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## 4570729021 : MAJOR ELECTRICAL ENGINEERING

KEY WORD : ANISOTROPIC / SAVITZKY-GOLAY FILTERS / SPECKLE NOISE /

ULTRASOUND IMAGES
POLLAKRIT TOONKUM : EVALUATION OF ANISOTROPIC SAVITZKY-GOLAY
FILTERS FOR SPECKLE NOISE REDUCTION ON MEDICAL ULTRASOUND
IMAGES. THESIS ADVISOR : ASSIST. PROF. CHEDSADA CHINRUNGRUENG,
Ph.D. 94 pp. ISBN 974-17-6568-1.

Ultrasound imaging technique has been widely used for medical diagnosis.
However, the presence of random speckle noise makes human interpretation and
computer-aided ultrasound image diagnosis a highly difficult task. It is thus necessary
that we remove the speckle noise from the images before they are further processed.

This thesis describes a new filter developed for speckle noise reduction of log-
compressed ultrasound images. The new filter, refered to as the Anisotropic Savitzky-
Golay filter, is a two dimensional Savitzky-Golay filter enhanced with a mechanism for
adjusting both the degree and direction of the smoothing to match the anisotropic
properties of each local regions in the image. The performance evaluation of the
proposed filter is compared with that of the Adaptive Speckle Reduction filter, the
Adaptive Weighted Median filter and the two dimensional Savitzky-Golay filter on test
images and medical ultrasound images. The experiment results indicate that the
developed filter is more effective both in reducing speckle noise and in preserving edge
than the others. Such new technique thus has a-large potential in real-time assisting

automated segmentation.

Department ___Electrical Engineering Student’s signature

Field of study ___Electrical Engineering._. Advisor's signature

Academic year 2004
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HuisngnieniguEainaInnIssuNa R NIz NI NAGUEAR T 1T UAN AL BUNALAINFY

y g i ) X4, v .

azfiauldn 7 (Scatterers) Minszdnnszanaatiallluiuaite dynimsuniudanaiaiingg
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WANUALULILSER (Rayleigh distribution) LUANANNANYAFIUNITNATINLLLINALTBTIBIARY
Nazfaunauanigasfiauiudnnsuanuassau (Joint. distribution) 199A1439 X, UAYAN
AUANIN X, LﬂuLLuuLmdmwﬁﬂmﬂ@wqwﬁwaﬁrfmzm (Central_ limit theorem) A4

ANNIT

1 X+ X}
Px, x, (X)‘9Xi): 2 exp(— ?J (2.1)
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Tnaanuudstlsuaesdyyinsuniusdd o duauegiuA1RALANAINANRLE

LAZNANIENLIBNA T YIUTLINIUILILIgHAR A AN AN B In AT uLLL AL [6,7] BN
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f=I-N (2.4)

I dluAipnudnaaanin N Lﬂuﬁcymgﬁm?umuﬁﬁmm@ﬂLLNLLUULN’E uay £ fu
ﬂml,%’m'amf]w?ﬂﬁuﬁqmi@m IAAINNINUALNAIA YN TUNATIUAZIAAINA UL
faviausamuaziBanad (Number of Scatterers per Resolution) visah3eniiudn
Scatterers Number Density (SND) %981 SND ﬁfﬁ”ﬂiﬁﬁﬁhﬂgﬁlmﬁw SND>10 azizendn Fully
Formed Speckle (FFS) usitil SND  #Anagi lugiag SND<10 az3en41 Nonrandomly
distributed with long-range order (NRLR) [4]
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p3vaduldazgniudauuLaenisny (Logarithmic compression) e lFanunsnuansnania

aanwldwaa [8]
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ulstsauuazAnedsieuan AN NLANANgsEHI NI ATealATIAS SN FFS (Fully
Formed Speckle) iaz NRLR (Non-Randomly distributed with Long-Range order) %mﬂu

wNAERATY I N aTiaunaUN [2] Inadgluuuannisrassansasnil

[=T+k(1-1) (2.5)
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fJB;l'L 8NTRINATNTBAIN Adaptive mean-based filter [2,6]
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wennulunsasnsasaanaudnyimuaiuiuuliusa ldunldluntsaua i eridunaein-

PINAYANNIG

w(i, j)= LW(K +1,K +1)—cdo? /mJ (2.8)
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yi’j:median{Xl,Xl,Xz,Xz,XZ,XS,X3} (2.9)
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2.4 1999N9AIENIRN-INLASADIN A

a

asngastRan-Iniadaasilf lagnivmuasiiun 4 lunsannaudyousunaulu

&

NINAARINTIVUA [5]  LTHAINWNAITUININTWIA M X N ﬁﬂLéﬁ@%ummimugﬂmmmmﬂ
299N gNTaYAaaNR f(u,v), WD u e[l,...,M]uaz vell,..., N].Amualduinssnes

gadayananaulaiaun (2L +1)x (2L +1) Inadiuvideguanansedi (i, /) deasnis

D, ={fi+myj4n):—-L<m<L-L<n<L)} (2.10)

L,J

W p, , dludsifunyuuasdis

S

P, (m.n)= Zzai,j(s,t)msn’ (2.11)
s=0 =0

T m uaz 7 dlwaadnunwandendaldluanniem 2.10), S uwaz T iluduiugegn
109 m WAY n AINAIAU 32U U89999IN I TN I AN- INa ARl AT AU AN
& dl i ] [ . 4 a) & o o o Y

WAFNANAUUUEG (4 /)  Aeen1s e Adun s pi; - wuuNasaeduesgn (Least

v Y ' =) 2 | A 6 o

square) lUfadaya £ udaziinaaluniisng D, uaziaaniaisdnnaessasnsasainiaridu
WUINNAUMU p, (0,0) TedAWinALAdNLsTaAnT g, (0,0)

Tanilscasd lunnsiangudeyasiaudnnisniasaestangnlunasnsasanian-

aa a

Tniadiaaelm axisnieInaas)
2
> w (mm){ f+m, j+n) = p,(m,n)} (2.12)
m,neDw.

Toer w,, Referidunaaihwinudaziumisluntieing D, Tumsiaasdilaidunyuny
Wenquiayadaavannisindsaesiaaga WitlszAnsn ey i ldaenandnnisi i

v = aca a A Ca dl ana o 1 o a Qr
Wuad lussille1aee999aIn90sEN3an- Intaduiladla [9] TnensAtuaumAdNl svAns by

a 1 ¥ v %’/ 2 :J/ KR o b4 1 [
nsiingpresngudayaliiesniahon aniuasdnglasnisTiaunsamaenswalaly
& =2 . . . o agll ¥ o a
ANBUTNAINTLEY (Linear combination) anuannisitliinlszensldlunsasnsestina-

A-TniasTaasn ATy [5]
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dunauluniawidl p, (0,0) Teglugtuasnamuifaduiii 1azEuainiivun
a,, ‘uoanmeiidsenevlddiednlsza@ns q (s,0) yndvesleddunyun p A

fanlTluannisi (2.11) aandwsnazinnisdaieaeddulssans q, (s,7) Weelugues

o A

nnnaslaanN1s@3esaAUAUALANAGTR 7 Tae r e[L,....(S + 1)(T +1)] audaridusad

s(ry=|(r=DAT +1)]

t(r) = (r = )ymod(T +1)
Tne [o] iufariu floor war mod(e) luileridu modulus Aatiusnanusaiden g, ; 16
Tugd

G, = (a(s().t(r) i =L (ST +1)) (2.13)

m(g)=|(g—D@l~1)~1+1]
n(qg) =(¢g—Dmod(2/ -1)—-1+1

dudsidudativesdogn G +m, j+n) Tuvtheine D, Gsaunsndaulierlugilaes
NAasNaT

. . T
foy = (fG+m(q).j+n(g):q=1,....Q2I-1)) (2.14)
anfientes a,, war f, ludisiusaiunsnaiansind A 1daan
AN ()

Tudupauilisaniznaiisieidungunniasaastieaganlatauliluannisy (2.12) 1u
Tnsdllugdl

- T —
&, =(Ad =1,) W(Ad;=7,) (2.16)
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anndsAnlAe

i, =(A'WA) " (A'WF,)) (2.17)
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= o 1
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(21-1)?

p.,0,00= > a f(i+m(q),j+n(q)) (2.18)

q=1
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+lam - an agg 5’(7;25” [An}o(AmiA#)

onom P on’ P




14

ot O(Am®, An?) fluwasiimdedeiinnadnlng Am’ vise An® Tad iy Am vise An
£ o s 1 jab 1 dl U a o 1 a G

et 7 1w1e1asanatiariicllingAtszaanlFliianaianniin dowussndaes
aynustaaduiuaasaziflusonnuamnulAmasdasaisnmdadumeniganla A

iasangl et lugiaes Hessian Matrix Asaxnng

(3.2)

oy [ ) £ g)
H(l’]){fw(i,j) fw(i,j)}
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Real-Time Speckle Reduction and Coherence
Enhancement of Ultrasound Images Based on
Anisotropic Savitzky-Golay Filters*

Chedsada Chinrungrueng and Pollakrit Toonkum
Department of Electrical Engineering
Chulalongkorn University
Bangkok, Thailand
chedsada.c@chula.ac.th and pollakrit.t@student.netserv.chula.ac.th

Abstract — This paper describes a new filtering algorithmthese filters possess limited ability in coherent enhancement
developed for real-time speckle reduction and coherena@nce they concern only the degree of smoothing, ignoring
enhancement of ultrasound images. The new filter, rée adapt their smoothing direction to conform to that of the
ferred to as thé\nisotropic Savitzky-Golafilter, is the two-  image anisotropywhich arises from coherent or specular
dimensional weighted Savitzky-Golay filter enhanced with structures at each local region.

mechanism for adjusting both the degree and direction of the In this paper, we describe a new filtering algorithm de-
smoothing to match the anisotropic properties of each localeloped forreal-time speckle reduction and coherence en-
regions in the image. The results comparing the new fihancement of ultrasound images. The new filter, referred to
ter with Adaptive Speckle Reduction and Adaptive Weighted theanisotropic Savitzky-GolagASG) filter, is the two-
Median filters on a synthetic test pattern and an ultrasoundimensional (2-D) weighted Savitzky-Golay (WSG) filter
thyroid image are also reported. [2] enhanced with a mechanism for determining the filter

weighting so that both thdegreeanddirection of smooth-

Keywords: Speckle reduction, coherence enhancemenfyy march the anisotropic properties of each local regions in
anisotropic Savitzky-Golay filter, Adaptive Speckle Reducg,o image.

tion, Adaptive Weighted Median filter, ultrasound images.

1 Introduction 2 2-D Weighted Savitzky-Golay Fil-

Ultrasound imaging technique has been widely used for ters_ )
medical diagnosis, as well as nondestructive evaluation of L€t @n image of/ x V' pixels be represented by a 2-D
livestock and manufactured parts. However, the presen€gt@ arrayf(u,v), whereu € [1, ..., Ul andv € [1, ...,
of random speckle noise makes human interpretation arid- Define &2L + 1)x (2L + 1) window centered ati, j)
computer-aided ultrasound.image diagnosis-a highly diff@S-
cult task. It is thus necessary that we remove speckle noise A . ) )
from the images before they are further processed. Dij={ fi4mj+n): ~L<m<L,

Filters developed for real-time speckle reduction in‘ultra- —L<n<L}. 1)
sound images include Adaptive Speckle Reduction (ASR_)

tp:.; be a 2-D polynomial of the form:
and Adaptive Weighted Median (AWM) filtering. ASR fil-— Fu0 0% & 7 POnomIal orine form

tering [1] depends on the signal-to-noise ratio (SNR) to de- s T
fine a varying degree of smoothing according to the devi- pig(m,n) =" a;;(s,t)mn, 2)
ation of the speckle pattern from the fully formed speckle s=0t=0

I(F',:A?/\)/,wahliCh' Is kg own tr? follow a R'cll)_/leighldist(;ibbutiohn. wherem andn are integers defined according to (1), ahd
" lltering [3], each output pixel is replaced by t € andT are the highest order of andn, respectively. The 2-

weighted median of a local neighborhood whose width i3y weighted Savitzky-Golay (WSG) filtering algorithm com-

determined based on the SNR around that pixel. Howeved'utes the output at positiofi, j) by least squares fitting
*0-7803-8566-7/04/$20.00) 2004 IEEE. polynomialp; ; to the pixel intensityf contained in window
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D, ;; and then setting the output of the filter tofe (0,0),  where

namelya; ; (0, 0). by = {(ATWA) 1 (ATWe,)}, . (10)
The objective function of the least squares fitting em-
ployed in the 2-D WSG filtering is defined as: Notation €, denotes a unit vector of which thgh ele-

ment is equal to one, anfl }; denotes the first element
> wii(mn){f(i+m,j+n)—pij(m,n)}?, (3) of vector. Eq. (9) indicates that there exists a particular
m,n€D; set of coefficients, which allows us to automatically ac-
wherew; ; is a weighting function defined over the window €OMPlish the process of polynomial least-squares fitting by
D, ;. In order to perform polynomial least squares fittings'mply calculatllng the linear combination oflmag(_a intensity
efficiently, we choose to extend the principle developed i (¢ + 77 j +n) inwindowD; ;. The fact that coefficiert,
the 1-D Savitzky-Golay filtering algorithm [4]. Such princi- déPends only on design matik and that such matriA. is

ple allows us to reduce the 2-D polynomial fitting to simplyknoWn in advance permit us to compute coefficignprior
calculating the linear combination of image ddita D; ;. to the filtering operation. Moreover, since design matix

To derivep; ;(0,0), we start by definingi; ; as a vector is constant for all positioiti, j), we need only to compute
containing a||"coeﬁicienta7, (1) of polyndmialpij de- thecoefficient, once for the entire filtering operation, mak-
fined in (2). To arrange all coefficients (s, £) into such ~ Ind the process highly computation efficient.
vector, we re-order them serially based on index[1, . . .,

(S +1)(T +1)]. Introducing index functions: 3 Anisotropic Savitzky-Golay Filters
s(r) = |[(r=1)/(T+1)] The Anisotropic Savitzky-GolafASG) filter is the (2-D)
tr) = (r—1)mod (T41), WSG filter enhanced with a mechanism for determining the

_ least squares weighting so that both degreeanddirection
where| | denotes the floor function andod the modulo - of smoothing match the anisotropic properties of each local
function, we can writei; ; in the form: regions in the image. The ASG filtering algorithm can be

= (a(s(r),t(r) v =1,... (S+1)(T+1))". (@4 viewed as a two-stage process gutllned bglow.
The first stage computes the image anisotropy due to the

Similarly, by introducing index functions: local coherence. As the coherence is reflected in the local
mlq) = |(¢g—1)/2L—1)] =L +1 contour and its associated curvature principal direction, we
ropose to measure such anisotropy at positiof) by the
n(g) = (g—1)mod (2L —1) — L +1 prop by at positio) by

local curvatures (eigenvalues) of the Hessian matrix:

we can putf (i + m, j + n) contained inD; ; into vector . o
fOfm as fuu(za]) fuv (27]) (11)

— uv 7’7 ¥ VU Z7
fig = (Fa+m(q),j+n(g): ¢ =1,...,2L—1)*)". o i
= (5)  To compute derivativeg,,.,, f.., and f,., we apply the
Based on the above definitionsa)f; andf; ;, we define the principle of the least squares polynomial surface fits sim-
design matrixA as ilar to that employed in the 2-D WSG filtering (described
Ag = m(q)*™ n(q)t®). (6) in se.ct.ion 2). The diffgrence is that,_ ins_tead of computing
coefficienta; ;(0,0) as in the WSG filtering, we compute
Correspondingly, we can rewritten the least squares objega, ;(2,0),a; ;(1,1), and2a; ;(0,2); and then use these de-
tive function defined in (3) as rived coefficients as the estimatesfof, (¢, §), fou(i,75), and
A= 2 \T R > Sfouli, 7), respectively. For all of these derivatives computa-
€ij = (Ad;; — fi;)" W (Ad;; — fi;), () tion(, wg set all the weighting functiom; ; to be the neutral
whereW is a diagonal matrix with itgth diagonal element value of one.
defined asw; j(m(q),n(g)). Solving the normal equation = The second stage performs the WSG filtering. In order for
with respect to the above objective function, we have both the degree and direction of the WSG filter to conform
L AT 1 AT P to the image anisotropy, we choose to define the weighting
Gij = (ATWA)(ATWSi;). ®) functionw; ; in the least squares objective function (3) by
Asp; ;(0,0) is equal taz, ; (0, 0), the first element of vec- the curvatures and their associated principal directions de-
tord;, ;, it can be symbolically expressed according to Eq.(8jived from the first stage.

as: Let \; be the maximum curvature and be the minimum
(2L—1)? curvature. Based on the absolute differepjeg|—|A2| |, we
piy(0,0) = 3 b, f(i+mlq),j+nlq), (9) classify each local region within the image into one of the

=1 following three categories:
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1. Isotropic regions, which correspond to image areas where parameters; ando. are constants and satisfy
with | |[A1] — [A2]| < €, wheree is a positive value condition0 < o1 < o2 < 1, so that the filtering can
close to zero. Visually, such regions reflect image ar-  be more smooth along thg-direction than along the
eas with no coherent or specular structures, and are cor- 7, -direction.
rupted with fully formed speckle. The WSG filter for , ) .
suppressing speckle noise in these areas employs tha: Specular regions, which correspond to image areas
weighting functionw; ; of the form: Wlth [|A1] — [A2]| > 0. The examples of the specular

regions are organ surfaces and blood vessels. For these
wi ;(m, ) = am2+"2, (12) regions, the normal 2-D.WS.G filteripg _is red_uced to
be merely a 1-D smoothing in the principal minimum

whereo is a positive number less than one, used for ~ Vvariation direction.

controlling the degree of smoothing. As this weighting gq the WSG filter employed in each category to generate
funcupn is invariant with respect to the rotatl_on aroundg output efficiently, we can pre-compute the filter coeffi-
the window centei, j), the resultant WSG filter pos- gjonts using the formula described in section 2, thus reduc-
sesses isotropic smoothing characteristics. ing the filtering process based on the weighted least-squares

2. Anisotropic regions, which correspond to image aredtind o only the convolution operation. However, since
with ¢ < ||| — [Ao|| < 8, whered is a threshold the orientation ofij; is continuous varying from 0 ta@r,

determined based on the speckle statistics. These |Oége_numb_er of the WS_G fiI'Fers emp'OYed in the anisotropic
regions visually reflect areas with spatially varying un/€910n might become infinite. To avoid such problem, we

resolved structures. To define the weighting functioﬁiiscretize the orientation of; into a set of finite reference
w; ; for suppressing noise in this anisotropic regionsorlentatlons, each of which is then used to determine a dis-

we investigate the orientation of tincipal curva- tinct weighting functionw;_ ; for defining the WSG filter.

ture axesn the coordinate of filter window; ;, as de- .
picted in Figure 1. Lefj; be a unit vector representing 4 Performance Evaluation

the principal maximum curvature directicandrj, be a In this section we evaluate the performance of the ASG
unit vector representing th@incipal minimum curva- filter in speckle noise reduction and in coherence enhance-
ture direction For any pixel(m,n), we define vector menton a synthetic test pattern and on an ultrasound thyroid
P pointing from the window centefi, j) to such po- image.

sition (m,n). Such vectory’ can be decomposed into  In the first problem, we test the ASG filter and com-
two components based on the new coordinate systepared against the WSG filter on the synthetic test pattern of

oriented according tg; and7j; as: 200 %200 pixels, depicted in Figure 2(a). The corresponding
edges of such test pattern derived ustannys edge detec-
P =rcos(a— 0)i + rsin(a — )i, (13) toris shown in Figure 2(b). To generate a speckle-corrupted

X test pattern, we multiply each pixel of the test pattern by
wherer = (m*+n?)?, a = arctan(n/m), andd isthe  a random value generated according to the Rayleigh prob-
angle betweery; andi-axis. To control the smoothing ability distribution of mean one. Based on this corrupted
direction of the ASG filter so thatthe degree of smoothtest pattern, we perform a series of filtering: the ASG and
ing alongsy, is higher than that along;, we choose to  the WSG filtering with window sizes ranging fromx 5,
define the weighting function as: 7x7,...,49 x 49, 51 x 51 pixels, are applied to smooth
the test image. We define polynomjal; of both ASG and
WSG filters to be of ordetwo in bothm andn. We set
parameters; andos of the ASG filter to 0.9 and 0.95, re-
spectively. The smoothed images obtained from the filtering

w;; (m’ n) _ 0;'2 cosz(a—@)o_g2 sinz(a—Q)7 (14)

5 A\ (mn) are applied as inputs to Canny’s edge detector, and the resul-
\ tant edges are visually compared with the uncorrupted edges
\rsin(a - 0) shown in Fig 2(b). We find that the best resultant edges
\é for both the ASG and the WSG filters are produced when
~ N /l:cos(a—é?) both filters have the window size ab x 15 pixels. Fig-
n 5/ ;) ) ure 2(c) and (d) depicts the edges obtained from the ASG
) ' u and WSG filters with window size df5 x 15 pixels. Notice
that the edges obtained from the ASG filter are much closer

to the uncorrupted edges depicted in Figure 2(b) than those

Figure 1: The orientation of the curvature directions in thgptained from the WSG filter. The edges associated with
coordinate of windovD; ;
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the filter window with weighting coefficeints:

o?(i, j)d(m, n)

(i, ) L8

w(m,n) = [wy — Kk

wherewy is the weighting at the window centex;is

a scaling constanti(m, n) is the distance of position
(m,n) from the window centefi, j); andu(i, 7) and
a?(i,j) are the mean and variance of all pixels within

'\\
N\ the window centered 4t, j). Symbol[z] denotes the
nearest integer to if x is positive, or zero ifr is neg-
s ative.
L
: ,é;f:’ These three filters are tested on an ultrasound thyroid image
,35?:: of 512 x 512 pixels, depicted in Figure 3(a). Figure 3(b)
= - portrays the edges derived by applying Canny’s edge detec-
— e = o tor directly to the thyroid test image without any filtering. It
) NN =7 ciwisT  appears to contain numerous noise edges masking the real
fﬂ,’f‘ ////; f (b'\u}\\ ~ 5?%/3’&‘ ' ﬁ}.’{,‘?‘%"\‘ﬁ\{ R thyroid boundary, thus making it impossible to segment the
_)_//7 NNy il 1v"||;:1'1:‘".-‘. :
'y '/ \ . S II// IL PO thyroid out from the background.
¢ \\\\ EIZ 1IN DAV NN A% : i .
© « Similar to the first problem, we also define polynomial

pi,; Of the ASG filter in this evaluation to be of ordawo
) ] in bothm andn, and set parametees ando, of the ASG
Figure 2: (a) The test pattern. (b) The edges derived frofier to be 0.9 and 0.95, respectively. We setin ASR
Figure (a) using Canny's edge detector. (c) The edges d@yser tg he 1, andu, andx in the AWM filter to be 99 and
rived from the corrupted test pattern filtered with the ASG, respectively. We then employ the ASG, ASR, and AWM
filter with window size ofl5 x 15 pixels. (d) The edges de- fiiters with window sizes ranging fro x 3, 5 x 5, ...,
r_ived fr_om t.he corrL_thed test pattgrn filtered with the WSGj; 51, 53 x 53 pixels to filter the thyroid image. The
filter with window size of15 x 15 pixels. resultant images obtained from these filters are passed as
. inputs to Canny’s edge detector, and the derived edges are
ASG filter seem to be much sharper and more connectggep visually judged and compared.
than those associated with the WSG filter. In additional, the £qr the resultant edges obtained from the images pre-
middle area, where the edges are undetected, seems t0B6cessed by the ASG filter, we find that those filtered with
smaller in the case of the ASG filter than in the case of th&inqow sizes ranging fror1 x 11 pixels to17 x 17 pixels
WSG filter. produce the edges which seem to be best compromise be-

As a complimentary study to the first problem, we comtween the fine detail preservation and speckle noise suppres-
pare the performance of the ASG filter with that of two comsjon. As an example, we display in Figure 3(c) the thyroid
monly used real-time ultrasound image filtering algorithmsimage pre-processed by the ASG filter with window size of
15 x 15 pixels, and in Figure 3(d) the corresponding edges
derived using Canny’s edge detector.

Figure 3(e) and (g) depict the thyroid images pre-
processed by the ASRand AWM filters with window size
of 15 x 15 pixels, and Figure 3(f) and (h) depict their corre-
Wf @) =plirg)), sponding edges derived using Canny’s edge detector. Note

that the area inside the thyroid of Figure 3(e) and (g) be-
_ , _ (I5)" comes highly blur, making their original fine texture unper-
where constant;, is the mean in a region correspond-cejyable. For the ASR and AWM filters with window size
ing to fully formed speckle, angi(i, j) ando?(i,j)  |arger thanl5 x 15 pixels, the blur area extends beyond the
are the mean and variance of all pixels within the filteoyndaries, diffusing the regions inside and those outside of
window centered ai, j), respectively. the thyroid together and thus making the segmentation im-
possible. For the ASR and AWM filters with window size
smaller thanl5 x 15 pixels, the cluttering noise edges ap-
pear to be highly numerous, preventing us from distinguish-
ing the thyroid outlines. Figure 3(e) and (g) also reveal that

¢ the Adaptive Speckle Reduction (ASR) filter:
The output of the ASR filter at positigf, j) is defined
as:

R IOY)
2 0,)

y(l,j) = N(iaj)+(1

e The Adaptive Weighted Median (AWM) filter:
The output of the AWM filter at positioffi, j) is de-
fined as theweighted mediamf all the pixels within



both ASR and AWM filters possess limited ability to sup- £
press noise near edge and feature regions as evident froi
the fact that the noise or speckle in the neighborhoods of
features with high contrast, i.e., the area around the thyroic
boundaries, remain almost unfiltered.

5 Conclusions

The preliminary evaluation in Section 4 indicates that the
ASG filter is more effective in both reducing speckle noise
and coherence enhancement than both ASR and AWM fil- (@)
ters. This better performance is attributed to the following
two factors: The first factor is that the ASG filter derives
the image estimate via the much flexible 2-D polynomial |
weighted least squares fitting, as contrast to the other fil-
ters which attempt to estimate the image intensities in the®s
window by a constant. The second factor is that the ASG
filter adjusts its weighting in the least square fit so that the
smoothing degree and direction conform to the anisotropy in
each local region. Since the computation of the ASG filter is
rather simple, i.e., involving mostly of two linear convolu-
tion operations, such new technique has a large potential in (©)
real-time ultrasound imaging enhancement and in assistings
automated segmentation.
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Real-Time Speckle Reduction and Coherence
Enhancement of Ultrasound Images Based on
Mixture of Anisotropic Savitzky-Golay Filters

Chedsada Chinrungrueng and Pollakrit Toonkum

Abstract— This paper describes a new filtering algorithm devel-
oped for real-time speckle reduction and coherence enhancement
of ultrasound images. The new filter, referred to as the Mixture of
Anisotropic Savitzky-Golay filters, is a collection of two-dimensional
weighted Savitzky-Golay filters, each enhanced with a mechanism
for adjusting both the degree and direction of the smoothing so
that they both match the anisotropic properties of each local re-
gions in the image. The results comparing the new filter algorithm
with Adaptive Speckle Reduction and Adaptive Weighted Median
filters on a synthetic test pattern and a ultrasound cyst image are
also reported.

Index Terms— Speckle reduction, coherence enhancement, ul-
trasound images, anisotropic filtering, Savitzky-Golay filters.

[. INTRODUCTION

LTRASOUND imaging technique has been widely used

for medical diagnosis. However, the presence of random
speckle noise makes human interpretation and computer-aided
ultrasound image diagnosis a highly difficult task. It is thus
necessary that we remove speckle noise from the images before
they are further processed.

Speckle is a random, deterministic, interference pattern in an
image formed by a coherent sum of individual backscattered
signal echoed back from a scattering medium. The nature
of the speckle pattern highly depends on the characteristics
of scatterers within the resolution cell. When the number of
scatterers is large within the resolution cell, the probability
density function of the envelope of the signal can be modeled
as a Rayleigh distribution [1]. On the other hand, when the
number of scatterers in the resolution cell is low or -when
the effective scatterer density is reduced due to correlation in
scatterers, the probability density function deviates from the
Rayleigh distribution, becomes that of the K-distribution or the
Rician distribution [2].

Clinical ultrasound imaging systems usually employ non-
lienar signal processing to reduce the dynamic range of the
echo signal to match the smaller dynamic range of the dis-
play monitor. This reduction in dynamic range is normally
achieved through a logarithmic compression, which selectively
compresses large input signal and help emphasize objects with
weak backscatters. Such logarithmic compression changes the
characteristics of the signal probability density function. In

The authors are with the Department of Electrical Engineering,
Chulalongkorn ~ University, = Bangkok, 10330,  Thailand  (e-mail:
chedsada.c@chula.ac.th and pollakrit.t@student.netserv.chula.ac.th).

particular, it affects the high intensity tail of the Rayleigh and
Rician probability density functions more than the low intensity
part.

Commonly used low-pass filters, such as, the mean filter or
the median filter, are not suitable for reducing the speckle noise
of ultrasound images as they tend to blur the important features
in the image along with noise as in the mean filter, or cause
edge jitters as in the median filter. Filters developed for real-
time speckle reduction in ultrasound images include adaptive
speckle reduction (ASR) and adaptive weighted median (AWM)
filtering. ASR filtering [3] depends on the signal-to-noise ratio
(SNR) and possibly the autocorrelation function to define a
varying degree of smoothing according to the deviation of the
speckle pattern from the fully formed speckle (FFS), which is
known to follow the Rayleigh distribution. In AWM filtering
[4], each output pixel is replaced by the weighted median of
a local neighborhood whose width is determined based on the
SNR around that pixel. Compared to commonly used median
filter, the aforementioned filters have shown to be better in
reducing speckle noise and retaining image edges. However,
these filters possess limited ability in coherent enhancement
since they concern only the degree of smoothing, ignoring to
adapt their smoothing direction to conform to that of the image
anisotropy, arising from coherent or specular structures at each
local region.

Anisotropic diffusion filtering [5], which controls both the
degree and direction of its smoothing characteristics, has been
devoloped and shown to-be effective in reducing the speckle
and enhancing the coherence in ultrasound images [6]. How-
ever, as such technique requires solving a system of partial
differential .equations, its computation is highly expensive and
time consuming, making it unsuitable for real-time processing.

This paper aims to address the problem of adapting both the
degree and direction of a smoothing filter to match that of the
image feature. In this paper, we describe a new filtering algo-
rithm developed for real-time speckle reduction and coherence
enhancement of log-compressed ultrasound images. The new
filter, referred to as the Mixture of Anisotropic Savitzky-Golay
Filters, is a collection of the two-dimensional (2-D) weighted
Savitzky-Golay (WSGQ) filters [7] enhanced with a mechanism
for determining the filter weighting so that both the degree and
direction of smoothing match the anisotropic properties of each
local regions in the image.



II. STATISTICAL PROPERTIES OF SPECKLE PATTERN IN
L0oG-COMPRESSED ULTRASOUND IMAGES

Assume that an ultrasound image is of M x N pixels. Let
i and j denote the pixel indices, where i € [1, ... , M]
and j € [1, ..., N]. At the output of the beamformer in
the ultrasound imaging system and prior to the logarithmic
compression stage for the envelope signal, speckle can be
approximated as multiplicative noise of the form [8], [9]:

F(i,j) = (M

where G is a 2-D function representing the noise-free original
image, F' is the noisy observation of GG, and V,,, and N, are cor-
rupting multiplicative and additive speckle noise components,
respectively. Since the effect of additive noise (such as sensor
noise) is considerably small compared to that of multiplicative
noise (coherent interfering), F' in Eq. (1) can be approximated
by

G(i,5) Nm(i,7) + Na(i, §)

F(i,j) = G(i, ) N (i, 3)- 2

The logarithmic compression transforms the model in (1) into
the classical signal in additive noise form. That is

log( F(i,j) ) = log(G(i,j) ) + log( Nm(i,4) ). ()
Eq. (3) can be rewritten as:

where f, g and n are logarithms of F, G, and N,,, respectively.
In regions with no underlying structures, the pattern of speckle
N, is known to follow the Rayleigh distribution. Since the
logarithm of the Rayleigh distribution closely resembling the
Gaussian distribution, we can approximate the log-compressed
speckle noise n as aditive white Gaussian noise [6]. This
Gaussian assumption is valid especially for the speckle in
regions with no underlying structures. as the speckle pattern
in such regions is known to follow a Rayleigh distribution It
should be noted, however, that even though this assumption
might not hold in the presence of nonflat structures, it still
considered close enough for practical purposes.

Based on the log-compressed speckle model in Eq. (4), we
formulate the problem of speckle reduction in log-compressed
ultrasound images as that of recovery of function g via weighted
least-square fitting of a 2-D polynomial function to the observed
2-D data point f(z, 7). We also choose to employ the principle
developed in the 2-D wieghted Savitzky-Golay filter [7] so
that we can perform the least-squares fitting efficiently. Such
filtering principle allows us to reduce the 2-D polynomial least-
squares fitting to simply calculating the linear combination of
image data f in the filtering window. In order to enhance the
coherence of the ultrasound image, we define the weighting
employed in the weighted least-squares fit according to the
underlying structures of the image so that both the degree and
direction of smoothing match the anisotropic properties of each
local regions in the image.
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III. 2-D WEIGHTED SAVITZKY-GOLAY FILTERS

Let an image of M x N pixels be represented by a 2-D data

array f(w,v), where w € [1, ..., M] and v € [1, ..., N].
Define a (2L + 1) x (2L + 1) window centered at (4, j) as
Dij={fGG+m,j+n):—L<m<L,
—-L<n<L} Q)
Let p; ; be a 2-D polynomial of the form:
pi,j(m,n) = ZZaustmn (6)

s=0t=0

where m and n are integers defined according to (5), and S
and 7" are the highest order of m and n, respectively. The 2-D
weighted Savitzky-Golay (WSG) filtering algorithm computes
the output at position (7, j) by least squares fitting polynomial
pi,; to the pixel intensity f contained in window D; ;; and then
setting the output of the filter to be p; ;(0,0), namely a; ;(0,0).

The objective function of the least squares fitting employed
in the 2-D WSG filtering is defined as:

Z wz7](m7n){f(z+m7.7+n) _pi,j(mﬂn)}27

m,nG'Did

(7

where w; ; is a weighting function defined over the window
D; ;. In order to perform polynomial least squares fitting effi-
ciently, we choose to extend the principle developed in the 1-D
Savitzky-Golay filtering algorithm [10]. Such principle allows
us to reduce the 2-D polynomial fitting to simply calculating
the linear combination of image data f in D; ;.

To derive p; ;(0,0), we start by defining a@; ; as a vector
containing all coefficients a; ;(s,t) of polynomial p; ; defined
in (6). To arrange all coefficients a; ;(s,t) into such vector, we
re-order them serially based on index r € [1, ..., (S+1)(T+
1) |. Introducing index functions:

s(r) = [(r=1)/(T+1)]
t(r) = (r—1)mod (T+1),

where | |-denotes the floor function and mod the modulo
function, we can write @, ; in the form:

a;; = (a(s(r),t(r)) :r=1 S+ D)(T+1)T.
Similarly, by introducing index functions:

lg=1)/QL+1)] - L
(g—1)mod (2L +1)—L

®)

m(q) =
n(q) =

we can put f(i +m,j+n) contained in D; ; into vector form
as

fig=(fli+m(q),j+n(q@):q=1,..., . (9)

Based on the above definitions of @, ; and f;,j, we define the
design matrix A as

Aqr = m(Q)S(r) n(Q)t(r)

2L+ 1)*)7

(10)



Correspondingly, we can rewritten the least squares objective
function defined in (7) as

fig) "W fig)s (11)
where W is a diagonal matrix with its gqth diagonal element

defined as w; j(m(g),n(q)). Solving the normal equation with
respect to the above objective function, we have

;= (ATWA) 1 (ATW S, ).

€ij = (Adi,;j — (Ad;,; —

(12)

As p; ;(0,0) is equal to a; ;(0, 0), the first element of vector
d;, j, it can be symbolically expressed according to Eq.(12) as:

(2L+1)?
pi;(0,0) = Y by f(i+m(q),j+n(g),  (13)
g=1
where
by = {(ATWA)H(ATWE,)}, . (14)

Notation €, denotes a unit vector of which the gth element
is equal to one, and { }; denotes the first element of vector.
Eq. (13) indicates that there exists a particular set of coefficients
by which allows us to automatically accomplish the process of
polynomial least-squares fitting by simply calculating the linear
combination of image intensity f(i+m, j+n) in window D; ;.
The fact that coefficient b, depends only on design matrix A
and that such matrix A is known in advance permit us to com-
pute coefficient b, prior to the filtering operation. Moreover,
since design matrix A is constant for all position (4, ), we need
only to compute the coefficient b, once for the entire filtering
operation, making the process highly computation efficient.

IV. MIXTURE OF ANISOTROPIC SAVITZKY-GOLAY FILTERS

The Mixture of Anisotropic Savitzky-Golay Filters (MASGF)
is a collection of (2-D) WSG filters, enhanced with a mecha-
nism for determining the filter weighting so that both the degree
and direction of smoothing match the anisotropic properties of
each local regions in the image. The MASGF algorithm for
filtering the image f can be viewed as a two-stage process
outlined below.

The first stage computes the image anisotropy due to-the
local coherence. As the image anisotropy is reflected in the
local contour and the local curvature, we propose to measure the
image anisotropy at position (¢, j) by the information embedded
in the local curvatures of the Hessian matrix. Let f,, be the
second-order partial derivative of f with respect to axis u, fy.
be the second-order partial derivative of f with respect to axes
v and u, and f,, be the second-order partial derivative of f
with respect to axis v. The Hessian matrix at position (i, j) is
defined as:

o | Sua(d) fue(i )
Had=| o) iy 09
Based on such Hessian matrix, we then define the image
anisotropy at position (4, j) by function
m
|[2] 0o

_1 Fun(iy§) Fun(i, 5)
Bij(m.n) =5 [m n] [ Fun(iy§) fou(is )
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To compute derivatives fuu, fuv, and fy,, we apply the
principle of the least squares polynomial surface fits similar to
that employed in the 2-D WSG filtering (described in section
III). The difference is that, instead of computing coefficient
a;,7(0,0) as in the WSG filtering, we compute 2a; ;(2,0),
a; ;(1,1), and 2a; ;(0,2); and then use these derived coeffi-
cients as the estimates of [y, (4,7), fou(?,7), and fu,(2,75),
respectively. For all of these derivatives computation, we set
all the weighting function w; ; to be the neutral value of one.

The second stage performs the WSG filtering. In order for
both the degree and direction of the WSG filter to conform
to the image anisotropy, we choose to define the weighting
function w; ; in the least squares objective function (7) as:

0]

where k; 1S a positive constant for governing the degree of
smoothing related to the spatial distance, and x2 is a positive
constant for governing the degree of smoothing related to the
image anisotropy.

For the WSG filter to generate its output efficiently, we can
pre-compute the filter coefficients using the formula developed
in [7], thus reducing the filtering process based on the weighted
least-squares fitting to only the convolution operation. However,
as the w;; in Eq. (17) depends on a;;(2,0), a;;(1,1), and
a; ;(0,2), of which their values are continuous varying, the
number of the distinct WSG filters resulted from such w; ;’s can
become exorbitantly high. To avoid such problem, we employ
the K-means clustering algorithm to self organize K reference
points on the space of a;;(2,0), a;;(1,1), and a;;(0,2)
according to the statistics of the image anisotropies. Based on
these reference points, we discretize the the space of a; ;(2,0),
a;,i(1,1), and a;;(0,2) into K distinct cells, each of which
employed the same WSG coefficients pre-computed from w; ;
determined by the corresponding reference.

w;,5(m,n) = exp {Iil(mz +n?) - k2 i (m, n)} ,

V. PERFORMANCE EVALUATION

In this section we evaluate the performance of the MASGF
in speckle noise reduction and in coherence enhancement on
a synthetic-log-compressed image and on an ultrasound cyst
image.

In the first problem, we test the MASGF and compared
against the WSG filter on a log-compressed image generated
by function:

+2%2+4%) ), (18)

where i is defined over 1,...,200 and j over 1,...,200. To
simulate the speckle noise effect, we multiply each f(7, ) by a
random value generated according to the Rayleigh probability
distribution of mean one. Fig. 1(a) depicts the log-compressed
image of f, and Fig. 1(b) the ideal edge of such compressed
image assuming that its speckle noise is perfectly removed.

A series of experiments are performed: the MASGF and the
WSG filtering with window sizes ranging from 5x 5, 7x7, ...,
49x49, 51 x 51 pixels, are applied to smooth the test image. We
define polynomial p; ; of the MASGF and the WSG filters to

f(i,5) = exp{ cos(0.5 x 10-5(i*



© (d)

Fig. 1. (a) The log-compressed image of function f corrupted with Rayleigh
speckle noise. (b) The ideal edges of the test image (a) assuming that its
speckle noise is perfectly removed. (c) The edges derived from the resultant
image obtained from the MASGF filter with window size of 27 x 27 pixels.
(d) The edges derived from the resultant image obtained from the WSG filter
with window size of 27 X 27 pixels.

be of order 2 in both m and n. We set the number of reference
points (K) employed in the MASGF to 16, and set parameters
k1 and ko to % and 1, respectively. The results obtained from
the filtering are applied as inputs to Canny’s edge detector, the
results of which are visually compared with the ideal edges
in Fig 1(b). We find that the best resultant edges for both the
MASGEF and the WSG filters, depicted in Fig. 1(c) and (d), are
produced when both filters have the window size of 27 x 27
pixels. Notice that the edges obtained from the MASGF filter
are much closer to the ideal edges depicted in Fig. 1(b) than
those obtained from the WSG filter. The edges associated with
MASGEF seem to be much smoother and more connected than
those associated with the WSG filter. In additional, the edge at
the lower right corner associated with the MASGF is preserved
while such corresponding edge does not exist in the resultant
image obtained from the WSG filter.

As a complimentary study to the first problem, we compare
the performance of the MASGF with that of two commonly
used real-time ultrasound image filtering algorithms:

« the Adaptive Speckle Reduction (ASR) filter:

The output of the ASR filter at position (4, 5) is defined
as:

Y6, 4) = pag + (U= pn 32 () = pag), (19)
i,

where constant f,, is the mean in a region corresponding

to fully formed speckle, and 1; ; and aﬁj are the mean

and variance of all pixels within the filter window centered

at (i, 7), respectively.

88

o The Adaptive Weighted Median (AWM) filter:
The output of the AWM filter at position (4, j) is defined
as the weighted median of all the pixels within the filter
window with weighting coefficeints:

2
os .

=L d(m,n)],
Hi,j
where wq is the weighting at the window center; & is
a scaling constant; d(m,n) is the distance of position

. ., o 2

(m,n) from the window center (4,j); and p; ; and o7 ;
are the mean and variance of all pixels within the window
centered at (7,7). Symbol [z] denotes the nearest integer
to « if x is positive, or zero if x is negative.

w(m,n) = [wy — K (20)

These three filters are tested on an ultrasound image of 512 x
512 pixels, portraying a thyroid cyst, as depicted in Fig. 2(a).
Fig. 2(b) portrays the edges derived by applying Canny’s edge
detector directly to the ultrasound cyst image without any
filtering. It appears to contain numerous noise edges masking
the real cyst boundary, thus making it impossible to segment
the cyst out from the background.

Similar to the first problem, we also define polynomial p; ;
of the MASGEF 1in this evaluation to be of order 2 in both m and
n, and set parameters x1, k2, and K of the MASGF to be 1—16,
1, and 16, respectively. We set p,, in ASR filter to be 2.5, and
wp and k in the AWM filter to be 99 and 20, respectively. We
then employ the MASGF, ASR, and AWM filters with window
sizes ranging from 3 x 3, 5 x 5, ..., 51 x 51, 53 x 53 pixels to
filter the ultrasound cyst image. The resultant images obtained
from these filters are passed as inputs to Canny’s edge detector,
and the derived edges are then visually judged and compared.

For the resultant edges obtained from the images pre-
processed by the MASGF, we find that those filtered with
window sizes ranging from 23 x 23 pixels to 29 x 29 pixels
produce the edges which seem to be best compromise between
the fine detail preservation and speckle noise suppression. As an
example, we display in Fig. 2(c) the cyst image pre-processed
by the MASGF with window size of 27 x 27 pixels, and in
Fig. 2(d) the corresponding edges derived using Canny’s edge
detector.

Fig. 2(e) and (g) depict the cyst images pre-processed by the
ASR and AWM filters with window size of 27 x 27 pixels,
and Fig. 2(f) and (h) depict their corresponding edges derived
using Canny’s edge detector. Note that the area around the cyst
of Fig. 2(e) appears to be rather blotchy, and artificial noise
has' also been introduced into-the lower part of the filtered
image, thus creating numerous unwanted edges in Fig. 2(f).
For Fig. 2(g), the area around the cyst seems to be unaltered
by the filter and the lower part of the image appears to stratify
into patches. For the ASR and AWM filters with window size
larger than 27 x 27 pixels, the blur area extends beyond the
boundaries, diffusing the regions inside and those outside of
the cyst together and thus making the segmentation impossible.
For the ASR and AWM filters with window size smaller than
27 x 27 pixels, the cluttering noise edges appear to be highly
numerous, preventing us from distinguishing the cyst outlines.



Fig. 2(f) and (h) also reveal that both ASR and AWM filters
possess limited ability to suppress noise near edge and feature
regions as evident from the fact that the noise or speckle in
the neighborhoods of features with high contrast, i.e., the area
around the cyst boundaries, remain almost unfiltered.

VI. CONCLUSIONS

The preliminary evaluation in Section V indicates that the
MASGEF 1is more effective in both speckle reduction and co-
herence enhancement than both ASR and AWM filters. This
better performance is attributed to the following two factors:
The first factor is that the MASGF derives the image estimate
via the much flexible 2-D polynomial weighted least squares
fitting, as contrast to the ASR and AWM filters which attempt
to estimate the image intensities in the window by a constant.
The second factor is that the MASGF possesses the ability in
adapting both the degree and the direction of its smoothing
characteristics to match the image anisotropy, by changing
progressively from isotropic through anisotropic to, finally,
mean curvature direction smoothing. Since the computation of
the MASGF is composed mainly of four linear convolution
operations, it is highly computation efficient when compared
to the anisotropic diffusion filter which requires the solving of
a system of partial differential equations. The new filter thus has
a large potential in real-time ultrasound imaging enhancement,
as well as in assisting real-time automated segmentation.
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Fig. 2.~ (a) The original ultrasound Cyst image of 512 x 512 pixels. (b) The
edges of (a) derived using Canny’s edge detector. (c) Resultant image obtained
from the MASGF with window size of 27 x 27 pixels. (d) The edges of (c)
derived using Canny’s edge detector. (¢) Resultant image obtained from the
ASR filter with window size of 15 x 15 pixels. (f) The edges of (e) derived
using Canny’s edge detector. (g) Resultant image obtained from the AWM filter
with window size of 15 x 15 pixels. (h) The edges of (g) derived using Canny’s
edge detector. Note that the area around the cyst of Fig. (¢) becomes highly
blur, and that of Fig. (g) are almost unaltered. In addition, the noise or speckle
in the neighborhoods of the cyst boundaries in Fig. (e¢) and Fig. (g) remain
almost unfiltered.
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ABSTRACT

This paper describes a new filter developed for real-time
speckle noise reduction and coherence enhancement of log-
compressed ultrasound images. The new filter, referred to
as the Directional Savitzky-Golay (DSG) filter, is a two-
dimensional weighted Savitzky-Golay filter enhanced with
a mechanism for adjusting its smoothing direction to match
the anisotropic properties of each local regions in the im-
age. The performance of the proposed filter is compared
with that of the weighted Savitzky-Goaly filter, the Adap-
tive Speckle Reduction filter, and the Adaptive Weighted
Median filter in reducing speckle noise and enhancing co-
herence of a synthetic image and of a ultrasound thyroid
images.

1. INTRODUCTION

Ultrasound imaging technique has been widely used for med-
ical diagnosis. However, the presence of random speckle
noise makes human interpretation and computer-aided ul-
trasound image diagnosis a highly difficult task. It is thus
necessary that we remove speckle noise from the images
before they are further processed.

Commonly used low-pass filters, such as, the mean fil-
ter or the median filter, are not suitable for reducing the
speckle noise of ultrasound images as they tend to blur the
important features in the image along with noise as.in the
mean filter, or cause edge jitters as in the median filter.
Filters developed for real-time speckle reduction in ultra-
sound images include adaptive speckle reduction (ASR) and
adaptive weighted median (AWM)filtering. ASR filtering
[1] depends on the signal-to-noise ratio (SNR) and possi-
bly the autocorrelation-function to define a varying degree
of smoothing according to the deviation of the speckle pat-
tern from the fully formed speckle (FFS), which is known to
follow a Rayleigh distribution. In AWM filtering [2], each
output pixel is replaced by the weighted median of a lo-
cal neighborhood whose width is determined based on the
SNR around that pixel. Compared to the mean or the me-
dian filters, both ASR and AWM filters have shown to be
better in reducing speckle noise and retaining image edges.
However, these filters possess limited ability in coherence

This work was jointly supported by Thailand Research Fund under
Grant Number RSA4580027, Ratchadaphisek Somphot Endowment, Chu-
lalongkorn University, and the Fund from the Cooperative Project between
Department of Electrical Enginerring and Private Sector for Research and
Development, Ministry of Education, Thailand.

enhancement since they concern only the degree of smooth-
ing, ignoring to adapt their smoothing direction to conform
to that of the image anisotropy, which arises from coherent
or specular structures at each local region.

This paper aims to address the problem of adapting the
smoothing direction of the filter to match that of the image
feature. In this paper, we describe a new filtering algorithm
developed for real-timespeckle reduction and coherence en-
hancement of log-compressed ultrasound images. Due to
the limited dynamic range of commercial display monitors,
ultrasound imaging system is forced to log-compress the
echo signal to fit in the display range [3]. The new filter,
referred to as the Directional Savitzky-Golay (DSG) filter,
is the two-dimensional (2-D) weighted Savitzky-Golay fil-
ter [4, 5] enhanced with a mechanism for determining the
filter weighting so that its smoothing direction matches the
anisotropic properties of each local regions in the image.

2. 2-D WEIGHTED SAVITZKY-GOLAY FILTERS

Let an image of M x IV pixels be represented by a 2-D data
array f(u,v), wherew € [1,..., M]andv € [1,..., N].
Define a (2L + 1) x (2L + 1) window centered at (7, j) as:

Dij={fli+m,j+n):—L+1<m<L-1,
~L+1<n<L-1} 1)

Let p; ; be a2-D polynomial of the form:

s T
pij(m,n) = Z Z ai;(s,t)m*n’, 2

s=0t=0

where m and n are integers defined according to (1), and
S and T' are the highest order of m and n, respectively.
The 2-D weighted Savitzky-Golay (WSG) filtering algo-
rithm computes the output at position (i, j) by least squares
fitting polynomial p; ; to the pixel intensity f contained in
window D; ;; and then setting the output of the filter to be
pi,;(0,0), namely a; ;(0,0).

The objective function of the least sqaures fitting em-
ployed in the 2-D WSG filtering is defined as:

Z wz"](m,’l’l){f(’d + m:j + TL) _pi,j(mvn)}zi (3)

m,n€D; ;

where w; ; is a weighting function defined over the window
D;. ;. Inorder to perform polynomial least squares fitting ef-
ficiently, we choose to extend the principle developed in the



1-D Savitzky-Golay filtering algorithm [4], which was ini-
tially used to render visible the relative widths of the heights
of spectral lines in noisy spectrometric data. Such principle
allows us to reduce the 2-D polynomial fitting to simply cal-
culating the linear combination of image data f in D; ; [5].

To derive p; ;(0,0), we start by defining a@;,; as a vector
containing all coefficients a; ;(s, t) of polynomial p; ; de-
fined in (2). To arrange all coefficients a; ;(s,t) into such
vector, we re-order them serially based onindexr € [1, .. .,
(S + 1)(T + 1)]. Introducing index functions:

s(r) = [r=D/(T+1)]
t(r) = (r—1)mod (T +1),

where | | denotes the floor function and mod the modulo
function, we can write @; ; in the form:

dij = (a(s(r),t(r) :r = 1,...,(S+1)(T+1))T. (4)
Similarly, by introducing index functions:

[(g—1)/(2L—1)] — L+1
(g—1)mod 2L —1) — L+ 1

m(q) =
n(q) =

we can put f(i + m,j + n) contained in D, ; into vector
form as

fig = (fi+m(@),j+n(@):q= L., 2L = 1)*)"

/ ()
Based on the above definitions of a@; ; and f; ;, we define
the design matrix A as

Agr = m(q)* n(q)"™). (6)

Correspondingly, we can rewritten the least squares objec-
tive function defined in (3) as

€ij = (Adi; — fi)TW (Adi; — fig)s - (7)

where W is a diagonal matrix with its ¢th diagonal element
defined as w;,j(m(q),n(q)). Solving the normal equation

with respect to the above objective function, we have
@; = (ATWA)HATW S ). (8)
As p; ;(0,0) is equal to a;,;(0,0), the first element of

vector @; ;, it can be symbolically expressed according-to
Eq.(8) as:

(2L—1)2
pii(0,0) = Y o, f(i+m(g),i+n(a), ()
g=1
where
ag = {(ATWA)T (ATWE,)}, . (10)

Notation €, denotes a unit vector of which the gth element
is equal to one, and { }; denotes the first element of vec-
tor. Eq. (9) indicates that there exists a particular set of
coefficients a, which allows us to automatically accom-
plish the process of polynomial least-squares fitting by sim-
ply calculating the linear combination of image intensity
f(i +m,j+n) inwindow D; ;. The fact that coefficient
a, depends only on design matrix A and that such matrix
A is known in advance permit us to compute coefficient o,
prior to the filtering operation. Moreover, since design ma-
trix A is constant for all position (7, j), we need only to
compute the coefficient o, once for the entire filtering op-
eration, making the process highly computation efficient.
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3. DIRECTIONAL SAVITZKY-GOLAY FILTERS

The Directional Savitzky-Golay (DSG) filter is the (2-D)
WSG filter enhanced with a mechanism for determining the
least squares weighting so that its smoothing direction con-
forms to the anisotropic properties of each local regions in
the image. The DSG filtering algorithm can be viewed as a
two-stage process described below.

The first stage computes the image anisotropy due to the
local coherence. As the coherence is reflected in the local
contour and its associated curvature principal directions, we
propose to measure such anisotropy at position (i, j) by the
local curvatures (eigenvalues) of the Hessian matrix:

Funlisd)  Funlis )
Fuslind) funling) | (11)

where fu., be the second-order partial derivative of f with
respect to w; f.., be the second-order derivative of f with
respect to » and u; and f,, be the second-order derivative
of f with respect to axis v. To compute these derivatives,
we apply the principle of the least squares polynomial sur-
face fits similar to that employed in the 2-D WSG filtering
(described in section 2). The difference is that, instead of
computing coefficient a; ; (0, 0) as in the WSG filtering, we
compute a; (2,0), a;,;(1,1), and a; ;(0,2); and use them
as the estimates of f,,., (7, j), fou(7,J), and fu,, (4, ), respec-
tively. For all of these derivatives computation, we set all the
weighting function w; ; to be the neutral value of one.

The second stage performs the WSG filtering. To con-
trol the smoothing direction of the WSG filtering, we choose
to define the weighting function w; ; in the least squares ob-
jective function (3) by the curvatures and their associated
principal directions derived from the first stage.

Fig. 1 depicts the orientation of the principal curvature
axes associated with filter window D; ;. Let i, be a unit
vector representing the principal maximum curvature direc-
tion and 7j; be a unit vector representing the principal min-
imum curvature direction. For any pixel (m,n), we define
vector g pointing from the window center (4, j) to such po-
sition (ms;mn). Such vector p’ can be decomposed into two
components-based-on the new coordinate system oriented
according to #7; and 1j, as:

—

p=rcos(a — 0)7 4+ sin(a — 0)7a, (12)

7
_/mn)
p \\\
" rsin (a — 6)
©
" rcos(a—0)

DA

(i,4)

a

Fig. 1. The orientation of the curvature directions in the
coordinate of window D; ;



where 7 = (m2 +n?)2, a = arctan(n/m), and 6 is the
angle between 77; and -axis. To control the smoothing di-
rection of the DSG filter so that the degree of smoothing
along 77> is higher than that along 77;, we choose to define
the weighting function as:

w; (m’ ’I’l) _ UIZ cosz(a—é)o_gz sinz(oz—H)’ (13)
where parameters oy and o, are constant and 0 < o1 <
o2 < 1. Such w; ; allows us to put more weighting along
7j» direction, making the effective averaging window along
7j» direction to be longer than that along #7; direction.

As weighting function w; ; defined in Eq. (13) depends
on 4, which is continuously varying from 0 to 7, such weight-
ing function results in infinite different set of WSG coeffi-
cients. To avoid pre-computing infinite sets of WSG coef-
ficients, we discretize the range of 6 into a set of X finite
reference angles {6y, ...,0%,...,0k}. We then use these
reference angles to quantize the range space of 6 into K
finite distinct sets, each of which employed the same WSG
coefficients pre-computed from the corresponding reference
0.

4. PERFORMANCE EVALUATION

In this section we evaluate the performance of the DSG filter
in speckle noise reduction and in coherence enhancement
on a synthetic log-compressed image and on an ultrasound
thyroid image.

In the first problem, we test the DSG filter and com-
pared against the WSG filter on a log-compressed image
generated by function;

f(i,7) = exp{ c0s(0.5 x 1078(i* +2i%j> + j4)) }, (14)

where 7 is defined over 1, ...,200 and j over 1, ...,200. To
simulate the speckle noise effect, we multiply each f(i,j)
by arandom value generated according to the Rayleigh prob-
ability distribution of mean one. Fig.2(a) depicts the log-
compressed image of f, and Fig. 2(b) the ideal edge of such
compressed image assuming that its speckle noise is per-
fectly removed.

A series of experiments are performed: the DSG and the
WSG filtering with window sizes ranging from 5 x 5, 7.x 7,
..., 49 x 49, 51 x 51 pixels, are applied to smooth the test
image. We define polynomial p; ; of the DSG and the WSG
filters to be of order two in both m and n, and parameters
o1 and o of the DSG filter are set to 0.9 and 0.95, respec-
tively. The results obtained from the filtering are applied as
inputs to Canny’s edge detector. and the resultant edges are
visually compared with the ideal edges in Fig 2(b). We find
that the best resultant edges for both the DSG and the WSG
filters, depicted in Fig. 2(c) and (d), are produced when both
filters have the window size of 29 x 29 pixels. Notice that the
edges obtained from the DSG filter are much closer to the
ideal edges depicted in Fig.2(b) than those obtained from
the WSG filter, i.e., the edge at the lower right corner of the
WSG filter is smoothed out of the image.

As a complimentary study to the first problem, we com-
pare the performance of the DSG filter with that of two
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Fig. 2. (a) The log-compressed image of function f cor-
rupted with Rayleigh speckle noise. (b) The ideal edges of
the test image (a) assuming that its speckle noise is perfectly
removed. (c) The edges derived from the resultant image
obtained from the DSG filter with window size of 29 x 29
pixels. (d) The edges derived from the resultant image ob-
tained from the WSG filter with window size of 29 x 29
pixels.

commonly used real-time filtering algorithms: the Adap-
tive Speckle Reduction (ASR) filter [1] and the Adaptive
Weighted Median (AWM) filter [2] on an ultrasound thy-
roid image of 512 x 512 pixels, depicted in Fig. 3(a). This
image allows us to evaluate the performance of both filters
for various working conditions since it contains edges with
highly contrast characteristics, ranging from sharp distinc-
tive edges to almost indiscernible ones. Furthermore, it does
not possess-any features that present major difficulties for
defining the real thyroid boundary. Fig.3(b) portrays the
edges derived by applying Canny’s edge detector directly
to the thyroid test image without any filtering. It appears
to contain numerous noise edges masking the real thyroid
boundary, thus making it impossible to segment the thyroid
out from the background.

Similar to the first problem, we also define polynomial
p;,; of the DSG filter in this evaluation to be of order two
in both m and n, and set parameters ¢, and o of the DSG
filter to be 0.9 and 0.95, respectively. The DSG, ASR, and
AWM filters with window sizes ranging from 3 x 3, 5 x 5,
..., 51 x 51,53 x 53 pixels are used to filter the thyroid im-
age. The images obtained these filters are passed as inputs
to Canny’s edge detector, and the resultant edges are then
visually judged and compared.

For the resultant edges obtained from the images pre-
processed by the DSG filter, we find that those filtered with
window sizes ranging from 11 x 11 pixels to 17 x 17 pix-
els produce the edges which seem to be best compromise
between the fine detail preservation and speckle noise sup-
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Fig. 3. (a) The original ultrasound thyroid image of 512 x
512 pixels, with white solid lines delineating the thyroid
boundary. (b) The edges of (a) derived using Canny’s edge
detector without any filtering.

pression. As an example, we display in Fig. 4(a) the thyroid
image pre-processed by the DSG filter with window size of
15 x 15 pixels, and in Fig. 4(b) the corresponding edges
derived using Canny’s edge detector. Note that the upper
boundary of the thyroid is preserved in'its entire range and
appears to be almost identical to that defined by the special-
ist, depicted in Fig. 3(a).

Fig. 4(c) and (e) depict the thyroid images pre-processed
by the ASR and AWM filters with window size of 15 x 15
pixels, and Fig. 4(d) and (f) depict their corresponding edges
derived using Canny’s edge detector. Note that the area in-
side the thyroid of Fig. 4(c) and (e) becomes highly blur,
almost lossing their original fine texture. For the ASR and
AWM filters with window size larger than 15 x 15 pixels,
the area of smeared texture extends beyond the boundaries,
causing the regions inside and those outside of the thyroid
to disffuse together and making the segmentation impossi-
ble. For the ASR and AWM filters with window size smaller
than 15 x 15 pixels, the cluttering noise edges appear to be
more and more numerous. Fig 4(c) and (e) also reveal that
both ASR and AWM filters possess limited ability to sup-
press noise near edge and feature regions as evident from
the fact that the noise or speckle in the neighborhoods of
features with high contrast, i.e., the area around the thyroid
boundaries, remain almost unfiltered.

5. CONCLUSIONS

The preliminary evaluation in Section 4 indicates that the
DSG filter is more effective in both reducing speckle noise
and coherence enhancement than both ASR and AWM fil-
ters. This better performance is attributed to the follow-
ing two factors: The first factor is that the DSG filter de-
rives the image estimate via the much flexible 2-D polyno-
mial weighted least squares fitting, as contrast to the other
filters which attempt to estimate the image intensities in
the window by a constant. The second factor is that the
DSG filter adjusts its weighting in the least square fit so that
the smoothing direction of the filter conform to that of the
anisotropy in each local region. Since the computation of
the DSG filter is rather simple, i.e., involoving mostly of
two linear convolution operations, such new technique has
a large potential in real-time ultrasound imaging enhance-
ment and in assisting automated segmentation.

Fig. 4. (a) Resultant image obtained from the DSG filter
with window size of 15 x 15 pixels. (b) The edges of (a)
derived using Canny’s edge detector. (c) Resultant image
obtained from the ASR filter with window size of 15 x 15
pixels. (d) The edges of (c) derived using Canny’s edge
detector. (e) Resultant image obtained from the AWM filter
with window size of 15 x 15 pixels. (f) The edges of (e)
derived using Canny’s edge detector.
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