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Abstract—In order to realize a fully automated thermogram
analysis package for breast cancer detection, it is necessary to
identify the region of interest in the thermal image prior to
analysis. A nearly fully automated approach is outlined that is
able to successfully locate the breast regions in most of the
images analyzed. The approach consists of a sequence of Canny
edge detectors to determine the body boundaries and to isolate
the most likely candidates for the bottom breast boundary.
Three different strategies for identifying the bottom breast
boundary areinvestigated: a variation of the Hough transform
to identify the curved edgesin the image, an algorithm used to
detect the longest connected edges that are not part of the body
boundary, and a third approach involving the density of
detected edgesin the breast region. The last two methods show
great promisein successfully segmenting the breasts.
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|. INTRODUCTION

The use of thermography in applications such as

detecting the presence of cancer in breasts ossesaing
pain in patients is not new [1]-[4]. However, initepof the
enthusiasm of its early proponents, difficulties

differentiating between different levels of graymgiy

through the human eye made diagnoses based upon the 6-

detection of small differences in symmetry betwdenright
and left breast extremely challenging. With advanoe
computer technology and the power available in enirr
PCs, performing digital processing of these therimalges

to detect subtle differences in symmetry for medica

diagnosis became an exciting prospect.

Early researchers such as Gautherie et al. [2fvrii
that thermography would have the potential to detecly
changes in blood flow, shown as an asymmetry beiviee
two breasts. Moreover, thermography can be usedrien
denser breasts which are typical in young womereradms
mammography is usually not effective until womeaate

in

analysis. An automated approach has been atterbptéuke
same research group [10][11], that employs Cannyeed
detection and the Hough transform (HT) to detea th
bottom breast boundaries. However, few details are
provided, and the success rate of their method ot n
discussed. Two different methods for detecting lib&om
breast boundary are discussed in detail in thiepamnd a
third possibility is outlined.

Il. METHODOLOGY

In this study, 21 different infrared 128x128 8bit
grayscale images have been analyzed. The algotitieu to
identify the region of interest is in many ways gémto that
described by Qi et al [10][11], but has been expandpon
in much greater detail. The method outlined hetuthes
the following steps:

1. Manual removal of the top body edges (for example,
the shoulders) and the waistline
2. Edge detection via a series of canny edge detectors
3. Isolation of the left, right, and topmost remaining
body edges
4. Detection of the lower breast boundaries (eitheh wi

a connected-edge detector or the HT)

5. 2" order interpolation of the curves found in step 4
Detection of the region with highest curvaturehie t
left and right body edges

7. Estimation of the top breast boundary using a numbe

of empirical rules and body regions

8. Isolation of the region of interest via the bouresr

found in steps 3, 6, and 7

Step 1 is the only portion of the algorithm thas et
been automated so far. Automation would be greatly
facilitated if all images consistently included thaistline or
shoulders. Success of the method typically depexmis
steps 2 and 7 (and step 4 in the case of the HT).

The steps of the algorithm are illustrated in Higo 3.
The original image is shown in Fig. 1. Fig. 2 shdies same

the age of about 40. Thermographic imaging has beémage after edge detection and prior to the lasp.sThe

shown to offer prognostic and diagnostic informatioot
available in other methods [5]. Unfortunately, @shnot
become widely used in the medical community du¢hto
highly subjective nature of thermogram interpretati
Researchers are currently attempting to obtain tifisdoie
measures to help thermogram interpretation becomee m
objective [5]-[7].

isolated right and left breast regions are showhiin 3. In
this case, the connected edge algorithm was use@tert
the bottom breast boundary.

A. Edge detection

Edge detection was implemented using the Canny edge

In recent studies involving the analysis of thermadetector, primarily due to its robustness to ncasel its

images for breast cancer detection by Head andriLépaal,
[5]1[8][9], the breasts were isolated manually prits

0-7803-8439-3/04/$20.00©2004 IEEE

equal treatment of false positives and false negat[12].
Canny's method implements the first derivative of a
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Fig. 1 — Original Image
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Fig. 2 — Edge Detection Output (left); Interpolatiof Curves and
Estimation of the Top Boundary (right)
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Fig. 3 — Isolation of the left and right breast

Gaussian function to smooth the image and to ohttan
magnitude and orientation of the gradient for eactel

[13]. The built-in Canny edge detector in the Matlanage
Processing Toolbox was used, requiring only vafoeghe

low and high thresholds as well as the standardiaten of

the Gaussian filter. After numerous trials, it waand that
most images required different low/high threshcédues in
order to eliminate all but the strongest edgeshi ithage
without removing the bottom breast boundary.

This requirement suggests that the use of an eéapt
filter to find the optimum threshold values for bamage
would be beneficial. However, for simplicity, inishwork a
series of different thresholds were applied to eéawyge and
an empirically determined success indicator wadd use
select the appropriate edge detector thresholdgadtfound
that, for the 21 images used in this study, an @mmte
filter usually corresponded to one in which thatatumber
of edge pixels in the image after edge detectios between

180 and 290. Thus, the success indicator chosentheas .
total number of edge pixels in the image after edg

detection. A list of approximately a dozen of theosn
common threshold pair values and standard devitiees
generated. The filters were applied so that in gdneach
successive filter would have a more significant aetpon
the image, i.e. the high threshold for each sudceeddter

was larger than the previous, with the differenetveen the
low and high thresholds increasing as well. Althoubis
algorithm is without any intelligent adaptive cajiéibs, it

was found to perform adequately in most cases.

B. Detection of breast boundaries

The isolation of the outermost body edges was
performed simply by finding the edge pixels at lgigmost,
rightmost, and topmost of the image. In many ca$disere
were no shoulder or neck edges present in the ifrthge
topmost body edge alone could determine the loweadt
boundaries. However, as many patients had therrtics
in the breast regions, a more robust method wasresh

The detection of the lower breast boundaries was
originally performed using a variation of the HT Bgai et
al. [12] designed to detect circles. This metho#esa
advantage of the fact that lines normal to the ¢abh@f a
circle at any point will cross through the circlentre. The
most frequent intersection of normals in the imége 2-D
accumulator array) therefore determined the mdsglyi
candidate for the circle centre. A 1-D accumulaioay was
then used to find the radius of the circle.

The image was divided into two smaller imagest (lef
and right), with the leftmost and rightmost bodygesl
removed. The HT was then applied to each of thellema
images. Typically, a number of candidate circlesrenve
detected for each breast boundary, as shown in4dFighe
portions of the circles not part of a detected edgese
removed. The remaining circle edges were next eithe
passed through an algorithm to detect the largashected
edge, or interpolated directly to find the moselik lower
breast boundary candidate.

Unfortunately, the HT proved to be too sensitive to
small changes in curvature or concavity, and thwsym
false edges were detected. The HT algorithm usedowie
good at detecting circles, but in cases where thigoin
breast boundary was relatively flat (see Fig. B¢, mmethod
failed. A more general version of the HT could hawere
success but at a higher computational cost.

A simpler and more successful strategy was to fook
the largest connected edges in the image (aftelethand
rightmost body edges were removed). A recursiveckea
algorithm was used to locate pixels that were 'egted’ to
their neighbors by a distance of no more than 2IgixThe
largest connected object in each half of the image
considered the most likely candidate for the botto@ast
boundary. This algorithm could successfully detéu
bottom breast boundary in a majority of the casHse
age shown in Fig. 4, that failed due to the fiature of
e bottom breast boundary when using the HT, was
successfully analyzed using the connected edgenitpod
and is shown in Fig. 5.

In both techniques, a%2order polynomial was used to
approximate the bottom breast boundaries. It wasddhat
higher order polynomials tended to change concaiity
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order to follow small fluctuations in the boundaryhich

boundary are shown in Fig. 2 and 5. The boundatyeden

made extrapolation beyond the detected boundarye edthe left and right breasts was simply taken to he t

impossible.

midpoint between the leftmost and rightmost bouiedar

The next step is to determine the top of the breasOnce all the boundaries had been detected, thandfright

Unfortunately, this region does not usually exhéyiy edges
in the image, and thus must be estimated from qtbeits
in the image, such as the armpit. As suggestedibst @l.
[10][11], the region with the highest curvaturethie left and
right body edges was used to estimate the posdfotine
armpit. A cubic polynomial function was used to rabthe
local curve around any given point. The point ofximaum
concavity was assumed to be found at the locatioth®

breasts could be isolated for further analysis.

IlIl. RESULTS AND DISCUSSION

The methods discussed above were used to isolate th
breast regions in 21 different grayscale image® Bieast
regions were considered to be successfully isolatkdn
visual inspection showed minimal clipping of thesdmsts.

armpit. Unfortunately, in many instances, poor edgdhe HT method was able to successfully identifyrégions

detection resulted in strong points of concavigeelhere in

of interest in only 4 of the 21 images. The faituwere

the body edge, and the point of maximum concavigs w attributed to the detection of the bottom boundary2 of

often found lower or higher in the image then expéc

An empirical measure was derived to successfultgae
the top of the breast,
considerations:

using a number of different

these cases, while the remainder of the failures wa
attributed to the edge detection step.

In the case of the connected-edge method, themregib
interest were successfully isolated in 13 of theirBages.

1. The position of the armpit, located by the point ofHowever, two more images could be analyzed suaaigssf

greatest concavity in the body edge

if the edge detection parameters were inputted algniAn

2. The topmost and lowermost points of the interpolate additional image that had a gap in the detectee éaigthe

lower breast boundary curve

3. The median of the interpolated
boundary curve

4. A reflected image of the bottom breast boundary

lower

bottom breast boundary could be successfully apdlyif

breastthe neighborhood size used to determine which pixere

connected was increased to 6. Thus, 16 of the Zijés
could be isolated with only a slight variation betmethod

5. A maximum boundary of 1/3 the image Size10Ut|ined above. The remaining 5 images, howevet, it

measured from the top of the image

possess strong edge lines for the breast regioadl &ee

6. A minimum boundary of 25 pixels above the top ofFig. 6), or possessed strong thermal edges in ar tie

the bottom boundary
Although this method worked for many of the imagas,
others it tended to underestimate or overestinfeeheight
of the top breast boundary. Improvements in edgectien,
and more consistency in selecting the overall regm be
imaged in each patient are expected to help ingitoblem.
Some of the curves generated to help determinetdpe
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Fig. 4 — Circle detection using multiple circlesfiod the lower
breast boundaries (left); Circle detection failureght)

Fig. 5 — Successful use of connected edges tahnkbwer
breast boundary. The edge detector output, thectftl bottom
breast boundary, and the final top breast boundasee shown.

breast regions that were not related to physicahtaries of
the body (see Fig. 7). Thus, although an adapitivelligent
filter could definitely improve the success ratd#emative
methods will have to be used in cases where edge
boundaries are not detected at all, regardlesheffitter
used to detect the edges.

Some success in addressing these issues has been
achieved using another method currently being dpes
by our group. The image contrast was first enhanwzgd
using a disk of 5 pixel radius to perform top-had &ottom-
hat morphological filtering operations, thereby émgizing
the contours and the edges in the images. Thehibice$or
the Canny edge detector was determined adaptivgly b
fixing a lower threshold on the density of the exidetected,
i.e. the ratio of the pixels belonging to edgesthe total
number of pixels in the region. All outermost boelgges
were neglected in the edge detection step, andctdete
edges were further trimmed of all edge contours
corresponding to vertical or horizontal lines siticey were
likely artifacts from the edge detection or frone timage
itself and did not relate to intuitive breast feagti

It was hypothesized that the center of mass ofhal
edges was likely located within the breast areas,tedges
closer to this center of mass were considered iiaely to
belong to the breast area. It was found that using
inclusion factor (which determined the cutoff dista from
the center of mass) of 0.8 to 1.8 times the stahdaviation
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associated with the position of edge pixels helpmdove
edges that were likely to be outside the breasbred his
factor also proved to be a good estimate of the eizthe
breast (larger breasts in general required largefficients).

Finally, the smallest convex region enclosing theaining
edges was sought and the ellipse that best fittedointour
was chosen as the most likely breast area. Theselfitting
algorithm was taken from Halir and Flusser's pajidi.

The same procedure was repeated for both sides.

This method was found to be less sensitive to th
number of successfully detected edges, as can die ise
Fig. 6, which shows the best ellipses delimiting tireasts
in an image for which no lower boundary could beniified
using the connected edges method. The correcttiselexf
the inclusion factor was crucial for the properiméhtion
of the breasts.

V. CONCLUSION

An automated method for identifying the breasiaeg
in thermal images was devised and shown to be tapdb
correctly identifying the breast regions in approately
75% of the images analyzed. After an initial stabat
involved removing waistlines and shoulders fromithage,
a series of Canny edge detectors was applied t@owem

unwanted thermal edges from the image. Two differen

techniques were used to identify the lower breasidary;

the technique based upon the detection of the sarge

connected edges was far more successful than dsatiton
the HT. The upper breast boundary was determinec by
number of different measures based upon the leftrayht
body edges as well as the lower breast boundatyaihires
could be attributed to the edge detection step.

Future research should focus on the use of more

Fig. 6 — Example of an image with very few linethwihich
to locate the lower breast boundary (left); Betied ellipses

(right).
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Fig. 7 — Large thermal lines in the image preveamtcessful
detection of the bottom breast boundary

intelligent edge detection as well as the iderdifion of
regions that do not show edges in the image, ssctha
upper breast boundary, and in approximately 25 %asés,

the lower breast boundary as well. Future work alBo
investigate more robust and precise methods to firel
appropriate inclusion factor to determine the breagions,
such as integrating knowledge from other techniqarake
models, connected edges, region growing, and breast
boundaries), which could provide a very efficientaobust

fool for the segmentation of breast areas.
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