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ABSTRACT

Though several objective image quality assessment meth-
ods originally proposed for natural images and videos have
been used in the context of medical images, some important
specificities usually ignored have to be considered. This pa-
per presents a review on some key issues (diagnostic task,
pathology, figure of merit, expertise, validation subjective
experimental protocol, etc.) that must be considered for
the objective quality assessment of still radiographic im-
ages acquired from the acquisition systems of varied imag-
ing modalities.

1. INTRODUCTION

While video quality assessment has been recently addressed
in the context of medical applications, it has been often
limited to medical videos such as telesurgery, endoscopy,
etc.. In this paper, we focus on other field that is still ra-
diographic image acquired from the acquisition systems of
varied imaging modalities, such as CT (Computed tomog-
raphy), MRI (Magnetic Resonance Imaging), ultrasound,
projection (plain) radiography, fluoroscopy, PET (Positron
Emission Tomography), SPECT (Single Photon Emission
Computed Tomography), etc.

Several objective image quality assessment methods orig-
inally proposed for natural images and videos have been
used in the context of medical images [1, 2], but some im-
portant specificities and key issues of objective medical im-
age quality assessment have however been ignored. These
actually make objective medical image quality assessment
differs with the objective assessment of natural images and
videos extending this latter to medical “natural” video con-
tent, such as coronary angiography, ultrasound video, etc..

While it has been poorly addressed by natural image
quality assessment community, task-based approaches [3, 4]
are fundamental and popular in the context of medical imag-
ing. The underlying paradigm is to quantify the quality of
a particular image by its effectiveness with respect to its in-
tended task. Natural images quality assessment is usually
focused on the perception of impairments, while the quality
assessment of medical images normally focus on the radiol-
ogists diagnostic task performance. It is more understand-

able in terms of subjective assessment method, as illustrated
in Fig. 1 (a), radiologists (human observers) are asked to
perform the same diagnostic task given different medical
imaging systems, which could be acquisition devices, im-
age post-processing algorithms or image visualization sys-
tems. A better task performance means a better diagnostic
accuracy, thus the system that enables radiologists to gaina
better task performance or to spend less time for interpreta-
tion with the same diagnostic reliability is said to be better.
Concerning objective assessment method, the key problem
lies in modeling the diagnostic task process of radiologists
by a numerical observer. Once the numerical observer per-
forms approximately radiologists, it can evaluate different
medical imaging systems using the same paradigm as the
subjective assessment method, as illustrated in Fig. 1 (b).
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Fig. 1. Example of assessing two different medical imaging
systems, which could be acquisition devices, image post-
processing algorithms or image visualization systems.

Note that the objective to develop a predictive numerical
observer of human task performance is not to substitute ra-
diologists in the daily diagnosis, but to select a better medi-



cal imaging technique or system which can help radiologists
ameliorate their diagnostic accuracy and efficiency.

This paper gives a review on some key issues and speci-
ficities to be considered in the implementation of a numeri-
cal observer (an objective medical image quality assessment
method), whose flowchart is shown in Fig. 2. Each of the
key issues will be presented through successive stages of
the flowchart in Section 2, then subjective experiments with
their results to illustrate some of the issues will be described
in Section 3.
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Fig. 2. The flowchart of implementing a numerical observer
(an objective medical image quality assessment method).

2. KEY ISSUES FOR THE IMPLEMENTATION OF
A NUMERICAL OBSERVER

2.1. Diagnostic tasks

The first thing to determine in the flowchart of implement-
ing a numerical observer is the studied diagnostic task.

It is useful to well characterize the diagnostic process
in order to model it. One widely accepted way [5, 6] is to
divide the diagnostic process into three tasks: the detection
task, the localization task and the characterization task.The
detection task requires simply a confidence rating concern-
ing the presence of an abnormality, e.g. a lesion or a nodule.
The localization task consists in indicating the locationsof
abnormalities. The characterization task, related to assess-
ing the different elements of the abnormality appearance,
normally involves a linguistic response describing distinc-
tive characteristics or essential features of abnormalities.

Modeling the entire diagnostic process is a very com-
plicated problem, especially for the characterization task,
this could explain why numerical observers are limited in

task range so far. Most of them deal with the detection task
[7, 8], only several numerical observers are concerned with
the localization task [9], and none investigates the charac-
terization task to our knowledge.

Only after the studied task is determined, the studied
pathology can be chosen appropriately (cf. Section 2.2) and
the figure of merit (FOM, cf. Section 2.3) can be chosen
correspondingly.

2.2. Appropriate pathology for different diagnostic task

Note that different imaging modalities will be favorable for
the diagnosis of different pathologies, which present spe-
cific physical and physiological phenomena in each imag-
ing modality [10]. Thus the studied pathology should be
chosen by considering both the studied task and the studied
modality.

As far as the detection and localization tasks are con-
cerned, the abnormality of an appropriate pathology must
not be too conspicuous. Otherwise, observers (radiologists
or numerical observers) could always detect and localize the
abnormalities easily with any imaging system. In that way,
different imaging systems can not be differentiated through
different task performances of observers. Taking Magnetic
Resonance Imaging (MRI) modality for example, Fig. 3
shows MR images of two pathologies: Multiple Sclerosis
(MS) and High-Grade Glioma (HGG). It is not hard to see
from Fig. 3 (a) that the HGG lesion is so obvious on any one
of the six sequences that even a person without any medi-
cal background can tell where it is. The evidence of the
HGG lesion would not change even with moderate degra-
dation of the imaging system for detection and localization
tasks. In contrast, the MS lesions are much more subtle and
difficult to be perceived, as seen from Fig. 3 (b). Further-
more, an accurate detection and localization of MS lesions
is the first and the most important step for the diagnosis and
treatment of MS patients. Thus if we choose Magnetic Res-
onance Imaging (MRI) as the studied modality, MS could
be considered as one of the appropriate pathologies for the
detection and localization tasks.

However, the appropriate pathology may be the exact
opposite for the characterization task. An appropriate pathol-
ogy for the characterization task should be a pathology for
which the abnormality appearance examination has a direct
and dominant effect on the diagnosis and treatment of pa-
tients, which is the case for HGG [10]. In the characteriza-
tion task, on MR images a lot of lesion aspects should be
evaluated on different sequences, such as : (1) Does the
lesion appear as an iso-signal, a hyper-signal or a hypo-
signal? In neuroradiological terminology, “iso-signal”,“hyper-
signal”, “hypo-signal” indicate that the lesion has a equal,
higher or lower intensity than the white matter, respectively.
(2) Is the lesion texture homogeneous or heterogeneous?
(3) Is the lesion shape a circle, an ellipse or other irregu-



(a) MR images of High-Grade Glioma (HGG)

(b) MR images of Multiple Sclerosis (MS)

Fig. 3. MR images of two pathologies, Multiple Sclero-
sis (MS) and High-Grade Glioma (HGG), on different se-
quences.

lar shape? (4) Is the lesion outline thick, thin or irregular,
clear or obscure? ... The MR images in Fig. 3 (a) can indeed
provide the information for these questions in the character-
ization task.

Note that in MRI, a “sequence” is a subtle combination
of radiofrequency pulses and gradients. Whatever the type
of sequence, the aim is to favor the signal of a particular
tissue (contrast), as quickly as possible (speed), while limit-
ing the artifacts and without altering the signal to noise ratio
[11]. The influence of using different sequences is out of the
scope of this paper.

Once the pathology is selected, its lesion could be simu-
lated by mathematical model in order to facilitate the design
and the test of a numerical observer.

2.3. Figures of merit

A figure of merit (FOM) is a a quantitative value used to
characterize a certain diagnostic task performance, derived
from the responses of observers (radiologists or numerical
observers) on a set of test images. It is essential for com-
paring or assessing different imaging systems, as well as
for validating a numerical observer by comparing its FOM
results with those gotten from subjective experiments.

Different FOMs have been proposed for different diag-
nostic tasks. The receiver operating characteristic (ROC)
curve [12] is a FOM for the detection task, where a binary
positive/negative decision is made by comparing observers

confidence rating with a criterion. A positive decision is
called a true positive (TP) when the gold standard is also
lesion-present, otherwise it is called a false positive (FP).
A negative decision is called a true negative (TN) when the
gold standard is also lesion-absent, otherwise it is calleda
false negative (FN). A ROC curve is a graphical plot of the
fraction of TPs out of the actual positives (TPF) vs. the
fraction of FPs out of the actual negatives (FPF), which is a
comparison of two operating characteristics (TPF and FPF)
as the criterion changes, as illustrated in Fig. 4. The area
under the ROC curve (AUC) is a summary statistic of the
ROC curve.

Fig. 4. An example of ROC curve, which is a graphical plot
of the fraction of TPs out of the actual positives (TPF) vs.
the fraction of FPs out of the actual negatives (FPF), which
is a comparison of two operating characteristics (TPF and
FPF) as the criterion changes.

The ROC curve is a classic approach in signal detec-
tion theory and is widely used in diverse domains. But
in medicine and radiology, in order to evaluate more com-
pletely the diagnostic task performance, it is necessary to
include the localization task besides the detection task. In
addition, the localization is very important for diagnosisin
neurology, the localization of the lesion is essential for opti-
mal surgery. Therefore various extensions to ROC methods
have been proposed to address these limitations of the clas-
sic ROC paradigm. There are two cases for the localization
task: (1) Only one lesion is possibly present on an image,
and observers have to locate only one lesion on each test im-
age; (2) Multiple lesions are possibly present on an image,
and observers have to locate each one of the lesions on each
test image. The Localization ROC (LROC) curve [13] was
proposed as the FOM for the first case. The Free-response
ROC (FROC) [14] and the Alternative Free-response ROC
(AFROC) [15] were proposed as the FOMs for the second
case.

Recall that the observer’s responses for the detection
and localization tasks are a marked rate concerning the pres-
ence of each lesion, combined with the corresponding marked
coordinates (indicating the lesion center) of each lesion.The
above three FOMs classify the marked coordinates, regard-
less of the marked rates, as a TP or FP by comparing the dis-
tance between the marked point and the actual center of the
lesion to an “acceptance radius”. Then if the correspond-



Fig. 5. An example of LROC curve, which is a graphical
plot of the fraction of positive TP marks out of the num-
ber of actual positive images vs. the fraction of positive FP
marks out of the number of actual negative images.

Fig. 6. An example of empirical FROC curve, which is a
graphical plot of the fraction of “positive” TP marks out
of the total number of lesions vs. the average number of
“positive” FP marks per image.

ing rate is greater than the criterion, the TP or FP mark is
classified as “positive”, and “negative” in reverse.

A LROC curve uses the fraction of “positive” TP marks
out of the number of actual positive images as its ordinate
and the fraction of “positive” FP marks out of the number of
actual negative images as its abscissa, as illustrated in Fig.
5. An empirical FROC curve (cf. Fig. 6) is a graphical
plot of the fraction of “positive” TP marks out of the total
number of lesions vs. the average number of “positive” FP
marks per image. Note that the area under the empirical
FROC curve can no longer be a FOM to summarize FROC
curve, since a larger value of area under the empirical FROC
curve can result either from an increase in TPs with correct
localization or an increase in the number of FPs on each
image[16]. However, in the literature we can still find some
FOMs summarizing FROC data, such as the “augmented
area under FROC curve” [14]. The AFROC curve (cf. Fig.
7) differs in the abscissas definition, compared to the FROC
curve. For a certain criterion, the AFROC only considers
one FP mark, the one with the highest rating, on each test
image. Then it uses the number of highest rated “positive”
FP marks divided by the total number of test images as its
abscissa. The AFROC tends to be more stable and have a
higher statistical power [15].

Fig. 7. An example of AFROC curve, which is a graphical
plot of the fraction of “positive” TP marks out of the total
number of lesions vs. the number of highest rated “positive”
FP marks divided by the total number of test images.

2.4. Expertise

In order to design a numerical observer that can model the
diagnostic process of radiologists, there is one more thing
to be considered and investigated for medical image qual-
ity assessment than for natural image quality assessment,
which is the influences of expertise.

While the end users of natural images or videos are naive
observers, those of medical images are radiologists. Their
expertise influences their task performance, especially inthe
cognitive process to interpret perceived information. Forex-
ample, it has been showed in [17] that experience combined
with training provides the basis for generating efficient vi-
sual search strategies and developing distinctive conceptual
criteria for perceptual differentiation and interpretation of
true breast masses from image artifacts and structured noise
that mimics breast abnormalities; and it is found in [18] that
an important aspect of the development of expertise is im-
proved pattern recognition (taking in more information dur-
ing the initial Gestalt or gist view) as well as improved al-
location of attention and visual processing resources; an il-
lustration about the influence of expertise on the perception
of MR images will be presented in Section 3.

2.5. Subjective experimental protocol

The last thing to be considered to implement a numerical
observer is the subjective experimental protocol.

The subjective experimental protocol for validating a
objective quality assessment method is different in the con-
text of medical images, compared to natural images. In
natural image quality evaluation experiments, the investi-
gators are normally asked to give a score on the quality,
and the mean opinion score (MOS). However, in the con-
text of medical images, the response depends on the studied
task, as discussed in Section 2.1. Then different task perfor-
mances can be quantified using the corresponding FOM.

As far as the detection and localization tasks are con-



cerned, a good subjective experimental protocol can be found
in [19], which is close to the real clinical paradigm. One
thing worthy of remark pointed in [19] is that if the image
background is not clinical, but simulated, there is no justifi-
cation for using radiologists to interpret such images. Since
there is nothing in radiologists’ training and education back-
ground that specially qualifies them to read such images,
using radiologists in this mode is wasteful of their precious
time and effort that they would focus better on providing
timely diagnosis and treatment solutions to their patients.
Thus recent investigations use more elements of real clin-
ical images and abnormalities rather than just mathemati-
cally simulated backgrounds and targets [20].

3. AN ILLUSTRATION

Here we give an example to illustrate the investigation of
the expertise (one of the key issues). Details about these
experiments can be found in [21].

Our goal is to propose a numerical observer that can ap-
proach radiologists’ task performance. We chose the detec-
tion task as the studied task, MRI as the studied modality
and MS as the studied pathology. MS lesion is simulated
by a two-dimensional elliptical Gaussian function. Before
going further into the numerical observer modeling and the
validation of it by using the ROC, we need inevitably to in-
vestigate the influences of the expertise.

Two subjective experiments have been conducted: Exp
1 consisted of six white matter blocks being selected within
the white matter (without anatomical information), , as il-
lustrated in Fig. 8 (a). Exp 2 comprised of one axial, cere-
bral slice, with six lesions located in separated areas of the
slice (with anatomical information), as illustrated in Fig. 8
(b). One expert (more than 10 years experience), three radi-
ologists (less than 5 years experience) and eight nave ob-
servers (without any prior medical knowledge) have per-
formed these experiments. These human observers have
been asked different questions dependent upon level of ex-
perience; the three radiologists and eight nave observers
were asked if they were aware of any hyper-signal (this
is considered as the sensation stage of visual processing),
while the expert was asked if a clinical sign was present (in
this case the expert needs to consider the clinical implica-
tions of a signal and interprete the findings cognitively, thus
this is considered as the perception stage of visual process-
ing).

Since many objective assessment studies were carried
on a relatively homogeneous region (e.g. simulated back-
ground and the white matter blocks in our Exp 1), while ra-
diologists normally view images in their entirety, we think
that it is also important to know if the anatomical infor-
mation changes the radiologists’ behavior. Thus the anal-
ysis of the visibility thresholds, gotten from psychometric

curves for each participant and experiment, allows us to in-
vestigate not only the influence of expertise at two stages of
visual processing, but also the influences with and without
anatomical information.

Results indicate that at the sensation stage, radiologists
have better detectability of simple hyper-signals than nave
observers and anatomical information does not influence
their sensation performance; at the perceptual stage, ex-
perts knowledge appears to influence the interpretation of
the hyper-signals and an elevation of the detection thresh-
old was observed, in addition, more anatomical information
contributes to a reduction of the perception threshold.

(a) GUI of Exp 1

(b) GUI of Exp 2 (the arrow indicats the white matter)

Fig. 8. Graphical user interface (GUI) of two subjective
experiments, figures from [21].

4. CONCLUSION

This paper addresses the key issues in the context of objec-
tive medical image quality assessment. On the whole, be-
fore going deeper into quality assessment we should firstly
determine the diagnostic task and the modality, depending
on that we can then reasonably choose the pathology and
the figure of merit. We should also study the expertise in ra-
diology for developing a numerical observer that can model
the radiologists (human observers). Finally, the subjective
experiment should be conducted to approximate the clinical
practice as much as possible, in order to validate the numer-
ical observer.
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