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Abstract

This manuscript presents a lossless bitplane-based method for compres-
sion of microarray images based on expectation pixel values. The method
compress each image on a bitplane basis, from the most to the least signif-
icant bitplanes, based on arithmetic coding driven by a 3D finite-context
models and Expectation-based Bitplane Coding (EBC). It produces an
embedded bitstream that allows progressive decoding of the original im-
age. The EBC is a technique where we can select future pixels to cre-
ate the context template. EBC alone is not effective to compress mi-
croarray images, therefore, we decided to use an hybrid approach using
EBC , intra-plane and inter-plane to create a more suitable context tem-
plate. EBC is more efficient for compressing the least significant bitplanes
where the expected values are close to the pixels true values. The results
obtained with the proposed method are slightly better in some cases how-
ever, generally, they are very similar.

1 Introduction

The raw data resulting from a microarray experiment consist of a pair of
16 bits per pixels of grayscale images (see Figure 1). These images, de-
pend on the size of the array and the resolution of the scanner, and may
require tens of megabytes to be stored or transmitted without any com-
pression loss. Due to this fact, and the need for long-term storage and
efficient transmission, the development of lossless compression methods
with progressive decoding capabilities is an important challenge. In the
literature, we can find several proposals for lossless compression of mi-
croarray images [2, 3, 5, 6, 7]. The method proposed by Neves et al. [6],
which uses a 3D finite-context model and arithmetic coding, is the one of
the most promising approaches. The main idea of the proposed method
is to use EBC instead of intra-plane coding, in each bitplane where EBC
provides best compression results compared to intra-plane coding.

(a) Green channel (b) Red channel

Figure 1: Example of a pair of images (1041× 1044 pixels) that results
from a microarray experiment.

2 Expectation-based Bitplane Coding (EBC)

Kikuchi et al. [4] proposed recently the idea of EBC. This approach can
be useful in some bitplanes, where the neighbors bits are not so meaning-
ful as they seem. Sometimes, the neighboring bits are only refining bits
that fine-tune the value of that particular pixel. In 2010, Chen et al. [1]
proposed a lossless compression algorithm that uses EBC. Our proposal
uses a similar approach that can be applied to microarray images. Sup-
pose p = {p15, p14, . . . , p2, p1, p0}, where pi is the value of the pixel pi at
bitplane i. When we are encoding the nth bitplane, if the pixel p is already
encoded at the current bitplane, its expectation value is formulated as

E(x) =
15

∑
i=n

2i +(2n−1−1). (1)

On the other hand, if the pixel p has not been encoded at current
bitplane, its expectation value is defined as:

E(x) =
15

∑
i=n

2i +(2n−1). (2)

During the compression process, we use this expectation values in-
stead of the real bit values only when the EBC is more efficient to com-
press the pixels of the current bitplane. In case of using the EBC, if the
expected value of the context is lower than the expected value of the cur-
rent pixel, the context bit used is 0, otherwise 1 is used. The variable size
template used is described in Figure 2 and as we can see, there are two
future pixels (pixels 4 and 3) that are used in the context template. The
pixel denoted by 0 represents the current pixel being compressed. Using
this approach, we can select future pixels for the context template, which
is more efficient for the least significant bitplanes, where the neighboring
bits of each bitplane are merely refining bits and they only fine-tune the
final value of that particular pixel.
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Fig. 1. Template for the neighborhood context.

encoded/decoded, the expectation value y(n) is updated to be
used for y∗ in a coming chance of reference.

In the proposed bit-plane coding, every bit to be encoded
is modeled by two kinds of contexts. The contexts are built by
the expectation values of decoded pixels. The raster scanning
order is used for visiting pixels.

The pixel location of a target bit, xn, where n ∈ [1, D]
for D-bit depth images, to be encoded is labeled by 0 on the
template shown in Fig. 1. The neighborhood context bit at
each location is generated as follows.

qi =

{
1, for yi > y

0, otherwise
(2)

where i ∈ [1, J ], and J is the number of reference pixels on
the template. Since context bits are computed by the expec-
tation values of pixels, it is possible to make a reference to
the pixels at non-causal locations. The non-causal pixels are
useless for encoding the most significant bit-plane, and they
are skipped in such a case.

In the proposed bit-plane coding, the inter-bit correlation
on a bit-plane is not used. Instead, for modeling a target
bit, we use the expectation values of pixels being decoded
of which more significant bits have been already available at
the decoder. The method can be referred to as bit modeling
by pixel values. It is different from popular context modeling
such as pixel modeling by pixel values and bit modeling by bit
patterns in JPEG-LS[4] and JPEG 2000[2], respectively. To
make a context model of a target bit, the expectation values of
decoded pixels are used instead of unknown true values at the
decoder. Since the decoded pixel values are spatially corre-
lated to each other as considerably high as true pixel values, it
becomes possible to apply a large effective template without
context dilutions.

Highlight areas and shadow areas are probable to repre-
sent different objects in an image. According to this observa-
tion, a target bit being encoded is conditioned by the magni-
tude of the expectation value y of the target pixel. The excur-
sion of the tone scale is divided into 2K successive intervals
so that the K-bit self context for D-bit depth images is de-
fined as follows.

q0 = i, for 2D−Ki ≤ y < 2D−K(i + 1) (3)

where i ∈
[
0, 2K − 1

]
. The context model of a target bit is

formed by q = (q1, · · · , qJ , q01, · · · , q0K), where qi and q0k

! "
n← the bit depth
Set the expectation value by Eq. (1)
While n > 0 {

Initialize the probabilities
for all pixels {

Define the context model, q
Binary arithmetic encoding of xn by q
Update the expectation value, y

}
Output the code bit stream
n← n− 1

}# $
Fig. 2. Pseudo code of the encoding algorithm.

(a) sort-free (b) luma-sorted
Fig. 3. Grayscale renditions of a GIF image, lena.

stand for the neighborhood context bits and the self context
bits, respectively.

J = 9 and K = 3 are default values for the pixel bit
depth of D = 8. Since the inter-pixel correlation decreases
at lower bit-planes for most natural images, the number of
template pixels are decreased gradually such as 8, 7, 6, and 5
for encoding four LSBs, respectively.

The encoding procedure is summarized in Fig. 2. In the
adaptive arithmetic encoder, the frequency counts are initial-
ized, when the bit-plane changes. All the initial probabilities
are set to be equal. The adaptive binary arithmetic codec is the
range coder1 in this work. The decoding algorithm is simply
obtained by replacing encoding with decoding in the encod-
ing algorithm.

An RGB color image is compressed, after the reversible
component transform

M ← R−G,
N ← B −G,
E ← G + %M+N

3 &



 (4)

is applied for decorrelating color components.
When the color index values in color-quantized images

such as GIF images are used as substitute for tone values,
a resulting grayscale image looks quite abnormal in appear-
ance as seen in Fig. 3, and it is hard for ordinary codecs to

1 http://hem.spray.se/mikael.lundqvist/

Figure 2: Context template[4].

3 Algorithm

The compression algorithm is based on simple bitplane separation, where
each binary layer (from the least to the most significant one) is then com-
pressed using 3D finite-context models and arithmetic coding. In Fig-
ure 3, we can see an example of a 3D context configuration used to com-
press a microarray image. As we can see, there is inter-plane and intra-
plane pixels that can be used in the context template. However, in our
approach, we decided to keep the inter-plane configuration that is used
in [6] and try to use intra-plane and EBC competing with each other. In
each bitplane, we use inter-plane + EBC or inter-plane + intra-plane, de-
pending which one saves more bits. The selected approach must be sent
as side information to the decoder in order to be possible to decode the
original image correctly. This only requires 16 extra bits, which is a small
cost to pay compared to the image compression data.
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Fig. 7. Context configuration obtained by the proposed method in five 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 configuration through an iterative process
(note that bitplanes are numbered from 0, the least significant
bitplane, to 15, the most significant 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 configuration 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 configuration 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 config-
uration obtained with this process for some of the bitplanes of
the image “1230c1G” (APO_AI image set).

The configuration 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.

;

;

;

Fig. 6(a);

Fig. 6(b);

;

;

;

;

;

.
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Figure 3: 3D context configuration [6].



4 Results and conclusions

The microarray images used in the experimental results were collected
from three publicly available sources. 1) 32 images that we refer to as
the APO_AI set; 2) 14 images forming the ISREC set; 3) three images
previously used in MicroZip. The image sizes ranges from 1000× 1000
to 5496×1956 pixels and all of them have 16 bits per pixel. The average
results presented take into account the different sizes of the images, i.e.,
they correspond to the total number of bits divided by the total number of
image pixels. In Table 1, we have the compression results for the algo-
rithm proposed in [6] and our approach. As we can see, there are small
improvements in some images but, generally, the results are very simi-
lar. Furthermore, we noticed that, in the last 8 least significant bitplanes,
our approach uses more times EBC instead of intra-coding, which leads to
the conclusion that EBC is more effective to compress the least significant
bitplanes than intra-coding (see Fig. 4). It is possible to conclude that in
the least significant bitplanes, the algorithm actually generates better re-
sults. As future work, it will be interesting to explore other alternatives to
EBC or using a different equation to obtain the expected value.
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Figure 4: Percentage of utilization of each context (INTRA vs EBC) for
each plane, from the least significant bitplane (0) to the most significant
one (15).
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Set Image Micro3DEncBest Proposed

A
PO

_A
I

1230c1R 10.591 10.589
1230c1G 10.847 10.847
1230c2R 10.734 10.734
1230c2G 10.971 10.971
1230c3R 9.868 9.870
1230c3G 10.244 10.244
1230c4R 10.271 10.272
1230c4G 10.430 10.430
1230c5R 9.682 9.682
1230c5G 9.970 9.970
1230c6R 10.413 10.413
1230c6G 10.265 10.265
1230c7R 9.702 9.702
1230c7G 10.164 10.164
1230c8R 10.485 10.485
1230c8G 10.389 10.389
1230ko1R 10.348 10.348
1230ko1G 10.076 10.079
1230ko2R 10.093 10.093
1230ko2G 10.015 10.015
1230ko3R 10.138 10.138
1230ko3G 10.367 10.367
1230ko4R 10.130 10.130
1230ko4G 10.032 10.032
1230ko5R 10.093 10.093
1230ko5G 10.390 10.390
1230ko6R 9.978 9.978
1230ko6G 10.194 10.194
1230ko7R 9.984 9.984
1230ko7G 10.255 10.255
1230ko8R 10.191 10.191
1230ko8G 10.232 10.232
Average 10.236 10.236

IS
R

E
C

Def661Cy3 10.412 10.412
Def661Cy5 8.874 8.874
Def662Cy3 9.156 9.155
Def662Cy5 10.581 10.592
Def663Cy3 10.125 10.125
Def663Cy5 9.538 9.547
Def664Cy3 9.991 9.992
Def664Cy5 11.192 11.192
Def665Cy3 11.429 11.429
Def665Cy5 12.536 12.536
Def666Cy3 9.346 9.319
Def666Cy5 11.062 11.069
Def667Cy3 9.218 9.225
Def667Cy5 9.328 9.328
Average 10.199 10.200

M
ic

ro
zi

p array1 11.126 11.142
array2 8.470 8.470
array3 7.712 7.712
Average 8.014 8.016

AVERAGE 11.9327 11.9339

Table 1: Compression results in bits per pixel for the proposed method and
the method presented in [6]. The 16 extra bits required as side information
are included.
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