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Abstract— Thermal imaging has been used for early breast
cancer detection and risk prediction since the sixties.
Examining thermograms for abnormal hyperthermia and
hyper-vascularity patterns related to tumor growth is done by
comparing images of contralateral breasts. Analysis can be
tedious and challenging if the differences are subtle. The
advanced computer technology available today can be utilized
to automate the analysis and assist in decision-making. In our
study, computer routines were used to perform ROI
identification and image segmentation of infrared images
recorded from 19 patients. Asymmetry analysis between
contralateral breasts was carried out to generate statistics that
could be used asinput parametersto a backpropagation ANN.
A simple 1-1-1 network was trained and employed to predict
clinical outcomes based on the difference statistics of mean
temperature and standard deviation. Results comparing the
ANN output with actual clinical diagnosis are presented.
Future work will focus on including more patients and more
input parametersin the analysis. Performance of ANN network
can be studied to select a set of parameters that would best
predict the presence of breast cancer.

Keywords—Breast cancer detection, risk prediction,
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I. INTRODUCTION

Breast cancer has been known for decades to be t

throughout the body mainly by convection througbool
flow, an increase in localized skin temperature allgu
indicates an increase in blood flow around the ™rsmot.
Hyperthermia around the tumor is thought to be edusy
one of two mechanisms: 1) higher metabolic ratethef
cancerous cells and 2) angiogenesis of the tumor.
Angiogenesis (formation of new blood vessels) ef tilmor
has been widely investigated and found to be aifgignt
prognosis indicator for breast cancer [4-5]. Mierssel
density (MVD) is used to measure the extent of the
angiogenesis. A lower MVD has been shown to cooedp

to higher disease free survival [6]. Infrared casmsecan
capture an increase in blood vessel density thedsleo
neovascularization (vascular hot spots).

Despite showing great potential, breast thermograph

which is non-invasive, painless, and relativelyxpensive

is still experiencing skepticism among healthcare
professionals. Over the last few decades, clirtitalls have
demonstrated varying results [7-8]. The inconsistnare
partly due to image acquisition equipment and paaoes,
complicated processing and analysis of the theremgrand
most importantly, lack of standard protocols todguihe
final prediction. Evaluation of the thermograms vedten
done manually and thus affected by human subjégtivi
With the advanced computer technology and image
rocessing tools available today, analysis of theges
Guld be done faster and more thoroughly by spgcial

most common type of cancer among women. Despite thg,gioned computer programs. Artificial neural netso

high incidence rate, the breast cancer mortalitg faas
actually been decreasing since the late eightiesstM
medical experts and researchers credit the endograg
results to early breast cancer detection as welbetter
cancer treatment. However, mammography, the maislyi
employed detection method, is not as effectiveviomen
with dense or surgically altered breasts, or womged 40
and younger. Furthermore, there is concern reggrthie

risk of ionizing radiation and patients’ complaints
discomfort due to the high compression of the hseds

(ANN), which model the structure of the human br&iave
been used successfully for pattern recognition lprob.
Once the ANN is properly trained, it can be useddnerate
consistent output for new sets of inputs reliablyd a
objectively. ANN is widely recognized as a valuabli@ical
decision support tool.

Il. METHODOLOGY

searching for other imaging techniques to compldmern. |mage Acquisition

mammography, thermography has re-emerged as atiabten

method to improve overall detection efficiency.

This study analyzed thermal images of 19 patieritis w

Application of thermography or infrared imaging for known clinical outcome taken from a database op&ents

early breast cancer detection and risk predictiaa heen

widely studied since the sixties.

at Moncton Hospital’'s breast cancer screening clilihe

Researchers hav@ermal images were recorded in 1984 by Dr. Monigize
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demonstrated that breast thermography has greettEt and her team, using a first generation thermogcaghimera
for early cancer detection and prognosis indicatiosed  Thermovision 680 Medical from Agatronics connedie@n
either independently or in conjunction with mamnaggty OSCAR 780 (Off-line System for Computer Access &
[1-3]. Medical thermography is a method of quarntiy Recording (Agatronics). Data collection in Moncton

body surface temperature by measuring infraredatadi  followed a rigid protocol to ensure best resulthe Ttests
emitted by human skin. As metabolic heat is carried

1159



were performed in the week following menstruation o
between the'Band 18 day of the cycle, up to the T8lay.

result, the boundaries of the breasts were manually
segmented to ensure consistency between all images.

For data collection, the patient was asked to avoid The breasts were further divided in four quadraats,

alcohol, caffeine, pain medication lotions, andpssmoking
two hours before the test. The chest area wasedool
slightly with a fan for approximately 10 minutesjyrior to
the image taking. The room temperature was appiateiy
22 degrees Celsius and darkened during the testiridges
were taken and stored on a digital tape recordedafer
playback and analysis. This approach provided thst b
temperature contrast between hot and cold areashen
body. The matrix for each image consisted of 12828
pixels. The gray scale values ranged from 0 to &%bwere
mapped to temperature values using the mean tetapera
value obtained from the camera as a reference.

B. Image Processing

A semi-automated segmentation of the breasts web us
in this study. The first step was to identify thaetsde
boundaries of each breast. An automated technigag w
investigated that assumed an elliptic shape for hiteast
boundaries. The image contrast was first enhangasbsing
a disk of 5-pixel radius to perform top-hat andtbot-hat
morphological filtering operations, thereby emphingj the

contours and the edges in the images. Edges were th

detected using a Canny edge detector. The outeroaist
edges were neglected in the edge detection stetected
edges were further trimmed of all
corresponding to vertical or horizontal lines siticey were
likely artifacts from the edge detection or frome timage
itself and did not relate to intuitive breast featu

It was hypothesized that the center of mass ofhall
edges was likely located within the breast areas,tedges
closer to this center of mass were considered tilaely to
belong to the breast area. An inclusion factor desved
that determined the cutoff distance from the ceafanass.
Finally, the smallest convex region enclosing thenaining
edges was sought and the ellipse that best fittedointour
was chosen as the most likely breast area. Theselfitting
algorithm was obtained from Halir and Flusser'sgudp].
The same procedure was repeated for both sidelsough
the automated segmentation of the outer boundafigise
breasts performed well in most images, we were lentzb
achieve satisfactory segmented breasts in all imafe a
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Fig. 1. Breast images with ROI identified and fquadrants shown.

shown in Fig. 1, according to a division suggedted.ipari
and Head [10]. This process was automated usindyeas
identified points in the image such as the nipphel ghe
chin. The nipple was identified through a rule-lthse
detection algorithm and assumed to be a circulapsth
area within the lower part of the breast. The atbgor is
summarized as follows:
1. A Canny edge detector with adaptive thresholdséxiu
to find the edges within the breast.

2. Morphological bridging operations are performed to
obtain closed contour regions.

3. Bigger contour regions and regions in the uppeadise
are discarded, as they are unlikely candidatestter
nipple area.

4. The circular nature of each contour region is asubs

by fitting an ellipse to the regions and evaluatthg

eccentricity of the best fitting ellipse. The ragiwith

an eccentricity closest to one is chosen to baihae.

The chin was assumed to be on the vertical symmetry
line between contralateral sides and thus easilpgdoWhen
the chin was not present, the uppermost pixel efvértical
symmetry line was used for the upper quadrantsidini

Statistical parameters were computed for each breas
and each quadrant within the breasts: mean, standar
deviation, median, maximum, minimum, skewness,dsist

edge contourentropy, area and heat content. As a visual ingpeof the

breast images usually involves a symmetry analysithe
contralateral breasts, the difference statisticgwéen
contralateral breasts were used as input featarggtneural
network analysis.

C. Image Analysis with ANN

A backpropagation (BP) neural network was used to
analyze the infrared breast images described abBfe.
neural network, applied extensively in pattern gggtion
problems is a feedforward network with an inputelayan
output layer and at least one hidden layer. Far dnialysis,
the BP neural network was implemented with MATLAB
Neural Network Toolbox built in functions. The Nalr
Network Toolbox supports most commonly used network
architectures with flexibility for customization.h& input
vector to the neural network consisted of the lreaage
statistics. Due to the small data set availabteafmalysis,
network architecture was limited to 1 hidden layéh 1 to
4 nodes.

In determining the input data sets, a correlatioalysis
of the statistical parameters was performed usiRESS
statistics software. Of the ten parameters extdadtem
each breast image, five were found to be highlyetated
with one or more parameters, and therefore wersidered
redundant. The five parameters chosen for furtinatyais
were mean, standard deviation, skewness, kurtosihaat
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content. Two backpropagation training algorithmsreve parameters, a small network configuration such 4s2al
compared for suitability: the Levenberg-MarquatdhiGlm)  was not able to converge for more than half oftth&ing
and the Resilient Backpropagation (trainrp). Thedrderg- sessions. The number of hidden nodes was therefore
Marquardt (LM) algorithm was chosen as it genergiblds  increased. Although a 1-4-1 network was able totrtiee
the fastest convergence and the lowest mean sguese performance goal, the outputs generated from thelation
(MSE), especially for relatively small networks. érh were highly inconsistent. The network might havesrbe
Resilient Backpropagation (RP) algorithm has beewverfitted since the size of the training set wasls for the
described as the fastest algorithm for pattern geiton  number of the input parameters. The input parametere
problems [11]. The transfer function used for adlurons therefore reduced. In this analysis, the network
was the tan-sigmoid function. All inputs were nolimed to  demonstrated the highest predictive power whenirthat
be in the range of -1 and 1. parameters were decreased to two. With two input
Given the 19 images available for this analysis, B?  parameters, the network configuration was reducednie
network was trained with 18 images and validatethwie hidden node. The two parameters selected were the
19". The experiment is summarized as follow: difference statistics for mean temperature and dstah
1. Initialize the network to randomly generate andeviation. Mean temperature difference was selebtesbd
initial set of weights and biases for the neurons. on previous work on analysis of thermal images [2].
2. Select a test image to be used later for validatingtandard deviation was included after a visualéotipn of
the ANN, and train the network with the remainingthe breast images, as it indicated the spread efptkel
18 images. values across the infrared images. A large standiavition
3. With the trained network from Sted) validate the value could indicate a highly vascular breast image
network with the test image to generate an output. Two sets of difference statistics were used in the
4, Compare the ANN output with the clinical analysis, one computed for the whole breast, are fon
diagnosis for that particular image. each quadrant of the breast. For the whole brestst tivo
5. Reiterate Stefd to Step4 19 times until all 19 input parameters for the ANN were 1) mean diffeeenc
images have been selected as a test image once calculated between the contralateral breasts asdugre of
Reinitializing the weights and biases of the nearonthe standard deviation difference between the atataral
ensured that the subsequent training session waseasts. With the breast quadrant statistics, wee itput
independent of the previous session. Otherwisengit@ork  parameters were computed based on the followingutas:
would appear to have been trained with 342 (19ith8pes.

For any given network configuration, stépto step5 was Input Param 1:
typically executed 10 times, and the cumulativeilitssrom Abs (Q1_mean_diff + Q2_mean_diff +
step4 were inspected to assess the overall performahce o Q3_mean_diff + Q4_mean_diff)

the network configuration in differentiating abnaim
thermograms from normal thermograms. Once that was Input Param 2:
established, the network configuration was modifigétie sqr(Q1_std_diff) + sqr (Q2_std_diff) +
modification generally followed these guidelines: sgr (Q3_std_diff) + sqr (Q4_std_diff)
1. If the training does not meet the performance goal
(MSE specified) or does not yield fast convergence  The formula used to calculate the first input paeter
(training results from step), the number of hidden was previously suggested by Head et al [12].
nodes is increased. Both trainrp and trainlm algorithms were used witb
2. If the training meets the performance goal but thel-1-1 BP network for comparison. It was observeat the
output generated in step is not consistent, the network trained with RP consistently met the perfance
number of input parameters is decreased. goal set at 18, Furthermore, the ANN correctly predicted
3. If the training meets the performance goal and th¢he outcome of 18 test images out of the 19 in the
output generated in step for the same image is experiment. With the whole breast statistics, agfalegative
consistent, the number of hidden nodes is decreasedtcome was consistently given to patient #17 wéub heen
to obtain the smallest network achievable. diagnosed with cancer. With the breast quadratissts, a
The goal of the analysis was to evaluate the slitfab false negative outcome was consistently predicted f
of the ANN to assist a physician during the proaddsreast patient #7. Similar observations were obtained AN
thermogram examinations. trained with LM algorithm and whole breast statistiWith
the breast quadrant statistics, the ANN was abledke all
correct predictions in more than half of the expemts.
lll. RESULTS Table 1 shows an example of the results obtaingah the

. . o _ . ANN analysis.
With all five statistics (mean, standard deviation,

skewness, kurtosis, and heat content) used as input
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TABLE |

A SAMPLE ANN OUTPUT FOR BOTH SETS OF STATISTICS

asymmetry analysis, examinations of the vasculdiepes
on the breast images should be performed in evatu#te
health of the breasts. The potential of fractalefigion as a

Clinical Whole Breast Breast Quadrants measure of vascularity may be explored. A scoréatftal
Patient | hiagnosis | TYPical ANN Output | Typical ANN Output dimension can be included as an input parametetheo
RP LM RP LM ANN. With a larger set of training and validatingtd, the
1 normal -1 -1 -1 -1 result pattern obtained from analyzing thermal iesawith
2 normal 1 1 1 1 the BP neural network can be used to select a &et o
3 normal 1 1 1 1 parameters thgt will best predlc'g an abnormal tlmgrmn.
Since electronic data can be easily stored foréutetrieval,
4 normal -1 -1 -1 -1 u " . . .
a “smart” ANN can be developed into a clinical cmn
5 normal -1 -1 -1 -1 . .
, , support tool to improve the overall sensitivity and
6 |fibrocystic | -1 1 1 1 specificity of thermography for early breast candetection
7 |cancerous| 1 1 -1 1 and risk prediction.
8 normal -1 -1 -1 -1
9 normal -1 -1 -1 -1
10 normal -1 -1 -1 -1 ACKNOWLEDGMENT
11 normal -1 -1 -1 -1 . )
12 normal 1 1 1 1 Thg authors thank The Terry Fox Foundation in
13 normal 1 1 1 1 Fredericton for funding the 1984 study, Dr. R. Rgjee at
Moncton Hospital, for providing the expertise, pati base,
14 normal -1 -1 -1 -1 .
and clinical results for the breast cancer research
15 cancerous 1 1 1
16 cancerous 1 1 1
17 cancerous -1 -1 1 REFERENCES
18 normal -1 -1 -1 -1
19 normal 1 1 1 1 [1] M Gautherie, CM Gros, “Breast thermography amahcer risk
— - prediction,”Cancer vol. 45, pp. 51-6, 1980.
(Normal: 1, Abnormal: 1) [2] M Frize, C Herry, R Roberge, “Processing dérthal images to
detect Breast Cancer: A comparison,”HAroc. 2nd Joint IEEE
EMBS/BMES ConfHouston, TX, pp. 1159-1160, 2002.
V. CONCLUSION [3] JR Keyserlingk, PD Ahigren, E Yu, NB Bellived®©verview of
functional infrared imaging as part of a multi-inmag strategy
lvsis of h hy i | . ask for breast cancer detection and therapeutic manggrin Proc.
Analysis of breast thermography is a labor-inteasas 2nd Joint IEEE EMBS/BMES ConHouston, TX, pp. 11268,
that generally requires careful inspection of small 2002.
temperature differences and abnormal vascular rpatté [4] RD Leek, “The procrjcolstic role of angiogenesidreast cancer,”
; i Anticancer researchvol. 21, no. 6B, pp. 4325-31, 2001.
BP T)eural getwork_trqlne? for Ip(;"tt?m reconmnmems [5] JS Chu, CS Huang, KJ Chang, “The prognostimificance of
can be used to assist in clinical decisions. Inanmly5|s, we tumor angiogenesis in Taiwanese patients with imeaductal
have demonstrated that a BP neural network was table breast carcinomasgancer lettersyol.134, no.1, pp. 7-14, 1998.
generate fairly accurate output based on the statisnput [6] AJ Guidi, DA Berry, G Broadwater, M Perloff, Norton, MP
parameters computed from breast thermography. Ailpes Barcos, DF Hayes “Association of angiogenesis gl node
| fi for the two false negative outcomes in metastases with outcome of breast cander,Natl Cancer Inst.
explanation g Dles] vol. 92, no. 6, pp. 486-92, 2000.
our analysis could be the small sample of patienith [7] EE Sterns, B Zee, S SenGupta, FW Saundersgrtfibgraphy.
cancer. With the limited number of images availafile Its relation to pathologic characteristics, vasgtyaproliferation
; ; ; rate, and survival of patients with invasive duataicinoma of
ana;_yas, we h?‘r’]e restnﬁpgg the r;etwork g to a smpl the breast,Cancer vol. 77, no. 7, pp. 1324-8, 1996
configuration with one hidden node, an two Input g1 KL wiliams, BH Phillips, PA Jones, SA Beamah) Fleming,
parameters: mean temperature difference and standar “Thermography in screening for breast cancet,'Epidemiol
deviation difference. In order to fully assess #imlity of Community Healthvol. 44, no. 2, pp. 112-3, 1990.
[9] R Halir, J Flusser, "Numerically Stable Direteast Squares

ANN to predict true outcomes based on statistioglis,
more patients will be recruited to participatehia study. An
ethics protocol is under development and a physitias
agreed to provide a number of patients to complkie
work at the Ottawa Women’s Health Centre. The sexies
of tests should provide sufficient data to incredhe
sensitivity of the method substantially.

Future work should focus on including more statati
parameters into the thermal imaging analysis. Bxssid
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