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Lossless Compression of Microarray Images Using
Image-Dependent Finite-Context Models
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Abstract—The use of microarray expression data in state-of-
the-art biology has been well established. The widespread adop-
tion of this technology, coupled with the significant volume of data
generated per experiment, in the form of images, has led to signif-
icant challenges in storage and query retrieval. In this paper, we
present a lossless bitplane-based method for efficient compression
of microarray images. This method is based on arithmetic coding
driven by image-dependent multibitplane finite-context models.
It produces an embedded bitstream that allows progressive,
lossy-to-lossless decoding. We compare the compression efficiency
of the proposed method with three image compression standards
(JPEG2000, JPEG-LS, and JBIG) and also with the two most
recent specialized methods for microarray image coding. The
proposed method gives better results for all images of the test
sets and confirms the effectiveness of bitplane-based methods and
finite-context modeling for the lossless compression of microarray
images.

Index Terms—Arithmetic coding, finite-context modeling, image
coding standards, lossless image compression, microarray images.

I. INTRODUCTION

T HE DNA microarray technology has become an important
tool in the study of gene function, regulation, and interac-

tion across large numbers of genes, and even entire genomes. It
allows the analysis of thousands of genes in a single experience
[1], [2].

The raw data of a microarray experiment consist of a pair
of 16 bits per pixel grayscale images (see Fig. 1). These im-
ages are analyzed using a variety of software tools which extract
relevant information, such as the intensity of the spots and the
background level. This information is then used to evaluate the
expression level of individual genes [1], [2]. Depending on the
size of the array and the resolution of the scanner, these images
may require several tens of megabytes in order to be stored or
transmitted.

Microarrays have been the focus of signi�cant research. Most
of this effort has been directed to the analysis of the data re-
sulting from such experiments, whereas problems such as the
ef�cient representation of the microarray images has received
relatively less attention. However, given the massive amount
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Fig. 1. Example of a pair of images (1041� 1044 pixels) that results from a
microarray experiment.

Fig. 2. Different spot packing: (a) Rectangular packing; (b) Orange packing
(sample image from ���� � �������	��	
���	
����
��
����. Note that
these images are not related. They serve just for illustrating different spot
placements.

of data currently produced and the need for long-term storage
and ef�cient transmission, the development of ef�cient com-
pression methods is an important challenge. The common ap-
proach towards the compression of microarray images has been
based on image analysis for spot �nding (griding followed by
segmentation) with the aim of separating the microarray image
data into different streams based on pixel similarities [3]�[12].
Once separated, the streams are compressed individually, to-
gether with the segmentation information. Although appealing,
this approach may potentially run into trouble if the assumptions
in which it is based change in the future. One such assumption
might be, for example, the rectangular organization of the spots.
In fact, although initially this was the organization used for spot
placement in microarrays, other nonrectangular packings might
also be used (see Fig. 2), which might degrade the performance
of segmentation procedures designed for rectangular packings.

To our knowledge, the technique that we propose in this paper
is the best one currently available in terms of compression ef�-
ciency of microarray images. The method is based on arithmetic
coding driven by image-dependent multibitplane �nite-context
models. Basically, the image is compressed on a bitplane basis,
going from the most signi�cant bitplane to the least signi�cant
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bitplane. The �nite-context model used by the arithmetic en-
coder uses (causal) pixels from the bitplane under compression
and also pixels from the bitplanes already encoded. The con-
text is image-dependent, i.e., it is adapted for each bitplane of
each image according to a greedy procedure that aims the mini-
mization of the bitrate. The proposed method is compared with
JPEG2000 [13], [14], JPEG-LS [15], [16], and JBIG [17], [18],
and also with two recent specialized methods, MicroZip [10]
and Zhang�s method [11], [12].

The paper is organized as follows. In Section II, we present
the techniques that have been proposed for the lossy and/or
lossless compression of microarray images. In Section III, we
present the motivation for our work. In Section IV, we describe
our algorithm, in particular how we collect the statistical infor-
mation needed by the arithmetic encoder using image-depen-
dent contexts. In Section V, we provide experimental results
of our method and we compare these results with JPEG2000,
JPEG-LS, and JBIG, and with two recent specialized methods.
Finally, in Section VI, we draw some conclusions.

II. SPECIALIZED METHODS

Some techniques have already been proposed for the lossy
and/or lossless compression of microarray images. Next, we
give a brief overview of each of these techniques. The technique
proposed by Jörnsten et al. [6] is characterized by a �rst stage
devoted to griding and segmentation. Using the approximate
center of each spot, a seeded region growing is performed for
segmenting the spots. The segmentation map is encoded using
chain-coding, whereas the interior of the regions are encoded
using a modi�ed version of the LOCO-I (LOw COmplexity
LOssless COmpression for Images) algorithm (this is the algo-
rithm behind the JPEG-LS coding standard), named SLOCO.
Besides lossy-to-lossless capability, Jörnsten�s technique allows
partial decoding, by means of independently encoded image
blocks.

Hua et al. [5] presented a transform-based coding technique.
Initially, a segmentation is performed using the Mann�Whitney
algorithm, and the segmentation information is encoded sepa-
rately. Due to the threshold properties of the Mann�Whitney
algorithm, the griding stage is avoided. Then, a modi�ed
EBCOT (embedded block coding with optimized truncation)
[19] for handling arbitrarily shaped regions is used for encoding
the spots and background separately, allowing lossy-to-lossless
coding of background only (with the spots lossless encoded) or
both background and spots.

The compression method proposed by Faramarzpour et al.
[8] starts by locating and extracting the microarray spots, iso-
lating each spot into an individual region of interest (ROI). To
each of these ROIs, a spiral path is adjusted such that its center
coincides with the center of mass of the spot, with the idea of
transforming the ROI into an 1-D signal with minimum entropy.
Then, predictive coding is applied along this path, with a sep-
aration between residuals belonging to the spot area and those
belonging to the background area.

Lonardi et al. [10] proposed lossless and lossy compression
algorithms for microarray images (MicroZip). The method uses
a fully automatic griding procedure, similar to that of Fara-
marzpour�s method, for separating spots from the background

Fig. 3. Encoding procedure of the method proposed in [24]. The choice of the
context shape is based on Fig. 4. Note that, being a bitplane based encoder, it is
possible to monitor the bitrate used to encode each bitplane.

(which can be lossy compressed). Through segmentation, the
image is split into two streams: foreground and background.
Then, for entropy coding, each stream is divided into two 8 bit
substreams and arithmetic encoded, with the option of being
previously processed by a Burrows�Wheeler transform.

The method proposed by Zhang et al. [11], [12] is based on
prediction by partial approximate matching (PPAM). PPAM is
an image compression algorithm which extends the PPM text
compression algorithm, considering the special characteristics
of natural images [11]. Initially, the microarray image is sepa-
rated into its different components: background and foreground,
i.e., the microarray spots. For each component, the pixel repre-
sentation is separated into its most signi�cant and least signi�-
cant parts. Then, to compress the data, the most signi�cant part
is �rst processed by an error prediction scheme and then resid-
uals are encoded by the PPAM context model and encoder. The
least signi�cant part is encoded directly by the PPAM encoder.
The segmentation information is saved without compression.

III. MOTIVATION

Although initially most of the specialized techniques for mi-
croarray image compression considered the lossy approach as a
reasonable possibility [3]�[7], [9], the most recent methods ad-
dress mainly reversible techniques [8], [10], [11]. In fact, the an-
alytic methods that are used for extracting information from the
images are continuously being improved [20]�[22]. Keeping the
original images allows future reanalysis by possibly better algo-
rithms. Moreover, as with other biomedical related data, legal is-
sues may also be a decisive point when choosing between main-
taining or deleting the original data.

In [23], we studied the compression performance of three
image coding standards in the context of microarray image com-
pression: JPEG2000, JBIG, and JPEG-LS. Since they rely on
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Fig. 4. Image-independent context con�guration used in [24] at �ve different compression stages: (a) when encoding the most signi�cant bitplane (four bits of
context); (b) when encoding the second most signi�cant bitplane (ten bits of context); (c) when encoding the third most signi�cant bitplane (16 bits of context); (d)
from the fourth until the eighth most signi�cant bitplanes (17�21 bits of context); (e) the eight least signi�cant bitplanes (13�20 bits of context). Context positions
falling outside the image at the image borders are considered as having zero value.

three different coding technologies, we were able not only to
evaluate the performance of each of these standards, but also
to collect hints regarding what might be the best coding tech-
nology regarding microarray image compression. In that study,
we concluded that from the three technologies evaluated (pre-
dictive coding in the case of JPEG-LS, transform coding in the
case of JPEG2000 and context-based arithmetic coding in the
case of JBIG), the technology behind JBIG seemed to be the
most promising. In fact, JPEG-LS provided the highest com-
pression, closely followed by JBIG. However, unlike JPEG2000
and JBIG, it does not provide lossy-to-lossless capabilities, a
characteristic that might be of high interest, especially in the
case where remote databases have to be accessed using trans-
mission channels of reduced bandwidth. Moreover, with JBIG,
the image bitplanes are compressed independently, suggesting
the existence of some room for improvement.

Motivated by these observations, we have developed a
compression method for microarray images which is based on
the same technology as JBIG but that, unlike JBIG, exploits
interbitplane dependencies, providing coding gains in relation
to JBIG [24]. Designing contexts that gather information from
more than one bitplane (multibitplane contexts) is not just a
matter of joining more bits to the context, because for each
new bit added the memory required doubles. Moreover, there
is the danger of running into the context dilution problem, due
to the lack of suf�cient data for estimating the probabilities.
Therefore, this extension to multibitplane contexts must be
done carefully.

The method described in [24] was inspired by EIDAC [25], a
compression method that has been used with success for coding
images with a reduced number of intensities (simple images).
The images are compressed on a bitplane basis, from the most
to the least signi�cant bitplane. The causal �nite-context model
that drives the arithmetic encoder uses pixels both from the bit-
plane currently being encoded and from the bitplanes already

encoded. As encoding proceeds, the average bitrate obtained
after encoding each bitplane is monitored. If, for some bitplane,
the average bitrate exceeds one bit per pixel, then the encoding
process is stopped and the remaining bitplanes are saved without
compression. The encoding procedure is outlined in Fig. 3.

The context modeling part of EIDAC was designed mainly
with the aim of compressing images with eight bitplanes or
less, implying, at most, 19 bits of context. A straightforward
extension to images with 16 bitplanes would require contexts of
27 bits, i.e., at least counters. Essentially, the tech-
nique presented in [24] differs from EIDAC in three aspects: 1)
it was designed taking into account the speci�c nature of the im-
ages, keeping the size of the contexts limited to 21 bits; 2) it does
not use the histogram packing procedure proposed for EIDAC
because, generally, microarray images have dense intensity his-
tograms; 3) it implements a rate-control mechanism that avoids
producing average bitrates of more than one bit per pixel in bit-
planes that are too noisy (this is a common characteristic of the
least signi�cant bitplanes of microarray images [6]).

As we mentioned before, choosing the context template
for a multibitplane image is a critical task, requiring tradeoffs
involving aspects such as the maximum size of the context, the
problem of context dilution and the placement of the context
bits such that the maximum information can be collected. This
work was done in [24] mainly using a trial and error proce-
dure, leading to the image-independent context con�guration
displayed in Fig. 4. Note that, when encoding the eight least
signi�cant bitplanes, the �nite-context model is only formed
with pixels from the higher numbered bitplanes. This speci�c
context con�guration together with the rate control mechanism
avoids the degradation in compression rate when there are
bitplanes that are close to random and, therefore, are almost
incompressible.

Although being able to provide state-of-the-art compression
results, the method proposed in [24] could be improved. In fact,
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Fig. 5. Finite-context model: the probability of the next outcome, � , is con-
ditioned by the � last outcomes. In this example, � � �.

due to its image-independent nature, and despite being designed
for a speci�c type of images (microarrays), the context con�gu-
ration depicted in Fig. 4 resulted from a complicated process that
tried to balance the inevitable particularities among the images.
From the point of view of a single image, this context con�gu-
ration might seem overkill, i.e., a smaller context might suf�ce.
However, it is needed for satisfying the ensemble of images.
This observation motivated the image-dependent context-mod-
eling approach that we present in the remainder of the paper.

IV. PROPOSED METHOD

A. Finite-context Models

The core of the proposed method consists of an adaptive �-
nite-context model followed by arithmetic coding. A �nite-con-
text model (see Fig. 5) of an information source assigns proba-
bility estimates to the symbols of an alphabet , according to a
conditioning context computed over a �nite and �xed number,

, of past outcomes (order- �nite-context model) [26]�[28].
At time , we represent these conditioning outcomes by

. The number of conditioning states of the
model is , dictating its complexity (or model cost). In our
case, and, therefore, .

In practice, the probability that the next outcome, , is �0�
is obtained using the estimator

(1)

where represents the number of times that, in the past,
the information source generated symbol having as the
conditioning context. The parameter , besides allowing
�ne tuning the estimator, avoids generating zero probabilities
when a symbol is encoded for the �rst time. In our case, we
used , which corresponds to Laplace�s estimator (it can
be seen as an initialization of all counters to one). The counters
are updated each time a symbol is encoded. Since the context
template is causal, the decoder is able to reproduce the same
probability estimates without needing additional information.

TABLE I
SIMPLE EXAMPLE ILLUSTRATING HOW FINITE-CONTEXT MODELS ARE

IMPLEMENTED. THE ROWS OF THE A PROBABILITY MODEL AT A
GIVEN INSTANT �. IN THIS EXAMPLE, THE PARTICULAR MODEL
THAT IS CHOSEN FOR ENCODING A SYMBOL DEPENDS ON THE

LAST FIVE ENCODED SYMBOLS (ORDER-5 CONTEXT)

Fig. 6. (a) The template used for growing the context at the level of the bit-
plane currently being encoded; (b) The template used for growing the context
corresponding to the bitplanes already encoded.

Table I shows an example of how a �nite-context is typically
implemented. In this example, an order-5 �nite-context model
is presented. Each row represents a probability model that is
used to encode a given symbol according to the last encoded
symbols (�ve in this example). Therefore, if the last symbols
were �00010,� i.e., , then the model communicates
the following probability estimates to the arithmetic encoder:

and .
The block denoted �Encoder� in Fig. 5 is an arithmetic en-

coder. It is well known that practical arithmetic coding gener-
ates output bit-streams with average bitrates almost identical to
the entropy of the model [18], [28], [29]. In our case, the theo-
retical bitrate average (entropy) of the model after encoding
symbols is given by

(2)

where �bps� stands for �bits per symbol.� Since we are dealing
with images, instead of using the generic �bps� measure we
use �bpp,� which stands for �bits per pixel.� Recall that the
entropy of any sequence of two symbols is limited to 1 bps, a
value that is achieved when the symbols are independent and
equally likely.

B. Image-Dependent Contexts

Instead of using the image-independent context model pre-
sented in Fig. 4, the algorithm that we propose in this paper tries
to �nd the �best� context con�guration to encode the current
bitplane, based on the templates depicted in Fig. 6. The test of
all possible context con�gurations is a hard task, virtually im-
possible, due to the huge number of possibilities. To overcome
this drawback, we developed a greedy approach that we explain
next.
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Fig. 7. Context con�guration obtained by the proposed method in �ve different bitplanes of the image �1230c1G�: (a) when encoding bitplane 14 (seven bits of
context); (b) when encoding bitplane 13 (11 bits of context); (c) when encoding bitplane 12 (13 bits of context); (d) when encoding bitplane 11 (17 bits of context);
(e) when encoding bitplane 10 (20 bits of context). Context positions falling outside the image at the image borders are considered as having zero value.

Before encoding a bitplane, , the algorithm constructs an
appropriate context con�guration through an iterative process
(note that bitplanes are numbered from 0, the least signi�cant
bitplane, to 15, the most signi�cant bitplane). In each iteration,
an additional context bit is tested in each of the pos-
sible locations, one in each of the context bitplane that
are available. In a given context bitplane, the additional bit can
only be inserted in position of the corresponding template dis-
played in Fig. 6 if all positions belong already to the
best context con�guration found so far. This means that the part
of the context belonging to a given bitplane can grow only ac-
cording to the pixel numbering shown in Fig. 6. The template in
Fig. 6(a) is used for the context bitplane , whereas the template
in Fig. 6(b) applies to the remaining context bitplanes, i.e., from
bitplane to bitplane 15.

After performing an iteration, the new context bit is assigned
to the position where the largest improvement in the compres-
sion performance of bitplane occurred. If none of the possible

context bit positions were able to improve the compres-
sion, then the search stops and the context con�guration found
so far is used for encoding the bitplane . Otherwise, a new con-
text bit is tested. This iterative process proceeds while the new
context bit is able to improve the compression performance of
bitplane or until the maximum context depth is reached. For
the results presented in this paper, we used a maximum of 20
context bits. Fig. 7 presents an example of the context con�g-
uration obtained with this process for some of the bitplanes of
the image �1230c1G� (APO_AI image set).

The con�guration of the context bits for a particular bitplane,
, can be communicated to the decoder using approximately

bits. Note that the maximum number of context bits
per context bitplane is less that 16 (see Fig. 6) and, therefore, can
be represented in four bits. Hence, the total overhead regarding
the image-dependent contexts is just some tens of bytes.

The algorithm is outlined next.
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