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ABSTRACT for efficient long-term storage, sharing and transmissibn o

This paper proposes a lossless compression method fgyicroarray images, Is an important challenge.
microarrays images, based on a hierarchical organizafion o
the intensity levels followed by finite-context modeling. A 2. SPECIALIZED METHODS
similar approach was recently applied to medical imagels wit
success. The goal of this work was to further extend, adapkhere are several compression techniques that have been pro
and evaluate this approach to the special case of microarr@psed for lossy and/or lossless compression of microamay i
images. We performed simulations on seven different datages. In this work, we will be focused in lossless methods.
sets (total of 254 images). On average, the proposed methtsually, a typical compression method can be divided in up to
attained~ 9% better results when compared to the best comfive stages: preprocessing, data transformation, qudiotiza
pression standard (JPEG-LS). entropy coding and postprocessing. In lossless compressio
, . ) only the preprocessing, data transformation and entrogy co
. Index Terms— binary t_r ee decomposition, microarray ing stages are used. Recently, Hernandez-Cabratiel5]
images, lossless compression reviewed the state of the art in DNA microarray image com-
pression. Therefore, here, we will describe only thosewuleat
1. INTRODUCTION think are the most representative.
Neves and Pinho [6] proposed a context-based lossless

DNA microarray imaging is an important tool and a powerful method in 2006. Their method is a bitplane-based approach
technology for large-scale gene sequence and gene e)qyressthat uses 3D finite-context models to drive the arithmetic en
analysis, allowing the study of gene function, regulatiod a coder. In [7], they extended their method by adding a greedy
interaction across a large number of genes, and even acrag®cedure to build the 3D context template, obtaining bette
entire genomes [1, 2]. DNA microarrays are currently usedresults than their previous method [6].
for example, for genome-wide monitoring in areas such as Neekabadiet al. [8] proposed a compression method
cancer [3] and HIV research [4]. based on the separation of the original image into three cate
The output data obtained in a microarray experiment igories: background, edge and spot pixels. The segmentation
a pair of 16 bits per pixe| graysca|e images' one from the st performed by finding a threshold value which minimizes
called green channel and the other from the red channel. Ge#ee weighted sum of the standard deviations of the foregtoun
expression can vary ina very wide range, Jusufymg the nee@.nd background piXG'S. This threshold value is used to ereat
for image pixel intensities having a depth of 16 bits. Usu-the three subsets. The spot pixels are determined by eroding
ally, these images also have a high spatial resolution, frorthe mask formed with pixels above the selected threshold.
1000 x 1000 to 13800 x 4400 or even more, due to the mi- The pixels surrounding the spot pixels are classified as edge
croscopic size of the spots. Hence, these images may requipéels. The background pixels are all the remaining. Each
several tens of megabytes in order to be stored or transmigubset is compressed using a separate predictor.
ted. Although the final goal is to extract from the microarray ~ In 2009, Battiato and Rundo [9] proposed an approach
images information related to expression levels, it is ligua based on Celluar Neural Networks (CNNs). The first stage of
desirable to keep both the genetic information extractetl anthe algorithm consists on separating the original micearr
the original microarray experiments. For that reason, gegin image into background and foreground (image spots). Af-
ter this first stage, the foreground is lossless compresged b
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3. BINARY TREE DECOMPOSITION reconstruction error. In case of a tie, one is arbitrarilgsdn,
although it is necessary that the decoder picks the same one.
Pinho and Neves proposed a lossless compression methpdorder to the decoder be able to build the same tree, it is
based on a hierarchical organization of the intensity levnecessary to send the information of the active pixels galue

els [10, 11]. Originally, the approach was intended to b&o the decoder using a 256-bit indicator for a 8 bitimage or a
applied to images with a small number of intensities, uguall 65536-bit indicator for a 16 bit image.

mth 8 or 'e?s bt'.ts per g'?ﬁl’ duet:o a Fgr]:ft relattlprt1 bzt;r/veen After each node is expanded, two new nodes are created.
€ processing ime and the number of different ntensdies |, necessary to send to the decoder which pixels of the orig

the image. In this work, we further extended this approach tal image will have an intensity changed 8 and which

be gble to handle i”_‘ages With a large number of intensitie%eed to change td;", respectively the representative inten-

?S dls the_zf cr?se of microarray |mlage?. _The goal _here Was Wries of the left and right newly created nodes. Since the
Ind out If the compression results of microarray IMages Calyaqger has access to these intensity changes for all pixels
be further improved using this approach, when compared Ris enough to encode a binary mask, where a zero indicates

the current state of the art methods. The proposed approaﬁlgat the pixel needs to change its intensityIfoand a one
has progressive decoding capability, which means thatehe dindicates a change i

coding process can be stopped at any moment according to a
specific distortion metric, obtaining a partial image witimse
loss. Furthermore, it is possible to obtain the originalgma | 132, 50, 250, 32768, 65530} |
without any loss if the a full decoding process is performed. (ggj;)
The organization of the intensity levels is attained by
means of a binary tree. Each node of the binary treeep-
resents a certain subsé&?, of the intensities of the image.
The root node contains all active pixel values of the image
I ={hL,I,...,In}, whereN represents the number of dif-
ferent intensities that occur in the image. Thereféfe,C 7
andS! = 7. Each node possesses a representative intensity,

1", given by
" = \\I:}L_‘_I]?CIJ (1) ) ) .
2 ’ Fig. 1. Example of a small binary tree that illustrates the hier-
whereI” andI?, are, respectively, the smallest and larges@rchical organization of the intensity values.
pixel value inS™, and where x| denotes the largest integer
less than or equal to. Computing the value of" according This approach is interesting because it is not affected by
to (1) leads to the smallest possilile, reconstruction error  the reduced percentage of active pixel values that is a char-
when the intensities associated to nadghose inS™) are all  acteristic in some microarray images (histogram sparsgnes
substituted by". The error is given by However, even in this case, it is still necessary to send the
R ) 65536-bit indic;atqr dgscribing which intensities occur do _
o not occur). This side information can reduce the compressio
In Fig. 1, we can observe an example of a small biresults depending on how big the input image is (number of
nary tree of an image with only five active pixel values pixels).
{32, 50, 250, 32768,65530}. The construction of this tree
begins with the association to the root node of the set of
intensities that occur in the original image. After thisads
ation, it is necessary to compufé according to (1). In the
example depicted in Fig. I! = (32 + 65530)/2 = 32781
andel, = 65530 — 32781 = 32749, for the root node. The In this section, we present the experimental results obtain
next step consists in splitting the root node into two sub-using the approach described in Section 3. First, we de-
nodes and, therefore, splittirg into two subsets. In order scribe the data sets used. After that, the compressiontsesul
to split S', we need only to compare the intensityce S!  using image compression standards (JBIG, JPEG-LS and
with I'. The intensities lower thaf' are associated with the JPEG-2000), Gzip and Bzip2 are presented. The compres-
left node, and the other ones with the right one. This procesion results using binary tree decomposition are shown in
dure is repeated until expanding all nodes, i.e., until tigvi Section 4.3. All results take into consideration the size of
a tree with NV leaves (V is the number of active intensities the image, which means that the average bit-rate is computed
presented in the original image). The next node to expanthking the total number of bits divided by the total number of
is chosen taking into consideration the smallest posdible image pixels.

{32768, 65530}
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{32, 50, 250}
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4. EXPERIMENTAL RESULTS



4.1. Microarray image data sets were collected using version 7.2 with default parameters, i

. . lossless mode
Along the last years, several microarray image data sets hav

been used to report compression results. One of the hurdles ) . N
that often the researcher has to face is the lack of a realyonat-3- Results using binary tree decomposition

consensual data set with which the performance of the algqp \yhat follows, we present the compression results attaine
rithms can be measured. A few years ago, Piahal. [12]  y the proposed method and also by the methods described
used a benchmarking data set, composed of 49 publicly avaiiy 15 7]. We did not include the compression results regard-
able microarray images from three different data sets, a6 ev ing methods [8, 9] because we do not have access to the soft-
uate the performance of the image compression standards. {3,re or source code to generate the results for the four new
a result, this be_nchmarking data set ha_s _been used in most @f:- sets not used by them (Arizona, Omnibus, Stanford and
the works published after. However, it is natural that newyeast). We performed simulations on seven different data se

images, obtained using more recent technologies, need t0 gyt5| of 254 images) described in Table 1. The results can be
added to the benchmarking data set. In this research, we Usg,nd in Table 3. The second row of Table 3 corresponds

four new data sets that were not used in [12] (see Table 1). Rg; the use of a search area 2if6 x 256 pixels for context
garding the Omnibus data set, we decided to split it into Woyreation, whereas the third row corresponds to a search area
sub-data sets: Low Mode (LM) images and High Mode (HM) comprising the complete image (designated as “Full” in the
images. The LM and HM images are associated with the samg,e) - Regarding the proposed method, we present results
experiment but they were scanned using two different modegss g gifferent approaches for context creation: “Greedy”
High or Low. The scanning mode affects the properties of the,q “gest”. The goal of each different context creation ap-
obtained images mainly in terms of entropy and percentage Qrnaches is to find the context size by different ways, inorde
active intensities (see Table 1 for more (_jetans). to maximize the compression ratio. The “Greedy” approach,
In Table 1 we show the number of images, the approxiyg the name itself says, computes a locally optimal solution
mate size of the images, the first order entropy, the averagg,; necessarily the globally best solution. In this casstgiad
percentage of active pler§ of each da}ta set, anq also thie Gigg testing all possible sizes, we progressively test sésees
Index (GI) [13]. The Gl is a normalized sparsity measure | optaining a bitrate worse than the previous “best’eTh
that can assume values between zero and one. Values close.c so|ution is a slower version. where all possible size
zero mean that the image has a lower sparsity. On the othgte tested. Despite the time that it takes to compress, $n thi
hand, values close to one mean that the image is very sparggse it js guaranteed that the best solution is always found.
All measures were obtained taking into account the differen  pfiar analyzing Table 3, we can conclude that the re-

sizes of the images, i.e., they correspond to the total numbe,ts on average, are quite similar among both approaches
of bits/intensities divided by the total number of imagesgbéx (“Greedy” and “Best”) of the proposed method. Further-

. more, the “Best” version of the proposed method attained
4.2. Image compression standards ~ 9% better results when compared to the best compression
. standard (JPEG-LS). On the other hand, the “Full” version
In 2006, Pinhoet al. [12] evaluated the performance of of method [7] attained- 8% better results when compared

JBIG [14], JPEG-LS [15] and lossless JPEG2000 [16] mt the best compression standard (JPEG-LS). Furthermore,

microarray images. Here, we extend those results regardin e can notice in the second row of Table 3. the poor results
the additional data sets included in the benchmarking databtained in method [7], when compared to ,methgd [6]. The

. : ; 0
Table 2). JEIG resulo were. obtained ueing veraion 2.0 ofS20N fT (ose o resuls (higher number of it per pixe!
the JBIG Kit package The results for the JPEG-LS stan- Is due to the naive implemented search are positioning. By
dard were obtained using version 2.2 of the SPMG JPEG-Lge.fau“’ method [7] set the se.ar.ch area in the F:enter of the
codec, with default paramet@rsie used three implementa- microarrays image. However, it is possible that in the aente

tions of JPEG2000 in lossless mode. Version 5.1 of JJZOO‘(-T}f the microarray image the search area does not contain any

was used with the default paramefersThe JasPer results spots (background region) thus, the context obtained is not

were computed using version 1.900.1 of the codec, with degptlmal. In this case, the images of the Omnibus data set had

fault parametefs Finally, the results for the Kakadu software four spot regions and the default search area positioning se
the search area in a background zone without spots.

Lhitp://www.cl.cam.ac.uk/ ~ mgk25/jbigkit/ Table 4 depicts the average number of pixels per millisec-
ZThtT Ofigi”a!lwbelb'sge of this ,CtOdebﬁp”/th’”_“g-ngmC/fa t /I8 ond that are processed during encoding (left values) and de-
currently unavailable. Rowever, It can be obtaine JlIsweet. . . . .
: : coding (right values). Instead of using all images, we se-
ua.pt/luismatos/codecs/jpeg_Is_v2.2.tar.gz o !
3The original web-site of this codebitp:/jj2000.epfl.ch is lected four representative images from each data set to com-
currently unavailable. Nevertheless, this codec can bargd fromhttp: pute these results. As expected, the method [6] is the fastes

lIsweet.ua.pt/luismatos/codecs/jj2000_5.1-src.zip
4http://www.ece.uvic.ca/ ~ frodo/jasper Shittp://iwww.kakadusoftware.com




Approximate Average Average
Data set Year | Images size entropy intensity usage | Gini Index (Gl)
(cols x rows) (bits per pixel) | (percentage)
Apo Al 2001 32 > 1044 x 1041 11.038 39.507 0.494
Arizona 2011 6 = 13800 x 4400 9.306 82.821 0.774
ISREC 2001 14 = 1000 x 1000 10.435 33.345 0.710
Microzip 2004 3 > 1800 x 1900 9.422 36.906 0.556
Omnibus (Low Mode) | 2006 25 = 12200 x 4320 5.713 50.130 0.726
Omnibus (High Mode)| 2006 25 = 12200 x 4320 7.906 98.076 0.892
Stanford 2001 40 > 1900 x 2000 8.306 27.515 0.615
Yeast 1998 109 = 1024 x 1024 6.614 5.391 0.518

Table 1. Microarray image data sets used in this work. The numbemafies represents the total number of images that each
data set contains (each image corresponds to one chanhelpvErage entropy, Gini Index and intensity usage werereita
taking into account the different sizes of the images, itey correspond to the total number of bits/intensitiesdgigt by the

total number of image pixels.

Algorithm [ Apo Al | Arizona | ISREC | MicroZip | Omnibus (LM) Omnibus (HM) [ Stanford | Yeast | Average |

Gzip 12.711 | 11.263 | 12.464 | 11.434 7.124 9.558 9.972 | 7.672| 8.813
Bzip2 11.068 9.040 | 10.922 9.394 5.346 7.523 7.961 | 6.075| 6.880
JBIG 10.851 8.896 | 10.925 9.298 5.130 7.198 7.906 | 6.888| 6.676
JPEG-LS | 10.608 8.676 | 11.145 8.974 4.936 6.952 7.684 | 8.580| 6.521
JJ2000 11.063 9.107 | 11.366 9.515 5.340 7.587 8.060 | 9.079| 7.020
JasPer 11.002 9.064 | 11.314 9.467 5.312 7.549 8.019 | 9.030| 6.985
Kakadu 11.063 9.064 | 11.314 9.467 5.312 7.549 8.018 | 9.029| 6.985

Table 2. Lossless compression results, in bits per pixel (bpphagu§izip, Bzip2, JBIG, JPEG-LS and three implementations of
JPEG2000: JJ2000, JasPer and Kakadu. Default compressiamgters have been used for all algorithms. The best sesult
are highlighted in bold.

| Algorithm | Apo Al [ Arizona | ISREC | MicroZip | Omnibus (LM) Omnibus (HM) [ Stanford | Yeast [ Average |
Neves [6] 10.280 | 8.394 10.217 8.840 5.309 7.047 7.664 | 5.610| 6.561
Neves [7] @56 x 256) | 10.225 | 8.293 | 10.199 | 8.667 5.679 7.744 7.468 | 5511 6.948
Neves [7] (Full) 10.194 8.242 10.159 8.619 4.567 6.471 7.379 5.453| 6.006
Proposed (Greedy) 10.199 | 8.186 10.200 8.593 4.540 6.401 7.306 5.323| 5.957
Proposed (Best) 10.194 8.186 10.198 8.592 4.539 6.400 7.303 5.318 | 5.956

Table 3. Lossless compression results in bits per pixel (bpp) obthusing the methods described in [6, 7] and the proposed
method based on binary tree decomposition. The “Greedy™Bedt” versions are related to two different approaches for
context adaptation (additional details in the main text).

one due to its static precomputed context configuration. Thperformance of the proposed method. It is also easy to con-
other methods rely on a context creation that depends on tledude that the methods based on bitplane decompositioh (suc
image. This context creation takes a considerable amount @& methods [6] and [7]), are not affected in terms of encod-
time, depending on the approach used. The proposed methody/decoding time by the percent of active intensities.
is based on a hierarchical organization of the intensity lev
els of the image. For that reason, the performance in terms
of encoding/decoding time is dependent on the percent of ac-
tive intensities (see column 6 of Table 1). For the Yeast data
set, the results obtained by our method are quite similar t¥Ve presented a lossless compression method for microarray
those of methods [6, 7]. For the other data sets, the prowgessiimages based on binary tree decomposition. We used a to-
times are worse mainly in the decoding phase. We conclud@l of 254 images from seven different data sets. Because
that despite the fact a microarray image has a lower percethiese seven microarray image data sets are different irsterm
of active intensities, the entropy and Gl values can affegt t of size (number of pixels), number of images, entropy, per-
centage of active pixels and sparseness, the results ebtain

5. CONCLUSIONS



[ Algorithm | Apo Al [ Arizona [ ISREC [ MicroZip | Omnibus (LM) Omnibus (HM) | Stanford [ Yeast | Average |
Neves [6] 103|104 | 234] 301 | 76] 82 | 198]237 | 250313 231 294 175|210 | 77| 82 | 221|277
Neves [7] €56 x 256) | 36 |227 | 163|213 | 35|238 | 108|220 279| 366 259] 360 97230 | 27215 | 164|258
Neves [7] (Full) 31197 | 2]171| 3213 | 2180 1]168 1162 20190 | 2]194 | 2170
Proposed (Greedy) 2] 11 6] 40 | 6| 24 2| 64 11] 29 7| 31 5| 47 | 20| 186 6] 35
Proposed (Best) 1| 11 2] 41| 2| 26 2| 65 5| 30 2] 31 2| 45| 8]185 2| 36

Table 4. Simulation results in pixels per millisecond. The valuethie left correspond to encoding, whereas the right-haed on
correspond to decoding. The results were obtained divitiagotal number of pixels by the total number of millisecended
in the encoding/decoding process. Higher values are better

are quite different for each data set. The proposed method
attained an average ef 9% better results when compared to

the best compression standard (JPEG-LS). In terms of comyg;

pression ratio, it is slightly better than the “Best” versiof
method [7], which, on average, attained3% better results
when compared to JPEG-LS.

The proposed method has progressive decoding capabil-
ity, which is in fact a very useful characteristic that the-ma

jority of microarray compression methods do not have. Not [l

only we can stop the decoding process at any instant (getting
an image with some loss) according to a defined metric, but
also we can obtain the original image without any loss.
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