (98.35%, 96.69%, 100%, 96.69%,
00%, 98.35%), and WMRF  (100%, 98.35%, 100%, 98.35%, 100%,
00%) algorithms, respectively. Results concerning SMF, r2, and

c on simulated images at five different SNR levels applied to
CM, GMM,  FGMM, the conventional MRF,  and the proposed
MRF  technique are illustrated in Tables 2–4 and Figs. 2–4,

espectively.
Furthermore, GMM, FGMM,  MRF  and WMRF algorithms

ere also used to segment five experimental microarray
mages. Green channel intensity was expected to be con-
tant in time during the experiment’s progression [19], and
20]. Thus, for the performance assessment of the above algo-
ithms, reproducibility (MAE and CV) of the resulting spot
ntensity values on the green channel was calculated and

resented in Table 5. Furthermore, normalized box-plots that

llustrate the MAE  using GMM  (1470), FGMM (1430), MRF (1215),
MRF  (497), SPOT (1180) and SCANALYZE (503), applied on the

ve real microarray images, are illustrated in Fig. 5.
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4.  Discussion

In this study, we  propose a novel generalised wavelet-based
MRF  (WMRF) segmentation model in segmenting microarray
images. The main novelty of the WMRF technique is that it
takes into account the spatial information of the pixels in the
wavelet domain, during the process of label calculation of the
MRF  model, leading to a more  robust and accurate pixel classi-
fication procedure. The latter is verified by the results obtained
by applying the proposed algorithm to both simulated and
actual microarray images.

More precisely, concerning simulated images, the pro-
posed WMRF algorithm attained the highest SMF,  r2, and
pc scores (see Tables 1–4 and Figs. 2–4,  respectively) as
compared to the FCM, GMM, FGMM, and the conventional
MRF  technique, at all five different SNR levels. Segmenta-
tion results on simulated images of six randomly chosen
spots are also illustrated in Table 1. In particular, in the
case of the SMF at the 1 db SNR Gaussian noise level (see
Table 2), the FCM scored 89.22% whereas the GMM  and the
FGMM scored 90.73% and 91.07%, and the MRF  and WMRF
scored 92.15% and 92.66%, respectively. The SMF  difference
between the FCM and SMRF was found constant at different
SNR levels. On the contrary, r2 variations among FCM, GMM,
FGMM, MRF, and SMRF were diminished for higher SNR lev-
els (see Table 3). Comparing the two GMM  algorithms, the
Fuzzy approach of the GMM was more  tolerant to noise as
compared to the conventional GMM. In addition, the SMRF
segmentation performance was superior to the conventional
MRF  algorithm.

In addition, GMM, FGMM, MRF and WMRF algorithms
were applied to five experimental microarray images. The
segmentation performance was accomplished by means of
two metrics, the MAE (sameness) and the CV (variation).
In addition, a comparison with the publicly available soft-
ware programs SCANALYZE® and SPOT® was conducted for
segmenting the same microarray images; the SCANALYZE
software makes use of the Fixed Circle (FC) segmentation tech-
nique and SPOT of the SRG.

The lowest MAE and CV measurements were obtained by
the proposed WMRF method. More precisely, WMRF  scored 497
mean MAE  for the 6400 spots (see Table 5 and Fig. 5), which is
close to the score attained by the FC technique.

Additionally, the MAE  of the proposed WMRF  technique
was half that of the conventional MRF,  which is indicative
of the improvement on MRF that wavelet based information
may bring about. Additionally, the proposed method achieved
a MAE (497) score lower but close to SCANALYSE’s FC tech-
nique (503) but definitely lower than that of the conventional
MRF  technique (1215) and of the SPOT’s SRG technique (1180).
Additionally, the CV values of WMRF,  FC, SRG, and MRF (0.88,
0.90, 0.93, and 1.15, respectively) were close to unity with the
WMRF having the lowest value

The WMRF algorithm results on the real microarray images
verify the simulated results and support the performance
superiority of the WMRF algorithm in segmenting cDNA

images.

Concerning segmentation processing time for an actual
microarray image  of 6400 spots, it took around 25 min  for the

dx.doi.org/10.1016/j.cmpb.2011.03.007
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Table 1 – Comparative results for 6 different cells obtained from the G channel of the simulated microarray. The 1st
column indicates the simulated spot with the surrounding area, the 2nd column indicates the actual boundaries of the
spot and the 3rd, 4th, 5th, and 6th columns present the segmentation results of the GMM,  FGMM,  MRF,  and WMRF
algorithms as well as the corresponding matching factors.

SEGMENTATION RESULTS FO R 6 DIFFERENT CELL S
Original 

Spots
Actual 

Boundaries
GMM
Result

FGMM
Result

MRF 
Result

WMRF
Result

Spot 1 Accuracy: 87.60 % 100.00% 98.35 % 100.00%

Spot 2 Accuracy: 95.87 % 97.52% 96.69 % 98.35%

Spot 3 Accuracy: 91.74 % 100.00% 100.00% 100.00%

Spot 4 Accuracy: 95.87% 96.69% 96.69% 98.35 %

Spot 5 Accuracy: 89.26 % 100.00% 100.00% 100.00%

Spot 6 Accuracy: 95.04 % 98.35% 98.35 % 100.00%

Table 2 – Comparative SMF  results for the 5 simulated images with different SNR levels. The 2nd, 3rd, 4th, 5th, and 6th
columns indicate the SMF  by using FCM, GMM,  FGMM,  MRF  and WMRF segmentation techniques, respectively.

SMF results on simulated microarray images

SNR (db) FCM GMM FGMM MRF WMRF

1 89.22  90.73 91.07 92.15 92.66
3 89.94 91.59 92.50 92.96 93.53
5 91.25 92.20 93.84 94.24 94.56
7 93.11 93.39 95.48 96.30 96.69
9 94.69 95.34 96.62 97.20 97.47

Table 3 – Comparative r2 results for the 5 simulated images with different SNR levels. The 2nd, 3rd, and 4th columns
indicate r2 by using FCM, MRF  and the proposed WMRF  segmentation techniques, respectively.

r2 results on simulated microarray images

SNR (db) FCM GMM FGMM MRF WMRF

1 0.843 0.894 0.916 0.905 0.923
3 0.867 0.914 0.936 0.927 0.944
5 0.926 0.935 0.957 0.946 0.966
7 0.955 0.961 0.983 0.968 0.988
9 0.971 0.983 0.991 0.987 0.996

dx.doi.org/10.1016/j.cmpb.2011.03.007
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Table 4 – Comparative SMF  results for the 5 simulated images with different SNR levels. The 2nd, 3rd, 4th, 5th, and 6th
columns indicate the SMF  by using FCM, GMM,  FGMM,  MRF  and WMRF  segmentation techniques, respectively.

pc results on simulated microarray images

SNR  (db) FCM GMM FGMM MRF WMRF

1 0.80 0.83 0.86 0.85 0.88
3 0.80 0.83 0.87 0.86 0.89
5 0.81 0.84 0.90 0.87 0.91
7 0.82 0.85 0.93 0.89 0.94
9 0.84 0.87 0.95 0.92 0.97

Fig. 2 – SMF  calculated by using FCM, GMM,  FGMM,  MRF,  and WMRF  algorithms in respect to additive white Gaussian noise
with different SNR.

Fig. 3 – r2 calculated by using FCM, GMM, FGMM,  MRF,  and WMRF  algorithms in respect to additive white Gaussian noise
with different SNR.

dx.doi.org/10.1016/j.cmpb.2011.03.007
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Fig. 4 – pc calculated by using FCM, GMM,  FGMM,  MRF,  and WMRF  algorithms in respect to additive white Gaussian noise
with different SNR.

Table 5 – Results for the four segmentation techniques by means of MAE  and CV, applied on five real microarray images.

MAE  and CV results on real microarray images

Technique Mean MAE Mean CV

GMM 1470 1.29
FGMM 1430 1.21
MRF 1215 1.15
WMRF 497 0.88
SCANALYZE (FC) 503 0.90
SPOT (SRG) 1180 0.93

Fig. 5 – Normalized box-plots that illustrate the MAE  using GMM, FGMM,  MRF,  WMRF,  SPOT and SCANALYZE applied on five

real microarray images.

WMRF,  whereas it took 20 min  for the conventional MRF, GMM,
and FGMM techniques on a Pentium IV 3 GHz desktop PC with
1 GB RAM. However, the programming code of the above algo-

rithms has not been optimized in terms of processing time
and, thus, it may not be comparable with SCANALYSE’s fast
response times.
5. Conclusions
It was found that the proposed method (WMRF), tested on
both simulated and actual microarrays, was found to enhance
the segmentation accuracy of spots. In addition the proposed

dx.doi.org/10.1016/j.cmpb.2011.03.007
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egmentation scheme was contrasted with the conventional
RF,  as well as, two publicly available packages, the SPOT and

he SCANALYZE. The main reason why the proposed method
estowed better segmentation results was due to the combi-
ation of image  texture with information given by the image’s
avelet domain.
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