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Abstract This work demonstrates the image qualities be-
tween two popular JPEG2000 programs. Two medical image
compression algorithms are both coded using JPEG2000, but
they are different regarding the interface, convenience, speed
of computation, and their characteristic options influenced by
the encoder, quantization, tiling, etc. The differences in image
quality and compression ratio are also affected by the modality
and compression algorithm implementation. Do they provide
the same quality? The qualities of compressedmedical images
from two image compression programs named Apollo and
JJ2000 were evaluated extensively using objective metrics.
These algorithms were applied to three medical image modal-
ities at various compression ratios ranging from 10:1 to 100:1.
Following that, the quality of the reconstructed images was
evaluated using five objective metrics. The Spearman rank
correlation coefficients were measured under every metric in
the two programs. We found that JJ2000 and Apollo exhibited
indistinguishable image quality for all images evaluated using
the above five metrics (r>0.98, p<0.001). It can be concluded
that the image quality of the JJ2000 and Apollo algorithms is
statistically equivalent for medical image compression.

Keywords Image compression . JPEG2000 . Image quality

Introduction

Recent technological advances have made digital radiology a
practical alternative to the film-based system [1]. The fast
retrieval and ease of transmission of digital data make this
alternative particularly attractive. The image information flow
is the essential idea behind digital radiology, i.e., fast retrieval,
transfer, display, and archiving. Digitized images must have
high quality and resolution and efficiently manage a very large
data volume in general [2]. The amount of data generated by
imaging devices of all digital radiological modalities is mas-
sive and steadily increasing [3]. However, both the speed of
data transmission and the space storage requirements depend
on the amount of data. The data increase poses technical
challenges in regard to effectively archiving, transferring,
and interpreting these data [4]. Data compression techniques
substantially reduce the image data volume generated and thus
increase information flow efficiency. The amount of image
volume affects picture archiving and communications systems
(PACS) effectiveness, as well as telemedicine networks and
radiology information systems.

Data compression methods can be reversible (lossless) or
irreversible (lossy) [5]. A reversible scheme will allow exact
recovery of the original image from the compressed version
but can only achieve a maximum compression ratio (CR) (i.e.,
CR=original image volume/compressed image volume) of
about 2.5 [3]. A lossy scheme will not allow exact recovery
after compression but can achieve greater compression factor,
but a higher CR has an image quality trade-off.

The wavelet transform-based image compression algo-
rithms are recognized as a better method to compress, ar-
chive, and communicate medical images [6]. This algorithm
is now available to an extensive medical system user base
with the approval of JPEG2000 (ISO 15444-1) as a
supported method within the DICOM standard (Digital Im-
aging and Communications in Medicine).
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There are many JPEG2000-based popular image compres-
sion programs, such as the Aware JPEG2000 (Aware, Inc.,
Bedford, MA), the Pegasus PICS Tools JPEG2000 (Apollo;
Pegasus Imaging Co., Tampa, FL) [7], and the JJ2000 (JJ2000
version 4.1, available on the Internet at http://jj2000.epfl.ch).
The JPEG2000 standard is only defined for the stream syntax
decoder. These independently developed JPEG2000 compres-
sion software coding algorithms have different encoders. The-
se differences directly affect the coding efficiency, speed, and
implementation complexity [8]. Zhang et al. used the perfor-
mance of a model observer to optimize the JPEG2000 encoder
options through a genetic algorithm procedure [2]. Recently,
Kim et al. reported that the achieved CR at a given nominal CR
was not always comparable between the Aware and Apollo
systems, two popular commercial JPEG2000 compression pro-
grams [7]. They also found that some of the definitions are
inconsistent between the programs, CR for example, and the
details are not provided in the user manuals. The quality of
compressed images may be different because of these options.

Two image compression programs are JPEG2000 encoded,
the Apollo and the JJ2000, developed by different organiza-
tions, respectively. Apollo has a window mode interface and is
easy to use, but time-consuming. The JJ2000 has Microsoft

prompt mode, and you have to prepare a program before using
it. The above factors will be considered by hospitals when they
acquire compression algorithms for their PACS system. Be-
sides, is there a difference in quality between these two
programs?

For some time now, considerable effort has been made to
evaluate digital image compression techniques to permit the
image quality required for medical images [9–20]. These eval-
uations include subjective and objective metrics. The subjective
image quality measurement requires extreme caution and is
costly. The objective metrics are relatively easy and efficient.

Some objective metrics have been widely used for image
quality evaluation [6, 13, 21–23]. These metrics can be
categorized into three groups: (1) pixel-based metrics, peak
signal-to-noise ratio (PSNR) and mean square error (MSE)
[13, 23]; (2) window-based metrics, which include the Q
index [23], Moran peak ratio (MPR) [6, 21, 22]; and (3) a
human visual system (HVS)-based metrics [13].

This study applied these algorithms to three medical mo-
dality images first. The images were compressed at ten differ-
ent CRs. Following that, the qualities of the reconstructed
images were measured using five objective metrics. Images,
only original, were chosen from a PACS system from a general

Fig. 1 Comparison of JJ2000
(broken lines, asterisk) and
Apollo (straight line, square)
image quality for various CRs:
a CT abdominal, b CT head,
c MR abdominal, d MR head,
e DR abdominal, f DR chest
using MSE
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hospital in Central Taiwan. These modalities are com-
puter tomography (CT), magnetic resonance (MR) im-
ages, and digital radiography (DR) images. Sixty
images were chosen for each modality, totaling 180
images.

Kim et al. [4] suggested that the Spearman rank
correlation coefficients can be used to present how an
objective metric correlates to visual analysis or to the
other objective metrics. They found that the PSNR re-
sults, HDR-VDP (high-dynamic range visual difference
predictor), and MS-SSIM (multi-scale structural similar-
ity) correlated well with the results from five responding
radiologists [4]. In this report, the Spearman rank cor-
relation coefficients were measured under every metric
between two programs.

Methods and Materials

A and B were used to represent the original and processed
images in the following equations. JA and JB were used to
denote the pixel values, respectively.

The Pixel-Based Metric

The pixel-based metrics generally measure image quality
degradation using the differences between all corresponding
pixels. In this study, the PSNR and MSE were used as pixel-
based metrics. These metrics are widely used as image
quality indicators to indicate how “close” one image is to
another. The error measure-based metrics are listed below.

MSE ¼ 1

N

X
i

JAðiÞ � JBðiÞ½ �2 ð1Þ

PSNR dBð Þ ¼ 10log10
2n � 1ð Þ2ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
N
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JAðiÞ � JBðiÞ½ �2
r

2
664

3
775 ð2Þ

where n is the depth of the bits in a pixel, and N is the total
number of pixels in the image. A lower MSE and higher
PSNR correspond to better image quality.

Fig. 2 Comparison of JJ2000
(broken lines, asterisk) and
Apollo (straight line, square)
image quality for various CRs:
a CT abdominal, b CT head,
c MR abdominal, d MR head,
e DR abdominal, f DR chest
using PSNR
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The Window-Based Metrics

These metrics evaluate image quality from a local region
instead of using pixels. The quality of images in window-
based metrics uses the mean, variance, or covariance calcu-
lation between two windows. These windows in corre-
sponding positions in the image have equal size. Two
window-based image quality metrics were used in this stud-
y: a Q index proposed by Wang et al. [23] and the MPR by
Chen et al. [21, 22]. Both metrics estimate image spatial
information from a local region with an 8×8 window size
instead of a single pixel [7, 23]. The Q index is estimated as
follows:

Q ¼ 4σABMAMB

σ2
A þ σ2

B

� �
M 2

A þM2
B

� � ð3Þ

where M and σ2 are the mean and variance of the pixel
values inside the window, and

σAB ¼ 1

N � 1

XN
i¼1

WAðiÞ �MA½ � WBðiÞ �MB½ � ð4Þ

is the covariance between windows in an image (N=number
of pixels in the window). The WA(i) and WB(i) are the gray
levels of the pixels in the windows.

The dynamic range for Q should be in [0, 1]. The value 1
is achieved when JA and JB are identical, which means the

best quality. The Q index is calculated using a sliding
window approach [23].

The Moran coefficient C and standard score Z for pixels
in an m×n window are calculated as follows [24]:

C ¼
N

Pm�n

j¼1

Pm�n

i¼1
dij xi � xð Þ xj � x

� �

S0
Pm�n

i¼1
xi � xð Þ2

ð5Þ

where xi is the gray level of pixel i; x is the mean gray
level inside the window; δij=1 if pixel i and j are
adjacent, and 0 otherwise; S0=2(2mn-m-n), where m
and n are the number of rows and columns in the
window, and N is the total number of pixels in the
window. The numerator is a measure of the covariance,
and the denominator is a measure of the variance
among the pixels. For a larger C value, there is a
greater correlation between pixels, and the image is
blurred. When the size of N is large enough (i.e.,
>25), the variable approximately follows a normal dis-
tribution with the mean and variance given by [24]

a ¼ �1= N � 1ð Þ ð6Þ
and

σ2 ¼ N N 2 � 3N þ 3ð ÞS1 � NS2 þ 3S20
� �� K N N � 1ð ÞS1 � 2NS2 þ 6S20

� �
N � 1ð Þ N � 2ð Þ N � 3ð ÞS20

� a2 ð7Þ

where K is defined by

K ¼ N
X

xi � xð Þ4=
X

xi � xð Þ2
h i2

ð8Þ

where S1=2S0 and S1=8(8mn-7m-7n+4). The standardized
normal statistic

Z ¼ C � a

σ
ð9Þ

can be used to determine the structural information in an
image [7, 21, 22].

Collecting all Z values in an image and then sorting them
into bins can produce a Z histogram. The spatial correlation
increases with the amount of image blurring and accom-
panies the increase in Z value. This Z value will increase in

certain areas to form a peak [7, 22]. The MPR is a peak ratio
of the Z value between manipulated and original images. It
has been proven to correspond well to the image variation in
spatial properties. The higher the Q and the lower the MPR
correlate well with better image quality.

The HVS-Based Metric

Because a human observer is the end user of image quality
measurement, an image quality model based on HVS seems
to be more appropriate for user perception. In order to obtain
a closer relation with the assessment by the human visual
system, both the original and compressed images can be
preprocessed via filters that simulate the HVS. The models
for the human visual system are, in general, given as a band-
pass filter with a transfer function in polar coordinates [13].

K ρð Þ ¼ 0:05eρ
0:054

e�9 log10ρ�log109j j½ �2:3
n ρ<7

ρ�7
ð10Þ
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where ρ=(u2+v2)1/2. An image was first transformed using 2-
D discrete cosine transform (DCT) to frequency domain as
Φ (u, v). Following that, it was processed through a spectral
filter and then inverse DCT transformed. This process can
be expressed as the T {.}operator, i.e.,

T C i; jð Þf g ¼ DCT�1 K
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
u2 þ v2

p� �
Φ u; vð Þ

n o
ð11Þ

DCT−1 is the 2-D inverse DCT. The measure of multi-
spectral images for this study is shown below

H ¼
P

T A i; jð Þf g � T B i; jð Þf gj jP
T A i; jð Þð Þj j ð12Þ

where A (i, j) and B (i, j) represent the original and manip-
ulated images, respectively. It is obvious that the lower the
H values are, the better is the image quality.

Images

For extensive evaluation, we applied the above algorithms to
various medical image modalities: CT (image size of 512×
512 and 12 bits deep), MR (image size of 512×512 for head

and 256×160 for abdomen, all images are 12 bits deep),
and DR images (image size of 2,000×2,000 and 15 bits
deep). Sixty images were chosen for each modality,
totaling 180 images. For CT and MR images, 30 head
images and 30 abdominal images were used. For DR,
30 chests with 30 abdominal images were used. All of
these images were randomly chosen from a PACS sys-
tem from a general hospital in Central Taiwan.

Results

The images were first compressed at ten different CRs
(10~100). Following that, the quality of the reconstructed
images was evaluated using the above five metrics.

The Pixel-Based metrics

The differences between all corresponding image pixels
are the basis for the quality of images in the pixel-based
metrics. The MSE and PSNR were used in this study as
pixel-based image quality indicators. The lower the
MSE and the higher the PSNR values correspond to
images that are close with better image quality.

Fig. 3 Comparison of JJ2000
(broken lines, asterisk) and
Apollo (straight line, square)
image quality for various CRs:
a CT abdominal, b CT head,
c MR abdominal, d MR head,
e DR abdominal, f DR chest
using Q index
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Figure 1 shows the MSE results for three modal-
ities. The lines in this figure show the average MSE
values vs. CRs, respectively. The results of CT ab-
dominal and head images are shown in Fig. 1a and b;
MR abdominal and head images, in Fig. 1c and d; and
DR abdomen and chest images, in Fig. 1e and f, re-
spectively. The line trends are obviously the same for
intra-modalities and different for inter-modalities. The
CT gets a lowest MSE than MR, and DR images are
the highest, as a CR value is set around 50. The
qualities of CT images are better than MR and DR.
There is no difference in the image quality between
JJ2000 and Apollo using MSE except for the MR
abdominal images.

Figure 2 shows the PSNR results for all three mo-
dalities. The trends are obviously the same for these
three modalities. The CT obtained the highest PSNR
followed by the MR head and DR images. The MR
abdominal images have the lowest PSNR as CR value
around 50. The qualities of compressed images using
PSNR are equal to those using MSE. Except for the

MR abdominal images, the image qualities of between
JJ2000 and Apollo are the same.

The Window-Based Metrics

The window-based metrics evaluate image quality from
a local region instead of using pixels because it was
reported that the window approach is more like human
vision than pixels in an image [23]. The Q and MPR
were used in this study as image quality indicators to
indicate how two image correlate. The higher the Q
and the lower the MPR correlate well with better
image quality.

Figures 3 and 4 show the Q and MPR results for
three modalities. The CT head and MR images have
higher Q value as shown in Fig. 3. This means that
these images have higher qualities when compressed at
some CR values (e.g., CR=50). These results are equal
to those using pixel-based metrics. The MPR results
coincide with those of the Q evaluation. The CT head
and MR images have lower MPR values in Figs. 3 and

Fig. 4 Comparison of JJ2000
(broken lines, asterisk) and
Apollo (straight line, square)
image quality for various CRs:
a CT abdominal, b CT head,
c MR abdominal, d MR head,
e DR abdominal, f DR chest
using MPR
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4. Only little differences in image quality could be
found between JJ2000 and Apollo by Q and MPR.

The HVS-Based Metric

Figure 5 shows the image quality evaluation results for
the HVS-based metric. The trends are obviously the
same for all three modalities. The MR abdominal im-
ages get the highest H values when the CR value is set
around 50. The compressed CT image quality is the
best. The average H value lines of JJ2000 and Apollo
obviously interlace. This means that the metric is not
consistent in responding to the CR variation.

Statistical Analysis

Spearman's rank correlation coefficient is used as a
measure of linear relationship between two sets of
ranked data. The measurements of five metrics on two
programs for 180 images are shown in Figs. 1, 2, 3, 4
and 5. The trends of averaged line looked the same but
are distinguishable between these two programs. The

minimum Spearman's rank correlation coefficient (r) is
0.98, and the maximum p value is 0.001 for five met-
rics and three modalities for 30 measurements (six mea-
surements for each figure). The high correlation
coefficients mean that the qualities are indistinguishable
between JJ2000 and Apollo.

Discussion

Image Size

No major differences were found statistically in image
quality measurements between JJ2000 and Apollo using
the above five metrics. The line trends are almost the
same for all 120 DR and CT images and 30 MR head
images, as seen in Figs. 1, 2, 3, 4 and 5. These figures
show that the mean quality values for these two algo-
rithms are almost matched. However, the MR abdomi-
nal images using JJ2000 was always slightly superior to
those images compressed using the Apollo algorithm
for all five metrics, as indicated in Fig. 6.

Fig. 5 Comparison of JJ2000
(broken lines, asterisk) and
Apollo (straight line, square)
image quality for various CRs:
a CT abdominal, b CT head,
c MR abdominal, d MR head,
e DR abdominal, f DR chest
using HVS
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The size of the MR abdomen image is just 256×160,
which is much smaller than the other medical images.
This factor may result in differences between the two
compression algorithms. To verify, a MR head image
was chosen randomly with an area of 256×160 cropped
from this 512×512 image. Following that, this cropped
image was compressed at ten different CRs before
using Apollo and JJ2000, respectively. The image qual-
ities of these compressed images were evaluated using
the five metrics. The results show that JJ2000 is slight-
ly superior to Apollo for all the metrics. This was
consistent with the MR abdominal image results. The
image size is a factor that affects the quality evaluation
results for different image compression algorithms and
may be studied in the future.

The Pixel and Window-Based Metrics

For the metrics, the line trends obviously go the same
for intra-modalities. However, they are different for
inter-modalities, as noted in Figs. 1, 2, 3 and 4. The
line trend directions for pixel-based metrics, MSE and

PSNR, are different, but they have same pattern, as
shown in Figs. 1 and 2. This effect occurs also for
window-based metrics, Q and MPR, as indicated in
Figs. 3 and 4. Images with equal modality show the
same trends and metrics with equal bases showing the
same patterns. Both MSE and PSNR measure closeness,
and both Q and MPR estimate correlation. The trend
directions are opposite, but the pattern is the same.
Using either MSE or PSNR is equally for pixel-based
metrics. For window-based metrics, Q and MPR both
perform the same.

Modalities

CT, MR, and DR medical images are formed using
various imaging means. Both CT and DR are produced
using X-rays. However, a CT image is created by re-
construction, filtering multifarious processes to produce
a tomographic image, and DR is only a projection of
the total attenuation coefficient along the line of radia-
tion. The pixel value of a MR image has only relative inten-
sity. For each modality, the average quality evaluation lines

Fig. 6 Comparison of image
quality for JJ2000 (broken
lines, asterisk) with Apollo
(straight line, square) for MR
abdominal images in various
CRs using a MSE, b PSNR,
c Q index, d MPR, e HVS
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obviously follow the same trends corresponding to each met-
ric, respectively. This dependency is more apparent for pixel-
based metrics, as noted in Figs. 1 and 2, and moderate for
window-based metrics, as shown in Figs. 3 and 4. Histograms
of pixel values can be produced if all of the image gray levels
are arranged into bins. We chose six images from these mo-
dalities, one for each, and sorted these values to produce
histograms. There are three groups that can be found appar-
ently in these gray level histograms for modalities. Most CT
pixel values are around 900~1,500. MR values are lower than
500, and DR spreads from approximately 4,000 to 15,000.
The trend may result from these different gray level
distributions.

Conclusions

These two JPEG2000-coded medical image compression
algorithms are different in interface, convenience, speed of
computation, and a number of coding options. However, the
image qualities of Apollo and JJ2000 are statistically indis-
tinguishable for medical image compression.

The differences in image quality under a metric between
two programs may also be calculated using Spearman rank
correlation coefficients. We found that the image quality is
indistinguishable between JJ2000 and Apollo for all images
evaluated using the above five metrics (r>0.98, p<0.001). It
can be concluded that the quality is statistically equivalent
for the JJ2000 and Apollo medical image compression al-
gorithms coded in JPEG2000 with options.
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