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COMPUTERIZED DETECTION OF BREAST 
CANCER ON DIGITAL TOMOSYNTHESIS 

MAMOGRAMS 

CROSS-REFERENCE TO RELATED PATENT 
APPLICATIONS 

0001. This application is a continuation of U.S. patent 
application Ser. No. 1 1/350,301, which was filed on Feb. 1, 
2006 and claims the benefit under 35 U.S.C. S 119(e) of U.S. 
Provisional Application Ser. No. 60/650,923 filed Feb. 8, 
2005, the disclosure of which is hereby incorporated by ref 
erence in its entirety for all purposes. 

FIELD OF TECHNOLOGY 

0002 This relates generally to breast cancer detection and, 
more particularly, to a system and method for using com 
puter-aided diagnosis (CAD) for Digital Tomosynthesis 
Mammograms (DTMs) for detection and characterization of 
breast lesions. 

DESCRIPTION OF THE RELATED ART 

0003 Cancer is a serious and pervasive medical condition 
that has garnered much attention in the past 50 years. As a 
result there has and continues to be significant effort in the 
medical and Scientific communities to reduce deaths resulting 
from cancer. Mammography is the most cost-effective 
screening method for early detection of breast cancer. How 
ever, mammographic sensitivity is often limited by the pres 
ence of overlapping dense fibroglandular tissue in the breast. 
The dense parenchyma reduces the conspicuity of the abnor 
malities, which constitutes one of the main causes of missed 
breast cancer. The advent of full field digital detectors offers 
opportunities to develop new techniques for improved imag 
ing of dense breasts such as digital tomosynthesis, Stereo 
mammography, and breast computed tomography. These new 
techniques are still under development and their potential 
impacts on breast cancer detection remain to be investigated. 
0004 Digital tomosynthesis is based on the same principle 
as conventional tomography in diagnostic radiology which 
uses a screen-film system as the image receptor for imaging 
body parts at selected depths. In conventional tomography, a 
series of projection exposure is accumulated on the same film 
when the X-ray source is moved about a fulcrum while the 
screen-film system is moved in the opposite direction. A 
drawback of conventional tomography is that each tomogram 
can only image one plane at a selected depth in relatively 
sharp focus. If the exact depth of interest is not known in 
advance or the abnormality encompasses a range of depths, a 
tomogram at each depth will have to be acquired at separate 
imaging, thus costing additional dose and examination time. 
0005 With a digital detector, the series of projection expo 
Sure is readout as separate projection views at the different 
X-ray source locations. Tomographic slices focused at any 
depths of the imaged Volume can then be generated with 
digital reconstruction techniques from the same series of 
projection images. Because of the wide dynamic range and 
the linear response of the digital detector, each of the projec 
tion images can be acquired with a fraction of the X-ray 
exposure used for a regular projection radiograph. The total 
dose required for digital tomosynthesis imaging may be kept 
at nearly the same or only slightly higher than that of a regular 
radiograph. Properly designed digital reconstruction tech 
niques provide the additional advantage that the depth reso 
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lution of tomosynthesis is generally much higher than that of 
conventional tomography. Digital tomosynthesis thus makes 
tomography more practical to be applied to breast imaging in 
terms of radiation dose, examination time, and spatial reso 
lution. 
0006 Digital breast tomosynthesis mammography is one 
of the promising methods that may reduce the camouflaging 
effects of dense tissue and improve mammographic sensitiv 
ity for breast cancer detection in dense breasts. DTM may 
also improve the accuracy in differentiation of malignant and 
benign breast lesions because the reduction of overlapping 
tissue allows the features of the lesions to be visualized or 
analyzed more reliably. Several research groups are develop 
ing digital tomosynthesis methods for reconstruction of 
tomographic slices from the series of projection images. A 
study is underway to compare DTM with conventional mam 
mograms in breast cancer detection. 

SUMMARY 

0007 Digital tomosynthesis mammography (DTM) is a 
promising new modality that has the potential to improve 
breast cancer detection, especially in dense breasts. However, 
the number of slices per breast may range from 30 to over 80, 
thus increasing the time required for interpretation. A com 
puter-aided diagnosis (CAD) method and a system is dis 
closed that provides a second opinion to radiologists during 
their interpretation of DTMs. The disclosed CAD system 
includes retrieving a DTM image file having a plurality of 
DIM image slices; applying a three-dimensional analysis to 
the DTM image file to detect lesion candidates; identifying a 
Volume of interest and locating its center, segmenting the 
Volume of interest by a three dimensional method; extracting 
one or more object characteristics from the object corre 
sponding to the Volume of interest; and determining if the 
object corresponding to the Volume of interest is a breast 
lesion or normal breast tissue. 

BRIEF DESCRIPTION OF DRAWINGS 

0008 FIG. 1 is a block diagram of a computer aided diag 
nostic system that can be used to perform breast cancer 
screening and diagnosis based on a series of DTM images 
using one or more exams from a given patient; 
0009 FIG. 2 is a graph illustrating a distribution of a 
longest diameter of 23 masses and 3 areas of architectural 
distortion estimated on a DTM slice intersecting a lesion 
approximately at its largest cross section; 
0010 FIG. 3 is a graph illustrating a distribution of breast 
density in terms of BI-RADS category for 26 breasts esti 
mated by an MQSA radiologist from conventional mammo 
grams; 
0011 FIG.4(a) is an example of a mass imaged on a DTM 
slice; 
0012 FIG. 4(b) is an example of a screen-film mammo 
gram, 
0013 FIG. 5 is a flow chart illustrating a method of pro 
cessing a set of DTM images for one or more patients to 
screen for lesion on DTM mammograms; 
0014 FIG. 6(a) is a DTM slice intersecting a spiculated 
maSS, 
0015 FIG. 6(b) is the segmented mass from FIG. 6(a) in 
the corresponding slice after 3D region growing segmenta 
tion; 
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0016 FIG. 6(c) illustrates a rubber-band straightening 
transform (RBST) image of a 60-pixel wide region around the 
mass from FIG. 6(a): 
0017 FIG. 6(d) illustrates a gradient image obtained by 
Sobel filtering of the RBST image from FIG. 6(c); 
0018 FIG. 7 is an ROC curve of a linear discriminant 
classifier obtained from leave-one-case-out testing: 
0019 FIG. 8 is an FROC curve for test performance of a 
detection system for DTM mammograms. 

DETAILED DESCRIPTION 

0020 Referring to FIG. 1, a computer aided diagnosis 
(CAD) system 20 that may be used to detect and diagnose 
breast cancers includes a computer 22 having a processor 24 
and a memory 26 therein and having a display screen 27 
associated therewith. As illustrated in an expanded view of 
the memory 26, a breast cancer detection and diagnostic 
system 28 in the form of, for example, a program written in 
computer implementable instructions or code, is stored in the 
memory 26 and is adapted to be executed on the processor 24 
to perform processing on one or more sets of digital tomo 
synthesis mammography (DTM) images 30, which may also 
be stored in the computer memory 26. The DTM images 30 
may include DTM images for any number of patients and may 
be entered into ordelivered to the system 20 using any desired 
importation technique. Generally speaking, any number of 
sets of images 30a, 30b, 30c, etc. (called image files) can be 
stored in the memory 26 wherein each of the image files 30a, 
30b, etc. includes numerous DTM scan images associated 
with a particular DTM scan of a particular patient. Thus, 
different ones of the images files 30a, 30b, etc. may be stored 
for different patients or for the same patient at different times. 
As noted above, each of the image files 30a, 30b, etc. includes 
a plurality of images therein corresponding to the different 
slices of information collected by a DTM imaging system 
during a particular DTM scan of a patient. The actual number 
of stored scan images in any of the image files 30a, 30b, etc. 
will vary depending on the size of the patient, the scanning 
image thickness, the type of DTM system used to produce the 
scanned images in the image file, etc. While the image files 30 
are illustrated as stored in the computer memory 26, they may 
be stored in any other memory and be accessible to the com 
puter 22 via any desired communication network, Such as a 
dedicated or shared bus, a local area network (LAN), wide 
area network (WAN), the internet, etc. 
0021. As also illustrated in FIG.1, the breast cancer detec 
tion and diagnostic system 28 includes a number of compo 
nents or routines which may perform different steps or func 
tionality in the process of analyzing one or more of the image 
files 30 to detect and/or diagnose breast cancers. As will be 
explained in more detail herein, the breast cancer detection 
and diagnostic system 28 may include 3D gradient field 
analysis routines 34, multi-resolution filtering routines 36, 
object segmentation routines 37, and feature extraction rou 
tines 38. To perform these routines 34-38, the breast cancer 
detection and diagnostic system 28 may also include one or 
more three dimension image processing filters 40, feature 
classification routines 42, classifiers 43. Such as neural net 
work analyzers, linear discriminant analyzers which use lin 
ear discriminant analysis routines to classify objects, Support 
vector machines, rule based analyzers, including standard or 
crisp rule based analyzers and fuZZy logic rule based analyZ 
ers, etc., all of which may perform classification based on 
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object features provided thereto. Of course other image pro 
cessing routines and devices may be included within the 
system 28 as needed. 
0022. Still further, the CAD system 20 may include a set of 
files 50 that store information developed by the different 
routines 34-38 of the system 28. These files 50 may include 
temporary image files that are developed from one or more of 
the DTM images within an image file 30 and object files that 
identify or specify objects within the DIM images. The files 
50 may also include one or more object files specifying the 
location and boundaries of objects that may be considered as 
lesion candidates, and object feature files specifying one or 
more features of each of these lesion candidates as deter 
mined by the feature classifying routines 42. Of course, other 
types of data may be stored in the different files 50 for use by 
the system 28 to detect and diagnose breast cancers from the 
DTM images of one or more of the image files 30. 
0023 Still further, the breast cancer detection and diag 
nostic system 28 may include a display program or routine 52 
that provides one or more displays to a user, Such as a radi 
ologist, via, for example, the screen 27. Ofcourse, the display 
routine 52 could provide a display of any desired information 
to a user via any other output device, such as a printer, via a 
personal data assistant (PDA) using wireless technology, etc. 
0024. During operation, the breast cancer detection and 
diagnostic system 28 operates on a specified one or ones of 
the image files 30a, 30b, etc. to detect and diagnose breast 
cancer lesions associated with the selected image file. After 
performing the detection and diagnostic functions, which will 
be described in more detail below, the system 28 may provide 
a display to a user, Such as a radiologist, via the screen 27 or 
any other output mechanism, connected to or associated with 
the computer 22 indicating the results of the breast cancer 
detection and diagnostic process. Of course, the CAD system 
20 may use any desired type of computer hardware and soft 
ware, using any desired input and output devices to obtain 
DTM images and display information to a user and may take 
on any desired form other than that specifically illustrated in 
FIG 1. 

0025 Computer-aided diagnosis (CAD) has been shown 
to improve breast cancer detection and characterization in 
mammography. Although a preliminary evaluation indicated 
that the breast lesions can be visualized in DTM images more 
easily than on conventional mammograms, the overall detec 
tion sensitivity and specificity of DTM in comparison with 
conventional mammograms remain to be investigated. With 
DTM, the number of reconstructed slices for each breast is 
very large. Even at 1-mm slice thickness, the number of slices 
per breast will range from about 30 to over 80. The time 
required for interpretation of a DTM case can be expected to 
be much greater than that for conventional mammograms. 
With the increase in radiologists’ workload, the chance for 
oversight of subtle lesions may not be negligible. CAD will 
likely play a role in the interpretation of DTM as for conven 
tional mammograms. 
0026. The DTM images may be acquired by a GE digital 
tomosynthesis mammography system. The system may have 
a flat panel CsI/a:Sidetector with a pixel size of 0.1 mmx0.1 
mm. The DTM system acquires projection views (PVs) of the 
compressed breast over a 50-degree arc in the mediolateral 
oblique (MLO) view. A total dose for the PVs was designed to 
be less than 1.5 times that of a single standard film mammo 
gram. DTM slices are reconstructed at 1-mm slice spacing 
using an iterative maximum-likelihood algorithm. 
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0027. Although a specific example of a DTM system is 
described here, DTM images may be acquired by DTM sys 
tems of other manufacturers and used as input to the CAD 
system 20. The digital detector can be made of other materials 
Such as a selenium detector or a storage phosphor detector. 
The pixels of the detector can be any sizes acceptable for 
mammographic imaging, which may range from 0.05mmx0. 
05 mm to 0.2 mmx0.2 mm. The PVs may be acquired with 
different parameters such as the angular range, number of 
PVs per breast, radiation dose, mammographic views. The 
DTM slices may be reconstructed at different pixel sizes or 
slice thickness. DTM slices can be reconstructed using a 
variety of reconstruction algorithms including, but not lim 
ited to, iterative maximum-likelihood algorithms, filtered 
backprojection algorithms, backprojection algorithms, alge 
braic reconstruction techniques (ART), simultaneous ART, 
and simultaneous iterative reconstruction techniques (SIRT). 
0028. A case may consist DTM slices of a single breast. In 
a preliminary study, 26 cases including 23 masses and 3 areas 
of architectural distortion were available. Thirteen of the 
masses and 2 of the architectural distortion were proven to be 
malignant by biopsy. The true location of the mass or the 
architectural distortion in each case was identified by a Mam 
mography Quality Standards Act (MQSA) radiologist based 
on the diagnostic information. The longest diameter of the 
lesions ranged from 5.4 mm to 29.4 mm (mean 14.2 mm, 
median=12.1 mm) as estimated on the DTM slice intersecting 
the lesion approximately at its largest cross section. The dis 
tribution of the longest diameter of the masses or the areas of 
architectural distortion is shown in FIG. 2. The distribution of 
the breast density in terms of BI-RADS category for the 26 
breasts as estimated by an MQSA radiologist from viewing 
the conventional Screen-film mammograms is shown in FIG. 
3. 
0029. An example of a DTM slice intersecting a spiculated 
mass is shown in FIG. 4(a). The same mass imaged in a 
conventional screen-film mammogram of the same view is 
shown in FIG. 4(b) for comparison. The spicules of the mass 
are much more conspicuous in the DIM slice than in the 
mammogram, likely attributable to the reduced structured 
background in the DTM image. 
Computerized Detection 
0030 FIG.5 depicts a flow chart 60 that illustrates agen 
eral method of performing breast cancer detection and diag 
nosis for a patient based on a set of DTM images for the 
patient as well as a method of determining whether the 
detected breast lesions are benign or malignant. The flow 
chart 60 of FIG.5 may generally be implemented by software 
or firmware as the breast cancer detection and diagnostic 
system 28 of FIG. 1 if so desired. Generally speaking, the 
method of detecting breast cancer depicted by the flow chart 
60 includes a series of steps 62-74 that are performed on each 
of the DTM images for a particular image file 30 of a patient 
to identify and classify the areas of interest on the DTM 
images. 
0031. The breast cancer detection CAD system 28 
includes several major steps prescreening, segmentation, 
feature extraction, false-positive (FP) reduction, as shown in 
the schematic in FIG. 5. For a given case, DTM slices con 
taining the entire breast Volume are input into the system for 
processing (block 62). 
Prescreening: 
0032. In the prescreening step, the goal is to detect lesion 
candidates (block 64) by using the property that the breast 

Apr. 29, 2010 

lesions are generally denser and have higher gradient at the 
transition between the breast tissue background and the 
lesion. To achieve this goal, a three-dimensional (3D) gradi 
ent field analysis can be applied to the volumetric data set of 
each case as described below. Of course, variations of the 
method or the implementation to extract similar gradient 
convergence information are possible. To reduce noise in the 
gradient calculation, the image Voxels may first be averaged 
to obtain a smoothed volumetric data set. The gradient field 
analysis is calculated in a spherical region about the size of a 
lesion, e.g., 5 to 10 mm in radius, centered at each Voxel, c(i), 
of the breast volume. The gradient vector at each smoothed 
Voxel V(i) in the spherical region is computed and the direc 
tion of the gradient vector is projected to the radial direction 
from the central voxel c(i) to the voxel v(). The average 
gradient direction over a spherical shell of Voxels at a radius, 
R(k), of k voxels from c(i) is calculated as the mean of the 
gradient directions over Voxels on three adjacent spherical 
shells, e.g., R(k-1), R(k), and R(k+1). Finally, the gradient 
field convergence at c(i) is determined by computing some 
statistics, e.g., the maximum of the average gradient direc 
tions among all shells in the spherical region. The gradient 
field convergence calculation is performed over all VOXels in 
the breast region, resulting in a 3D gradient field image. 
0033. An alternative method to detect lesion candidates is 
to apply 3D Hessian matrix analysis to the DTM Volumetric 
data set. Hessian matrix has been described in the literature 
but has not been applied to DTM for lesion detection. Hessian 
matrix is calculated by convolution of the second derivatives 
of 3D Gaussian filters with the DTM data set. Multiscale 
Gaussian filters covering the size range of the lesions of 
interest will be applied. For each scale, a response function 
designed to enhance 3D spherical objects within a size range 
is calculated at each voxel. The response functions at different 
scales are combined by a maximum operation. The resulting 
response image depicts locations of potential lesions as loca 
tions of relatively high responses. The response that exceeds 
a selected threshold can then be labeled as potential lesions. 
These locations may be subjected to Subsequent analysis, 
similar to that applied to the locations obtained by gradient 
field analysis, as described below. Of course, variations in the 
implementation of the Hessian matrix analysis are possible. 

Segmentation: 

0034 Still referring to FIG. 5, a volume of interest (VOI) 
(e.g., 256x256x256 voxels) is then identified with its center 
placed at each location of high gradient convergence or high 
response. The object in each VOI is segmented by a 3D region 
growing method in which the location of high gradient con 
Vergence is used as the starting point and the object is allowed 
to grow across multiple slices (block 66). Region growing 
may be guided by the radial gradient magnitude. The growth 
of the object is terminated where the radial gradient reaches a 
threshold value adaptively selected for the local object. After 
region growing, all connected Voxels constituting the object 
are labeled. 
0035 An alternative segmentation method is to use 
k-means clustering to group the Voxels in the VOI into a lesion 
class and a background class. The largest connected object in 
the lesion class will be used as the initial region for a 3D active 
contour model or level set segmentation method. The search 
for object boundary by the 3D active contour model is guided 
by minimization of an energy function, which is a weighted 
Sum of internal energy terms such as homogeneity energy, 
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continuity energy, two-dimensional (2D) curvature energy, 
and 3D curvature energy, and external energy terms such as 
2D gradient energy, 3D gradient energy, and balloon energy. 
The weights of the 3D active contour are optimized using a 
training set of DTM lesions. 

Feature Extraction: 

0036) The 3D object characteristics are then extracted 
from the object (block 70). Three groups of features mor 
phological features, gray level features, and texture fea 
tures—are extracted from the segmented object. The morpho 
logical features describe the shape of the object. They 
include, but are not limited to, the volume in terms of the 
number of voxels in the object, volume change before and 
after 3D morphological opening by a spherical element with 
a radius of several Voxels, e.g., 5 voxels, the surface area, the 
maximum perimeter of the segmented object among all slices 
intersecting the object, and the longest diameter of the object. 
The compactness of the object is described in terms of the 
percentage overlap with a sphere of the same volume centered 
at the centroid of the object. The gray level features include, 
but are not limited to, the contrast of the object relative to the 
Surrounding background, the minimum and the maximum 
gray levels, and the characteristics derived from the gray level 
histogram of the object such as the skewness, kurtosis, 
energy, and the entropy. 
0037. The texture features can be extracted either in 2D or 
3D. One example of 2D texture feature extraction is described 
as follows. On each slice, the cross section of the 3D object is 
treated as an object in a 2D image. The rubber-band straight 
ening transform (RBST) previously developed for analysis of 
masses on 2D mammograms is applied to the object. A region 
around the object margin, e.g., a band of 60 pixels wide, is 
transformed to a rectangular coordinate system. In the RBST 
image, the lesion boundary will be parallel to the long side. 
and the radially oriented spicules or textures are aligned and 
parallel to the short side, thus facilitating texture analysis. A 
gradient image of the transformed rectangular object margin 
is derived from Sobel filtering. Texture features can be 
extracted from the run length statistics (RLS) of the gradient 
image in both the horizontal and vertical directions. The 
texture features may include, but are not limited to, short runs 
emphasis, long runs emphasis, gray level nonuniformity, run 
length nonuniformity and run percentage. Any other type of 
texture features may also be extracted, such as spatial gray 
level dependence (SGLD) textures, gray level difference sta 
tistics (GLDS) textures, and the Laws textures. Detailed 
description of the RBST and the RLS and SGLD texture 
features for mammographic lesions is well known by those of 
ordinary skill in the art. For a 3D object in the DTM data set, 
each RLS texture feature is averaged over the corresponding 
feature values over slices containing the segmented object. 
0038 3D texture extraction methods can be considered to 
be an extension of a 2D method. For example, the lesion can 
be analyzed in three groups of planes: (1) along the recon 
structed high-resolution DTM slices that are parallel to the 
detector plane, (2) a set of planes that cutthrough the centroid 
and the south-north poles, and (3) a set of planes that cut 
through the centroid and the east-west poles. On each plane, 
the cross section of the lesion will be similar to a lesion in 2D. 
The RBST is then applied to the band of pixels around the 
lesion boundary to transform it to a rectangular image. The 
texture in the RBST image can be further enhanced by, e.g., 
Sobel filtering or multi-resolution wavelet decomposition 
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and reconstruction. Texture measures such as the RLS, the 
SGLD, the GLDS, and the Laws textures can then be 
extracted from the gray level statistics of the RBST image. 
The texture characteristics will be extracted from the planes 
over all orientations, described above. The corresponding 
texture measure extracted around the lesion can be averaged 
over all planes in each group to obtain an average texture 
measure over all directions around the lesion. Likewise, the 
RBST and texture feature extraction can be applied to the 
band of voxels inside the lesion boundary for further analysis 
of lesion characteristics. 
0039. The extracted features may incorporate object char 
acteristics, including, but not limited to, spiculation features, 
boundary sharpness, and shape irregularity, that can be used 
by a trained classifier to estimate the likelihood that a lesion is 
malignant or benign. This may be a part of the output infor 
mation displayed to a user. 

Feature Classification and False Positive (FP) Reduction: 
0040. If a small data set is all that is available, a leave-one 
case-out resampling technique can be used for training and 
testing the performance of the CAD system 20. If a large data 
set is available, the CAD system can be trained and tested 
with independent data sets. A classifier is trained to differen 
tiate true lesions from false positive (FP) objects (block 72). 
Another classifier is trained to differentiate malignant and 
benign lesions. The classifier may include, but are not limit to, 
a linear discriminant analysis, a neural network, a support 
vector machine, rule-based classification, or fuzzy logic clas 
sification. 
I0041) The free response receiver operating characteristic 
(FROC) analysis may be used to evaluate the test perfor 
mance of the CAD system. A decision threshold is applied to 
the test discriminant score of each detected object. For an 
object that has a discriminant score above the threshold, the 
object may be compared to the true lesion location of that 
case. The object is considered to be true positive if the cen 
troid of the true lesion marked by the radiologist falls within 
the Volume of the object; otherwise, it is a false positive. For 
each decision threshold, the detection sensitivity and the aver 
age number of FPs per case is determined from the entire data 
set. The FROC curve is generated by varying the decision 
threshold over a range of values. After the CAD system is 
trained and tested to be useful, the CAD system can be applied 
to new patient cases as obtained inclinical practice. An appro 
priate decision threshold corresponding to a preferred sensi 
tivity and specificity can be chosen along the FROC curve for 
the clinical application. The CAD system will detect the 
Suspicious lesion locations and display these locations to the 
user. The CAD system will also estimate and display the 
likelihood of malignancy of the lesion to the user as an option. 
I0042 FIGS. 6(a) and 6(b) show an example of a slice 
through a mass in a VOI and the mass boundary obtained by 
3D region growing segmentation, respectively. An example 
of the RBST applied to the slice of the mass and the gradient 
image derived from the RBST image are shown in FIGS. 6(c) 
and 6(d). The spicules radiating from the mass are approxi 
mately in the vertical direction and the segmented boundary 
of the mass is transformed to a straight line, forming the upper 
edge of the rectangular RBST image. 
0043. For the design of the classifier for FP reduction, a 
Stepwise or other feature selection procedure may select the 
most effective subset of features from the available feature 
pool, thus reducing the dimensionality of the feature space for 
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the classifier. As an example, seven features may be selected 
from the available feature pool. The most often selected fea 
tures are likely to include the contrast, minimum gray level. 
Volume change before and after 3D morphological opening, 
maximum perimeter, compactness, and two RLS texture fea 
tures—horizontal short runs emphasis and gray level nonuni 
formity. The performance of the classifier for differentiation 
of true and false lesions in the feature classification step of the 
CAD system 20 can be evaluated by ROC analysis. As an 
example, an ROC curve obtained from a linear discriminant 
analysis (LDA) classifier with stepwise feature selection is 
shown in FIG. 7. The LDA classifier was designed with the 
training Subset in each of the leave-one-case-out cycle. The 
trained classifier was applied to the lesion candidates in the 
left-out case such that each object was assigned a discrimi 
nant score. The area under the ROC curve reached 0.87 with 
a standard deviation of 0.02. 
0044. During prescreening, most, if not all, of the masses 
and architectural distortions are typically detected. The over 
all test performance of the detection system after FP reduc 
tion for a data set of 26 cases is shown as the FROC curve in 
FIG.8. The system has proven to achieve a sensitivity of 85% 
at 2.2 FPS/case and 80% at 2.0 FPS/case. This performance 
can further be improved if it is trained with a larger training 
Set. 

0045. In DTM mammography, the structured background 
Such as the dense fibroglandular tissue is Suppressed in the 
reconstructed DTM slices. However, DTM is different from 
computed tomography in that the overlapping tissues are 
reduced but not totally eliminated. The tomosynthesis recon 
struction leaves residues of the overlapping tissue on the 
DTM slices. Similarly, the shadow of a lesion can be seen in 
most slices even though the actual size of the lesion may only 
be a fraction of the breast thickness. In addition, the voxel 
dimension along the Z-direction (i.e., the direction perpen 
dicular to the slices) in the reconstructed slices may be several 
times larger than that in the X-y plane (the planes of the slices). 
0046. The boundary of an object in the z-direction is there 
fore not as well-defined as that on the x-y planes. The features 
extracted in 3D may have a strong directional dependence. 
For example, extracted texture features may be taken along 
the x-y planes and a 3D texture feature obtained by averaging 
the corresponding 2D texture values over slices containing 
the object. Alternatively, for 3D texture analysis, the texture 
features may be calculated in the shell of voxels surrounding 
the object or on the planes slicing through the object centroid 
from different directions. 

Computerized Characterization 
0047 Computerized characterization of lesions on DTM 
images is intended as an aid to radiologists in making biopsy 
or follow-up recommendations in patient management. Clas 
sification between malignant and benign lesions may be per 
formed as a separate step if the radiologist prefers to have an 
estimate of the likelihood of malignancy (LM) of a selected 
lesion during screening or diagnostic work-up. Alternatively, 
the computer may provide a malignancy rating for each Sus 
picious lesion found by the computerized detection algo 
rithm. Computerized lesion characterization has the general 
steps preprocessing, segmentation, feature extraction, and 
feature classification. The specific computer vision tech 
niques developed for characterization of breast lesions on 
DTMs are described below. Some of the feature extraction 
methods and features are similar to those developed for the 
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lesion detection system. However, the feature classifier is 
designed to differentiate true lesions and false positives (nor 
mal breast tissue) in the detection system, whereas the feature 
classifier is trained to differentiate malignant and benign 
lesions in the characterization system. 

Preprocessing: 

0048. A rectangular-prism shaped volume of interest 
(VOI) enclosing the lesion that has been either been identified 
manually by a radiologist or automatically detected by the 
computer, is extracted. The slice thickness may first be lin 
early interpolated to the same as the pixel size so that the 
voxels are isotropic cubes. Although DTM has reduced back 
ground compared with regular mammograms, dense tissue 
adjacent to a lesion is not uncommon. The background nor 
mal tissue structure is reduced by estimating the low fre 
quency background gray level image from a shell of voxels at 
the periphery of the VOI. The gray level at a given voxel of the 
background image is obtained as a weighted average of the 
six gray level values of the voxels at the intersection between 
the normal from the voxel of interest to each of the six sur 
faces of the VOI. The weighting factor of each voxel value can 
be taken as the inverse of the length of the respective normal. 
The estimated background image is then Subtracted from the 
lesion VOI. 

Segmentation: 

0049. The segmentation method outlines the main body of 
the lesion. The lesion within the background-corrected VOI is 
segmented using either generalized k-means clustering fol 
lowed by a 3D active contour model or a level set segmenta 
tion method, or 3D region growing with adaptive threshold 
ing. In the first method, a set of pixels in 3D is grouped into a 
lesion class and a background class using the k-means tech 
nique. Clustering is performed iteratively until the cluster 
centers of the classes stabilize. The voxels grouped into the 
non-background class may or may not be connected. A 
26-connectivity criterion is used to determine the various 
connected objects in the 3D space and the largest connected 
object in the lesion class is used as the initial region for a 3D 
active contour model, where the weights of the energy terms 
in the active contour model are optimized using a training set 
for the specific application of lesion segmentation on DTMs. 
In the second method, an adaptive threshold is determined as 
the maximum average gradient over all radial directions 
around the object being segmented. The threshold can also be 
made variable over the different radial directions by estimat 
ing a local threshold over a limited-angle conical section 
around a given radial direction. 

Feature Extraction: 

0050 Morphological, gray-level, texture, and spiculation 
features are extracted. 3D morphological characteristics 
extracted from the segmented lesion boundary include, but 
are not limited to, the Volume, the longest diameter, the Sur 
face-area-to-volume ratio, the sphericity, the eccentricity of a 
fitted ellipsoid, the normalized radial length from the object 
centroid, and the variance of the normalized radial length. 
0051. The gray level features for lesion characterization 
include, but are not limited to, the contrast of the object 
relative to the Surrounding background, the minimum and the 
maximum gray levels, and the characteristics derived from 
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the gray level histogram of the object Such as the skewness, 
kurtosis, energy, and the entropy. 
0052 3D texture features may be extracted from the lesion 
analyzed in a number of planes, including: (1) along the 
reconstructed high-resolution DTM slices that are parallel to 
the detector plane, (2) a set of planes that cut through the 
centroid and the South-north poles, and (3) a set of planes that 
cut through the centroid and the east-west poles. On each 
plane, the cross section of the lesion is similar to a lesion in 
2D. The RBST previously developed for analysis of masses 
on 2D mammograms is applied to the object. A region around 
the object margin, e.g., a band of 60 pixels wide, is trans 
formed to a rectangular coordinate system. In the RBST 
image, the lesion boundary is parallel to the long side, and the 
radially oriented spicules or textures are aligned and parallel 
to the short side, thus facilitating texture analysis. The texture 
in the RBST image can be further enhanced by, e.g., Sobel 
filtering or multi-resolution wavelet decomposition and 
reconstruction. Texture measures such as the RLS, the SGLD 
matrices, the GLDS, and the Laws textures are extracted from 
gray level statistics of the RBST image. The texture charac 
teristics may be extracted from the planes over all orienta 
tions, described above. The corresponding texture measure 
extracted around the lesion can be averaged overall planes in 
each group to obtain an average texture measure over all 
directions around the lesion. 

0053 An alternative to extract 3D texture features is to 
generalize the RBST to 3D, i.e., transforming a shell of voxels 
surrounding the lesion to a slab of rectangular voxels with the 
surface of the lesion transformed to a flat plane. The texture 
measures described above can then be generalized to 3D and 
extracted from the slab of voxels in all three dimensions. 

0054 Spiculation features are extracted both from the 2D 
planes described above, and also in 3D. For 2D spiculation 
analysis, a spiculation likelihood map around the lesion mar 
gin is calculated by the statistics of the gradient magnitudes 
and directions at each pixel. For a pixel (i,j) on the mass 
boundary, a search region is defined as the set of all image 
pixels that i) lie outside the mass; ii) have a positive contrast; 
iii) are at a certain distance (e.g., less than 4 mm) from (i,j); 
and iv) are within +JL/4 of the normal to the mass contour at 
(i,j). At each image pixel (i,j) in the search region, the obtuse 
angle 0 between two lines is computed, where the first line is 
defined by the gradient direction at (i,j), and the second line 
joins the pixel (i,j) to the mass boundary pixel (i,j). A 
method based on convolution with Gaussian derivatives may 
be used for computing the gradients. The spiculation measure 
at a mass boundary pixel (i,j) is defined as the average value 
of 0 in the search region. If the pixel (i,j) lies on the path of 
a spiculation, then 0 will be close to JL/2 whenever the image 
pixel (i,j) is on the spiculation, and hence the mean of the 
spiculation measure will be high. The spiculation measure 
may be computed for a number of contours, where each 
contouris obtained by expanding the previous contour by one 
pixel at all pixels on the contour, and the first contour is given 
by the segmentation method. The resulting image in a band 
around the mass is referred to as the spiculation likelihood 
map. High values in the map indicate a high likelihood of the 
presence of spiculations. A threshold above which the voxel is 
considered to be part of a spicule is determined by training 
with case samples. The features in this map are used to clas 
Sify lesions as spiculated and non-spiculated. Spiculation 
measures extracted from the spiculation likelihood image 
include, but are not limited to, the number, the density, the 
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total area of spiculations, and the strength of the spiculation 
gradients to measure the degree of spiculation of the lesion. 
After extracting the spiculation measures from each plane, 
the corresponding measures can be averaged overall planes in 
the same group to derive 3D spiculation measures. These 
spiculation measures can be used directly, and in combination 
with morphological and texture features, as input features to 
the malignant-benign classifiers. Additional features for dis 
tinguishing fibrous tissue overlapping with the lesion from 
true spiculations include measures for gradient strengths and 
direction inside the lesion, and the estimate of the direction 
and the continuity of the structures from the inside to the 
outside of the lesion. 

0055 For 3D spiculation analysis, the spiculation likeli 
hood map is generalized to 3D by calculating the statistics of 
the gradient magnitudes and directions in 3D space at each 
Voxel in the lesion margin region. The gradient statistics at a 
point are calculated over a cone-shape region around the 
normal at that point. High values of gradient statistics in the 
lesion margin indicate possible presence of spiculations. A 
threshold above which the voxel is considered to be part of a 
spicule is determined by training with case samples. 3D 
spiculation measures such as number, density, and the pro 
portion of voxels considered to be spicules relative to the total 
number of voxels in the lesion margin are derived from the 3D 
spiculation likelihood map. These features can then be used 
directly, or in combination with other morphological and 
texture features, as input predictor variables of classifiers for 
differentiation of malignant and benign lesions. 

Feature Classification: 

0056. A classifier is trained to differentiate malignant and 
benign lesions based on the extracted features above. The 
classifier may include a linear discriminant analysis, a neural 
network, a Support vector machine, rule-based classification, 
or fuZZylogic classification. For the design of the classifier, a 
stepwise or other feature selection procedure may select the 
most effective subset of features from the available feature 
pool, thus reducing the dimensionality of the feature space for 
the classifier. 

0057 The formulation of the classifiers is well known by 
those of ordinary skill in the art, but the combinations of 
segmentation and feature extraction techniques that are 
developed for the DTM images make the designed classifier 
specific for the CAD task described herein. 
0.058 For DTM imaging, the raw data are acquired as 
projection view (PV) mammograms. The number of PVs will 
depend on the design of the DTMX-ray system. For example, 
a first generation GE prototype DTM system acquired 11 
PVs. A second generation GE prototype DTM system 
acquired 21 PVs. The total dose of all PVs used about 1.5 
times of the dose of a conventional mammogram. A PV is 
therefore noisier than a conventional mammogram. However, 
the PVs offer the advantage that a lesion will be projected at 
a slightly different angle and thus having somewhat different 
overlapping tissues on each view. A lesion that may be cam 
ouflaged by dense tissues on Some views may become more 
conspicuous on other views. In addition, overlapping tissues 
that mimic lesions on Some views may be less lesion-mim 
icking on other views. If a CAD system for lesion detection is 
applied to the PVs, the complementary information on the 
different PVs may be utilized to improve sensitivity and 
reduce FPS. 
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0059. Furthermore, although the disclosed algorithm uses 
DTM slices reconstructed from 11 PVs using the iterative 
maximum-likelihood algorithm as input, image processing 
methods should not depend strongly on the reconstruction 
method or the number of PVs for generating the DTM slices 
as long as the image quality of the reconstructed slices are 
reasonable. The raw PV mammograms may also be directly 
used as input to the CAD system, with a chosen reconstruc 
tion method installed as a preprocessing step in the CAD 
system 20. Alternatively, the CAD system may first process 
the PV mammograms individually using 2D image process 
ing techniques. The detected objects on the PVs may then be 
merged based on the extracted features. The merged informa 
tion is used to differentiate true lesions or false positives. 
0060. When implemented, any of the software described 
herein may be stored in any computer readable memory Such 
as on a magnetic disk, an optical disk, or other storage 
medium, in a RAM or ROM of a computer or processor, etc. 
Likewise, this software may be delivered to a user or a com 
puter using any known or desired delivery method including, 
for example, on a computer readable disk or other transport 
able computer storage mechanism or over a communication 
channel such as a telephone line, the Internet, the World Wide 
Web, any other local area network, wide area network, or 
wireless network, etc. (which delivery is viewed as being the 
same as or interchangeable with providing Such software via 
a transportable storage medium). Furthermore, this software 
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may be provided directly without modulation or encryption 
or may be modulated and/or encrypted using any Suitable 
modulation carrier wave and/or encryption technique before 
being transmitted over a communication channel. 
0061 While the present invention has been described with 
reference to specific examples, which are intended to be illus 
trative only and not to be limiting of the invention, it will be 
apparent to those of ordinary skill in the art that changes, 
additions or deletions may be made to the disclosed embodi 
ments without departing from the spirit and scope of the 
invention 
We claim: 
1. A method for using computer-aided diagnosis (CAD) for 

digital tomosynthesis mammograms (DTM), comprising: 
retrieving a DTM image file having a plurality of DTM 

image slices: 
applying a three-dimensional analysis to the DTM image 

file to detect lesion candidates; 
identifying a Volume of interest and locating its center; 
segmenting the Volume of interest by a three dimensional 

method; 
extracting one or more object characteristics from the 

object corresponding to the Volume of interest; and 
determining if the object corresponding to the Volume of 

interest is a breast lesion or normal breast tissue. 
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