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Abstract DNA microarrays is an experimental technology which consists of arrays
of thousands of discrete DNA sequences that are printed on microscope slides.
Image analysis is an important aspect in DNA microarray experiments because
the extracted intensities can have a potentially large impact on subsequent data
mining steps. Mathematical morphology is a powerful non-linear image analysis
technique. In this paper, we present an automatic and fast algorithm for improving
the accuracy of spot data extraction from DNA microarrays using mathematical
morphology operators.

1 Introduction

DNA microarrays is an experimental technology for identifying and quan-
tifying levels of gene expressions which consists of arrays of thousands of
discrete DNA sequences that are printed on glass microscope slides. In order
to compare the relative abundance of each of these gene sequences in two
DNA samples, the two samples are labelled using different fluorescent dyes;
i.e., Cy5 and Cy3 [3].

(a)

Figurel. (a) Typical image array (size 2200 x 3000 pixels) and zoom, containing
thousands of spots. (b) Variation of intensity in three spots (3D and horizontal
cut).

Typical arrays vary from a few hundred to thousands or more spots (each
pixel of the image is equivalent to around 10um), figure 1(a). Image analysis
is an important aspect in DNA microarray experiments since the extracted
intensities can have a potentially large impact on subsequent data mining
steps. The basic goal is to reduce an image of spots of varying intensities into



a table with a measure of the intensity for each spot. The main drawback
is the fact that the spots are built using a gridding robot equipped with a
series of pins that transfers the small amounts of the DNA. Consequently, the
mechanical displacement of the robot may generate some geometric distortion
and the impossibility of the global alignment of a template. Other techniques
try an automatic spot segmentation using an adaptive intensity thresholding
algorithm. However, much important mistakes are caused by the difficult
choice of the optimal threshold (see figure 1(b)): the boundary between spot-
and-background is not sharp; the contrast (height) between the spot region-
and-background and the volume (integral of intensity) are very different from
one spot to another; and the non homogeneity of the hybridisation process
involves that the spot regions are broken.

A variety of approaches and software tools have been developed for use
in processing array images [4] [5] [8] [9].

In this paper, we present our automatic and non-supervised approach for
detecting the spot regions and quantifying their associated intensities which
relies on mathematical morphology operators.

2 Mathematical morphology

First introduced as a shape-based tool for binary images, mathematical mor-
phology has become a very powerful non-linear image analysis technique with
operators capable of handling sophisticated image processing tasks in binary,
grey-scale, color and multiresolution imaging modalities. Mathematical mor-
phology is the application of lattice theory to spatial structures. A tutorial
in the technique can be found in [7]. This technique is proven to be a very
powerful tool in microscopic image analysis.

3 Overview to the algorithm

The morphological approach for processing the microarray images is divided
into six sub-algorithms. The full details of these steps are given in [1]. The
input is the pair of scanned array images and the output is the intensity
associated to every spot for each image. The main steps can be summarised
as follows (see figure 2):

Array orthogonal grid Initially a gridding algorithm must yield the auto-
matic segmentation of the further microarray image in subarrays, defining
each spot group, which will be individually analysed. Let fcys and foys
be the Cy3 and Cy5 fluorescent scanned 16-bits images. Our algorithm
for image processing requires a single image and it is convenient compu-
tationally for the image to be 8-bits. The proposed image f is obtained
by means of a linear weighed by the median values v, after a square-root

transformation; i.e. f = (Voysv/foys + Voys/ foys)/(Woys + voys). For
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Figure2. Flow chart of the morphological algorithms for processing the microarray
images.

segmenting the spot groups, the image f is reduced in size by image dec-
imation with averaging (size K = 4); i.e,, f = f + 4. Then, the spot
groups are enhanced by means of the supremum of a vertical closing ¢
and a horizontal closing ¢; i.e, f* = T (f) V ©2(f). The size n of the
closing and other size parameters depend on the microarray and below a
morphological spectral technique for computing the spot size is given. On
the enhanced image, the horizontal and vertical projections are computed.
The aim of the subsequent unidimensional morphological filtering is to
simplify the projection signal by removing the contribution of spots and
background noise. Let P¥" (i) be the horizontal or vertical projection, the
signal processing in order to obtain the grid is performed in three steps:
intra-block filtering using an opening of size ngy; i.e., PZ.’Z. = Yn,, (P (0));
block extraction by means of a top-hat of size nj, which extracts the
blocks; i.e., be f= PZ’Z. — Yng (PZ’Z.), and thresholding, the optimal thresh-

old value up is defined as 20% of the average of be *. After thresholding, a
binary unidimensional signal (blocks and background) is used for defining
the origin (zo(j), yo(j)) and the dimensions [zsize(j),ysize(j)] for each
block j which are extracted from the image f. Then the analysis of the
spot group images {7} is achieved in five steps.

Spot-size distribution law In [2], the morphological extinction spectra
(histograms of extrema) which are characterised by three measures (con-
trast, area or volume) and their ability for the analysis of genome images
have been introduced. Based on the area extinction spectrum in logarith-
mic scale, a new tool is defined: the spot-size distribution law, SS[\, 7],
where ) is the spot size (area) and SS[), f/] = ny denotes the normalised
number of occurrences at the extinction value A (a probability density
function). The SS[A, 7] is usually composed of several modes (the in-
teresting mode is the first mode and the other ones can be considered
as harmonics of the fundamental frequency). This fundamental mode,
or mean spot size, provides the threshold area value for the subsequent
filtering.



Morphological filtering by area The contribution of background can be
important and introduces mistakes in the building of the grid and in
the detection of frontiers of spots. The background noise extraction is
obtained using a morphological filtering by area 2. Using this filtering
technique by area on the spot group image f7; ie., fi = ~% (f7), the
structures with area greater than the chosen threshold A, are preserved
in fi. Therefore the threshold value )\; optimal for each image is an
important choice which depends on the size of spots and this is the ratio-
nale for computing SS[A]. Another important advantage of morphological
filtering by area opening is the implicit selection of maxima, after this
filtering by reconstruction there is one and only one maximum associated
to each spot.

Spot orthogonal grid The spots inside a spot group are placed according
to an orthogonal alignment and again, using the horizontal and verti-
cal projections the spot grid is obtained. The algorithm for the spot
orthogonal gridding is as follows. Let P(i) be the horizontal or verti-
cal projection: (1) calculate the mean value of the elements in P(7); i.e,
P=L13"N P(i); (2) subtract the mean from the projection; i.e, P, (i) =
P(i) — P; (3) morphological reconstruction of P(4) using P, (7) as marker;
i.e, Pm°(i) = y"°(P(3); P,(¢)); (4) take the residue of the initial projec-
tion P(i) and the reconstruction P"¢°(3); i.e, Pry (i) = P(i) — PT¢°(i);
(5) estimate the optimal threshold value up, defined as the a% of the
average of the residue Prg (); ie., up = (%5 Zfil Pry(i); (6) find the
binary reference signal P, (i) by thresholding process at up on the residue
signal Ppg (i) and using the 7 middle of each interval equal to 1 in P, (%),
draw the straight lines corresponding to the orthogonal grid. After differ-
ent test in the database, the choice of o = 50% appears to be a suitable
optimal threshold value.

Figure3. Two examples of spot segmentation.

Spot morphological segmentation by watershed transformation The
spot segmentation: spot boundary definition, is performed using the wa-
tershed transformation: (1) the function to flood is the external gradient
gT, defined as the difference between the dilated image and the original



image; i.e, g7 (fL,) = 0u(fi,) — fi, (before that, the filtered image fI is
again simplified by a morphological leveling; i.e., fi, = A(f7)); (2) the
outer markers are the filled borders of the grid (background markers)
together with the orthogonal grid (spot region markers) and for the in-
ner markers a specific algorithm has been developed on the basis of an
individual image analysis of the spot bounding boxes defined by the spot
grid and the maxima after filtering by area; the global markers to im-
pose are done by mk = g, V mki; (3) construction of the watershed line,
sm = Wshed(g* (fi,,mk), where sm are the line boundaries of each spot.
In figure 3, two examples of spot segmentation are depicted.

Spot quantification and noise extraction The segmentation layer sm ob-
tained from the previous algorithms is used on the initial 16-bits images
fcys and foys for the spot quantification and noise extraction. The spot
measured intensity can be expressed as the sum of a signal intensity value,
s;, and a noise intensity value, n;, such that §; = s; +n; = s; + N; A;,
where N; is the average noise of spot i and A; is the area (number of
pixels) of spot i. In short, there are two alternatives to study. First, con-
sider that the background noise is uniform on the array; and second,
consider that the background noise is not uniform, and therefore a local
background estimate is necessary. Obviously, the global background noise
approach is simpler: quantify only a mean value of noise, whereas that
for the local background noise model is necessary to quantify the noise in
aregion for each spot. Based on the Matheron’s Geostatistics Theory [6],
if we suppose that the image f(z,y) is a regionalised variable, in order to
estimate the mean of this variable on the area S as p =1/5> > f(=,v),
the estimated variance has to follow the law ¢2(0/S) = 1/S?C (variance
must vary inversely with the square area). In order to verify this hypoth-
esis, some tests which involve to sample the background using different
surface areas of sample and the calculation of the variance have been
made (see data example in figure 4). As conclusion, the local variations
of the background noise at the scale of the spot size do not allow a global
estimate of the average noise. The orthogonal spot grid yields an alter-
native segmentation: the spot bounding boxes BS; which are considered
the influence regions of spots S;. These regions can be used for quanti-
fying the local noise associated to each spot. In practice, an enveloping
zone of safeguard (to avoid the bias of background) is obtained by the
residue of a dilation of the spot region and the noise i; is estimated in
the region BS; — 6, (S;) which has an area of A; pixels (the typical size of
dilation is n = 3). The global expression for the signal intensity is given
by S8; :§i—ni :§i—NiAi :§i_ Z*_:Az

4 Conclusions

We have presented an approach for automatic and robust extraction of the
microarray spot data based on mathematical morphology. The described
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Figured. Sampling of background using different surface areas of sample and esti-
mate of variance: left, estimated values of variance and right, square of area against
variance (mean values).

methodology allows to solve the main problems of these images: spot shape
problems, high global background, locally weak signal, etc. As said above,
our approach is entirely automatic and the spot segmentation relies on an
adaptive technique in size and position. The experimental evaluated perfor-
mance of spot segmentation and quantification shows that the use of these
algorithms is generally equal or better than the use of conventional manual
techniques [1].
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