Improvement of computerized mass detection on mammograms:
Fusion of two-view information
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Recent clinical studies have proved that computer-aided diag(f©8i®) systems are helpful for
improving lesion detection by radiologists in mammography. However, these systems would be
more useful if the false-positive rate is reduced. Current CAD systems generally detect and char-
acterize suspicious abnormal structures in individual mammographic images. Clinical experiences
by radiologists indicate that screening with two mammographic views improves the detection
accuracy of abnormalities in the breast. It is expected that the fusion of information from different
mammographic views will improve the performance of CAD systems. We are developing a two-
view matching method that utilizes the geometric locations, and morphological and textural features
to correlate objects detected in two different views using a prescreening program. First, a geometri-
cal model is used to predict the search region for an object in a second view from its location in the
first view. The distance between the object and the nipple is used to define the search area. After
pairing the objects in two views, textural and morphological characteristics of the paired objects are
merged and similarity measures are defined. Linear discriminant analysis is then employed to
classify each object pair as a true or false mass pair. The resulting object correspondence score is
combined with its one-view detection score using a fusion scheme. The fusion information was
found to improve the lesion detectability and reduce the number of FPs. In a preliminary study, we
used a data set of 169 pairs of cranio-cau@l) and mediolateral obliqueMLO) view mammo-

grams. For the detection of malignant masses on current mammograms, the film-based detection
sensitivity was found to improve from 62% with a one-view detection scheme to 73% with the new
two-view scheme, at a false-positive rate of 1 FP/image. The corresponding cased-based detection
sensitivity improved from 77% to 91%. @002 American Association of Physicists in Medicine.
[DOI: 10.1118/1.1446098]
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[. INTRODUCTION It has also been shown that independent double reading
by two radiologists significantly increases the sensitivity of
%ammographic screeniffd. However, the increased cost
and workload to the radiologists make double reading im-
practical in most screening situations. To provide a second
opinion to the radiologists, computer-aided diagn¢§8D)
%ystems have been developed using computer vision and pat-

X-ray mammography is the only proven diagnostic techniqu
for detecting breast cancer in its early stah&n mammo-
graphic screening, a cranio-caud@lC) and a mediolateral
obliqgue (MLO) view are routinely taken for each breast. The
two views not only allow most of the breast tissue to be

imaged but also improve the chance that a lesion will be seet ition techni ¢ ¢ tically detect and ch
in at least one of the views. Radiologists analyze the differ~c'1 ecognition techniques to automatically detect and char-
terize abnormal lesions on mammograms. Although it has

ent mammographic views to detect calcifications and masseé¥ ] )
that may be a sign of breast cancer and to decide whether f€N reported that these systems are useful in reducing the

call the patient back for further diagnostic evaluations. They£!Tor raté in mammographic screenﬁ‘T@?the detection sen-
also use the two views to reduce false positives such as ovefitiVity of these systems needs to be improved and the false-
lapping dense tissue in one view that mimics masses. TheRositive(FP)rate reduced to provide maximum benefit to the
interpretation integrates complex criteria of human visionfadiologist and the patient. CAD algorithms reported in the
and intelligence, including morphology, texture, and geometliterature so far use one-view information for the detection of
ric location of any suspicious structures of the imaged breastesions even though the accuracy may be scored and reported
combining information from different views, checking differ- using two views. Yinet al** used bilateral subtraction in a
ences between the two breasts, and looking for changes bprescreening step of a mass detection program to locate mass
tween the prior and current mammograms when availablecandidates, but the subsequent image analysis was performed
Clinical studies indicate that lesion detectability in two-view based only on a single view. Recently, Hadjiigkial >~
mammograms is more accurate than when only one view ibave developed an interval change analysis of masses on
available®=® current and prior mammograms and found that the classifi-
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cation accuracy of malignant and benign masses can be incorrectly matching lesions in current and prior mammograms
proved significantly in comparison to single image classifi-for the classification of malignant and benign maséds.
cation. These studies demonstrated the potential of usintpis study, we explore the use of the regional registration
multiple image information for CAD. However, current CAD technique as a basis to correlate lesions in two views. The
algorithms have not utilized one of the most important piecesorrespondence information is used to reduce false detec-
of information available in a mammographic examination—tions produced by our one-view CAD algoritfthThe de-

the correlation of computer-detected lesions between the twtgction accuracy of the two-view scheme was evaluated and
standard views. This is a very difficult problem for computercompared to our current one-view CAD scheme using free
vision because the breast is elastic and deformable. The ovegesponse receiver operating characterigeROC) analysis.
lapping tissue and the relative position of the breast struc-

tures are generally different even when the breast is com-

pressed in the same view two different times. The change ifl- MATERIALS AND METHODS

geometry for an elastic object and lack of invariant “land-  Our approach to improving the accuracy of the mass de-
marks” make it difficult, if not impossible, to correctly reg- tection is to merge information from corresponding seg-
ister two breast images in the same view by any establisheghented structures in the two standard views of the same
image warping technique or by using an analytic model tobreast® We first assume that a true mass will have a higher
predict corresponding object locations in the different viewschance of being detected in both views. Likewise, we assume
of the same breast. that the objects corresponding to the same mass detected in

Few studies have been conducted on how to find the rethe two different viewga TP—TP pairwill be more similar
lationship between structures in different mammographidn their feature measures than a mass object compared to
views. Kitaet al'® proposed a breast deformation model for normal tissue(a TP—FP pair), or two false-positive&n
compressed breasts and used the model for finding corr¢sP—FP pair). Object matching is performed in two stages.
sponding points in two different views. They demonstratedrirst, all possible pairing of the detected objects on the two
with a data set of 24 casda total of 37 lesionsjhat this  views are determined, taking into account geometric con-
method allowed the prediction of location in a second viewstraints. Second, features are extracted from each object,
within a band of pixels=27 mm from an epipolar line. How- similarity measures for the features pairs are derived, and a
ever, assumptions on the parameters and the deformation otctassifier is trained to classify true paifBP—TP pairsfrom
compressed breast had to be made and the robustness of tagse pairs(TP—FP, FP—TP, or FP—FP pairssing the simi-
model has yet to be validated. More practical approachesarity measures. The two stages are detailed below. The data
which do not depend on a large number of assumptions, magets used in the development and evaluation of this approach
be preferable. Goodt al. and Changet al. recently reported are described next.

a preliminary attempt of matching computer-detected object:
in two views®'’ They demonstrated the feasibility of iden-
tifying corresponding objectsX,=0.82) in the two views by Two data sets of two-view mammograms were collected
exhaustive pairing of the detected objects and feature classind separately used to train and test the geometric models
fication. None of these studies attempted to use the two-viewand our proposed two-stage information fusion technique.
correspondence information to improve lesion detection oifhese mammograms were selected from patient files in the
classification. Breast Imaging Division at the University of Michigan.

During mammographic interpretation, if a suspicious For the geometric modeling of object location on two
breast mass is found in one view, the radiologist will attemptviews, the database consisted of 116 cases with masses, large
to find the same object in the other available views in ordebenign calcifications, or clustered microcalcifications identi-
to identify the object as a true or a false mass. Radiologistfiable on both views of the same breast. The mammograms
commonly consider the distance from the nipple to the centewere digitized with a LUMISYS 85 film scanner with a pixel
of the suspicious lesion in one view and then search thsize of 50um and 12-bit gray levels. The gray levels were
corresponding object in the second view in an annular regiogalibrated to be linearly proportional to optical density in the
at about the same radial distance from the nipple. Based a1 to 4.0 O.D. range. The images were reduced to a pixel
this approach, we previously developed a regional registraresolution of 80QumXx800xum by averaging 1646 neigh-
tion technique to identify corresponding lesion locations onboring pixels and down-sampling. For each case, the two
current and prior mammograms of the same VigW# We  standard mammographic views were available. A total of 177
have also designed geometric models that can localize correbjects were manually selected and marked by an expert ra-
sponding lesions within a search region when two-view ordiologist on each of these two views. The nipple location
three-view mammograms are available for lesionwas also identified for each breast image. The radial distance
localization!® With the geometric information, the computer of the selected objects was calculated and the prediction
searches for a corresponding lesion in the other view withirmodel of an object location in one view from its location in
a limited search region. The object of interest can then b¢he other view was estimated, as described above.
matched with possible corresponding objects in the search For the evaluation of the two-view mass detection
region using the similarity of feature measures. We havescheme, a data set of 169 pairs of mammograms containing
found that the geometric constraints improved the chance ahasses on both the CC and MLO views was used. The mam-

i. Image acquisition and data set
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Fic. 1. Histograms of the siz&he longest dimensignof the benign and
malignant masses contained in the data set of 338 one-view mammograms
and rated by a MSQA-radiologist. Eight masses in the prior mammograms
of the data set did not receive a rating because the radiologist could not
delineate the mass even in retrospect, although a focal density could be seen.

mograms were obtained from 117 patients, of which 128
pairs were current mammograndefined as mammograms
from the exam before bIOpSWd 41 pairs were from exams Fic. 3. An example of the coordinate system used to localize an object in a

1 to 4 years prior to biopsy. 58 of the 128 current and 26 ofnammographic view. An automatic boundary tracking process is used to
the 41 prior image pairs contained a malignant mass. Theegment the breast. The nipple location was identified by a MQSA-approved

338 mammograms were also digitized with the LUMISYS radiolggist. The distance of the object from the nipple location is defined by

85 film scanner. The true mass locations on both views wer8=INMI. The angle of the mass from the midiine of the breast is defined

identified and rated by a radiologist approved by the MamPY the angle between the vectdid/ andNO.

mography Quality Standards AEMQSA). The histograms

of the size(longest dimensionand the subtlety rating of the . .

. . ; ) . B. Geometrical modeling

benign and malignant masses contained in this data set are

shown in Figs. 1 and 2, respectively. The subtlety of the We will first describe the geometric models that we de-

masses was estimated subjectively on a 10-point scale by ttveloped for predicting the location of an object in the MLO

experienced radiologist relative to the masses encountered Uew from that in the CC view ovice versa. For the purpose

clinical practice. of studying the geometric relationship between the locations
of an object imaged on the two mammographic views, any
identifiable objects can be used. We therefore chose two-
view mammograms that contained masses, microcalcifica-

B L B B B S B tion clusters, and large benign calcifications identifiable on
mmm Benign - both views. This data set was different from that used for
— Malignant mass detection to be described below. The locations of the

corresponding objects on the two views and the nipple loca-
7 tions were identified on the mammograms by the MQSA-
approved radiologist. For a large object such as a mass or a
microcalcification cluster, the manually identified “centroid”
was taken as its location. A breast boundary tracking pro-
- gram was used to segment the breast area from the
mammogrant>?? Using the nipple location as the origin,
concentric circles were drawn, each of which intersected the
breast boundary at two points and defined an arc. The locus
of the mid-points of these arcs was considered to be the
breast midline. The breast length was defined as the distance
Fic. 2. Histograms of the subtletil=most obvious, 1& subtlest)of the ~ from the nipple to the point where the midline intersected the
benign and malignant masses contained in the data set of 338 one-vieghest wall. From these parameters, the polar coordinates
mammograms and rated by a MSQA-radiologist. Eight masses in the prio R,,6,) with x=C (CC view), or M(MLO view), as shown
mammograms of the data set did not receive a rating because the radiologist X X . ’ . ’

could not delineate the mass even in retrospect, although a focal densit}! Fig. 3, were (_jefmed! wherg, was the distance from the
could be seen. nipple to the object center ar®}, the angle betweeR, and

Number of Masses

1 2 3 4 5 6 7 8 9 10
Subtlety
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.'36' 4f 'Criheb_CC vi‘ew vehrsus_ thle IIVILO_view of the radial distances of the g 5 The CC view versus the MLO view of the angular coordinates of the
dentified objects from the nipple location. identified objects from the breast midline.

the line from the nipple to the mid-point of the arc intersect-rating the database into training and test sets were consid-

ing the object. We investigated the relationship between thered. The model performance was then obtained by combin-

coordinate of the object on one view and that on the othemng the results of the four test sets.

view in this coordinate system. The geometrical analysis is then used for pairing objects
Scatter plots of the radial distance and the angle of theletected on the two views of the same breast in the pre-

radiologist-identified objects on the two views in the data sescreening stage of our mass detection program as detailed

are shown in Fig. 4 and Fig. 5, respectively. It can be seebelow.

that there is a high correlatidicorrelation coefficient 0.94)

of the radial distances of the corresponding objects in th&. One-view analysis

two views. However, the angular coordinates in the tWo g ohe yiey approach is used to identify potential breast

views are basically uncorrelate(correlation coefficient masses among the suspicious objects. The one-view pre-
=0.42). We therefore chose a linear model for predicting thescreening used in this study is similar to that discussed

radial distance of an object in a second view from that in thepreviously?S‘ZSThe only difference is that the false positive

first view: (FP) reduction step was modified such that a slightly differ-
Ry=a,-R.+D,. (1) ent object overlap criterion was employed. The block dia-
gram for the one-view mass detection scheme is shown in
Because of the variability of the breast tissue caused b¥ig. 6. A density-weighted contrast-enhancemédWCE)
compression, the predicted location for an individual casédilter is first applied to each digitized mammogram. The
could deviate from its “true” location, as determined by the DWCE filter enhances mammographic structures in the
radiologist, by a wide range. Therefore, we estimated a globreast image. Following this preprocessing filtering, edge de-
bal model using a set of training cases with radiologist-tection is employed to refine the borders of the detected re-
identified object locations on both views. The model coeffi-gions. K-means clustering is then applied to a 25 mm
cients were obtained by minimizing the mean square erroix 25 mm, background-corrected region of interest centered
between the true and the predicted coordinates in the secomh each initially detected object to improve the object border.
view. The error in this estimation was then used to define aiThis segmentation process extracts a large number of ob-
annular search region, which had a center at a radial distangects, including masses and normal breast structures. In order
Ry from the nipple as predicted by the model, and a width ofto reduce the number of nonmass objects, different FP reduc-
+ AR as estimated from the localization errors observed irtion stages based on morphological features, overlap of the
the training set. This search region avoids using the entirdetected regions, and texture features were designed and
area of the breast and eliminates many inappropriate pairingsained using an independent set of mammograms in a pre-
between detected objects on the CC view and the MLO viewious study”>?® It was found that 11 morphological features
in the second stage, discussed in Sec. I D. composed of shape descriptors and 15 spatial gray level de-
We randomly divided the available data set into a trainingpendencgSGLD) texture features extracted for each object
set and a test set in a 3:1 ratio. The training set was used favere useful for FP reductiof:?® In this study, rule-based
the estimation of the model coefficients and the search regioalassification using the 11 morphological features reduced
width. The test set was used for evaluating the predictiorthe average number of objects from 37 to about 29 per image
accuracy of the model. Four nonoverlapping partitions sepaand lowered the TP detection sensitivity from 91.1% to
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N Fic. 7. A schematic diagram for the proposed two-view fusion scheme.
{ Overlap reduction ]

Texture feature independent of the FP rate in this intermediate stage so that
analysis the selection of the 15% overlap threshold was not a critical
factor.

After overlap reduction, our current one-view algorithm
employed a final stage of FP reduction based on the texture
Fic. 6. A schematic diagram for the current one-view prescreening detectio?COr€S, as illustrated in the block diagram in Fig' 7. A deci-
algorithm. sion threshold was applied to the texture scores such that

objects with scores lower than the threshold were excluded

as FPs. In addition, another criterion was imposed so that no

o , more than three objects were kept on each image. By com-
87.9% a,t this Stage' The 15 tex.ture fea_turgs were then us ring the retained objects with the true mass locations on
as the input variables for a linear discriminant analysis, . image for a range of decision thresholds, an FROC

(LDA) classifier. A texture score for each object was 0b-c e characterizing the sensitivity as a function of the num-
tained from the classifier. Overlap reduction was then applieg) ., Fpg per image could be generdt®d.

using these texture scores as discussed below.
During object segmentation, the border of an object is _ _
obtained byK-means clustering in a fixed sized region cen-D- Two-view analysis
tered on a “seed” object. If the seeds from two objects are  The plock diagram in Fig. 7 illustrates our two-view mass

close to each other, the two segmented objects can overlgftection scheme and its relationship to our current one-view
each other. This occurs when the two detected objects aigyproach. The detection algorithm described above was used
neighboring structures that overlap in the mammographigs g prescreening stage in our two-view fusion approach. The
view or they may be part of a large single structure that wagnly difference was that the operating threshold that limits
initially detected in multiple pieces. An overlap criterion the maximum number of objects on an image was relaxed to
based on the texture scores is imposed to select one of thgcrease sensitivity while retaining a larger number of FPs.
two overlapping objects as a mass candidate. In this studythe remaining objects after this threshold will be still re-
we used the shape of the segmented objects to estimate thgred to as the prescreening objects in the following discus-
overlapping area between the two neighboring objects on thgjons. To investigate the dependence of the overall detection

[Detected structures ]

mammogram. An overlap fraction was defined as accuracy of our two-view detection scheme on the initial

number of prescreening objects, three different decision

0,N0, thresholds were selected to obtain a maximum of either 5,
Overlapzolu 0, (2) 10, or 15 objects per image.

To further perform the two-view information fusion
analysis, an expanded set of morphological features was ex-
whereO, andO, are the segmented areas of the overlappingracted from each prescreening object. These morphological
objects. A threshold on the overlap fraction was chosen sucfeatures included the 11 shape descriptors discussed previ-
that if the overlap fraction of two objects exceeded theously, and 13 new contrast measifemd 7 new shape fea-
threshold, the object with the higher texture score., more tures. In order to evaluate the new method, we randomly
likely to be a mass candidatevas kept and the other was divided the available cases into a training and a test set using
discarded as an FP. The sensitivity and the specificity o 3:1 training/test ratio. The training set was used to select a
differentiating true and false masses depend on the selecti@ubset of useful morphological features using stepwise fea-
of the overlap threshold. We chose an overlap threshold dfure selection and to estimate the coefficients of an LDA
15% which led to an average of 15 objects per image at alassifier. To reduce biases in the classifier, 50 random 3:1
detection sensitivity of about 85%. As shown later in thepartitions of the cases were employed. A morphological
Results section, the overall detection accuracy was relativelgcore was obtained for each individual object by averaging
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the test score of the object obtained from the different partito the smallest. The correspondence scores were ranked in a
tions. The morphological score was then combined with thesimilar way. These two new rank scores were then merged
one-view texture score by averaging the two scores. A singlnto a single score for each object in each view. Since an
combined score thus characterized each prescreening objeobject could have more than one correspondence score, its
This one-view score was further fused with the discriminantwo-view correspondence score was taken to be the maxi-
score obtained by the two-view scheme, as described belowmum correspondence score among all object pairs in which
The prescreening objects were analyzed by the two-viewhis object was a member. There can be many variations for
method shown in the right branch of the diagram in Fig. 7.the fusion step>®In this preliminary study, the final dis-
All possible pairing between the prescreening objects in theriminant score for an object was obtained by averaging its
two views of the same breast was determined using the digwo-view correspondence score rank with its one-view pre-
tance from the nipple to the centroid of each object and thecreening score rank.
geometrical model described above. Since the location of a The FROC performance curve for the two-view analysis
given object detected in one view cannot be uniquely idenwas generated by varying the decision threshold on the final
tified in the other view, as described in Sec. Il B, an objectdiscriminant score for each object and determining the sen-
was initially paired with all objects with centroids located sitivity and FP per image at each threshold. We compared the
within its defined annular region in the other view. The geo-FROC performance curves obtained by the two-view scheme
metric constraints reduced the number of object pairs thawhen starting with 5, 10, and 15 prescreening objects per
needed to be classified as true or false correspondences in tileage and that obtained with the one-view detection scheme.
subsequent steps. A true pdiFP—TP was defined as the
correspondence between the same true masses on the tyo RESULTS
mammographic views, and a false pair is defined as any ) )
other object pairing TP—FP, FP—TP, and FP—FRFor each A Geometrical modeling

object pair, the set of 15 texture and 31 morphological fea- |n the geometrical analysis experiments, we first esti-
tures described above were used to form similarity measuremated a prediction model of the radial distance of an object
In this preliminary study, two simple measures, the absolutén a second view from its radial distance in the first view
difference and the mean, were used. A total of 30 texturgsing the training set. The model was then used to predict
measures and 62 morphological measures were thus obtainggject location from one view to the other for the indepen-
for each object pair. The absolute difference between theent test cases. Since the model did not provide an exact
nipple-to-object distances in the CC and MLO views wassolution, a search regioR+ AR, whereR was the predicted
also included in both the texture and morphological featurgadial distance andR the half width of an annular region,
sets as a feature for differentiating true from false objecivas defined. The percentage of the true object centroids en-
pairs. Two separate LDA classifiers with stepwise featuresiosed within the search region was measured as a function
selection were trained to classify the true and false pairgf the size of 2AR. Figure 8 shows the prediction accuracy
using the similarity features in the morphological and textureas a function of 2R for estimating the object radial dis-
feature spaces, respectively. tance in the MLO view from that in the CC view. Figure 9
For training the classifiers, the data set was randomly dishows the corresponding results for predicting the object ra-
vided into a training set and a test set again using a 3:Hjal distance in the CC view from that in the MLO view. The

training/test ratio. Fifty random 3:1 partitions of the casestraining and test curves almost overlap in each case. The
were used to reduce bias. Individual morphological and tex-

ture scores were obtained for each object pair by averaging

the test scores of each object pair obtained from the different 100 —— oot
partitionings. The two classification scores were then aver- 90
aged to obtain one“correspondence” score for each object ge 80 |
pair. This approach of merging scores from different classi- ;:: -g,
fiers trained in parallel for the same task into a single score ogo
for further discrimination is similar to our previous work that ﬁig 60
used neural networks in morphological and texture feature G S 5o
spaces! The correspondence score along with the one-view E pi 10
prescreening score were used in the following fusion step. gf %
g § 20 1 pixel = 0.8 mm
E. Fusion analysis & —o— Training set
10 — Test set
The fusion of the one-view prescreening scores with the P S B —
two-view correspondence scores was the final step in our 0 10 20 30 40 50 60 70 80 90 100
two-view detection scheme. In this study, we designed a fu- Number of pixels for the radial width

sion sc.heme that combines ranklng and ave.ragmg of the pr%l_G. 8. The prediction of the center of an object in the MLO view from its
screening anq COfresPOHd?n?e scores. We first ranked all prigzation in the CC view. Training and test performances are given as a
screening object scores within a given film from the largesfunction of the radial width of the annular search region.
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Number of pixels for the radial width Fic. 11. Case-based performances of the current one-view mass detection
of the annular search region algorithm applied to the data set of 169 pairs of mammograms. The FROC

curves are plotted for the detection of all malignant and benign masses, and
Fic. 9. The prediction of the center of an object in the CC view from its of the malignant masses on the current and the prior mammograms. Higher
location in the MLO view. Training and test performances are given as asensitivity was obtained for the detection of malignant masses on current
function of the radial width of the annular search region. mammograms.

B. One-view analysis

difference in the accuracy between searching the object cen- The FRO,C curve .obtained. from our current one-view
ters in the CC or MLO views is small. About 83% of the Mass detection algoritim applied to the data set of 338

object centers are within the search region when the radidf"29¢s 1S shown in Fig. 10. The FROC curves for the detec-

width of the search region is about 40 pixéB2 mm) for tion of the mallglynantI mazsfes on the (_:urrent and prior mam-
either the CC view or the MLO view. These results indicate™°9"ams are also plotted for comparison.

that the search region, although large, is much smaller tha It?] clinical atppllca(;tltt)r?, i tg_e lmqsts_|s cilet(:c(';etd (t)l: one-wem
the entire area of the breast. The limited search region siz € computerand the radiologist Is alerted to the mass, the

reduces the number of object pairs to be analyzed in théadiologist will likely find the mass on the other view, if it is

two-view detection scheme. To avoid missing any pairs ofv!s'ble’ even if the CAD algorithm MISSES it on the qt.her
true masses in the two-view scheme we chose to set thAEW- Some researchers therefore consider a true-positive as

radial width of the annular search region to about 80 pixelst e detection of the mass on one or two views of the bréast.

This led to a larger number of false pairs, but it was substan'Ve refer to this as case-based analysis. In this situation, the

tially less than that if the entire breast area was considereuI.OtaI number of masses or cases in this study was 169. For
comparison purposes, we plot the case-based FROC curves

for all masses, malignant masses on current mammograms,
and malignant masses on prior mammograms in Fig. 11.

10 ‘ ' C. Fusion analysis
0.3 | i Three different decision thresholds that retained a maxi-
mum of 5, 10, and 15 objects per image after the one-view
06 prescreening stage were used to select mass candidates as
w inputs to the two-view detection scheme. Table | summarizes
o o .
= the characteristics of these three object sets. The average
0.41 | number of prescreening objects per image was smaller than
0.2 3 —o— All masses F
—A— Current malignant TaBLE |. Characteristics of the 3 sets of objects to be input to the two-view
~&— Prior malignant . . . .
scheme. The objects were obtained by applying a detection threshold at the
0.0 ‘ ‘ T ! ' prescreening stage to extract a maximum of 5, 10, and 15 objects per image.
0.0 0.5 1.0 1.5 2.0 25 3.0
FPs/image Prescreening Sensitivity ~ Sensitivity
threshold Avg. film-based case-based No. of
Fic. 10. Film-based performances of the current one-view mass detection gpjsfimage  objs/image (%) (%) pairs/case
algorithm applied to the data set of 338 one-vi@9 pairs)mammograms.
The FROC curves are plotted for the detection of all malignant and benign 5 4.9 72.7 85.2 14.2
masses, and of the malignant masses on the current and the prior mammo- 10 9.4 79.8 89.3 49.4
grams. Higher sensitivity was obtained for the detection of malignant 15 12.6 83.4 92.3 85.9

masses on current mammograms.
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1 .0 1 L 1 .0 Il i1 1 1 .
0.8
0.6
i i
[ [
0.4
. ~—e— 1-view, current malignant
0.2 1 —O0— 5 objects perimage | | 0.2 —a— 1-view, prior malignant
—A— 10 objects per image —o— 2-view, current malignant
—{— 15 objects per image —&— 2-view, prior malignant
0.0 — . - T . T 0.0 T : T . T
0.0 0.5 1.0 1.5 2.0 2.5 3.0 0.0 0.5 1.0 1.5 2.0 25 3.0
FPs/image FPs/image

Fic. 12. Film-based performances of the proposed two-view detectiorFig. 15. A comparison of the case-based performance of the one-view and
scheme for all masses. Three initial conditions depending on the maximurwo-view detection methods for the detection of malignant masses on cur-
number of retained objects per imagg 10, and 15 objects per imggat rent mammograms and prior mammograms.

the prescreening stage were evaluated.

the maximum number allowed per image because the total
number of objects in some images was smaller than the

1.0 ' ‘ maximum number.
The FROC curves for the detection of malignant and be-
0.8 » nign masses on each image, using our two-view fusion tech-
nigue, are shown in Fig. 12. The curves are similar for the
0.6 three thresholds of 5, 10, 15 prescreening objects per image.
& This similarity also holds for the FROC curves for the detec-
= 04 I tion of malignant masses, as illustrated in Fig. 13. The im-
provement in detection by our current two-view fusion
02 —o— 5 objects per image | | method therefore seems to be independent of the operating
—4— 10 objects per image threshold when the maximum number of objects retained per
—O— 15 objects per image . . . .
00 | ‘ . ‘ image in the prescreening stage is between 5 and 15.

Figure 14 compares the film-based FROC curves for the
detection of malignant masses by the one-view and two-view
fusion methods obtained from the condition of 10 prescreen-
Fic. 13. Film-based performances of the proposed two-view detectioning objects per image. Figure 15 compares the corresponding
scheme applied to the current malignant masses. Three initial conditiong5se-hased FROC curves. Acomparison of the detection sen-
depending on the maximum number of retained objects per in&ag&0, itivity at 1 EP i bet th . d t .
and 15 objects per imapat the prescreening stage were evaluated. Sl I\_” y a 'T“age e_ ween the one-V|eW_ and two-view

fusion methods is given in Table Il for both film-based and
case-based detection.

0.0 0.5 1.0 1.5 2.0 25 3.0
FPs/image

IV. DISCUSSION

In this work, we propose a new technique based on the
fusion of one-view and two-view information to improve the

1.0 - L

0.8
performance of mammographic mass detection. The results
06 of our preliminary study show that including correspondence
L
o
-
0.4 TasLE Il. A comparison of detection sensitivities obtained by the one-view
and the two-view fusion schemes for film-based and case-based detection.
—e— 1-view, current malignant
0.2 —4— 1-view, prior malignant Sensitivity- Sensitivity-
—O— 2-view, current malignant film-b. d b d
—o— 2-view, prior malignant Iim- ‘ase Case'_ ase
0.0 . : - — (1 FPs/image) (1 FPs/imagge
0.0 05 10 13 20 25 3.0 Mass type 1-view 2-view 1-view 2-view
FPs/image
All 50% 56% 67% 73%
Fic. 14. A comparison of the film-based performance of the one-view and Current malignant 62% 73% 77% 91%
two-view detection methods for the detection of malignant masses on cur- Prior malignant 27% 33% 42% 52%

rent mammograms and prior mammaograms.
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information from two mammographic views is an effective In this study, we used radiologist-identified nipple loca-
technique for reducing FPs. At a case-based detection sensiens for the geometric correlation process. In a fully auto-
tivity of 75% for all masses, the number of FPs per imagemated mass detection program, this step will have to be au-
was reduced from 1.5 FPs/image using the one-view detedomated. We are developing an automated nipple detection
tion technique to 1.13 FPs/image using the two-view fusiorprogram. This detection program could identify the nipple
technique. The results also indicate that our proposed methaoslithin 1 cm of the true location in 88% of the 311 mammo-
is more effective in reducing FPs in the subset of cases corgrams in a study sét For the purpose of this study, we did
taining malignant masses on current mammograms. At @ot use automated nipple detection because it will compli-
case-based sensitivity of 85% for malignant masses on cugate our analysis of the two-view fusion techniques if errors
rent mammograms, the number of FPs per image was ren nipple detection have to be taken into account. We there-
duced from 1.5 FPs/image to 0.5 FPs/image using the twdore isolated their effects by using manually identified nipple
view fusion technique(Fig. 15). Alternatively, at 1 FPs/ locations. We will continue to improve the automated nipple
image, the two-view algorithm achieved a case-basedletection algorithm and incorporate this step into the two-
detection sensitivity of 91% whereas the current one-viewiew mass detection scheme in the future.
scheme had a 77% sensitivity at the same number of FPs/ In this preliminary study, we used two simple similarity
image(Table 11). measures for the classification of object correspondence. The
The two-view correspondence analysis is more useful fofusion of the two-view and one-view scores for the indi-
mammogram pairs for which the mass is detected on bothidual objects was performed with a relatively simple rank-
views in the prescreening stage. The fusion process is dég and averaging methods. These approaches already pro-
signed to both increase the scores for the TPs and reduce thisled substantial improvement in the detection accuracy,
scores for FPs for such cases. For the data set of 169 pairs ipidicating the promise of the two-view method for mass de-
mammograms under the condition of 10 prescreening objectection and FP reduction. Further studies are being conducted
per image, the mass was detected on both CC and ML@ optimize the various steps in the two-view classification
views in a subset of 120 cases and on only one view irand fusion schemes.
another subset of 32 cases. If we analyzed the subset of cases
in which the mass was detected in both views, at 1 FP/image,
the case-based detection sensitivity increased from 82.5% faf. CONCLUSION
the current one-view algorithm to 93.3% using the two-view

fusion technique. However, for the subset of cases in whlc:%l)rove computerized mass detection on mammograms. Start-

the mass was detected on only one view at the prescreeni ;ﬁg from objects detected in a prescreening stage, we defined

Iitlglgigr?{ the f[lrj]smn anilyssdrgdtjce:id rt]he iC(i)tir\?if fc\;\: TPrS' dAt %J possible pairing based on geometry and then combined
age, the case-based detection sensilivity was recuc orphological and textural characteristics from these paired

from 50% for the current one-view algorithm to 43.7% using objects into a correspondence score for each object. A clas-

the two-view fusion process. Similar trends for the_ deteCtIonsifier was trained to differentiate the true mass pairs from the
results were observed when 5 and 15 objects per image we

retained in the prescreening stage fise pairs. A final fusion stage combined the two-view ob-
II thi ! tud P h ' gth g d | width of th | rject pair information with the one-view object scores. Our
n tis study, we chose the radial wi of the annu a.spreliminary results demonstrate that the proposed two-view
search region to be 80 pixels for all mammograms. Thi

radial width reduced the search region to only a fraction Ofscheme can reduce FPS in comparison with our current one-
9 y view method. The mass detection sensitivity is also im-

the breast area for large breasts but it covered most of thSroved by using information from the two-views. Further

breast area in Sma"er breasts. Therefore, t'h.e adyantage &fudies are underway to optimize the prescreening process,
geometric correlation has not been fully utilized in small

X . . the design of the similarity measures, as well as the two-view
breasts. One approach to reducing the search region size f; g y

small breasts would be to choose the region size as a pefgsion scheme. When fully developed and integrated into the
i “AD system, it is expected that our proposed two-view tech-
centage of the breast area so that the actual width of th Y P brop

annular region will be different for each pair of mammo- iqu_e will improve upon th_e current one-vi_ew ;cheme and
grams. This will lead to a reduction in the number of falseprowde a useful second opinion to radiologists in the detec-

! . tion of breast cancer on mammograms.
object pairs for small breasts. The second approach would be 9

to use a third mammogjrr;phic view when it is available. As
we discussed previousty, using the three standard views
(CC, MLO, and Lateralpf the breast allow more accurate ACKNOWLEDGMENTS
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