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Institutional review board approval and signed informed
consent were not needed, as medical images included in
public databases were used in this study. The purpose of
this study was to improve the detection of microcalcifications on mammograms and lung nodules on chest radiographs by using the dynamic cues algorithm and the motion and flickering sensitivity of the human visual system
(HVS). Different sets of mammograms from the Mammographic Image Analysis Society database and chest radiographs from the Japanese Society of Radiological Technology database were presented statically, as is standard, and
in a video sequence generated with the dynamic cues algorithm. Nine observers were asked to rate the presence of
abnormalities with a five-point scale (1, definitely not
present; 5, definitely present). The data were analyzed
with receiver operating characteristic (ROC) techniques
and the Dorfman-Berbaum-Metz method. The video sequence generated with the dynamic cues algorithm increased the rate of detection of microcalcifications by
10.2% (P ⫽ .002) compared with that obtained with the
standard static method, as measured by the area under the
ROC curve. Similar results were obtained for lung nodules,
with an increase of 12.3% (P ⫽ .0054). The increase in the
rate of correct detection did not come just from the image
contrast change produced by the algorithm but also from
the fact that image frames generated with the dynamic
cues algorithm were put together in a video sequence so
that the motion sensitivity of the HVS could be used to
facilitate the detection of low-contrast objects.

娀 RSNA, 2009

1

From the Department of Radiology (M.E.A., M.E.N., D.R.,
L.M.), Biomedical Imaging Center (M.E.A., C.T., M.W.G.,
L.M., P.I.), Department of Electrical Engineering (J.P.,
C.T., M.W.G., P.I.), and Faculty of Biological Sciences
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TECHNICAL DEVELOPMENTS: Enhancement of Visual Perception

T

he human vision system (HVS) is a
powerful tool used to improve image perception and processing.
Nevertheless, there are some cases in
which it is difficult for the HVS to detect
an object if the background is of similar
intensity or texture, as is often the case
with medical images. Classic examples
of this are mammograms with microcalcifications and chest radiographs with
lung nodules. Mammograms tend to
have low contrast, and microcalcifications tend to be small; these factors
make it difficult to detect microcalcifications on mammograms (1) and result in
a false-negative rate of up to 20% in
screening tests (2). It is difficult to detect lung nodules because of poor image
contrast between lesions and healthy
tissue and because of the potential overlap of lesions with the ribs, heart, or
other chest structures (2), resulting in a
false-negative rate of up to 50% in
screening tests (3).
One approach that may help in the
detection of lesions is the use of a computer-aided detection system (4–9), in
which the software automatically presents possible abnormalities to the observer. Another approach is to visually
enhance lesions without making any decision about the potential presence of
abnormalities. For example, contralateral subtraction (10) is used to subtract a
mirrored version of the same image and
enhances any asymmetry as a highly visible hyperintense region. Another example is color digital summation (11), which
is used to transform gray-scale images
into color-coded images. This method
highlights potential abnormalities, mak-

ing them highly visible because of the
color sensitivity of the HVS.
To our knowledge, we are the first
to use HVS sensitivity to motion and
flickering in image interpretation, despite the fact that this sensitivity is a
useful diagnostic tool. Our work is
based on what the HVS is capable of
detecting and the concept that the HVS
is sensitive to amplitude, motion, and
flicker (12). Amplitude sensitivity is
used to view static scenes, where differences of intensity or color can be interpreted as objects, textures, et cetera.
This kind of sensitivity has been widely
studied (13) and implicitly used in almost all aspects of traditional image
analysis, including analysis of traditional
medical images.
Motion sensitivity deals with the detection of moving objects, and it is easily
explained by evolution. It has always
been crucial to survival for animals, including humans, to be able to detect
moving predators and prey. Indeed,
most cortical cells of the HVS respond
better to moving objects than to stationary ones (14). Similarly, flicker sensitivity is used to detect temporally modulated stimuli.
The purpose of this study was to
improve the detection of microcalcifications on mammograms and lung nodules
on chest radiographs by using the dynamic cues algorithm and the motion
and flickering sensitivity of the HVS.

䡲 It is possible to use dynamic cues
to transform static images into
video sequences so that motion or
flickering sensitivity of the human
vision system is used to analyze
medical images.
䡲 Use of dynamic cues results in a
substantial increase in the correct
detection of microcalcifications on
mammograms and lung nodules
on chest radiographs.
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Materials and Methods
Institutional review board approval and
signed informed consent were not needed,
as the entire study was performed with
medical images included in public databases. When we wished to use motion
or flickering sensitivity to assess the images, we introduced spatial or temporal
motion to the images, thereby converting them to video sequences. To introduce spatial motion, we moved portions
of the image (typically only the pixels) in
space. To introduce temporal motion,
the pixel did not move in space; however, its intensity changed over time.
There are several ways to introduce artificial movement to images. The
method presented herein is based on
three consecutive processes: a motion
process, an observation process, and a
computation process, in which dynamic
cues are computed (Fig 1). The observation process sets the parameters for
the type of motion that will be implemented, the motion process specifies
the type of movement that will be applied to the original image, and the computation process sets the dynamic cues
that will be presented to the observer.

Observation Process
The purpose of the observation stage is to
process the original image to establish the
parameters that will govern the motion process. In other words, it is a process in which
one can define which features of the original
Published online
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䡲 The improvement in the detection
of microcalcifications and lung
nodules achieved with the dynamic cues algorithm could positively affect the sensitivity of
screening programs for breast
and lung cancer.
䡲 The dynamic cues algorithm enabled more accurate diagnosis
than did standard static observation and involved use of the same
imaging technology, without extra
costs to the patients.
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image will show more or less motion or
flicker in the final dynamic cues video sequence.
There are different observation processes that can be applied. The simplest
process is to observe the original intensity
of each pixel. High-signal-intensity pixels
will have larger variations in motion or
flicker than will low-signal-intensity pixels.
Other observation processes are the use of
high-pass frequency filters, which will produce larger variations in small features or
edges; wavelet transformations, which will
produce larger variations in certain sizes
and frequencies on the original image; or
any kind of linear or nonlinear filtering that
results in an image or a region of interest
that has the same dimensions as the original image.

Motion Process
The purpose of the motion process is to
create a sequence of image frames (all
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of which are the same size) in which the
intensity of each pixel varies over time
and follows a pattern of movement that
is computed with the parameters obtained during the observation process.
This movement can be temporal (referred to as flicker) or spatial.
Figure 2 shows a possible use for
spatial movement as a sideways oscillation of every pixel at a constant amplitude and frequency depending on the
inverse of the original intensity of each
pixel. In this way, a dark pixel may oscillate from one side to the other faster
than a lighter pixel. Another way to introduce spatial motion is with pulsating
motion, as shown in Figure 3. The frequency of pulsations depends on the inverse of the original intensity of each
pixel. These two implementations require some kind of interpolation in image space, as well as a rule for dealing
with occlusion. The maximum amount

Figure 1

Figure 1: Flowchart shows the dynamic cues
computation process.

Figures 2– 4

Figure 2:

Diagram shows the laterally oscillating motion function.

Figure 3: Diagram shows pulsating motion function.
Figure 4:
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Diagram shows temporal motion function with pulsating intensity.
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of movement described by the pixels
can be adjusted as a tuning parameter
of the chosen type of spatial movement.
Temporal movement can be achieved
by varying the intensity of each pixel,
whereas the frequency of variation
again depends on the computations performed for every pixel during the observation process. A simple example is
shown in Figure 4, where the intensity
of a pixel varies as sinusoidal function

with a frequency that depends on its
original intensity. Different temporal or
spatial motion patterns can be created
by using different periodic functions,
such as sine, triangular, and rectangular
waves.

Computation Process
In the computation process, the intensity of pixels in each frame of the final
dynamic cues sequence video is com-

Figure 5

Figure 5: Graph shows phase shift of two pixels with slightly different gray-scale intensities.

Figure 6

Figure 6: A, Mammogram with microcalcifications. B, Magnified view of the microcalcification. C, Grayscale intensity profile of the dashed line in A shows the gray-scale contrast between the microcalcification and
the normal tissue.
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puted as a weighted average between
the original image and the frame given
by the motion process. In this way, irrelevant features reveal only small changes
when compared with the original images, and the majority of the motion or
flickering stimuli are produced by important features of the image. The
whole process of generating the dynamic cues video sequence with a standard personal computer takes less than
1 minute.
When viewing the whole array of images as a movie, it is possible to detect
objects by using the phase shift produced
between two pixels with different original
intensities. Even if these two adjacent pixels have relatively small differences in intensity on the original image, in time the
phase shift (in this case introduced by
temporal motion) will become visible, as
shown in Figure 5, where two pixels with
a minimal intensity difference produce a
phase shift of 180° at some point. In some
aspects, this is similar to dynamically
changing image contrast, which is a frequently used tool in medical imaging.
Here, the viewer is presented with a sequence of images in which the contrast
changes nonlinearly.
Figure 6, A, shows a mammogram
with a cluster of microcalcifications that
have small differences in gray-scale intensity with respect to normal tissue (as
can be seen in Figure 6, B, and in the
gray-scale intensity profile of Figure 6,
C). To perceive the effect on the HVS,
this should be seen as a movie; however, some of the effects produced by
the dynamic cues algorithm can be appreciated by plotting the intensity pixels
corresponding to microcalcifications
and their neighborhood as a function of
time. In Figure 7, each line represents a
specific time frame for the relation intensity versus the pixel location.
Clearly, the pixels that experience the
largest intensity variations over time
are those that correspond to microcalcifications, and it is this particular variation that excites the HVS.
One may think that choosing the
right time frame (where the difference
in intensity between microcalcifications
and neighboring healthy tissue is highest) from the nonlinear dynamic cues
Radiology: Volume 250: Number 2—February 2009
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algorithm could be enough to enable an
observer to detect the abnormality;
however, as we will demonstrate, it is
the flickering effect of a blinking region
in a video sequence that produces the
major benefits in terms of visual detection. A mathematic modeling of these
three processes is given in Appendix E1
(http://radiology.rsnajnls.org/cgi/content
/full/250/2/551/DC1).

Validation of the Dynamic Cues
Hypothesis
To compare diagnostic results of analysis performed with and without the
dynamic cues algorithm, we designed
a test in which the observer evaluated
a set of static images (standard static
test), a set of images with all of the
frames generated with the dynamic
cues algorithm in a static fashion
(static adjustment test), and a set of
images generated with the dynamic
cues algorithm in a dynamic fashion
(dynamic cues test). We used mammograms taken from the Mammographic Image Analysis Society database (http://wiau.man.ac.uk/services
/MIAS/MIASweb.html) (15) and chest radiographs taken from the digital image database of the Japanese Society of Radiological Technology (http://jsrt.or.jp/english
.html) (16).
In the standard static test, a set of
100 images was chosen from the previously mentioned databases. This set included 50 mammograms (20 with microcalcifications, 30 with normal findings that served as controls) and 50
chest radiographs (20 with lung nodules, 30 with normal findings that
served as controls).
In the static adjustment test, a set of
30 static frames was prepared for each of
the 100 images, with use of the flickering
option of the dynamic cues algorithm.
The observers could review each set of
static frames in whichever order they
chose, with a 10-second gap between individual frames during which a black
screen appeared so that observers could
not see two images consecutively. In this
way, the dynamic cue effect was avoided.
In the dynamic cues test, a video sequence was put together for each image by using the same 30 static frames
Radiology: Volume 250: Number 2—February 2009
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Figure 7

Figure 7: Graph shows gray-scale intensity distribution of the dashed line in Figure 6, A, in a specific time
frame versus pixel location.

from the previous test so that images
from the second and third tests were
identical except that images in the latter test were presented dynamically.
In all three tests, the data sets were
randomly rearranged, and observers
analyzed them on different days (between 2 and 30 days of separation).
Five experienced radiologists (D.R.,
M.E.N.; 24 and 18 years of experience,
respectively) performed mammographic
tests, whereas four 3rd-year radiology
residents performed chest radiographic
tests. Observers rated the presence of microcalcifications or lung nodules with a
five-point scale: (1, definitely not present;
5, definitely present). Radiologists and
residents were trained in image interpretation with a 3-minute video clip that
showed them three video sequences generated with the dynamic cues algorithm.
One sequence was of a normal image, and
the remaining two were of images with
microcalcifications or lung nodules. Finally, all radiologists and residents were
asked to give an overall impression of the
dynamic cues algorithm in terms of its
utility and how comfortable they felt during the test.

Data Analysis
Receiver operating characteristic (ROC)
analysis was used to compare observer performance in the detection of
lung nodules and microcalcifications in

the three tests. The areas under the
ROC curve (AUCs) were computed
with a quasi–maximum likelihood estimation of the binormal distribution
by using the computer program DBM
MRMC 2.2 (http://krl.bsd.uchicago
.edu/KRE_ROC/software_index.htm),
which was provided by Metz and colleagues (17,18). The significance of the
difference in AUC between the dynamic
cues experiments and each of the two
static experiments was estimated with
the Dorfman-Berbaum-Metz method
(18). This method included assessment of
reader variation and case sample variation with analysis of variance (19,20).

Results
Since it is impossible to show the visual
effects of dynamic cues just by using
static images on paper, example videos
with dynamic cues for mammograms
and chest radiographs are available on
our Web site (www.mri.cl/dynamiccues).
We have also included two example
videos with this article (Movies 1, 2,
http://radiology.rsnajnls.org/cgi/content
/full/250/2/551/DC1).
Tables 1 and 2 show the AUCs
used to analyze accuracy in the detection of microcalcifications on mammograms and lung nodules on chest radiographs for all three implemented
tests. The dynamic cues test increased
555
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the AUC for all observers when compared with that obtained with the
standard static method or the static
adjustment method. In the detection
of microcalcifications, the dynamic
cues method increased the AUC by
10.2% (P ⫽ .002) compared with the
standard static method and by 5.3%
(P ⫽ .043) compared with the static
adjustment method. In the detection
of lung nodules, on average, the dynamic cues method increased the AUC
by 12.3% (P ⫽ .0054) compared with
the standard static method and by
10.4% (P ⫽ .018) compared with the
static adjustment method.
In terms of the qualitative analysis
performed by radiologists and residents, all observers agreed that the
dynamic cues algorithm was useful, as
the video sequence generated with the
dynamic cues algorithm enabled them
to confirm some diagnostic doubts and
distinguish some lesions that were not
identified on the static images. Three
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of the nine observers, however, indicated that they felt tired by the end of
the test because the images strained
their eyes.

Discussion
The main strength of the dynamic cues
method lies in its ability to exploit highly
evolved brain functions that are already
present in humans but have not been
used previously to analyze medical images (21), without discarding traditional
static two-dimensional brain functions.
The dynamic cues algorithm exposes
observers to different visual stimuli (intensity, motion, and flickering) and enables them to better distinguish lowcontrast objects.
It may be difficult for an observer to
detect abnormalities on medical images
because of the camouflage effect. Humans can be easily tricked by objects
with the right camouflage (ie, if they
have textures or colors similar to those

of the background). In these cases, we
can actually see the object of interest
because of our visual intensity sensitivity, but we cannot distinguish it
from the rest of the field of view. Wellcamouflaged and still objects become
distinguishable only when they start to
move differently than the background
because our visual system is adapted
to recognize spatial or temporal movement (13).
Similarly, it is difficult for readers to
spot microcalcifications on mammograms
or lung nodules on chest radiographs because these abnormalities have intensities
and textures similar to those in the image
background. Thus, the dynamic cues algorithm consists of a nonlinear process
that introduces specific kinds of motion to
static images so that we can show the
observer movies in which structures
move with different patterns, and abnormalities become easily distinguishable.
There is strong evidence in the literature that shows that the HVS is partic-

Table 1
AUC Values in the Detection of Microcalcifications on Mammograms
Observer and Overall
Average
Radiologist 1
Radiologist 2
Radiologist 3
Radiologist 4
Radiologist 5
Average

Standard Static
Test (%)*

Static Adjustment
Test (%)*

Dynamic Cues
Test (%)*

Difference between Dynamic Cues
Test and Standard Static Test (%)

Difference between Dynamic Cues
Test and Static Adjustment Test (%)

89.2
88.7
78.1
85.5
89.1
86.1

94.2
92.0
89.0
87.7
91.9
91.0

98.1
97.9
94.9
95.4
95.1
96.3

8.9
9.2
16.8
9.9
6.0
10.2

3.9
5.9
5.9
7.7
3.2
5.3

Note.—P values were calculated with the Dorfman-Berbaum-Metz method and were as follows: .002 for the difference between dynamic cues test and standard static test and .043 for the difference
between dynamic cues test and static adjustment test.
* Data are AUCs.

Table 2
AUC Values in the Detection of Lung Nodules on Chest Radiographs
Observer and Overall
Average
Resident 1
Resident 2
Resident 3
Resident 4
Average

Standard Static
Test (%)*

Static Adjustment
Test (%)*

Dynamic Cues
Test (%)*

Difference between Dynamic Cues
Test and Standard Static Test (%)

Difference between Dynamic Cues
Test and Static Adjustment Test (%)

81.3
72.7
72.0
74.6
75.1

89.7
72.9
70.0
75.6
77.0

92.5
82.6
88.4
86.3
87.4

11.2
9.9
16.4
11.7
12.3

2.8
9.7
18.4
10.7
10.4

Note.—P values were calculated with the Dorfman-Berbaum-Metz method and were as follows: .0054 for the difference between dynamic cues test and standard static test and .018 for the
difference between dynamic cues test and static adjustment test.
* Data are AUCs.
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ularly sensitive to visual motion stimuli.
Several functional magnetic resonance
imaging experiments have shown that
visual motion stimuli activate additional
cerebral areas beyond those activated
by static visual stimuli (22–25). These
additional activation areas are the ones
that might be responsible for the improvement in the detection of microcalcifications and lung nodules with use of
dynamic cues.
Perhaps the main weakness inherent in
the use of dynamic cues is the strain on the
eyes caused by exposure to flicker for prolonged periods. About one-third of observers said that viewing mammograms or radiographs with dynamic cues for more than
30 minutes without a break was tiring. This
was mainly attributed to the pulsating intensity motion function used to generate the
sequences. The choice of other periodic
wave functions in the motion process generally tends to put less strain on the eyes but
results in less contrast. To overcome this
weakness, better wave functions have to be
investigated. Another weakness is the inexperience and lack of training of radiologists
in this way of evaluating images; however,
this should not be a substantial limitation
once the dynamic cues technique becomes
a widely available and used method.
It is important to note that the improvement in the detection of microcalcifications
and lung nodules achieved with use of the
dynamic cues algorithm could positively affect the sensitivity of screening programs
for breast and lung cancer, as this technique can be used to assign a diagnosis that
is more accurate than that assigned with
the standard static observation and makes
use of the same imaging technology without
extra costs for the patients.
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