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Abstract. Maintaining or even improving image quality while lowering patient dose is always the desire in clinical
computed tomography (CT) imaging. Iterative reconstruction (IR) algorithms have been designed to allow for a
reduced dose while maintaining or even improving an image. However, we have previously shown that the dosesaving capabilities allowed with IR are different for different clinical tasks. The channelized scanning linear
observer (CSLO) was applied to study clinical tasks that combine detection and estimation when assessing
CT image data. The purpose of this work is to illustrate the importance of task complexity when assessing
dose savings and to move toward more realistic tasks when performing these types of studies. Human-observer
validation of these methods will take place in a future publication. Low-contrast objects embedded in body-size
phantoms were imaged multiple times and reconstructed by filtered back projection (FBP) and an IR algorithm.
The task was to detect, localize, and estimate the size and contrast of low-contrast objects in the phantom.
Independent signal-present and signal-absent regions of interest cropped from images were channelized by
the dense-difference of Gauss channels for CSLO training and testing. Estimation receiver operating characteristic (EROC) curves and the areas under EROC curves (EAUC) were calculated by CSLO as the figure of merit.
The one-shot method was used to compute the variance of the EAUC values. Results suggest that the IR algorithm studied in this work could efficiently reduce the dose by ∼50% while maintaining an image quality comparable to conventional FBP reconstruction warranting further investigation using real patient data. © The Authors.
Published by SPIE under a Creative Commons Attribution 3.0 Unported License. Distribution or reproduction of this work in whole or in part requires full
attribution of the original publication, including its DOI. [DOI: 10.1117/1.JMI.4.4.045503]
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1

Introduction

The advent of multiple detector computed tomography has led
to various approaches in medical computed tomography (CT)
imaging. Its rapid volume acquisition makes CT angiography
and CT colonography routine. However, the wide and increasing
usage of CT in modern medicine has increased patient dose,
which has become a concern in the CT community.1,2
Discussions regarding the associated estimated risk for radiation-induced cancer have been well publicized.3–7 Regardless of the merits of these various arguments, it is always desirable to limit the dose to the patient. Consequently, different
hardware and algorithm solutions have been developed to maintain or even improve the image quality while the radiation dose
is reduced. The traditional CT reconstruction algorithm filtered
back projection (FBP) is well known for its speed and robust
image quality. However, FBP images suffer from noise and artifact contaminations especially in low radiation dose conditions.
To lower the radiation dose without sacrificing image quality,
several iterative reconstruction (IR) algorithms were developed
and introduced commercially in the past several years.8–11 The
challenge of reducing dose is to maintain a clinically acceptable
image quality while decreasing exposure level.

*Address all correspondence to: Matthew A. Kupinski, E-mail: mkupinski@
optics.arizona.edu
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To evaluate the image qualities of different image systems,
state-of-the-art medical image quality assessment methods that
extract desired information from the images for clinically interesting tasks are now known to be good choices. A clinically
interesting and relevant task might be a detection task that
requires distinguishing normal cases from diseased cases.
Another example of a clinically relevant task is an estimation
task where the observer must provide information regarding, for
example, the size and contrast of the lesions. Image quality in
medical systems should be measured by an observer performing
a task or tasks of clinical interest. However, there is not a clear
choice for this task in CT imaging. Our previous studies have
shown different dose-savings depending upon the choice of
task.12,13 In this study, we focused on the application of the channelized scanning linear observer (CSLO) on CT images to quantitatively evaluate the performance of different reconstruction
algorithms under tasks that include signal detection, localization, and estimation of size and contrast in an attempt to obtain
a more complete picture of dose savings. It should be noted that
this paper will focus on a mathematical observer model and that
validation of this observer model against human performance
will not be discussed in this paper but will be addressed in a
future publication. The outline of this paper is as follows: Sec. 2
describes the materials and methods used. More specifically,
Sec. 2.1 illustrates the idea of the scanning linear observer
(SLO); Sec. 2.2 depicts the selection of channels and the concept
of the channelization mechanism applied on the SLO; Sec. 2.3
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outlines the training dataset, testing dataset, and the estimation
method of variance for observer study; Sec. 2.4 provides the
brief ideas of IR algorithm; and Sec. 2.5 details the phantoms
used in this study and the process of data generation and acquisition. Results of dose reduction based on the comparison
between algorithms are then shown in Sec. 3 followed by conclusions and discussions in Sec. 4.

2
2.1

(5)

This observer operates on the data linearly, even though, in
general, the linear template is a nonlinear function of θ. In the
estimation process, the observer seeks the value of θ that will
maximize this linear operation and give the estimated parameter
θ^ SL;θmax .

Materials and Methods
2.2

Scanning Linear Observer

In this study, we focus on the application of the CSLO on CT
imaging systems. The concept of scanning linear estimation14 is
to approximate the mode of the posterior density and perform a
pseudo maximum a posteriori (MAP) estimation. This requires a
scan of parameter space to compare solutions and find the maximum. The general formula of MAP estimation is



prðgjθÞprðθÞ
θ^ MAP ¼ argmaxθ ½prðθjgÞ ¼ argmaxθ
;
prðgÞ

EQ-TARGET;temp:intralink-;e001;63;562

(1)

where θ and θ^ are the parameters we are interested in and the
estimated parameter, respectively. The probability density function prðgjθÞ is the likelihood of data conditioned on the parameters to be estimated. To easily optimize this function, we will
consider the Gaussian likelihood. Note this approximation
does not imply that joint pdf prðg; θÞ is also Gaussian. Based on
this approximation, the conditional likelihood prðgjθÞ can be
described by



1
−1
t
−1
½g− ḡðθÞ Kgjθ ½g− ḡðθÞ ;
prðgjθÞ≅ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ exp
2
2π M detðKgjθ Þ

EQ-TARGET;temp:intralink-;e002;63;429

(2)
where ḡðθÞ is the mean image averaged over the parameters θ,
Kgjθ is the sample covariance matrix conditioned on the parameters, and detð·Þ is the determinant of the matrix. Instead of
evaluating the covariance matrix and its inverse for every parameter, our second approximation is to use the mean of Kgjθ averaged over all θ as was done in Ref. 14. To avoid the exponential
term of Eq. (2), the common strategy is to operate the natural
logarithm on both sides and ignore the term independent of the
parameters θ, which leads to
EQ-TARGET;temp:intralink-;e003;63;264

1 t −1
θ^ SL ðgÞ ¼ argmaxθ ½ḡðθÞt K̄−1
g g − ðθÞ K̄g ḡðθÞ:
2

EQ-TARGET;temp:intralink-;e005;326;752

ln½prðgjθÞ ≅

−1
½g − ḡðθÞt K̄−1
g ½g − ḡðθÞ þ ln½prðθÞ:
2

(3)

Thus, the scanning linear estimator that maximizes the posterior density under these approximations is equivalent to

1
t −1
θ^ SL ðgÞ ¼ argmaxθ fḡðθÞt K̄−1
g g − ḡðθÞ K̄g ḡðθÞ þ ln½prðθÞg:
2
(4)

As mentioned earlier, we chose to use the CSLO to perform our
combined detection/estimation tasks. This observer model has
the benefit of being computationally practical and also relevant
in terms of approximating human-observer performance. Many
observer models, including the CSLO, require the estimation
and inversion of a covariance matrix. The size of the regions of
interest (ROI) patches in our study is M ¼ 100 × 100 pixels.
The minimum number of sample images to achieve an invertible
estimate of an M × M covariance matrix is M þ 1. To make the
inverse of a covariance matrix practical, we reduce the dimension of dataset through channelization. The channels selected in
our study are 10 dense-difference of Gauss (DDOG) channels.15,16 The 10 DDOG channels employed in this study
have been demonstrated to match the human-observer behavior
in signal-detection tasks16 for radially symmetric signals. In
addition to reducing the dimension of the covariance matrix,
DDOG channels also have been proved to have a property of
mimicking human visual system15,16 in the pure detection
task. These channels have not been verified to match humanobserver performance when used in a scanning observer as
we are using them in this work. However, we chose to use
this observer model, because the channels are based on the
human visual system, even if the scanning mechanism is not.
The channelization process maps the image onto the channels. This process can be expressed as

gch ¼ Tt g;
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(6)

EQ-TARGET;temp:intralink-;e006;326;360

where the superscript ch and t refers to channelized data and
transpose, respectively, and T is the channels. The dimension of
g is M, which, for this study, is 1002 . The dimension of gch is 10
for the 10 DDOG channels. Thus, the minimum number of training images to achieve an invertible estimate of the covariance
matrix is 11. The channelized image data gch is used as input in
Eq. (5), and the final equation for CSLO in this study becomes

ðθÞT K̄−1
gch;training
θ^ CSL ðgÞ ¼ arg maxθ ½ḡch;training
2
ḡch;training

EQ-TARGET;temp:intralink-;e007;326;251

2

1
ḡch;training
− ḡch;training
ðθÞT K̄−1
ðθÞ;
2
ḡch;training
2 2
2

EQ-TARGET;temp:intralink-;e004;63;201

The first term is a linear operation applied on the testing
image data by ḡðθÞt K̄−1
g from the training data set. The second
term is a shifted term due to the different parameters θ. The third
term prðθÞ is assumed to be a flat prior, where all values of θ are
equally likely. Thus, this third term is a constant, independent of
θ, and ignored. So, the final equation becomes

Channel Selection and Channelization

(7)

where ḡ2ch;training ðθÞ is the average of signal-present image from
training image dataset [Eq. (8)], K̄−1
is the covariance
ḡch;training
2
matrix calculated from ḡch;training
ðθÞ
and
averaged
over different
2
signal parameter vectors θ [Eqs. (9) and (10)], and gch;testing is
either a signal-present or signal-absent image. The second term
in Eq. (7) is independent of testing data, but it has to be retained
since it is θ dependent.
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Fig. 1 Templates: (a) original EROC template and (b) cropped EROC template. The cropped EROC
template is used for scanning on the spatial domain for signal-location-unknown tasks.

2.3

Tasks and Test Statistics

The CSLO was designed for pure estimation tasks but can be
readily extended to include detection by including the value of
the maximum in Eq. (7) as the test statistic. Thus, the test
statistic that is used to decide whether the signal will be called
present or not is the maximum of Eq. (7) instead of the argument maximum. This is similar to the scanning Hotelling
observer.17,18 Note here that if gch;testing in Eq. (7) is a signal-present image, then the test statistic generates a random variable as tCSL;2 ; on the other hand, if gch;testing is from signalabsent image pool, then the test statistic generates a random variable tCSL;1 . A decision that the signal is present is made when
the test statistic is greater than the test-statistics threshold; otherwise, the observer decides that the signal is absent. For combination tasks that include detection and estimation, the CSLO
scans parameters in the parameter domain to search for θ that
maximizes Eq. (7). θ is a parameter vector including locations,
sizes, and contrasts of signals. When the estimated parameters
θ^ CSL , the output of Eq. (7), are equal to the true parameters θtrue ,
the estimation is counted as being correct.
Note that the implementation of Eq. (7) is potentially nonlinear in θ but is linear in the image data. Thus, we refer to
the implementation of Eq. (7) as an EROC template where
the template itself depends on the parameters to be estimated
(e.g., location, size, and contrast). To implement location estimation, we crop the EROC templates down (Fig. 1) to exclude
the mostly zero portions of the template. This increases computational efficiency substantially. The cropped EROC template
contains all of the information of original image template but
with smaller size. With this approximation, a cropped EROC
template was scanned at every possible location and for every
possible value of size and contrast on every testing image. There
were 41 × 41 possible locations, 5 possible sizes, and 4 possible
contrasts in the signal-present images. A statistics map (Fig. 2)
was generated after the cropped EROC template was scanned
over a single testing image. If the test statistic is above threshold,
the observer model then chooses the location of signal based on
the highest pixel value in the statistics map and estimates the
size and contrast for the given signal in the testing image based
on the value of θ. For signal-present images, if the difference
Journal of Medical Imaging

between the estimated location and the true location (the center)
was less than location threshold (the radius of the smallest signal) and the estimated size and contrast were equal to the true
values, this combined detection and estimation was considered
successful. According to the test-statistics thresholds, two test
statistic distributions (tCSL; 2 , tCSL; 1 ) and the results of estimation, an estimation receiver operating characteristic (EROC)
curve19 can be generated. The area under the EROC curve
(EAUC) value is the figure of merit used in this study. The
higher the EAUC value, the better the image quality of the system under the combination of detection and estimation tasks.

2.4

Training, Testing, and Variance Estimation

The training data are used to estimate the parameters that define
the model observers, i.e., the means and the covariance matrices.
As mentioned before, although the minimum required training

Fig. 2 Example of a test statistic map. After cropped EROC template
of one specific signal scanned on all possible locations of a signal on a
testing image, a statistic map associated to this testing signal is generated. The highest pixel value (brightest spot) in this map indicates
the estimated location of the testing signal.
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samples’ size is 11, to have more accurate estimate statistics,
200 samples were used for training and 300 samples were
used for testing. For the CSLO, the training dataset is used
to estimate ḡ2ch;training ðθÞ, and K̄ḡch;training , and the equations are
2
given by

ḡch;training
ðθÞ ¼
2

EQ-TARGET;temp:intralink-;e008;63;697

EQ-TARGET;temp:intralink-;e009;63;649

Kḡch;training ðθÞ ¼
2

N
1X
gch;training ðθÞ;
N i¼1 2;i
N
1X
½gch; training ðθÞ − ḡch;training
ðθÞ
2;
N I¼1 2;i

× ½gch;training
ðθÞ − ḡch;training
ðθÞt ;
2;i
2
K̄ḡch;training ¼

EQ-TARGET;temp:intralink-;e010;63;586

2

(8)

X
1
K ch;training ðθÞ:
number of θ θ ḡ2

2.5

Computed Tomography Iterative Reconstruction
Approach Studied in this Work

To achieve good image quality at low flux CT imaging conditions and maintain reconstruction speeds comparable to FBP, we
have designed an IR approach that de-emphasizes the system
optics modeling. Imaging-chain statistical noise modeling,
physics modeling, and object modeling have been included
in this IR algorithm. The detailed description of this algorithm
will be presented in a future publication. The focus in this paper
is to apply the model observer approach designed above to quantitatively evaluate the dose saving or image quality improvement
capability of this IR algorithm developed in house.

(9)
2.6
(10)

Once these parameters were estimated, the testing images
were substituted into Eq. (7) to estimate the EAUC values.
There are several ways to estimate the variance of the EAUC:
bootstrap,20 jackknife,21 and shuffle22 methods. They all have
been studied previously.23–28 In this work, the variance of
EAUC values is estimated by a completely nonparametric
and unbiased approach, referred to as the Barrett–Clarkson–
Kupinski method or the one-shot method.29 This variance-estimation method is a variant of the original Dorfman–Berbaum–
Metz technique30–32 but does not rely on resampling techniques.

Phantoms, Data Acquisition, and Generation

In this work, low contrast (LC) objects embedded in the Medical
Imaging Technology Alliance (MITA) CCT 189 phantom
(Medical Imaging and Technology Alliance constructed by
the Phantom Laboratory) were imaged on a GE Discovery
CT750 HD CT system. Examples of signal-present images
are shown in Fig. 3. In this study, the MITA phantom was
used for signal detection and signal size and contrast estimation
task. The properties of LC objects in this phantom are listed in
Table 1. Only axial scans were used in this work. The large body
bowtie was used for the MITA CT IQ LCD phantom with the
body ring attached. The slice thickness was 0.625 mm, and the
collimator aperture used was 20 mm.
In this study, the x-ray tube current was varied to achieve
different radiation dose levels. For each dose level, 50 identical

Fig. 3 Examples of images used for combination of detection, size and contrast estimation task. All of the
images shown are the averaged results of 500 FBP images. The various signal parameters are: (a) 3 mm
14 HU, (b) 5 mm 7 HU, (c) 7 mm 5 HU, (d) 10 mm 3 HU, (e) 15 mm 14 HU, (f) 15 mm 7 HU, (g) 15 mm 5
HU, and (h) 15 mm 3 HU.
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Table 1 MITA body phantom signal parameters.

Object

Diameter (mm)

Contrast relative to background (HU)

1

3

14

2

5

7

3

7

5

4

10

3

5

15

14

6

15

7

7

15

5

8

15

3

corresponding areas under the curves were calculated. As mentioned above, the variances of EAUC values were estimated via
the one-shot method.29

3

scans were acquired. A total of 10 signal-present and signalabsent ROI pairs were extracted from different longitudinal
locations (along the CT system table direction) from each scan.
The 50 scans and 10 extracted ROI pairs per scan resulted in 500
individual ROI pairs for each LC object at every dose level.
Images were reconstructed at a field of view 180 mm with a
matrix size of 512 × 512 image pixels. A random order of
500 images was split into training and testing image datasets.
The same randomized sequence was used for every study. The
center of each signal was determined by analyzing the mean
image. The signal was always in the center of the ROI, and the
signal-absent ROIs were extracted from regions distant from the
signals to avoid any overlap between signal-present and signalabsent ROIs.
For each object and dose level selected, there were 500 independent signal-present and signal-absent image pairs. These
image pairs were randomly split into 200 pairs for training and
300 pairs for testing in the observer study. EROC curves for the
combined detection and estimation task were generated, and the

Results

FBP and IR were compared for different tasks. Quality-dose
characteristic (QDC) curves33 (Fig. 4) were generated by plotting different dose levels and their associated EAUC values for
both FBP and IR algorithms. For each task, 50 scans were made
for each dose level and there were 10 different dose levels as
shown in Fig. 4. The results show that the QDC curve of IR is
higher than that of FBP at all dose levels. It suggests that the IR
is better than FBP in terms of image quality at the same dose
level. A comparison could also be made across dose levels for an
equal EAUC value. This comparison indicates that the required
dose level is lower for IR than FBP to achieve the same image
quality. Based on these QDC curves, achievable dose reduction
can be easily derived. All objects in the MITA phantom were
scanned axially for all experiments using the parameters mentioned above, and signal-location-unknown detection, size, and
contrast estimation were performed.
Because the location of signal is unknown for the observer,
the observer had to localize the signal in the provided testing
image first and followed by estimating the size and the contrast
of the signal. As mentioned in Sec. 2, the location threshold is
about the radius of the smallest signal. The total number of possible locations for signals is 41 × 41. Thus, similar to signal
location known study, the guessing value of EAUC is given by

EQ-TARGET;temp:intralink-;e011;326;443

1 the area of a circle of radius equal to the location threshold
;
2 the number of objects × the number of possible locations
(11)

which, for this problem, is 0.0021. The result indicates that a
50% dose reduction could be achieved using the IR algorithm.
EROC curves are shown in Fig. 5. The significant difference

Fig. 4 An example of QDC curve for the task of signal detection, localization, and estimation of size and
contrast.
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Fig. 5 EROC curves (MITA body phantom). The combination of signal-location-unknown detection, size, and contrast estimation task.

Fig. 6 EAUC values and associated error bars of the combined task
of detection.

(p < 0.01) between the EAUC value of IR low dose and FBP
low dose is shown in Fig. 6.
The improvement of image quality of IR is substantial. This
improvement not only helps observers to determine if tumors
exist and where the tumors located relatively correctly but
also helps observers to distinguish the physical properties
such as the size and the contrast of the targeted lesion easily.

4

Discussions and Conclusions

Different IR algorithms have been designed on CT systems to
assist the patient radiation dose reduction. The nonlinearity
nature of both the CT system and an IR algorithm makes the
assumptions of a linear and shift-invariant system far from valid.
Thus, conventional image-quality metrics such as modulation
transfer function, noise power spectrum, and detective quantum
efficiency while well-suited for characterizing detector performance, are not well-suited for overall CT image quality evaluation. In view of this, mathematical model observers have been
selected as surrogates to study the task-based image quality performance of CT imaging systems. In this work, we used CSLO
to measure the image quality under a more realistic task, the
detection, and estimation, at different dose levels for two different reconstruction methods. Radiation dose levels required for
LC object detection and estimation in body phantoms were
Journal of Medical Imaging

examined and evaluated quantitatively. This work provides an
objective way to assess the image quality of CT imaging systems
for dose saving evaluation. However, unlike pure detection
tasks, currently there is no proper way of adding internal noise
in the combination of detection and estimation tasks so internal
noise was not used in this study. Our results provide the upper
bounds of observer studies.
In this study, different combinations of clinically relevant
tasks were considered and evaluated by CSLO. Our results suggest that CSLO could be used as an image quality assessment
tool for performance evaluation of CT imaging systems. Future
works include the addition of internal noise, correlation with
human-observer performance, and head mode phantom evaluations. In addition, we note that conclusions drawn from this
study must be tempered by the fact that the phantom is uniform.
Thus, adding anatomical variability, possibly through the use of
real patient data, will be a possible topic in the future. Additionally, having more signals of different sizes and contrasts in the
new design of phantom is in the future plan as well. On the other
hand, this method currently is still time-consuming and requires
numerous images. To make this method more practical, further
design of the CSLO using fewer images is needed and work has
progressed in this area.34 Much like the differences in dose savings we observed when the tasks were made more complex, we
expect that there will be differences in the performance when
anatomical variability and more complicated signal models are
used.
In this study, we evaluated the performance of FBP and an IR
algorithm. Our results indicate that the IR algorithm can make a
significant dose reduction without compromising image quality.
According to our results, the performance of the IR algorithm
shows that the noise has been decreased greatly compared to the
traditional FBP algorithm for all of the combinations of detection and estimation tasks. Approximately 50% dose reduction
can be achieved using this IR algorithm for tasks that combine
signal-location-unknown detection and estimation of signal size
and contrast. Thus, to achieve the same image quality, the IR
algorithm requires less x-ray radiation exposure to patients. To
provide this benefit of lower radiation dose to patients, our
results support the use of IR in clinical CT. Further study is
needed with anatomical variability, real data, and even more
complicated tasks to further validate this dose-reduction claim.

Disclosures
Dr. Jiahua Fan is an employee of GE Healthcare, Waukesha,
Wisconsin, which is the organization that funded this research
project.

Acknowledgments
This work was supported by GE Healthcare, Waukesha,
Wisconsin. The authors appreciate the technical discussions and
support from members of Advanced Sciences and Engineering
Team in GE Healthcare.

References
1. L. Yu et al., “Radiation dose reduction in computed tomography: techniques and future perspective,” Imaging Med. 1(1), 65–84 (2009).
2. J. E. Colang, J. B. Killion, and E. Vano, “Patient dose from CT: a literature review,” Radiol. Technol. 79(1), 17–26 (2007).
3. A. C. Upton, “The dose-response relation in radiation-induced cancer,”
Cancer Res. 21(6), 717–729 (1961).

045503-6

Oct–Dec 2017

Downloaded From: https://www.spiedigitallibrary.org/journals/Journal-of-Medical-Imaging on 1/25/2018 Terms of Use: https://www.spiedigitallibrary.org/terms-of-use

•

Vol. 4(4)

Tseng, Fan, and Kupinski: Assessing computed tomography image quality for combined detection and estimation tasks
4. R. W. Miller, “Radiation-induced cancer,” J. Nat. Cancer Inst. 49(5),
1221–1227 (1972).
5. D. J. Brenner et al., “Estimated risk of radiation-induced fatal caner
from pediatric CT,” Am. J. Roentgenol. 176, 289–296 (2001).
6. A. Sodickson et al., “Recurrent CT, cumulative radiation exposure, and
associated radiation-induced cancer risks from CT of adults,” Radiology
251(1), 175–184 (2009).
7. R. L. Zondervan et al., “Body CT scanning in young adults: examination indications, patient outcomes, and risk of radiation-induced
cancer,” Radiology 267(2), 460–469 (2013).
8. A. K. Hara et al., “Iterative reconstruction technique for reducing body
radiation dose at CT: feasibility study,” Am. J. Roentgenol. 193(3), 764–
771 (2009).
9. C. Ghetti, O. Ortenzia, and G. Serreli, “CT iterative reconstruction in
image space: a phantom study,” Phys. Med. 28(2), 161–165 (2012).
10. A. C. Silva et al., “Innovations in CT dose reduction strategy: application of the adaptive statistical iterative reconstruction algorithm,” Am. J.
Roentgenol. 194(1), 191–199 (2010).
11. J. Nuyts et al., “Iterative reconstruction for helical CT: a simulation
study.” Phys. Med. Biol. 43(4), 729–737 (1998).
12. J. Fan et al. “Study of the radiation dose reduction capability of a CT
reconstruction algorithm: LCD performance assessment using mathematical model observers,” Proc. SPIE 8673, 86731Q (2013).
13. H.-W. Tseng et al., “Assessing image quality and dose reduction of a
new x-ray computed tomography iterative reconstruction algorithm
using model observers,” Med. Phys. 41(7), 071910 (2014).
14. M. K. Whitaker, E. Clarkson, and H. H. Barrett, “Estimating random
signal parameters from noisy images with nuisance parameters: linear
and scanning-linear methods,” Opt. Express 16(11), 8150–8173 (2008).
15. C. K. Abbey and H. H. Barrett, “Human-and-model-observer performance in ramp-spectrum noise: effects of regularization and object variability,” J. Opt. Soc. Am. A 18(3), 473–488 (2001).
16. C. K. Abbey et al., “Human-observer templates for detection of a simulated lesion in mammographic images,” Proc. SPIE 4686, 25–36
(2002).
17. H. C. Gifford, R. G. Wells, and M. A. King, “A comparison of human
observer LROC and numerical observer ROC for tumor detection in
SPECT images,” IEEE Trans. Nucl. Sci. 46(4), 1032–1037 (1999).
18. H. C. Gifford, “Efficient visual-search model observers for PET,” Br. J.
Radiol. 87(1039), 20140017 (2014).
19. E. Clarkson, “Estimation receiver operating characteristic curve and
ideal observers for combined detection/estimation tasks,” J. Opt. Soc.
Am. A 24(12), B91–B98 (2007).
20. B. Efron and R. J. Tibshirani, An Introduction to the Bootstrap:
Monographs on Statistics and Applied Probability, Chapman and Hall,
New York (1993).
21. D. D. Dorfman, K. S. Berbaum, and C. E. Metz, “Receiver operating
characteristic rating analysis: generalization to the population of readers
and patients with the jackknife method,” Invest. Radiol. 27, 723–731
(1992).
22. K. Fukunaga and R. R. Hayes, “Effects of sample size in classifier
design,” IEEE Trans. Pattern Anal. March. Intell. 11, 873–885 (1989).
23. R. F. Wagner et al., “Finite-sample effects and resampling plans: application to linear classifiers and computer-aided diagnosis,” Proc. SPIE
3034, 467–477 (1997).
24. R. F. Wagner et al., “Components of variance in ROC analysis of CADx
Classifier performance,” Proc. SPIE 3338, 859–875 (1998).

Journal of Medical Imaging

25. S. V. Biden, R. F. Wagner, and G. Campbell, “Components-of-variance
models and multiple-bootstrap experiments: an alternative method for
random-effects, receiver operating characteristic analysis,” Acad.
Radiol. 7, 341–349 (2000).
26. N. A. Obuchowski and H. E. Rockette, “Hypothesis testing of diagnostic accuracy for multiple readers and multi tests: an ANOVA approach
with dependent observations,” Commun. Stat. 24, 285–308 (1995).
27. N. A. Obuchowski, “Multireader, multimodality receiver operating
characteristic curve studies: hypothesis testing and sample size estimation using an analysis of variance approach with dependent observations,” Acad. Radiol. 2, S22–S29 (1995).
28. H. H. Barrett, M. A. Kupinski, and E. Clarkson, “Probabilistic foundations of the MRMC method,” Proc. SPIE 5749, 21–31 (2005).
29. B. D. Gallas, “One-Shot estimate of MRMC variance: AUC,” Acad.
Radiol. 13(3), 353–362 (2006).
30. D. D. Dorfman et al., “Monte Carlo validation of a multireader method
for receiver opening characteristic discrete rating data: factorial experimental design,” Acad. Radiol. 5, 591–602 (1998).
31. C. A. Roe and C. E. Metz, “Dorfman–Berbaum–Metz method for statistical analysis of multireader, multimodality receiver operating characteristic (ROC) data: validation with computer simulation,” Acad. Radiol.
4, 298–303 (1997).
32. C. A. Roe and C. E. Metz, “Variance-component modeling in the analysis of receiver operating characteristic (ROC) index estimates,” Acad.
Radiol. 4, 587–600 (1997).
33. H. H. Barrett et al., “Task-based measures of image quality and their
relation to radiation dose and patient risk,” Phys. Med. Biol. 60, R1–
R75 (2015).
34. H.-W. Tseng, J. Fan, and M. A. Kupinski, “Design of a practical modelobserver-based image quality assessment method for CT imaging systems,” J. Med. Imaging 3, 035503 (2016).
Hsin-Wu Tseng received his PhD from the College of Optical
Sciences, University of Arizona, Tucson, Arizona, USA, in 2015.
Currently, he is a postdoctoral scientist in biomedical imaging innovation/clinical translation next-gen CT Research Lab, Department of
Medical Imaging, College of Medicine, University of Arizona. His current research interests and experience include image quality, design,
development, and clinical translation of novel x-ray imaging systems.
Jiahua Fan received his PhD in electrical and computer engineering
from University of Arizona, Tucson, Arizona. After working on medical-display and medical image processing as an assistant research
scientist at University of Arizona, he joined GE Healthcare,
Waukesha, Wisconsin. Currently, he is a principal scientist and
works on image quality, physics, calibration, and reconstruction topics
of CT systems. He has over 70 scientific publications and 16 patents
issued.
Matthew A. Kupinski is a professor at the University of Arizona with
appointments in the College of Optical Sciences, Department of
Medical Imaging, and the Program in Applied Mathematics. He
received his BS degree in physics from Trinity University in San
Antonio, Texas, in 1995, and received his PhD in 2000 from the
University of Chicago. He has worked in diverse areas of imaging
including x-ray, gamma-ray, diffuse optical, magnetic resonance,
and neutron imaging.

045503-7

Oct–Dec 2017

Downloaded From: https://www.spiedigitallibrary.org/journals/Journal-of-Medical-Imaging on 1/25/2018 Terms of Use: https://www.spiedigitallibrary.org/terms-of-use

•

Vol. 4(4)

