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Abstract

With the recent explosion of interest in microarray tech-
nology, massive amounts of microarray images are cur-
rently being produced. The storage and the transmission
of this type of data are becoming increasingly challenging.
Here we propose lossless and lossy compression algorithms
for microarray images originally digitized at 16 bpp (bits
per pixels) that achieve an average of 9.5-11.5 bpp (loss-
less) and 4.6-6.7 bpp (lossy, with a PSNR of 63 dB). The
lossy compression is applied only on the background of the
image, thereby preserving the regions of interest. The meth-
ods are based on a completely automatic gridding proce-
dure of the image.

1. Introduction

Microarray is a technology which allows biologists to
potentially monitor the activity of all the genes of an or-
ganism. Microarrays are relatively new (papers [15, 4] are
among the first published on the subject), but they are al-
ready extremely popular. Biologists and physicians have en-
thusiastically embraced this technology, and they are cur-
rently producing an unprecedented quantity of microarray
data. As of November 2001, for example, the Stanford Mi-
croarray Database contained sets of images for about 18,000
experiments [16]. The database has been growing exponen-
tially fast in the last five years.

The output of a single microarray experiment is a pair
of 16 bits per pixels (bpp) digital images whose total size
is typically in the tens of MB. The information extracted
from images comes almost exclusively from the intensities
of a small specific subset of the pixels, called spots. There
is, however, still a debate in the scientific community on
the analytic method that should be used to process the im-
ages. It is believed crucial, therefore, to keep the raw image
data in some permanent storage medium. Simply discarding
the raw data and repeating the experiment is not an option
because of the high costs associated with this new technol-

ogy. Given the massive amount of data currently produced,
and the need of long-term storage and efficient transmis-
sion, an ad-hoc compression method is becoming more and
more needed.

A microarray experiment is based on an hybridiza-
tion process with a two dye-tagged probes (e.g., the
red-fluorescent dye Cy5 and the green-fluorescent dye
Cy3) or other labeling methods [15, 4]. The microar-
ray chip is then scanned to generate two digital im-
ages, each corresponding to one of the colors [19, 12].
As said, they are typically captured at 16 bpp contain-
ing as many as 20 millions pixels [7]. Microarray im-
ages are highly structured and appear like a field of spots
arranged on a regular grid. The whole image is com-
posed by a matrix of equally spaced blocks called subgrids,
each of which consists of the same number of rows and
columns. A microarray may have several subgrids. For ex-
ample, Figure 1 shows a microarray with 16 subgrids for
a total of about 9,000 spots. The spots in a subgrid are ar-
ranged in a relatively uniform spacing with each other.
They have a roughly circular shape, though some show sig-
nificant deviations from this shape due to the experimental
variation of the spotting procedure.

The objective here is to design a fully automatic mi-
croarray image compression method that does not require
any input and/or human intervention. Transform-based im-
age compression methods do not perform well on microar-
ray images because of the high content of high-frequency
components (due to the presence of thousands of spots on a
black background) [9]. In order to achieve better compres-
sion than general purpose compression methods, we need
to exploit the geometric structure of the microarray image.
The spots are the regions of interest (or the foreground) of
the image. It is easy to realize that the pixels in the fore-
ground have similar characteristics, which are quite differ-
ent from that of the pixels in the background. The general
strategy here is to separate pixels in set of classes, such that
within each class the intensities of the pixels are similar.
Currently, we compress the Cy5 and Cy3 image channels
separately. We can expect that exploiting the strong correla-
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Figure 1. A typical microarray image, with 4 x 4 subgrids. Each subgrid is composed by a matrix
24 x 24 of spots. The resolution of this image is 1872 x 1916 pixels, 16 bpp

tion between the images, the compression will improve con-
siderably.

The compression tool, called MICROZIP, works as fol-
lows (see Figure 2 for the flowchart). First, we determine
the geometry of the microarray image, by solving the grid-
ding or spot finding problem [1]. We find the number of sub-
grids and their location, as well as the number of spots in
each subgrid and their location. The contribution of our al-
gorithm is that we recover the grid geometry without any in-
put from the user. All other microarray image analysis tools
that we tested require the user to describe the parameters of
the grid (i.e., number of rows and columns and the position
of one of the corners of the grid). Once we have obtained
the geometry, we separate the foreground (spots) from the
background and then we compress the foreground and back-
ground separately (see e.g., [17]).

Because the information extracted from the image is ob-
tained almost exclusively by processing the intensity of the
spots, we propose an hybrid lossy/lossless approach. We
compress the pixels of the spots without loss of data, and
the pixels in the background within some controlled loss of

data. This has the effect of improving dramatically the com-
pression, without affecting the region of interest of the im-
age. In Section 3 we also report the results of purely loss-
less compression of microarray images.

2. Gridding and Spots Finding

Images from microarray experiments are highly struc-
tured since they are composed by high intensity spots lo-
cated on a regular grid. The shape of the spots is roughly
circular, although variations are possible. The ideal microar-
ray image has the following properties [12]: (1) all the sub-
grids are of the same size; (2) the spacing between subgrids
is regular; (3) the location of the spots is centered on the in-
tersections of the lines of the subgrid; (4) the size and shape
of the spots are perfectly circular and it is the same for all
the spots; (5) the location of the grids is fixed in images for
a given type of slides; (6) no dust or contamination is on
the slide; (7) there is minimal and uniform background in-
tensity across the image. It goes without saying that almost
all real microarray images violate at least one of these these
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Figure 2. A flow chart of MicCROZIP

conditions. In fact, we frequently observed variations on the
spot position, irregularities on the spot shape and size, con-
tamination, and global problems that affect multiple spots.
In general, the shape and the size of the spots may fluctu-
ate significantly across the array.

Because of the variations on microarray images it is
sometimes non-trivial to decide where is the border of a sub-
grid or the border of a spot. Several methods have been pro-
posed (see, e.g., [3, 7, 19, 18]) and software tools have been
developed. However, all the software systems we tested re-
quire human intervention. At the minimum, they require the
user to specify the geometry of the array, such as the num-
ber of grids, number of rows and columns, etc. (see, for
example, SPOT from UCSF [7], IMAGENE from BioDis-
cover [12] and DAPPLE from University of Washington [1]).
Given that this is the first step for a data compression tool,
we cannot rely on human intervention because it would be
not only time-consuming but also quite impractical. To be
make the comparison more fair, we should remark that our
gridding procedure does not need to be as accurate as the
software tools mentioned above. In fact, if we happen to
slightly misalign a grid, we may lose some compression
performance, but the image will be perfectly reconstructed
anyway.

As said, a distinguished feature of our algorithm is that
of requiring only the image as an input. No other parame-
ter is necessary. Currently, the method assumes the axis of
grids to be parallel to the borders of the image. If a rota-
tion of the grids was occurred during the digitization pro-
cess, we may not be able to retrieve correctly the position
of the grid. We are currently working on extending our tech-
nique to this case.

The algorithm is actually used twice. We first apply it to
the whole image in order to find the positions of the sub-
grid. Then we use it again on each subgrid to find the po-
sition of the spots. To make the presentation consistent, we
use the word cell to denote either the rectangle enclosing a
spot or the rectangle enclosing a subgrid, and the word line

to denote the boundary of a collection of cells.

The first step is to compute the average intensities row-
by-row and column-by-column on the whole image. We
then apply a low-pass filter to remove the noise (see Fig-
ure 3). The smoothing window is 25 pixels when searching
for the subgrids, 4 pixels when searching for the spots.

Because of the structure of the microarray image, we can
assume that the distance between adjacent cells should be
approximately equal. Initially we “guess” the positions P
of the cells by finding the minima of the graph for the aver-
age intensity. We also compute the average value B of these
minima, which will become the reference background. Note
that these initial positions P may not form a regular grid of
cells. Before we start refining the positions P, we temporar-
ily remove the cell positions in first column, the last column,
the first row and the last row of cells. The reason is that these
rows and columns are very unreliable, which is due to the
way microarray slides are spotted. In order to distinguish
minima due to the grid boundaries from minima due to spot
boundaries, we check the amount of variation of pixel in-
tensities around the position of the minimum. If the intensi-
ties of the pixels in a window of 25 pixels centered around
the position of the minimum shows little variation, we de-
clare this minimum to be the position of a grid line. The re-
finement process which is then applied to P to correct pos-
sible mistakes is described next. Only after we get a reg-
ular grid, the first and last row/columns are added back to
P.

The method needs to be flexible enough to be able to
adapt to the variety of situations that we may encounter
when processing microarray images. Typically, the posi-
tions guessed initially may contain extra/missing lines. We
can have an extra line because of noise or contamination in
the microarray images that result in high intensities along a
row or a column, and we can have a missing line when all
the spots in a row/column happen to have low intensities.
The iterative refinement tries to adjust the initial guess P
to these situations. The first objective is to obtain the most
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