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Introduction

1.1

Breast cancer

Breast cancer is the most frequent cause of cancer death among women, worldwide 1 . In Western Europe, approximately 10% of the women will develop, and 2%
will die from breast cancer before the age of 75 2 . In order to increase the chance of
breast cancer survival it is important to detect it in an early stage. To achieve this,
many countries have organized breast cancer screening programs in which asymptomatic women are regularly invited for an examination. In such an examination,
X-ray scans of both breasts are acquired and then assessed by radiologists. In the

Figure 1.1: Typical set of screening mammograms of a patient that are evaluated by
a radiologist. The bottom row shows the four mammograms (MLO and CC view of
both breasts) of the latest exam. From left to right: MLO right, MLO left, CC right
and CC left. The top four mammograms are the same views as the bottom four, but
these were acquired in a previous exam, for example 2 years earlier.

early days of breast cancer screening these scans, called mammograms, were made
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on film, but are nowadays more and more made digitally. To improve cancer detection, it is common practice to acquire two views per breast by compressing and
imaging the breast in two different directions, e.g. craniocaudal (CC) and mediolateral oblique (MLO). These four mammograms, together with mammograms
that might have been acquired in previous exams (see fig. 1.1), are then carefully
inspected by radiologists for signs of breast cancer. These signs can roughly be
divided into two groups: microcalfication clusters and masses.

1.1.1

Microcalcification clusters

Microcalcifications are very small (approximately 0.1 to 0.5 mm in diameter) calcium deposits that show up as bright white specks in mammograms. Calcifications
are very common but luckily often benign (see fig. 1.2a), when caused by processes
like ageing, inflammation, old injuries and calcification of the arteries. However,
some microcalcifications are associated with extra cell activity in breast tissue and
can be an early indication of breast cancer. These malignant microcalcifications usually have a certain topology and appear in clusters with a specific pattern (see fig.
1.2b). A certain type of cancer, called ductal carcinoma in situ (DCIS), is often detected only due to the appearance of such microcalcification clusters. Detection of
DCIS (and thus microcalcification clusters) is important, because action can then be
taken before these lesions get the chance to develop into invasive tumours and form
metastases to lymph nodes and other organs, which would decrease the chance of
survival.

Figure 1.2: Benign (a) and malignant (b) microcalcifications.
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Masses

A mass is a dense group of cells that is growing in an abnormal, uncontrolled way.
There are two types of masses: malignant and benign ones. The difference between
these two is that malignant masses can invade and destroy surrounding tissue and
metastasize, while benign masses can not. Benign masses are therefore relatively
harmless. When a mass is round or oval with a sharp, well-defined edge, it is often
benign (see fig. 1.3a). However, when the edge is undefined or has a radiating
pattern of spicules it is more likely to be malignant (see fig. 1.3b). An interruption
of the normal ductal pattern is often also visible as a spiculated pattern but without
a central mass. Such lesions are called architectural distortions. Some masses do not
have such characteristic features, but are only recognized due to an asymmetry in
tissue density between the right and left breast. These lesions are called asymmetric
densities

Figure 1.3: Benign (a) and malignant (b) mass.

1.2

Computer-aided detection of breast cancer

Only a small fraction of the mammograms that are acquired in screening programs
will contain cancer. It is the task of radiologists to identify these cancers by their
sometimes very subtle signs, in the midst of all the normal mammograms. In order
to assist them in this task, computer-aided detection (CAD) systems have been developed. Such systems detect suspicious regions in digital or digitized film mammograms by means of several image characteristics. Mass and microcalcification
cluster detection is usually done with two separate systems. Traditionally, CAD
systems are used to find abnormalities and prevent perceptual oversight by placing

1.3 Digital breast tomosynthesis
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markers on the detected suspicious regions. This is appreciated by most radiologists for the detection of microcalcifications, because the performance of these CAD
systems is relatively high and the marks alleviate the task to detect these tiny spots.
However, there is less agreement on the benefit of CAD for mass detection, because
the lower performance of these CAD systems still induces a significant amount of
false positive marks. Other ways to use CAD are therefore investigated, for instance as a tool to help radiologists interpret suspicious regions instead of helping
them with their initial detection. This can be achieved by only showing a CAD
mark with a suspiciousness score when a radiologist queries a region that he finds
suspicious 3 .

1.3

Digital breast tomosynthesis

Full-field digital mammography (FFDM) is currently the state-of-the-art imaging
technique in breast cancer screening. A major limitation of this technique is however that it makes a 2D projection image of the complex 3D tissue structure of
a breast. In such a projection image, overlying breast tissue is projected on top
of each other. Due to this, tumours can get obscured by other tissue, which can
lead to missed cancers and thus a limited sensitivity. On the other hand, overlapping normal tissue structures can also form configurations that mimic suspicious
lesions, which in turn can induce unnecessary recalls and limit the specificity of
FFDM. A new imaging technique called Digital Breast Tomosynthesis (DBT) was
developed to overcome this lack of information in the depth dimension and its associated problems. DBT is based on the concept of tomography and generates a
3D volume –or stack of slices– of the breast from several projection images that are
acquired from a slightly different angle. The technique is similar to that of computed tomography (CT) with the main difference that the projection images are not
acquired at a full 360 degrees around the patient, but at a narrow angular range.
The number of projection images that are acquired with DBT is also small and the
dose of a single projection image low, so that the total dose that is administered to
a patient will stay within an acceptable range. These trade-offs are made in order
to be able to get reconstructed slices with a high in-plane resolution (necessary for
the visualization of microcalcifications) that add some depth information to FFDM,
while keeping the dose comparable to a single 2D mammogram. Early studies on
the clinical performance of DBT are very promising and suggest that the sensitivity
and specificity of DBT might indeed be higher than that of FFDM. Fig. 1.4 illustrates
a typical difference in tumour appearance between FFDM and DBT.

6

Introduction

Figure 1.4: A digital mammogram (left) and reconstructed tomosynthesis slice
(right) of the left breast of the same patient with two invasive ductal carcinomas
(indicated by the red arrows).

1.3.1

Principles of tomosynthesis

The general setup of a DBT system is similar to a conventional mammography system. In these systems a breast is placed between an x-ray tube and detector and is
compressed between the detector and a compression paddle. X-rays are transmitted through the breast and the detector measures the amount of x-rays that were
able to pass through. Each pixel value in a projection image is proportional to the
x-ray absorption of all the tissue between the x-ray tube and the detector pixel element. There is thus no information about the location of specific types of breast
tissue that were encountered along the x-ray path in the z direction (see fig. 1.5).

1.3 Digital breast tomosynthesis
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X-ray tube
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X
Figure 1.5: Principle of 2D FFDM acquisition. A mammogram does not contain spatial information in the z direction. Structures that lie above each other are projected
on top of each other.
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Figure 1.6: Principle of 3D DBT acquisition. Several low dose projection images are
acquired from different angles by rotating the x-ray tube around the breast. Each
projection image provides some additional information about the spatial location of
the various structures in the breast.

The principle of DBT is to acquire not one, but several projection images from different angles by rotating the x-ray tube around the breast. Each projection image is
thus different and provides some additional information about the spatial location
of the various structures in the breast (see fig. 1.6). A reconstruction algorithm is

1.3 Digital breast tomosynthesis
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then used to process the series of projection images into a reconstructed volume
in which the 3D spatial distribution of the various structures is estimated. Reconstructing the 3D volume is however an ill-posed problem due to the incomplete
sampling of the breast with a limited number of low-dose projection images acquired over a limited angular range. Several reconstruction algorithms have been
proposed to address the problem. The conventional algorithm, called shift-andadd, reconstructs slices that are parallel to the detector plane (see Fig 1.7). Each
slice at a given distance from the detector is computed by appropriately shifting all
the projection images and adding them up. In this way, features in the in-focus slice
are enhanced while structures from other slices get blurred. Filtered back projection
(FBP) is a more elaborate algorithm that reconstructs the slices while making use of
dedicated filters that are designed for tomosynthesis, based on their system geometry and features of interest that need to be reconstructed. Iterative reconstruction
algorithms address the problem by iteratively updating a model of the breast volume (e.g. voxels that represent attenuation coefficients) until a certain objective
function is satisfied. For instance when simulated projection images of the model
result in a minimal deviation from the actual acquired projection images.

1.3.2

Acquisition parameters

The image quality of reconstructed DBT volumes strongly depends on acquisition
parameters such as: radiation dose, number of projection images and angular span
of the projection images. One of the main challenges in the design of DBT systems
is to set these parameters in such a way that the image quality of the DBT volumes
will render a maximized clinical performance, while the total radiation dose that
is administered to a woman is minimized. Exposure to ionizing radiation should
obviously be minimized, especially in a screening setting where asymptomatic women are being imaged. The total radiation dose of a DBT acquisition is a combination of the dose per projection image and the number of projection images that
are acquired. A balance between the two should be found. Simply increasing the
radiation dose per projection image will naturally result in better projection images and reconstructed slices with a higher signal-to-noise ratio. However, when
the total dose is kept constant, this means that less projection images can be acquired. A decrease in the number of projection images will yield in less information that can be resolved in the depth direction. This will result in thicker slices
and more out-of-plane (smear) reconstruction artifacts in the depth direction. Several studies 4–7 have investigated the influence of angular span on image quality.
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Shifted projection image 3
Shifted projection image 2

+

Shifted projection image 1

+

Top reconstructed slice

Bottom reconstructed slice

Projection image 3

Projection image 2
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Figure 1.7: Principle of 3D DBT reconstruction. The projection images of a DBT
acquisition are used to reconstruct a 3D volume of the breast. The conventional
shift-and-add algorithm reconstructs the slices of the 3D volume by appropriately
shifting all the projection images and adding them up.

These studies showed that in general, depth resolution and contrast-to-noise ratio
(CNR) for masses improves when the angular span is increased. However, this at
the cost of an inferior in-plane edge sharpness for high density objects. The effect of angular span on the visibility of microcalcifications seems to be less evident
although a smaller angular span seems to improve the CNR of subtle microcalcifications 8 . There also seems to be a relatively low threshold on the number of projection images above which vertical resolution for a certain angular span no longer
improves 8 . Table 1.1 gives a brief overview of the acquisition parameters that have
been chosen by several manufactures of DBT systems (these specificiations can be
subject to change) 9 .

1.4 Outline of this thesis

Philips
MicroDose
Hologic
Selenia Dimensions
GE
SenoClaire
IMS Giotto
TOMO
Siemens
MAMMOMAT Inspiration

11
Nr of

Angular range Reconstruction

proj. img.

(degree)

algorithm

21

11

Iterative

15

15

FBP

9

25

Iterative

13

40

Iterative

25

50

FBP

Table 1.1: Overview of some of the acquisition parameters (number of projection
images, angular range in degrees and reconstruction algorithm respectively) that
have been chosen by several manufactures of DBT systems (these may be subject to
change).

1.4

Outline of this thesis

The main objective of this thesis is to investigate novel image computing methods that can assist radiologists in their task of reading DBT volumes. In this thesis
several different methods are presented that potentially may reduce the number
of cancers that remain undetected, make radiologists more confident in their decision and speed up the process of assessing DBT volumes. The first two chapters
(2 and 3) describe two CAD systems for DBT and specifically the transitions that
are necessary to convert the well-established CAD approaches that are used for
mammography to DBT. Besides CAD development, the 3D nature of DBT also introduces some new challenges. In the last two chapters (4 and 5) of this thesis two
methods are presented that address such challenges.
Chapter 2 addresses the automatic detection of microcalcification clusters in
reconstructed DBT volumes. The most important feature to detect tiny microcalcifications is a local contrast filter at a small scale. However, a filter at such a small
scale is sensitive to image noise. It has been proven for both screen film mammography and FFDM that an accurate estimation of signal dependent image noise and
equalization of the local contrast filter with that estimation, is an important step in
detecting microcalcifications. In this chapter it is investigated if it is also possible

12
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to accurately model signal dependent image noise in reconstructed DBT volumes
and what the effect on the microcalcification cluster detection performance of a very
basic basic CAD system is, when a correction is being made for the estimated noise.
Chapter 3 presents a CAD system for the automatic detection of masses, architectural distortions and asymmetries. It is investigated how a CAD system developed for 2D mammography can be used for detection in reconstructed DBT volumes. This approach has the advantage that the development of CAD for DBT can
build upon the knowledge and large data sets that are (and will be) acquired for 2D
mammography.
Chapter 4 addresses the problem of finding the corresponding region of a region of interest in another DBT volume of the same breast, that is compressed and
imaged under a different angle (e.g. CC and MLO). When two DBT volumes of
the same breast are acquired, radiologists need to match corresponding regions between both volumes, in order to be able to base their decision on both views of
a suspicious looking region. However, finding a corresponding region can be a
difficult and time-consuming task in 3D, because many slices may have to be inspected before correspondence is found. In this chapter a method is proposed that
automatically estimates the location of a point of interest in another view.
Chapter 5 introduces a novel method with which synthetic 2D mammograms
can be generated from 3D DBT volumes. Such synthetic mammograms are expected to combine the potential advantages of DBT (increased detection performance) with that of 2D mammography (single overview of the breast without the
need to scroll through a volume, and fast reading times).

Computer-aided detection of microcalcification clusters

2
Guido van Schie and Nico Karssemeijer
Original title: Noise model for microcalcification detection in reconstructed
tomosynthesis slices
Published in: Proceedings of the SPIE, Medical Imaging 2009, vol. 7260, p. 72600M
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Abstract
For the detection of microcalcifications, accurate noise estimation has shown to be
an important step. In tomosynthesis, noise models have been proposed for projection data. However, it is expected that manufacturers of tomosynthesis systems
will not store the raw projection images, but only the reconstructed volumes. We
therefore investigated if and how signal dependent image noise can be modelled in
the reconstructed volumes. For this research we used a dataset of 41 tomosynthesis
volumes, of which 12 volumes contained a total of 20 microcalcification clusters.
All volumes were acquired with a prototype of Sectra’s photon-counting tomosynthesis system. Preliminary results show that image noise is signal dependent in
a reconstructed volume, and that a model of this noise can be estimated from a
volume at hand. Evaluation of the noise model was performed by using a basic microcalcification cluster detection algorithm that classifies voxels by using a
threshold on a local contrast filter. Image noise was normalized by dividing local
contrast in a voxel by the standard deviation of the estimated image noise in that
voxel. Free-response receiver operating characteristic (FROC) curve analysis shows
that performance increases strongly, when we use our model to correct for signal
dependent image noise in reconstructed volumes.

2.1 Introduction

2.1
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Introduction

Tomosynthesis is an imaging technique that reconstructs a 3D volume from a small
number of limited angle, low-dose X-ray projections. It is a promising technique
to detect indicators of breast cancer, because the problem of superimposed tissue
is largely eliminated. An important early indicator of breast cancer is the presence
of microcalcification clusters. One of the most important features for the automatic
detection of microcalcifications is a local contrast filter at a very small scale. A filter
at such a small scale is however sensitive to image noise. Equalizing the filter with
an accurate estimation of the noise has shown to be an important step for detecting
microcalcifications in mammograms. This was demonstrated for digitized film images 10 and for full-field digital images 11 . For tomosynthesis Wheeler et al. 12 also
incorporated a noise model in their microcalcification detection algorithm. Their
noise model is estimated directly in the projection images before the volume was
reconstructed, because the noise model can be more easily determined in these projection images. However, it is expected that manufacturers of tomosynthesis systems will not store the raw projection images, but only the reconstructed volume.
In this paper we will therefore investigate if and how signal dependent image noise
can be modelled in reconstructed volumes and investigate its effects on microcalcification detection. Extensive research on the effects of different tomosynthesis
system parameters on noise characteristics and microcalcification detectability, can
be found in the work of Zhao et al. 13,14

2.2
2.2.1

Methods
Signal dependent noise in a reconstructed volume

In tomosynthesis a 3D volume is reconstructed by combining the information of a
number of X-ray projection views, acquired from different angles. Reconstruction
of the volume can be done by using one of many different algorithms, including
Backprojection (BP), Filtered Backprojection (FBP) and several Algebraic and Statistical reconstruction methods. In this section we derive a simplified model for signal
dependent noise in reconstructed voxels. For this we use the linear system model
for tomosynthesis reconstruction and the Backprojection method as described by
Zhang et al. 15 .
In this study, we assume a monoenergetic x-ray source and ignore the effects
of beam hardening and scattering. Reconstruction of an imaged volume can be

16
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described by subdividing the volume into voxels and using the projection images
to estimate the attenuation coefficients of these voxels. Let the imaged volume
be subdivided into J voxels and xj represent the linear attenuation coefficient of
the jth voxel. The digital detector is subdivided into I pixels where the ith ray
is described by a line segment that runs from the x-ray source to the center of the
ith pixel. We assume that one ray is traced for each pixel, so that the number of
rays is equal to the number of pixels of the detector I. The number of x-ray tube
locations (projection views) is denoted by N . An is the projection matrix for the
nth projection view of I x J elements, in which each element aij,n denotes the path
length of the ith ray that passes through the jth voxel in the nth projection view.
The projection model of a single projection view can now be formulated as:
An x = y n
where x is the vector of linear attenuation coefficients of all voxels and yn the vector
of projection data that can be derived from the pixel values at the detector. Each
element yi,n of vector yn is the accumulated attenuation of the ith ray in the nth
projection view and is proportional to the logarithmic transform of the ratio of the
incident intensity I0,n and the transmitted intensity Ii,n :
yi,n = k · ln

Io,n
Ii,n

(2.1)

The complete linear system model for tomosynthesis for all projection views together can now be formulated as:



A1
y1
 . 

 .  x =  ..
 . 
 .
AN
yN



 → Ax = y


Assuming that a quantum noise limited digital detector is used, the measured
intensity Ii,n at the detector follows a Poisson distribution that comes from thinning the Poisson distributed Io,n that was generated at the x-ray source. A Poisson
distribution has a standard deviation that is equal to the square root of its mean
and can be approximated by a normal distribution when the number of photons is
sufficiently large. So we can write:
0
Ii,n
= Ii,n +

p

Ii,n · ε

(2.2)

0
where Ii,n
is a noisy photon count, Ii,n the expected photon count and  a nor-

mal distribution with zero mean and unit variance. When this noisy photon count
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Y

Figure 2.1: Schematic drawing of 3 independent rays reaching the detector, after
passing through a voxel.

(Eq. 2.2) is used to compute the projection value (Eq. 2.1), this will of course result
0
in a noisy projection value yi,n
:
0
yi,n

= k · ln(

Io,n
p
)
Ii,n + Ii,n · ε

p
Ii,n · ε))
1
∼ k · (ln(Io,n ) − (ln(Ii,n ) + p
· ε))
Ii,n
Io,n
k
= k · ln(
)− p
·ε
Ii,n
Ii,n
k
= yi,n − q
·ε
I0,n · e−yi,n /k
= k · (ln(Io,n ) − ln(Ii,n +

1
k
= yi,n − p
· e 2k ·yi,n · ε
I0,n

When we assume that the incident intensity I0,n and parameter k are constant for
all rays in all projections, we can write:
0
yi,n
∼ yi,n + α · eβ·yi,n · ε

(2.3)

In turn, these noisy projection values are used to reconstruct the volume and
will therefore influence the noise properties of the reconstructed voxels (Fig. 2.1).
The way in which this noise propagates into the reconstructed voxels is straightforward when the BP reconstruction algorithm is used. In the BP method the linear
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attenuation coefficient of a voxel is estimated by averaging the projection values
of all rays in all projections that pass through that voxel. This way the signal of
the voxel itself will be enhanced, while the rest is blurred. Assuming that over all
projection views, there are a total of M rays passing through the jth voxel, the BP
method estimates the linear attenuation of that voxel by 15 :
M
X

amj (ym /lm )

m=1

x̂j =

(2.4)

M
X

amj

m=1

where lm is the total path-length of the mth ray in the imaged volume, equal to the
sum of the corresponding row in the projection matrix.
By using the noisy projection value (Eq. 2.3) in the BP algorithm (Eq. 2.4), we
can calculate how quantum noise at the detector ends up in a noisy reconstructed
voxel x̂0j by:
M
X

x̂0j

=

amj

m=1

ym + α · eβ·ym · ε
lm
M
X

(2.5)

amj

m=1
M
X

=

amj

m=1

ym
α · eβ·ym
+ amj
·ε
lm
lm
M
X

(2.6)

amj

m=1

Knowing that the various projections are independent due to the random nature of
X-ray generation, we can simply add the normal distributions in Eq. 2.6 by adding
their means and variances, resulting in:
M
X

x̂0j

=

amj

m=1
M
X

ym
lm

+

v
u M
uX
α · eβ·ym 2
t
(amj
)
lm
m=1
M
X

amj

m=1

=

x̂j +

·ε

(2.7)

amj

m=1

v
u M
uX
α · eβ·ym 2
t
(amj
)
lm
m=1
M
X
m=1

amj

·ε

(2.8)
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When we assume that a small tomo angle is used, the length amj of all rays that
travel through the jth voxel and the total path-length lm of those rays in the imaged
volume can be taken constant for that voxel, resulting in respectively aj and lj . This
simplifies the BP algorithm (Eq. 2.4) to:
x̂j =

M
1 X
ym
M · lj m=1

(2.9)

and the noisy reconstruction of a voxel (Eq. 2.8) to:

x̂0j = x̂j +

α
M · lj

v
u M
uX
t
e2β·ym · ε

(2.10)

m=1

Because of the assumed small tomo angle, the different rays that pass through a
voxel, will have similar noise contributions to the reconstructed voxel. We can
therefore make an estimate of the noise contribution in a voxel by making an estimate of an average projection value of a ray that passes through that voxel, for
which we can use the projection value of the ray perpendicular to the detector, denoted by y0 .
x̂0j ∼ x̂j + c1 · ec2 ·yo · ε

(2.11)

In this study we use this simplified model for noise estimation.

2.2.2

Estimating noise model

In this section we describe how the parameters c1 and c2 of the noise model (Eq.
2.11) can be estimated from a volume at hand. Noise can be measured by computing local contrast at a very small scale:
fj = vj − ṽj

(2.12)

where fj is the local contrast value at location j, vj the voxel value of the reconstructed volume at location j, proportional to x̂0j and ṽj the voxel value of the
smoothed volume at location j. The smoothed volume is acquired by convolving
the original volume per slice with a 2D Gaussian kernel of σ = 100 µ. Variation of
this local contrast can be used as a measure for high frequent image noise, where it
is assumed that tissue variation is neglectable at the chosen scale. The noise model
can now be estimated by computing the local contrast variation as a function of the
projection values of the rays perpendicular to the detector y0 . The projection value
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y0 for a given voxel can be estimated from the reconstructed volume by summating
all reconstructed voxels in the column of that voxel:
ŷ0 =

X

vz

(2.13)

z∈Z

where Z contains all locations where the z coordinate runs from the bottom to top
slice, while the x and y coordinate of the voxel are kept constant (see Fig. 2.1). The
projection values y0 are divided into non-overlapping bins of a fixed size U , such
that in each bin, at least U projection values are collected, with a value within the
range covered by the bin. We use U = 6400. Subsequently the distributions of local
contrast values are computed for each bin u and the standard deviations stdev(yu )
of these distributions are estimated, with yu the weighted mean projection value in
bin u. Robust estimates of the standard deviations are made to avoid that outliers
have influence. Outliers in the local contrast values may for instance be caused by
microcalcifications, and these should not bias the noise estimates. The noise model
parameters c1 and c2 (Eq. 2.11) of a volume are now estimated by means of a least
squares fit through the calculated yu , stdev(yu ) pairs, resulting in our noise model:
σ(y0 ) = c1 · ec2 ·yo

2.2.3

(2.14)

Evaluation

To make a proper evaluation of our noise model, we would need a dataset of tomosynthesis volumes that are reconstructed by means of the BP algorithm. However we are only in posession of a dataset of volumes that are reconstructed by
means of an iterative reconstruction algorithm. In this algorithm a stochastic model
of the object is posed, where the linear attenuation parameters of the voxels xj are
updated iteratively by maximum likelihood estimation. The output of the algorithm is a volume that maximizes the probability of getting the measured projection data. Even though this reconstruction algorithm differs fundamentally from
the BP algorithm and noise in the reconstructed voxels is influenced by the reconstruction algorithm that is used, signal dependence of the noise may not be strongly
affected by the reconstruction algorithm. We validated our model by a simple visual verification of the fit of our model and evaluated by comparing performance
of a basic microcalcification cluster detection algorithm, with and without the use
of our noise model.
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Data
For this research we used a dataset of 41 tomosynthesis volumes, of which 12 volumes contained a total of 20 microcalcification clusters. Of these clusters, 12 could
be graded as very obvious or obvious, 2 as medium and 6 as difficult to see. The
volumes were acquired with two different prototypes of Sectra’s photon-counting
scanning-multislit tomosynthesis system. The first prototype used a tomo angle
of 24 degrees (±12◦ ) and the reconstructed slices are 1.5 mm thick at an in-plane
resolution of 100 x 100 micron. The second prototype used a smaller tomo angle
of 12 degrees (±6◦ ), resulting in a reconstructed slice thickness of 3 mm, also at an
in-plane resolution of 100 x 100 micron. All volumes were reconstructed by means
of a stochastic model and the convex algorithm for maximum likelihood estimation
of the attenuation parameters of the voxels. 16 .
Microcalcification cluster detection
We used a very basic microcalcification cluster detection algorithm that simply
thresholds the most important feature, which is local contrast at an appropriate
scale for microcalcifications. We expect that if results show an improvement in our
simple detection algorithm, our method will also be effective in more complex detection algorithms. In more detail our algorithm first segments the reconstructed
volume into breast tissue and background, by using a 2D segmentation algorithm
on each slice. In the second step the uncompressed part of the breast is removed,
because we expect different noise properties in this part of the breast, due to amplification of tissue noise. A future study will investigate this in detail; for now
we simply remove a part with a width of half a breast thickness from the skinline.
In the following step the local contrast feature is computed that is used to classify
each voxel as microcalcification or breast tissue. This feature is computed at an
optimized scale for microcalcification detection by:
gj = ṽj −

1 X
ṽi
nδj

(2.15)

i∈δj

where gj is the local contrast value in voxel j, ṽj the voxel value of a smoothed
volume at j, δj a small neighborhood of j and nδj the number of neighbors in
δj . We acquire the smoothed volume by smoothing each slice with a 2D Gaussian
kernel of σ = 160 µ. A 2D 4-connected neighborhood is used to compute the local
contrast volume per slice. When we use our noise model to equalize the noise, we
estimate our model as described above (section 2.2.2) and divide the local contrast
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of a voxel gj by the standard deviation of the estimated image noise in that voxel
σ(y0 ) (Eq. 2.14):

gj
(2.16)
σ(y0 )
In the following step voxels are simply classified as breast tissue or microcalcification, by setting a threshold on the local contrast feature. In the final step, the
hj =

microcalcifications that were found, are grouped into microcalcification clusters.
We use a clustering algorithm where spheres with a 5 mm radius are placed on top
of each microcalcification and merge overlapping spheres into a cluster. Clusters
with less than two microcalcifications are removed.
Detection performance is measured by means of free-response receiver operating characteristic (FROC) curves (lesion sensitivity), where true positive cluster
fraction is plotted as a function of the number of false positive clusters per volume. Our ground truth clusters are annotated by marking each microcalcification
of a cluster individually and placing spheres with a 5 mm radius on each individual microcalcification. A cluster in our ground truth annotation is counted as a true
positive when it contains at least two detected microcalcifications of a cluster inside
its border. A detected cluster is counted as a false positive when it does not have at
least two of its microcalcifications within the border of a ground truth annotation.
Points on FROC curves are calculated by varying the threshold of the algorithm.

2.3

Results

Fig. 2.2 and 2.3 show two plots of the signal dependent noise estimates of two different volumes, together with the model that was fitted. Visual inspection of the
figures suggests that the signal dependent image noise can be well modelled by
our method. The volume that was used for Fig. 2.3 was acquired from a woman
with a breast implant (Fig. 2.4a). Although such a case is an exception, the high
attenuation coefficient of the breast implant, clearly shows the effect of signal dependent noise on the local contrast feature and benefits of noise equalization with
our model. Fig. 2.4b shows the local contrast feature that was calculated for Fig.
2.4a. A clear difference can be seen between the variation of the feature inside and
outside the breast implant. Variation inside the breast implant is much higher due
to the large amount of high frequent image noise, caused by the high attenuation
coefficient of the breast implant. Fig. 2.4c shows the local contrast feature after
equalization of the signal dependent noise with our model. Here we can see that
the variation of the local contrast feature between the breast implant and normal
tissue has become similar.

2.3 Results
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Fitted model: c1 * e(c2 * y0)
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Figure 2.2: Standard deviation of estimated high frequent image noise, set off
against the projection values of the rays perpendicular to the detector y0 , for a normal tomosynthesis volume.
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Figure 2.3: Standard deviation of estimated high frequent image noise, set off
against the projection values of the rays perpendicular to the detector y0 , for a volume with a breast implant.
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Figure 2.4: Part of a tomosynthesis volume with a breast implant (a), its corresponding local contrast feature (b), and local contrast feature after equalization with our
estimated noise model (c).
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Figure 2.5: FROC curves of a basic microcalcification detection algorithm for tomosynthesis mammography, with and without signal dependent noise equalization
in the reconstructed volumes.
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For calculation of the FROC curves, we removed the two volumes in our dataset
that contained a breast implant, because our algorithm crashed when noise was not
equalized, due to the large amount of false positive microcalcifications that were
found in the breast implants. There were no true microcalcification clusters in these
two volumes. Fig. 2.5 shows the FROC curves for the remaining 39 volumes of
our dataset, with and without equalizing the local contrast feature with our noise
model. Comparison of the curves shows that performance increases when noise
equalization is used. For instance, at a true positive fraction of 0.95 the amount of
false positive clusters per volume decreased from 4.2 to 1.5.

2.4

Conclusion & discussion

Results show that image noise in a reconstructed volume is signal dependent and
can be modelled from a volume at hand. Equalizing the image noise in a volume
with this estimated noise model results in a strong increase in performance in a
basic microcalcification cluster detection algorithm. Evaluation on a larger dataset
will have to show if the improvement is significant. A larger dataset is acquired at
the moment and we will continue this study using that dataset. In a future study
we will also further investigate the influence of reconstruction algorithms on the
noise properties in a reconstructed volume and improve our method to model the
signal dependent image noise. Some improvement in estimating the noise model
for a BP reconstructed volume might be gained by using the exact geometry of the
tomosynthesis system to reproduce all rays that contributed to the noise in a certain
voxel, instead of using only the rays perpendicular to the detector.
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Abstract
Purpose: To develop a computer-aided detection (CAD) system for masses in digital breast tomosynthesis (DBT) which can make use of an existing CAD system
for detection of breast masses in full-field digital mammography (FFDM). This approach has the advantage that large digital screening databases that are becoming
available can be used for training. DBT is currently not used for screening which
makes it hard to obtain sufficient data for training.
Methods: Our CAD system is applied to reconstructed DBT volumes and consists
of two stages. In the first stage an existing 2D CAD system is applied to slabs composed of multiple DBT slices, after processing the slabs to a representation similar
to that of the FFDM training data. In the second stage we group detections obtained in the slabs that detect the same object and determine the 3D location of
the grouped findings using one of three different approaches, including one that
uses a set of features extracted from the DBT slabs. Experiments are conducted
to determine performance of our CAD system, the optimal slab thickness for this
approach and the best method to establish the 3D location. Experiments were performed using a database of 192 patients (752 DBT volumes). In 49 patients one
or more malignancies were present which were described as a mass, architectural
distortion, or asymmetry. We used free-response receiver operating characteristic
analysis and bootstrapping for statistical evaluation.
Results: Best performance was obtained when slab thickness was in the range of
1-2 cm. Using the feature based 3D localization procedure developed in the study
accurate 3D localization could be obtained in most cases. Case sensitivities of 80%
and 90% were achieved at 0.35 and 0.99 false positives per volume, respectively.
Conclusions: This study indicates that there may be a large benefit in using 2D
mammograms for the development of CAD for DBT and that there is no need to
exclusively limit development to DBT data.

3.1 Introduction

3.1
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Introduction

2D x-ray mammography currently is the gold standard for detecting breast cancer
in an early stage and is used in screening programs in many countries. However,
a major limitation of this modality is that information is lost when the complex 3D
structure of the breast is projected into a 2D image. In such a projection image of the
breast, superimpositions of normal breast tissue might look suspicious which could
lead to false positives, while on the other hand, cancers can remain undetected because they get obscured by overlying breast tissue. Digital breast tomosynthesis
(DBT) was introduced as a promising modality to overcome these projection problems (see figure 3.1) by reconstructing a 3D volume (i.e. a stack of reconstructed
slices) of the breast from several x-ray projection images 17 . These projection images are acquired at a limited angular range around the breast and with a low dose
per projection image, to keep the total dose that is needed to acquire a 3D DBT
volume, similar to a single 2D mammogram.
In order to aid radiologists to analyze the large amount of information in these
3D volumes, computer-aided detection (CAD) systems for masses are being developed for DBT. Singh et al. 18 developed a mass detection system that detects suspicious locations in the projection images and projects them back into the volume
to obtain 3D locations of mass candidates. Subsequently a featureless approach is
used on reconstructed slices and slabs of these 3D locations, to reduce false positives (FP). Reiser et al. chose not to use the reconstructed data in 19 , and developed
a CAD system where initial mass candidate detection and feature analysis for FP
reduction, is performed directly on the projection images. Chan et al. 20 compared
the performance of two CAD systems, where one works on reconstructed volumes
and the other on the projection images. In addition they combined the results of the
two CAD systems and found that this significantly outperformed both individual
CAD systems.
In this study we present a novel method for computer-aided mass detection in
DBT. One difference of our approach with most systems mentioned above, is that it
operates on reconstructed volumes and does not require the availability of the projection images. There are several reasons why we chose this approach. Firstly, it is
expected that in clinical practice only the reconstructed volumes will be stored due
to storage space constraints. Secondly, for some tomosynthesis systems the projection data is unsuitable for direct interpretation, due to the acquisition method of
the system (like for the scanning multislit system used in this study, which does not
acquire individual projection images, but acquires its projection data with a small
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Figure 3.1: A digital mammogram (left) and reconstructed tomosynthesis slice
(right) of the left breast of the same patient with two invasive ductal carcinomas
(indicated by the red arrows).

number of detector strips that are rotated around the breast). Thirdly, even though
in this approach the CAD system may to some extent depend on the reconstruction
algorithm that is used, we think that it will benefit from the superior image quality
of the reconstructed slices when compared to the noisy projection images. This is
supported by the study of Chan et al. 20 which shows that a significantly higher detection performance is obtained with a CAD system that is applied to reconstructed
volumes than with a CAD system that is applied to projection images.
The main novelty of our approach in this study is that we designed our CAD
system in such a way that we can make use of the vast amounts of 2D mammograms that are becoming available in digital breast cancer screening programs, by
pre-processing DBT volumes in such a way that we can apply a 2D CAD system
that is trained on this data. We assume that it is advantageous to use this data,
as lesions in slabs extracted from DBT volumes look very similar to lesions in 2D
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mammograms. In particular those lesions represented in 2D mammograms that
are projected in fatty tissue regions, i.e. without overlapping dense tissue, form
excellent examples that can contribute to the training of a DBT CAD system. CAD
systems generally improve when they are trained with more data and our approach
makes it possible to train a DBT CAD system on large sets of mammograms. In this
way DBT CAD development builds upon the existing knowledge and data that is
acquired with a prior but similar modality. In this study we limit ourselves to the
sole use of full-field digital mammography (FFDM) data for training, but it is likely
that the system will be extended in future work so that it can also be trained on
features extracted from DBT data.
Although in-plane resolution in DBT is comparable to 2D mammography, resolution in the z direction is low due to the limited angle that is used to acquire the
projection images. A reconstructed slice typically has an in-plane resolution of 0.1 x
0.1 mm, but is about 1 to 3 mm thick (depending on the tomosynthesis system and
reconstruction parameters). The limited angle also causes reconstruction artifacts
in the coronal plane which seriously hampers 3D image analysis techniques. Slice
by slice processing seems to be a better option, which fits well with the approach
we take to use an existing 2D CAD system. However, most lesions are larger than 3
mm in diameter and a single slice will therefore only contain a cross section of a lesion. In contrast, 2D mammograms contain projections of whole lesions (including
under- and overlying tissue). Therefore, features of lesions and other suspicious regions in DBT slices differ from the features that are extracted from mammograms.
By combining several slices into thicker slabs, appearance of lesions in DBT and 2D
mammograms will become more similar, ensuring that features computed in these
slabs will correspond better to the features in the 2D training set. In this study
we explore the potential of the chosen approach to detect masses in reconstructed
DBT volumes with a 2D CAD system and investigate the effect on the detection
performance when the 2D CAD system is applied to slabs instead of slices.
Radiologists typically read DBT volumes slice by slice, due to the low z resolution and the resemblance of this presentation to 2D mammography. It therefore
makes sense to generate CAD findings that indicate the correct location of a lesion
in a slice view mode. However, CAD should also direct the radiologists to the slice
that contains the most valuable information about the lesion. Therefore, we include
a second stage in our CAD system that specifically determines the depth locations
of lesions. Thus, the final CAD output we compute is composed of the location
of findings in 3D which allows us to perform a DBT volume based evaluation of
performance.
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3.2
3.2.1

Materials
Data acquisition system

The tomosynthesis volumes used in this study are acquired with a prototype tomosynthesis system which is based on a Philips MicroDose photon-counting mammography system (Philips, Solna, Sweden). This system has a scanning multislit
detector that consists of 21 detector lines 21 . The x-ray tube and detector are mechanically mounted on the same arm, which is pivoted around a point below the
object table. During a scan, the x-ray tube and detector move around the breast, so
that each point in the breast is imaged from several angles by a detector element
in each of the 21 detector lines. The swing angle of the arm, in combination with
the distance between the detector lines, determines the tomographic angle of the
system, which is equal to 11 degrees. All volumes are reconstructed by means of
a stochastic model and the convex algorithm for maximum likelihood estimation
of the attenuation parameters of the voxels 16 . This algorithm is used to reconstruct
volumes of 3 mm thick slices with an in-plane resolution of 0.1 x 0.1 mm. The total
radiation dose per DBT volume is approximately 1.5 times that of a single conventional digital mammogram that is acquired with the 2D counterpart of the system.
The limited angular range and limited number of projection views that are used
in tomosynthesis systems to reconstruct a 3D object, make reconstruction artifacts
unavoidable 4,6,22 . The small tomographic angle of the system that is used in this
study produces high resolution slices, but also causes strong out-of-plane artifacts
(see figure 3.2b). Out-of-plane artifacts appear in the slices above and below the
in-plane object as blurred versions of this object. Another effect of tomosynthesis
reconstruction is an edge enhancement in the direction of tube motion (y) of the
in-plane object 21 .

3.2.2

Data set

The data set that is used in this study is a subset of all the DBT data that was acquired in the study of Wallis et al. 23 . The data was collected with approval from the
ethics committees, and written informed consent was obtained from all participating women. Women above 40 years old with background density 2, 3 or 4 (according to the American College of Radiology (ACR) criteria) were recruited from those
attending symptomatic referral clinics or who were recalled from routine screening.
In addition, some asymptomatic women, some women with masses detected with
ultrasonography (US) or clinically or those with dense breasts at mammography
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Figure 3.2: Two cross-sectional views of an invasive ductal carcinoma in our data
set, clearly showing spiculation in the x-y plane (a) and strong out-of-plane reconstruction artifacts in the y-z plane (b). It is difficult to determine the exact top and
bottom slice of the lesion due to the reconstruction artifacts, but estimations are
pointed out by arrows.

were enrolled. A total of 220 patients were imaged. From this set we excluded 18
patients that had prior surgery, 7 patients due to technical difficulties (mostly inplane artifacts caused by teething troubles with the prototype DBT system, which
hampered our image anlysis methods), and 3 patients in which the malignant lesion was occult on DBT (but was found with another modality). In contrast to the
study of the referred paper, we did not exclude women in whom in retrospect the
ACR background density was considered to be 1. After applying these criteria, we
obtained the test set for this study, consisting of 192 patients. Craniocaudal (CC)
and mediolateral oblique (MLO) views of both breasts of practically all these patients were acquired, which resulted in a total of 752 DBT volumes. The number
of reconstructed slices of a DBT volume depends on the thickness of the breast
and was 21 slices on average for this set (63 mm with a standard deviation of 13
mm). In 49 of the patients at least one biopsy-proven malignant mass, architectural
distortion or asymmetry was present. Our reference standard is established by annotating all these malignancies in all the views that they were visible. This resulted
in a total of 104 annotated malignant regions (65 invasive ductal carcinomas, 16 invasive lobular carcinomas, 6 ductal carcinomas in situ, 5 tubular carcinomas and 12
invasive carcinomas of another or unknown type). The reconstruction artifacts (see
figure 3.2b) make it infeasible to exactly delineate the boundaries of these lesions
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in 3D and sometimes even difficult to indicate the top and bottom slice of a lesion.
Therefore we made the annotations by drawing a contour around each lesion in the
slice where it was best visible, as was indicated by one of two experienced radiologists. The software that was used to draw the contours is developed in-house. The
average effective radius of the annotated regions in our data set is 10.0 mm with a
standard deviation of 4.8 mm; the median is 9.3 mm. The effective radius (R) of an
p
annotated region is computed from the area (A) of that region by R = A/π.

3.3

Methods

Figure 3.3 presents a schematic overview of the DBT CAD system that is developed
in this study. The blocks in the diagram represent the consecutive steps of the
system. Each step will be described separately in this section and in the same order
as they appear in the diagram. The first step of the system is described in 3.3.1 and
converts a reconstructed DBT volume into a series of slabs of a certain thickness
and with a representation that is similar to FFDM. Subsequently a 2D CAD system
is applied to each generated slab. The 2D CAD system that is used in this study
is described in 3.3.2. The outcome of this step is a number of CAD findings (x-y
locations) per slab (z location). However, the CAD findings among the slabs of
a volume are highly correlated, because we generate the slabs in an overlapping
manner. In order to merge CAD findings of the same object, these findings need to
be grouped. The method that is used to group the findings is defined in 3.3.3. The
last step of our CAD system is described in 3.3.4, where the malignancy score and xy location of a group of merged 2D CAD regions is determined and several methods
to determine its z location are presented. This section ends with a description of the
methods that are used to evaluate the DBT CAD system (3.3.5).
We conduct two experiments in this study. In the first experiment, the effect of
slab thickness on the ability to correctly localize x-y locations of lesions is investigated, by computing 2D detection performance on the complete data set while the
number of slices that is used to generate slabs is varied from one slice to all the
slices. In this way we anticipate to find a certain optimal slab thickness with which
best results can be obtained, i.e. slabs in which the features correspond best to the
features on which the 2D CAD system is trained. Preliminary results on this part
appeared previously in 24 . In that study we ignored correct depth localization of
lesions and only measured performance in 2D. In this study we extend the CAD
system with depth localization and evaluate the detection performance of the system in 3D. The 3D detection performance is investigated in the second experiment,
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Figure 3.3: Schematic overview of the 3D DBT CAD system. The items on the left
depict the experiments that are carried out in this study.
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where we evaluate how well the three z definition methods that are described in
3.3.4 are able to determine the correct z locations of lesions. We also verify of the
dependence on slab thickness also holds in 3D when the best z definition method
and 3D performance measure is used.

3.3.1

Converting a DBT volume to 2D slabs

In order to make 3D DBT data suitable for a 2D CAD system, we first convert a
reconstructed DBT volume into a series of slabs with an appearance that resembles
a 2D mammogram. Such slabs can simply be generated by computing the mean
voxel value per column of several adjacent slices, because the voxel values in the
reconstructed DBT volumes represent an estimation of the attenuation coefficient µ
at that location, scaled with a constant c. This constant is set by the manufacturer
of the DBT system and was determined experimentally in this study. By averaging these voxel values, the pixel values in the slabs are simply proportional to the
attenuation coefficients of thicker slices of tissue:
v(i, j, k) =

1
N

k+N
X−1
k0 =k

c · µ(i, j, k 0 )

(3.1)

Where v(i, j, k) is the pixel value at location (i, j) in the k-th slab, c · µ(i, j, k 0 ) the
voxel value at location (i, j, k 0 ) in the DBT volume and N the number of slices per

slab. We compute overlapping slabs and construct each slab from the same amount
of slices by letting k run from 0 through the number of slices of the volume −N . The

actual depth location of a slab in mm is centered on the slices it is generated from,
by taking the average depth location of these slices. The depth location of slice k 0 is

equal to k 0 ·S + 21 ·S, where S is the slice thickness in mm. The depth location of slab

k can be computed as k·S+ 21 (S·N ). In this study slab size is varied from 1 to 8 slices

(3 to 24 mm) and also a large slab of all slices of a volume is constructed, which on
average is 21 slices (63 mm) thick, depending on the thickness of the breast.
Subsequently these slabs are converted into a representation that resembles a
raw FFDM image. This is done by converting the pixel values of the slabs (v), which
are proportional to estimations of the attenuation coefficients, into the exposure
domain by using Beer-Lambert law:
v 0 = E0 · e−v·d
Where E0 is the incident exposure and d the tissue thickness.

(3.2)
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Applying a 2D CAD system to the slabs

In the second step of our DBT CAD system, we apply a 2D CAD system to each
of the slabs that are generated from a DBT volume. For this we use a CAD system that was developed previously in our lab to detect masses in FFDM’s. This
system consists of the following four stages: pre-processing, tissue segmentation,
initial detection of suspect image locations, and region classification. These steps
have been described in detail in previous publications 25–28 . We will give a brief
description of each step in the following sections.

Pre-processing
The first step of our 2D CAD system is an equalization step that normalizes the
resolution and pixel values of different types of input images. The input image
(a slab or raw mammogram) is downsampled to a resolution of 0.2 x 0.2 mm and
pixel values are converted into a screen-film mammogram (SFM)-like representation by using the method described by Kallenberg et al. 28 . This method converts a
raw FFDM image into an SFM-like image by applying a characteristic curve. The
method estimates a parameter of the curve from an image at hand by mimicking
the automatic exposure control of an SFM system. For the DBT volumes, we compute this parameter on the thickest slab of all slices, so that the same parameter is
used for all slabs of every thickness that are generated from that volume. Figure 3.4
shows examples of slabs of three different thicknesses that have been processed by
our pre-processing step.

Tissue segmentation
In this step, the image is segmented into breast tissue and background. In MLO
images the pectoral muscle is also segmented. The breast region is segmented from
the background by using a global thresholding technique. The pectoral muscle
boundary in the MLO images is detected as a straight line by a Hough transform
based method 29 . For the DBT volumes, the straight line is detected in the thickest
slab of all slices and used for each slab that is generated from that volume. This
is done to avoid fluctuation of the pectoral muscle segmentation between slabs.
Effectively this means that the pectoral muscle boundary is segmented by a plane
that is parallel to the z-axis.

38

Computer-aided detection of masses

Figure 3.4: Representation of an invasive ductal carcinoma in generated slabs of 1,
5 and all slices respectively. The pre-processing step of our CAD system has been
applied to the slabs, so the resolution is 0.2 x 0.2 mm and pixel values represent an
estimation of optical density.

Stage1: Candidate location detection
The task of the initial detection stage is to select those locations in the image that require further analysis because signs that may indicate presence of breast cancer are
found there. Two of the most important image characteristics of breast cancer are:
the presence of a radiating pattern of spicules and the presence of a central mass.
In order to find the potential cancer locations, we compute five features that measure the presence of these characteristics 25,26 in each location of the mammogram.
A neural network classifier, trained on a small separate data set of 302 images, then
uses these features to assign a likelihood score to each location. This classifier is
trained on digitized film images, which is possible because the features we employ
at this stage are solely based on orientation patterns and therefore insensitive for
changes in image acquisition parameters. The resulting likelihood image is slightly
smoothed and its local maxima are determined. This results in a list of locations
that are of interest for further investigation.

Stage2: Region classification
Each candidate location that was detected in the previous stage is further analyzed
in this stage. First a mass region is segmented for each candidate location, by using
a segmentation method based on dynamic programming 30 . Subsequently a set of
30 features is computed for each segmented region. This feature set contains the
five features from the initial detection stage, the maximum and mean likelihood
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Figure 3.5: Schematic drawing of grouping of 2D CAD results. The colored boxes
represent the 2D CAD findings in the individual slabs. The dot in a box is the (x,y)
center of the CAD finding and the dotted line represents the z range in which overlapping CAD findings are searched for.

score of the region, compactness, region size, pectoral overlap, 2 linear texture features, 2 border features and several local context, location and contrast features 27,31 .
A second neural network is used to assign a malignancy score to each region. This
classifier is trained on a large FFDM database of 231 abnormal cases (1090 images)
and 1193 normal cases (5705 images).

3.3.3

Grouping 2D CAD results of the same object

Most mass-like objects in the breast are larger than 3 mm in diameter and will therefore span several slices. Such objects will therefore produce CAD findings in several different slices. Besides that, correlation between slabs is high, because they
are constructed in an overlapping manner (see section 3.3.1). The CAD findings
that are detected in the slabs by our 2D CAD system are therefore also highly correlated. In order to count multiple findings of the same object (true or false positive)
in the different slabs only once, the detection results need to be merged. To achieve
this we applied the following rules (see figure 3.5): Two regions in different slabs
are marked as overlapping when the 2D (x,y) center of one region lies in the other.
These overlapping regions should lie in adjacent slabs, but we added the rule that
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overlapping regions are also grouped together when there is a maximum of one
other slab in between (see group 1 in figure 3.5). This rule is rather ad hoc, but
is added to deal with potential variability in the CAD detections due to noise and
high frequency structural changes between slices. Influence of this rule is expected
to be low, especially for thicker slabs where correlation between adjacent slabs is
high, but further research might be needed. Finally, all overlapping regions are put
together in the same group, resulting in a set of CAD groups per DBT volume.

3.3.4

Determining the malignancy score and center location of a
group

In the final step of our DBT CAD system, we generate 3D CAD results by computing a single malignancy score and (x,y,z) center location for each group of merged
2D CAD results. This information is used to evaluate our CAD system, as will be
described in section 3.3.5. In this study we simply select the malignancy score of the
most suspicious 2D CAD finding in a group and assign that score to the 3D CAD
result that represents that group. The (x,y) center of the 3D CAD result is computed
by taking the mean of the (x,y) center locations of the individual 2D CAD findings
in the group.
In order to define the depth location of a 3D CAD result, we developed several
approaches. This task appeared to be quite challenging in our data set. Finding the
correct location of a lesion is important because when a radiologist is evaluating
CAD marks, the viewing system should guide the user to the slice where the lesion
is best visible. A correct 3D location of a lesion is also required to make a proper
estimation of the location of that lesion in another view of the same breast 32 , which
is needed to link CAD findings in a multiview DBT CAD system. In this study we
evaluate the following three methods to define the z center location of a 3D CAD
result:
1. Mean
In the first method the z location is computed similarly to how the (x,y) center
is computed, by taking the mean of the z center locations of the individual 2D
CAD findings in the group.
2. Most suspicious
The second method simply selects the z location of the most suspicious 2D
CAD finding in the group (i.e. the finding that also provided the malignancy
score to the 3D CAD result).
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3. Most conspicuous
In the third method, region features are used to select the z center location of
the 2D CAD finding in the group where the lesion is most conspicuous. To
this end, two characteristics have been selected that are strongly associated
to conspicuousness of lesions. The first one is spiculation, which is an important characteristic of malignant cancers and therefore an important feature
to determine conspicuousness. This characteristic is represented by a feature
that measures the amount of spiculation of a region 25 . Spiculation if often
very well visible in tomosynthesis because the high frequency signals can
easily be separated from surrounding background tissue. The second characteristic is region boundary sharpness. In tomosynthesis, borders are more
sharply defined in the in-focus plane and even enhanced in the direction of
tube movement 21 . To make use of this effect to select the most conspicuous
region of a group, we use three features that measure sharpness of the border: acutance, contrast between the inside and outside of the region and a
second order derivative border feature. A conspicuity index is calculated as
the weighted mean of the four features, after they have been normalized with
respect to the distribution of the feature values in the FFDM training set. This
conspicuity index is calculated for each 2D CAD finding in the group and the
z location of the finding with the highest conspicuity index is selected as z
center of the 3D CAD result. The weights are determined by means of leaveone-case-out cross-validation on the DBT data set and a grid search where
the weights are varied between 0 and 1 with a stepsize of 0.25. The z centers
of all 3D CAD results in the train set are computed for each combination of
weights, and the set of weights that result in the highest overall 3D sensitivity
are selected as the optimal weights and used to determine the z location of
the 3D CAD results in the test case. When the highest 3D sensitivity is obtained with several different weight sets, the most accurate z localization (i.e.
average distance from the determined z location of true positive findings to
the z location of the annotated ground truth) is used to determine the optimal
weight set of those sets.

3.3.5

Evaluation

Performance of the CAD system is evaluated by means of free-response receiver
operating characteristic (FROC) analysis. FROC curves are computed by plotting
true positive fraction against false positive rate for a series of thresholds on the ma-
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lignancy score of CAD findings in the whole data set. Two types of FROC curves
are computed in this study, region-based and case-based curves. In region-based
FROC curves the true positive fraction on the y-axis reaches 1 when all the annotated regions in all views of all cases are found by the CAD system. In clinical practice, when multiple malignant masses are present in one case, or when the same
malignant mass is visible in multiple views (e.g. CC and MLO), it is usually more
relevant that at least one of these regions is found. This is analyzed by means of
case-based FROC curves, where a case is considered a true positive if at least one
of the annotated regions in that case is detected by the CAD system.
In this study we use two different true positive (TP) definitions to evaluate our
CAD system. The first one is a 2D definition, which ignores the depth location of
a lesion and counts a malignant lesion as a TP when the CAD system finds a mark
with its (x,y) center inside the annotated region of the lesion (see figure 3.6c). This
2D definition solely measures the ability of the CAD system to correctly localize
x-y coordinates of lesions and can be used for slabs of all thicknesses (also for the
thickest slabs of all slices, that no longer have depth information). Note that the
(x,y) center of a 3D CAD finding is the same for each of the three z center definitions that were described in 3.3.4. The second definition does take 3D localization
p
of the lesions into account by computing the effective radius (R = A/π) from the
area (A) of an annotated region and using it as a margin for the z location. A TP
is now counted when a CAD mark is found with not only its (x,y) center inside
the annotated region, but also with a z location that is within the computed margin
from the z location of the reference standard, which is the slice in which the radiologists found the lesion to be best visible (see figure 3.6d). All other detected CAD
findings that do not hit an annotated lesion are counted as false positives.
To obtain a single performance measure from an FROC curve, we compute the
mean true positive fraction (MTPF) in the range of 0.05 to 2.0 false positives per
volume. The mean is calculated on a logarithmic scale, to avoid domination of
performance at high false positive rates.
Statistical significance of obtained performance differences between experiments
is tested by using the bootstrap method. Cases are sampled with replacement to
construct a 1000 new sets of cases, where the total number of cases of a set is kept
equal to the original set. For each new set, FROC curves and mean true positive
fractions are calculated for all different experiments. The difference in mean true
positive fraction ∆MTPF of two different experiments is calculated for each of the
1000 new sets and p-values are defined as the fraction of ∆MTPF values that are
negative or zero. Performance differences are considered significant if p < 0.05.
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Figure 3.6: A malignant lesion with its annotated contour in the reconstructed slice
where it is best visible, depicted by the red solid line in the x-y plane (a) and y-z
plane (b). The dashed green boxes in c) and d) show the boxes that are generated
with the 2D and 3D TP definition respectively. The effective radius (R = 5.2 mm) is
computed from the area of the annotated contour in a) and used as margin in z for
the 3D definition in d). The malignant lesion is counted as a TP, when a CAD region
is found with its center location inside a dashed green box.

3.4

Results

Figure 3.7 and the first two columns of table 3.1 show the results of the first experiment. In this experiment slab thickness is varied from one slice to all the slices
of the volume. For each slab thickness, all the DBT volumes are converted into
volumes of slabs of that thickness and 3D CAD results are computed for each slab
volume. The region-based FROC curves (averaged over all bootstraps) in figure 3.7
show the 2D detection performance on the whole data set when slabs of 1, 5 and all
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Figure 3.7: Region-based FROC curves with 2D true positive definition for 3 different slab sizes: 1 slice (3 mm), 5 slices (15 mm) and all slices (approximately 63 mm,
depending on breast thickness).

slices are used. The overall effect of slab thickness on mass detection performance
is shown in table 3.1 where the mean true positive fraction is given for each slab
thickness. Results show that performance increases when slabs of more than 1 slice
are used up to a slab thickness of 15 mm. When more slices are added performance
starts to decrease. All slab sizes of 2 until 8 slices (6 and 24 mm) perform significantly better than a single slice. Slabs of 3 until 8 slices also perform significantly
better than a slab of all slices. The best performance (MTPF = 0.59) is acquired with
slabs of 5 slices (15 mm) which is significantly better (p  0.001) than performance
of slabs of a single slice, 2 slices and all slices.

In the second experiment the three z definitions that are described in section
3.3.4 are evaluated. Figure 3.8 shows the result of this experiment, for which the optimal slab thickness of 15 mm is used. The region-based FROC curves in this figure
show the 3D detection performance of the three z definitions. The 2D performance
curve is also plotted in this figure to show the maximum achievable performance
that can be reached when for each lesion that is correctly localized in 2D, also a
correct depth location is determined. Mean true positive fraction is 0.54 when the
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Table 3.1: Mean true positive fraction (MTPF) of the region-based FROC curves
with 2D and 3D true positive definition in the range of 0.05 to 2.0 false positives per
volume, for several slab thicknesses. The ’most conspicuous’ method is used for the
calculation of the 3D MTPF’s.

Slab thickness

2D-MTPF

3D-MTPF

1 slice (3 mm)

0.46

0.34

2 slices (6 mm)

0.52

0.43

3 slices (9 mm)

0.56

0.52

4 slices (12 mm)

0.58

0.53

5 slices (15 mm)

0.59

0.54

6 slices (18 mm)

0.57

0.50

7 slices (21 mm)

0.56

0.46

8 slices (24 mm)

0.58

0.47

All slices (µ = 63 mm; σ = 13 mm)

0.49

-

’most conspicuous’ z definition is used, which is significantly higher (p ≤ 0.002)

than the other two z definitions.

The dependence of 3D detection performance on slab thickness is verified for
the best ’most conspicuous’ method and these results are presented in the first and
third column of table 3.1. No results are computed for the thickest slabs of all slices,
because there is no depth resolution in such slabs and 3D localization is therefore
not possible. Best 3D performance (MTPF = 0.54) is also acquired with slabs of 5
slices (15 mm) and is significantly better than 3D performance with slabs of a single
slice (p  0.001), 2 slices (p  0.001), 7 slices (p = 0.01) and 8 slices (p = 0.01).

Figure 3.9 shows the case-based FROC curves for 2D localization and 3D local-

ization when the ’most conspicuous’ z definition is used. Mean true positive fraction is 0.80 and 0.77 for respectively 2D and 3D localization. Note that performance
of the ’most conspicuous’ method can at best be as good as the 2D performance,
due to the different TP definitions that are used. With correct 3D localization, case
sensitivities of 80% and 90% were achieved at 0.35 and 0.99 false positives per volume, respectively.
The accuracy of a z definition method is evaluated by computing the differences between the z locations of the true positive 3D CAD findings and the center z
locations of the annotated regions that they hit. Figure 3.10 shows the distribution
of these differences for all three z definition methods. In this figure we can see that
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Figure 3.8: Region-based FROC curves with 3D true positive definition for the 3
different z definition methods, together with the 2D curve. Each curve is generated
with the optimal slab thickness of 15 mm.

with the ’most conspicuous’ method not only more lesions are localized correctly in
3D, but also that the differences tend to be more narrowly distributed around zero,
meaning that the lesions are localized more accurately. With this method, 69% of
the lesions that are detected in 3D are found in the slice in which the lesion was
annotated or in the slice directly above or below.
However, some of the lesions that are detected in 2D, are not localized correctly
in 3D. The differences between the z locations of these incorrectly localized CAD
findings and the closest boundaries of the defined 3D reference standards that they
hit in 2D are computed, to gain insight into the localization errors of the z definition
methods. Such a difference is in fact the distance by which a lesion is missed in
the z direction, making it a false negative in 3D, while it is a true positive in 2D.
The distribution of these differences for all three z definition methods is shown in
figure 3.11. In this figure we can see again that the ’most conspicuous’ method
is most accurate, because 70% of the lesions that are missed in 3D, are missed by
less than 4.5 mm in the z direction. In the histograms of both figure 3.10 and 3.11,
a negative difference means that the location of the CAD region is closer to the
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Figure 3.9: Case-based FROC curves with 2D and 3D true positive definition for the
’most conspicuous’ z definition method.

detector than the annotated region, while it is closer to the compression paddle for
positive differences. When an annotated region was hit by more than one CAD
finding, only the most suspicious CAD finding was used.

3.5

Discussion and conclusion

In this study we developed a CAD system for mass detection in reconstructed DBT
volumes. In the system, candidate regions are detected by applying a 2D CAD
system to individual DBT slices or to slabs. It was found that detection performance improves when slabs are used. Best performance was obtained with a slab
thickness of 15 mm (5 slices). Using single slices, slabs of two slices, or all slices,
performed significantly worse.
The benefit of using slabs rather than thin slices in the developed CAD system
can be explained by the fact that the slab images we construct better resemble conventional 2D mammograms. Thin slices through lesions have a different texture
than the more blurred representation of projected lesions seen in mammograms.
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Figure 3.10: Histogram of the differences between the z locations of the true positive
3D CAD findings and the slices in which the regions that they hit are annotated, for
all three z definition methods. A narrow distribution around zero means that most
of the lesions could be localized rather accurately with that method.

Since we use supervised learning with 2D lesion projections from mammograms as
examples, it is understandable that the system operating on slabs performs better.
The fact that the optimal slab thickness was found to be in the range of 1-2 cm may
well be related to the fact that most lesions in the training and test database have
diameters in this range.
Reported performance of our CAD system may be seriously hampered by the
strong reconstruction artifacts in the DBT volumes of our test set, caused by the
relatively small tomo angle of the DBT system that was used. Results are expected
to improve on a data set of DBT volumes with less reconstruction artifacts. Unfortunately it is infeasible and beyond the scope of this study to test our approach
on other DBT databases. The impact of variations in the tomographic angle on the
detection performance of our system will have to be investigated in the future.
The reconstruction artifacts especially made the determination of the depth location of lesions challenging in this data set. The poor results of the ’most suspicious’ method in the second experiment show that the most suspicious CAD finding of a group, is not always located within the defined margins of the annotated
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Figure 3.11: Histogram of the differences between the z locations of incorrectly localized 3D CAD findings and the closest boundaries of the defined 3D reference
standards that they hit in 2D, but miss in 3D, for all three z definition methods.

lesions. Inspection of the results showed that some features sometimes actually
have a higher output in the slabs just above and below the lesion than in the slab
that is centered on the lesion. This effect is for instance observed for the focal mass
features 26 , which are known to be important features in our CAD system. These
features measure the presence of a focal mass at a certain location by looking at
the gradient orientations in the vicinity of that location. If many gradient orientations point to the same location and are evenly distributed over all directions, these
features give high responses. Sometimes, these features have higher values in the
reconstruction artifacts that appear as blurred shadows in the slabs above and below the mass, than in the actual mass itself. This effect explains why a high CAD
output is sometimes observed in the slabs above and below the actual lesion. The
reconstruction artifacts are also the reason for the poor performance of the ’mean’
method. The extent of reconstruction artifacts is determined by the location of a lesion in the volume. A lesion that is located in the upper slices of a volume, will have
relatively more reconstruction artifacts below the lesion and vice versa. Together
with the point explained above that reconstruction artifacts will induce CAD findings, this explains why the ’mean’ method did not always accurately localize the
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depth of the lesions. In our study we found that lesion depth was best determined
using a newly developed feature based method designed to find the slice showing
the ’most conspicuous’ lesion features. In most cases this method could cope well
with reconstruction artifacts and was better able to determine the most informative
slice of a lesion than the other approaches we investigated. We expect that 3D localization can fairly easily be improved further when this method is actually trained
on DBT data. We plan to incorporate this in our CAD system in a follow-up study,
where we will train a classifier on the DBT data, to obtain an improved malignancy
score and correct 3D localization all at once.
A disadvantage of our approach to detect masses in reconstructed DBT volumes might be that the CAD system could to some extent be dependent on the
reconstruction algorithm that is used to reconstruct the volumes. However, by generating slabs from several reconstructed slices, noise and reconstruction artifacts
that will be present in individual slices will be averaged out. Other dependencies
will most likely be diminished in our pre-processing steps where we normalize the
resolution and pixel values. We therefore assume that our system will also be applicable to volumes generated with other reconstruction algorithms that calculate
an estimation of the attenuation coefficient of the voxels.
Quantitative comparison with CAD systems presented in other studies is not
possible, because the reported results of these systems are obtained on completely
different data sets (e.g. acquisition system and patients) and different performance
measures are often used. However, we can mention that our system performs in the
same range as other DBT 18–20 , digitized SFM 33 , and FFDM 28 CAD systems. Results
are very promising given the fact that they are obtained on a relatively large DBT
database, are independent of the training data, and given that our system is only
trained on 2D mammograms and not yet on actual DBT data. We expect to increase
performance further once we extend the current setup with a step that is trained
on DBT data to explicitly make use of the specific features of tumor appearance
in DBT. This expectation is supported by several studies 20,34–37 that have demonstrated a performance increase when different approaches were combined. Chan et
al. showed in 20 that combining two different DBT CAD approaches that are trained
on the same data, significantly improved performance. Van Ginneken et al. showed
in 36 that different CAD systems (some of which were trained on different data sets)
can have complementary strengths and that a combination of these systems can
yield spectacular improvements. We therefore expect that a combination of a DBT
trained system and our approach that is trained on a large set of completely different data of another modality, will also increase performance. However, how
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different the performances of CAD systems for DBT will be when they are trained
with data from DBT, FFDM or a combination of both, should be investigated in a
future study by a direct experiment comparing the different approaches.
This study shows that it is feasible to use a 2D CAD system that is trained with
2D mammograms, to correctly localize masses in 3D in reconstructed DBT volumes.
This implies that the large 2D digital screening databases that are becoming available can be used for the development of CAD for DBT and that there is no need
to exclusively limit training of such systems to DBT data. This novel approach can
be a valuable addition to DBT CAD development, especially in combination with
standard approaches that are trained on DBT data.
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Abstract
To improve cancer detection in mammography, breast exams usually consist of two
views per breast. In order to combine information from both views, corresponding regions in the views need to be matched. In 3D digital breast tomosynthesis
(DBT), this may be a difficult and time-consuming task for radiologists, because
many slices have to be inspected individually. For multiview computer-aided detection (CAD) systems, matching corresponding regions is an essential step that
needs to be automated. In this study we developed an automatic method to quickly
estimate corresponding locations in ipsilateral tomosynthesis views by applying a
spatial transformation. First we match a model of a compressed breast to the tomosynthesis view containing a point of interest. Then we estimate the location of
the corresponding point in the ipsilateral view by assuming that this model was
decompressed, rotated and compressed again. In this study we use a relatively
simple, elastically deformable sphere model to obtain an analytical solution for
the transformation in a given DBT case. We investigate three different methods to
match the compression model to the data by using automatic segmentation of the
pectoral muscle, breast tissue and nipple. For validation we annotated 208 landmarks in both views of a total of 146 imaged breasts of 109 different patients and
applied our method to each location. Best results are obtained by using the centre
of gravity of the breast to define the central axis of the model, around which the
breast is assumed to rotate between views. Results show a median 3D distance between the actual location and estimated location of 14.6 mm; a good starting point
for a registration method or a feature based local search method to link suspicious
regions in a multiview CAD system. Approximately half of the estimated locations are at most one slice away from the actual location, which makes the method
useful as a mammographic workstation tool for radiologists to interactively find
corresponding locations in ipsilateral tomosynthesis views.

4.1 Introduction

4.1
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Introduction

2D x-ray mammography currently is the gold standard for the detection of breast
cancer in its early stages. However, a limitation of this modality is that in a 2D
projection of the breast, superimpositions of normal tissue may look suspicious
and lead to false positives, while true lesions can get obscured by overlying breast
tissue. In order to diminish these problems, two views of each breast are usually acquired per exam; a craniocaudal (CC) and mediolateral oblique (MLO) view, where
the MLO view is acquired at an angle between 30 and 60 degrees from the CC
view. Digital breast tomosynthesis (DBT) was introduced as a promising modality
to overcome these projection problems altogether, by reconstructing a 3D volume
of the breast from several low dose, limited angle x-ray projections. With the introduction of DBT, it was suggested that by adding the extra dimension, only one
tomosynthesis view per breast would be required. Recent insights however indicate that in DBT also two views may be required. Rafferty et al., for instance, found
in their study 38 that 12% of the lesions were much more visible on the MLO view;
15% were much more visible on the CC view; and 9% were only visible on the CC
view. Their conclusion is that it is desirable to acquire both views in DBT, in order
to optimally visualise lesions.
To make use of the information in both views, corresponding regions in the
views need to be matched. Radiologists can then use both views of a suspicious region to establish a diagnosis and multiview computer-aided detection (CAD) systems can use the matched regions to compute an outcome. However, finding the
corresponding location of a given region in the ipsilateral view can be a difficult
task and in multiview CAD systems it is an essential step that needs to be automated. Several groups have worked on this topic in 2D mammography 39–42 . In
2D projection mammography the depth of a region is unknown, which results in a
large uncertainty when looking for the same region in the ipsilateral view. Radiologists often use a method where a search area around the nipple is used, assuming
that the distance to the nipple is more or less constant between views. Zheng et al. 43
found that a straight-strip search area that is bounded by the location of the nipple and pectoral muscle yields a smaller search area. Another method, developed
by Kita et al. 44 , estimates the most likely locations in ipsilateral views with curved
epipolar lines that are computed by simulating the projection and (de)compression
process of a breast exam.
In 3D DBT the depth of a region is known, and therefore it should be possible to make a more accurate estimation of the location of corresponding regions
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in ipsilateral tomosynthesis views. In this study we developed a fast method to
estimate corresponding locations in ipsilateral tomosynthesis views, by matching
and applying an analytical mechanical compression model for hemispheres to the
tomosynthesis data. Such a method can be very useful for several tasks. First, as
a starting point for a feature based local search method to link suspicious regions
in a multiview CAD system. Second, as an initialisation phase for a more precise
but time-consuming registration method. Third, as a visualisation tool for radiologists to quickly find corresponding locations in ipsilateral tomosynthesis views.
Finding these corresponding locations may not only be a difficult, but also a very
time-consuming task for radiologists, because many slices may have to be inspected
individually before correspondence is found. We aim at developing a fast and accurate method that allows a mammographic viewing station to automatically present
the correct slice in the ipsilateral view with a marker at the estimated location, after
a user has indicated a point of interest in the original view. Such a tool could lead
to more efficient reading of DBT cases.

4.2

Materials and methods

In this study we developed a method to quickly estimate corresponding locations
in ipsilateral tomosynthesis views by applying the spatial transformation known
from the analytical solution of compressing a hemisphere. A preliminary report on
this work appeared previously in 45 . The general approach resembles the one that is
used in 44 and 46 for 2D mammograms with respect to simulating the (de)compression
process of a breast exam. First we match a compressed breast model to the tomosynthesis view containing a point of interest, and establish the location of this
point in the model. Then we estimate the corresponding location in the ipsilateral view by assuming that this model was decompressed, rotated to the ipsilateral
view and compressed again according to the matched compression model of that
view (see Fig. 4.1). Exact modelling of the process of breast deformation during
compression is highly complex and an active field of research 47–54 . In this study
we use a simplified breast compression model by making several assumptions on
the material properties and shape of the breast. The model defines the deformation
functions of all locations in the model when it is compressed and decompressed.
With these deformation functions and a simple rotation, corresponding locations
in ipsilateral views can be computed very quickly. In the remaining part of this
chapter we will first elaborate on this compression model and subsequently explain
how this model can be matched to the tomosynthesis data.

4.2 Materials and methods
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Figure 4.1: Schematic overview of the compression of a CC and MLO tomosynthesis
view (frontal views of the left breast of a patient) and the spatial transformation that
we mimic with our method when going from a known location in a CC tomosynthesis volume, to its estimated corresponding location in the ipsilateral MLO volume.
First we match a compressed breast model to the tomosynthesis view that contains a
point of interest (red star), and establish the location of this point in the model. Then
we estimate the corresponding location in the ipsilateral view by assuming that this
model was decompressed, rotated to the ipsilateral view (i.e. 45 degrees in this example) and compressed again according to the matched compression model of that
view. Note that in contrast to 2D mammography, depth information (i.e. in the direction from the detector to the compression paddle) is known in DBT. The lines in
the compressed breasts, represent the direction of the reconstructed tomosynthesis
slices.
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Figure 4.2: Schematic overview of the compression model. Compression of a unity
sphere with α0 = 0.7 results in a deformed sphere with a compressed vertical radius
of 0.59 and a stretched horizontal radius of 1.20.

4.2.1

Elastic sphere breast (de)compression model

To mimic breast (de)compression, we assume that a breast can be modelled by a
hemisphere consisting of a homogeneous, isotropic rubbery (neo-Hookean) material that is volume preserving when compressed. While this is an approximation,
the same material properties are often employed during finite element modelling of
breast compressions 52–54 . The force that is applied to the breast during compression
is assumed to be uniaxially, applied to the poles of the sphere. When compressed,
the sphere will become flatter and expand outwards (see Fig. 4.2). The analytic solution of the deformation of such a sphere when compressed is given by Rodriquez
et al. 55 and included here for completeness. The Neo-Hookean model is a hyperelastic material model which can be used to describe the non-linear relationship
between the stress and strain (i.e. change in length of the material) for materials
undergoing large deformations (typically accurate for strains up to 20%). For an
uniaxial compression, the stress-strain relationship is described by:
σ=

f
= G · (α−2 − α)
A

(4.1)

where the stress σ is the compressional force f per area A, G is the shear modulus
and α the ratio of stressed to unstressed length (strain). In the following formulas
we will use a star (∗ ) to indicate that a variable relates to the uncompressed state of
the sphere.
When a force is applied to the poles of a sphere, this force is being transmitted
through every layer of the sphere, parallel to the equator. A disc at the equator with
a thickness of dz ∗ and radius of R∗ , will be compressed to a flatter but wider disc of
thickness dz and radius R0 . The thickness of the disc changes with the strain ratio
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at the equator α0 :
dz = α0 · dz ∗

(4.2)

π · R∗ 2 · dz ∗ = π · R02 · dz

(4.3)

The disc is volume preserving:

and the strain ratio at the equator can therefore be calculated from the radius change
at the equator between the uncompressed and compressed state:
α0 = (R∗ /R0 )2

(4.4)

The stress at the equator can be calculated from the original area of the disc as:
σ0 =

f
π · R∗ 2

(4.5)

When we now consider another disc at some vertical distance z ∗ from the centre
of the sphere, we can compute the radius of that disk (Rz∗∗ ) from:
Rz∗∗ 2 = R∗ 2 − z ∗ 2

(4.6)

Normalising the sphere with respect to its original radius will put this in nondimensional form as a disk at normalised height:
φ = z ∗ /R∗

(4.7)

p

(4.8)

with a radius of
Rφ∗ =

1 − φ2

We only analyse the upper half of the sphere and let φ range from 0 at the centre of
the sphere to 1 at the top pole. The bottom half of the sphere is deformed identically
due to spherical symmetry. Furthermore, after normalisation we can define the
dimensionless stress at the equator to be:
Q=

σ0
= α0−2 − α0
G

(4.9)

The stress is different for each disc at a certain height in the sphere because the
area of each disc is different. The local stress at the disc at height z ∗ (or φ) can be
calculated by combining eq. 4.1, 4.6, 4.7 and 4.5 respectively:
σφ =

f
f
f
σ0
=
=
2 =
2
2
2
∗
∗
∗
∗
2
(1
−
φ2 )
π · Rz ∗
π · (R − z )
π · R · (1 − φ )

(4.10)

From eq. 4.1, 4.9 and 4.10 we can now see that:
Q = α0−2 − α0 = (1 − φ2 ) · (αφ−2 − αφ )

(4.11)
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This can be solved for αφ by:
αφ
where

√
√
b (1 + i 3) · b2
(1 − i 3) · f
= − +
+
3
3 · 22/3 · f
6 · 21/3

b

= Q/(1 − φ2 ) and

f

=

(−27 + 2b3 + 3 ·

√

3·

p

(4.12)

27 − 4b3 )1/3

This shows that the degree of compression in any point of the sphere can be computed from only the normalised vertical distance from the centre of the sphere (φ)
and the ratio between uncompressed and compressed radius at the equator (α0
from eq. 4.4). Because the equations above are normalised, they can be applied
to spheres of any radii. Hence we can compute the displacement of any point, using only this compression ratio α0 . Note that there are no constraints so that α0
can equally well be used to compute displacements of points that lie outside the
boundaries of the original sphere. The following two paragraphs will show the
deformation functions for the compression and decompression of a sphere, respectively.
Compressing

An initial point with Cartesian coordinates (x∗ , y ∗ , z ∗ ) can be converted to a coordinate system where its location is defined by (R∗ , φ, θ), where R∗ is the radial
distance from the origin and θ the azimuthal angle in the disc at normalised height
φ:

R∗

=

φ =
θ

=

q
x∗ 2 + y ∗ 2 + z ∗ 2
z ∗ /R∗
arctan(y ∗ , x∗ )

When compressed, the height of the disc is reduced with the strain ratio αφ , while
the radius of the disc is stretched. The radius of the disc at height φ before compression is given by eq. 4.8 and because the disc is volume preserving, we can compute
the radius of the disc after compression by:
s
Rφ

=

1 − φ2
αφ

(4.13)
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From this stretched radius and by numerical integration of αφ , we can now obtain
the new (x, y, z) coordinates after compression by:
x =

R∗ Rφ cos(θ)

y

=

z

=

R∗ Rφ sin(θ)
Z φ
∗
αi di
R
i=0

Decompressing

Similarly, the (x∗ , y ∗ , z ∗ ) coordinates of a point before compression can be computed from the (x, y, z) coordinates of that point in the compressed state. In accordance with the computations for compressing we now need a numerical solution
to find φ (the one that results in the smallest error in eq. 4.14) and can convert the
point to (R∗ , φ, θ) coordinates with:
Z
βφ

φ

=

αi di
i=0

βφ
z
R∗
θ

R
p φ
x2 + y 2
= z/βφ

=

=

(4.14)

arctan(y, x)

The Cartesian coordinates before compression can then be found by:

4.2.2

x∗

= R∗ Rφ∗ cos(θ)

y∗

= R∗ Rφ∗ sin(θ)

z∗

= R∗ φ

Matching the model to tomosynthesis data

In order to match the model to a tomosynthesis volume of a compressed breast, we
need to:
1. position the model in the volume, by defining the Cartesian coordinate system of the sphere in the data;
2. make an estimation of the amount of compression of the volume, by computing the strain ratio parameter α0 .

62

Correlating locations in ipsilateral views

Coordinate system definition

The coordinate system is defined as follows (see Fig. 4.3). The z-axis points in the
direction of compression, i.e. from the compression paddle to the detector (perpendicular to the slices). The y-axis is defined in accordance with the results found in 44
and 43 and runs along the pectoral muscle boundary. In MLO views this boundary
is detected automatically with a Hough transform based method 29 and described
by a plane that is parallel to the z-axis. The x-axis runs perpendicular to the other
two, passing through a point on the breast surface that we call the Frontal Breast
Centre (FBC). This FBC is often the same point as the nipple location, but depends
on the definition that is chosen, as will be explained later on. In the CC view, the
pectoral muscle is frequently not visible and the y-axis (yCC ) is therefore chosen to
run parallel to the vertical image edge at a position such that the distance to the FBC
is the same as in the MLO view. The definition of the FBC thus defines the position
of the central axis (x). This central axis is assumed to be the axis around which the
detector and x-ray tube are rotated when a patient is repositioned from one viewing position to the other and is assumed to correspond in both views. Therefore,
when we transform a point in the uncompressed state from one view to the other,
we also rotate around this central x-axis. Rotation is performed in such a way that
the x, y and z axes of the models in the two views, align after the rotation (see Fig.
4.1). The rotation angle is the difference (in the appropriate direction) between the
angles that were used when the CC and MLO views were acquired. These angles
are usually fixed by the acquisition protocol of the hospital and can be found in the
dicom headers of the DBT volumes. The definition of the FBC thus seems to be an
important issue. In this study we evaluated the following three methods to define
the FBC in a tomosynthesis volume (see Fig. 4.3):
1. Automatically estimated nipple location
In the first approach the FBC is defined by the point in the central slice that
lies on the skin contour and is furthest away from the pectoral muscle (y-axis).
In 2D mammography a similar method is often used to make an estimation
of the nipple location 42,46,56 .
2. Manually annotated nipple location
In the second method, manually annotated 3D nipple locations are used as
the FBC. The benefit of this approach is that the FBC’s in both views are actually corresponding locations. Nipples are usually very well visible in tomosynthesis volumes, and it would probably be relatively easy to replace the
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Figure 4.3: Employed coordinate axes and illustration of methods of defining
Frontal Breast Centre (FBC) in slices of a MLO and CC tomosynthesis view of a
right breast. The visible breast tissue was extracted from the background by automatic segmentation. The blue triangle in the upper right corner of the MLO view
shows the automatically segmented pectoral muscle that defines the y-axis. The red
dot on the skin surface shows the FBC as defined by the a) automatically estimated
nipple location; b) manually annotated nipple location; c) centre of gravity based
method. The FBC defines the x-axis. The slices that are shown in a) and c) are the
central slices of the MLO and CC volumes. The slice shown in the CC view of b) is
located several slices more caudally than the central slice, as defined by the manually annotated nipple location. The red and hatched region in c) shows the region
that is used to compute the centre of gravity of the breast. The location of the centre
of gravity is indicated by the yellow star.

manual localisation of the nipple with an automatic method that detects approximately the same location.
3. Centre of gravity based method
In the third approach the FBC is determined in such a way that the amount of
breast tissue is more or less symmetrically distributed around the central axis
(x). This is done by letting the central axis run through the centre of gravity
(COG) of breast tissue volume. The FBC is then defined by that point where
this central axis crosses the skin contour. In order to obtain a robust estimate
of the COG of the actual breast tissue, the pectoral muscle, axilla, skinfolds
and nipple are excluded from computation, using automated segmentation.
We use a method where the COG is computed from that part of the breast that
has a distance to the pectoral muscle that is more than 55% and less than 95%
of the maximum distance to the pectoral muscle boundary. Parameters are
chosen in such a way that the remaining part showed a good representation
of the distribution of mass of the breast.
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Figure 4.4: Segmentation of breast tissue and pectoral muscle of a slice of a MLO
and CC tomosynthesis volume. The light blue areas depict the breast tissue that is
used for estimating the strain ratio parameter. The red triangle in the upper right
corner of the MLO view shows the segmented pectoral muscle, which is excluded
from this computation.

Strain ratio parameter estimation

In order to obtain the strain ratio parameter α0 of Eq. 4.4, estimates need to be made
of the radius at the equator of the sphere before and after compression (R∗ and R0
respectively). In this study we used the following method to obtain these estimates
from tomosynthesis data at hand. The radius of the uncompressed sphere is computed from the volume of the compressed breast, assuming that breast volume is
preserved when compressed:
4
∗ 3
3 π(R )

=

2

volM LO + volCC
2

where volM LO and volCC are the volumes of the breast tissue without the pectoral
muscle of the MLO and CC view respectively (see Fig. 4.4). The compressed radius
R0 is computed in a similar fashion from the area of a simulated 2D projection of
the compressed breast (without the pectoral muscle):
π(R0 )2
2

=

areaM LO + areaCC
2

where areaM LO and areaCC are the projected areas of the two views, computed
from a simulated 2D projection in the direction of the compression force. In both
formulas the mean values of both views are used, in order to obtain robust estimates. The parameter α0 is therefore the same for both views of the same breast.
Fig. 4.4 shows which part of a tomosynthesis volume is segmented and used for
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computation of R∗ and R0 . In this specific example, a skinfold in the medial part
of the patient (bottom part of the MLO view) is also used for computation of the
radii, which might seem strange. However, it should be noted that the same segmentation is used for computing both R∗ and R0 . The strain ratio parameter that is
estimated is a ratio of these two radii, and influence of the skinfold on this parameter can therefore be neglected.

4.2.3

Validation

To validate our method, we annotated 208 landmarks that were clearly visible in
both tomosynthesis views (CC and MLO). The landmarks are marked in both views
of a total of 146 imaged breasts of 109 different patients. The DBT volumes were acquired at two different hospitals and a BI-RADS breast density rating was assigned
to each patient, by an expert radiologist from that hospital. Dissimilar acquisition
protocols were used in the hospitals when the DBT volumes were acquired. The
first hospital acquired the MLO views at an angle of 60 degrees; the second at an
angle between 45 and 50 degrees, depending on the patient. Approximately half
of the landmarks (98) are marked in tomosynthesis volumes that were acquired at
the first hospital, while the rest (110) was marked in the data from the other hospital. Most of the annotated landmarks are large calcifications, because their location
and correspondence can be determined easily and very precise. The average diameter of the annotated calcifications is approximately 1 mm and their location could
easily be defined in a single 3 mm thick slice. We applied our method to each annotated landmark to estimate the location in the ipsilateral view. This was done in
both ways; from CC to MLO and from MLO to CC, so a total of 416 estimations
are made. Distances between the actual locations and estimated locations are used
to validate our method. These distances are computed for each of the three FBC
definitions and compared by means of a paired t-test to determine the significance
of the differences.
The volumes were acquired with a prototype of Sectra’s (Sectra Imtec AB, Linköping,
Sweden) photon-counting tomosynthesis system. The system uses a tomo angle of
12 degrees (±6◦ ) and reconstructs volumes of 3 mm thick slices with an in-plane
resolution of 0.1 x 0.1 mm. Because the prototype was still under development, the
MLO angle was unfortunately not yet stored in the dicom header. Therefore we
fixed the rotation angle between the CC and MLO view to the values that were typically used in both hospitals, which was 60 and 45 degrees for the first and second
hospital respectively.
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4.3

Results

The three curves in Fig. 4.5 show the accuracy of our method for the three different definitions of the FBC. The horizontal axis depicts the 3D Euclidean distance
between the actual location and estimated location and the vertical axis shows the
percentage of landmarks that are found within that distance from the estimated
location. Results show that the method that defines the FBC by using the centre
of gravity of the breast performs best. The accuracy of this method is significantly
higher than the other two methods (p  0.001). Results also show that the accuracy
of the method where manually annotated nipple locations are used, is significantly
lower (p  0.001) than the other two. The median 3D distance between the actual

location and estimated location of the three methods (i.e. estimated nipple, actual
nipple and centre of gravity) is 16.2, 17.7 and 14.6 mm respectively. The distance
from the estimated location at which 95% of all the landmarks can be found is 37.2,
52.7 and 35.3 mm respectively.
Analysis of the outliers of method 2 showed that for the 8 outliers where the
estimated location was more than 60 mm off, the z location of the annotated nipples were all relatively close to the detector. When the z location was calculated
relatively to the total number of slices of a volume, the average z location of these
nipples was more than 25% below the central slice. No pattern could be found for
the outliers of method 1 and 3.
Fig. 4.6 shows box plots of the distances along each of the axis of the defined coordinate system for the best method (COG based). Analysis of the estimates in the
z direction shows that roughly 50% of the landmarks can be found within 4.5 mm
of the estimated slice location, which rounds to a maximum of 1 slice away from
the estimated slice. Furthermore we can see that the estimation in the x direction is
reasonably accurate with a median of 5.6 mm. The largest deviation is found in the
y direction, where 50% of the points are less than 9.4 mm away from its estimated
location and all points (without outliers) can be found within 38.0 mm. The scatterplot in Fig. 4.7 illustrates the distribution of the difference between the actual and
estimated x and y coordinates off all the 416 estimations.
Correlation coefficients are calculated in order to investigate the relationship
between the accuracy of our method (with best performing COG based approach to
define the FBC), and breast thickness and breast density. Computations show that
the Pearson’s correlation coefficient between the accuracy of the method and breast
thickness is -0.123 (95% CI: -0.215, -0.030). Spearman’s rank correlation coefficient
between the accuracy of the method and BI-RADS classification of breast density is
0.080 (95% CI: -0.017, 0.175).
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Figure 4.5: Accuracy of our method with the three different definitions of the FBC.
Percentage of landmarks that can be found within a certain distance of the estimated
location.
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Figure 4.6: Box plots of 3D and component distances for the COG based approach.
As depicted in Fig 4.3, x is from pectoral to FBC, y is along the pectoral boundary
and z is the compression direction.
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Figure 4.7: Scatterplot of the difference between the actual and estimated x and y
coordinates (using the COG based FBC approach).
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Figure 4.8: Accuracy of our method with the COG based FBC approach for the
whole data set and for the data sets of the two hospitals separately.
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Fig. 4.8 shows the performance on the two data sets of the two hospitals separately. For both data sets the COG based method was used to define the FBC.
A two-sample t-test shows that the difference is highly significant (p  0.001), in

favour of the data set that was acquired at the hospital that used an MLO angle
between 45 and 50 degrees.
Fig. 4.9 illustrates the workflow of a viewing system that makes use of our
method. The FBC is defined by the COG based method. Fig. 4.9a shows an exemplary slice of an MLO and CC tomosynthesis view of the right breast of a patient.
The green arrow in the MLO view points to a large calcification that is visible in the
current slice of the MLO view, but not in the slice of the CC view. When the user
clicks on the location of the calcification in the MLO view, our method estimates
the location in the ipsilateral view in real-time and synchronises this view to the
estimated slice. A small search area is shown at the estimated x and y location in
that CC slice, to indicate where the corresponding region most likely can be found
(see Fig. 4.9b). The search area consists of two ellipses with radii that are based on
percentiles of the difference between the actual and estimated x and y coordinates

of all the points in this study (using the COG based method). The radii of the inner
and outer ellipse are set to the 50th and 75th percentiles respectively. In this example, we can see that the corresponding calcification can be found near the middle
of the search area. The red line indicates the x-axis that runs from the origin to the
FBC that was computed by means of the centre of gravity based method.

4.4

Discussion and conclusion

By matching a relatively simple model of breast deformation to 3D tomosynthesis
volumes, a fast and reasonably accurate method can be obtained to estimate corresponding locations in ipsilateral DBT views. Results show that the definition of the
central x-axis is of crucial importance for the accuracy of the method. The method
that defines this axis through the centre of gravity of the breast, significantly outperformed the other methods. This method yields a median 3D distance between the
actual location and estimated location of 14.7 mm. Given that an average mass has
a diameter of approximately 18 mm 57 , this seems a good starting point for a feature
based local search method to link lesions for a multiview CAD system. With approximately half of the estimated locations being at most 4.5 mm away in the slice
direction (z) from the actual location, our method can become a useful visualisation
tool for radiologists to quickly find corresponding locations in ipsilateral tomosynthesis views. For the volumes we used in this study, which are reconstructed into 3
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Figure 4.9: a) Exemplary slice of a MLO and CC tomosynthesis volume with a calcification visible at the green arrow in the MLO view. b) The same volumes as a)
after clicking on the calcification at the green arrow, showing a synchronised CC
view in the estimated slice with a red search area around the estimated location.
The corresponding calcification can be found near the middle of the search area.

mm thick slices, this means that approximately half of all corresponding locations
can be found within 1 slice from the estimated slice location. For volumes that
are reconstructed into thinner slices of 1 mm or even 0.5 mm, this result would be
within 4 or 9 slices respectively. However, thinner slices will also make a more precise localisation of the z coordinate of the point of interest and origin possible, and
the influence of this on the accuracy of our method should be investigated for such
volumes. This relatively low error in the z direction makes that even fairly small
objects are directly visible once the ipsilateral view is synchronised to the estimated
slice (see Fig. 4.9).
Results are promising, even though the model strongly simplifies the difficult
process of breast deformation during compression. By assuming that the breast
can be modelled by a hemisphere of homogeneous, isotropic elastically deformable
material, we ignore several intrinsic properties of breast compression. For instance,
breast tissue obviously is not homogeneous, but consists of several types of tissue,
each with its specific compression properties (e.g. stiffness of fibrous tissue). In a recent study 51 a strong anisotropic compression behaviour was also observed, when
breasts are subjected to large compressions. Results of this study show that there
is a need for much stiffer material properties in the anterior-posterior direction (x
in our article). Boundary conditions are also simplified by employing friction-less
sliding at the plates and at the planar posterior side. The assumption that a breast
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can be modelled by a hemisphere is also a strong assumption that does not hold
for all breasts. Some other issues that make it difficult to construct an exact model
of breast compression that are not taken into account in our model, are the deformations that are caused by gravity and by the positioning of the breast in the
x-ray system. Incorporating some of these issues into a more accurate compression
model, might improve the accuracy of our method. Using different compression
model parameters per view might also increase the performance.
Two variables that could affect the accuracy of our method, are breast thickness and breast density. However, results show that the correlation between the
accuracy of the method and breast thickness is very low (Pearson’s correlation coefficient is -0.123). Also the correlation between the accuracy of the method and
BI-RADS classification of breast density is very low (Spearman’s rank correlation
coefficient is 0.080). We can conclude from these results that the accuracy of our
method is not much affected by breast thickness and a global measure of breast
density.
An inherent property of our method is that points that lie on the central axis (x)
in one view, will still lie on this axis when transformed to the other view. Correspondence of this axis in the data of both views is thus important, but may be lost
when the breast is not positioned consistently in both views. Correct and consistent
positioning of the breast in the x-ray system is therefore an important condition for
our method to acquire accurate estimations. Inconsistent and incorrect positioning
may be a reason for the lower accuracy that was obtained on the data set of the first
hospital. The angle that was used to acquire the MLO views was also larger (i.e.
more horizontal x-ray direction) for this hospital. Increased gravitational force on
the breast caused by this larger angle may have also induced additional error to the
mismatch of our model to the data. Some error in the accuracy of our method may
also be caused by assuming that the MLO angle was constant for each patient in a
hospital. Some improvement might be gained if the exact MLO angle can be used.
Using the exact nipple location to define the axis of rotation (x) between CC
and MLO views showed to yield a significantly lower accuracy than the other two
methods. Incorrect positioning may also be a reason for this. Although a breast
should be positioned in such a way that the nipple is in profile and in the centre of
the breast, this is not always the case. Depending on the placement of the breast
in the x-ray system, the nipple can be pushed upwards (towards the compression
paddle) or downwards (towards the compression plate) 58 . This movability of the
nipple on the breast could be a reason that it is less suitable as a stable point to
define the central axis. The z location of the nipple defines the slice in which the
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central axis is positioned in the data and this is the axis around which the model
is assumed to rotate. A strong deviation of the z location of the nipple from the
central slice, might inflict surreal rotations of the model. Analysis of the outliers of
method 2 support this theory. From this result we can conclude that an automatic
detection of the nipple location would not be useful in our method.
The FBC (and origin of the coordinate system) is positioned in the central slice
when method 1 (estimated nipple) or method 3 (COG based method) is used, but
the offset of the central axis along the pectoral muscle boundary varies between
these methods (see Fig. 4.3 a) and c)). From the significant difference in performance between method 1 and method 3 we can conclude that also the positioning
of the origin on the pectoral muscle boundary is of crucial importance.
This study shows that, given a point of interest in a DBT volume, a fast and
reasonably accurate estimation of the location of that point in the ipsilateral view
can be made, by matching a relatively simple model of breast deformation to the
DBT volumes. The method we developed in this study can make a contribution
to the development of multi-view DBT CAD schemes and help radiologists more
efficiently read and interpret DBT volumes.
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Abstract
Digital breast tomosynthesis (DBT) is a promising 3D modality that may replace
mammography in the future. However, lesion search is likely to require more time
in DBT volumes, while comparisons between views from different projections and
prior exams might be harder to make. This may make screening with DBT cumbersome. A solution may be provided by synthesizing 2D mammograms from DBT,
which may then be used to guide the search for abnormalities. In this work we
focus on synthesizing mammograms in which masses and architectural distortions
are optimally visualized. Our approach first determines relevant points in a DBT
volume with a computer-aided detection system and then renders a mammogram
from the intersection of a surface fitted through these points and the DBT volume.
The method was evaluated in a pilot observer study where three readers reported
mass findings in 87 patients (25 malignant, 62 normal) for which both DBT and
digital mammograms were available. We found that on average, diagnostic accuracy in the synthetic mammograms was higher (Az =0.85) than in conventional
mammograms (Az =0.81), although the difference was not statistically significant.
Preliminary results suggest that the synthesized mammograms are an acceptable
alternative for real mammograms regarding the detection of mass lesions.

5.1 Introduction

5.1
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Introduction

Digital breast tomosynthesis (DBT) is a promising modality that overcomes some
of the 2D limitations of full-field digital mammography (FFDM), by reconstructing a 3D volume of the breast from several low dose x-ray projection images. In
such 3D volumes, false positive findings caused by superimpositions of normal fibroglandular breast tissue may be reduced, while breast cancers that are obscured
by overlying normal glandular tissue may become apparent. Several studies 23,59,60
have shown an improvement of diagnostic accuracy with DBT over FFDM. The
largest benefit seems to be in reducing false positive findings, which would make
DBT especially useful in breast cancer screening, where it potentially could replace
FFDM.
However, compared to FFDM, lesion search in DBT volumes might increase the
workload of radiologists. Firstly, radiologists will have to assess numerous slices of
a 3D volume instead of a single 2D mammogram, which is likely to increase reading time 59–64 . Secondly, with DBT it might become more complex to make efficient
comparisons between projections and with prior exams, both typical in breast cancer screening. Also, the detectability of microcalcification clusters may be lower in
DBT 65 , partly because clusters become less conspicuous when individual microcalcifications are spread out over several slices. These drawbacks may make screening
with DBT difficult. A solution may be provided by synthesizing 2D mammograms
from 3D DBT volumes which may then be used to guide the search for relevant
abnormalities.
Recent studies 66,67 have shown a significant increase of reader performance
in screening practice, when patients are assessed with a combination of DBT and
FFDM. However, such a combined FFDM + DBT approach has some major drawbacks: reading times increase even further (FFDM + DBT took approximately twice
as long as FFDM alone in 66 ) and obviously radiation doses are approximately doubled. Therefore, attempts are being made to develop synthetically reconstructed
mammograms from the DBT data. If it can be demonstrated that the diagnostic accuracy of such synthetic mammograms is comparable to that of conventional mammograms, the need to acquire a separate FFDM with its accompanying doubled
dose, would be eliminated. Straightforward approaches like maximum intensity
projection (MIP) and averaging the slices are not likely to yield images that are
comparable to FFDM 68 . More elaborate, weighted summing algorithms are being
investigated for thick slice reconstruction 68 and synthetic mammogram generation
applications 69 . Gur et al. showed in their study 70 that the synthetic mammograms
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that were generated with an early version of a commercial application did not yet
yield the same diagnostic accuracy as FFDM, both combined with DBT. However, a
later version of that software has recently been approved by the US Food and Drug
Administration (FDA) and can now be used in a screening environment where patients are assessed with 3D DBT and synthetic mammograms only.
In this study we present a novel method to generate synthetic 2D mammograms from 3D DBT volumes. Our approach makes use of a computer-aided detection (CAD) system to determine the most relevant regions in a DBT volume
and makes sure that those regions are optimally visualized in the synthetic mammogram. Our approach combines the advantages of both FFDM (fast reading)
and DBT (increased lesion conspicuity), while it overcomes the need to obtain images with both modalities separately. The synthetic mammograms can be used to
quickly assess patients in a screening program, while straightforward access to the
DBT volume is also always possible to have a more detailed look at possible abnormalities and their 3D surroundings. In this work we ignore the visualization
of microcalcification clusters and focus on synthesizing mammograms in which
masses and architectural distortions are optimally visualized. A feasibility study is
performed to determine if high quality synthetic mammograms can be generated
with the proposed method. The quality is evaluated in a pilot observer study where
mass detection performance in the synthetic mammograms is compared to that in
actual FFDM mammograms.

5.2

Synthetic mammogram generation method

Fig. 5.1 presents a schematic overview of the synthetic mammogram generation
method that is developed in this study. The method consists of several consecutive
steps which are described in this section. In the first step, the most relevant regions
in a DBT volume are determined by means of a CAD system. The CAD system that
is used in this study is briefly described in 5.2.1. A key element of our method is to
fit a minimally bent plane through the obtained CAD findings. With such a plane, a
voxel of interest for each (x, y) coordinate (where x and y define the plane of the detector) will be selected, while spatial correspondence between the selected voxels is
being preserved. However, in order to be able to fit such a plane through the CAD
findings and obtain a synthetic mammogram with a realistic appearance, it is essential that these findings meet certain criteria. This is explained in 5.2.2, where the
CAD findings are used to determine a set of control points through which the bent
plane is fitted. In this study a thin plate spline (TPS) is used for the fit, and details
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Figure 5.1: Schematic overview of the synthetic mammogram generation method.
x and y define the plane of the detector and z defines the depth direction of DBT.
The resolution in the depth direction is low (typically 1 to 3 mm), due to the limited angle that is used in DBT, but the resolution in the x-y plane is comparable to
mammography (typically 0.1 x 0.1 mm).
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about this method are given in 5.2.3. In the next step this fitted TPS is then used in
combination with a weighting function in the z direction to compute the pixel values of the synthetic mammogram from the voxel values of the reconstructed DBT
volume (5.2.4). In the final step post-processing algorithms are applied to make the
generated synthetic mammogram suitable for presentation. These algorithms are
described in 5.2.5.

5.2.1

CAD system

The basis of our method is a CAD system that is able to detect suspicious regions in
a 3D DBT volume. There are two prerequisites that the CAD system should have.
Firstly, the sensitivity of the CAD system should be high, to ensure that virtually
all lesions will become visible in the synthetic mammograms. Secondly, the CAD
marks should specify the most conspicuous slice of the regions that they detect, to
allow our algorithm to use the most relevant image features for rendering in the
synthetic mammograms.
The CAD system that is used in this study is trained to detect malignant masses
in reconstructed DBT volumes and is described in detail in 71 . This system is designed to make use of the resemblance of DBT to conventional mammography, by
applying a 2D CAD system that is trained on a large number of mammograms (231
abnormal cases/1090 images and 1193 normal cases/5705 images) to reconstructed
DBT volumes. CAD systems generally improve when they are trained with more
data, and this approach makes it possible to build upon the existing knowledge
and large data sets that are acquired with a similar modality. It was found in the
referred study that a competitive mass detection performance can be obtained with
this approach when slices are first combined into 15 mm thick slabs that resemble the mammograms on which the 2D CAD system was trained. The system first
converts a DBT volume into such slabs in an overlapping manner and then applies
the 2D CAD system to each slab. Subsequently, the CAD marks that are found in
the slabs that detect the same object are grouped together and a single malignancy
score and 3D center location of each group is established. The malignancy score is
simply the score of the most suspicious mark in the group. The 3D center location is
computed by means of a method that specifically selects the slice where the finding
is most conspicuous, based on spiculation and border features in the DBT volume.
The final output of the CAD system is thus a set of CAD findings which are defined
by a 3D coordinate and a suspiciousness score.
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Control point determination

By fitting a TPS through the obtained CAD findings, a voxel of interest for each
(x, y) coordinate will be selected, which will then be used to generate the synthetic
mammogram. Therefore, characteristics of the obtained TPS, like its curvedness,
directly influence the quality of the synthetic mammogram. The curvedness of
the TPS is in turn determined by the number and spatial distribution of the CAD
marks through which the TPS is fitted. For instance, when two CAD marks are
found in the DBT volume with similar (x, y) coordinates, but with a very different
z coordinate, a TPS fit will become sharply curved, which would result in an unrealistic synthetic mammogram. It might even be impossible to fit a TPS through
these points. To overcome such problems, a method was developed to prune the
set of CAD findings in such a way that when pairs with similar projections in the
x-y plane occur, the finding with the lowest suspicion is removed. This is done by
going through the set of CAD findings from the most suspicious to the least suspicious finding and removing all less suspicious findings that are positioned to the
finding at hand in such a way that they would cause an unacceptable curvature of
the fitted surface. An unacceptable curvature is identified when the angle between
the line that connects the two findings and the x-y plane is larger than a certain angle. In this study this angle is set to 45 degrees. The CAD findings that remain after
this procedure are called the control points. In addition to the control points that are
selected from the set of CAD findings, four static control points are added. These
points are determined by scaling the bounding box of the segmented breast tissue
in the middle slice by a factor two around the center of the bounding box. The corner points of this scaled bounding box are the four static points. The z coordinate
of these points is thus equal to half the breast thickness, and their x,y coordinates
are well outside the breast and dependent on the size of the breast that is imaged.
These points regulate the TPS, so that it stays within the top and bottom slice of the
DBT volume for each x-y coordinate, and intersects more or less horizontally with
the breast boundary. Also, because a TPS is undefined for less than three control
points, these extra points ensure that a fit can always be found. In the extremely
rare case that no CAD marks are present at all, these points will generate a TPS that
is equal to the central slice, which is then assumed to be the most informative slice.
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Thin plate spline fit

We use a TPS interpolation method to fit a minimally bent surface exactly through
the obtained set of control points. The resulting TPS is the function:
zt = f (x, y)

(5.1)

The TPS method offers a regularization parameter that can be used to relax the
requirement that the TPS has to pass exactly through all the control points. This
parameter could be used to ensure that the TPS does not become strongly curved.
However, in this study we chose to ensure this by removing less suspicious CAD
marks with the method mentioned above (5.2.2). We assume that it is better to
let the TPS pass exactly through a subset with the most suspicious locations, then
loosely through all more or less suspicious locations. It is unlikely that a breast
will contain many suspicious locations that need to be visualized, but if a lesion is
present, it should be presented in the synthetic mammogram in the best possible
way. We noted that especially spiculation, which is an important characteristics
of breast cancer, is most obvious in specific slices of lesions and that it is therefore
important to fit the TPS through these slices as accurately as possible. Therefore,
no regularization is used in this study.

5.2.4

Weighting function in Z

In this section it is explained how the obtained TPS is used to compute the synthetic
mammogram. In its simplest form, each pixel value in the synthetic mammogram
S(x, y), would just adopt the voxel value of the DBT volume V (x, y, z), as defined
by the TPS (eq. 5.1):
St (x, y) = V (x, y, zt ),

(5.2)

However, by applying a function that makes use of the TPS and the DBT volume, a
more elaborate weighting can be defined. In this study a weighting function with a
1D Gaussian kernel in z is applied, so that the synthetic mammogram is constructed
by taking all information in columns of the DBT volume into account, and a smooth
transition between slices is obtained:
Sσ (x, y) =

N
X
z=1

V (x, y, z) · gσ (zt − z),

(5.3)

where N is the total number of slices in the DBT volume and
gσ (z) =

z
1
√ e− 2σ2
σ 2π

(5.4)
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A small σ of 3 mm is used in this study. The sum of the coefficients in each projection is normalized to 1.

5.2.5

Post-processing

In the final step two post-processing methods are applied to convert the image into
a presentable mammogram. The first method enhances the periphery of the breast
and the second method optimizes the contrast of the image. The following two
sections describe these methods.
Peripheral enhancement
In the periphery of the breast, contact with the compression paddle and detector
plate is lost. Photons will partially pass through air instead of breast tissue in this
part, and because photons are barely attenuated by air, the image becomes darker.
This effect remains visible in reconstructed slices of DBT volumes due to the incomplete sampling of the breast with a small tomographic angle. Peripheral enhancement methods have been developed that improve the visibility in the periphery by
performing a thickness correction. Such methods greatly reduce the dynamic range
of the image, and as a consequence less manual adjustments of the contrast are required to visualize details near the skinline. In this study, thickness is corrected
with the method that is described in 72 . This method corrects an image by adding
a tissue thickness difference image that is computed by removing dense areas from
the original image and smoothing it with an anisotropic filter.
Contrast enhancement
Mammograms should be presented in such contrast that lesions are optimally visualized and human interaction to manipulate contrast during reading is minimized.
To this end, several image enhancement algorithms have been developed. In this
study no spatial contrast enhancement algorithms are used, but the synthetic mammograms (where pixel values are proportional to estimations of the attenuation coefficients) are simply displayed with the sigmoid function that is defined by the
window center and window width parameters. Window center is set to the average pixel value of the most dense region in the mammogram which is determined
by a method that simulates an automatic exposure control. This method is based
on the method described in 28 . Window width is set to a fixed value and adjusted
manually when necessary.
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5.3

Evaluation

In order to evaluate the quality of the synthetic mammograms a pilot observer
experiment was conducted. In this observer experiment, malignant mass detection performance of radiologists in synthetic mammograms is compared to that in
actual mammograms by a direct comparison of both modalities. Although it is
expected that synthetic mammograms will be read in conjunction with the corresponding DBT volumes in the future, this standalone comparison was chosen, to
get a direct measurement of the quality of the synthetic mammograms themselves.
Detection and classification of microcalcification clusters and benign lesions was ignored in this study, because we used a malignant mass CAD system in our method
to detect suspicious locations.

5.3.1

Data set

Observer performance was tested on a data set of 87 patients with breast density of
2-4 according to the BI-RADS categories proposed by the American College of Radiology, which represent scattered fibroglandular density, heterogeneously dense,
and extremely dense, respectively. This set is a subset of the cases that were used
in an observer study conducted by Wallis et al. 23 , where diagnostic accuracy of 2D
mammography was compared to 3D DBT. Details about the data set can be found
in the referred paper. For the purpose of this study, the cases with a biopsied benign lesion or suspicious microcalcification cluster (without a mass) were excluded
from that set. This resulted in our test set of 87 patients of which 25 had at least
one biopsy-proven malignant mass, architectural distortion, or asymmetry. None
of these patients had bilateral lesions. Two of the malignant masses also contained
suspicious microcalcifications. The remaining 62 patients were interpreted as normal, which was confirmed after 12 months of follow-up. Cysts were not biopsied
and defined as normal.
Each patient was imaged twice, once with a mammography system and once
with a DBT system. With both modalities, two views (mediolateral oblique and
craniocaudal) of both breasts of each patient were acquired, resulting in a data
set of 348 mammograms and 348 DBT volumes. The DBT volumes were all acquired with a prototype tomosynthesis system which is based on a Philips MicroDose photon-counting mammography system (Philips, Solna, Sweden) 21,73 . Mammography was performed with a system of one of three different manufacturers,
depending on the site where the patient was imaged: 54 with either a Senographe
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DS or Senographe Essential system (GE Medical Systems, Buc, France), 32 with
a MicroDose D40 system (Philips, Solna, Sweden) and 1 with a Mammomat Inspiration system (Siemens, Erlangen, Germany). The average radiation dose per
DBT volume was 0.76 mGy. The average dose per mammogram depended on the
mammography system that was used and was 0.52 mGy for the mammograms that
were acquired with a Philips system and 1.2 mGy for the mammograms that were
acquired with a Siemens or GE system.
Our reference standard was established by annotating all the lesions in the 25
malignant cases, in both views of both modalities. In mammography, annotations
were made by drawing a contour around each lesion. A similar approach was used
for DBT, where a contour was drawn around each lesion in the slice where it was
best visible (as was indicated by one of two experienced radiologists). However, to
measure the performance of our DBT CAD system, a 3D delineation of the lesions
was also needed. Because it was unfeasible to exactly delineate the boundaries of
the lesions in 3D due to reconstruction artifacts in the DBT volumes, we adopted
the following 3D definition. The effective radius (R) of each lesion was computed
p
A/π, which was then used as a margin

from the area (A) of the annotation by R =

in the depth direction to define a 3D shape around each lesion in DBT.

5.3.2

Observer study

Three readers participated in the pilot observer study. One of them was a certified
screening radiologist, one a resident and one an experienced mammography researcher. Before the actual observer experiment started, a short training session was
conducted to familiarize the readers with the workstation and synthetic mammograms. During this training session, the synthetic mammogram generation method
was explained and a separate data set of 27 training cases (14 with at least one
malignant mass and 13 normals) was presented to the readers, together with the
ground truth of these cases. The training set contained cases that were excluded
from the data set, because the patient had prior surgery or was classified as BIRADS parenchymal density category 1 (almost entirely fat), or one of its views was
missing or had technical difficulties. The mammograms and synthetic mammograms of the patients in this set were presented together, so that the readers could
compare the synthetic mammograms to the normal mammograms and get an impression of the differences between them. Finally, the readers were informed about
the approximate proportion of malignant cases in the actual study set. They were
also informed that this set would not contain benign lesions and suspicious micro-
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calcification clusters without a mass.
The actual observer study consisted of two sessions in which each reader eventually assessed each case twice: once the actual mammograms and once the synthetic mammograms. A cross-balanced study design was chosen in order to prevent potential bias due to remembering cases from previous reading sessions. To
this end, the data set of 87 cases was split into two randomly ordered subsets of 43
and 44 cases (i.e. set A and B), which each contained approximately half of the malignant cases (13 and 12 respectively). In the first session, two of the three readers
first assessed the synthetic mammograms of set A and subsequently the conventional mammograms of set B. The third reader assessed the cases in the same order
as the other two, but read conventional mammograms where the other two readers
read synthetic mammograms and vice versa. After a break of several days (2, 6,
and 10 days for the three readers respectively) the second session was performed.
In this session, each reader read the same cases again, but this time the conventional
mammograms when they first read synthetic mammograms and vice versa.
The experiment was conducted on an in-house developed mammography workstation that was equipped with all standard displaying tools like two- and fourview hanging-protocols, zooming, and window level contrast enhancement. The
workstation automatically recorded the reading times of the readers while they
were assessing the cases. Images were displayed on a 30 inch, DICOM calibrated 74 ,
color LCD panel with a 2560 x 1600 native resolution.
The readers were asked to score all more or less suspicious findings they could
find in the 87 cases (i.e. more than they would report in screening practice). This
was done in order to obtain sufficient data for analysis. Scoring was done by
placing a numbered marker on each finding. If the same finding was visible in
both views, the readers were instructed to place a marker with the same number
onto both locations. Other findings in the same case could be reported by placing
markers with different numbers onto them. After placing the markers, the readers
needed to assign a suspiciousness score between 0 and 100 to each finding. The
readers were explicitly asked to use the same rating scale during the whole experiment. This reporting procedure was practiced in the training session.

5.3.3

Data analysis

Free-response receiver operating characteristic (FROC) curves are used to display
the performance of the CAD system. FROC curves show the sensitivity and average number of false positives per DBT volume for a series of thresholds on the
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malignancy score of the CAD findings. Two types of FROC curves are used: a
region-based and case-based curve. For a region-based FROC curve the sensitivity is computed as the fraction of annotated malignant regions that are localized
correctly by the CAD system. Sensitivity of this curve would reach 1 when all the
malignant masses in all views of all patients are detected. Sensitivity of the casebased curve is computed as the fraction of malignant cases in which at least one
malignant mass in one of the views is localized correctly. A lesion is localized correctly when a CAD mark is found within its annotated 3D shape.
The output of the observer experiment is analyzed by means of location receiver operating characteristic (LROC) curves, where the correctly localized true
positive fraction is plotted against the false positive fraction. Correctly localized
true positive fraction is computed as the fraction of malignant cases in which the
reader marked the mass at the correct location in at least one of the views. The location of a marker is considered correct if the 2D distance to the x-y center of mass
of the reference standard is less than 2.5 cm. If a malignant lesion is marked by a
reader more than once, the marker with the highest score is used. In one case two
malignant masses are present and in this case the correct localized finding with the
highest score is used. The false-positive fraction is based on the marker with the
highest score in each normal case.
Reader performance is further analyzed by means of receiver operating characteristic (ROC) analysis. In ROC analysis, localization of lesions is ignored and
only the score of the highest rated mark per patient is used. This resembles clinical
practice, where the most suspicious finding in a patient, determines if the patient is
referred or not. DBM MRMC 75,76 is used to compute binormal fitted ROC curves.
The area under these ROC curves is used to evaluate the performance. The same
software is used to compute the significance of differences in reader performance
between synthetic mammograms and conventional mammograms by treating both
readers and cases as random samples.
The reading time of synthetic and conventional mammography cases is also
analyzed. The median reading time per case is computed for each reader for both
synthetic and conventional mammography. Paired reading times are compared
with the Wilcoxon signed rank test for each individual reader. A p value of less
than 0.05 is considered to indicate a statistically significant difference in reading
time.
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5.4

Results

Fig. 5.2 shows the FROC curves of the CAD system on the data set of 87 DBT
volumes that were used to generate the synthetic mammograms for the observer
study. The synthetic mammogram generation method, initially starts with all detected CAD marks, to achieve the highest possible sensitivity. The region- and casebased sensitivity that was obtained with all CAD marks was respectively 92% and
100% at an average of 34 CAD marks per DBT volume (with a standard deviation
of 17).
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Figure 5.2: Region- and case-based free-response receiver operating characteristic
(FROC) curves of the CAD system on the data set of 87 DBT volumes that are used
to generate the synthetic mammograms for the observer experiment.

In the second step of our method, a set of control points is determined, as a subset of the CAD marks. The region-based sensitivity of the obtained control points
dropped to 88%, meaning that 4% of the findings that were initially detected by the
CAD system were no longer detected with the control points. Case-based sensitivity of the control points remained 100%. The combination of these sensitivities tells
us that lesions were missed in one of both views in 24% of the cases (6 out of 25).
By selecting control points, the average number of points per DBT volume through
which the TPS was fitted was reduced to 14 (with a standard deviation of 6). The
four static control points that are added by the method are hereby not taken into

5.4 Results

87

account. Fig. 5.3 shows the histograms of the number of CAD marks and extracted
control points of all DBT volumes in the test set.
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Figure 5.3: Histograms of the number of CAD marks and control points (without
the four static points) per DBT volume

Fig. 5.4 through 5.7 show four examples of synthetic mammograms that were
generated with our method and presented to the readers in the observer study. The
corresponding conventional mammograms are shown directly to the left of them.
Fig. 5.4 shows the CC views of a right breast with an invasive lobular carcinoma.
The lesion is obscured and not easy to detect in the conventional mammogram,
but clearly visible in the synthetic mammogram and highly suspicious due to its
spiculated appearance. The three readers marked the lesion with a score of 22, 12
and 85 in the conventional mammograms, and respectively with 80, 70 and 95 in
the synthetic mammograms.
The region that is indicated by the red arrows in Fig. 5.5 was marked as a suspicious region by all three readers in the conventional mammogram with scores of 92,
70 and 70. However, this region is in fact a cyst with superimposed fibroglandular
tissue. The overlying fibroglandular tissue is separated from the cyst by the tomo
acquisition and the visibility of the margin of the cyst is improved in the synthetic
mammogram. The cyst was not marked at all in the synthetic mammograms by
two of the readers. The other reader assigned a score of 38 to this region, where it
was 70 in the conventional mammograms.
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Figure 5.4: Conventional mammogram (left) and synthetic mammogram (right) of
a CC view of a right breast with an invasive lobular carcinoma (indicated by the red
arrows).

Fig. 5.6 shows the MLO views of a right breast with an invasive ductal carcinoma which is clearly visible in both types of mammograms. The lesion was
correctly localized with high scores in the conventional mammograms (97, 88, 75)
and even higher scores in the synthetic mammograms (98, 100, 100 respectively).
Fig. 5.7 shows an example of a synthetic mammogram, where the lesion was
missed by the CAD system in the DBT volume. The TPS was therefore not explicitly fitted through the lesion in this view. The lesion is however still visible in the
synthetic mammogram. Together with the CC view of the same breast, the lesion
was scored with an 75, 78 and 85 by the readers. The same lesion was scored with
respectively an 72, 29 and 84 in the conventional mammograms.
From the total of six lesions that were not hit by a control point in a DBT view,
three lesions became still reasonably visible in the synthetic mammograms that
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Figure 5.5: Conventional mammogram (left) and synthetic mammogram (right) of
a CC view of a normal right breast with a cyst (indicated by the red arrows) with
superimposed fibroglandular tissue in the conventional mammogram.

were generated from these views. All readers marked the lesion in these views (together with the other view of the same breast) with similar or even higher scores as
in the conventional mammograms (the median of the differences between the score
in the synthetic mammogram and conventional mammogram is 3; the average is
14). The other three lesions that were missed in a view became virtually invisible
in the generated synthetic mammograms. However, these lesions were adequately
visualized in the synthetic mammogram of the other view of the same breast where
they were detected correctly by the CAD system. In the observer study, one of these
three lesions was not marked by any of the readers in the synthetic mammograms,
while one of them did mark it in the conventional mammograms (score 80). The
other two lesions were marked, but only in the views where they were hit by a control point (one reader missed one of the lesions also in this view). The scores that
were assigned to the three lesions that were only visible in one view were some-
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Figure 5.6: Conventional mammogram (left) and synthetic mammogram (right) of
a MLO view of a right breast with an invasive ductal carcinoma (indicated by the
red arrows).

what lower than the scores in the conventional mammograms (the median of the
differences is -12 and the average is -5.6).
The two cases in which the mass also contained suspicious microcalcifications
were correctly marked by all observers in the conventional mammograms and also
in the synthetic mammograms, although lower scores were then assigned. The
three readers scored the first mass as 77, 95 and 90 in the conventional mammograms and 74, 100 and 80 in the synthetic mammograms respectively. The scores
for the second mass were 71, 100 and 86 in conventional mammograms and 65, 90
and 75 in synthetic mammograms. Inspection of these cases showed that the microcalcifications were still visible to some extent in the synthetic mammograms, even
though they were not explicitly rendered optimally by our method.
The complete results of the pilot observer study are presented in Fig. 5.8 and
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Figure 5.7: Conventional mammogram (left) and synthetic mammogram (right) of
a MLO view of a right breast with an invasive ductal carcinoma (indicated by the
red arrows). This lesion is not detected by the CAD system in the DBT volume from
which the synthetic mammogram was generated. The TPS is therefore not explicitly
fitted through the lesion.

5.9. The LROC curves in Fig. 5.8 depict the average performance of the three readers in conventional and synthetic mammograms. For most false positive fractions,
correctly localized true positive fraction is higher in synthetic mammograms than
in conventional mammograms. Fig. 5.9 shows the fitted ROC curves. The area
under the ROC curve (Az ) is 0.81 for the conventional mammograms and 0.85 for
the synthetic mammograms. However, the difference between the two Az values
is not statistically significant (p = 0.47). Both the LROC and ROC curves show that
especially at low false positive fractions, a higher true positive fraction is obtained
in the synthetic mammograms.
Results of the reading times analyses are presented in Table 5.1. These results
show that two of the three readers assessed synthetic mammograms faster than
conventional mammograms; one of them significantly faster. The third reader was
slower in assessing the synthetic mammograms, but the difference was not statistically significant.
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Figure 5.8: Location receiver operating characteristic (LROC) curves . The curves
are averaged over the three readers.
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Figure 5.9: Fitted receiver operating characteristic (ROC) curves of reader performance in conventional and synthetic mammograms on the data set of 87 patients
(25 malignant, 62 normal).
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Table 5.1: Median reading times in seconds per case of conventional mammography
(MG) and synthetic mammography (SMG) cases for each reader. The median of the
differences and p-values of the Wilcoxon signed rank test are given in the fourth and
fifth column respectively. The numbers between parentheses represent the values
of the first and third quartile.

5.5

Reader

Median MG

Median SMG

Median of diff

p-value

R1

49 (38,69)

↓

39 (29,56)

-9 (-38,10)

0.002

R2

26 (19,40)

↓

23 (17,36)

-1 (-14,8)

0.225

R3

59 (38,96)

↑

66 (40,111)

5 (-30,41)

0.332

Discussion and conclusion

In this study we developed a novel method to generate synthetic 2D mammograms
from reconstructed 3D DBT volumes by fitting a minimally bent plane through
a set of suspicious locations that are found by a CAD system. The feasibility of
this approach and the quality of the generated synthetic mammograms was evaluated by a pilot observer study where mass detection performance in synthetic
mammograms was compared to that in conventional mammograms. Results of
this experiment show that the performance of the readers is higher in the synthetic
mammograms, but that the difference with the performance in conventional mammograms is not statistically significant. A tendency is observed that especially at
low false positive rates, sensitivity of the readers is higher in the synthetic mammograms. Readers also seem to assess synthetic mammograms faster than conventional mammograms. These preliminary results will have to be proven in a larger
observer experiment, but such outcomes would make the method especially useful
in a screening setting.
A unique feature of our method is that the synthetic mammogram can conveniently be used in conjunction with the original DBT volume as a way to navigate
through the DBT volume. Each pixel in a synthetic mammogram comes from a
voxel in the original DBT volume. By hovering over the pixels of the synthetic
mammogram, the DBT volume can be synchronized to the slice where the corresponding voxel is located. In this way the synthetic mammogram can be used to
quickly assess a patient, but the radiologists can go back to the original DBT volume
to have a more detailed look at the suspicious location and its 3D surroundings.
A major limitation of the current method and this study is that suspicious mi-
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crocalcification clusters and benign lesions are ignored. The lack of correct visualization of these findings in the synthetic mammograms make the method clinically
inapplicable in its current form. Further research is needed to investigate how the
current method can be extended so that these findings will also be visualized in
the synthetic mammograms. A logical extension for microcalcification display may
involve a CAD algorithm designed for detection of clustered microcalcifications.
Very preliminary results on a small data set show that a sensitivity of 95% at 1.5
false positive clusters per DBT volume was obtained with an early version of our
microcalicifaction cluster CAD system for DBT 77 . This indicates that it is possible
to develop a highly sensitive microcalcification detection system for DBT when a
limited number of false positives per volume is allowed. With such a system available, it will be relatively easy to include the microcalcification CAD marks in the
current method. However, simply adding the CAD marks of the microcalcification CAD system to the set of mass CAD marks used in this study will probably
not result in an optimal visualization of both types of findings. A more elaborate
weighting scheme that takes the combination of microcalcification and mass marks
into account will be needed. To optimize display of individual microcalcifications,
also addition of a weighted contribution of the slices may be considered after applying a high-pass filter. Ultimately a large reader trial will then have to prove that
the resulting synthetic mammograms are better or at least as good as conventional
mammograms.
Another limitation of our method is that two suspicious regions that lie above
each other (in z) cannot be visualized together in the synthetic mammogram. The
suspiciousness score that is assigned to the regions by the CAD system will determine which of the regions will be visualized in the synthetic mammogram. The
less suspicious CAD mark is removed by the other in the control point determination step. The CAD system should thus be able to assign a higher score to the more
suspicious region of the two. The impact of this limitation when a breast actually
contains two separate lesions just above each other can be argued. When this is
the case, it is probably sufficient to let the radiologist assess only the most suspicious lesion. Further inspection of the entire breast will always be done with other
modalities or in the actual DBT volume once a suspicious region is detected in a
synthetic mammogram.
The quality of the synthetic mammograms will most likely improve further
when a CAD system is used that is able to detect more cancers, and generate less
false positives, or at least false positives with a lower malignancy score than actual cancers. Results show that the region-based sensitivity of our current system
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leaves room for improvement. Currently, 8% of the visible findings that could have
been detected, are missed by the CAD system. Specificity of the system should
also be improved, because another 4% of the findings are missed after the control
point determination step, where the true positive CAD marks that detected these
findings are removed by false positive CAD marks with higher malignancy scores.
An advantage of the CAD system that is used, is that case-based sensitivity is high
and remains a 100% on the data set that is used in this study after the control point
determination step. This ensured that a malignant mass was visible in at least one
of the views of each malignant case.
A positive result of the observer experiment is that the imperfect region-based
sensitivity did not have a dramatic effect on the detection performance of the readers in synthetic mammograms. The majority of the cases in which the lesion was
missed by the control points, were still marked with a relatively high suspiciousness score by most of the readers. Part of this can be attributed to the high casebased sensitivity, because some lesions were only marked in the view where the
lesion was localized correctly by the control points. However, some other lesions
were also marked in the views where they were actually missed by the control
points. The fact that a lesion is missed by the control points does not necessarily
have to mean that it will be totally invisible in the synthetic mammogram. Given
the average lesion size (13 mm in 66 ) and the thickness of a compressed breast (54
mm in 66 ), together with the notion that lesions might occur less frequently close to
the skin (which itself is approximately 5 mm thick), makes that there is a reasonable chance that a TPS will be fitted through a lesion, even when it is not forced
to by a control point inside the lesion. This makes that even an undetected lesion
can become visible in the synthetic mammogram. Such an undetected lesion is not
guaranteed to be optimally visualized, but the negative impact of this is diminished when synthetic mammograms are used in conjunction with the original DBT
volumes.
The angle parameter in the control point determination step that determines if
two CAD marks are positioned to each other in such a way that a fitted TPS would
result in a strongly curved surface, was set to an ad hoc value of 45 degrees. Making this angle smaller will remove more control points and enforce a smoother TPS,
while a larger angle will allow more control points through which the (potentially
strongly curved) TPS will be fitted. It is unclear what the effect on image quality
of this angle parameter and resampling along a plane that is not parallel to the
detector in general, is. In this study we merely evaluated its effect, as part of the
diagnostic accuracy measurement in our observer study. Acciavatti et al. did inves-
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tigate the reconstruction of obliquely pitched planes from DBT data in 78 . Further
research could be done to investigate the effect of this angle on the quality of the
synthetic mammograms. However, the impact of this angle and removing CAD
marks with such a method in general, will reduce when the specificity of the CAD
system is improved. Determination of the static control points might also require
further research, but the influence of these points on the quality of the synthetic
mammograms is expected to be negligible small.
The parameter sigma of the weighting function that is used in this study was
determined experimentally in the development phase of the method, by visual inspection of the quality of some of the synthetic mammograms in the training set.
More research might be needed to investigate the influence of this parameter on
the quality of synthetic mammograms. However, the used weighting function is
relatively simple and it might be more interesting to investigate more elaborate
weighting functions. The weighting function can for instance be made dependent
on the malignancy score or thickness of detected findings. An even more elaborate
weighting function, could make use of features of the detected findings (e.g. margin, spiculation and mass density features), to make sure that the most informative
features of the findings are optimally visualized in the synthetic mammograms.
Further research is needed to investigate the effect of such weighting functions on
the performance of the readers.
The monitor that was used in our observer study has a lower spatial and gray
level resolution than monitors that are normally used in clinical practice. However,
Kamitani et al. 79 showed no significant differences in observer performance for the
detection of masses between the use of a 3 or 5 megapixel monitor. A performance
decrease was noted for microcalcification detection, but this was not part of our
study. The impact of our monitor on diagnostic accuracy in our study is therefore
expected to be negligible small. Also, the same monitor was used during the whole
experiment, so no bias could have been introduced.
In this study we present a novel method to generate synthetic 2D mammograms from 3D DBT volumes with a CAD system. Preliminary results of our pilot observer experiment show that in comparison to conventional digital mammograms, high quality synthetic mammograms for mass detection are generated.
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Breast cancer is the leading cause of cancer death among females, worldwide 1 . In
order to increase the chance of breast cancer survival it is important to detect it
in an early stage. To achieve this, many countries have organized breast cancer
screening programs in which asymptomatic women are regularly invited for an
examination. In such an examination, one or more (digital) X-ray scans of both
breasts are acquired and then assessed by radiologists. A drawback of these scans,
which are called mammograms, is that they are 2D projections, in which overlying breast tissue is projected on top of each other. Due to this, tumours can get
obscured by other tissue, while overlapping normal tissue structures can form configurations that mimic suspicious lesions. A new imaging technique called Digital Breast Tomosynthesis (DBT) was introduced to overcome these shortcomings.
DBT reconstructs a 3D volume (stack of slices) of a breast from a number of digital
mammograms that are acquired at slightly different angles. These mammograms
are called projection images in DBT. In order to restrict the total dose that is administered to a woman, DBT acquires only a small number of low dose projection
images, and the angular span under which these are acquired is small. As a consequence, reconstructed DBT volumes have a highly anisotropic resolution. This
means that the in-plane (x-y) resolution of reconstructed slices is high and comparable to conventional mammograms, but the slices themselves are relatively thick
and depth (z) resolution is thus low. The resemblance of DBT to mammography
is beneficial for its acceptance. Radiologists can easily adapt to this new technology because they can make use of their extensive experience with mammograms.
Early studies on the clinical performance of DBT were very promising. These studies suggested that sensitivity, i.e. the percentage of cancer cases that are detected,
may be higher with DBT than with conventional mammography. Also, the number of women that were falsely recalled for a follow-up exam may become lower
with DBT (higher specificity). However, DBT also introduces some new challenges.
Handling 3D data requires more time and radiologists are looking for new ways to
interpret these images in an efficient manner. In particular in screening there is a
need to minimize reading time because large volumes of cases must be inspected
for a relatively rare presence of abnormalities. In this thesis we proposed several
image computing methods that can be of assistance in the assessment of 3D DBT
data.
Chapter 2 addressed the automatic detection of microcalcification clusters in
reconstructed DBT volumes. Microcalcification clusters are groups of tiny calcium
deposits in the breast and can be an early indication of breast cancer. A microcalcification shows up as a bright white speck in a mammogram or DBT volume and
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can be as small as a single pixel or voxel. A local contrast filter at the scale of such
a small speck is commonly used to automatically detect individual microcalcifications. However, such a filter, which takes the form of a spatial high-pass filter, is
also sensitive to image noise. In chapter 2 we showed that image noise is signal
dependent in reconstructed DBT volumes, and can be modelled from a volume at
hand. Results showed that equalizing the local contrast filter with the signal dependent image noise, as estimated by this model, increased microcalcification cluster
detection performance of a basic computer-aided detection (CAD) system in DBT.
With noise equalization, the number of false positives per DBT volume at a sensitivity of 95% decreased from 4.2 to 1.5 on a small data set of 41 DBT volumes with 20
microcalcification clusters. To date, only a few other studies have investigated the
automatic detection of microcalcification clusters in DBT. Wheeler et al. 12 were one
of the first, and they also incorporated a noise model in their method. However,
their method models the noise in the projection data, while we deliberately chose
to model it in the reconstructed data, because it is expected that in clinical practice
only the reconstructed volumes will be stored (due to storage space constraints).
Their method enhanced individual microcalcifications, but was not yet evaluated
as part of a CAD system that automatically detects microcalcification clusters in
DBT. Such CAD systems have been published in a few other studies 80–83 . Results
of these studies show similar or lower detection performances than ours. However,
these differences are more likely to be caused by a difference in data set, tomosynthesis system, reconstruction algorithm and acquisition parameters (e.g. number
of projection images, tomo angle, and dose per projection image), than by the CAD
systems themselves. Overall it seems that microcalcification CAD systems for DBT
are not yet able to match the detection performance of such CAD systems for fullfield digital mammography (FFDM). The detectability of microcalcifications in DBT
is subject of an ongoing debate 65,84 . It may be that for microcalcifications DBT is not
as good as FFDM. However, since reconstruction algorithms 15,85–87 and acquisition
parameters like projection view distribution 7 and angular dose distribution 88–90 ,
seem to play a crucial role in this, this problem may be solved by further optimization of DBT. It is likely that these settings and the reconstruction algorithm also
influence CAD performance. Future research should investigate this dependence
and aim at designing algorithms that can adapt to acquisition settings. Ideally, CAD
performance for microcalcifications should match that of human readers, to allow
use of CAD as a first reader. This would avoid that radiologists have to spend time
on the tedious and time consuming search for these abnormalities themselves.
Microcalcification clusters are important early indicators of breast cancer, but
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most breast cancer cases are detected through masses (this includes architectural
distortions and focal asymmetries). The automatic detection of these masses is
therefore an active field of research. Years of research on mass detection algorithms
in combination with the availability of a huge amount of screening mammograms
that can be used as training material for CAD systems, have made it possible that
CAD systems for mass detection in mammography, are beginning to approach the
detection performance of trained radiologists 91 . In chapter 3 we presented a CAD
system for detection of masses in DBT that is based on these well-established algorithms developed for mammography and uses mammograms as training data. To
make this possible DBT volumes are converted into a series of slabs (i.e. a combination of adjacent slices) that have an appearance that is similar to a 2D mammogram.
After this conversion, an existing 2D CAD system is applied to each slab, resulting
in a set of CAD findings. After grouping CAD findings which are close together,
in particular those differing only in depth, a 3D location and suspiciousness score
is assigned to each CAD finding. Using this system, experimentally we found that
when 3 mm thick slices were combined into 1 to 2 cm thick slabs, detection performance of the DBT CAD system was significantly higher than when the CAD
system was applied to slabs of 1, 2 or all the slices of a DBT volume. This indicates that the image features of potentially suspicious areas in such slabs have a
better resemblance to the features of similar areas in the mammograms on which
the 2D CAD system was trained. We found that reconstruction artifacts that occur
in DBT due to incomplete sampling with a limited tomo angle, made it challenging to accurately determine the depth of tumours while their presence in the slabs
was correctly found. Therefore, we developed an algorithm that determines the z
location of a mass on the basis of spiculation and border features. With this method
we were able to determine the correct 3D location in most cases. Evaluation of
the detection system on a data set of 192 patients (752 DBT volumes) including 49
with at least one malignant tumour, showed that case sensitivities of 80% and 90%
were achieved at 0.35 and 0.99 false positives per volume respectively. Our study
showed that it is feasible to use the large 2D screening databases that are available
to train a CAD system for DBT. A few other groups have investigated different approaches to build CAD systems for mass detection in DBT. One difference between
these systems which is also one of the main choices that has to be made, is whether
to do the detection in the projection or reconstructed data, or both. Singh et al. 18
first detect suspicious locations in the projection images and project these back into
the volume to obtain 3D locations of mass candidates. False positives are then reduced by applying a DBT trained CAD system to reconstructed slices and slabs at
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these 3D locations. Reiser et al. chose not to use the reconstructed data in 19 , and
developed a CAD system where initial mass candidate detection and feature analysis for FP reduction, is performed directly on the projection images. We chose to
make use of the reconstructed data only, because projection data is often not available in practice, since it normally is not stored in clinical routine. Projection data
may also be complex to interpret by nature when it is acquired with a slot scanner. Another benefit of working with reconstructed data is that the CAD system
does not have to deal with the very noisy (low dose) projection data. However, a
negative aspect is that the CAD system becomes dependent on the reconstruction
method. The choice of our approach is supported by a study of Chan et al. 20 in
which they showed that a CAD system that is applied to reconstructed data significantly outperformed a similar CAD system that is applied to projection data.
In addition, however, they showed that detection performance of a combination
of the two systems was significantly higher than that of both individual systems.
CAD systems generally improve when they are trained with more data or when
they are are combined with other CAD systems. We therefore expect that the performance of our CAD system will also improve when it is extended with a system
that is trained with DBT data.
To improve cancer detection in mammography, it is common practice to acquire two views per breast by compressing and imaging the breast in two different directions, e.g. craniocaudal (CC) and mediolateral oblique (MLO). In order
to combine information from both views, corresponding regions in the views need
to be matched. With the introduction of DBT it was suggested that it might be
sufficient to acquire only a single DBT view, because of the extra dimension. However, evidence is building up 23,38,105 that in order to benefit optimally from DBT,
it is also necessary to acquire two DBT views. Therefore, corresponding regions
in 3D DBT volumes need to be matched as well. However, this can be a difficult and time-consuming task for radiologists, because many slices may have to
be inspected before correspondence is found. For multi-view CAD systems, the
matching of corresponding regions is an essential step that needs to be automated.
In chapter 4 we presented a method that can be helpful to match, either manually or automatically, corresponding regions between views. This method is able to
quickly estimate corresponding locations in other tomosynthesis views by applying a spatial transformation. First a model of a compressed breast is matched to
the tomosynthesis view containing a point of interest. Then the location of the corresponding point in the other view is estimated by assuming that this model was
decompressed, rotated, and compressed again in the direction of the other view.
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We used a relatively simple, elastically deformable sphere model to obtain an analytical solution for the transformation in a given DBT case. This model is matched
to a DBT volume by making use of automatic segmentation of the pectoral muscle
and breast tissue. The centre of gravity of the breast is used to define the central
axis of the model, around which the breast is assumed to rotate between views.
Validation of the method was performed on 208 landmarks that were annotated in
both views of a total of 146 imaged breasts of 109 different women. Results showed
a median 3D distance between the actual location and estimated location of 14.6
mm. This is quite small when one considers that an average mass has a diameter
of approximately 18 mm 57 . The estimated location provides a good starting point
for a feature based local search method to link lesions in a multi-view CAD system. Approximately half of the estimated locations were found to be at most one
3 mm thick slice away from the actual location. This may make the method useful
as a mammographic workstation tool for radiologists to interactively find corresponding locations in other DBT views of the same breast. By clicking on an object
of interest in one view, the other view can be synchronized to the slice in which
the corresponding object is estimated to be located. The relatively low error of our
method in the z direction makes that even fairly small objects are then often directly
visible in the other view. An obvious refinement of our method would be to incorporate a more elaborate breast compression model. Georgii et al. adopted such
an approach in 92 by mapping pre-computed finite element simulations of generic
breast models to DBT data. A quantitative evaluation of their method on a large
database of annotated DBT cases was not yet performed.
The expected improved sensitivity and/or specificity of DBT over FFDM makes
it a strong candidate to replace FFDM in breast cancer screening. However, there
are some drawbacks that may make screening with DBT difficult. First, it is likely
that lesion search will take more time with DBT, because radiologists will have to
inspect numerous slices instead of a single image. Second, the 3D nature of DBT
will also make it more time-consuming to make comparisons between current and
prior exams, which is a requirement in screening because radiologists have to look
for changes. Third, the detectability of microcalcification clusters may be lower in
DBT, partly because clusters become less conspicuous when individual microcalcifications are spread out over several slices. Fourth, currently DBT is only used
in combination with FFDM, which obviously leads to an approximate doubling of
the dose in comparison to DBT alone. As a solution to some of these difficulties
it has been proposed to provide radiologists with synthesized 2D mammograms
derived from the 3D DBT data. This would give radiologists an overview image
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which they can use for navigation. In chapter 5 we presented a novel method to
generate such synthetic mammograms. Our approach makes use of a CAD system
to determine the most relevant regions in a DBT volume and makes sure that those
regions are optimally visualized. This is done by rendering a synthetic mammogram from the intersection of a surface fitted through the CAD marks and the DBT
volume. In this way, the advantages of both FFDM (single 2D overview that allows
fast reading) and DBT (increased visibility of lesions and normal tissue) are combined. The synthetic mammograms can be used to perform an initial reading of
the data. Inspection of the DBT volumes could then be restricted to regions where
radiologists are concerned that overlapping tissue obscures lesions, or to regions
where potential lesions may be present. We focused on optimal visualization of
masses by making use of the CAD system for mass detection that is described in
chapter 3. Visualization of microcalcifications was ignored and an extension of the
method is thus needed to make it suitable for clinical use. An observer study was
conducted to evaluate the quality of the synthetic mammograms. Three readers reported mass findings in 4 views of 87 patients (25 malignant, 62 normal) twice, once
in conventional (FFDM) mammograms and once in synthetic mammograms. Results showed that on average, diagnostic accuracy in the synthetic mammograms
was higher (Az=0.85) than in conventional mammograms (Az=0.81), although the
difference was not statistically significant. Two readers read the synthetic mammograms faster than the conventional mammograms (one of them significantly faster)
and one reader was (non-significantly) slower. The observed trend indicates that
this method is promising, in particular for use in a screening setting. However,
the method has to be extended to visualize microcalcifications. In practice, there is
a lot of interest in synthesized 2D views. There is a commercial system (Hologic
C-View) available, but details about this proprietary software are obviously not
available. The US Food and Drug Administration (FDA) has recently approved the
use of this software, thus allowing use of DBT without a 2D mammogram.
Numerous clinical studies about the diagnostic accuracy of DBT have been published 23,59,60,70,93–104 while this thesis was being realized. An elaborate overview of
most of these studies and their results can be found in 105 . One of the most important common findings in the studies is that two-view DBT has at least equal or
better accuracy than two-view FFDM. Moreover, accuracy improves significantly
when DBT is used as a complement to mammography. In general, DBT seems to be
able to improve sensitivity and reduce recall rates, despite the fact that most studies to date are somewhat biased in favour of 2D mammography, because they were
performed with cancer cases initially detected with 2D mammography. This ex-
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cludes the possibility to detect cancers only visible on DBT. The true value of DBT
may become more apparent when it is evaluated prospectively in large screening
trials. Several of such trials have been initiated:
• Norway: Oslo Tomosynthesis Screening Trial (OTST)
• Sweden: Malmö Breast Tomosynthesis Screening Trial (MBTST)
• Italy: Screening with Tomosynthesis or Standard Mammography (STORM)
• UK: TOMosynthesis with digital MammographY (TOMMY)
The STORM trial was completed recently and its results are strongly in favor of
DBT 106 . In this prospective study 7292 women were screened with FFDM and DBT
and interpreted in a sequential study design: first FFDM alone, then FFDM + DBT.
Results show that cancer detection rate increased significantly with 53% from 5.3
cancers per 1000 exams with FFDM alone to 8.1 with FFDM + DBT. In addition, with
DBT, false positive recalls could have been reduced by 17% without any reduction
in cancer detection. Preliminary results of OTST present similar findings. Analysis
of 12621 screening exams showed a significant increase of 27% in the cancer detection rate for single reading 66 and 30% for double reading 107 . The results of these
trials are further supported by other studies that analysed the clinical performance
after the introduction of DBT in their screening practice, by comparing a group of
women who underwent FFDM alone to a group who underwent DBT with FFDM.
Rose et al. 67 found that the introduction of DBT was associated with a significant
reduction in recall rates and a non-significant increase in breast cancer detection
rates. Philpotts et al. 108 noted a similar significant reduction in recall rates which
they largely attributed to a reduction in recalls of asymmetries. Overall, the results
of all these studies suggest that it is very likely that DBT will be used in breast
cancer screening in some form in the near future. This makes the research that is
presented in this thesis very relevant and potentially very valuable for resolving
the remaining issues of increased dose and interpretation time.
Continuation of our research is necessary to further improve the proposed methods. The growing amount of DBT data that is now becoming available will make
it possible to train a complete CAD system for microcalcifications, and to extend
our CAD system for masses with a system that is trained on DBT data (chapter 3).
Furthermore, it will be very interesting to combine all the methods that are proposed in this thesis. First, the correlation method of chapter 4 can be used in conjunction with the CAD systems to link corresponding marks that are detected in
single views. In such a way multi-view CAD systems can be build, which are likely
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to improve the performance of the single-view CAD systems 33,109 . Second, both
the (improved multi-view) CAD systems for microcalcification clusters and masses
should be integrated in the method that generates synthetic mammograms (chapter 5). The correlation method might also be useful here to enforce that suspicious
tissue that is only detected by CAD in one view is also visualized in the other view,
or at least the location where it is most likely to be located. Ultimately, to assess the
benefits of the methods we developed, it is needed to conduct a large reader study
to compare dose, interpretation time and clinical performance of FFDM to DBT +
FFDM, and DBT + our synthetic mammograms in the setting we proposed where
synthetic mammograms are used to quickly assess patients and DBT for further
inspection when necessary.
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Borstkanker is de kankersoort die wereldwijd de meeste levens eist onder vrouwen 1 .
Om de kans op overleving van borstkanker te vergroten is het van belang om het
in een zo vroeg mogelijk stadium te detecteren. Om dit te bewerkstelligen worden
er in veel landen borstkanker screeningsprogramma’s opgezet waarin vrouwen die
(nog) helemaal geen symptomen hebben, op regelmatige basis worden uitgenodigd
voor een onderzoek. In zo’n onderzoek worden dan één of meerdere (digitale)
röntgenfoto’s van beide borsten gemaakt die vervolgens door radiologen worden
beoordeeld. Een nadeel van dit soort röntgenfoto’s, die mammogrammen worden genoemd, is dat het 2D projecties zijn waarin boven elkaar liggend weefsel
op elkaar geprojecteerd wordt. Hierdoor kunnen tumoren schuil gaan achter ander weefsel en kan op elkaar geprojecteerd normaal klierweefsel er verdacht uit
gaan zien. Om deze tekortkomingen het hoofd te bieden werd er een nieuwe opnametechniek bedacht: digitale borst tomosynthese (DBT). Met DBT wordt een 3D
volume (stapel plakken) gereconstrueerd uit een serie digitale mammogrammen
die onder afwijkende hoeken gemaakt worden (projectie foto’s genaamd). Het idee
is dat boven elkaar liggend weefsel in zo’n 3D volume niet meer op elkaar geprojecteerd wordt, maar in aparte plakken terecht komt. Om de totale straling die een
vrouw toegediend krijgt beperkt te houden, wordt er bij DBT slechts een klein aantal projectie foto’s met een lage stralingsdosis gemaakt en is de totale hoek waaronder deze foto’s gemaakt worden klein. Dit heeft als gevolg dat een gereconstrueerd
DBT volume een sterk anisotropische resolutie heeft. Dat wil zeggen dat de gereconstrueerde plakken zelf een hoge (x-y) resolutie hebben die vergelijkbaar is met
normale digitale mammogrammen, maar dat de plakken wel relatief dik zijn en
de diepte (z) resolutie dus laag is. DBT volumes worden daarom doorgaans ook
plak voor plak bekeken, waarbij elke plak sterk lijkt op een tradiotioneel mammogram. Dit laatste is gunstig omdat radiologen zich dan gemakkelijk aan kunnen
passen aan deze nieuwe technologie en gebruik kunnen maken van hun uitgebreide ervaring met het beoordelen van mammogrammen. De eerste studies naar
de toegevoegde waarde van DBT lieten veelbelovende resultaten zien. Zo zou de
sensitiviteit, oftewel het percentage kankergevallen dat gedetecteerd wordt, hoger
kunnen zijn bij gebruik van DBT in vergelijking met traditionele mammografie.
Ook zou het aantal vrouwen dat onterecht wordt teruggeroepen voor een vervolgonderzoek verlaagd kunnen worden (hogere specificiteit) met DBT. DBT brengt
echter wel de nodige uitdagingen met zich mee. Het beoordelen van 3D data vergt
meer tijd en radiologen zijn op zoek naar nieuwe technieken om deze data op een
accurate en efficiënte manier te beoordelen. Vooral in screening is het van belang
om de beoordelingstijd te minimaliseren, omdat er veel opnames van verschillende
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vrouwen beoordeeld moeten worden in de zoektocht naar een relatief klein aantal
kanker gevallen. In dit proefschrift presenteren we daarom enkele digitale beeldanalyse technieken die gebruikt kunnen worden als hulpmiddel voor radiologen
om DBT accuraat en efficiënt te kunnen beoordelen.
Hoofdstuk 2 behandelde de automatische detectie van microcalcificatie clusters
in gereconstrueerde DBT volumes. Microcalcificatie clusters zijn groepjes minuscule kalkafzettingen in de borst die een eerste aanwijzing van borstkanker kunnen
zijn. Een enkele microcalcificatie ziet er in een mammogram of DBT volume uit als
een heldere witte spikkel die zo klein kan zijn als een enkele pixel of voxel. Voor
de automatische detectie van individuele microcalcificaties wordt vaak een lokaal
contrast filter op een schaal van zo’n kleine spikkel gebruikt. Zo’n filter, wat in feite
een spatieel hoogdoorlaat filter is, is op zo’n kleine schaal echter ook gevoelig voor
beeldruis. In hoofdstuk 2 hebben we laten zien dat beeldruis in gereconstrueerde
DBT volumes afhankelijk is van het signaal en gemodelleerd kan worden aan de
hand van een DBT volume. De resultaten in hoofdstuk 2 lieten zien dat het normaliseren van het lokaal contrast filter met de signaalafhankelijke ruis zoals die
door het model geschat werd, een verhoging van de detectie prestatie van een
eenvoudig computer-aided detection (CAD) systeem voor microcalcificatie clusters opleverde. Het aantal fout positieve microcalcificatie clusters per DBT volume
bij een sensitiviteit van 95% daalde na normalisatie van het lokaal contrast filter,
van 4.2 naar 1.5 op een kleine set van 41 DBT volumes met daarin in totaal 20
microcalcificatie clusters. Tot op heden zijn er slechts een paar andere studies gepubliceerd waarin de automatische detectie van microcalcificatie clusters in DBT is
onderzocht. Wheeler et al. 12 waren één van de eersten en zij maakten ook gebruik
van een ruis model in hun methode. Echter, in hun methode werd de ruis in de projectie foto’s geschat, terwijl wij er juist voor hebben gekozen om het te modelleren in
gereconstrueerde data, omdat het te verwachten is dat in de praktijk alleen de gereconstrueerde volumes opgeslagen zullen worden (vanwege de kosten van opslag
van data). Hun methode verbetert de zichtbaarheid van microcalcificaties, maar
was nog niet geëvalueerd als onderdeel van een CAD systeem dat automatisch
microcalcificatie clusters detecteert in DBT. Dergelijke CAD systemen zijn gepubliceerd in een aantal andere studies 80–83 . De resultaten van deze studies laten zien
dat deze CAD systemen vergelijkbare of slechtere detectie prestaties behalen dan
ons systeem. Echter, het is aannemelijker dat deze verschillen worden veroorzaakt
door een verschil in data set, DBT systeem, reconstructie algoritme en acquisitie parameters (bijv. het aantal projectie foto’s, tomo hoek en stralingsdosis per projectie
foto) dan door de CAD systemen zelf. Over het algemeen lijkt het erop dat micro-
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calcificatie CAD systemen voor DBT nog niet in staat zijn om de detectie prestaties
van soortgelijke CAD systemen voor digitale mammografie (FFDM) te evenaren.
De detecteerbaarheid van microcalcificaties in DBT is ook altijd al een onderwerp
van discussie geweest 65,84 . Sommigen beweren dat DBT voor microcalcificatie detectie niet zo goed is als FFDM. Echter, het is goed mogelijk dat dit probleem met
de doorontwikkeling van DBT opgelost zal gaan worden, omdat reconstructie algoritmes 15,85–87 en acquisitie parameters zoals de verdeling van de positie 7 en stralingsdosis 88–90 van de verschillende projectie foto’s , hier een cruciale rol in lijken te
spelen. Het is aannemelijk dat deze instellingen en het reconstructie algoritme ook
de detectie prestatie van CAD systemen voor microcalcificaties zullen beinvloeden. Toekomstig onderzoek zou deze afhankelijkheid moeten onderzoeken en zich
moeten richten op het ontwerpen van CAD algortimes die daar mee om kunnen
gaan. In het ideale geval zou een CAD systeem voor microcalcificaties de detectie prestatie van radiologen moeten kunnen evenaren, zodat CAD als eerste lezer
gebruikt kan worden. Op deze manier zouden radiologen ontlast kunnen worden
van de vervelende en tijdrovende zoektocht naar deze afwijkingen.
Microcalcificatie clusters zijn belangrijke indicatoren om borstkanker in een
vroeg stadium te detecteren, maar de meeste borstkanker gevallen worden gedetecteerd door tumoren (hier vallen architectuur verstoringen en asymmetrieën ook
onder). De automatische detectie van borsttumoren is dan ook een onderwerp
waar veel onderzoek naar gedaan wordt. Jarenlang onderzoek naar tumor detectie algoritmen, in combinatie met grote hoeveelheden mammogrammen die verzameld worden in de screening en gebruikt kunnen worden om CAD systemen mee
te trainen, hebben ervoor gezorgd dat CAD systemen voor de detectie van borsttumoren in mammografie, de detectie prestatie van getrainde radiologen beginnen
te benaderen 91 . In hoofdstuk 3 presenteerden we een CAD systeem voor de detectie van tumoren in gereconstrueerde DBT volumes dat voortborduurt op deze
jarenlange ontwikkeling van algoritmes en dataverzameling in 2D mammografie.
Dit wordt bewerkstelligd door een DBT volume eerst te converteren naar een serie slabs (oftewel een combinatie van boven elkaar gelegen slices) die lijken op 2D
mammogrammen. Na deze conversie wordt er een bestaand 2D CAD systeem dat
is getraind op een grote hoeveelheid 2D mammogrammen toegepast op elke slab.
Dit levert een serie CAD-markers in de slabs van een 3D volume op. Tot slot worden deze CAD-markers dan gegroepeerd wanneer ze dicht bij elkaar liggen (met
name diegene die alleen in de diepte van elkaar verschillen) en er wordt een 3D
locatie en verdachtheidsscore aan elke CAD-marker (groep) toegekend. Een experiment met dit systeem toonde aan dat wanneer 3 mm dikke plakken werden
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gecombineerd tot slabs van 1 à 2 cm dik, de detectie prestatie van het DBT CAD
systeem significant beter was dan wanneer het 2D CAD systeem werd toegepast
op slabs van 1, 2 of alle plakken van een DBT volume. Dit wijst erop dat de beeldkenmerken van mogelijk verdachte gebieden in dit soort slabs, een betere gelijkenis
vertonen met de beeldkenmerken van soortgelijke gebieden in de mammogrammen waarmee het 2D CAD systeem was getraind. We ondervonden dat de reconstructie artifacten in DBT, die veroorzaakt worden doordat het 3D volume gereconstrueerd moet worden uit de data van slechts een paar projectie foto’s die onder
een beperkte hoek gemaakt zijn, het relatief lastig maakte om de correcte diepte
locatie van tumoren te bepalen die wel gewoon gevonden werden in de slabs. We
hebben hiervoor een algoritme ontwikkelt dat de z locatie van tumoren bepaalt op
basis van beeldkenmerken die iets zeggen over de scherpte van hun rand en de
mate waarop ze een spiculated patroon vertonen. Deze methode maakte het mogelijk om in de meeste gevallen de correcte 3D locatie van een tumor te bepalen.
Evaluatie van het CAD systeem op een data set van 192 patiënten (752 DBT volumes) waarvan 49 met één of meerdere kwaardaardige tumoren, liet zien dat een
case sensitiviteit van 80% en 90% werd behaald met respectievelijk 0.35 en 0.99 fout
positieven per volume. Dit onderzoek laat zien dat de grote hoeveelheid mammografie data die beschikbaar komt uit de screening, bruikbaar kan zijn bij het trainen
van een CAD systeem voor DBT. Verschillende andere groepen hebben andere ontwerpen van CAD systemen voor het detecteren van tumoren in DBT onderzocht.
Een verschil tussen deze systemen, wat tevens een van de grootste keuzes is die
gemaakt moet worden, is of de detectie gedaan wordt in de projectie foto’s, de
gereconstrueerde volumes, of in beide. Singh et al. 18 detecteren eerst potentieel
verdachte gebieden in de projectie foto’s, die ze vervolgens terug projecteren in
het gereconstrueerde volume om zo 3D locaties van potentiële tumoren te verkrijgen. Fout positieven worden vervolgens gereduceerd door een DBT getraind CAD
systeem toe te passen op de gereconstrueerde plakken en slabs op deze locaties.
Reiser et al. kozen er in 19 voor om de gereconstrueerde data niet te gebruiken en
ontwikkelden een CAD systeem waar zowel de initiële detectie als de reductie van
fout positieven op basis van beeldkenmerken wordt gedaan in de projectie foto’s.
Wij hebben er juist voor gekozen om alleen de gereconstrueerde data te gebruiken,
omdat de projectie foto’s in de praktijk vaak niet opgeslagen zullen worden. Projectie data die is verkregen met een slot scanner kan bovendien erg complex zijn om te
interpreteren. Een ander voordeel van het werken met gereconstrueerde data is dat
het CAD systeem niet hoeft te werken met de doorgaans erg ruizige projectie data
die is opgenomen met een lage stralingsdosis. Een nadeel is echter dat het CAD
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systeem op deze manier wel tot op zeker hoogte afhankelijk wordt van het reconstructie algoritme. Onze keuze wordt ondersteund door een studie van Chan et
al. 20 , waarin wordt aangetoond dat een CAD systeem dat wordt toegepast op gereconstrueerde data significant beter is dan een soortgelijk CAD systeem dat wordt
toegepast op de projectie data. Daarnaast laten ze echter ook zien dat een combinatie van de twee systemen nog weer significant beter presteert dan beide systemen
individueel. CAD systemen worden over het algemeen beter wanneer ze met meer
data getraind worden of gecombineerd worden met andere CAD systemen. We
verwachten daarom ook dat de detectie prestatie van ons CAD systeem nog verder
zal verbeteren zodra het wordt uitgebreid met een systeem dat is getraind op DBT
data.
Om de detectie van kanker met behulp van mammografie te verhogen, is het
gebruikelijk om twee views per borst te maken, waarbij de borst in twee verschillende richtingen gecomprimeerd en gefotografeerd wordt; bijv. craniocaudal (CC)
en mediolateral oblique (MLO). Om vervolgens informatie uit beide views gezamenlijk te beoordelen, is het noodzakelijk om corresponderende gebieden bij elkaar
te zoeken. Bij de introductie van DBT werd er gesuggereerd dat de extra dimensie
het wellicht mogelijk zou maken dat er slechts één DBT view gemaakt zou hoeven worden. Er komt echter steeds meer bewijs beschikbaar 23,38,105 dat het toch
ook noodzakelijk is om twee DBT views te maken om optimaal van DBT te kunnen profiteren. Het is daarom ook noodzakelijk om corresponderende gebieden
in twee DBT volumes aan elkaar te koppelen. Dit kan echter een lastige en tijdrovende klus zijn voor radiologen, omdat ze mogelijk eerst een hele serie plakken
moeten bekijken, voordat ze het corresponderende gebied gevonden hebben. Het
koppelen van corresponderende gebieden is ook een essentiële stap die geautomatiseerd moet worden voor multi-view CAD systemen. In hoofdstuk 4 hebben we
een methode gepresenteerd die bruikbaar kan zijn bij het, zowel handmatig als automatisch, koppelen van corresponderende gebieden in meerdere DBT views. Deze
methode is in staat om een snelle schatting te maken van de corresponderende
locatie van een gebied in een andere DBT view, door het toepassen van een geometrische transformatie. Allereerst wordt er een model van een gecomprimeerde
borst gematched op een DBT view waar een bepaald interessant punt in zit. Daarna
wordt de locatie van het corresponderende punt in de andere view geschat, door te
veronderstellen dat dit model eerst gedecomprimeerd wordt en vervolgens gecomprimeerd wordt in de richting van de andere view. Wij gebruikten een relatief
simpel, elastisch vervormbaar model van een halve bol om een analytische oplossing voor de transformatie tussen de DBT views te krijgen. Dit model wordt aan
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een DBT volume gematched door gebruik te maken van automatische segmentatie
van het borstweefsel en de borstspier. Het zwaartepunt van het gesegmenteerde
borstweefsel wordt gebruikt om de as te bepalen waarvan wordt verondersteld dat
de borst omheen roteert bij het opnemen van meerdere views. Validatie van de
methode is gedaan op basis van 208 herkenningspunten die zijn gemarkeerd in
beide views van in totaal 146 borsten van 109 verschillende vrouwen. De resultaten laten zien dat de mediane 3D afstand tussen de echte en geschatte locatie,
14.6 mm is. Dit is een redelijk kleine afstand als je meeneemt dat de gemiddelde
diameter van een tumor ongeveer 18 mm is 57 . De geschatte locatie lijkt dan ook een
goed uitgangspunt voor een zoekmethode die lokaal zoekt naar overeenkomstige
gebieden, om zodoende laesies aan elkaar te kunnen koppelen voor een multi-view
CAD systeem. Ruwweg de helft van de geschatte locaties was hooguit één 3 mm
dikke plak verwijderd van de echte locatie. Hierdoor zou de methode nuttig kunnen zijn als hulpmiddel voor radiologen om in een werkstation waar DBT volumes
op bekeken worden, interactief te kunnen zoeken naar corresponderende locaties
in andere DBT views van dezelfde borst. Door op een potentieel verdacht gebied
te klikken in de ene view, kan de andere view gesynchroniseerd worden naar de
plak waar geschat wordt dat hetzelfde gebied te vinden is. In die plak kan dan
vervolgens met een markering de geschatte locatie in de plak aangegeven worden.
De relatief kleine fout in de diepte richting, zorgt er dan voor dat zelfs kleine objecten vaak direct zichtbaar zijn in de andere view. Een voor de hand liggende
verbetering van onze methode zou zijn om het halve bol model te vervangen door
een nauwkeuriger model van de borst. Georgii et al. hebben een dergelijke aanpak gebruikt in 92 , waar ze een vooraf berekende eindige elementen simulatie van
generieke borst modellen op de DBT data hebben gematched. Een kwantitatieve
evaluatie van hun methode op een grote database met geannoteerde DBT volumes
is helaas nog niet uitgevoerd.
De verwachte verbetering in sensitiviteit en/of specificiteit van DBT ten opzichte
van FFDM, maakt het een sterke kandidaat om FFDM te gaan vervangen in borstkanker screening. Er zijn echter wel een paar nadelen die screening met DBT mogelijk lastig zouden kunnen maken. Allereerst is het aannemelijk dat het zoeken
naar laesies meer tijd gaat kosten in DBT, omdat radiologen dan vele plakken moet
beoordelen in plaats van een enkel mammogram. Ten tweede, het 3D aspect van
DBT maakt het ook tijdrovender om vergelijkingen te maken tussen de opnames
van het huidige en vorige onderzoek. Dit is echter een eis in de screening, omdat radiologen vaak op zoek gaan naar veranderingen. Ten derde, de detecteerbaarheid van microcalcificatie clusters zou lager kunnen zijn in DBT, deels om-
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dat clusters minder opvallen als de individuele microcalcificaties over meerdere
plakken verdeeld zijn. Ten vierde, DBT wordt momenteel alleen nog maar gebruikt
in combinatie met FFDM, wat natuurlijk betekent dat een vrouw aan ongeveer
een dubbele dosis straling wordt blootgesteld in vergelijking met alleen FFDM.
Als mogelijke oplossing voor een deel van deze problemen werd er voorgesteld
om een synthetisch 2D mammogram te genereren uit de 3D DBT data. Zo’n synthetisch mammogram zou de radiologen dan een overzichtsbeeld bieden die ze
in één oogopslag kunnen bekijken en kunnen gebruiken bij hun verdere zoektocht
naar potentiële laesies in de DBT data. In hoofdstuk 5 presenteerden we een nieuwe
methode om dit soort synthetische mammogrammen mee te genereren. Onze methode gebruikt een CAD systeem om de meest relevante gebieden in een DBT volume mee te detecteren en zorgt ervoor dat deze gebieden optimaal gevisualiseerd
worden. Dit wordt bewerkstelligd door een synthetisch mammogram te genereren
uit de doorsnede van een gekromd vlak dat door de CAD markeringen wordt gefit
en het DBT volume. Op deze manier worden de voordelen van FFDM (een enkel
2D overzichtsbeeld dat een snelle beoordeling mogelijk maakt) en DBT (verhoogd
onderscheidend vermogen tussen laesies en normaal weefsel) gecombineerd. De
synthetische mammogrammen kunnen gebruikt worden voor een snelle eerste beoordeling. Inspectie van de DBT volumes kan vervolgens worden beperkt tot de
potentieel verdachte gebieden die een radioloog gevonden heeft. In onze mehode
hebben we ons eerst gericht op het optimaal visualiseren van tumoren, door gebruik te maken van het CAD systeem voor tumor detectie dat beschreven is in
hoofdstuk 3. De optimale visualisatie van microcalcificaties is in eerste instantie
even genegeerd en de methode moet dus uitgebreid worden voordat deze klinisch
gebruikt zou kunnen worden. De kwaliteit van de synthetische mammogrammen
is geëvalueerd in een observer studie. In deze studie hebben drie verschillende
beoordeelaars, tumoren gedetecteerd in 4 view mammogrammen van 87 patiënten
(62 normaal en 25 met een kwaadaardige tumor). Ze hebben dat twee keer gedaan:
één keer in conventionele mammogrammen en één keer in synthetische mammogrammen. De resultaten van deze studie lieten zien dat de diagnostische prestatie
met synthetische mammogrammen (Az=0.85) gemiddeld genomen hoger was dan
met conventionele mamammogrammen (Az=0.81). Het verschil was echter niet
statistisch significant. Twee van de drie beoordeelaars beoordeelden de synthetische mammogrammen sneller dan de conventionele mammogrammen (één van
hen significant sneller), terwijl de derde beoordeelaar (niet significant) langzamer
was. Deze waargenomen trends wijzen erop dat de methode veelbelovend is;
met name voor gebruik in borstkanker screening programma’s. De methode moet
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echter nog wel uitgebreid worden voor visualisatie van microcalcificaties. Er is momenteel erg veel belangstelling voor het genereren van synthetische mammogrammen en er is inmiddels ook een commercieel systeem (Hologic C-View) beschikbaar. Details over de werking van deze methode zijn uiteraard helaas niet beschikbaar. De US Food and Drug Administration (FDA) heeft deze software onlangs
wel goedgekeurd en het is nu dus toegestaan om DBT met een synthetisch mammogram te gebruiken zonder dat daarbij een los conventioneel 2D mammogram
gemaakt hoeft te worden.
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