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Based on the assumption that a microarray spot has an approximately circular shape we here introduce a
robust method for detection of spots located inside defined regions (“spot boxes”) of digital images. By
appropriate vectorization of the spot box pixel positions, the spot detection is completed by maximization of
a two-sample t-statistic. The method presented outperforms established segmentation methods on a
benchmark dataset of various artificially generated DNAmicroarray images. The method is also demonstrated
to be superior to the strongest competitors (as identified by processing the artificial data) when compared on
a real set of microarray images.

© 2009 Published by Elsevier B.V.
1. Introduction

In the present paper we introduce a spot detection method called
probabilistically assisted spot segmentation (PASS) as an approach to
some fundamental challenges associated with spot detection in digital
images. Spotted DNA microarrays (see [1]), represent an important
area of application for the suggested methodology, but PASS can also
be considered for other image analysis problems that require
detection of approximately circular spots located inside a specified
region of pixels. The image analysis process associated with DNA
microarray experiments is critical for success and reliability of the
succeeding statistical analysis [2]. Table 1 gives an overview of the
major technical andmethodological steps associated with the analysis
of DNA microarray experiments.

In addition to methodological contributions on spot segmentation
and detection, the present paper introduces a new strategy for
comparison of different spot segmentation methods when replicate
spots for each gene are present in the microarrays considered.
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1.1. Spot detection methodology applied to DNA microarrays

Successful detection of spots in DNA microarray images requires
correct gridding of the digital microarray images in order to locate the
regions of interest, called spot boxes, framing each spot. Traditional
ways to solve the gridding problem are often based on a combination
of automatic procedures and manual user interaction. Typically, the
user manually indicates the position of carefully selected reference
spots in the microarray image. An appropriate grid pattern is
thereafter automatically designed from the indicated positions. Final
manual adjustments may be required to locate the spot boxes and
corresponding spots with sufficient precision. The gridding process is
fundamental in the sense that it provides identification of the spot
boxes, which is necessary for the execution of most spot segmentation
methods, and thereby provides a rough estimate for the location of
each spot center.

When the new spot detectionmethod (PASS) is applied, we use the
results of a gridding procedure closely related to the ideas presented
in [3,4] to define the spot boxes. (The technical details are omitted
here.)

A number of different spot detection algorithms have been applied
to DNA microarray images. An overview of the most popular ones can
be found in [5] and [6]. Lehmussola et al. performed a bench mark
study to compare the performance of nine different methods [7]. The
results of their study, extended by the results obtained by the PASS
spot segmentation — With application to DNA microarray images,
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Table 1
The major steps in analysis of a microarray experiment.

Image analysis Spot detection Quality assessment Statistical analysis

Digital scanning: scanning of the
DNA microarray slides into digital
images

Gridding: detection of subarrays and
spot positions in the digital images.
Recognition of the spot boxes. A spot
box is the square region of pixels
containing a spot and its local
background

Quality control: detection of spots
with poor image quality

Feature extraction: calculation
of log-ratios of expression levels
of each spot in two channels

Registration: declaration of the
subarray-and spotstructure
on the microarray chip

Outlier detection: finding spots that
differ from replicates

Normalization: compensations
for systematic differences

Pre-processing: adjustments, like
rotations and definition of the region
of interest in the digital image.

Segmentation: identification of
background pixels and spot pixels
in each spot box

Explorative analysis or statistical
modeling linked to the design of
the experiment
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method described below, are listed in Table 2. We have also included
the results of two alternative variants (referred to as SRG2 and SRG3)
based on the seeded region growing (SRG) methodology described by
Adams and Bischof [8] and Yang et al.[5]. The SRG2 and SRG3 are
modifications of the SRG-version used by Yang et al. and Lehmussola
et al. with the following characteristics:

• SRG2: Individual segmentation for each spot box (as identified from the
gridding, see below). As foreground seed the pixel of highest intensity
within a centered rectangle,which sides have length 1/3 (our choice) of
the surrounding spot box sides, is chosen. As background seeds, the edge
pixels of the spot box are used to initiate four separate background
regions (indicated in Fig. 1a) and later merged into a single background
region after convergence of the algorithm.

• SRG3: Individual segmentation for each spot box. As foreground
seed the center pixel of the spot box is chosen. As background seeds
the four corner pixels of the spot box are chosen to represent a single
background region, see Fig. 1b.

Compared to SRG2, the original SRG (see Table 2) is based on a
simultaneous segmentation of the entire microarray image. SRG3 is
suggested as a simplified version of SRG restricted to separate
processing of each spot box.

2. Experimental

2.1. Probabilistically assisted spot segmentation (PASS)

In the present approach we assume that each spot center is

represented by a two dimensional mean vector μ = μ1
μ2

� �
with local
Table 2
Methods that have been compared and evaluated.

Method Description

Fixed circle (FC), [9] Circular mask with constant radius
Adaptive circle (AC), [10] Circular mask with independently estimated

radius for each spot
Seeded region growing (SRG), [5] Segmentation with seeded region growing

segmentation algorithm
Mann–Whitney (MW), [11] Computing segmentation threshold iteratively

with Mann–Whitney test
k-means (KM) [12] k-means clustering of pixels
Hybrid k-means (HKM) [13] k-means clustering of pixels and removing

outliers with mask matching
Markov random field (MRF) [14] MRF modelling of pixels
Model-based segmentation (MBS) [4] Model-based clustering of pixels and extraction

of connected components
Matarray (MA) [15] Iterative modification of target mask based on

spatial and intensity information
Probabilistically assisted spot
segmentation (PASS) [this paper]

Elliptical mask based on estimating bivariate
Gaussians

Seeded region growing, variant 2
(SRG2) [this paper]

Our implementation of SRG

Seeded region growing, variant 3
(SRG3) [this paper]

Our implementation of SRG with different
choice of seeds
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coordinates referring to the corresponding spot box denoted X, and
that the shape of the spot can be described by a positive definite
(2×2) covariance matrix Σ = σ11 σ12

σ21 σ22

� �
. The basic idea of PASS is to

provide individual estimates of μ and Σ for each spot based on the
corresponding spot box pixel positions and intensities. The resulting
Gaussian probability density function

fμ;Σ xð Þ = 1= 2π � j
X

j0:5
� �

� exp − 0:5 x−μð Þ1
X−1 x − μð Þ

h i
; ð1Þ

see Fig. 2c, assigns a density value for each pixel position x = x1
x2

� �
aX.

The suggested estimation of a bivariate Gaussian density functionmay
seem insufficient at first sight because the pixel intensities of a spot
box are obviously closer in geometrical distribution to an elliptically
shaped step function. However, a carefully estimated bivariate
Gaussian density function provides useful estimates of both the
center and the shape of a spot. The key point of PASS is its
rearrangement of the pixel positions contained in X into a (one-
dimensional) sequence based on the associated density values fμ,Σ(x).
In the following such rearranging will be referred to as vectorization.
By considering vectorized spots, spot segmentation can be solved as a
one-dimensional problem.

A vectorization results in a sequence of pixel intensities Sf(X)=
[i1,…,ip], where the integer p represents the total number of pixels
in X. For any integer 1bqbp−1, we can express Sf(X)=[Fq, Bq],
where the partition into Fq=[i1,…,iq] and Bq=[iq+1,…,ip] may be
considered as fore- and background candidates containing q and p−q
pixels, respectively. Evaluation of each partition can be based on the
associated two-sample t-statistic. An “optimal” partition [Fc, Bc] (with
respect to the vectorization) is foundby searching for the “cut-off” index
c corresponding to the maximum tc of the t-values from all the (p−3)
possible two-sample t-tests comparing the pixel intensities of the
potential foreground Fq and backgroundBq. Fig. 2 illustrates the essential
steps of PASS. Fig. 2d shows a typical sequence of the t-values induced by
Sf(X) corresponding to an estimated density function fμm,Σm(x). Its
maximumvalue tc defines the “cut-off” index c (indicated by a red circle
in Fig. 2d.) separating the foreground from the background pixels as
shown in Fig. 2e.

2.2. Parameter estimation

To obtain appropriate parameter estimates for the Gaussian
density associated with a spot box X, some careful considerations
are required. The success of the presented approach is based on a
weighted iterative procedure using initial weights deduced from
the pixel intensities; see Fig. 2b and Eq. (2). Associated with the m-
th iteration, let Fm and Bm denote the current subsets of X
corresponding to the foreground and the background pixels
respectively. For each pixel position xk X, the associated pixel
spot segmentation — With application to DNA microarray images,
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Fig. 1. a) The seeds for SRG2. The dashed rectangle indicates the area where to search for the pixel with the highest intensity, to be used as the foreground seed (white pixel). The
background seeds are indicated by the 4 regions around the edge. b) The seeds for SRG3. The white pixel in the middle is the foreground seed, and the 4 pixel corners are background
seeds.

Fig. 2. The spot segmentation steps: a) spot box containing the spot. b) Initial pixel weight estimates used in the parameter estimation algorithm. The pixel weight estimates are
derived from the histogram of pixel intensities (black bars) with indication of initial fore- and background histogram segmentation based on a cut-off intensity corresponding to the
maximum possible two-sample t-value (blue vertical line). The red curve indicates the estimated foreground distribution scaled by the estimated foreground probability and the
green curve indicates the estimated background distribution scaled by the estimated background probability. The lower part of b) shows the resulting prior pixel weight distribution
associated with Eq. (2). c) The corresponding Gaussian density function associated with the spot box in a) resulting from the parameter estimation algorithm. d) Above: vectorized
(sorted) pixels based on the Gaussian density values. Below: the corresponding fore-/background separation according to the maximum possible two-sample t-value when
restricted by the vectorization (red vertical line). e) The corresponding spot segmentation result. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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intensity is denoted ik. The iterative estimation procedure has the
following steps:

2.2.1. Initialization
0) Letm=0, Fm=X, Bm=∅ and define, εN0, maxitN1 and 0≤ fmin≤
fmax≤1. Here, ε is the tolerance for convergence and termination of the
procedure and maxit is the maximum number of iterations before
interruption and termination of the procedure. To avoid pathological
segmentation results, the spot size limits fmin and fmax are specified as
fractions relative to the total number of pixels in the spot box. (We use
fmin=0.05 and fmax=0.75 in the examples below. Background
information from the microarray slide printing process or visual
inspection of a subsample of spot boxes from the gridded image(s) is
usually sufficient for deciding appropriate spot size limits. Alternatively
onemay adjust the limits and repeat the PASS if inspection of the initial
PASS results indicate problems with detection of too small and/or too
large spots.) For the spot detectionprocedure towork, an initial (coarse)
segmentation of the spot box into fore- and background regions is
required. Histogram segmentation with the cut-off intensity value
identified by maximization of a two-sample t-statistic is sufficient for
this purpose; see the histogram and blue curve in the upper part of
Fig. 2b. From the initial segmentation solutionweights,w0(ik)N0, giving
a preliminary indication of membership to the associated foreground
(spot) are required for each pixel xk ∈ X. Such weights can be derived
from probability distribution estimates of the fore- and background
intensities based on the initial segmentation, see Eq. (2) and the lower
part of Fig. 2b. Based on normal distribution assumptions (not
necessarily correct, but none the less useful for computation of
appropriate weights) for the pixel intensities, robust estimation of the
associated parameters and specific distributions (φF and φB, respec-
tively) is straight forward. Due to the likely influence of high intensity
noise, which is prevalent in some pixels, robust estimates of the mean
and standard deviation based on the samplemedian and samplemedian
absolute deviation (MAD), respectively, is the better choice for our
purposes. The unbiased robust versionMAD/0.6745, see [16], should be
used for estimating the standard deviations. By taking the proportion of
fore- and background intensities from the initial histogram segmenta-
tion as estimates for the overall fore- and background probabilities (pF
and pB, respectively), we define the initial pixel (intensity) weights as

w0 ikð Þ = pFuF ikð Þ = pBuB ikð Þ + pFuF ikð Þ; ð2Þ

where ik is the intensity of the pixel xk and φB(ik) and φF(ik) are the
associated values from the probability density functions correspond-
ing to the initial fore- and background regions, respectively; see the
red and green curves of Fig. 2b.

2.2.2. Iteration
1) Assignweights: For every pixel xk∈ Fm, apply a rescaled versionwk of

its associated a priori weight w0(ik). The rescaling is defined so that
the sumrestricted to thepixels included in Fm isΣwk=1(accordingly
the weights of each pixel not contained in Fm is set to 0).

2) Estimate density function: Let μm=Σwk xk be the mean vector and
Σm=Σwk(xk−μ m)(xk−μ m)t the covariancematrix. The summa-
tion is taken over the pixels in Fm.

3) Find currently optimal partition: Sort the pixels according to the
currently estimated Gaussian density fμm,Σm(x). Within the spot
size limitations fmin and fmax, compute the current optimal
partition Sf(X)=[Fc, Bc]. If the maximal t-value (tc) associated
with Sf(X) is larger than for previous iterations, Sf(X) is stored as a
temporary optimal partition.

4) Check for convergence: Letm=m+1, Fm=Fc from 2), Bm=X \Fm.
Stop ifm=maxit or if |Fm ∩ Bm−1|+|Bm ∩ Fm−1|bε|X|. Otherwise
return to 1). (Here \, ∩, ∪ and |·| are used to indicate difference,
intersection, union and cardinality of sets, respectively.)
Please cite this article as: Ø. Gjerstad et al., Probabilistically assisted
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5) Final solution: After stopping in step 4) the stored partition Sf(X)=
[Fc, Bc], giving the largest t-value during iterations and its associated
Gaussian density function is taken as the final solution.

The estimation procedure presented only requires the spot pixels
to be located inside the spot box. In contrast, the SRG-approaches
mentioned earlier require initial access to several pixels that with
certainty belongs to the spot and to the background, respectively.

3. Strategies for comparison of segmentation methods

3.1. Comparison on simulated images

The most important advantage of a comparison study based on
simulated microarray images is the access to exact knowledge of the
correct spot segmentations. This gives an opportunity to compare the
accuracy of different segmentation methods at the level of individual
pixels.

Lehmussola et al. [7] suggested a strategy for comparison of
methods based on two distinct quality measures: i) probability of er-
ror (PE) and ii) discrepancy distance (D).

For a particular spot box the probability of error is defined by

PE = P Fð Þ × P B jFð Þ + P Bð Þ × P F jBð Þ; ð3Þ

where P(F) and P(B) denotes the true relative frequencies of the
foreground and background pixels, respectively, according to the
(known) correct spot segmentations. P(B|F) and P(F|B) corresponds
to the error probability of classifying background as foreground and
foreground as background, respectively.

With Nmisclassified pixels in a spot box containing a total number
of A pixels, the discrepancy distance is defined as

D =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN

i = 1
d2 ið Þ

q
= A; ð4Þ

where d(i) is the distance from the i-th misclassified pixel to the
nearest pixel that actually belongs to the erroneously assigned class.

Note: The performance results reported for the different segmen-
tation algorithms, both by Lehmussola et al. and by us, are based on
the median values of PE and D calculated from all spots of the
simulated microarray images.

3.2. Comparison on real images

The comparison strategy described for the simulated images
cannot be used for real microarray images, since exact knowledge
about the true foreground/background status of the individual pixels
is then unavailable. However, it is reasonable to expect the spots
associated with one particular gene (replicates) to have similar levels
of intensity, i.e. a “small” within-replicates-variance (at least when
replicates are closely spaced on the microarrays). Both Yang et al. [5]
and Li et al. [4] suggest this requirement, with the reservation that a
segmentation method may lead to a small variance among replicates
because of systematic bias (i.e. poor sensitivity with respect to the
between-genes-variation).

In the following we will refer to the collection of replicate spots
associated with one particular gene on one particular microarray slide
as a gene instance.

As a basis for comparison of different segmentation methods, we
therefore suggest an approach that considers both variance aspects for
evaluation of performance simultaneously. Heteroscedasticity of the
intensity estimates is a practical challenge in the data analysis of DNA
microarray images that can be handled by grouping the genes of the
investigated microarrays (see description of the dataset below) into,
say, G distinct and equally large intensity level groups (G=20 groups
spot segmentation — With application to DNA microarray images,
j.chemolab.2009.04.003
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Table 3
The table summarizes the median probability of error and the median discrepancy
distance for each algorithm and both types of simulated images (good quality and low
quality) as shown in Fig. 4.

Probability of error Discrepancy distance

Good Low Good Low

FC 0.049 0.049 0.027 0.027
AC 0.019 0.192 0.017 0.074
SRG 0.099 0.114 0.037 0.048
MW 0.165 0.162 0.066 0.074
KM 0.000 0.025 0.000 0.041
HKM 0.017 0.020 0.016 0.029
MRF 0.154 0.053 0.063 0.039
MA 0.004 0.031 0.008 0.068
MBS 0.094 0.101 0.052 0.067
PASS 0.000 0.000 0.000 0.000
SRG2 0.069 0.097 0.043 0.048
SRG3 0.000 0.007 0.000 0.007

The upper nine methods (FC–MBS) show the numbers reported in Lehmussola et al. [7].
The results of PASS, SRG2 and SRG3 are derived in the present study.
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is used in the case study reported below). The group number of each
gene should be assigned according to the average intensity over all
spot box pixels from the replicates (five replicates in the case study
below) of each gene instance.

Each of the G intensity level groups is then focused separately and
a ratio number B/W is computed, where

• B denotes the estimated variance in the mean foreground intensity
between distinct gene instances.

• W denotes the mean (taken over all gene instances) of the variance
estimates based on the average foreground intensities from within
the replicates of each gene instance.

Segmentation methods consistently resulting in the largest B/W-
ratios should be considered as favorable. In particular we look for the
segmentation method(s) that on the full range of intensities (i.e. for
most intensity level groups) dominates other alternatives with respect
to their associated B/W-ratios.

Note that if replicates are widely spaced on the microarrays, the
suggested comparison based on real images may be invalid without
appropriate background correction.
4. Data

4.1. Overview

Our focus is restricted to microarray images, in which the
subarrays as well as the spots inside each subarray are arranged in
rectangular grids. By construction, a microarray appears as a highly
regular facility. Information concerning the number of rows and
columns of subarrays, and number of rows and columns of spots
within each subarray describes the design of the microarray slide and
is available prior to the gridding procedure. Due to disturbances in the
manufacturing process, as well as in the acquisition of the digital
image, accurate detection of the subarrays and the spot positions is
still challenging. In the following, both simulated and real datasets are
considered:
4.2. Dataset 1

This dataset is a copy of the simulated images used by Lehmussola
et al. [7], downloadable from the website http://www.cs.tut.fi/sgn/
csb/spotseg/. The images were generated by themicroarray simulator
of Nykter et al. [17]. This simulator was successfully designed to
produce synthetic microarray data and images with realistic char-
acteristics. The correct segmentations (prior to the exposure of noise)
are known with exact precision for the entire collection of simulated
images. The dataset contains two separate sets of images: 50 good
quality images and 50 low quality images of 1000 spots each (2×4
subarrays containing 10×13 or 10×11 spots), in all 50,000 spots from
both good and bad quality microarrays. The good quality images were
generated according to low variability in spot sizes and shapes, and
the fore- and background noise level were chosen to be relatively low.
The parameter settings for the simulation of the low quality images
were adjusted to obtain more frequent irregularities in spot shapes
and variability in the spot sizes. Also the fore- and background noise
levels were increased significantly so that realistic distortions were
frequently occurring. Examples of both image types can be inspected
from the website indicated above. It should be noted that the exact
parameter settings used to generate this dataset is no longer available
from the authors. Consequently it is impossible to exploit this
information to achieve optimistically biased results for some carefully
designed spot detection method.
Please cite this article as: Ø. Gjerstad et al., Probabilistically assisted
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4.3. Dataset 2

This dataset contain the images of a real microarray experiment
published by Aakra et al. [18]. In this work [18], gene expression in
bacteria (Enterococcus faecalis) treated with an antibiotic (erythro-
mycin) was studied. The microarrays used were designed with 4×12
subarrays containing either 20×19 or 20×18 spots each. On each
microarray 3520 genes (here: genes include coding sequences from
the bacterium, as well as negative and positive controls) were
represented. All genes were printed as horizontally adjacent spots,
with 5 replicate spots of each gene. The dataset consisted of 3 replicate
time series with 5 time points in each series. Hence, 15 microarray
slides represented 15 instances (maximum) of each gene in the
experiment.

4.4. Case study: probabilistically assisted spot segmentation compared to
existing methods

According to the two comparison strategies specified above we
compared the PASS method to other segmentation methods.

4.4.1. Selection of PASS parameters
We used identical PASS parameters in the analysis of both datasets.

For the tolerance of convergence ε=0.01 (corresponding to 1% of the
spot box pixels) was chosen to protect against convergence problems
caused by cycling between slightly different segmentation solutions.
With this choice, the PASS procedure converged after a few iterations
for most spots. To ensure absolute termination of the procedure we
used maxit=50. For the spot size limitations we used fmin=0.05 and
fmax=0.75 (5% and 75%) of the total number of spot box pixels. These
choices can be considered as a useful rule of thumb found by trial and
error when implementing the methodology. Results are not very
sensitive to moderate changes of these limits. However, to avoid
degenerated segmentations (false detection of small spots caused by
high intensity noise etc.) it is important that fmin is not chosen much
closer to 0.

4.4.2. Simulated images (dataset 1)
Lehmussola et al. [7] compared 9 different segmentation methods

based on the two quality measures PE and D described above. By
evaluating the performance of the PASS method and the two versions
of SRG (SRG2 and SRG3), we expand their list of reported results, see
Table 3 and Fig. 3.

The results show that the PASS method performs slightly better
than SRG3 and both methods appeared superior to the other
alternatives. As expected, SRG2 performs around the level of the SRG-
spot segmentation — With application to DNA microarray images,
j.chemolab.2009.04.003
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Fig. 3. Comparison of 12 different segmentation methods. The median values for probability of error and discrepancy distance are shown for both good and low quality simulated
images.
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result, that is, slightly poorer than the average of all methods con-
sidered in [7].

4.4.3. Real images (dataset 2)
According to the above results we restricted the focus to

comparison of the three methods, i.e. PASS, SRG2 and SRG3 for the
real microarray images (dataset 2).

All together 15×3520=52800 gene instances were considered
before exclusion of outliers. Less than 2% of the gene instances
contained spots considered to be outliers (i.e. poor quality in some
of the spot replicates leading to corrupted intensity level group
allocation when compared to the intensity level suggested by
considering a subset of homogenous replicates). These instances
were removed from the initial dataset to avoid misleading conclu-
sions caused by the associated noise and artifacts. Several examples
of such outliers (corrupted spots) are shown in the companion
paper [20].

Fig. 4 shows the gene instances from some selected intensity level
groups, and indicates that SRG3 tends to suggest smaller and more
irregular spots than PASS, in particular for spots with a low intensity
level.

Comparison of the methods by the B/W-ratios in Fig. 5 indicates
that bothPASS and SRG3outperforms SRG2 for all but the three highest
intensity levels. PASS is also consistently better than SRG3. The main
difference is seen for the low intensity groups of levels less than 10.

5. Discussion

5.1. SRG

Regarding SRG, there are some differences between our
implementations compared to the version reported in [5,7]:
Lehmussola et al. [7] and Yang et al. [5] execute global segmentation
(the entire microarray image) by selecting the desired seeds (pixel
positions initializing the growing of regions) according to the
identified grid structure. In contrast, we use the gridding for
Please cite this article as: Ø. Gjerstad et al., Probabilistically assisted
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partition of the image and then SRGwas aplied to segment each spot
box individually. Except for this, the implementation of SRG2 is
specified to mimic the original SRG with respect to the choice of
seeds, growing of the separate regions and merging of the
temporary background regions (four temporary regions are initially
used to represent the background in SRG and SRG2). Based on the
results shown in Fig. 3 and Table 3, we consider the performance of
SRG and SRG2 to be similar.

SRG3 was suggested in an attempt to find out whether improved
performance over SRG2 was achievable. By taking as seeds only the
four spot box corners we minimize the risk of including spot pixels in
the background of cases with large (bleeding) spots. With this choice
of background seeds we observed a distinct positive effect for the
simulated images where some spots intersected one or more sides of
the spot box. By selecting the spot box center rather than the brightest
pixel of a centered sub region as the foreground seed, the risk of
finding degenerated solutions (artificially small spots) due to high
intensity noise pixels should be less troublesome. (In particular for the
low intensity spots of real microarray images, the center pixel choice
was clearly the favorable one.)

The inherent flexibility of the SRG methodology may, nonetheless,
lead to erroneous estimation of degenerated spots. Poor estimation
(increased variance and bias) of foreground intensities as indicated by
the weak spots shown in Fig. 4 is a likely explanation for the poor SRG
spot detection results corresponding to the low intensity spot groups of
Fig. 5. These observations are not in conflict with the comment of Yang
et al. [5] that the SRG methodology “… is potentially too adaptive.”

5.2. PASS

In the suggested iterative procedure for estimation of Gaussian
densities we have made several choices that, without any further
remarks, may seem arbitrary. Our method requires estimation of a
priori pixel weightswk

0, and our choice is shown in Eq. (2). This choice
is by no means the only or most sophisticated alternative one could
imagine (e.g. non-normal alternatives could be used for φB and φF),
spot segmentation — With application to DNA microarray images,
j.chemolab.2009.04.003
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Fig. 4. Segmentation with PASS, SRG2 and SRG3 applied to five replicates of genes in
intensity level groups a) 15, b) 10 and c) 5. For the low level groups shown in c) the pixel
intensities are manipulated in order to make the spot pixels visible. The exotic
segmentation results obtained by SRG2 and SRG3 for the lower intensity levels are
prohibited by the PASS restrictions (with respect to shape, size and position).

Fig. 5. B/W-ratios for different intensity level groups. The results indicate that PASS
leads to more consistent estimates (indicated by the higher B/W-ratio values) of
foreground intensities. The advantage of PASS over the two SRG methods is most
evident for the lower intensity groups.
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but it is simple to compute and leads to desired and robust
segmentation solutions.

In step 3 of the estimation procedure we store the temporary
optimal partition Sf(X) according to the largest maximal t-value
observed so far. Thus, after convergence we do not necessarily use the
last partition and associated spot segmentation. Instead, the iterative
procedure is trusted to visit good candidate solutions on its way to
convergence, and the optimal among these (with respect to t-value
maximization) is finally chosen.

Compared to the SRG algorithms, PASS does not require prior
knowledge of the fore- and background status of any pixels (only on
the modest assumption that the spot pixels are in fact located inside
the considered spot box). In general, the number of parameters used
to define any segmentation method should be kept at a minimum. In
the PASS there are four parameters that must be specified in order to
apply the algorithm. The parameter maxit is used to ensure
termination of the algorithm, and the convergence parameter ε
also contributes to avoid cycling between candidate solutions. We
used ε=0.01 in the applications presented above and suggest this
choice as a useful initial guess for other applications also.
Convergence usually occurs after a few iterations for most of the
spots. The value of the parameter maxit should be chosen large
enough to avoid premature interruption of the ε-based convergence
criterion. The results reported above were based on choosing
maxit=50, but experimentation with lower values indicate that
Please cite this article as: Ø. Gjerstad et al., Probabilistically assisted
Chemometrics and Intelligent Laboratory Systems (2009), doi:10.1016/
the results obtained by using a maxit-value not larger than 10 may
be sufficient. Because the number of possible solutions for each spot
box is necessarily a finite number these parameters can in principle
be excluded if one spends the extra effort of keeping track of the
previously estimated Gaussian model parameters. The two spot size
limitation parameters fmin and fmax should be transparent to the
user, and values chosen to prevent abnormal spot sizes according to
prior knowledge. We used fmin=0.05 and fmax=0.75 (5% and 75% of
the total number of spot box pixels) in both of the above
applications.

The idea of estimating Gaussians in association with microarray
spots is not a novel one. But, in contrast to approaches representing
the individual spots by Gaussians like that of [3], in the PASS we
include Gaussian modeling only to identify important characteristics
such as position, shape and density values for the individual pixel
positions. The important sequential rearrangements of the spot box
pixels, which is critical for the final spot detection (maximization of
two-sample t-value) are directly defined according to the Gaussian
probability densities. Another different application of Gaussian
estimation in microarray analysis is that of [19], in which a non-linear
least squares approach to extract features for the purpose of spot
quality control was used.

5.3. Comparison of segmentation methods based on B/W-ratios

When the suggested strategy for comparison of segmentation
methods was applied, the calculations were based on the mean
foreground intensities from the spots found from an average image of
the original channels (Cy3 and Cy5) (others may have preferred to
consider log-ratios). The main reason for our choice is that we
consider the PASS and the SRG methods as spot detection methods
that should be compared without reference to a desired property of
some particular area of application. This opinion also justifies the
consideration of average images when defining the intensity level
groups. Another important issue is the choice of background
correction when comparing different segmentation methods. Back-
ground correction most likely contributes to increase the within-
replicates-variance. Accordingly, the methods that systematically
underestimate the background may obtain an artificial advantage
over other methods. Hence, when a background correction is
desirable, one should apply the same background correction method
for all the considered segmentation methods to obtain a fair
spot segmentation — With application to DNA microarray images,
j.chemolab.2009.04.003
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Fig. 6. Boxplots of the discrepancy distances obtained for the simulated data by PASS, SRG2 and SRG3. Note that the median marker is not surrounded by a box for the good spots (left
section) because at least 75% of the spots were detected with the indicated “best” precision.

Fig. 7. Boxplots of the probability of error obtained for the simulated data by PASS, SRG2 and SRG3. Note that the median marker is not surrounded by a box for the good spots (left
section) because at least 75% of the spots were detected with the indicated “best” precision.
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comparison. As replicates were positioned next to each other1 for the
real microarray slides, we suppose that there are only small
differences in the background levels for replicates. Accordingly, our
choice was not to consider any background correction. As expected,
most segmentation methods show very similar results when applied
to clear and high intensity spots. The intensity level groups introduced
to avoid problems with heteroscedasticity helps to focus possible
explanations on why one method may be a better choice.

According to the description in the present paper, the comparison
of segmentation methods based on B/W-ratios is not a formal
significance test. Instead, each method is represented with a curve
(Fig. 5) showing the B/W-ratios for the consecutive intensity level
groups. Our conclusions are drawn by graphical comparison of the
levels of the different groups. To design a formal test associated with
the B/W-curves, some prior information on the importance of the
different groups should be included in a weighted calculation of an
appropriate test statistic.

5.4. Further developments based on PASS

Quality control of the microarray spots is another compulsory
preprocessing issue prior to the final statistical analysis of a
microarray experiment. We note that the PASS directly provides
relevant features describing location, shape and size for each spot.
Empty spots can be characterized by introducing a suitable threshold
for the maximal t-value associated with the PASS spot segmentation,
see the companion paper Gjerstad et al. [20]. These features along
with utilization of the one-dimensional (vectorized) spot representa-
tion leads to a suitable set of characteristic features useful for handling
the most important quality control issues of DNA microarrays.

6. Conclusions

We compared the performance of nine microarray segmentation
methods published in [7], with PASS and two variants of SRG (SRG2
and SRG3) for a synthetic set of images. According to the results
shown in Fig. 3 and Table 3 the PASS methods performs better than
the other methods for the synthetic microarray images being
analyzed. However, also SRG3 performed better than the published
results of the other nine methods. The level of performance of SRG2
was slightly poorer than the average of the nine published methods.
For the synthetic images, accuracy of the segmentation methods was
measured at the pixel level. It should be emphasized that the
probability of error aswell as the discrepancy distance shown in Fig. 3
are median values. More specific information of the accuracy for the
various methods is shown in the box plots of Figs. 6 and 7 and on the
similar box plots on the companion website http://www.cs.tut.fi/
sgn/csb/spotseg/ of [7]. Thus, neither of themethods was perfect for
all spots even if several zeros were reported.

By using SRG2 as a reference method, comparison of methods was
restricted to PASS and SRG3 for the real images. No prior knowledge of
fore- and background status for the pixels was available for the spots
of these images. Thus, for these images the accuracy of a segmentation
method was measured according to the B/W-ratio curves calculated
from the estimated foreground intensities of replicate spots for the
same gene (Fig. 5). Also for the real images, PASS appeared as themost
accurate method of those compared.

Strictly speaking, our conclusions are valid for the datasets
considered, and data of similar characteristics. However, by success-
fully processing data generated by an acknowledged simulation tool
that incorporates realistic distortions, without access to the specific
1 Even if such placement of replicates may be considered as a poor solution with
respect to the experimental quality, it represents an advantage for the purpose of
comparison of segmentation methods.

Please cite this article as: Ø. Gjerstad et al., Probabilistically assisted
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parameter configurations, we feel confident in the capabilities of PASS.
For problems where one can safely assume the spots to have oval
shape and location inside gridded spot boxes, the restricted flexibility
of PASS (assured by claiming elliptical spots within specified size
limits) prevents against the somewhat exotic segmentation results
achievable with SRG (Fig. 4b, c). In our opinion, the success of PASS is
due to its ability to estimate various locations and elliptical shapes
that (more than for most other segmentation methods) may be
consistent with the “true” spot variations of typical DNA microarray
images. The ongoing improvement of the microarray technology will
perhaps make the choice of segmentation methodology less critical in
the future, but as long as one to some extent have to deal with the
various distortions considered in the present paper PASS seems like a
good alternative.
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