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Abstract
DNA microarrays are state-of-the-art tools in biological and medical research. In this work, we discuss the
suitability of lossy compression for DNA microarray images and highlight the necessity for a distortion metric to
assess the loss of relevant information. We also propose one possible metric that considers the basic image features
employed by most DNA microarray analysis techniques. Experimental results indicate that the proposed metric can
identify and differentiate important and unimportant changes in DNA microarray images.

I. I NTRODUCTION
In this section, we motivate the need for introducing a distortion metric to evaluate the performance of
lossy compression on DNA microarray images.
A. DNA microarrays
DNA microarrays are used to analyze the function and regulation of the genes of an organism [1]. They
are state-of-the-art tools in biological and medical research, and are employed in many areas ranging from
the study of metabolism [2] and evolution [3] to the ﬁght against cancer [4], HIV [5] and malaria [6].
Interest in DNA microarrays has grown in the last few years, and an exponential increase of DNA
microarray data has been observed [7].
In a DNA microarray experiment, the genetic expression level of two biological samples is compared.
In these two samples –for instance one coming from a healthy tissue and the other coming from a
tumoral tissue– the same genes might be expressed with different intensities. Analyzing these differences,
it is possible to identify genes related to a particular biological process. A DNA microarray experiment
consists of several steps, schematically summarized in Figure 1. The biological samples are ﬁrst dyed with
ﬂuorescent markers, usually Cy3 and Cy5 of the cyanine family, and are then left to react on the surface
of a DNA microarray chip (step A in Figure 1). The surface contains thousands of microscopic holes or
spots, each of which is related to an individual gene. This surface is then washed so that each of the
biological samples appears only inside the different spots. After that, the DNA microarray chip is scanned
using two lasers, each exciting only one of the ﬂuorescent markers, so that one 16 bpp monochrome
image is produced for each of the two biological samples (step B in Figure 1). These two monochrome
images are usually known as the green and red channels due to the color of the laser needed to excite the
ﬂuorescent dyes. The image intensity with which each spot is acquired is proportional to the amount of
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biological sample that is contained in the spot; that amount is also proportional to the expression intensity
of the corresponding gene. Finally, these two images are analyzed to measure genetic expression intensity
differences, which are then processed statistically to identify relevant genetic expression alterations (step
C in Figure 1).

Figure 1: A DNA microarray experiment. The biological samples are ﬁrst put on a microarray chip, then
the chip is scanned to produce two microarray images and ﬁnally the images are processed to extract the
genetic data.

B. DNA microarray image analysis
DNA microarray images are an intermediate product of DNA microarray experiments: image analysis
is performed on these images to extract information about the genetic expression intensity. Unfortunately,
these image analysis techniques are not fully mature or universally accepted [8], so they are likely to
change in the future. As new image analysis techniques are developed, it will be highly desirable to
reanalyze the images to obtain more accurate genetic data. However, in such cases, repeating the whole
experiment is not an option because the needed biological samples are usually not available. For this
reason, it is important to store the DNA microarray images along with the extracted genetic data.
In spite of the increasing reproducibility of DNA microarray experiments, some variability is always
present. When samples from the same two tissues are used in different experiments, the produced images,
and thus the extracted genetic data, are not identical [9]. In addition, modern DNA microarray chips make
use of biological replication, that is, they contain several spots associated to a single gene; even though
theoretically these spots should express the same degree of gene activity, in practice they do not [8].
C. DNA microarray image lossless compression
In a DNA microarray experiment, two images –known as the green and red channels– are produced.
Nowadays, these images easily exceed 4000×13000 pixels in size, with 16 bits per pixel (bpp) per channel,
so that raw ﬁle sizes over 100 Megabytes per image are common. Besides, when a DNA microarray study
is carried out, several DNA microarray experiments are performed. Thus, a considerable amount of data
are produced in laboratories around the world. It is therefore paramount to design efﬁcient storage and
transmission methods for this type of images, and data compression comes as the best suited approach to
this problem.
DNA microarray images possess several characteristics that make compression a challenging task.
Figure 2 shows part of two example DNA microarray images. It can be observed that thousands of irregular
round spots of varying intensities are displayed on a dark background. These abrupt and irregular intensity
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changes produce high frequencies in the image which are hard to code or predict. Furthermore, the 16 bpp
needed to represent DNA microarray images increase the data entropy due to the larger amount of possible
pixel values. Altogether, these properties make the compression of DNA microarray images a challenging
task, in particular when using lossless compression methods.

(a)

(b)

Figure 2: Example DNA microarray images: 600×600 crops with different spot layouts. a) array3 image
from the MicroZip set with square grid spot layout; b) slide_1-red from the Arizona set with hexagonal
grid spot layout. Gamma levels have been adjusted for visualization purposes.
Table I: Image sets used for benchmarking in the literature. All original images are 16 bpp.
Image set
MicroZip
Yeast
ApoA1
ISREC
Stanford
Arizona

[10]
[11]
[12]
[13]
[14]
[15]

Images

Size (pixels)

3
109
32
14
20
6

> 1800×1900
1024×1024
1044×1041
1000×1000
> 2000×2000
4400×13800

Several authors have proposed compression techniques for DNA microarray images in the last few years.
A detailed review of the state of the art in the compression of DNA microarray images can be found
in the literature [16]. Both lossy and lossless techniques have been proposed, but lossless techniques are
more common. It has been argued that lossless compression is more suitable for DNA microarray images
because it guarantees that no relevant information will be missing when reanalyzing the decompressed
version of the images [17]. However, this data ﬁdelity is obtained at the expense of poor compression
performance results. Table I displays basic information about the sets of images used for benchmarking
while Table II reports the lossless compression results yielded by both standard and the best performing
microarray-speciﬁc techniques.
It can be observed that even the best-performing techniques speciﬁc for DNA microarray images are only
approximately 1 bpp better than the best standard compression techniques. Moreover, compression ratios
equal or better than 2:1 are only found for two of the datasets. Considering these lossless compression
results, schemes with higher compression performance are needed.
D. Distortion metrics for DNA microarray image lossy compression
Lossy compression schemes can yield very good compression ratios and as long as the distortion
introduced by the lossy compression of DNA microarray images falls below the variability of DNA
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Table II: Average lossless compression results for different standard and microarray-speciﬁc techniques
for the benchmark image sets. All values are expressed in bits per pixel and all images are 16 bpp.
Bitrates for non-standard compression techniques are shown as reported by the original authors when
data are available for a set. Results for JPEG2000 have been obtained with the best number of wavelet
decomposition levels for each set [16].
Algorithm

MicroZip

Yeast

ApoA1

ISREC

Stanford

Arizona

9.394
9.747
9.441
9.508
9.157

6.075
6.888
8.580
6.863
5.911

11.067
10.852
10.608
11.050
10.786

10.921
10.925
11.145
10.930
10.624

7.867
7.776
7.571
8.007
7.685

8.944
8.858
8.646
9.099
8.795

—
6.601
—
—
—
—

—
—
10.280
10.250
10.194
9.520

—
—
10.199
10.202
10.158
9.490

—
—
—
—
—
—

—
—
—
—
—
—

Standard techniques
Bzip2
JBIG
JPEG-LS
JPEG2000
JPEG2000 + HST [18]

Microarray-speciﬁc techniques
MicroZip [19], 2004
PPAM [20], 2005
Neves [21], 2006
Neekabadi [22], 2007
Neves [17], 2009
Battiato [23], 2009

9.843
9.587
8.840
8.856
8.619
8.369

microarray experiments (Subsection I-B), lossy coding can be regarded as an alternative to lossless coding.
An important number of both standard [24], [25] and microarray-speciﬁc [9], [19], [26], [27] lossy or
lossy-to-lossless compression techniques have been proposed and discussed in the literature. For lossy
coding, it is necessary to assess the loss of relevant information by employing a distortion metric, since
it can affect current and future DNA microarray analysis techniques.
To date, only full reference metrics –which need the original image to be calculated– have been
considered. Existing metrics based on pixel-wise errors or visual ﬁdelity are not suitable for this purpose [9]
because they do not identify changes that could affect the subsequent analysis process. Metrics using pixelwise errors like MSE, PSNR or SNR consider every pixel in the image equally important [28], hence
they are unable to distinguish changes that signiﬁcantly distort several spots from those that slightly
affect unimportant parts of the background. Metrics based on visual ﬁdelity like SSIM or CW-SSIM
are designed to identify changes that can be detected by the human visual system [28]; however, DNA
microarray images are always computer analyzed –most usually without human intervention– so changes
applied to a spot can be difﬁcult to recognize by the naked eye, but still affect greatly the analysis process.
At least two publications have addressed the problem of measuring the information loss due to the
compression of DNA microarray images. In [25], the authors propose several methods to evaluate the image
distortion based on comparing the results of different classiﬁcation algorithms like linear discriminant
analysis when applied to the extracted mean intensity of each spot. Their methods rely completely on the
results of the selected image analysis and classiﬁcation algorithms and do not explicitly consider image
properties used in most analysis algorithms. For this reason, their results are subject to the particularities
of the selected image analysis and data classiﬁcation algorithms and it is unclear whether they would
be applicable when other present and future DNA microarray analysis techniques are employed. Even
though the authors provide intensive experimental results, they do not discuss which selection of intensity
extraction and classiﬁcation algorithms could be the best as a distortion metric. In [9], a similar approach
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is used. Two different image analysis techniques are used on original and distorted DNA microarray
images to calculate the spot intensities. After that, simple functions of the extracted intensities are plotted.
These functions include the logarithm of the quotient of the intensities extracted for one spot in each of
the two DNA microarray images, which is a measure of gene activity. The plots are analyzed to assess
the variability using different intensity extraction and compression algorithms. As in [25], the authors do
not explicitly use any commonly used image feature nor propose a way to combine the plotted values in
order to construct a distortion metric.
E. Paper structure
The rest of this document is structured as follows. In Section II we describe the DNA microarray
analysis pipeline and highlight the image features that are commonly used for this analysis. In Section III
we propose a distortion metric that employs these image features to detect relevant changes in DNA
microarray images. Finally, in Section IV we provide some concluding remarks.
II. A NALYSIS PIPELINE OF DNA

MICROARRAYS

In this section, we describe the analysis of DNA microarrays. We also identify which processes are
basic for any analysis process and what image features are considered in them.
A. Analysis pipeline
In Section I we brieﬂy described how DNA microarray experiments are carried out, as schematically
summarized in Figure 1. We now focus on the analysis pipeline that is performed once the DNA microarray
images are obtained. The ﬁrst two subsections describe how the images are analyzed while the third brieﬂy
explains subsequent procedures.
1) Gridding and segmentation: The analysis of DNA microarray images begins by locating where
each spot is situated. As shown in Figure 1, spots are arranged following a regular grid which must be
identiﬁed ﬁrst. This process is known as gridding and can be done either automatically without any prior
information [19], or using geometrical information provided by the DNA microarray manufacturer.
Once the grid is known, each spot is conﬁned individually to a rectangular area. The next step is to
determine which pixels belong to the spot, and which ones are background. This process is known as
segmentation and is one of the most active research topics on the analysis of DNA microarray images [8].
Many different approaches have been used for this purpose, and it is possible to ﬁnd clustering-based [29]–
[33], threshold-based [34], graph-based [35] and even wavelet-based [36] proposals in the literature.
2) Intensity extraction: The next step in the analysis pipeline is calculating the expression intensity
of each gene for each of the biological samples. As previously explained in Section I, the amount of
dyed sample inside one spot is proportional to the intensity of the corresponding gene for that biological
sample. For this reason, it is possible to estimate the genetic expression intensity by looking at the average
value of pixels inside each spot in the DNA microarray images. This process is performed automatically
by DNA microarray image analysis algorithms and is known as intensity extraction or feature extraction.
Unfortunately, in real DNA microarray experiments there are artifacts that distort the scanned images.
When the DNA microarray chip is washed, some residues can remain on the surface. To address this and
other artifacts, researchers have proposed several background-correction algorithms [37]. In their proposals
the average intensity of the local background (the pixels outside but near each spot) is calculated and
subtracted from the extracted intensity according to different algorithms. In addition, since the two images
produced in a DNA microarray experiment are obtained using two different lasers, it is possible that one
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of the two images produced in a DNA microarray experiment is globally brighter than the other. For this
reason, some analysis techniques compute the global intensity to identify brightness changes and modify
the extracted spot intensities accordingly.
3) Normalization and data analysis: After the spot intensities are extracted from the images associated
with each of the two biological samples, they are compared to detect relevant differences in the genetic
expression intensities. This is commonly know as data analysis. Before that, the intensities need to be
further processed in order to remove any systematic variation, due for example to dye bias. This step
–known as normalization– is an active research topic and several normalization techniques have been
proposed [8]. Both data analysis and normalization techniques employ only the extracted spot intensities
and do not directly consider the images, so they are out of the scope of this work.
B. Key image properties
Having in mind the processes described in Subsection II-A, it is possible to identify at least three key
image features that can greatly affect the outcome of a DNA microarray experiment. Since it is our goal
to design a distortion metric for DNA microarray images, we next describe these key features more fully
and discuss changes that can most alter experimental outcomes.
1) Spot intensity: The value of the pixels inside spots is the most important DNA microarray image
feature because it is employed to extract the genetic expression intensities that are employed in subsequent
steps of DNA microarray experiments. Only average pixel values are used for this purpose, so it is more
important to maintain these mean values unmodiﬁed than to achieve pixel-wise ﬁdelity. If we call μR and
μG to the average intensity of the co-located spot in each of the two image channels of an experiment, then
the mean intensity ratio is deﬁned as μR /μG . Later analysis steps [38] consider only the mean intensity
ratio of the spots, so relative errors in the average intensity values are much more relevant than absolute
errors.
2) Local background intensity: The mean intensity ratios are often corrected by subtracting the average
intensity of the local background, that is, the pixels that are close but do not belong to a spot. Even though
this subtraction can be done in different ways [37], the mean intensity of the local background is always
used. Therefore, it is important to keep these local background mean intensity values unmodiﬁed.
3) Global intensity: Some normalization techniques rely on the global intensity of each DNA microarray image, i.e., the sum of all pixel intensities [39]. They are based on the assumption that this global
intensity should be the same for the images corresponding to each biological sample. As a consequence,
producing a deviation on the global intensity can affect the obtained mean intensity ratios proportionally.
To the best of our knowledge, these three features are the basis of every existing analysis technique to
the extent of our knowledge, and they are likely to remain fundamental in future techniques as well.
III. P ROPOSED DISTORTION METRIC
In Section I, we motivated the compression of DNA microarray images and argued that traditional
image distortion metrics like MSE or SSIM are not suitable for DNA microarray images. In this section,
we propose a novel distortion metric for this type of imagery.
A. Metric deﬁnition
Our main goal is to deﬁne a distortion metric that is able to summarize information about the three
main image features with primary effect on the analysis process. As will be shown in Subsection III-B,
common natural image distortion metrics are not suitable for DNA microarray images because they do not
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consider these important image features. Since the main purpose of our metric is to detect image changes
that can affect present and future analysis, we have designed it to be as conservative as possible; we have
also assumed that a segmentation of the image into individual spots and background is provided as input
to the metric. Such segmentation may be produced using automatic methods or geometric information
from the manufacturer.
In order to produce a compact output that can be more easily interpreted, we have deﬁned our microarray
distortion metric (MDM) after the well-known logarithmic metric PSNR:
(max_val)2
MDM = 10 log10
.
(1)
ME
To calculate the “signal-to-noise ratio” of our metric, the maximum value in the image (max_val) is used
as a measure of the signal, while the noise is estimated using our proposed microarray error (ME). The
ME must be sensitive to relevant changes in any of the three main features than can affect the analysis
process: the mean intensity ratio, the average intensity of the local background and the global image
intensity. As explained in the previous section, relative errors in those features are much more important
than absolute errors. To estimate the relative distortion in the mean intensity ratio of one spot, we do
not need to process both the red and green channel images. If the average intensity inside one spot is
multiplied by a factor q in the distorted image, it can be easily proved that the intensity ratio for that spot
in the red and green channel images is multiplied by a factor smaller than q̄ = max(q, 1/q). In order to
detect changes that can affect analysis results even if they appear in isolated spots, we consider only the
maximum value of q̄ among all spots. A similar conservative reasoning can be applied to the estimations
of the distortion of the local background and global intensity. For our metric, we employ the expressions
in (2)-(4) to calculate the distortion of the three key image features:
rspot = max(max_spot_ratio, 1/min_spot_ratio),
rlocalBG = max(max_localBG_ratio, 1/min_localBG_ratio),
rglobal = max(global_intensity_ratio, 1/global_intensity_ratio).

(2)
(3)
(4)

Ideally, the MDM should produce high signal-to-noise ratios when the image is not distorted enough to
affect the analysis results. When such relevant distortions are introduced in any of the key image features,
the MDM should decrease toward 0. To achieve this, the deﬁnition of ME is based on max_val raised to
p, a logistic function of rspot , rlocalBG and rglobal :
p = 2/(1 + exp(−α(rspot + rlocalBG + rglobal − 3))),
ME = (max_val) − max_val + min(max_val, MSEimage ).
p

(5)
(6)

As is obvious from (5), when rspot , rlocalBG and rglobal are all close to 1 –a scenario of irrelevant or
nonexistent distortions–, p is also close to 1. When distortions relevant to the analysis process are
introduced, rspot , rlocalBG and rglobal are increased and p approaches 2. In consequence, the ﬁrst term
of (6) varies between max_val and max_val2 . The other terms in (6) are employed for normalization
purposes so that the MDM outputs only meaningful values and is able to differentiate lossless and lossy
compression by employing the global MSE of the image. The sensitivity of the MDM to changes in the
three key image features can be adjusted through the arbitrary parameter α in (5), which controls the
speed in which the signal-to-noise ratio is degraded. In our experiments, we have found α = 3 to be a
balanced choice. When smaller values of α are chosen, the MDM decreases too slowly when essential
parts of the DNA microarray images are modiﬁed. When larger values are selected, the MDM is too
sensitive and produces values close to 0 dB when the key image properties are only slightly modiﬁed.
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Further experimentation using real compression and analysis scenarios is necessary to elucidate optimal
values of α for realistic operating ranges.
B. Experimental results
In this subsection, we illustrate the behavior of our proposed metric and provide further evidence of its
suitability for the assessment of the information loss in DNA microarray images.
In our experiments, we have distorted three images from each set shown in Table I in three different
manners: we have modiﬁed the pixels inside each spot, the pixels inside the local background of each spot
and the pixels not inside any spot or local background. In this experiment, we have not modiﬁed the images
by applying lossy compression so that changes in the images can be more easily located and understood.
To identify spot and local background areas, we have employed a Matlab implementation of the circular
Hough transform [40], whose results have been further reﬁned to obtain an accurate list of circle centers
and radii describing the spots. These results are used to calculate the three types of distortions as well
as the segmentation required as input to our proposed MDM. Figure 3a shows the results for the MDM
and the PSNR metrics when pixels inside all spots are multiplied by different coefﬁcients. For each spot,
we deﬁne the spot ratio distortion as μd /μo , where μd and μo are the mean intensity for that spot in the
distorted and original images, respectively. Because of the deﬁnition in (2), spot ratio distortions in (0, 1)
are substituted by their inverse without loss of generality. In this ﬁgure, the horizontal axis represents the
average spot ratio distortion. In Figure 3b, we show the results for MDM and PSNR when only the pixels
inside local background of each spot are modiﬁed. In this ﬁgure, the horizontal axis represents the average
local background ratio distortion. In Figure 3c, we show the results for applying zero-mean additive white
Gaussian noise to pixels outside spots and local backgrounds as a function of noise variance. All results
shown in Figure 3 are for the ApoA1 set only. Results for other image sets are similar.
It can be observed that when features that are relevant to the DNA microarray analysis process are
modiﬁed (Figures 3a and 3b), the MDM decreases rapidly toward 0 dB. The slope in which the MDM
decreases when spot ratios are modiﬁed can be controlled by the α parameter in (5). Comparing Figures 3a
and 3b, it can be seen that the slope is steeper in the former. This is due to the fact that there are more
pixels inside spots than inside local backgrounds and they have larger average intensity, so rspot in (5)
grows faster. When unimportant changes are applied to the images (Figure 3c), the MDM decreases very
slowly. In this case, if the global intensity of the image is not modiﬁed, the MDM remains constant at
approximately 48 dB, independently of the actual MSE of the image.
These results suggest that the proposed MDM is able to detect changes in DNA microarray images that
affect image analysis, whereas unimportant changes do not affect the output of the MDM.
IV. C ONCLUSIONS AND FUTURE WORK
DNA microarray images are broadly employed in biological and medical research to analyze the function
of the genes of many different organisms. Large image ﬁle sizes motivate the use of coding techniques to
help with storage and transmission, but lossless compression has not proved to be effective. On the other
hand, lossy compression can provide more compression, but it is necessary to assess whether present and
future analysis techniques are affected by the information loss. Distortion metrics like PSNR or SSIM are
not suitable for this purpose, so microarray-speciﬁc metrics are needed.
The analysis pipeline of DNA microarrays has been discussed, and three key image features have been
identiﬁed that are the foundation of most current analysis techniques, and very likely for future techniques
as well. The identiﬁed features are the mean intensity of each spot, of each local background, and the
overall intensity of the image. Based on these features, one possible microarray-speciﬁc metric has been
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Figure 3: Distortion results for PSNR and our proposed MDM, when applied to three sample images from
the ApoA1 set. a) Results after modifying pixels inside spots; b) Results after modifying pixels inside the
spot local backgrounds; c) Results after applying additive white Gaussian noise to pixels outside spots
and local backgrounds.
proposed, and evidence of its suitability to assess the information loss of DNA microarray images has
been provided.
Our future work involves assessing the suitability of the proposed metric to detect changes in the
output of standard DNA microarray analysis techniques when different types of distortion are introduced,
including the distortion produced by lossy compression.
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