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Abstraci—ldentifying the region of mlerest in a breast MR
piage = oa ledious acusual process that would be moch @wore
suiled for a compuler, but it B pecessary lor performing wselul
post-processing on e image for bhreast cancer pesearch and
ireatmenl. We devise such an approach following the concepl
thal an MEL image can be sectioned inte 3 number of contiguous
regions based on pixel milensaly clusters amd edge detectin. We
ihen irain an SVM algorithm to ideniify the specific sections that
belong in the region of inlerest. Alihough our approach is nel yel
ready bo replace hand-drawn regions of tersst, the technigue
shows promse for evenlually being abe to do so.

I. INTRODUCTION

In breast cancer rescarch, magnctic resonance imaging
(MREI) is being cxplored as a potential tool for monitoring
tumr size and assessing response to chemotherapy. Currently,
rescarchers and clinicians often maneally interpret MEIL im-
agcs, but as MRI gains wider adoption in the clinical realm,
the need for fast and robost auwtomated image processing
technigques 1s becoming clear. In order to be able to process the
raw images and extract the reguired data, it is fArst necessary
i identify the region of interest (ROI) of the image. Roughly,
the RO should include all fibroglandular (brease) and fat tissuc
but cxclude other portions of the image such as the skin,
chest wall, and image antifacts. As of now, identification of

the ROM is done mamually by drawing a single closed contour
that cncompasses the breast tisswe and fat. The purpose of
this work is o apply machine leaming technigues in order to
automaice this process, in particular classifying one section of
an MRl image as the ROI.

As MRI advances, the number of 2-1) images collecied
during an cxam increascs; within our data set, the number
of images por scan has increased owver time from 44 o 152
images. With hundreds of images per MEI scan and multiple
RCANS neccssary per paticnt during the course of treatment,
considerable tme must be invested into identifying the RO0
by hand. Anothcer bencfit of this propect is standardization of
the ROM. With the current manuwal process, different rescarch
groups and even different people within the same group may
identify the ROI of a given image differently. This is not from
lack of agreement on what ghould be included in the RO,
but rather it is from diffcrent interpretations of the how the
contour should “hest”™ be drawn.

The data we have used for this rescarch, which includes 692
breast MREI images from 11 MRI scans and the accompanying

hand-labeled ROM, was provided by Dr. Mola Hylton and the
Breast MRI Rescarch Program at the University of California,

Ryan Vol
rviolz @& stanford cdu

San Francisco (UCSF) The images have a resolution of
512x512 pixcls and arc in grayscale format with pixe] intensity
represented by a 16-bit integer, while the labeled ROIs hawe
been provided as MATLAB data hiles consisting of a sequence

Oof points which are iniended to be drawn as the interpolation
points of a closcd Bezier curve.

1. APPROACH

In owur vicw, the most critical step in applving machine
lcarning to this problem is the identihcation of appropriate
featurcs. The “raw™ data in cach imapge basically consists of
two attributes for cach pixel: intensity and location. I we wene
to treat cach image and its accompanying per-pixcl binary ROI
labcling as a single clement of our training sct, which might
scem like a natural thing to do at first, the feature vector wouald
have 512 + 512 = 2" clements cach taking on onc of 218
values while the number of possible labels would be 2™

Clearly another approach. onc which cxtracts from this raw
data only the “important™ information, is necessary.

A. Drawing a RN

(ur first sicp in trying 0 determine how 0 make this
data more amenable to machine learning was @0 think ahout
what information we, as humans, ook for when drawing the
ROM. At a high bkevel, the first thing we do when we ook
at an imagc is to pick oot the approximate region we anc
intcrested in by identifying the breast portion of the image.
We are looking for a distoricd semi-circle shape, amd the
information crucial to accomplishing this task is rather coamse.
The majpority of the breast tissoe s composcd of approximately
uniform intcnsity gray pixels and is surrounded on one side by
black pixecls representing empty space and on the other side
by a mare varied mixture of grays and whitcs representing the
chest cavity (see Fioure 1 for an cxample). Basically all the
information that i1s necessary comes from identifying scts of
pixcls with approximately the same inkensity.

Once the approximate region is identified, the information
necded to acinally draw a region of interest changes from
coarse scts of pixel intensity to specific intensitics for indi-
vidual pixcls. By taking the coarsc view imibially, we have
cffectively already decided that the pixels in the center of the
approximate region are in the ROL 50 if we want to draw
a closed boundary separating the R{M from the rest of the
image, we arc necessarly intercsted in finding cdges in the
breast region. We do this by looking for sharp pradicnts in



FFig. |. MEI image showing the hand-drawn RO boundary in green. Becanse
the boundary is marked 2= a sct of poinds and dren as a Beser spline curve,

it incledes portions of the skin (lighier pixels, lef edge of houndary) amd
chest wall (hghier pixels, top of boundary) that would not normally be i the
RhLL

pixe]l intensity. Once we have wdentibicd those, drawing the
R{M 15 a simple matter of following the edees that lic near the
boundary of the breast region and intcrpolating between them
in places where no edees cxist

B. Dhata Reduction

With this breakdown of the steps for manuoally drawing the
R{M, we scc that only a small fraction of the pixcl information
15 necessary in onder to accomplish the task. Specihcally,
instcad of classifying individual pixels as being in the RO0
or not, we could scction the image based on approximate
pixe]l intensity and edge detection, then classify the resulting
regions. Clustering the pixcls into a small number of aroups
bascd on intensity would natwrally divide the image into
contiguous regions of pixcls belonging to the same cluster.
Edge detection on the original image could then be used to
further split those regions at any boundaries that the clustering
may have missed. This way, the boundary for the RO would

be likely to coincide with the boundaries between some of the
regions. Such an approach cxiracis the important information—

cdoes that could potentially make up the RO boundary—from
the raw image data. It 15 much casicr to assign features to &

fow hundred regions and train or classify based on them than
it would be o do the same with cach of the 2'% individual

paxcls.

Il. PROCEDURE

The procedure we used to astomatically identify the ROI
of 4 given image follkws from the concept of scctioning
the image into regions. Each image in our data set includes
both the left and right breast, and though the cventual goal
wiould be to identify the RO for cach breast, for development
of this procedure we decided to work with only half of

the image, corresponding to cither the left or nght breast
and depending on the availlability of hand-drawn RO data

Extending the procedure to include the entire image would be
stralghitforward.

Fig. 2. MRI imape clusiered into four regions, shoen in black, dark gray.
light gray, and whaie.

A. Clustering

Thi first step is 0 cluster the pixcls by intensity, assign
them a new value based on the cluster they belong to, and
store the resulting image. We employved k-means clustering
using MATLAE S bnmeans command to group the pixcls ingo
four clusters, roughly cormresponding @0 black, dark gray, Light
gray., and white in the onginal image.

To find the cluster controids, we first shrink the image so that
it 15 128 pixcls in height, then run k-mcans clustering on the
smaller image with cluster centroids initialized oo be evenly
spaced over the range of pixel imtensitics. The reduced sine
allows the k-means clusicring o converge much more quickly,
amdd the resulting ceniroids are then uscd to initialize clustering
on the full image. In both cases. we used the “cityblock™ (LL1-
niwmmn ) metric, which in MATLAB for 1-1D data places the
cluster centroids at the median valoe of the clusters, rather
than thc mean. We found that with this metric, the resulting
images more closcly resembled the onginals. Note that the
initial clusters arc not randomized in any way, which mcans
they might not converge to the global optimum. We chose o
div this s0 that the results for cach image would be cxactly
reproducible cvery time the procedure is run, and in any case
the resulting centroids work well.

Once the clusicrs have been obtained, we create a now
image that condenses the intensity range down to the number
of clusters. An cxample of the resulting image, which can be
comparcd with the orniginal of Figure 1, is shown in Figure 2.

B. Edge Detection

Thie sccond step toward scctioning the imape involves
finding edges. To do this, we use the Canny edoe detection
algorithm, available in MATLAB s Image Processing Toolbox.
Under the default threshold settings, use of this algonthm via
the edge command casily identifics all of the major edges,
which arc of most intcrest to us, plus many minor cdges that
arce potentially helpful. One can see in Figore 3 that for our
cxample image, the algonthm finds the boundarics between
the beeast tissue and skin and between the breast tissue and



Fig. 3. MEI image with edpes shown in yellow.

chest wall, which are precisely the edges we need for creating

the RO boundary.
. Region ldentification

With the clusters and edges, we are now ready o0 soction
the image into contiguous regions. (F most wse for this task
15 MATLAR s regionprops command, which can take a black
and whitc image, identify regions of connected pixels, amd
calculaic a number of propertics pertaining o those regions
such as arca and centroid location. Thus, for cach cluster,
we crcaic a black and whitc image with pixcls belonging to
the clustcr showamn in white. Then to cnsure that no regions

cross any cdges in the original image, we force all pixcls
belonging to the edoes to be black, regardless of their cluster.
In order to avold processing many small regions that will
be inconscquential for identifving the RO, we discard any
aroups of connected white pixcls which have an arca below a
certain threshold (30 pixcls). We do this scparately for cach
cluster and combine the results into a new clustered image
with black now representing pixcls that do not belong to
any sizable region. Representing the fact that the final RON
will be contiguous without any holes, we fill in any black
sections of the resulting image that arc compleicly surmounded
by clustercd pixcls.

Once again extracting black and white images identifyving
pixels in cach cluster, we then mun the regionprops commeand
specifying a pixel connectivity of four, which means that a
pixe]l will only be considered pant of a connected region if it
touches that region on any of its fowr sides and not just at
its comers. Collecting the regions for cach cluster gives the
regions for the entire image. The pixcls belonging o cach
region, the region’s arca, and its centrodd are all stored for
later use. Finally, in order to reduce the number of regions that
the supervised lcaming algorithm muost work with, we discard
regions that we assume arc cxtremely unlikely o end up in
the RO Namely, we discard any regions with an arca greater
than onc third of the cotire image arca and any regions with
their centroid lyving in the top third of the image. This has the
cffect of discarding the large region of black swrmounding the
main image and many of the regions kocated well within the

Iag. 4.
delection. Regions are shown in different colors

MEI image divided milo regions acoonding 0 clustening and edge

chest cavity. This siep 15 not sirictly necessary, bot it saves
computation tme and docs not hunt sccuracy. The result of
this processing for our cxample image is shown in Figure 4.

). Region Aftributes

MNow that the imape data has been orpanizcd into at miost
4 few hundred regions, it is feasible to perform training and
classification on those regions. The guestion then becomes:
what attributcs can we assign to these regions so that the
training and classification works well? Obviously the lecation
of the region is important, as is information about its micnsity.
For location information, we include in the feature vector
the region’s geometric centrodd given as an (x,y) coordinate
pair from the wpper left comer of the image. For initcnsity
information, we include the number of the cluster to which the
region’s pixcls belong. To allow for classification of images
of different sizes and perhaps a different number of clusters,
we alzo normalize these values by the image dimensions and
number of clusters, respectively. Other information could be
included in the feature vector, but we found that including
other data that was readily available, such as region arca, did
nik improve classification accuracy.

E. Region Labeling

In the case when we have a RO to train on, it i8 necessary
to label the regions according to their inclusion in the RO
atarting with the RO boundary spline as shown in Figure 1,
wi first identify all of the pixels that it contains. Then for cach
region that we've identificd, we labe] it in the affirmative if it
miccts cither of the following requirements: at least a fraction
of its pixels (00.5) are in the RO, or at least a minimum number
of ity pixels (31)) are in the RIM and those pixcls account
for at least a contain fraction (0U5) of the region’s pixcls.
This way, any regions that contain a significant portion of
the ROCs pixels are included, while regions that may contain

some ROM pixels but otherwise lic substantially outside the
R{M arc not included. 'We place more emphasis on the former

because there are frequent instances when portions of the ROI
boundary comespond to no discernible edae in the image. This



