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Abstract. There are several methods to evaluate objectively the quality of a
digital image. For digital mammography, objective quality assessment must be
performed without references. In a previous study, the authors investigated the
use of a normalized anisotropic quality index (NAQI) to assess mammography
images blindly in terms of noise and spatial resolution. Since the NAQI is used
as a quality metric, it must not be highly dependent on the breast anatomy. Thus,
in this work, we analyze the NAQI behavior with different breast anatomies.
A computerized system was used to synthesize 2,880 anthropomorphic breast
phantom images with a realistic range of anatomical variations. The results show
that NAQI is only marginally dependent on breast anatomy when images are
acquired without degradation (<12 %). However, for realizations that simulate
the acquisition process in digital mammography, the NAQI is more sensitive
(33 %) to variations arising from quantum noise. Thus, NAQI can be used in
clinical practice to assess mammographic image quality.
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1 Introduction
The evaluation of mammography image quality is important in clinical practice to
assure optimal performance of the radiologists. To execute this task, a large dataset of
clinical mammograms must be assessed by a group of radiologists through standardized
subjective methods [1]. These approaches are expensive, time-consuming and influenced by inter-observer subjectivity. An alternative is the use of objective image
quality assessment, where the goal is to provide computational models that can automatically predict perceptual image quality [2].
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There are several methods to evaluate the quality of a digital image objectively.
Generally, such methods calculate the similarity between the degraded image and a
reference image, which is assumed to have perfect quality (ground-truth) [2]. However,
these methods cannot be applied to digital mammography because the ideal image
without degradation is not available in clinical practice. Thus, for digital mammography, objective quality assessment must be performed without any reference.
No-reference or “blind” image quality assessment is an extremely difﬁcult task, as they
have to predict the perceptual quality of distorted images with no information about the
reference images [2].
In a previous paper [3], we investigated a no-reference image quality index to
assess mammographic images acquired within a range of radiation doses (noise) and
detector sizes (blur). The results reported by this index, the normalized anisotropic
quality index (NAQI), followed the same behavior as other well-established
full-reference indexes, such as the peak signal-to-noise ratio (PSNR) and structural
similarity index (SSIM), when evaluating digital mammograms acquired with anthropomorphic breast phantoms.
However, the NAQI is normalized by the entropy of the image. The anatomical
features of the breast exert some influence on this normalization. Since the anatomy
varies among patients, it would be an undesirable feature if the NAQI were more
sensitive to the variations on breast anatomy then to image quality. The purpose of the
current study is to analyze the sensitivity of the NAQI to a range of breast anatomies
and image qualities, using a large set of synthetic mammograms generated by an
anthropomorphic breast software phantom [4, 5] with a realistic range of anatomical
variations.

2 Method
The anisotropic quality index [6] is calculated using the generalized Rényi entropy (Ra)
and the normalized pseudo-Wigner distribution (Wz)
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where P[n,k] is the discrete space-frequency distribution, n and k are spatial and
frequency components, and a is a constant for the space-frequency distributions; n′ and
k′ represent the spatial and frequency discrete variables, m is a parameter used for
shifting and z* is the complex conjugate of z. To consider the entropy directions, z[n′]
is a 1D sequence of N gray values of pixels.
Based on Eqs. 1 and 2, the Rényi entropy for a pixel located at the position n,
described at the pseudo-Wigner domain, is given by
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ð3Þ
where the probability distribution Pn has been obtained from the normalization of
coefﬁcients Wz.
In considering the statistical dispersion of entropy, spatial resolution and noise have
an inverse correlation with anisotropy. To overcome this problem, the proposed metric
uses the anisotropy with directional dependency, since this measurement decreases in
accordance with the amount of degradation.
The proposed metric, based on result of Eq. 3, is given by:
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where M is the image size and hs 2 ½h1 ; h2 ; . . .; hS  represents the S different orientations that are considered to measure the entropy.

3 Materials
All images used in this work were generated using an anthropomorphic breast software
phantom developed by the University of Pennsylvania [4, 5]. The tissue simulation is
controlled by user-selected parameters, that can cover anatomical variations seen
clinically. All phantoms had a voxel size of (0.1 mm)3, a simulated breast volume of
1500 mL, and a compressed breast thickness of 6.4 cm. To test the robustness of the
image quality measure, in this study we speciﬁcally varied:
• Thickness of Cooper’s ligaments: 0.04 mm and 0.06 mm;
• Number of tissue compartments: 167, 333, 500, and 1,000;
• Percent of compartments labeled dense: 0 %, 5 %, and 10 %, corresponding to
overall glandularity of 15 %, 21 %, and 26 %, respectively;
• Size and shape of compartments: three sets of parameters selected;
• Skin thickness: 1.2 mm and 1.5 mm.
The combination of the anatomical features mentioned above generated 144 different phantoms, which were then simulated 10 times using different position seeds,
resulting in the equivalent of 1,440 patients.
Mammographic projections were synthesized based upon the simulation of a
clinical mammography Selenia Dimensions system (Hologic Inc., Bedford, MA), with
70 µm pixel size. The x-ray acquisition parameters were chosen assuming automatic
exposure control (AEC) and also half of the recommended mAs to simulate 50 % dose
reduction on the radiation dose. Therefore, a total of 2,880 FFDM were generated.
Figure 1 shows examples of simulated images.
A subset of the anatomical conﬁgurations was chosen, ﬁxing the skin thickness to
1.2 mm and the size and shape of compartments to just one value. A total of 240
images were then generated considering an ideal acquisition system with no noise. This
image set was used to study the impact of breast anatomy individually, without any
influence of the image quality.
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Fig. 1. Examples of three digital phantoms that simulate the skin thickness of 0.12 mm and
0.04 mm of Copper’s ligaments. (A) Breast density overall of 15 % and number of
compartments of 167; (B) 21 % and 500; and (C) 26 % and 1,000.

All experiments were performed using a ROI size of 2,791  709 pixels, containing as much of the inner breast tissue as possible to avoid background bias. The
window size (w) and number of directions of the NAQI algorithm were set to 16 pixels
and 5 angles (H = [0°, 45°, 90°, 135°, 180°]), respectively.

4 Results
First, the NAQI was evaluated over a dataset of 240 ground-truth images, generated
considering an ideal acquisition system with no noise. Second, all the 144 different
breast anatomies, with 10 random realizations were evaluated at two different radiation
dose levels: the one given by the AEC and 50 % of it. The total number of images
considered in the second subsection is 2,880.

4.1

Impact of Breast Anatomy

Table 1 presents the NAQI reported for the phantom simulations, arranged by four
classes of compartments (167, 333, 500 and 1000) and two groups of ligament
thickness (0.04 mm and 0.06 mm).
Note that the NAQI is reduced as the number of compartments and the percent of
compartment’s density are increased. On the other hand, NAQI increases with the
thickness of Cooper’s ligaments.
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Table 1. Proposed blind index (NAQI) calculated for 10 synthetic images of each type, without
any degradation, categorized by number of compartments, Cooper’s ligament thickness and
breast skin thickness.
Average of NAQI
Overall percentage
density (PD)
15 % 21 % 26 %
167
0.348 0.344 0.336
333
0.333 0.326 0.318
500
0.325 0.322 0.315
1,000
0.318 0.315 0.310
Total NAQI reduction −9 % −8 % −8 %
Ligament thickness
0.06 (mm)
0.352 0.347 0.339
0.04 (mm)
0.310 0.306 0.301
Total NAQI reduction −12 % −12 % −11 %
Skin thickness
1.2 (mm)
0.331 0.327 0.320
No. Compartments

4.2

Total NAQI reduction
−4
−2
−3
−4

%
%
%
%

−4 %
−4 %

−3 %

Impact of Dose Reduction

The next set of experiments was performed using the set of 2,880 images simulated
with 100 % and 50 % dose. In this experiment we investigated if variations on breast
anatomy are more relevant then the changes on image quality.
Figure 2 shows the reported values of NAQI for different breast densities, number
of compartments, and radiation dose. Figures 3 and 4 show the equivalent results for
variations in the thickness of the Cooper’s ligament and skin thickness, respectively.

No. Compartments: (A) 167, (B) 333, (C) 500, (D) 1000
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Fig. 2. Reported NAQI for each breast density and number of compartments. (Color ﬁgure
online)
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Cooper's ligament thickness: (A) 0.04 mm and (B) 0.06 mm
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Fig. 3. Reported NAQI for each breast density and thickness of Cooper’s ligament. (Color
ﬁgure online)

Skin thickness: (A) 1.2 mm and (B) 1.5 mm
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Fig. 4. Reported NAQI for each breast density and skin thickness. (Color ﬁgure online)

As a ﬁnal experiment, we compared the distributions reported by the NAQI values
at both radiation levels, as shown by Fig. 5. Using both distributions, we calculated the
ROC curve that illustrates the performance of a binary classiﬁer that would apply the
NAQI to discriminate images at different doses. The reported AUC was 0.994.
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Fig. 5. Histogram distribution of NAQI showing the variation in accordance with the breast
anatomy and radiation dose (half and full dose). (Color ﬁgure online)

5 Discussion and Conclusions
In this work, we evaluated the dependency of the NAQI to breast anatomy and radiation dose. To assess the image quality properly, the proposed index must report a
stronger dependency to image quality than to breast anatomy.
The ﬁrst experiment used noiseless images with a range of anatomies to assess how
the breast composition individually influences the NAQI. The results of this experiment, presented in Table 1, showed that the NAQI decreases at most 12 % when only
the anatomy changes.
In the second experiment, the images were simulated with quantum noise in
accordance with the AEC in digital mammography, corresponding to the standard
radiation dose (full dose) and 50 % dose of a clinical mammographic projection. The
variation on image quality due to dose reduction yielded a decrease of 33 % in the
NAQI. Figures 2 and 3 show how each anatomic feature affects the metric on image
quality. It is evident that changes on image quality (between blue and red columns)
cause greater variation in the metric than do variations in breast anatomy (within red
and blue columns).
Moreover, in a detailed analysis, the NAQI trend is inverted in terms of the number
of compartments, i.e., the anisotropic index tends to be higher because of the increased
complexity arising from the larger number of compartments (from 167 to 1,000). This
inverse relationship proves that the index is highly sensitive to quantum noise. Thus,
although the AEC adjusts the exposure factors to different breast proﬁles, denser
phantoms tend to achieve lower NAQI.
The discrete histogram distribution based upon the NAQI values differentiates with
high accuracy (AUC = 0.994) good quality images (full dose) and low quality (half dose).
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For future work, the authors will analyze a large institutional clinical data set to provide a
more complete statistic.
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