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Evaluation of JPEG 2000 Encoder Options: Human
and Model Observer Detection of Variable Signals

in X-Ray Coronary Angiograms
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Abstract—Previous studies have evaluated the effect of the new
still image compression standard JPEG 2000 using nontask based
image quality metrics, i.e., peak-signal-to-noise-ratio (PSNR)
for nonmedical images. In this paper, the effect of JPEG 2000
encoder options was investigated using the performance of human
and model observers (nonprewhitening matched filter with an
eye filter, square-window Hotelling, Laguerre-Gauss Hotelling
and channelized Hotelling model observer) for clinically relevant
visual tasks. Two tasks were investigated: the signal known exactly
but variable task (SKEV) and the signal known statistically task
(SKS). Test images consisted of real X-ray coronary angiograms
with simulated filling defects (signals) inserted in one of the four
simulated arteries. The signals varied in size and shape. Experi-
mental results indicated that the dependence of task performance
on the JPEG 2000 encoder options was similar for all model
and human observers. Model observer performance in the more
tractable and computationally economic SKEV task can be used
to reliably estimate performance in the complex but clinically
more realistic SKS task. JPEG 2000 encoder settings different
from the default ones resulted in greatly improved model and
human observer performance in the studied clinically relevant
visual tasks using real angiography backgrounds.

Index Terms—Filling defect (signal), JPEG 2000, model ob-
server, SKEV/SKS task.

I. INTRODUCTION

ANGIOGRAMS constitute one of the most important
data sources for cardiovascular radiology. Conventional

angiograms are stored on film (hard copy) and take about
30 min to develop after each procedure [1]. A digital video
record of the angiogram generated during the procedure enables
clinicians to quickly review the data and perform a diagnosis
without waiting for the film to be developed. Digital image data
has the further advantage of being suitable for multiuser access,
image retrieval, network transmission and image-manipulations
as well as computer analysis [1]–[4].

However, one of the practical limitations in the storage and
transmission of digital angiograms is the excessive size of patient
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images. An individual cardiac catheterization procedure can
occupy up to 1 Gigabyte [5]. Long term storage requirements are
challenging because of the number of patients performed in one
year. For example, a typical four procedure room catheterization
laboratory can perform approximately 3000–4000 procedures
a year. The shelf life of image sequences is long for children’s
catheterization procedures which must be stored until they reach
21 years of age and adult cine angiograms must be stored for 7
years after the procedure [6]. Moreover, very high data transfer
rates for display are required for dynamic display of image se-
quences. A raw video stream tends to be quite demanding when
it comes to storage requirements, and demand for network ca-
pacity when being transferred between computers. For example,
a simple patient digital angiogram video typically requires 7.5
Mbytes/sec for 512 512 8-bit resolution at 30 frames/sec,
resulting in 0.25 Mbytes/frame [3]. These large data volumes
can quickly fill available storage media and are cumbersome
to transfer between sites over communications links on which
data rates are limited.

The storage and transmission problems that arise due to
the large volume of digital angiograms can be significantly
mitigated by the use of image compression techniques. Before
being stored or transferred, the raw stream can be transformed
to a representation using compression. Researchers have
investigated the effect of compression algorithms including the
first still image compression standard JPEG and some wavelet
based algorithms for X-ray coronary angiograms [6]–[10]. A
new still image compression standard, the JPEG 2000, was
developed recently [11]. By taking advantage of new technolo-
gies, JPEG 2000 provides a wide range of functionalities for
many high-end and emerging applications, such as medical
imagery, remote sensing, mobile application, and digital library.
The JPEG 2000 standard offers a number of encoder options
that directly affect the coding results. Rabbani and Joshi [12]
compared some of the JPEG 2000 encoder options using the
test images “bike,” “cafe,” and “woman” which were chosen
from the JPEG 2000 test set. Santa-Cruz et al. [13] evaluated
and assessed JPEG 2000 performance from various points of
view, such as compression efficiency, complexity and the set
of supported functionalities. They also used the images from
the official JPEG 2000 test set. The metric of image quality
used in [12], [13] was the peak signal to noise ratio (PSNR)
which is a monotonic transformation of the root mean square
error (RMSE) between the original image and the image that
underwent compression. When the images are for medical
use, the image quality can be defined objectively in terms of
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Fig. 1. General block diagram of the JPEG 2000 encoder.

diagnostic task performance [14]. If the diagnostic procedure
involves physicians visually scrutinizing images, then image
quality can be defined in terms of human visual performance
in the clinically relevant tasks.

In this context, one option to evaluate the effect of the encoder
options is to conduct human observer psychophysical studies.
However, such studies become overwhelming when the study
parameter set is large since the number of images required in-
creases geometrically as a function of the number of parame-
ters. This problem can be potentially overcome by employing a
computer model observer that can reflect the human visual de-
tection degradation in the compressed medical images for any
arbitrary compression algorithm and compression ratio. Model
observers attempt to predict human performance in visual detec-
tion tasks [9], [14]–[17]. Specially model observers have been
used with computer generated signals embedded in real patient
backgrounds [18] to automatically evaluate and optimize JPEG
lossy image compression algorithms [9], [10], [19]. It might be
argued that the simulated signals are an over simplification of
the real complex signals in real clinical images. However, the
signal simulation approach assumes that the human observers’
visual and cognitive processes mediating the detection of the
simpler simulated signals are the same as those mediating the
detection of the more complex real signals. This hypothesis has
been supported by previous findings. Eigler et al. [20] found
that image processing improving nonphysician observers’ per-
formance on detecting simulated signals embedded in X-ray
coronary angiograms led to improved physicians’ performance
with real lesions.

In this paper, we use the performance of model observer to
evaluate the JPEG 2000 encoder options’ influence on a signal
detection task for X-ray coronary angiograms. In particular, we
are interested in determining whether encoder options different
from the default ones which maximize peak signal to noise ratio
(PSNR) lead to better human and model observer task based
performance. Furthermore, we are interested in determining
whether rank order of encoder settings based on human/model
observer performance is invariant with compression ratios.

Previous studies have investigated model observer perfor-
mance for tasks in which the signal is known to the observer and
does not vary from trial to trial (signal known exactly, SKE [9],
[14], [19], [21]). The SKE task has been extensively studied be-
cause it allows for easy design of human psychophysical studies
and for computationally simple model observer predictions [9],
[14], [17], [21]. The SKE task is simple but not representative
of the array of possible signals that could be present in medical
images in the clinical scenario in which signals vary in size and
shape across images. In addition, the physician does not know a

priori the shape and size of the signal to appear in an image. For
this reason we investigate two tasks that attempt to overcome
the shortcomings of the SKE task. We first use the signal known
exactly but variable task (SKEV) in which the signal varies
in shape and size across trials and is known to the observer.
The SKEV task overcomes the lack of signal variability in the
SKE task. The SKEV task however, is not realistic in that the
observer is informed about which particular signal is present
on each trial. A more general and clinically realistic task is
one in which the signal varies across trials and the observer
is not informed about the particular signal presented on each
trial. Instead the observer knows that the presented signal will
be sampled from a known pool of signals, i.e., the signal is
known statistically. The signal known statistically (SKS) task
is closer to the real clinical task. The disadvantage is that
SKS task is computationally expensive precluding extensive
investigation of the parameter space (see Section III-E for the
SKS task computation and parameter estimation). Therefore,
one important question is whether human and model observer
performance in the computationally more tractable SKEV task
can be used as a figure of merit to estimate performance in
the more clinically realistic SKS task. Prior to the description
of the model observers and human psychophysical tasks, we
briefly describe the JPEG 2000 standard.

II. THE JPEG 2000 CODING ENGINE

JPEG 2000 provides a set of encoder options to support the
coding functions from preprocessing to coding sections. Each
encoder option can be set with different parameters. In the
following, an encoder setting denotes a combination of encoder
options used in a particular compression session. Currently,
two implementations of JPEG 2000 are available. One is a Java
implementation by the JJ2000 group [22] consisting of Canon
Research France, Ericsson and EPFL (http://jj2000.epfl.ch).
The other is a C implementation by Image Power and Uni-
versity of British Columbia [23], which is called Jasper
(http://www.ece.uvic.ca/ mdadams/jasper). In this paper we used
the latter implementation. Fig. 1 shows the general block diagram
of the JPEG 2000 encoder. Next, we describe each encoder step
and the related encoder options provided by Jasper.

A. Preprocessing

The JPEG 2000 algorithm starts with a preprocessing stage
which includes: component decomposition, tiling, DC shifting,
and inter-component transform to decorrelate the color data
[24]. The most important feature in this stage is tiling. Tiling
partitions the input image into rectangular and nonoverlapping
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Fig. 2. Left: Tiling, Right: DWT on each tile.

tiles of equal size (except possibly for those tiles at the image
borders). Each tile is compressed independently using its own
set of specified compression parameters, as though it was
entirely distinct image (Fig. 2). Note that all of the following
operations, wavelet transform, quantization and coding are
performed independently on the tiles.

1) Preprocessing Encoder Options:
a) Tilesize: The encoding option, and

, sets the nominal tile width and height to
and respectively.

b) Nomct: Disallows the use of any multicomponent
transform. In our case, the image is 8-bit grey level so it is
unnecessary to evaluate this option later on.

B. The Discrete Wavelet Transform (DWT)

Following the preprocessing stage, DWT is applied.
1) DWT: The DWT can be irreversible or reversible. The re-

versible transform is implemented by means of the Daubechies
5-tap/3-tap filter. The irreversible transform is implemented by
means of the Daubechies 9-tap/7-tap filter [25]. For the coeffi-
cients of the filters, please refer to [11]. The wavelet transform
is applied on each tile. Each wavelet transform yields four sub-
bands: horizontally and vertically lowpass (LL), horizontally
lowpass and vertically highpass (LH), horizontally highpass and
vertically lowpass (HL), horizontally and vertically highpass
(HH). Fig. 2(b) shows a 3-level DWT decomposition. DWT de-
composition provides a natural solution for the multiresolution
requirement.

2) DWT Encoder Options:
a) : can be set to “int” (default) or “real.”

The choice of mode determines which multicomponent and
wavelet transforms (if any) are employed. In integer (“int”)
mode, all transforms employed are integer to integer [e.g.,
reversible color transform (RCT), 5/3 DWT]. In real mode,
real to real transforms are employed ]e.g., irreversible color
transform (ICT), 9/7 DWT].

b) : The argument corresponds to the
resolution levels which must be an integer greater than or equal
to one. The default value is 6.

c) : The number of guard bits is set to .
Guard bits is used to avoid the overflow of the subband value
[12].

C. Quantization

After DWT transformation, all coefficients are quantized.
Scalar quantization is used in Part I of the standard. Quan-
tization is the process by which the coefficients are reduced
in precision. This operation is lossy, unless the quantization
step is 1 and the coefficients are integers, as produced by the
reversible integer 5/3 wavelet. Following is the kernel of the
compression algorithm, the coding stage.

D. Coding

The coding stage includes two steps: Tier-1 coding also called
arithmetic coding and Tier-2 coding also called bit-stream
coding. All the complexity of coding is concentrated in Tier-1
which generates embedded block bit-streams. Tier-2 plays a
vital role in efficiently representing the individually coded
blocks in a full featured bit-stream.

1) Tier-1 Encoder: The quantizer indexes for each subband
are partitioned into codeblocks. The nominal dimensions of
a codeblock are free parameters specified by the encoder but
are subject to the following constraints: a) they must be an
integer power of two and the total number of coefficients in a
codeblock can not exceed 4096; b) the height of the codeblock
cannot be less than 4. An embedded code stream is produced
for each block independently using bit-plane coding. There
are three coding passes: significant pass, refinement pass and
cleanup pass per bit plane. Each coding pass is associated with
a particular component, resolution level, subband, and code
block. The output of tier-1 encoding pass is a collection of
coding passes for the various code blocks.

2) Tier-2 Encoder: The input of the tier-2 encoding process
is the set of bit-plane coding passes generated during tier-1 en-
coding. Code blocks are grouped into precincts as shown in
Fig. 2(b). JPEG 2000 organizes the compressed data from the
code blocks into units known as packets and layers during the
tier-2 coding step. One packet is generated for each component,
resolution level, layer and precinct. More than one ordering of
packets in the code stream is supported. Such orderings are
called progressions. The default one is layer-resolution-compo-
nent-position. The resulting packets are then output to the final
code stream.
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TABLE I
PARAMETER RANGE AND THE DEFAULT VALUES OF SEVERAL ENCODER OPTIONS

* upper limit depends on the particular application
† n is an unsigned integer

3) Related Encoder Options:
a) Codeblock Size: and

set the codeblock size. The argument and must be an integer
power of two. The default value is 64 64.

b) Prcsize: and set the
precinct width and height respectively and and must be an
integer power of two. The default value is 32 768.

c) Miscellaneous Options: lazy mode allows the compu-
tational complexity of bit-plane coding to be significantly re-
duced, by decreasing the number of symbols that must be arith-
metically coded. This comes at the cost of coding efficiency
[26]; vcausal uses vertically stripe causal contexts. This option
is aimed at enabling the parallel decoding of the coding passes
as well as reducing the external memory utilization [12]; termall
terminates all coding passes, thus, it facilitates improved error
resilience at the expense of decreased coding efficiency; pterm
uses predictable termination; resetprob resets the probability
models after each coding pass; sop generates SOP marker seg-
ments; eph generates EPH marker segments, and segsym uses
segmentation symbols, etc.

Table I summarizes the main encoder parameters and their
default settings.

III. MODEL OBSERVERS

Model observers are proposed on the premise that they can
predict the performance of human observers for a given visual
detection task. There are numbers of models of human visual
detection in noise that generate explicit predictions about the
detectability of a signal embedded in a noisy background [17],
[21], [27]–[30]. The most commonly used models are the non-
prewhitening matched filter observer with an eye filter (NPWE)
[31], [32], the Hotelling observer (HO) [14], [17], [30], the
channelized Hotelling observer (CHO) [14], [17], [30], [33],
[34], and the Laguerre-Gauss Hotelling observer (LGHO) [35],
etc.

The general form for all these linear models is the inner (or
dot) product between a template and the data at each of the pos-
sible signal locations. The model then selects the location asso-
ciated with the maximum scalar response. For the case where
there are many possible signals (SKEV, SKS) the models use
different templates for each signal. The models’ responses for
an SKEV task can be expressed in the matrix formulation [14]
as

(1)

where is the scalar response of the model at the location
using the th template. is an two-dimensional (2-D)

TABLE II
EYE FILTER PARAMETERS USED BY PREVIOUS AND CURRENT STUDIES

template represented by an 1 column vector. The subscript
refers to the th template corresponding to the th signal being

present on that trial or image. The superscript refers to trans-
pose. The vector is the data at the th location represented in
a column vector format.

A. NPWE Model Observer

The NPWE model uses information about the signal but takes
into account the human visual sensitivity to different spatial
frequencies. The template corresponding to the th signal is
obtained by filtering templates matching the signals with the
square of the contrast sensitivity function (CSF). This can be
achieved by multiplying in the Fourier domain the th signal
and the eye filter [31], [32], [36]

(2)

where is the eye filter in the Fourier domain and is the
signal in the Fourier domain. The spatial domain template
can be obtained by using an inverse Fourier transform of .

The eye filter used for the NPWE model is given by

(3)

where is the radial spatial frequency in cycles per
degree. In this paper we used an eye filter with parameters close
to that used by Burgess [32]. Also note that the eye filter in this
paper departs from a previously used eye filter based on con-
trast matching experiments [37].1 This latter eye filter had been
successfully used in previous work studying SKE task perfor-
mance [9]. Table II shows the parameters used previously [32],
[37] and in this paper. The one-dimensional (1-D) eye filters
with different parameters are shown in Fig. 3.

B. Hotelling Observer

The Hotelling observer (HO) uses information about the
signal and the spatial correlation of the noise to derive its
corresponding templates. In the absence of internal noise and

1With parameters used in [37], the NPWE model observer results in much
lower detection performance than the human observer.
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Fig. 3. One-dimensional eye filters with different parameters.

assuming an invertible image covariance matrix, the Hotelling-
observer template is given by

(4)

where is the image covariance matrix, is the mean
signal plus background, and is the mean background. One
potential problem in the evaluation of the Hotelling model is
the inversion of the covariance matrix in (4). If the image is
large then the covariance will require a large number of samples
to be inverted. There have been two solutions in the literature
[18], [35]. The first solution is to constrain the covariance ma-
trix to a square region around the possible signal locations [18].
In the current study, 30 30 pixel regions were selected con-
sidering the largest signal size is 10 25. The second approach
uses a set of functions to extract some main features from the
images, such as Laguerre-Gauss polynomials [18], [35], [38],

. The channels are ex-

pressed in polar coordinates with origin at the signal location

(5)

where , and de-
note the center of the signal, and and are used to deter-
mine the orientation of the channels. For our implementation
we used up to the 6th order of the Laguerre-Gauss polynomials
and three orientations: vertically oriented ( ), hor-
izontally oriented ( ), or rotationally invariant
( ) resulting in a total of 18 channels. The use of
oriented channels is due to the fact that our signals are oriented.
Note that the Laguerre-Gauss channels are not intended to re-
flect a feature extraction stage in the human visual system but
are solely used to mitigate the computational problems of calcu-
lating the Hotelling template for a limited number of samples.
We then used the channel response covariance matrix rather than
the pixel covariance matrix (Hotelling observer) to get the tem-
plate for LGHO.

The best linear template that can be obtained from the channel
weights and the channel profiles is calculated as in [19], [35]

(6)

where is the channel profile defined in (5), is a vector
containing the optimal linear weights for each of the channels
and defined by [15], [33], [39]

(7)

where is an matrix describing the covariance of the
output of the channels to the images. For our particular imple-
mentation the covariance matrix consists of an 18 18 matrix.
The vector contains the mean signal plus backgrounds as
seen by each channel. For each of the 184 signals, 400 additional
samples were created to estimate . Estimation of
was based on 2700 samples. Thus, a total of
test locations were used for the LGHO model to estimate the
best linear weights. There might be alternative approaches to re-
duce the computation time but these were not investigated here.

C. Channelized Hotelling Observer

Unlike the LGHO, the CHO does use a set of channels that
are intended to reflect a preprocessing stage in the human visual
system. The set of channels reduce the amount of information
available to the model [33]. The channelized Gabor Hotelling
template is the best template that can result from a linear com-
bination of the spatial frequency and orientation channels that
supposedly reflect the response of neurons in the primary visual
cortex [9], [15], [18]. The Gabor channels are given by

(8)

where is the spatial frequency, is the orientation, is the
width and is the phase.

In this study we used an 80-channel model with 5 spatial fre-
quencies (central frequencies, 16, 8, 4, 2, and 1 cycle per de-
gree), 8 orientations (equally spaced), and two phases (odd, 0
and even, ). The spatial frequency bandwidth of the chan-
nels was approximately 1 octave. The template calculation for
CHO is similar to that for LGHO as described in Section III-B.

D. Calculation of the Performance for Models in SKEV Tasks

The most general way to measure performance in a multiple
alternative forced choice (MAFC) task is to compute the proba-
bility of correct outcome in each trial [37], [38]. A correct out-
come occurs when the response of the th template to the signal
location exceeds the maximum response to the noise only loca-
tion.

This can be mathematically expressed as

if
if

(9)

where is the total number of trials, is the outcome in trial
, is the template response in trial to the signal present

location, and is the template response in trial to the noise
locations. is the percent of tasks in which the model correctly
identifies the signal location.



618 IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 23, NO. 5, MAY 2004

E. Calculation of the Performance for Models in SKS Tasks

SKS tasks are different from the SKEV tasks in that the
models do not know a priori the signal type presented in the
trial. Therefore, SKS tasks require computing a dot product be-
tween a template corresponding to each possibly present signal
and the data at each location [40], [41] as expressed by (1).
The result of this first linear stage of SKS models consists of
scalar responses (one per template) per location or alternative.
The second stage in the SKS model requires combining the
scalar responses per location into a single scalar response that
can then be used as a decision variable to choose the signal
location. Here, we use the sum of likelihood rule to combine
information across the different scalar outputs [42]. We assume
that the internal response of each template/filter is Gaussian
distributed. On each trial, the likelihood of the filter response
( ) is calculated given that any one of the signal is present at the
th location and is not present at the remaining locations. The

model selects the location with the highest sum of likelihoods
( ). The expression for the sum of likelihood is given by [42]

(10)

where the summation is over all possible signal types, is
the expected response of the th template to the th signal type,

is the expected response of the template to the th signal
absent locations, is the standard deviation of the response of
the template, is the total number of locations and is
the Kronecker delta which takes a value of 1 for and 0
otherwise. The exponent allows computing the prob-
ability of the signal being absent at all but the location (when

then ) where the probability of the signal
being present is being computed.

Performance for the model observers in the SKS task can be
mathematically expressed as

if
if

(11)

where is the sum of likelihood as in (10) at the signal location
in trial and is the maximum of the likelihoods at the
signal absent locations.

IV. GENERATION OF TEST IMAGES AND

PERFORMANCE MEASUREMENT

A. Backgrounds

The clinical digital coronary angiograms were acquired
at 30 frames/s with a 7-in image intensifier field size (Ad-
vantx/DXC, General Electric Medical Systems). The parameters
used in the image acquisition were a standard exposure control at
0.3 and extended dynamic range enabled video
circuitry. The images were digitized with a linear analog ampli-

fication and lookup table to achieve a 512 512 pixel matrix
with a resolution of 0.3 mm/pixel and 256 gray levels. A total of
541 images extracted from 50 different image sequences of 17
different patients were used as the backgrounds. These patients
were a random sample from a large pool of patients getting an
X-ray coronary angiogram at the Catherization Laboratory with
no regard to the patients’ state of disease.

B. Generation of Simulated Arteries and Signals

The simulation of arteries attempts to mimic the image gener-
ation process of X-ray coronary angiograms [43]. This method
has been validated using phantom studies [43]. First, we model
the attenuation of the X-rays as a function of path length through
the contrast filled vessel. Second, we model the imaging system
blur (focal spot and image intensifier distortion) as a spatial con-
volution of the simulated artery with a 2-D isotropic Gaussian
point spread function. Finally, we estimate the scattering and
veiling glare and correct the image based on the convolution
technique of Love and Kruger [44]. For our test images the pro-
jected simulated arteries are three–dimensional right circular
cylinders with a diameter of 12 pixels (3.6 mm). The arteries
also include a sinusoidally modulated narrowing in diameter to-
ward the center (minimum diameter of 8 pixels and a length of
50 pixels). The attenuation coefficient was set to 0.16/mm to
produce simulated arteries with the same projected intensity as
real angiogram coronary arteries of the same diameter.

The signals were projected ellipsoids with the vertical axis
ranging from 3 to 25 pixels and the horizontal axis ranging
from 3 to 10 pixels. This resulted in a total of 184 possible
signals. The average signal contrast calculated from all of the
900 test images was 0.17, where signal contrast is defined as:
(peak signal luminance—background luminance)/ background
luminance.

C. Inserting the Arteries to the Real Background

We generated four simulated arteries projected 32 pixels apart
as a group into 512 512 pixel backgrounds which were ex-
tracted from real patient digital X-ray coronary angiograms. To
embed a simulated object into a real angiogram, we assumed
that the original image can be decomposed into a primary image
due to the primary beam and a secondary image due to scattered
rays. We first subtracted an estimate of the secondary from the
original image, then attenuated the remaining estimated primary
corresponding to the simulated artery, and then added back the
secondary image. Note that more than one group of arteries may
be inserted into one 512 512 backgrounds. Then those images
were compressed/uncompressed. Following this, we extracted
256 256 test images centered on each group of inserted ar-
teries from the 512 512 images. The final test set consisted
of a total of 900 test images with 256 256 pixel size for each
compression condition. Fig. 4 shows samples of test images with
additional white arrows indicating the signal present location.

D. Task

For each test image, model and human observers identify the
artery containing the signal out of the four arteries. This task is
known as four alternative forced choices, 4 AFC.



ZHANG et al.: EVALUATION OF JPEG 2000 ENCODER OPTIONS 619

Fig. 4. Samples of test images. White arrows indicate the signal location.

Fig. 5. The relationship between Pc and d for 4AFC and 2AFC tasks.

E. to

Percent correct ( ) can be then converted to an empirically
obtained index of detectability ( ) by generating a look up table
for versus the index of detectability from the following rela-
tionship [42]:

(12)

where , is the cumulative
Gaussian distribution function, , is
the number of possible signal location in the experiment and

is the index of detectability. The advantage of using is
that it does not depend on the number of possible locations in
the tasks [45], [46]. For example as shown in Fig. 5,
corresponds to an 80% correct for a 2AFC task. For the same

, the percent correct is 62% for a 4AFC task.

V. MODEL OBSERVER PERFORMANCE EVALUATION

In this section, we evaluated the JPEG 2000 encoder options
using model observers. We first compare performance of four
model observers (NPWE, HO, CHO, LGHO) in the SKEV task
as a function of image compression ratio with three different
JPEG 2000 encoder settings. Following, given that we obtained

similar dependence for all model observer performance for an
SKEV task, we use the NPWE model observer to extensively
investigate the JPEG 2000 encoder option parameter space.

A. Performance Comparison of NPWE, HO, CHO and LGHO

Fig. 6 shows performance ( ) for the four model observers
as a function of 6 compression ratios. Each graph corresponds
to a particular JPEG 2000 encoder setting: default (left graph),

(middle graph), and
(right graph). The results show that although small differ-

ences exist, for the present task the NPWE results in similar
trends as a function of compression ratio to the other model ob-
servers. Based on these and past results [19], the NPWE model
observer is selected to extensively investigate the JPEG 2000
encoder options.

B. NPWE Performance for JPEG 2000 Encoder Options

We evaluated NPWE performance on the SKEV task for the
following JPEG 2000 encoder options: tilesize, mode, numrlvls,
numgbits, codeblock size, prcsize, and a set of miscellaneous
options.

1) Tilesize: In our experiment, we selected the same value
for tilewidth and tileheight and we used tilesize to represent that
value. Fig. 7(a) shows the NPWE model observer performance
for different tilesizes at a compression ratio of 15:1. Tilesizes
begin from 32 and increase by 2 till 512. We found that NPWE
performance reaches its local peak values (roughly larger
than 1.8) when the tile size is within the ranges of [88, 92],
[108, 114], [148, 152], [216, 240], and [436, 484]. Fig. 7(b) is
the NPWE performance for the following five compression ra-
tios: 7:1, 10:1, 15:1, 20:1 and 30:1. The tilesizes evaluated are
36 sampled (not equally spaced) values between 32 and 512.
NPWE performance curves result in similar shape for different
compression ratios.

We then define the performance improvement (PI) percentage
as

(13)

where denotes the detectability obtained using JPEG 2000
encoder parameters other than the default ones and de-
notes detectability using the default encoder setting. Table III
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Fig. 6. Performance comparison of NPWE, HO, CHO, LGHO on an SKEV task. From left to right: default; mode = real; tilewidth = 470, and
tileheight = 470.

Fig. 7. NPWE model observer performance (d ) in an SKEV task as a function of tile sizes: (a) densely sampled tilesizes at compression ratio 15:1 (b): roughly
sampled tilesizes for 5 compression ratios: 7:1, 10;1, 15:1, 20:1, and 30:1.

summarizes the performance improvement based on the 36 tile-
sizes evaluated. For each compression ratio, the highest perfor-
mance improvement occurred at different tilesizes which were
highlighted in Table III. The maximum NPWE performance for
different compression ratios occurs at different tilesizes. The
higher the compression ratio is, the worse the performance with
small tilesizes (i. e. 32 and 64).

2) Mode: Fig. 8 shows the NPWE performance comparison
between int (default) and real mode for the SKEV task. Results
demonstrate that NPWE performance for images compressed
with the real mode consistently exceeds that for images com-
pressed with the int mode.2

3) Number of Resolution Levels: Figs. 9 and 10 show the
NPWE performance on the SKEV task for images compressed
with different resolution levels for four tilesizes: 128, 256, 470,

2However, it should be noted that the int mode can also perform lossless com-
pression. Thus, for a particular task, when the compression ratio is around 2:1
to 3:1, integer mode would result in better NPWE performance.

TABLE III
PERFORMANCE IMPROVEMENT FOR DIFFERENT TILESIZES

512 (from left to right) using the 5/3 DWT (int mode) and 9/7
DWT (real mode). The results show that the NPWE perfor-
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Fig. 8. NPWE model performance (d ) for real and integer (default) mode for 4 tile sizes (left to right: 128, 256, 470, and 512).

Fig. 9. NPWE model observer performance (d ) for encode option number of resolution levels with int mode for four tile sizes (from left to right: 128, 256, 470,
and 512).

Fig. 10. NPWE model observer performance (d ) for encode option number of resolution levels with real mode for four tile sizes (from left to right: 128, 256,
470, and 512).

mance increases from 1 to 3 resolution levels but then remains
approximately constant from 4 to 8 resolution levels for all four
tilesizes. An exception was obtained at tilesize 128. In addition,
the value of 2 for the number of resolution levels leads to im-
proved NPWE performance at compression ratios of 7:1 and
10:1, and a value of 3 leads to improved NPWE performance
at compression ratio 30:1.

4) Number of Guard Bits: Fig. 11 shows that the number of
guard bits ranging from 1 to 4 does not have much effect on
the NPWE model performance in our SKEV task with all four
evaluated tile-sizes.

5) Code-Block Size: We evaluated the code block sizes
of 128 8, 8 128, 128 32, 32 128, 64 64, 64 32,
32 64, 32 32, 16 16, and 8 8. Fig. 12 shows that there
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Fig. 11. NPWE model observer performance (d ) for encode option number of guard bits for four tile sizes (from left to right: 128, 256, 470, and 512). All
conditions are superimposed.

Fig. 12. NPWE model observer performance (d ) for the encoder option Code-block size for four tile sizes (from left to right: 128, 256, 470, and 512).

Fig. 13. NPWE model observer performance (d ) for the encoder option precinct size for four tile sizes (from left to right: 128, 256, 470, and 512).

is little difference in NPWE performance with code block sizes
except for the small code block size 8 8 which results in
significant degradation (bottom curve in Fig. 12).

6) Prcsize: Fig. 13 shows that except for the prcsize 32 32
there is not much performance difference among the selected
prcsizes: default, 512 256, 256 512, 256 256, 128 128,
and 64 64.

7) Miscellaneous Options: Fig. 14 summarizes the NPWE
performance for the following coding options: lazy, vcausal,
termall, pterm, resetprob, sop, eph, and segsym (see [12] for the

details on these parameters). The NPWE model observer perfor-
mance in the SKEV task for these options is approximately the
same as the default one. Thus, users can choose these options
freely according to their application requirements.

C. NPWE Performance: SKEV Versus SKS

In the previous section, we evaluated NPWE model observer
performance for different JPEG 2000 encoder options in
an SKEV task. One may ask whether similar performance
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Fig. 14. NPWE model observer performance (d ) for miscellaneous encoder options for four tile sizes (from left to right: 128, 256, 470, and 512).

dependence on encoder options would be obtained for the more
general SKS task. In this section, we select several encoding
options to compare the NPWE performance for both SKEV
and SKS tasks.

Fig. 15(a)–(e) shows NPWE performance for the SKEV and
SKS tasks with different encoder option manipulations: the
number of resolution levels (a), the effect of tile size for the
real mode (b), and the int mode (c), the effect of code block
sizes for (d), and (e). NPWE
model observer performance follows the same trends for both
the SKEV and SKS tasks. The performance in the SKS task
is lower than that in the SKEV task. This is expected from
the theory of signal detectability given that uncertainty about
relevant parameters of the signal to be detected will degrade
performance [47]. More importantly, a comparison between the
SKEV and SKS model performance shows that even though
there are quantitative differences, the performance rank order
of encoder option conditions is always preserved across tasks.
For example, tilesize 470 results in better NPWE performance
than tilesize 128 for both the SKEV and SKS task. Real mode
leads to improved NPWE performance for both SKEV and
SKS tasks.

VI. HUMAN PSYCHOPHYSICAL STUDIES

In the previous sections we have evaluated the effect of dif-
ferent parameters of JPEG 2000 encoder options on a specific
model observer performance (NPWE). In this section, human
observer performance is obtained for a number of encoder
settings.

A. Psychophysical Experiments

The human observer task was the same as that given to the
model observer: to detect the signal at one of four simulated
arteries (4 AFC). Images were displayed on an image systems
M17LMAX monochrome monitor with a maximum resolution
of 1664 1280 pixels (Image Systems, Minnetonka, MN). The
luminance versus gray level relationship was set according to
the DICOM standards and controlled by a DOME board. The
maximum luminance was set to be around 120 and the
minimum luminance was set to be around 0.00 . Exper-
iments were conducted in a darkened room. Observers viewed

the images binocularly from a distance of 40 cm and had unlim-
ited time to reach a decision.

Signals varied in size and shape across trials (SKEV, SKS).
On each trial in the SKEV task a high contrast copy of the signal
was shown at the bottom of the test image to inform the observer
about the size and shape of the signal. In the SKS task no infor-
mation about the signal presented except observers knew that
the presented signal would be one from the pool of 184 signals.
When a decision was reached the observer placed the cursor near
the location of the signal and clicked the mouse key to indicate
their choice for that trial.

Four nonphysician trained observers participated in the ex-
periment. Observers were first trained in 1 session of 100 trials
for each experimental condition and then participated in 9 ses-
sions of 100 trials per compression condition. Different condi-
tions consisted of different encoder settings. On each trial an
image was randomly sampled from the same 900 test image-set
used to compute model observer performance.

We tested two sets of conditions: One set included the uncom-
pressed images (compression ratio 1:1) and the default encoder
setting with five compression ratios: 7:1, 10:1, 15:1, 20:1, and
30:1. The second set of conditions included manipulations of the
encoder options: code block size, number of resolution levels,
mode and tile size. Most of them are under compression ratio
20:1. The order of the conditions was randomized.

Human performance ( ) was determined by calculating the
proportion of trials in which the observer correctly localized the
signal. An index of detectability ( ) was then calculated from

using (12).

B. Results

1) Effect of Compression Ratio With Default Encoder
Setting for SKEV and SKS Tasks: Fig. 16 shows the average
human and NPWE performance ( ) as a function of image
compression ratio using the default JPEG 2000 encoder setting
in both SKEV and SKS tasks (the performances of four
individual human observer, YZ, BP, LF, and KF, are shown
in Appendix I). NPWE and human observer performance
degraded with increasing compression ratios. Our results
show a good agreement of the dependence of performance
on compression ratio between humans and the NPWE model
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Fig. 15. SKEV versus SKS for the encoder parameter number of resolution level (a), real mode (b), int mode (c), and code block size (d, e).

for both the SKEV and SKS tasks. Error bars represent the
standard error of the mean.

2) Multiple Encoder Options: Fig. 17 shows that perfor-
mance for all four model observers (NPWE, CHO, LGHO, HO)
is similar. Thus, we only show NPWE performance for com-
parison with the human observer performance in the following
figures. Fig. 18 shows the average human (see Appendix II for
the results of each of the four individual observers) and NPWE
performance as a function of different encoder options: code
block size, number of resolution levels, mode and tile size in
the SKEV (the first row) and the SKS (the second row) tasks.

a) Code Block Size: The first column of Fig. 18 shows the
results of different code block sizes. Performance for both the
NPWE and human observers is not sensitive to the four different
code block sizes evaluated for both the SKEV and SKS tasks.

b) Number of Resolution Levels: The second column of
Fig. 18 shows the results of varying the number of resolution
levels. Average human performance is better for 6 and 8 levels of
resolution than that for 2 levels of resolution. In addition, there
is no significant difference between human performance for 6
and 8 levels of resolution. The results agree quite well with the
NPWE model observer performance.



ZHANG et al.: EVALUATION OF JPEG 2000 ENCODER OPTIONS 625

Fig. 16. Human observer versus NPWE model observer performance on default encoder setting for the SKEV(left) and SKS task(right).

Fig. 17. Model observer performance for SKEV tasks: Column 1: different code block size; Column 2: different resolution level; Column 3: different mode;
Column 4: different tile-size.

c) Mode: The third column of Fig. 18 shows the results
of the different modes. Both average human observer and
NPWE performance is higher for images compressed with the
real mode than the int mode.

d) Tile Size: The fourth column of Fig. 18 shows human
and NPWE performance for different tilesizes. Here, we only
evaluated six tilesizes: 64, 128, 230, 256, 470, and 512 (default).
Human observer performance presents a similar trend to that
of the NPWE model observer with the maximum performance
achieved at tile size 470.

Overall, the NPWE model observer gives a good prediction
of human performance on both of the SKEV and SKS tasks.

C. Model Observer Versus Human Observer for SKEV and
SKS Tasks

Figs. 19 and 20 show that the difference across tasks for the
human observers is smaller than that for the NPWE model. The
effect of image compression ratio is similar for both tasks for
human and model observers (Fig. 19). In addition, the effect
of the different encoder settings for a given compression ratio
is very similar for the SKEV and SKS tasks for the human

and model observers (Fig. 20). Our results indicate that for the
present set of signals, the computationally simpler SKEV task
can be reliably used to evaluate and optimize task based image
quality for the more clinically realistic SKS task.

VII. DISCUSSION

A. Model Observer Versus Human Observer

Previous studies have shown that model observers (NPWE,
CHO, HO, and LGHO) can accurately predict human detec-
tion performance as a function of image compression algo-
rithm and/or encoding parameters for the simpler SKE task
[9], [10]. In the present study, we compared human and model
observer (NPWE, HO, CHO, and LGHO) performance for a
number of JPEG 2000 encoder settings for the more clinically
realistic SKEV and SKS tasks. Our results show that model
observers can accurately predict the effect of different JPEG
2000 encoder settings on human performance for the SKEV
task. For the SKS task, we evaluated the NPWE model ob-
server performance and found it to be a good predictor of
human performance (Fig. 18). Our results also demonstrated
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Fig. 18. Average human observer versus NPWE model observer performance for SKEV (the first row) and SKS (the second row) task at compression ratio 20:1:
Column 1: different code block size; Column 2: different resolution level; Column 3: different mode; Column 4: different tile-size.

Fig. 19. SKEV versus SKS on NPWE and human observer performance using default encoder setting for five compression ratios.

that all four model observers evaluated showed similar de-
pendencies of performance on JPEG 2000 encoder settings
for the SKEV task (Fig. 17). Table IV summarizes the best
encoder option values from those evaluated in Section VI-B2
for human and the four model observers in the SKEV task.
The results illustrate that the conclusions about JPEG 2000
encoder values for the SKEV task would not change if we
used any of the four model observers to evaluate task perfor-
mance because all four models correctly predicted the rank
order of the different encoder options for human performance.
The fact that the simpler NPWE model is a good predictor of
human performance is of important value for future iterative
optimization of JPEG 2000 encoder settings where economy
in computational time becomes crucial.

B. Interaction Between Encoder Option Setting and
Compression Ratio

One question of interest when evaluating JPEG 2000 encoder
options is whether the values leading to best model observer per-
formance vary across compression ratios. Table V summarizes
the JPEG 2000 encoder parameters resulting in the best NPWE
performance in the SKEV task at five different compression ra-
tios based on the evaluation results described in Section V.3 Our
results show that the JPEG 2000 encoder parameters resulting
in the best NPWE performance vary across compression ratios
in the SKEV task. Thus, there might be no single optimized en-
coder setting that will maximize model observer performance

3Note that in Section V during the procedure of evaluating one particular
encoder parameter, we set other encoder options to be the default parameters.
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Fig. 20. SKEV versus SKS on NPWE and human observer performance for multiple encoder conditions at a compression ratio of 20:1.

TABLE IV
MODEL OBSERVER PERFORMANCE COMPARISON ON THE ENCODER OPTIONS EVALUATED BY HUMAN OBSERVER FOR SKEV TASK

TABLE V
BEST NPWE PERFORMANCE ENCODER SETTINGS AT FIVE COMPRESSION RATIOS FOR SKEV TASK

across all compression ratios. These findings suggest that re-
sults may not be generalized across compression ratios and that
compression ratio specific optimizations are required to achieve
the best model observer performance.

C. Task Based Image Quality Metrics

Another important issue is to compare the evaluation results
of JPEG 2000 encoder options through task-based metrics
(model observer/human observer) with those obtained by using
nontask based and more general approaches to evaluate image
quality. One common metric to evaluate the image quality of
an image that has undergone compression is PSNR. Rabbani

and Joshi [12] investigated the effect of JPEG 2000 encoder
options using the PSNR as the metric of image quality for a set
of nonmedical images. They reported that image quality (PSNR)
decreased with decreasing tilesize. This is contrary to our results
with the clinically relevant task where we find that model and
human observer performance varies across tilesizes. In addition,
Rabbani and Joshi found that the 64 64 code block size is the
best choice while our study did not find major differences on
human and model observer performance across code block sizes.
With respect to number of resolution levels, their study found
that values above 5 to be adequate while our study found NPWE
performance to be best at a value of 2 for lower compression
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Fig. 21. Human observer (YZ, BP, LF, and KF) versus NPWE model observer performance on default encoder setting for the SKEV and SKS task: First row
(from left to right): Performance comparison on SKVE tasks. Second row (from left to right): Performance comparison on SKS tasks.

ratios ( :1) and to be the best at a value of 3 for compression
ratio 30:1. On the other hand, both studies found that the real
mode (9-tap/7-tap filter) leads to a higher quality than the integer
mode (5-tap/3-tap filter). Overall, our findings emphasize that
recommendations/evaluations about JPEG 2000 encoder option
settings based on nontask based metrics of image quality with
nonmedical images (e.g., PSNR) should not be used in guiding
the encoder setting selection for medical images where the
figure of merit is performance in clinically relevant tasks.

D. SKEV Versus SKS Tasks

In this paper, we evaluated model and human performance
for both the SKEV and SKS task. The SKS task is clinically
more realistic because it does not assume that the human/model
observer knows the shape/size of the signal presented in the
current trial. The SKEV is less realistic because it assumes that
the human/model observer knows the shape and size of the
signal presented in the current trial. The advantage of the SKEV
task is that it requires model observers that are computationally
less time-consuming than those used for the SKS task. Thus,
in practice it would be desirable to use the simpler SKEV tasks
to perform model observer evaluations and optimizations of
medical image quality. However, the SKEV approach is useful if
and only if the SKEV task performance is highly correlated with
SKS task performance. For example, the rank order of a number
of JPEG 2000 encoder settings based on task performance should
not change depending on whether an SKEV or an SKS task is
chosen. In this respect, our results consistently show a close
relationship between the two tasks. In general, performance is
expected to be worse in the SKS task because the model/human
cannot use prior knowledge to ignore templates corresponding

to signals that are not present in that trial (Figs. 19 and 20). This
is consistent with concept of the effect of stimulus uncertainty
on human and model performance [42]. Becuase humans
cannot use precise knowledge of the signal information even
when the signal is shown to them (intrinsic uncertainty [47],
[48]), the difference across tasks for the human observers is
smaller than for the NPWE model.

E. Studies on the Compression of X-Ray Coronary Angiograms
and Limitations of Present Study

Coronary angiography remains the gold standard for the
diagnosis of coronary artery disease [49]. Previous studies have
evaluated the effects of lossy data compression algorithm JPEG
on the clinical image quality of coronary angiography using both
computer simulated [19], [43] and real morphological features
andstenosisof arteries in clinical images [6]–[9], [50]. Ingeneral,
there has been an agreement between the results of both of these
approaches. Our present results have evaluated the effect of
different JPEG 2000 encoder options on human performance
with computer simulated filling defects. One observation is that
the degradation of performance with low compression ratios (i.e.,
7:1) is greater in the present study evaluating JPEG 2000 than in
previous studies evaluating the JPEG algorithm [6], [19], [40].

There has been no clinical study to our knowledge that has
evaluated JPEG 2000 compression algorithm or the effect
of JPEG 2000 encoder options in diagnostic performance
with X-ray coronary angiograms. Given the previous close
correspondence between the two approaches (simulated mor-
phological features versus real ones), we suggest that the
present results might be used to guide the selection of JPEG
2000 encoder option settings in future clinical studies.
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Fig. 22. Human observer versus NPWE model observer performance for an SKEV task: Each row shows the model and individual observer (from top to bottom,
RM, BP, YZ, and LF) performance with error bars. Column 1: different code block size; Column 2: different resolution level; Column 3: different mode; Column 4:
different tile-size.

There are some limitations of the present study. Although
image acquisition with image intensifiers is still the standard
of care, many catherization laboratories across the country are
currently replacing their systems by flat panel detectors. The
image noise characteristics are different for flat panel detectors
because different signal processing is applied to the flat panel
images. The present study used images acquired with image in-
tensifiers and it is unknown whether these results will gener-
alize to the newer detectors. Future studies will have to assess
this question. In addition, the current study evaluated the detec-
tion of a filling defect which is one of many clinically relevant
tasks. Other important tasks include detection of dissection and
assessment of the stent deployment. In previous studies we have
found that although there are differences across tasks, rank order
of conditions is preserved across visual tasks [6]. For example,
in a previous study [6] performance with JPEG compression led

to better performance than a Crewcode wavelet compression for
all four clinically relevant tasks (detection of filling defect, ul-
ceration, lumen and stenosis grading). Based on these results
we find likely that our results will generalize to other tasks but
future work needs to directly investigate this issue. The present
study follows previous work evaluating still image compression
of X-ray coronary angiograms. However, given the dynamic na-
ture of angiograms, video compression algorithms [51] need to
be evaluated and compared to the still image standards.

VIII. CONCLUSION

We have employed model observers to quantitatively eval-
uate the effect of JPEG 2000 encoder options on the visual
signal detection task consisting of simulated signals embedded
in real X-ray coronary angiographic backgrounds. We have
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Fig. 23. Human observer versus NPWE model observer performance for an SKS task: Each row shows the model and individual observer (from top to bottom,
RM, BP, YZ, and LF) performance with error bars. Column 1: different code block size; Column 2: different resolution level; Column 3: different mode; Column 4:
different tile-size.

investigated the clinically more realistic signal known exactly
but variable (SKEV) and signal known statistically (SKS)
tasks rather than the simpler signal known exactly (SKE)
task. We also compared model observer performance with
human performance in a subsequent psychophysical study. We
found good agreement between human observers and model
observer performance and among different model observers
(nonprewhitening matched filter with an eye filter, channelized
Hotelling, Hotelling, Laguerre-Gauss Hotelling). Our results
suggest that the computationally more tractable SKEV task
can be used as a reliable predictor on model and human per-
formance for the computationally more complex but clinically
more realistic SKS task. In addition, the results suggest that
the NPWE model in an SKEV task could be used for future
automated optimization of JPEG 2000 encoder options by
taking advantage of the NPWE’s computation simplicity and

its good prediction capability. Most importantly for practical
purposes JPEG 2000 encoder options different from those
based on nontask based metrics of image quality (PSNR; JPEG
2000 default setting) may greatly improve the performance and
make it possible to obtain similar image quality with higher
compression ratio by selecting appropriate encoder options. To-
gether, our work demonstrates how task-based model observers
can be used to accurately predict human performance in a signal
known statistically task using real anatomic backgrounds.

APPENDIX I
INDIVIDUAL HUMAN OBSERVER PERFORMANCE UNDER

DEFAULT ENCODER SETTING FOR SKEV AND SKS TASKS

Fig. 21 shows the individual human observer: YZ, BP, LF,
and KF’s performance for images compressed using the default
JPEG 2000 encoder setting.
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APPENDIX II
INDIVIDUAL HUMAN OBSERVER PERFORMANCE UNDER

MULTIPLE ENCODER CONDITIONS FOR SKEV AND SKS TASKS

Figs. 22 and 23 show the individual human observer: RM,
BP, YZ, and LF’s performance for images compressed using
multiple JPEG 2000 encoder settings for SKEV and SKS tasks
respectively.
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