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(57) ABSTRACT 

111is invention relates to a method of mrnlyzing an ultrasound 
signal. ·n1e method comprises obtaining a lime series of 
sequeJJlial data frames associated with an ultrasound signal 
rel:lected from and/or backscattered from a fixed location of a 
material u.ndcr investigation, each data frame comprising a 
plurality of samples o f the ullrasound signal, and subjecting 
to a o analysis a sequence of one or more samples of tbe 
ultra~ound signal. or a seque nce or at least one parameter 
derived from one or more samples of the uJtrasoUlld signal. 
wherein a result of the analysis is related to one or properties 
or characteristics of the m aterial, In one embodiment the 
method may be used for detecting, diagnosing. and/or assess­
ing cancer am.I/or abnormalities in biological tissue. 
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Figure 3(h) 
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Fiuure 5 ._. 
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Figure 7 
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METHOD l<'OR IMPROVED ULTRASO!'llC 
DETECTION 

FmLD OF ti IE INVENTION 

[00011 This invention relates generally to tl1e field of ultra­
sound imaging. In particular, tl1e inventiou relates to methods 
of analyzing radio frequeucy (RP) ultrnsoUJ1d signals lbr 
improved ultrasound imaging. 

BACKGROUND OF TI IE INVENTION 

I 00021 Conventional inspection ru1d examination of mate­
tia ls using ullr"dSuund typically employs processing oft be rnw 
rndio frequency ( RF) ullrasoWJd signal at cliscrete "snap­
shots'' iu time, for exomple, to .;rcate B-scan images, Such 
images are widely used in fields such as medicine; however, 
evidence suggests that they may be ofl united utility in certain 
applications, particularly wllere fine resolution of tissue 
structure is required for accilrale classification, such as in­
detecting structural clifl'crcnces a mong bit)log.ical tissues, as 
may be required i11 cliagnosing various cMcers. 
(0003] Sever.i i reser,rchers have studied ultrasl1w1d-based 
solutions lbr compmer-aided diagnosis of cancer. 1l1e l'irsl­
order statistical momellts (such as meru1, standard deviatiou, 
skewness and kurtosis) of the intensities of pixels in each 
region of interest (RO]) of the tissue form a basic set ol' 
re-atures for tissue classification LS, 6] . Tissue characterization 
based on the acoustic pamrueters extracted from !he rnw RF 
ultrasound echo signals (before beiu& 11-aosformcd to B-scao 
images) has been studied since the early 1970's (see l 71 for a 
review). Fn::quency-dependent nahire ofultrasmmd scal1er­
i.ng and attenuation pbenome.na can characterize different 
tissue types and is studied th.rough frequency spectnu11 of RF 
siguals. Along with tex11.1re and co-occuJTeilcc 'based foature~ 
extracted from B-sci.lll images, RF spoctrnm parameters have 
been used lo form hybrid foature vectors to be used for detec­
tion of cancer [20]. Such fea111res are ut·i lized as the input to 
neural networks and neuro-f'u.7.zy inference systems [SJ, self 
organizing Kohonen maps f8l and quad.rat ic Bayes classifiers 
r9J for characterizarion of tissue. Neverfueless, despite the 
lo ng history of studies in tJ1is field, an accuriite analytical 
model ofuhrasOLtnd-tissueintemctions is still outstanding [9. 
101 aud tile results ofRF-b,1sed tissue classificatk1n methods 
are not promising en0t1gl1 for clinical applications. 

SUMMt\RY OF THE fNVENTION 

(0004] Oue aspect oftbe invention relates lo a method for 
analyzing an ultrasmmd signal retlected from and/or back­
scattered from a material. comprising: 
10005] obtaiuing. a time series of sequential data fuimes 
assocfated with the ultras011nd sig.nal fro,u a fixed Jocatiou of 
the material, each data frame comprising a plurality of 
samples of the ultrasm1.nd signal, and 
(0006] subjecting lo an analysis: 

10007] (i) a sequence of o ne or moi·e samples ,of the 
ultrasot1J1d signal, or 

[00081 (ii) a sequence of at least one parameter derived 
J'.rl11U ooe onuore siimples l1i'the ultrasound signal: 

(00091 wherein a result of !Ile analysis is indicative of one 
or more physical properties of the material. 
(0010) Tile data may be derived from a radio frequency 
(RF) ultmsouud signal. In another embodiment. uw clata i~ 
derived from a processed uJLrasoWJd signal. 'foe data may be 
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derived from a processed 11lu-asound signal selected from 11Jl 

A-mode, B-mode, M -mode. Doppler, or 3-D ultrasonnd sig­
nal. 

(0011] The analysis may be at least one selected from: 

(00121 (i) an analysis with .respect to lime, frequency, 
amplimde. or a combination ll1ereof, 

(0013] (ii) a sta tistical analysis, 

(0014] (iii) a stocbastic analysis, 

(0015] (iv) a fractal analysis: 

[0016] (v) a wavelet ruialysis: 

[0017 ] (vi) a spectral analysis: 

[0018] (vii) array processing: and 

(0019] (viii) a cornbi11atiou of two or more of the above, 

[0020] Ju one embodiment. the analysis is fractal analysis. 

[0021] The result CTfthe analy$iS may be inclicative or the 
physical property oftl1c materia l being nomial or abnonn al. 
1n anotller embodiment, the result 01' the anaJysis is a prob­
ability map or a probability score, The result of the analysis 
,nay be indicative of severity of the abnormality in the mate­
rial. 111c result of the analysis may describe the presence of 
tl1e abnonuality in the material. 

[00221 'l11c material may he biological tissue. In one 
embodiment, the biological tissue is bum.an biologit-:.i l tissue. 
In anol11cr embodiment, the material is biolo11.ical tissue and 
the abnormality in t·he biological tissue is can~er. The cancer 
may be associated witb nt least oue or fomale genital tract 
(ovary. faJlopiauntbe, merus, cervix and vagiua), male gen.ital 
tracr (prostate and restis). urinary u·act (kidney. ureter and 
prostate g land), 111ediastim1J11 a.nd heart, ga$tmintestinal tr.ict, 
(small and large intestines, liver, panc:.reas. gallbladder and 
biliary system), breast, skin, nervous system, endocrine 
organs (thyroid glaucl adreual glaud). beod aud neck region, 
lympl1 uodes, soft tissue, respiratory system (including lung), 
and combinatio11s thereof'. u.1 another embodiment, tile cancer 
is prostate cancer. 

10023] lo another embodiment, the material is biological 
tissue and the abnormality in tJ1e biological tissue is sel;cted 
from benign tumour. iufeclion, abscess. necrosis. i11furct, and 
combinatious thereof. 

(0024] The analysis may comprise subjecti11g the RF time 
series dai-a to a discrete Fourier trausfor111. The al least one 
parameter may be selected from: 

(0025) (i) average of magnitudes of coefficients of the 
discrete Fourier transform oflhe RF time series in a low 
.freql1eucy portiou of tbe transformation; 

[0026] (ii) average of magnirudes of coelficients of the 
dis,'Tete F0uricr transform of the RF time series in a 
mid-low frequency portion oftbe transfonuatiou: 

(0027] (iii) average of magnitudes of coefficient:; of the 
discrete Pourier transform of the RF time series in a 
mid-high frequency portion Qf lhe transfonnation; 

(0028] (iv) average of magnitudes of coellicients of the 
discrete FourierITTmsibnn of the RF time series in a high 
frequency portion oflbe transformation: 

(0029) (v) intercept of a line fitted to oiagnitudesofcoef­
ficients of the discrete Fourier trausfonn of t11e RF !ime 
series plot1ed versus L1onnalized frequency; and 

(0030] (vi) slope of a line fitted to magnitudes of coeffi­
cic:nl'; oftbe discrete Fourier transfonn ofll1c RF time 
series plotted versus normalized frequency. 
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(0031) Another aspect ofU1e invention relates to a method 
for detecting. diagnosing. and/or assessing cancer. compris­
ing: 
(0032) obtaining a time series of sequentiaJ data frames 
associak'd with an uJu·a~ound signal reflected from and/or 
backscattered from a fixed locatio11 of u biological tissue, 
each data frame comprising a plumlity of samples of tl1e 
ultrasound sigoal. and 
(0033) subjectiJ1g to an aJ)a)ysis: 

(00341 (i) a sequence of one or more samples of the 
ultrasoUild signal, or 

(00351 (ii) a sequence of at least oue ~ra1ueter derived 
from ooe or more samples of the ullmsound signal: 

(0036] wherein a result of the analysis is related to the 
detection .. diaguosis, and/or assessment ofcirncer in the bk)­
logical tissue. 
[00371 In accordance witl1 tl1is a~pect, the data lllay be 
derived from a RFultrnsound signal. Iu anotlterembodimenl. 
tlte da ta is derived from a processed ultrasound signal. The 
data may be derived from a processed ultrasound signal 
selected from an :\-mode. O-mode, M-mode. Doppler. or 3-D 
t1ltrasound s ignal. Tbe analysis may be at least one selected 
from: 

(0038] (i) an analysis w ith respect to time. frequency, 
amplitude, or a combination tbereoJ: 

(0039] (ii) a statistical anolysis. 
(0040] (iii) a stocha~1ic analysis, 
(0041J (iv) a fractal analysis: 
[00421 (v) a wavelet analysis: 
10043] (vi) a spectral analysis: 
f 0044 ( (vii) array processing: and 
[0045] (viii) a combination of two or more of the above. 

(0046] Jn one embodiment. tbc w1alysis is fract11l rnmJysis. 
(0047] bl accordance wi(h this aspect, tl1e cancer may be 
associated with at least one of female genital tract (ovary, 
fallopian tube, uter11s, cervix and vagina), male genital tract 
(prostate and testis). urinary tract (kidney. ureter and pmstate 
gland), rnediastinum and heart, gastrointestinal tract (sm.:t ll 
imd large intestiues, liver, pancreas, gallbladder and biliary 
system), breast, skla, neivous system, endocrine organs (thy­
roid gland, adrenal gl11ntl), head and Deck region. lymph 
nodes, soft tissue. respirntory system (i11cluding hlng). and 
combinations thereof. In oueembodimeat, tbecancer is pros­
tate cancer. 

(0048] Another aspect of the i11vent1011 relates to pro­
grammed media for use with a computer aud with an ultra­
sound sign.al, the progra=ed media comprising: 
(0049] a computer program $l\1red 011 s1ornge medis. com­
p:itible with the computt:r. the computer prograrn containing 
instrnctions to direct the computer to perform one or more of: 
(0050] obtain a lime series ofsequentiai data frames asso­
c-iated with the ultrasound signal frnm a f1xed location of the 
material. encll data frnme comprising a plurality of samples of 
tlte ultrasound signal: 
(0051] subject to an analysis: 

[0052] (i) a sequence of oue or more samples of tl1e 
ultrasound signal, or 

(00531 (ii) a sequence or at least one p,uametcr derived 
from one or more samples of tlte ultrasound signal; 

(0054] detennine one or more properties or the material 
ba$cd on a result of the a nalysis, and 

(0055] output an indication oftbe one OJ' more properties. 
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[0056J The computer program may further direct the com­
puter to: 
(00571 accept data relating to known properties oflllesamc 
material. or comphm1cnrary data from subsequent analysis 
conducted on the same material; and 
[0058J update the resull of tl1c analysis based on a compari­
son 10 the data relating to known properties of the same 
materia l aod/or ihe complementary data. 
[00591 Iu accorda11ce with U1is aspect, the data may be 
derived from a RF ultrasonnd signa I. In another embodimet1l, 
the data is derived from a processed ultrasound signal. 
[0060] The data may be derived from a processed ultrd, 
sound signal sek cred from an A-mode. B-mode. M-IUOOl\ 

Doppler, or 3~D u ltrasou• d signal. 
(0061] Another aspect oftbc loveotion rchitc.--s to a system 
for derenniuiog one or more r,roperties of a material, co111-
prisi11g: 
(0062] a computer: 
[0063J the pmg.ranuned media described above: ,md 
[0064] an ultrasm111d device for generating an ultrasound 
signal from U1e material. 
I 0065J Another aspect of the invention relates 10 a n1etl1od 
for analyzing an uhmsound signal reflected from or transm1t-
1ed 1hrough a material. con1prisiog: 
[0066] obt.:tining a time series of contfouous daw frarues 
associatedwith ihe ultta.sorn1d signal from a specific location 
of 1Jic.- rnnteri<Jl, each data frame comprising a plurality of 
uJtrasouud samp'les, and 
10067) subjccliug ouc or moi·c sample, of cacb sa.id data 
frame to an ana lysis: 
(0068J wherein a res\dt of the analysis is indicative of ~1J1e 
or more physical propenies of the material. 
(0069] A.110ther aspect of tile invention relates lo a method 
lor measuring a pllysical property of a material. comprising: 
[0070) obtai1ii11g a time series or c-ontfouous data frames of 
RJJ ultrasound sigual reflected from or transmitted tltrougb a 
specific location oftbe material, each data frame comprising 
a plurnlity ofultrasoimd samples, and 
[0071 ( s,1bjcc1ing one or more samples of each said data 
frame to an analysis: 
(0072] wherein a result oftlte analysis is indicative of the 
physical property of the materi11I. 

[0073 I TI1e dat:i may be derived from the raw RP nhrasound 
sigual, or from a p rocessed ulu-asound signal such as au 
A-mode, 8-mode, M-mode, l)cippler, or 3-D iiltrasound $ig­
nal. 
[0074] The specific location may be al a fixed location on 
the material. 
(0075] la various embodiments, the analysis may be at least 
one analysis selected from: 

(0076) (i) an analysis with respect to time, frequency. 
amplil11de. ora combination thereo( 

(0077] (ii) a statistical analysis, 
[0078] (iii) a Stochastic analysis, and 
[0079] (iv) a combimnion or (i), (i i), or (iii). 

[00801 In one embodiment. the resul! of tbe analysis Js 
indicative of tbe physical r,ropcrty of the material being nor­
m<1l or aboimuaL hi aJ1othcr einbodime1Jl, Lbe result t1f tue 
nna lysis is a probability map or a probability score. In another 
embodime11t, the resu.lt oftheanalysis is indicative of severity 
oftbe abnormality in the material. In another embodiment, 
tl1e rc~ult of the- analyi;i s dcscri bes the p rc$eoce of the a bnor­
mal ity in the material. 
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(0081] The material may be biological tissue. In ouc 
embodimeni. the biological tissueis.tnuuau biological tissue. 
Iu rinother embodiment, the biological tissue is prostrtte tis­
sue. 
(0082] ll1 another embodiment. the abnormality in the bit1-
Jogical tissue may be caucer. The cancer may be prostate 
(.•ancer. breast caucer. liver cancer. lung cancer. skin cancer. t1r 
ovarian caoccr. lo anothercmhodiment, the cancer is prostate 
cancer. 
(0083] In one embodiment, the fractal analysis is the Higu­
chi method. 
[0084] According to m10tl1er aspect of t he invemion there is 
provided a method for diagnosing cancer. comprisfog: 
(0085) obtaining a time series of continuous data Jrames 
associated with an ultrasound signal reflected from a specific 
location of a biological tissue, each data frame comprising a 
plurality of ultrasound samples, and 
[0086] subject ing one or more samples qf each said data 
frame to au analysis; 
(0087] wherein a result of the analysis is related to the 
probability of cm1cer iu the biological tissue, 
(0088] TI1e da ta may be de6vcd from the raw RF ultrasouod 
sig,cml, or from a processed ultrasound signal such as an 
A-mode, B-mode. M-mode. Doppler. or 3-0 ultrasound s ig­
m1I. 
[0089] ·111e analysis may be at least one analysis selected 
from: 

10090] (i) an analysis with respect to tun~ frequency, 
amplitllde, or a combi11a1ion thereof 

[0091 I (ii) a s1atistical analysis. 
(0092] (iii) a stochastic analysis, and 
[0093] (iv) a combination of(i), (ii), or (i.ii). 

(0094) ·me analysis may include the Higochi method. 
[0095) The cancer may be prostate cancer, breast cancer, 
liver cancer. lung caucer. skin canet:r. or ovarian cancer. 1n 
o.ne embodiment, the biological tissue is prostate tissue and 
the cancer is prostnte cancer. 

BRIGF DESCRIP17ON OF THE DRAWINGS 

[0096] Embodimetits of the invention will now be 
described, by wayofexample. wi th referenccto1hedrr1wings, 
where-in: 
(0097] FIG. J is ., gropllical representation showing how 
the time series data was acquired. 
(0098] FIG. 2 shows typical microscopic images illustnn­
i.ng (a) normal prostate tissue. (b) benign p.rostatic hyperpla­
sia tissue, and (c) -prostatic carcinoma. as detected by an 
embodiment ,1fthe invcntiou. 
(00991 FIG. 3 shows the set-up for acquisition or the RF 
signal and B-scim image: (a) t11e probe (marked with 1 iu the 
image) aod prostate tis~ue (marked with 2 in tbe image) are 
fixed in posilion for continuous acquisition of the R I' ti..01c 
series: (b) the first imagi11g position is marked w ith a needle 
(visible in the ultrasound iniage). 
(0100] FIG. 4 is a histogram of MlDRfT values for (a) 
cancerous ,rnd (b) ntl111rnl RO ls in our data (213 .nonnal RO ls 
and 185 cancerous RO!s iu 20 ditlcreut frnmes ofullrnsonnd 
d;ita i1cquired from a 57 ye;eir old patient). 
(0101] FIG. 5 shows a typical histopathological map of 
prostate tissue used as a standard. 
[0102] FIG. 6 shows plots of averaged nonnaLized ampli­
tude of discrete Fourier ttru.1.Sform of RF time series from (a) 
nonm1l and (b) cancero11s RO ls. 'l11c slope and intercept of the 
1 i 11.ear regression or the frequency spectrum ( dotted I i.ne)-and 
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the sum of the amplitude val11e$ in four di!lereut frequency 
bm1ds (separated by vertical lines on the g,raplls) were used as 
foatures. 
(0103] FIG. 7 shows phQtom icrographs (200x magn.ific.i­
tion) oftbe ccllularstructnre-offi.)Lu· tissue types (bovine liver. 
pig liver. chicken breast. bovine muscle) that were differen­
tiated using tm e1ubodjmeut of the invention. 
(0104] FIG. 8(a) fs a p lot of average classification accuracy 
over six pairs of tissue for diffe.rent values of k.,.,,,.. ai- resoll1-
rion of IO smn!'les). 
[0105I FIG. 8(b) is a plot of average classification accuracy 
over six pairs of tissue fo r difTercnt number of samples in an 
ROl (k,,,.,..-16). 

DETAILED DESCRIPTION OF 1LLUSTR.ATJVE 
EMBODIMENTS 

[0106] As a nt·w approach toward a moreaccw-atecl~$ifi­
catiou of materials; detection. assessmenl, and/or diagnosis 
ofabnorma.lities, imperfections. and/or defects in materials. 
basetl on ultrasound RF signals, we considered that the inter­
action ortbe material ::iud ultra~ound may be studied lb.rough 
a stochastic or J'mctal analysis and described by, for e,rnmplc, 
fractal foatures , We propo~ed tha t the Rf output of such a 
system could result in a J'rdctal pattern when recorded as a 
time series (a frnctal curve or signal has the property that e-acb 
part of it can be considered as 011 illlllge of the whole in a 
redticed scale). We therefore obwined raw ultrasound RI' data 
(i.e., the ultrasound Rf signal prior to any pJ'Ocessi.ng) a.ud 
subjec1ed it to time series a;rnlysis. 
[O I 07] TI1e idea that the interaction of the material and 
ultrasound may be studied through a stochastic or fractal 
analysis is particularly relevant to biologici1l tissi,tes. T11is is 
based Oll the fac1 thal self-organizing self~repl.ic~ting cells are 
the building blocks of biological tissues; furthcm1ore. non­
liucariry and q113si-de1em1iuism are the basic properties or 
biological systems f l 1). Tbesc two condi1ioos arc prerequi­
sites for such analyses. TI1e sclf'-orgaoiziug and sci ,-replicat­
ing prope11ies result in a fraclal pattern in !heir outpul whon 
recorded as a rime series. For example, it bas been shown tbal 
gland-like stnicni.res in some types ofadenocarcinoma pos• 
scss a meaningful fractal dimonsion l 12, 13 j. 
[0108J To generate time series data for analysis. we 
acquired a continuous set offnunes nfRF darn. at a specified 
frame rate, from a fixed location oftbe nrntcrial. The RF data 
was djgi1ized ro fuci litare analyse$. Ilowever, the analyses 
described herein may be perfonued in digital or analogue 
domains. or in a combination of both domains. Th.e data may 
also be derived from a processed ullnismu1d signal such as, 
for example. an A-mode. 8-nmde. M-modc. Doppler. or 3-D 
ultrasound signal. 11 will be appreciated that the methods 
described herci.11 are also applicable to multi-.frequcncy ultr.i­
sound, where ham1011ic imaging is possible. 171e methods 
desc.ribed berein are also appl.icabJe to array signal process­
ing. such as. fo.rexample, where single transmit and multiple 
reclc'ivccha1mels are employed. In such cmboclimeuts, if suit­
Hblc. the ultrasound signal can be discretized in time anti/or 
amplitude and t11en subjected to proc,--ssing. 
[0109] As used herein, the tem1 "continuous set of frames" 
refers to ;:i sequential set of fr~11nes, in which an initfnl frame 
js followed in time by a subsequent frame or frames. 
(0110] As t1se:l herein. the term "fixed location" relers to a 
location in or on the materia l under investigation relative to 
the ulttasmmd probe. That is. the probe is not moved but 
i.11stead is ma.i 111aincd at a fix.ed loc.-at.ion in OJ' on the materia l 
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under investigation. In addition. as used herein. the tenn 
"fixed" is intended to refer 10 the fact that the material is 001 

subjected to auy iuteutional movement, other tban any minute 
movemelll of the material 1l1at might arise as a byproduct of 
interaction of1he material with the ultrasonnd signal. ln this 
reg.~rd the metbod described herein is distinct troru the tech­
nique known as "'elastograpby". in which gross movement,)f 
tbc material uoder investigation is intentionally indi,ced 
ilirougb exposure to a hip,b power ultrasound and/or mechani­
cal signal. 
(0111] lt wiJI be appreciated that tbe positional accuracy of 
the fixed location is subject to some uncertainty, however. 
which may arise through., for example, vibration oftl1e probe 
ru1d/or the material under investigation. such vibration being 
caused by, for example. vibration of tbe bitildiog, or move­
mem of' tbe tissue arising from a pui-ient's breathing, heart' 
beat. and/or pulse. Wbere such unintentional movement of 
the material occurs, the data may be processed to remove or 
compensate for such movement. 
(0112] As used herein, the term "biological tissue" is 
intended to be ii1clusive o fony tissue derived from au organ­
ism or part tbcreot'. as well as a cell cultme aod u tissue 
c:ulture. The biological tissue may be liviJJg or dead, and ao 
analysis as described herein may be carried out on biological 
tissue in vivo or in vitro. 
[0113] Tbe material under investigation, which may be bio­
logical tissue. may be normal or abnormal, where "normal" 
refers 10 one or more properties nr characteristics of the 
material falling. witliin a range of acceplahlc values or rncel­
iJ1g au acceptable value, or iueeting a standard. ·'Abnormal" 
refers to one or more p-roperties or characteristics of the 
material falling outside ofa range of acceptable values or not· 
meetiug an acceptable value. or oot meeting a standard. 
Where a normal material is being: investigated, the investiga­
tion might include assessing one or more proper1ies or ehar­
ncteristics of the material. Sucb assessment <.-an be of interest 
io. for example, compariog one or more properties or charac­
teristics oftbe material lo one or more corresponding prop­
erties or characteristics of another materinl. 
(01141 Wilbin each digitized fouue a region of interest 
(ROI) was defined, the size of the ROI being set as appropriate 
for the type of material being swdicd (see, for example, the 
below discussion and Examples). 'n1e ROI is in a rixed loca­
tion in the series offrnrues, and is comprised of a matrix (e.g., 
24x88) of samples. each sample representing a scalar v11lue 
(e.g., amplitude) of tl1e ultrasound RF signal. The temporal 
sequence of values corresponding to a sample ill the matrix 
forms a time series. This is sbowngrnphically in PIG. 1. Such 
time series data may then be ~t,bj~tcd to ::i "sin_glepoint'· time 
series analysis. whe.rciJ1 one or more properties oftbat time 
series is detennined. The analysis may be conducted with 
respect to. for example. rime. ampliti1de. frequency, and cam­
binalions thereof such as time aud frequency, amVor may 
include any mathematical operation or mani.pulatfon, and 
may include. but is not limited tu, power spectmm. shift in 
central frequency, Fourier analysis, filtering, matrix or vector 
mathematics. wavelet, zero crossing. cyclic 01.inima and 
rna-xirno. phase aonlysis. data reduction (extract regions of 
data, concatenate, replicate, merge, interpolate, and decimate 
data se1ies), mathematical funcrions (basic i11a1hematical 
1'U11ctioos (addition, subtraction, mnll"iplkation. division) 
and/or integration, dilforen1iation. logarithmic functions. 
trigonometric limctio11s. exponential ftmction,). or a statisti­
cal analysis sucb as. but not l imited to, mea11. variance. stan-
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dard deviation, least squares flt. regression. Bayesian. RMS 
(root mean square). polynomial or linearcnrve fining, com:l­
Jacion, autocorrelation, filtering (e.g., low pass, high pass, 
median}, or a s1ochastic analysis such as, but nQt limited to 
probability disiribution fitting, probability dNern1ina1ion. 
signal/noise ratio, and foictaJ analysis, and combinations 
lbereoLA set of sucb property values. which may be gener­
ated from aoy or all of tho time series resulting from eacb 
sample in the ROI. may tben be subjected to further analyses 
sucb as an analysis with respect to, for example, time. :i.mpli­
tudc. frequency, and/or may iuclude any 111Mherna1 ical opera -
tion or manipulation, such as. for example. a statistical or 
stochastic analysis as listed above. 

[0115] Alternatively. la a "mult-i-po[nt" time series analy­
sis, the values of two or more samples fmm within a single 
ROJ. each sample representing a sc.1lar value (e.g .. ampli­
tude) oflbenltrasoundRF signal, may first be subjected to an 
analysis wherein a property of tbat ROI is determined. 111e 
analysis may include any mathematical operntion or tu,ui.ipu­
lalion, stJcb as, ror example, a stali~tical 01· stochastic analy­
sis, examples ofwbich are notednbove, to generate a property 
for lbat ROl. Tl11s analysis is repeated for that RO [ io the time 
series, and the resulting time series of such properties may 
tben be subjected ro Ji.irtber analysis sucb as the single point 
analysis described above. A preferred fractal analysis is lhat 
proposed by I liguchi [ I 4J. which is a stable method to com­
plltc the fractal dime11sion of the irregular oulpL1t time series 
of ua111ral phenomena which show a 1i1rbi1Jcut behavior. How­
ever. tbe invention is uot limited thereto. 
[O 116] Embodiments of lhe invention provide ao enhanced 
abi lity to detect defects, abnormali ties, and the like, in certain 
characteristics or properties of a material. and the extent or 
degree of severity of the deJects, abuonnalities. etc. in the 
material. For example, a property may be described as 
"abnormal" if the valt,e(s) representing that property falls 
out~idc of a rauge of preferred values. Such characteristics or 
propenies, of which tbere may be oue or more for a given 
material and type ofinvestigation. may include. for ex::uuple, 
physical properties such as stn1cture. elasticity, density. opt i­
cal. and electromagnetic. For example, in the case of biologi­
cal tissue. a11ab11ormality may be dett.-cted 111 the arrange01cmt 
of cells, relative to nmmal tissue of the ~'a.me type, as is the 
case in many types of cancer, In non-biological lll3terials, an 
abnarm:Jlity may be detected as, for example, a variation in 
size or arrangeo1ent of pores, a variation in thickness or con­
sistency of laminates, or a variation in density, relative to 
preferred values, or a minute crack or fissure ill a material. 
Embodiments of ~he invention may allow input a11d storing of 
data relating tci nonnal and abnon11al chat::1c1eristics of a 
material. aod comparison of data for a cuJTeut sample tu the 
iuput/stored data. andas-0noutput prtwidcan i11dicotiou (e.g .• 
ti probability) of whether the material is either nonnal or 
abnonnal. Embodiments o ftbe iovent[ou may also provide au 
indication as to exteut or severity of the abnormality based on, 
for example, size. and/or locatiouoflheabnormality, and may 
further provide an indication of'll1c grading oftJ1e abnormal­
ity (e,g .. as is known for various cancers). One aspect of the 
invention provide,~ for ongoing trniuiog of the method to 
recognize abuom.-ialities by inpuuing dnta relating to 
examples of nonnal and/or abl101mal material as such dara 
become available, and by correcting the result based oo SLJJ>­

porting confirmatory or complementary data. 

[0ll7 ( To demonstrate fhe effectiveness of the embodi­
ments described herein, we hnve applied them 10 uhrasound 
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data of biological tissue for diag11osing prostate cancer and 
for distingu.isl'ting dillerent tissue types (see 1J1e below 
Examples). However, it will be appreciated that embodiments 
of tJ1e inventio n are not limited thereto, and they may be 
appli<xl nol only to mher ·rissuci; for de1ec1ion. diagnosis. 
and/or assessment ofolher cancers inaoy anatomic site, such 
as. but 1101 lilllited to. female genital 1nict (ovary. fallopian 
lube. uterus, cervix and vag,ioa). male genital lracl (prostate 
ru1d test is). urillary tract (kidney, ureter aud prostate gland), 
mediastinum and hea11. gas1rointes1inal trnct (small a11d large 
lntesliues. liver, pancreas. gallbladder and biliary syslcm ), 
breast. skio , nervous system. endocrine organs (thyroid 
gland. adrenal gland). bead and neck region. lymph nodes. 
so:1:i tissue. respiratory system (includiug luug). Embodi­
ments of the invention may also be used for detection. diag­
nosis, and/or assessmem of tissue abnormalities includi11g 
patbologic:ctl abnormalities other !ban cancer, such as, but nol 
limited to, benign tumours. in lectio n. abscess, necrosis . a nd 
infarcts. 
(011 SJ E mboclimcnts ot' the invent ion may a l~o be used for 
inspection and/or assessment of 1100-biological materials. 
S11d1 appl ications may include inspection of materials for 
manutacturingand/or slmctural defects, aurtlysis of effects o f 
stress/stmin on machine components. and detecting fail tu·e of 
machiuc components. in manufacturing, research. and indus­
tries such ~ transportation and aerospace. 
(0119] Goibodiments of1hc invention arc furtber described 
by way of the fo!Jowing uoo-limiLing exampl es. 

example I 

Delection of Prostate Caucer usin,g Fractal Analysis 

l.l lntrnducl10u 

(0120) Prosta1c cancer (PC'a) is 1hc most common malig­
n::mcy among men -:md ihe set:ond leading cancer-related 
cause of death atler lung, cancer 11 ] . 1 t is esti.Jm11ecl th.it there 
will be abm.n 241.l 90 new cases of prostnle cancer in North 
America in 2007 and about 3 l ,350 men wil I die of this disease 
12, 3 ]. If diagnosed in early stages, PCa is a manageable 
condition in many cases. However. the process of screening 
and diagnosis of tJ1e disease is controversial [4J. Prostale 
tumors have iocon~istent appear:mcei; o n medical images. IJ1 
par1icular. on transrectcd ultrasoWJd (TilUS) which is tbe 
swndard imaging modality to study proswte. cancer lesions 
can be hypocchoic. hyper-echoic or even isoechoic. The pres­
ence o f benign prostatic hyperplasia (BPH) further compli­
cates the visual inspection of ul1rasmmd images, as BPH is 
typically associated with hype rpfas1ic nmlules that may 
mimic areas ofmalignaucy. 
(0121 J ·111e standard for detectio11 of PC a is pathological 
aualysi<s of' tissue samples acquired Ul!ough TRUS guided 
biopsy . . However. the nrnlti-focal na t11re of the disease and 
limited biopsy sampling of prostate cancer causes lligh rates 
of false negative diagnoses. Several researchers have sn1died 
ultrasound-based solutions for computer-aided diagnosis of 
PCa. The firs1-order statistical moments (such as mean. stan­
dard devia1iou. skewness and kurll1sis) of the iu1eosities of 
pixels in cacb region of interest (ROI) of the tissue lb rm a 
basic set of features for tissue classification [5, 6J, Tissue 
cl1aracle1ization based on tlie acoustic parameters extracted 
from the raw RF ultrasound echo signals (before being trans­
formed to B-sean images) has been studied since the early 
I 970 's (sec [7] for a review). r:requt·ocy-depeodc11t natmeof 
ultrasmmd scattering and a11enua.tio n phenomena can chnrac-

5 
Mar. 11, 2010 

terize <lilforeot tissue types and is studied th.roug,]1 frequency 
spectrum of RF signals. Along, with 1exture and co-occur­
rence based fearnres extracted from 8-scan images, RF spec­
tnun parameters have been u;;ed 10 form hybrid feature vec-
1ors 10 be used for dett><:lion of prostate Ciluccr. Such features 
are utilized as Ille .inpm to neural networks and neuro-fuzzy 
ioference systems [5]. self organizing Koboneu maps [8] and 
quadratic Bayes classifiers [91 for characterization of prosl:nc 
tissue. Nevertheless, despite the Jong history of studies in th.is 
field, an accLU-ate analy1ical model ofultrasouod-rissue inter­
actions is still outstanding 19, 10] and the results of1~F-based 
tissue dassificmion meiho<ls are not promising enough for 
clinical applications. 
(0122] In prostate cancer. the progression of 1he malig­
nancy is associated with geometrical deregulation of the 
arcb.i tecttm1l strncmre o f the cellltlar network. This is in fact 
the basis forpathologiciudjces used for detecting and grading 
o ftbe disease. FIG. 2 shows the typical appearances of the 
nonnal and canccr1.)t1S tissue in patlwlogy slides where the 
irregularity of 1he cancerous structure is vivid. It is also 
known that backsc(lttered 11ltrasotu1d signa l is affected by the 
geometry and spatial distribution o l' scancrers [ 15]. Based o n 
these two facts we ex.un iJ.ted the hypothesis that m he prostate 
tissue continuously rn1dergoes interactions ~,1itb 1he ultra­
sound s ignal. the time series formed by eachsampleofback­
st.-attercd signal will have a fractal dimension which can be 
usoo to distinguish between cancerous and nom1al tissue. 
[01231 To exam.ine the validity of this hypothc6is, we 
acquired conlionous RF dma frames from 1he proslale tissue 
or patien1s uJJdcrgone radic;al proswtcctoiuy, ood extracted 
the Higuchi fractal dimensions of the time seJies formed i11 
ROls of size0.028 cm2 (the .highest resolution ever reported). 
We analyzed the separability capability of this parameter 
betwct:u canceruus and uonnal 1is:;ue and fmmcl it to be Sla­
tistically significant. FLU"thcmmre, we used neural nc1works 
to classify the ROls and observed tba1 wbe.n the lliguchi 
fractal dimensions of the RF time series is added lo a combi­
nation ofB-sca11based texture features, the accuracy o f neural 
network based classification of pros tare tissue increases co11-
siderably. In fact. coiltrary to the fract::iT dimension of the 
13-scan RO ls which reportedly l I 6J pcrfo1111s as "another" 
texture foaltlre. the llig11ehi dimension of the rime series or 
RF samples (averaged over the ROJ) has a distfoct"iveel'fecl rn1 
1be classifieatjon resohs. 

1.2 Methods 

1.2.1 Dala 

[01241 For ultrasound cl::ita co11ection, we used a SMix RP 
(Ultrasoni.x Inc, V:U1couver, CaL10da) ultrasmrnd machill.e 
which has the cupabiliry of collecting and recording the raw 
RP signals. and an cndorectal probe model BPSL9-5/55/ I 0, 
frequency range: 5-9 MJlz. set lo 6.6 MHz for oar experi­
ments. and U1e linear transducer on this probe which is 55 mm 
long. FIG. 3(u) shows the data collection setup; tbeendorectal 
probe was mounted on a rail which could be moved a long the 
pros1a1e tissue while tbe tissue was fixed in a frame aod 
immersed in water. We ensured lhnt the orientation of tbc 
acquired ultrasound fr:uoes was as close as possible 10 tb.e 
01ieuratioo of the sl ices to be made for specilUe n histopatho­
log.ic analysis. To mark the position o f tbe fii:st ultrasound 
frame which had to be used as the orig in for the pathological 
analysis. we placed a needle inside the tissue which wiis 
visible wi thin the uJtrasound image (FIG. J(b)). 
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(0125) Tue Soni1t RP machine was set to provide a maxj­
mmuof63 RP frames collected with the a rate ofR frames per 
second. Each RF frame (equivalent to one B-scan image) 
consisted of 256 lines of RF signal each with 2064 samples 
(samples are the outputs oJa 16 bitA/Dconverteroperatingat 
a frequency of 40 MHz). At each position we acquired 63 RF 
frames. 111e positions were I ium apart from each other. The 
sizeofRO!s used in this stl1dy was l 6x 16 pixel~ on tl1e B-sc:.\D 
ultrc1sou11d which was equivalent to 0.028 c1u2 of the actual 
tissue or a window of si:1.e 24xR8 in the equivalent RP frame. 
A total of four prostates were scanned and data acquired from 
two patients were used in this study. Atler acquisition of 
ultrasound data, a dctaTil'.'d histopathologic analysis w::is per­
fonncd on tissue slicl'S each 5 mm apart. Multifocal prostatic 
t.-arcim1rua was coo.fumed b.istologically in each prostate 
exami1Jed. B1;1sed on tissue histology, Jrn.dignancy o,aps were 
produced for each prostate slice and were used as the slaudard 
for validalioll in this snidy. 

1.2 .2 Features 
[0126) Every ROI was described with seven fe.itures: 
(0127] four statistical moments of the pixel intensities in 
the 8-scan image (mean, standard devia1ion, skewness -:111d 
ku.11osis); 
(0128] box-couuLi.ng fractal di1ucnsion of tbe correspond­
ing window o(' the B-scan image (referred to hereinaller us 
"DBS'.), and the box-counting fractal d.imension of the cor­
responding window in the RF data (referred to hereinafter as 
"ORF"); and 
(01291 the average ofl liguchi fn.1ctal climeusions of the RP 
sample lime series in the ROI (relerred to hereiua ller as 
·:AJ.--I DRFf" (average H igudu dimension of RF time series)). 
(0130] Single-frame-based fractal dimensions: DBS and 
DRF were extracted from a single 13-scan image and the 
corresponding RF frame. For calculating three of DBS. we 
closely followed the box-counting method to compute the 
fractal dimeusio11 of a grayscale image (as described in [ 17] 
and also used in [18]). For computation ofDRF, the RF frame 
was considered as a 2D matrix of gray levels and the same 
methodology as in [ l 7J was applied. 
(01311 Higuchi fnictal dimension (.'\1-IDRFT) f 14): Con­
sider N frames of RF data acquired al a regular rate while the 
probe and the tissue are fixed in position. Each sample of the 
R.F dHta forms a time series X(l ). X(2), ... , X(N). 
f 0132] From tltis time series we first coJtstmct knew time 
s,•ries Xk"' as !ollows: 

[N-m] ) X(°: X(m),Xl//1+1'),Xtm+'.lk), .... x(111+--;,- •k 

where k<N. m=l. 2 ... . , k-l aud bt1th ate integer:,;. 1be lcngtJ1 
of each time series is defined as: 

(01331 The average value of Ltn{k) over k sets (denoted 
with <L(k)>) is the teng,th of tho curve. !f the condition 
<L(k)>ook-.t holds. the curve is fracta 1 with the dimension d. 
ln other wotds. to compute cl, a line is fitted to values of 111 
(Lm(k)) versus ln (Ilk) and the slope of this line is considered 
as the lliguchi fractal climemion of the time series. In our 
implemeulation, k= I 6 imd N=64 (th.: 63 point time ;eries was 
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augmented wi th oue sample equal lo the last sample tc1 
increase lhe computational elficiency).AI-IDRFT is the aver­
;ige of d value computed for all the RF samples in tl1e corre­
sponding RF window of ru1 ROI. 

1.2.3 Class Sep.irability Me.isure of the Features 

(0134) One oftl1e classical measr1res to quantify t11e sepa­
rabi li ty capabili1ies ofiodiv1dua1 feature., iu a two class prob­
lem is 1be so-called Fisher's Discriminanl Ratio (FDR) L 19]: 

J<t - 112 
FDR:-,--, 

Oj -"' 

where ~11 aod o / are 1be mean and 1.he variance of the values 
of the feature in class one respectively. Value of FDR is a 
statisLical measure oftl1e capabiJity oftbe ft..-ature to discrimi­
nate the samples from 1hc two classes. A hig)ler value of FDR 
is an indication of higher separability capability of the fea­
t11re. 

J .2 .4 Classificatiou 

(0135( We performed several classification experiments 
with artificial nemal networks (ANN). We applied multi Jaye.r 
perccptron networks (feed forward) with one or two hidden 
l,:1ycrs and used difforl.'nl combinotions oft'hc seven foatnres 
described in sectiou 1.2.2 as their input. Back propagatioJt 
was used for training, the J1etworks. Trained networks were 
te.,ted on separate unseen RO ls and the resu Its were validated 
based OJl lhc histopathologkanalysis of the tissue. Tn one set 
of experiments, data acquired from one patient was used for 
traiuiug and testing the networks. ln the second set of experi• 
ments, networks were trained on one patient and tested on 
another One. 

1,3 Resu)Ls 

[0136] Statistical analysis of separability capability or fea­
tures: 'fable 1.1 summarize..~ the FDR values for 1he two more 
effective statistical momems, as well as DBS, DRF aod 
AHDRFT. Separability capability of AHDRFT is clearly 
highercomparnd to nil other !carures. ti1 addirion. the value of 
correlation coefficient of ARDRFT with memi is significantly 
lower Qian Lhe correlatii:iu coeiTicients of DOS and ORF with 
mean. This can be an indication of the independence of 
A l !DRFT from the abs0lute pixel intensities in the ROJ 
whicb is a useful propeny for dealing with isoechoic tuJUors. 

Fwure 

mean 
std 
Dl3S 
DRF 
AHDRfT 

TABLE 1.1 

111~ FDR of fo,111res and their oomlntion 
coc:fficient ,, hh feill1Jre .. meru111

• 

l'isher's Correlatio11 
discrimimmt with 

nuio mean 

5 .8 
26.{; l).34fJ1 

33().\1 ll.993~ 
132.8 11.9627 

1186.7 0.4552 

(01371 Single patient clnssification experiments: In the first 
set of experiments. W'-' selected 213 1,on11al ROls and I 85 
cancerous ROI, i11 the data (based ou the histopat.hology 
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results). The cancerous samples were from two different 
lesions (one hypoechoic and oue isoecboic) in mro difforent 
parts of the prostate tissue of a 57 year o ld patient. The ROis 
were selected from 20 different frames nfultr.isound data. In 
each experiment , two thirds of tho.! cla ta samples were ran­
domly selected for trni.o.ing and the rest were u~ed for testing 
the trained network. PIG. 4 is a histogram of the AHDRFT 
values, showing a dramatic separation between the cancerous 
(a) and normal (b) ROls. Table L2 smruuarizes the results. 
Accuracy, sensitivity and specificity values reported in each 
row are the average of 10 experiments perfonued with the 
feature V!..'Clor described in column two on the ANN architec­
ture described iu co]ull1J1 three (which was found to be the 
optimal arcb.itecntre in the corresponding case). Table 1.2 
shows that alter including A.1:-JDRFT in the feature vector, a 
sigui flcant increase in tl1e classification accuracy is wimessed 
(compare rows l and 5). It is ,ilso worth mentioning that 
adding, J\l TDRFT impnwed t he perfonrnrnce of the DBS a nd 
DRF set. While the two dimensional vector fommd by DBS 
and DRF (row 2) does not show m1y sig11ifi(..~dnt impmvemcnt 
over textwe fentt1re results (row 1 ). addiugAHDRPT consid­
erably increases the accuracy (row 4 ). Tbeovernll hest results 
were acquired by using the teatnre vector tha1 coatainoo all 
seven feau1res (around 97% accuracy. row 6 ). 
10138] In an effi,rt lbr further statistical validation of the 
rc~uhs, we performed 200 rounds of training and testing each 
time with a random splir of training a nd testing sets. We used 
the seve11dimensional featl1re vector and au average.accuracy 
of93.8% w·.is recorded. 

IAl3LE 1.2 
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1 .4 Discussion and Conclusions 

[0140] One embodime nt of this iiwention relates to a new 
method oJ detecting cuncci· using time series ultrru;mmd 1u: 
data and a frnctal analysis. lu this ex.'.lmplc, we used the 
average 1-liguchi d imeasio11 of RF time series (AJ-1-DRFT) for 
prostate caucer detection from ultrasound RF signals and 
acquired highly promising tissue classiJlcation result~. 
Malignant prostate tissue is composed of irregularly shaped 
anddistributedcellularnetworks. ln search for a u ult(3SOtmd­
based parameter that can discriminate cancer fr1.1m nomml 
tissue by characterizing the scattering caused by di 11erent 
tissue types. ,~e analyzed backscattered RF time series 
acquJred from prostate gla11ds of patients UJ1dergone prostate­
ctomy. The Higuchi fr..1ctal dimension of l.llese time series 
averaged over an ROI sl1owed a meaningful statistical differ­
ence ln cancer versus normal regions, ln ANN-based classi­
lication experiments on data acqttirt.'Cl from one patient. ,w 
acquired up to 97% accuracy. Furthermore. the neural net­
works trained with our proposed set of foatmes on data 
acquired from one pa1ie111 were almost perlectly capable of 
de1ecti1tg all cases of cancer in the da ta acquired from another 
pc11icnt. The detection ofnorruaJ tissues on the second patient 
resulted in a lower accuracy, Our investigation showed that 
this phenomena is due lo the presence of areas wi th BPJ ! in 
tl1e prostate 1i.s~1.1e which was nQt considered as n separate 
class in our training datn. 

10141 I The experiment-a] results demonstrnte the eftective. 
ness of this embodiment for detecting and diaguosi11g pros-

The pcrform~ncc of diJTcrt·nt groups of fMlun:s. Addition of AHl)R.!"I' 
considerably inemased tJ,~ a.t:curncv. 

Test FeAtun.~ 

mt.-~in. std~ k11"', sl.,..• 
2 mean. stci, iii. ~k. DBS. DRF 
3 DBS. ORF 
4 DBS. ORF. AHORFf 
5 mean.std. lru. sk.AJIDRFT 
6 mean, std. ku. sk. DBS, ORF. AIIDRFT 

*Kurtosis. 
••Skcw11t-ss. 

;1.NN§ 

4-15-15-1 
6-10•\()•J 
'.?<!0-l 
)-10·111-J 
5-lO-lU•l 
7-10-l 

Accur,scy Svosll 1,1ity Sp£•cifidty 

87.4 87.7 84.U 
~8,7 85.2 8~.3 
88A 89 88.7 
94.2 9.U 94.3 
93.9 94.5 93.4 
96.4 9.>.4 97.l 

,iStl\1~111~ of the bl'Sl p~rfo,mingANN. numbt·r af neurons in ntlwru'k faytrs :\.It ~•p.rra1<·d wlU\ "-". 

(0139] Cross validation classilication experiµients: In the 
second set of experiments. the ANN of choice was tmi11ed 
with the claw used in the previous experiment and tested on 
RO ls extracted from the data acqu.irud ou a second patient (50 
ca11cer RO ls e>.1-racted from two different nunors and 54 RO Is 
extracted from 1be non-cancerous arens in tbe pro~tateafa 54 
year o ld patient). An MLP with two hidden Jaye.rs and 10 
neurons in each hidden layer was used with the seven dimen­
sional feature vector. 'TI1e sensitivity of the tests was con­
stantly equal lo or higher tbau 98%. [lowevcr. the specificity 
dropped to almost 70%. lo other words, nit bough all areas of 
c.·ancer were identified. a hig,h rate of false positives was 
witnessed. ' fhis result lll'ged us 10 further iLwestigate the cor­
responding regions oftbe actual prostate tissue, We observed 
that relatively large lesions of13PH were present in the areas 
labeled as nurmal in data acquired from the second patient. 
Although BPH tissue is not cancerous, it shows a dil]erent 
cellular stnicni.re (see FJG, 2(b)). TI1e high rate of false posi­
tive detections is likely due to the lilct thal Del works were not 
trained on such benign RO!s. 

tare caucer, and suggest that it will be effc.'Ctive in detecting 
a11d diagaos.ing otherca1Jcers as well as 11on-ca1.1cerous abnor­
malities in biolcgical tissue. and in detecting defocts innon­
biological mate.rials. 

.Bxample2 

Detection of Prostate Cancer using Fomier Ailldysis 

2.1 lntrnduction 

(0142] In example I we performed n study involving 
exttacred prostate tissue from [Wt) prostarectomy patient~. 
and used fractal dimensioo of RF time series to detect prostate 
callcer. lbe results showed thnt the fract(I] diineusion of RF 
time series is superior to 1exn1re features extracted from ultra­
sound 8 -scan images i11 detection of pro~111te cancer. How­
ever. the specificity of detection was low. To overcome this 
lif1lltation. data J1ru; been collected from ltumau prostate tissue 
samples, and various features have been extracted from RF 
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time series to increase the diagnostic- value of lbe embodi­
meuts described herein. This ex:;unple presents a L1ew set of 
fean1res ex:trncted from the aruplin1de of the discrete Fourier 
transform (OFT) of RF time series. These features represent 
the frequency spcx·1mm of RF time series using a small profile 
that consists of six par::uneters. 'Tl1e result:; show 11mt. whc11 
used together. these six parameters are excellent leamres for 
detectio1} ~)r prostate cancer with a si11Jple neural net work 
classifier. 11Je re~ults include a me:;in accuracy of over 91 %, 
with92'J/o sensitivity and 90% specilkity. and the results have 
been validated using detailed mal.igna11cy maps acquired 
from histopatbologic analysis of seven prostate specimens. 
·n1e results show that acquisition aod analysis of RF tinw 
series ls an c0kicnt approach for detection of prostate cancer. 

2.2 Methods 

2.2.1 Ultrasound and HistopathoJogy Data 

(0143] Ultrasound and histopatholob'Y data were collected 
from patients who choose prostatoctomy as their trealJnent 
choice ;1t Kingston General Hospital (K.iogstoo. Ontario, 
Canada). Excised prostate specimens were suspended in a 
water bath. aod scmrned along cross-sections marked by a 
pathologist. Tbe distance betweeu the cross-sections was 4 
mm. TI1e RF ultrasound data was collected us-iug a Sonix RP 
(Ultrasonix luc .. ½ncl)uver, Canada) ultrasound 1uachine 
which is capable of recording raw RF frames. A tra11srectal 
ultrosound probe m~1del BPSL9-S/55/10 was- -ised with tl1e 
central frequency set ro 6.6 MHz. To form the RF time series, 
a co11tiuuous sequence of 112 frames or RF data were 
acquired, at the rnte of 22 fra1nes per second. from each 
cross-section of the tissue. The prostate specimen was then 
dissected along the scaiU1ed cross-sections. The pathologist 
then exnm i L1ed the tissues under a microscope. and provided 
J:naliguancy maps which were overlayed ou the cross-sectiou 
slides (FlG. 5). These maps were used as the standard Lo 
evaluate 1be performance of detection bosecl on the featlU'es 
extracted .from the acquired RF time series. 

I 01441 The process of registering the hisropalhology maps 
to the ultrasound frames was performed rnam1ally. In some 
cuses, the boundaries oflbe prostate in the ull.rasmmd images 
were blurred (mauy scanned cross-sections were di~carded 
due to uncertainty in the registmtioo process). The results 
reported in this example were obtained based on data lrom 15 
cross-sections of prostate specimens acquired from seven 
patients. Tissue characterizing fealllres were extracted from 
square Regions of Interest (ROI) of size 0.03 cni wl1icb is 
cquivaleL1t 10 8x48 samples in an RP data frame .. 285 RO ls i11 
c.~,mc:erous areas and 285 RO Is in nom1al areas of the scanned 
c-ross-scctions were identified. Tile methods de$crib<!d in th.is 
ex,1mple were applied to tJ1ese 570 ROls. 

2.2.2 Feature Extraction 

f 0145] Each rc:.11,ion or interest in the dataset is represented 
with seven foan1res. All these Jeatures were extracted from the 
RF time series described above. 

(0146] DPT-b;;ised fcatL1Jes: These iocluded six foatures 
extrncted from the ampliu1de of the DPT of RF time series 
averaged over an ROI. Each RF time series is a discrete signal 
ofleugth N (N I 12 frames ill Olis example). We were inter­
ested in variations of this signal: tJ1erefot~'- fcntm·es were 
extracted from tbc zero-meaued time $Cries. 'lbe discrete 
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foourier t.rao.sfonn of tlie Lime series x1 cau be described as 
([23 I), 

~ L 

XlkJ = ~ L -<,lrtle ft."UI~" " 
,1-0 

(3) 

[0147] wbere Xis tile DFT of the zero-meaued RF time 
series x,, and N =l 12. OFT was computed using the last Fou­
rier transfomi (rFT) algoritlm1 [21 J as implemented in M!\T­
LA.BTM (The M:nhworks, Inc .. Natick. Mass .. U.S.A.). 
(01481 Since the RP time series are real and have mean of 
ic::ro. IX[Oll--0 and IX[k]l= IX[N-kJI. where II denotes nmpli­
tude of a complex number [22 ). Ju other words, the frequency 
spectni1u of RF time series 1s completely represented by N/2 
or 56 values. namely IXlk)I where k=l. ...• n/2. We ave1age 
each oflbese 56 values over a11 RF time series corresponding 
to RP samples it1 one ROJ. The averaged spectrum o'ft.he ROI 
(IXIROl) was then normalized as lolfows: 

L\"iio1(kJ1~0/RWfkl l maxti:YROJ/kl) (41 

[0 149] 'Hus normalization process set the maximum of the 
averaged spcctnim to 1 aud enabled comparison of data from 
djfJerent RO!s. Tbe six p~1_posed RF time series l'eatt1res, 
listed below, were extracted from (IXR0 , I) and are designed to 
represenl the frequency specl.mtn through a few parameters. 
The firsr four re:1ture$ (S 1. S2, S3 and S4) are !he integral of 
(IX110,I) i.11 four quarters of tlie frequency range: 

~ ,~ 

s1 = I,1x~,rAJI 
.l=I 

"" 161 

S'l = ~ lk koilkll 
.t.·lv,-S• I 

)MS 

S'J.= L 1-~Rt,11~11 
• NII I 

(71 

;,,(J 

S4 = _L liR01lkJI 
'-=-J\11i;;+ 1 

A regression line was fit to values of the spectrum (versus 
normalized frequency). 1be slope aud intercept of this lioc 
were used as two more features. FIG. 6 illuslrates the averngc 
spectntms over all normal (a) and cancerous (b} RO!s a11d 
clarifies the process of extracting Sl-S4. spectml slope aod 
intercept. 
(0150] Fractal dimension; Example 1 describes our meth­
odology for cxtmcring the average fr-.:1ctaJ climeuskm of RJI 
time series in a regiou of interest of tissue. wl1ich is based 011 

Higuchi 's algorithm. 1 n order lo extract the fractal dimension, 
Higuchi 's algorith m computes mean length of the time series 
at different scales (up 10 a maximum scale km,,.,), plots a 
log-log graph of length versus scale. and measures the slope 
of the linear 11toft lli~ g.r:apb as the r:D. We have shown that for 
tissue characterization based on FD, thcaJgoritlun works best 
with k.,"' =.16. As mentioned earlier, the RO ls considered in 
tl:iis work are of size 8x48"'384 in 'lhc RF data. TI1e FDofeacb 
of the corresponding_ 3~4 time series in each ROl was com­
puted, and these were averaged to acquire one fearme per ROI 
(simply called PD ill t11e rest of this example). 

2.2.3 Classification Perlon11ance of ludi,~dual Features 

[0151] To study the capability o f the proposed features in 
detection of' prostate t·m1ce1-_ the features were muked in<li-
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vidually. C!acb leature was considered as the sole character­
izing parameter aud used with a Bayesian approach to distiu­
gujsh cancerous ROis from normal ones. Tb.e Bayesian 
approach can be SLmunar~ed as follow~. If w,, and w., repre­
s~nt RO ls from non11al an<lcancerousti~sl1es. and frcprescnt~ 
the lec1n1re value ofa giveo ROI (wb.ich we do not know what 
category it belongs to), fJayes mle stales that the classifica1ion 
cao be pcrlbnned based on the lb llowing ioequalitics: 

!'(J'l\•>,.)P(oi,.) ~ P(flw,)P(f,J (9) 

P(w,,) and P(w,,) are a priori probabilities (which can be 
simply calculated as the ratio of the number ofROls in each 
category to U1e towt number of RO!s). P(:flw,,) and P(:flw.,.) 
are the probabjJity distribution functions of foature values in 
normal and ca.ncerous RO ls, respectively. For validation, !lie 
data was randomly partitioned in each category to l O folds, 
probability density functions (PDFs) were evaluated on 90% 
oftbedata RO Is. the remaining 10% were classified bosed on 
Equatio119, and tbepmct>dure repeated for all 10partitionsof 
the darn_ ·me entire leave-! 0%-om process was repeated 200 
times ( each time with a new random partitioning of the RO!s 
to l O folds). and the mean aad standard deviation of the 
m1tcomes was rL'Corded. 

2.2.4 Neural Network Classification 

(0152] Difrerem combinations of the proposed features 
were used witb foedlorw;cird neural networks in ;cin effort to 
maximize 11ccumcy in detection of cancerous lesions. 
Reported results were acqnired on a network with two ludde.n 
layers; five neurons in each hidden layer with log-sigmoid 
transfer fu11ctioJ1S. A supervised JeamiJ1g strategy with I .ev­
enberg-Marquardt backpropagation tr.:ihung was used. For 
validation of the classification results, a Jeave-10%-out train­
ing-testing methodology was followed. In other words, the 
network was lr;1ined using 90% of the d3ta samples, the 
remaining J ()% were classified, and prot.-cdurerepeated fora II 
10 portions of tl1c dat.i . The eut ire leuve-10% -out process was 
repeated 100 times, and the mean and standard deviation or 
accuracy. sensitivity aud specificity were recorded. 

2.3 Results and Discussion 

2.3.1 Classification Results Using Individual Fe:itores 

(0153) Table 2.1 summarizes the r.mking. of individual fea­
tmes based on tl1cir performance in detection of prostate 
C'dllcer ROls as 1,he sole foatUl'e. While the table provides 
sensitivity. specificity and accuracy, the ranking is based on 
accuracy. It is evident that lbe two featmes with higb class"i­
ficHtion performance are spectral slope and lhe fractal climen­
siou. In agreement with the results of Example l. the classi­
fication based on FD resulted in very high sensitivity (94°/r,) 
arld low specificity (61 %). Jo tl1e case of spectral slope, tl1e 
Specilkiry is fairly high (83%) al the expense of sensitivity 
(77%). Among the other DFT-based features, the worst per­
formance occurred wheu SJ aud the spec1rnl imercept were 
used. Botb of these foamres characterize U1c low frc-quency 
components of the RF time series. S4. S3 nud S2 bave higher 
levels of tissue cbaracteri:Ging performance in decreasing 
order. 

2.3.2 Neur,il Network-Based Classification Results 

[0154) Table 2.2 presents the classification results acquired 
using different useful combinations of jbe selected features 
with tbc neural oetwork classjfier described above. The lligb-
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est accuracy ,v,1s 9 1. I% .. acqtLirt.xl when a feature vector co11-
sis1ing of rhe s ix DPT-based features was used. This high 
accuracy was achieved while both sensitivity and spec.ificjty 
were very high (92.3% aud 89.8%). a favor.:ible outcome ofa 
di;cignostic tesi-. 

(0155] It is noted th.atadditionol'1.he FD to t11eDFT-based 
fean1res did not 3dd to tl1e diagnostic valueofthe method (n1w 

2). 1n other words, lbe six OFT-based le·,itures were su:ffkient 
forclassification.Anotherinlerestingresult was1ha1allhough 
SJ-S4 were nol powerfi.il features wheu used individually. the 
combination of all of them re~ulted in an ellicicnt lealt1.rc 

vecwr (tlic classificatiM accuracy \vas 86.7% for a feat11re 
veccorconsisting,ofS 1-S4). On tbe otberhand. while FD and 
spectral slope were the two best perfonuing individ,1al fea­
tures (Table 2 .1). their combinalioll did not provide n very 
high cliagnostic accuracy (72.6%). 

rank 

:? 
5 
4 
J 
6 
7 

TABLE2.l 

R.il.t1ti11g of IJ,e sr,'C.11 fesl«re.• for nceuracy in 
separntion ofno.tmal .,nd c:rnce.rous lissue 

usi.na tl1e BKvesiau approach 

m~s.n rllC-l'ln 

sccura"y seasitivity 
foru.11.J): (sM) (std) 

>l'tcl rn. slcpe g(l,J% !5.4) 77JJ% (1,0/ 
flD 76.9% t5.l) 94.1%(3.01 
S4 63,!)~., (6J) 57,;%(5. I I 
SJ 02.3% 16,1) 60.1% (5 .. 3) 
Sl i\l.6'A> (6.91 57.5% (4.1 \ 

spectnil in1orcept 58.8'!-;, !6.9) 54.2% (5.2) 
SI 57.3%(5.5) 5'.!.6% (S,1\ 

TABLE2,2 

rne;m 
spedficiLy 

(std) 

83.5%(6.9) 
61.9% (8.&J 
68.7% (7.4\ 
6-~.9%(1$.7) 
66.1%(9.0) 
63.2% (4.6) 
6.l.2% (&.5j 

NC'ttrlll network ullll'Silicatiop =~ills \ISiug diffcreut 
combl11•1lons of tl1e &ven fe<1tl.U'eS 

m~a.o tntftO tnMn 

Feature ve<:tor ~1.CCUJ'3.cy sensitivity specificity 
taumberof fe:mues) (std) (std I (std) 

spcct.rul ~lope nn.J iuicrcept. 9Ll%Cl.7) 91.3% (3.5} k9.~% (4.2) 
Sl-S4(6) 
spectml slope Jllld Lllltl\:epl. &9.4% 15.4) 91.1 % (6.7) ~7.2% (~.8) 
Si-S4, FD (7) 
Sl-S4 (4 ) ij6, 7% (3.~) &8.~% (S,3) 8 _,_l)'!,i,(6,(l) 

spectrol slope Jllld lmer~~pt 81.7% (3.9) 80.7% (5.3) 82.7% (8.4) 
(2) 

spcctnil slop,- ,,,d F() 121 72.6",;, (9.9) 79.8% (~.3) 65.'.!% (9.4) 

2.4 Conclusion 

(0156) The above analysis showed that the six selected 
DFT-based features were sel f-su ffic:ient for diagnosis ofpms­
ta le cancer witl1 high sensitivity ,md specifkily. 171e 1malysis 
improves the performance of ultrasound-based met"hods for 
detection of prostate cancer. An advantage of the ,malysis is 
tbat tbe FFTalgorithm reduces the computatfonal complexity 
of calcula1ing DFl~based features. Ongoing work investi­
gates the effects of probe freq11ency, acqt1isition frame rate, 
and length of RF time series on the results of the analysis, and 
1he use of plmse iofornJation .:icquircd from DPT of' RJ7 time 
series for tissue chamc-1eri1ing features. 
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Example3 

Tissue Chamcrerization Usi11g Fract:tl Dimeusion of 
l.l igh Frequency Ultrasmmd RfTime Series 

3 .l Introduction 

(01571 Ultrasouml-based tissue charncterization tecb­
uiques rely on different p;;ittems of scattering ol'ullrasotu1d in 
tissuei. with dissimilar cellular mlcrostruct11res. Alllmugh the 
exact physical mechanisms that govern these pauems are not 
well UJ1derstood [24 ], microstructl.U'e-i11dttced differences in 
ultrasound-tissue interaction are documented both at clinical 
(2-10 MHz) frequencies [25] and at big.her frequencies [24, 
26}. 1n ot11er words. ultrasound rndio frequency (Rf) echoes 
to11tain information ·about tissue characteristics. However, it 
is chaJlenging to disentaugle this information from variations 
in tl1e signal caused by system-dependent effects, such as 
mechanical and electrical properties of the transducer and 
diffraction efiecr.s dt1e to the finite apern1re of the transducer. 
This fLmdamental n:stricti'on ofulu-asound-bascd tissue char­
acteri:mtion techniques limits their sensitivity ru1d specificity 
in diagnosis ofc~ncer lesions [5, 20, 271. 

(01581 The above examp les demonstrate t hat if a specific 
location in tisst\e u ndergoes continuous interactions with 
ultrasound. the time series of the RF echo signals from that 
location carries ''tissue characterizing" info1111ation. In other 
words. although variations in the intensity of one sample of 
RF echo over time are partly due to the electronic noise of the 
ulu.,sound macllim:: or the en-ors caused durill~ t11e bearn­
fonn lng procc.-ss. they depend on tissue characteristics as 
well. Use of high frequency tdtrasound in this new approach 
may provide insight inco this pheno menon . It is a wcll-k110wn 
fact that at very high frequencies tbe sc~1ttering oJultiaSound 
is primarily cal!Sed by cellular uticrostnicture [24] as opposed 
to tissue ruacrt1stmcturc. ·n1erefbre, the dependence ofthe FD 
ol' RF time series on cellular microstruct1ll'e should be more 
evident in bigb frequency data , 

[0159) ln this example, for ille first time. RF echo time 
series acquired using higb frequency ultrasound probes were 
analyzed. The data demonstrate that at these high .frequen­
cies, the dilTere.ntiation of tissues ba.sed on FD of RF time 
series is closely related to differences in tissue uijcn)Slrnc­
tures. ·n1e FD of the RF times series was used to successfully 
distingtdsltseg.inents as small as 20 microns ofnoimal tissues 
ofdissimilarmicrostnictures with accuracies as higJ1 as 98%. 
FurthcrJ11ore, the FD values calculated from l11e RF time 
series of different tissues showed statistically significant dif­
ferences, far, beyond the variations in FD vnlues iu one tissue 
type. These resu lts suggest the presence of micJ'Ostnict11re­
related information in the RF time se1-ies. and provide a novel. 
e:lfective melhod in d iagnosing cancer. due to changes at the 
ce]htlar level of the tissue duri11g the forn.1atiou of malig­
nancy. 

3.2Methods 

IO l 60) Tci srndy l11e t issue characterizing c,1pabili tie~ uf RF 
echo time series acquired a l btgber rrequencics. four different 
tisstie types were used: bovine liver, pig liver, boviuenn1scle, 
and chicken breast. As illustrated in F1G, 7, the cellular struc­
ture of both bovine and pig liver are characterized by hepn­
tocyle cells (the Mo are of sliglnly di11erent shape and den­
si ty). whereas bovine muscle a11d chicken breast both have 
fibrous structures formed by surcomeres. 
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[0161) The high frequency ultr.isou11d Rf time series were 
collected us ing a Vevo 770 h.ig,b resolut ion ul u-asound system 
(VisualSonics Iuc., Toronto, Canada) with two different 
probes of l11e 700-series RMV sca11heads (sec Table 3. 1 for 
specifications). l\acl1 time serif•S of RF data was formed by 
scanning a fixed spot of the tissue in A -mode (single Jines of 
RP), with a depth of about I orn1 ( equivt1leot to 512 samples 
of digital RF signal) 500 times at the rate of about 60 frames 
per second. Initia lly. we used the RMV71 I scanhead to 
acquire two separnte li11es of RF time series from two differ­
ent areas of eacl1 tissue type. TI1e11, the data collection proce­
dure w~1s repeated us ing the RMV706 scanhead using the 
same tissue specimens. 

TABLE3.1 

SpecificaJjons of tht! hi\1.h th.>911cnty ull r.L,onnti scs.nhl·ads. 

Mo,M Broadbu,d frequency Cen1.-r frequency A.,daJ resolution 

RMV7ll Llp1o 8!.5 MHz 
R.\1Y706 l:p Lo 611 MHz 

3.2.1 FeatLu·e Extraction 

55 MHz 30)) 
45 MRz 40µ 

[0162] Tissue types were characterized by the average of 
FDs computed for all the ti.tue series corresponding to RF 
samples in a Region of lntercst (ROf). '171e high rrcque ncy 
data was acqui red iu A-mode. Therefore, ROJs were simply 
segmenh of RP lines (a segm.:ut with l 0 Silinplcs was eql.fiva­
lc:nt to 20 microns). We examined ROI sizes as small as a 
single R.F sample ttp to 20 samples. 
[0163 J FD of time series otiginatit,g from natural processes 
has been extensively studied as a parameter that quantifies 
nonlinear internal dynamics of complex systems [28, 29]. In 
such systems, the mechanisms of internction that give rise to 
the output time series are um well understood. FD bas been 
showo lo have low sensitivity lo noise-induced v.iriations 
[30]. Jn the case of RF time series analys1s. microstruct11ral 
infonnation is received along with noise-related variations, 
Therefore, PD was used to characterize the RF lime series. 
Higuchi 's algorithm I 14 l was used fo.r computation of the FD 
of t ime se1ies wh ich can be summ arized as follows: Each 
sample of the RF data fonns a time series {X(l), X(2) ..... 
X(N)} over sequeotial ultrasound frames, where N =500 for 
tl1e high frequcn::y RF data. From ll1is time series, knew time 
series were constructed of fonn: 

"' ( [N-111] ) X,: Xt111l.,n111+1,), X(1,i+2'.) .... . Xm+ -k- ·k 
(10) 

where k is the sampling time interval (which determines the 
scale. k<N) and m= l , 2, .. .. k-1. nut11 m and k are integers. 
The kngth of each ti me s1?rics, l.m(k). was defined as: 

[0164( '!11e avrrage value of L,,.(k) over k sets. L(k). is the 
length of tlu: time series at scale k. This procedtll'~ was 
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repeated for each k raugiug frorn 1 to k,,,n,· A line was fitted to 
values ofln (L(k)) versus In( J/k) and the slope of this l ine was 
considered ns the FD. The number of samples, N. and the 
nature of the time series determine the optimal value o:f the 
pnramctcr k.,n_,· For this example. the value ufkn,n .. was opti­
mized based ou 1l1e' :werage classification accuracy acquired. 
k.,.,_, values be1wec114 and 56 were examined. Peattu·e extrac­
tion for eacbA-li11e involved computation of PD of 512 time 
series oflenglh 500. The output of this process is refetred to 
as a FD vector. 

3.2.2 Bayesian Classification 

10 165) All classification results reporred herein wen:: 
acquired with n Bayci;ian approach. Jf ro1 aod ul2 reprcseol 
ROTs from two categories oflissuc in oneoftbe classification 
experiments, and x represents the Jeatt1re value of a given ROI 
(which we do not know what category ii belongs lo). Bayes· 
mle states that the classification can be perfonmxi based on 
the following ioegu::ilities: 

( 12) 

10166] P(wJ )and P(w2) ~u·ea priori probnbrn1ies (wh.ich can 
be s imply ct1lculated a;, the ratio of 1he muuber o fRO!s in 
ei1ch category lo the ltllal number ofROls in the two catego­
ries). P(xlw1) and P(xlmJ are Lbe probabil.ity distribution 
flmctions (PDPs) of feature values i11 categories I and 2 
rc~pectively. A Gaus~ian PDF was fil 10 1he d.is11ibmio n of the 
ft:aturc io each category. 
l01 67J A !eave-10%-out validatio11 methodology was lot­
lowed for classification. in which 1he data was randomly 
partitioned in each categ11ry into 10 folds. ·111e PDFs were 
evaluated on 90% ofthedata samples, and the remaining l 0% 
were classi_fied based on the evaluated PDFs. and lbe proce­
dure was repeated for a ll 10 portions oftbe data. Tue whole 
Ie~1ve-l 0%-oul process Was repeated 200 times ( each time 

Tissue IYP"" 
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could not be separated (classification accuracies close to 
50%). The ROJ size used for classification was 20 micro.ns 
(10 sample:;) and k.,,,,=16. 

Tissu~t-ypc, 

Bovine Liver 
Pig liver 
cuicken brca,~ 
Bo\'ino muscle 

TABLE 3.2 

~·omparisou of two FU vceturs from 
t\111.-, Rf liues ot'oJU .. • tissue typ1.·. 

,\.NO\i\ 
µ•value 

RMV711 

tl.47 
0.0(>7 
O.Oi>UI 
1).6~ 

ac:curacy ll1 
s<op!\fl\J '"!t ROls 

rmm the lv.o 
lines resuhs on 

RMY7t 1 - 11>1•m ($TD) 

52% (3.7) 
47%(.l.',1) 
59%(3.1) 
53% (4,3) 

[0169] FD vectors from different tissue types (k,,,,,_, 16): 
We pctfonued the ANOVA tests on FD vectors of cl.i!Tercnt 
!'issue types (f«.irall six possible pairs of tissue). Columi1 2 of 
Table 3.3 provides the p-valt1es which were all virtl1ally zero 
and showed 1ha1 tbe vectors were suitistica.Jly dilforent in aJJ 
six pairs. 
[ 0170] Two separnte FD vectors from each tissue type, 
computed from tJ1e dat,1 acquired on t.hc RMV7 I l scanhcad, 
were available. The two vectors of each 1issue 1ype were 
combined to acquire a -single vector of length l 000 nod the 
Bayesiau appronch described above was used to perfom1 
pairwise classificatio11s. The results for these cl11ssificalion 
trials which were in siogle 1u-1 sample resolmion are reported 
in column3 of111hle3.3.11 is interesting lo notelhateven with 
this resolution, classification was succcs$fol when the two 
tissue types were from different microstnicrural categories 
(rows 1-4): l10wever. when pig liver was compared with 
bovine l.iver (row 5) or the two fibrous tissue types were 
compared (row 6), the dassificatioo at this extremely high 
resoltllioo produced lower accuracy. 

TABLE 3.3 

Comparison and classificntion of dat.a from different tissue cypes 

p-value mean(STD) rneuu (STD) mean(STD) 
FD vectOI'S" I 08lllple 10 srunples 10 srunpl"" 
R.vt\711 RMV711 RM\'711 RMV706 

Bovine li,·cr• chicken hre~1,st 0 ~l.l% (2.5) 9:'.J%1;,81 96.9% {3.5) 
Bovine tivC"r • bovine mu.scle () 84,l% (2.J) 95.5% (4.0) 9~.1% (5.3) 
Cl1lcken breast - pi& liwr I > 84.6% (2.31 96.0%(4.l) 923%(.>.3) 
Pig liver· bovine rnu,ck I) 89.2% 12.l I 98.J% (3,1) 9(J,l)o/o(6.4t 
Bovine liver• pig liver L' 73. 7% (3.0) 83.7% (7. l l 65.l% (7.91 
Cl1iclen b.ceasl - bovine muse!• 5.7 X )0--U 64.1% (3.1 I 72.:!%(8.9J 63.1% (8.JJ 
AVem!lt {)\'er fill six tiss110 pains 79.5% 89.6% 83.2% 

wilh a random partilion.iug, of the ROls to 10 folds). The mean 
accuracies and standard deviations were recorded over tl1ese 
200 trials. 

3.3 Results and Discussion 

I O'l68] FD vect0rs from tbe same tissue types: The first step 
in the analysis was lo perfonn one-way analysis of variance 
(ANOVA) tests 011 pairs of FD vectors from the s,u.ue tissue 
types. As Table 3.2 illustrales, when two FD va.1ors from the 
srunc tissue type were compnn>d. the- p-values in ANOVA 
tests were rclativc.ly large and the Stunplcs from two lines 

[ 0171 l Furthermore, the performance of our approach was 
examined ar a lower resolution. Te11 samples of each FD 
vector were examined to acquire vectors ofkngth 50 ( 100 
after combining the two Jines from tbe RMV711 scanhe.ad). 
Each element of1bese veclors represented au ROI of size 20 
m icrons. The results of pairwise classification e.xperiments al 

lhis level of resolution are presented iu column 4, Table 3.3. 
For tissues in different micmstnich1ral categoric;;. the mean 
accuracy was about 95% (rows 1-4): however. !he accuracy 
dropped to about 80% for similar microstructu.res. The over­
all classific::ition performance was 89.6%. 
[0172] For validation purposes, the classific11tion process 
(at 20 micron resolution) was repeated on a similar datase1 
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that was acquired on the RM\1706 scanhead (which operates 
at a lower frequeocy aud axial resolution). TI1e results are 
reported in column 5, Table 3.3. lJ1 general, the overall out­
come decreased in comparison with the RMV7 I 1 scanhead 
data (average overall: 83.2%). I lowevcr, the S,-1.me pattern of 
performance (excellent on different microstructures. moder­
ate on similar micros1rnct11res) was observed The overall 
decrease in the class1fication results can he explained by tbe 
lower axial resolution of the RMV706 scanhead. 

(0173] Optimal km," value: Different possible values for 
K,an ... (or maximum scaling leveloflhe signal) wcreexami11cd 
using l liguchi ·s algorithm. In f.lG. 8(a ), the average accuracy 
oftiss11c classification over six pairs oftisst1e types is plotted 
against the values ofk.,"" between 4 aod 56. Values between 
10 and 32 restiltcd io very similar outcomes. The IIigucl1i 
algolithm becomes increasiugly computationally expeJ1sive 
for large values ofk,.,,u· We chose k,,.,m= l6 as a reasonably 
small munber that also resulted in maximum accuracy. TI1is is 
iii agreement with the above .findings regarding the opt imal 
Kma., value on RF time series acquired from human prostate 
specimens. 
(0174] Optimal ROI size: 1n general, it is reasonable to 
expect that fheclassif1cation orROJs of sizes suudler llwn tbe 
resolution t)f lbe ullrasouud will be more cballeogi11g. As 
FIG. 8(a) illustrates, this istrue:for R01 sizes up to 20 microns 
(JO sample~). However, we were limited by the siY..e of the 
dataset. as iL1creasing the ROI to over l O samples 01ea11t that 
the Gausshrn PDFs were estimated on less tbau 100 data 
poiuts and tested t1n Jess than l 0 points and therefore. the 
outputs were oor reliable. 
(0175] Comparison with results al 6.6 MHz: As previously 
noted, even at frequencies nonnally utilized on clinical 
machines (2-10 M l lz). the RF tim!!seric.~ cont,,in tissuechar­
ac1cri1Jng information. Uowever, the maximum resolution is 
much lowe.r. For compat-ison, we used a Sooix RP (UHrasonix 
Jue .. Vancouver. Omada) ultrasound machi.ue to collect Rfi 
time series at 6 .6 Ml {z froiu tl1e same ~pec-imens that we had 
scanned r1l high frequencies. The temporal le11g.tb of time 
ser1es (number of frames taken from each cross-section) was 
255 and U1c data was collected with a BPSL9-5/55/!0 probe 
::ll the ra te of 22 frames pt:r st-cond. ROls of size 8x44 RF 
samples (equivalent to 0.03 cm2

) of the tissue were used in 
classificat ion: 150 RO ls from er,cu tissue type were available. 
Resul ts reported in Table ?,.4 show ao overall accuracy of 
around 76.5%. 

TABLE3.4 

Re,ul1>1 usins d.11a acqui,ed ti,, 
pn>be c.enl<'r frNllltot-v of 6.6 MH1t 

Tisso~ typts 

Bovine liver• clt.ickeu breast 
Uovfoe t iv~r . bovlnl;". musdt 
Ch1okcn breast - p1g liver 
Pig llwr - bovine tmisd<· 
BovjoL"" liv~l' • pig liver 
Chtt.keJ1 breast - bovil,e rnuocle 
Aveni.go owr •II six tiss1,~ po.in; 

3.4 Conclusions 

;;Jn.ssitfonliou 
dCClll\tcy (STD! 

82.9%(6.4) 
Sll.7% (6.S) 
71.4% (6.7) 
74.8% (7.5) 
69.3% (5.3) 
79.6% (5.9) 

76.5% 

(OJ 76J ·1bese fiudings demonstmLe that tissue micros1ruc­
tttrc results in variations oftheu ltmsound RF time series. This 
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concept can be used in ullrasouud-based detection of fine 
differences and abnorn1ali ties in tissues. in diagnosing patho­
logic cooditions sucl.t as caocer, and io detectiug flaws, imper­
fectious. aucl/or damage in 0U1er materials. 
[0177J O1her embodiments of the invention will be appar­
ent 10 those skilled in the art. Such embodiment~ are within 
tbe scope oftbc invention and are covered by the appeoded 
claims. 
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1. A method for analyzing an tlltrd~Otllld signal reOcclcd 
from aud/or backsc,rttercd from a malorial. comprising: 

obtaining a time series of sequential data fi-,nnes associat·ed 
with the ulL.rasound signal frt)m a fixed location ~)f the 
material. each data frame comp1isiug a plurality of 
samples of the ultrasound signal, and 

subjecting to an analysis: 
(i) a sequence of one or more sampks of the ultrasow1d 

signal. or 

13 
Mar. 11,2010 

(ii) a seque11ceofat least one parameter derived from one 
or more samples of the u llrasound signal: 

wherein a result of the analysis is indic..-ai-ive of one or ruore 
physical propenies of the material. 

2 . Tht u1cthodofclaim I , whc:rein the data is derived fNill 
a radio :frequency (RF) uJtrasonnd signal 

3 . The method of claim 1. wherein the data is derived from 
a processed ullrasound signal. 

4. The method of claim 1, wherein the data is derived from 
an ulcr.Jsotrnd signal selected from an A-mode. B-mode, 
M-modc, Doppler. or 3-D uhrasound signal. 

5. ·111e melhnd of claim 1, wherein the analysis is at least 
one selected from: 

(i) an analysis with respect l'o Lime, frequency, amplitude, 
or a combination thereof, 

(ii) a sta1istical analysis, 
(iii) a stochasti_c analysis, 
(iv) a fractal analysis: 
(v) a wavelet analysis; 
(vi) a spcc1.ral analysis; 
(vii) array processing: oud 
(viii) a comb11_1ation of two or more oftbe above. 
6. The method of claim 5. where.in the 1UrnJysis i s fractal 

analysis. 
7. ·111e method of claim I , wherein the rcsull of1he analysis 

is indicative of the physical prnperty of the material being 
normal or abnonnal. 

8 . Tue method of claim I. wherein1heresull ofthe analysis 
is a probability map or a probabilhy score. 

9 . The methodofclaim 7, wherein 1be rcsull of1be analysis 
is indicative of severity of the ab11ornrnlity in Lhe material. 

10. The melhodofclaim 7. wherein the result oftbeanaly­
sjs describes the presence of1he abnormality in the material. 

11. The method of claim 1, wherein the material is biologi­
cal tissue. 

12. The method or clajm 11, whereiu the biological tissue 
is human biological tissue. 

13. 'T11e method of claim JO. wllerein the ma1erial is bio-
1ogic~d tissue and the abnormality in the biological iissue is 
cancer. 

14. 111e method of claim 13, where.in Ilic cancer is associ­
ated with at least one of female genital tract (ovary, fallopian 
1ubc. utcrns. cervix and vagioa). male genital trac1 (prostmc 
and testis), uriJwry tract (kidney, ureter and prostate glaud), 
mediastimun and heart. gastrointestinal tract (small and large 
intestines. liver, pancreas. gallbladder and biliary system), 
breast. skin. nervous system. endocrine orgaus (thyroid 
gl,md. adrenal gland). head and ueck region, lymph node~. 
soft tissue, respiratory sys1cm (including lw1g), and combi­
natio ru; thereof. 

15. The method of claim 14, wherein 1be cancer is prostate 
cancer. 

16. ·n1e method of claim 10. wherein the material is bio­
logical tissue and the abnormal i1y in the biological tissue is 
selected from benig.n ttunour. infoction, abscess. necrosis. 
infarc t, and combinations thereof 

17. The n1e1hod of clailll 2, whereii1 1he analysis comprises 
s11bjecting lbe RF time series data to a discrete Fourier trans.­
form. 

18. The method of claim 17. wherein the al least one 
parameter is selec1ed from: 

(i) average of mag.ninides of coefficients of th.e discrete 
Fourier tmui;fonu of the RF time series in a low fre­
quency po1tion of tl1c transformation; 
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(ii) average ol' magnitudes of coeUicients of !he discrete 
r,'otuier transfoi1u of the RP time series iu a mid-low 
frequency portion of the transformation: 

(iii ) average of magnitudes or c(1ciTicicnts of the discrete 
Fourier tn:msfom1 of Lbc RF time series in a mid-high 
freq1.1e11cy portjou of the traosformatiou: 

(iv) average of magnitudes of coefficients of Uie discrete 
Fourier trausform of tbe RF time series io a high fre­
quency portiouoflbe Lransformation; 

(v) i11tercept ofa line fined to magnitudes ofcoellicients of 
the discrete Fourier transfom1 of the RF time series 
ploued versus normaJized frequency; and 

(vi) slope ofa line fitted tomag1urudes of coei-Iicien1softhe 
discrete Fourier traustorm oft be RF time series planed 
versus nomialize<l frequency_ 

19. A method for detecting. diagnosing. and/or assessing 
cancer. comprising: 

obtaining a time series of sequential data frames associated 
with an ultrnsound signal rdkcted from and/or back­
scattered from a fixed 'location of a biological 1issue, 
eacil data fr.:uue comprising a pltmlli Ly of samples of the 
ultrasouad sigaal, aad 

subjecting to au amilysis: 
(i) a sequence of oue or more samples of the ultrasound 

signol. or 
(ii) a sequenceo rat least one par..uueter derived frmn one 

o r more samples of1l1c ultrasound signal: 
wilereiu a result oflhe analysis is re lated to 1he detection, 

diagnosis; and/or assessment of cancer in the biolog-ical 
tissue. 

20. Tile method of claim 19, whereu.1 the data is derived 
from a RF ultrnsound signal. 

21. "l11e method of claim 19. wberdn 1hc data is dc>nved 
from a processed ultrasound signal. 

22. The method of claim 19. wl1erein the analysis is at least 
one selected from: 

(i) an a11alysis w ith respect to time. frequency. amplitude, 
or a combination thereof, 

(ii) a statist ical analysis. 
(iii) a stochastic a na lysis, 
(iv) a fractal analysis; 
(v) a wavelet analysis: 
(vi) a spectral analysis; 
(vii) array processing: and 
(viii) ,1 combination of two or more of the above. 
23. The method of claim 22. wherein the analysis is fracLal 

analysis. 
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24, TI1e method of claim 22. wherein the cancer is associ­
ated with at least one of female genital tract (ovary, fallopian 
rube. ULerus. ceNix aud vagina), male gen.ital tract (prostate 
aud testi~), nriHIII)' tract (kiduey. ttrctcr and prostate gla nd), 
mediastinmu and heart. gastrointestinal 1r-,1ct (small an<l lnrge 
intestines, liver, pancreas. gallbladder ,ind biliary system), 
breast. skin. nervous system. endocrine organs (thyroid 
gland. adrooal gland). head and neck regioa, lymph uodcs. 
soft tissue. respiratory system (indudl.Llg lung). and combi­
nations thereof_ 

25. ·111e method of claim 22, wherein the cancer is prostate 
cancer. 

26. Pmgr.1n1.111cd nK'<lia for use with a eompull'r and with 
au ultrasound sig,oal. tbe programmed medfa comprisu.1g: 

a computer program stored on storage media compatible 
with t"he computer. the computer program containing 
instruct'ions to direct the computer to perform 011e or 
ruore of: 

obrain a time series of sequential data fr::unes associ::ned 
with the ultrasound signal from a fixed locmiou oftbe 
material, each data frame comprisi11g a plurality or 
samples of the ultrasound signal; 

subject to an analysis: 
(i) a sequence of one or 111ore samples oftbe ultrnsom1d 

signal, or 
(ii) a sequence ofat leastoue parameter derived from one 

or more samples o rthe ultrasmmd sigual; 
determine one or more properties of the materia l based on 

s resu lt ol'llw OJUtlysis. a11d 
ou1put iin iud.Jcatiou of\he one or more properties. 
27 . .The progrnmmedmediaoJ'claim 26, wherein the com­

puter program further directs the computer to: 
,1ccept data relating, to known properties of the same mate­

rial. or complemeuiary data from subsequent analysis 
conducted Llll tl1e same material: and 

update tile result of the analysis b<1sed on a comparison to 
the data relating to known properties oft11e same mate­
ria l and/or the complementary <lat~. 

28. A ~ystem for dcternuuing one o r more pmperties of a 
material. comprising : 

a computer: 
the programmed media of claim 26 or 27: and 
au ultrasound device for generating au ultrasound signal 

from the material. 

* * * * * 




