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Abstract. Mammograms provide a significant amount of information,
which allows the classification of breast tissue into one of four breast den-
sity categories. The higher the category score, the greater the amount
of dense (fibroglandular) tissue in the breast. These categories were pro-
posed to give an indication of the sensitivity of mammography, but it
is also widely acknowledged that breast density is associated with the
risk of developing cancer. Thus, accurate and reproducible measures of
classifying breast density are important for breast cancer screening and
risk assessment.

We present our VolparaTM algorithm to automatically estimate the
volumetric breast density (VBD) from mammograms. VBD is the per-
centage of fibroglandular tissue in the breast and is a physiological mea-
sure of the breast composition. Volpara uses a physics model together
with image information derived from a mammogram to report the breast
density. In this paper, we compare Volpara’s VBD with various statisti-
cal texture measures across 1179 mammograms. This comparison shows
that Volpara has the best performance in categorising breast density with
respect to radiologist’s readings.

Keywords: Volumetric breast density · Mammogram · Image process-
ing · Texture

1 Introduction

Breast cancer is the most commonly diagnosed cancer in women worldwide and
is the second most fatal cancer overall (lung cancer is the first) [1,2]. Breast
cancers diagnosed at later stages tend to have poorer outcomes. Therefore, the
early detection of breast cancer through mammographic screening is crucial.
Mammography is a specific type of imaging that uses a low-dose x-rays to gener-
ate digital images of the internal breast structure, referred to as mammograms,
for radiologists to review.

The breast is mainly composed of fatty and fibroglandular tissues. The fibrog-
landular tissue attenuates x-rays to a greater extent than fatty tissue, which
makes fibrogalndular tissue appear brighter on mammograms. Since cancers also
appear brighter on a mammogram, increased breast density can reduce the sensi-
tivity of mammography. There is a strong correlation between the breast density
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and the risk of developing a breast cancer. For instance, women with the dens-
est breasts are at four to six times increased risk of developing breast cancer
compared to women with the least dense breasts [3,4]. Therefore, the American
College of Radiology has developed a BI-RADS (Breast Imaging-Reporting and
Data System) to give an indication of the sensitivity of mammography [5]. The
4th edition of this standard provides four categories:

– BI-RADS 1: the breast is almost entirely fatty (<25 % fibroglandular tissue)
– BI-RADS 2: there are scattered breast densities (25–50 % fibroglandular

tissue)
– BI-RADS 3: the breast tissue is heterogeneously dense, which could obscure

detection of small masses (51–75 % of fibroglandular tissue)
– BI-RADS 4: the breast tissue is extremely dense (>75 % glandular). This

may lower the sensitivity of mammography.

An example mammographic image for each BI-RADS category is shown in
Fig. 1. If categorised as BI-RADS 3 or 4, the radiologist may recommend the
patient for supplementary imaging techniques that are not influenced by dense
tissue (e.g. ultrasound or magnetic resonance imaging) to detect a cancer, which
may be masked by the dense tissue.

(a) BI-RADS 1 (b) BI-RADS 2 (c) BI-RADS 3 (d) BI-RADS 4

Fig. 1. Sample mammogram for each BI-RADS category.

Various image processing techniques have been recently proposed to classify
or quantify the breast density into BI-RADS categories [6–8]. Texture analysis
is the most commonly used image processing approach to classify breast den-
sity based on a radiologist’s BI-RADS scores. Subashini et al. [7] segmented
the breast image using a histogram-based threshold in which they removed all
pixels with gray value less than 40. The statistical texture features (e.g. mean,
skewness or uniformity) are then extracted from the processed image and fed to
the support vector machine (SVM) to classify the breast density. The authors
report an average classification accuracy of 95.44 % over 43 mammograms. Sim-
ilarly, Sheshadri and Kandaswamy [9] used the image histogram to extract the
statistical features (e.g. mean, entropy or standard deviation) and reported an
average classification accuracy of 80 % over 320 mammograms. Limitations of the
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histogram-based approaches include: (1) histogram pattern is variable to noise
or contrast (vendors use different algorithms to adjust the image contrast), and
(2) thresholding may remove important information, such as valid breast tissue
from the breast region during analysis.

Texture-based approaches have shown very good classification accuracy on
mammograms in recent research [7,10,11]. However, the main problems asso-
ciated with these methods are: (1) the number of mammograms used in the
studies were small, thus limiting their statistical power, and (2) texture analy-
sis is vulnerable to contrast changes and can give quite different results across
mammograms of the same patient. A change in contrast for a mammogram
can occur if radiographer applies variable configuration settings during mammo-
graphic acquisition, such as x-ray tube voltage or compression force. Therefore,
we believe that there is still room for a thorough evaluation of statistical texture
measures across a large set of mammograms.

There are also commercial softwares available to estimate the breast density
using area-based methods, such as Cumulus [12]. Cumulus is a semi-automated
software and widely considered to be the gold standard for breast density work.
The area-based methods first segment (automatically or semi-automatically) cer-
tain areas of the projected breast and then estimate the breast density from the
segmented areas. Area-based methods have shown to correlate well with mammo-
gram sensitivity [3]. However, the area-based methods drive tissue information
solely from the image, which highly depends upon on the imaging conditions,
such as breast compression and x-ray exposure. However, breast tissue is a three
dimensional concept rather than a two dimensional projection. So, it is more
reasonable to consider the breast density in term of the volume percentage.

VolparaTM algorithm is a volume-based method and estimates the volume
of fibroglandular tissue, and the ratio of that to the breast volume, which gives
volumetric breast density. The Volpara algorithm not only provides a very good
agreement with the ground truth reading (magnetic resonance imaging data) [13]
but is also shown to perform better than Cumulus [14]. The Volpara algorithm
uses phase congruency [15] and realistic breast edge models [13,16] to estimate
the volumetric breast density and does not use calibration objects as required
by some volume-based methods [16,17]. In principle, the calibration object leads
to a highly accurate measure of breast density. However, use of a step-wedge is
impractical clinically, and needs to be removed by radiographers while imaging
large breasts.

In this paper, we examined the correlation between extracted image features
(texture and VBD) and one radiologist’s BI-RADS readings (score of 1, 2, 3 or
4). We refer to texture analysis and VBD as image measures in the remaining
part of the paper. We first separated the extracted image feature data into four
groups according to the radiologist’s reading. Then, we developed two quality
metrics to evaluate how well an image measure can classify images based on the
BI-RADS scores. An image measure that gives good data separation between
the BI-RADS categories is likely to perform well.
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Our paper is structured as follows: Sect. 2 presents the image measures used
in this paper, such as statistical texture measures and the Volpara algorithm.
Dataset and quality metrics are presented in Sect. 3. Results are discussed in
Sect. 4, followed by the conclusion.

2 Image Measures

A typical mammographic image is comprised of the breast region and the back-
ground. Some image segments, such as the pectoral muscle and medical labels,
do not contribute to the breast density. Therefore, pre-processing is performed
on a mammogram to extract a valid breast tissue area, referred as a Region of
Interest (ROI), and that region is then used to classify the breast density. In this
section, we discuss the image measures used in our work.

2.1 Texture Measures from the Image

We detect a ROI (valid breast tissue region) from a grayscale mammogram
and convert it to a one dimensional vector X in which the element xi (i =
0, 1, 2, 3, · · · ,m− 1) represents pixel values and m is the total number of pixels.
We then compute the texture measures using the following approaches:

– Standard deviation (STD) measures a change in the contrast intensity to
classify patterns.

STD =

√
√
√
√

1
m − 1

m∑

i=1

|xi − (
1
m

m∑

i=1

xi)|2 (1)

Heavy textures (random distributions of pixel values) give a high STD value
compared to the smooth textures (uniform distributions of pixel values).

– Entropy (ENT) measures the randomness of data to characterise the texture
of the image.

ENT = −
256∑

i=1

ci log 2(ci) (2)

A 256-bin histogram is generated from the vector X and ci refers to the cor-
responding histogram counts. We expect a high ENT value for heavy textures
and a low ENT value for smooth textures.

– Skewness (SKW) measures the inequality of the data distribution about
the mean. A negative skewness means that the data is distributed more to
the left of the mean (a value smaller than mean) than to its right (a value
larger than mean) and vice versa.

SKW =

1
m

∑m
i=1(xi − x)3

(√∑m
i=1(xi − x)2

)3 (3)
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where x is the arithmetic mean. A uniform distribution gives a zero SKW
value. Otherwise, SKW value varies depending upon the distribution of pixel
values.

2.2 Texture Measures from Gray-Level Co-occurrence Matrix

The texture measures introduced in the previous section do not use spatial infor-
mation (we converted the image to a 1-D vector). An alternative method for
examining image texture is to consider the spatial relationship of pixels of a
grayscale mammogram by a gray-level co-occurrence matrix (GLCM) [18,19].
GLCM estimates the image properties related to second-order statistics by con-
sidering the relation between two neighbouring pixels in one offset as the second
order texture, where the first pixel is called the reference and the second pixel is
called the neighbour. GLCM contains joint probabilities between pairs of pixels,
separated by a displacement distance d in a given direction θ.

We have computed GLCM from the ROI and used several displacement values
(1, 2, 4, 8 and 16) along with common values of θ (0, 45, 90 or 135) in which we
found that the setting d = 1 and θ = 0 gave the best results. In this paper, we
report the results of this optimal setting.

Let G represent a GLCM matrix (square matrix with L2 elements) having
joint probabilities between pairs in distance d and direction θ. Gi,j is the value
at ith row and jth column of the matrix G. We computed the following statistical
measures from the GLCM:

– Contrast (CON) measures the linear dependency of gray levels of neigh-
bouring pixels.

CON =
∑

i,j

|i − j|2Gi,j (4)

The expected value of CON ranges from 0 to (L− 1)2. Heavy textures give a
high CON value while smooth textures normally give low CON value.

– Homogeneity (HOM) measures the uniformity of non-zero entries in the
GLCM.

HOM =
∑

i,j

1
1 − (1 − j)2

Gi,j (5)

The value of HOM ranges from 0 to 1. For smooth textures, the homogeneity is
high and vice versa. High homogeneity indicates that texture contains multiple
repetitive structures.

– Correlation (COR) measures gray level linear dependence between the pix-
els at the specified locations relative to each other.

COR =
∑

i,j

(1 − μi)(1 − μj)Gi,j

σiσj
(6)

where μi(j) and σi(j) are means and standard deviations of the G elements at
ith (jth) row. Smooth textures gives a high value of COR while heavy textures
give a low value of COR. The expected value of COR ranges from 0 to 1.
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2.3 VolparaTM Algorithm

VolparaTM algorithm finds pixel values in the breast that correspond to entirely
fatty tissue, referred to as Pfat, which is used as a reference to compute the
thickness of the dense tissue hd at each pixel location (x, y) based on the following
equation [16]:

hd(x, y) =
ln(Px,y/Pfat)
μfat − μdense

(7)

The pixel value P is assumed to be linearly related to the energy imparted
to the x-ray detector. The denominator is the effective x-ray attenuation coef-
ficients for fat and dense tissue, receptively. This formula is intrinsically robust
to any errors, such as exposure, detector gain or multiplicative variations [20].
Equation (7) generates a density map, where each pixel corresponds to the dense
tissue thickness. The volumetric breast density (VBD) is then computed by inte-
grating over the entire breast area in the density map.

Volpara is an FDA-cleared and CE-marked commercial product for breast
density assessment. Volpara is currently used in 30 countries with 215 installa-
tions at various sites. Volpara is also supplied for research purposes.

3 Dataset and Quality Metrics

Digital mammography imaging generates two types of images for analysis, raw
and processed. The visualisation of contrasts is suboptimal in raw images, which
makes it hard for radiologists to estimate the breast density. Vendors apply a
suitable image processing technique on raw images to generate processed images
to allow an improved contrast for radiologist’s BI-RADS readings. But processed
images tend to vary in contrasts among vendors due to their specific image
enhancement algorithm. On the other hand, raw images do not vary and can
offer consistent results for density analysis. In this paper, we have therefore used
the raw images for analysis.

Each patient normally has one mediolateral oblique (MLO) and one cranio-
caudal (CC) view for the left and right breasts, respectively. Our data consisted
of 1179 mammograms belonging to 296 patients (cases). We used the services
of a qualified radiologist to examine the mammograms and assign an average
BI-RADS score for each case based on visual assessment.

Each image measure yields a numerical-value for a mammogram in our exper-
iments. We then compute the average value per case, to allow for a direct compar-
ison with the BI-RADS scores, which are assigned on a per case basis. Therefore,
all results in this paper are case-based.

The motivation of our study is to analyse the correlation between each image
measure and the BI-RADS score. We first separated the numerical-values of each
image measure into four groups based on the radiologist’s BI-RADS readings.
Then, we analysed the separation between values of groups. For example, the val-
ues between BI-RADS 1 and BI-RADS 2, and between BI-RADS 1 and BI-RADS
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Fig. 2. Valid BI-RADS combinations (upper right triangle elements) used to analyse
the image measures.
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Fig. 3. An example showing box–trend for the boxplot of volumetric breast density
(VBD).

3, and so on. As shown in Fig. 2, we had six valid combinations of BI-RADS
groups. We selected each valid BI-RADS combination as two distributions and
applied a two-tailed t-test to determine if the two distributions were significantly
different (as the initial test). We found that the p-values were less than 0.05 for
all valid combinations of each image measure. Therefore, t-test could not differ-
entiate between the classification performance of image measures. So, we have
developed two new statistical metrics to analyse the classification performance
of each image measure.

3.1 Quality-Score (QS)

The performance of an image measure can be evaluated by using a boxplot in
terms of the box trends and any overlapping data. As the BI-RADS score is
related to the breast density, we expect a consistent (either upwards or down-
wards) trend for all boxes. To quantitatively examine the box trend, one can
simply measure the upper and lower percentile slopes between two consecutive
boxes, see Fig. 3 for an example. Each boxplot yields three lower–percentile and
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Fig. 4. An example showing how the overlapped area for the normal distributions of
VBD is calculated.

corresponding upper–percentile slopes in a binary manner: 1 for positive slope
and 0 for negative slope. So we expect a consistent box–trend with a slope sum
q of 6 or 0:

q =

⎧

⎨

⎩

1
∑

ij

(klower
ij > 0) +

∑

ij

(kupper
ij > 0) = 6 or 0

0 otherwise
(8)

in which i and j are consecutive BI-RADS indices.
On the other hand, the box overlap can be examined by the Bhattacharyya

correlation coefficient (BC) [21], which ranges between 0 (complete overlap) and
1 (no overlap). Four BI-RADS categories have six valid combinations (e.g. BI-
RADS 1 vs BI-RADS 2 and BI-RADS 1 vs BI-RADS 3, etc. see Fig. 2 for a
description). The mean of the BC coefficients for these combinations is combined
with the slope sum q to give a quality-score (QS):

QS = q × 1
n

n∑

i=1

(1 − BC) (9)

where n is the total number of combinations (6 combinations in our case). As
a result, an excellent data separation has a QS = 1 whereas a failed separation
reads QS = 0.

3.2 Overlap-Area (OA)

To further examine the proposed image measures, we developed another statisti-
cal metric that compares the overlapped proportion between data distributions.
Again, we first separated the measured image data into four groups based on
the radiologist’s BI-RADS readings. Then we computed one histogram per BI-
RADS category. This gives us four histograms per method. Lastly, we fitted
normal distribution curves to histograms as shown in Fig. 4. Few overlaps (over-
lapped area = 0) between two normal distribution curves indicate an excellent
data separation, whereas a complete overlap i.e. where the overlapped area = 1
means that two data sets are statistically the same (failed separation).
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Following the above idea, we defined another quality metric as the mean
overlap-area (OA) over the six valid combinations of BI-RADS data groups (valid
combinations are shown in Fig. 2). Contrary to QS, OA = 0 indicates perfect
data separation while OA = 1 indicates a failed separation.

4 Results

Our image measures are applied on a region of interest (ROI) of the raw mam-
mographic image and density map output by VolparaTM. The ROI is defined
as the inner breast region detected by Volpara algorithm. Note that Volpara’s
volumetric breast density (VBD) is determined from density map.

The generated boxplots and histograms for each image measure are shown
in Figs. 5 and 6 respectively. The computed quality-score (QA) and overlap-area
(OA) metrics for each image measure is summarised in Table 1. It is clear that
VBD performs the best in classifying the mammograms since it has the largest
QS and smallest OA. We also note that correlation (COR) and standard devia-
tion (STD) have comparable performance as VBD. However, Fig. 7 demonstrates
that STD is not able to differentiate between fatty (BI-RADS 1) and extremely
dense (BI-RADS 4) breasts, which is not acceptable clinically; whereas COR
lacks confidence to distinguish breasts of BI-RADS 2 and BI-RADS 3. More-
over, we find that COR is likely to misinterpret a focal density (clustered dense

raw image density map

1 2 3 4

50
100
150
200

CON

1 2 3 4
0.8

0.9

1
COR

1 2 3 4

0.2

0.3

0.4

HOM

1 2 3 4

0.5

1
ENT

1 2 3 4

200

400

600
STD

1 2 3 4

-6

-2

2
SKW

1 2 3 4

20

40
VBD

1 2 3 4
0

200

400
CON

1 2 3 4

0.8

1
COR

1 2 3 4

0.2

0.4

HOM

1

2

1 2 3 4

5

10

15
STD

1 2 3 4

0

5

10

SKWENT

1 2 3 4

Fig. 5. Boxplots of the proposed image measures for raw images and density maps.
In each sub-plot, the x-axis is the BI-RADS score, and the y-axis donates an image
measure specified by the title.

Table 1. Results for image measures: (higher QS and lower OA correspond to the best
classification performance)

Metric Raw Images Density Maps
COR CON HOM ENT STD SKW COR CON HOM ENT STD SKW VBD

QS 0.34 0.48 0.28 0.10 0.49 0 0.28 0.46 0.01 0.16 0.48 0 0.58

OA 0.38 0.27 0.44 0.65 0.26 0.53 0.44 0.28 0.67 0.57 0.27 0.42 0.19
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raw image density map
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Fig. 6. Histograms and fitted normal distribution curves of the proposed image mea-
sures for raw images and density maps. In each subplot, the vertical division from top
to bottom represents BI-RADS 1–4. For each sub-plot, the x-axis donates the image
measure specified by the title, and the y-axis simply measures the counts for histogram
(y-axis labels are removed due to limited space).

(a) Comparing STD with VBD

(b) Comparing COR with VBD

Fig. 7. Sample mammograms with a radiologist’s score (RS) at the top of the image
and other image measures are at the bottom of the image.
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Fig. 8. Sample mammograms with a radiologist’s score (RS) at the top of the image
and VBD measures are at the bottom of the image.

tissue that can potentially mask tumours) as low BI-RADS category since such
tissue structure has repetitive patterns giving large COR values (boxplot sug-
gests that large COR value corresponds to low BI-RADS score). BI-RADS 3
cut-off is very important in countries, such as the United States, where density
legislation affects the women. This also limits the applicability of COR in clinics.

Although Volpara showed the best relationship to radiologist’s BI-RADS
scores, its measure sometimes overestimates or underestimates the VBD com-
pared to radiologist’s readings (see Fig. 8 for examples). The issues causing the
underestimation or overestimation of breast densities are poor compression, poor
breast positioning, or very high x-ray tube voltages. These issues significantly
degrade the quality of mammogram and affect the breast density classification.
We are working on these issues to improve the precision of the breast density
classification.

5 Conclusion

This paper presents a preliminary evaluation of various image measures over a
large number of mammograms. For statistical analysis, we have developed two
new quality metrics to analyse how well an image measure classifies mammo-
grams based on a radiologist’s BI-RADS scores.

Standard deviation (STD) measure is likely to be a good candidate for
breast density classification due to its computational efficiency and considerably
good image classification. However, STD does not perform well in distinguish-
ing between fatty (BI-RADS 1) and extremely dense (BI-RADS 4) breasts. On
the other hand, correlation (COR) measure performs well with fatty and very
dense breasts. However, our experiments show that it cannot differentiate prop-
erly between breasts of BI-RADS 2 and BI-RADS 3 categories. Our statistical
analysis indicates that volumetric breast density (VBD) measure performs rel-
atively better than other image measures in classifying the breast density. It is
also worth mentioning that VBD measures a physiological characteristic, and it
has significance in terms of the risk of developing breast cancer, whereas other
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image measures focus on image properties and the relevance to risk is not yet
clear. The primary contributions of this paper are two-fold:

1. comparison of six standard statistical texture measures with VBD, to analyse
how well a given image measure can classify mammograms based on the
radiologist’s readings.

2. development of two new statistical methods, quality-score and overlap-area,
to evaluate the performance of each image measure.

As further work, we will analyse the classification performance of texture
measures on tomosynthesis images. Breast tomosynthesis is a recent break-
through in mammography that provides a clearer and more accurate view com-
pared to conventional mammography. Breast tomosynthesis takes multiple slices
of the entire breast allowing radiologists to examine through the layers of tissue.
However, motion artifacts are likely to occur in sliced images because of the
slightly longer exposure time compared to mammograms [22], which can make
it difficult to classify the breast density. To our knowledge, there are few studies
in evaluating the texture measures on tomosynthesis images till date.

Acknowledgment. We thank Associate Professor Alistair D. A. Steyn-Ross at the
University of Waikato for his valuable insights to help us develop the overlap-area
metric.
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