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ABSTRACT
Noise reductionis an importantpreprocessingstep for many visualizationtechniquesthat make useof feature
extraction.We proposea methodfor denoising2-D vector�elds thatarecorruptedby additive noise.Themethod
is basedon the vectorwavelet transform,which transformsa vector input signalto wavelet coef� cientsthat are
alsovectors.We introducemodi�cations to scalarwaveletcoef�cient thresholdingfor dealingwith vector-valued
coef�cients. We compareour wavelet-baseddenoisingmethodwith Gaussian�ltering, andtesttheeffect of these
methodson the signal-to-noiseratio (SNR) of the vector �elds beforeand after denoising. We also compare
our methodwith component-wisescalarwavelet thresholding.Furthermore,we usea vortex measureto study
the performancesof the methodsfor retainingrelevant detailsfor visualization. The resultsshow that for very
low SNR,Gaussian�ltering with large kernelshasa slightly betterperformancethanthe wavelet-basedmethod
in termsof SNR. For larger SNR, the wavelet-basedmethodoutperformsGaussian�ltering, becauseGaussian
�ltering removessmall detailsthatarepreservedby thewavelet-basedmethod.Component-wisedenoisinghasa
lowerperformancethanourmethod.
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1. INTRODUCTION
Dataacquiredby physicalmeasurementsareoftencor-
ruptedby noise.In � uid mechanics,suchdatamaybe
obtainedby, for instance,particle imagevelocimetry
(PIV). This is a techniquethatprovidesglobal veloc-
ity measurementsby recordingthepositionover time
of smalltracerparticlesinsertedinto the�o w [Pra00].
Noisein the recordedimagesis a sourceof errorsin
PIV measurements,andit canresult in spuriousvec-
tors or global noisein the reconstructedvector �eld.
Thespuriousvectorscanbe repairedby averagingor
median�ltering, however, theglobalnoiserequiresa
differentremoval method.
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Theprocessof removing noiseis calleddenoising,and
its goalis to suppressthenoisewhile retainingtherel-
evantdetails. A commonlyuseddenoisingmethodis
smoothingby Gaussian�ltering. However, this does
not only affect the noise,but alsomay destroy small
featuresin thedata.

Betterperformanceis usuallyobtainedby asmoothing
techniquethat is edge-preserving,suchasanisotropic
diffusion [Per90]. This techniquehasbeenextended
for smoothingorientation �elds [Per98], but it has
not beentestedin a practicalapplication,andhasnot
beenevaluatedon directional�elds. Anothersuccess-
ful iterative methodfor imagedenoisingis basedon
minimizing the total variationof the imagesubjectto
constraintsthat involve the noisestatistics[Rud92].
This approachhas been extended to vector-valued
functions,andhasbeenusedfor denoisingcolor im-
ages[Blo98]. In a recentpaper, this methodwasused
for thereconstructionof �o w velocity imagesacquired
by magneticresonancevelocity imaging[Ng03]. Such
imagesareusedin thestudyof cardiovascularfunction
by analyzingthe blood �o w patternsand their inter-
actionwith cardiovascularstructure.Noisehasdetri-



mentaleffectsonthisanalysis,andit is very important
that featuresin thedataareretainedby thedenoising
method.

Anotherclassof denoisingmethodsis basedonthresh-
olding of wavelet coef�cients, an idea introduced
about one decadeago by Donoho [Don95]. Since
then, much work has been done in this area, and
many wavelet-baseddenoising methodshave been
proposedfor scalar signals [Str01], natural images
[Cha00,Sim96],andmedicalimages[Pi�z03,Win04],
to namea few.

The purposeof this paper is to report on work in
progresson denoising2-D vector data that are cor-
ruptedby additivenoise.Ourmethodperformsthresh-
olding on wavelet coef�cients that areobtainedby a
so-calledvector wavelet transform[Xia96]. This is
anextensionof thescalarwavelettransformthatdeals
with vector data,andit mapsvectordatato waveletco-
ef�cients thatarealsovectors. It is importantto note
that the vector wavelet transformis different from a
component-wisescalarwavelettransform,andthatthe
mathematicalfoundationis basedon multiwavelets.
We introduceextensionsto the scalarwavelet-based
denoisingtechnique, in order to be able to dealwith
thevector-valuedcoef�cients.

The organizationof this paper is as follows. Sec-
tion 2 discussesthemathematicalbackgroundof vec-
tor wavelets,anddescribesthe algorithmto compute
the vectorwavelet transformef�ciently . In Section3
we brie�y describewavelet-baseddenoisingof scalar
data,andwe introduceour modi�cations for dealing
with vector data. Section4 comparesthe resultsof
vectorwavelet-baseddenoisingandGaussiansmooth-
ing, andwe performan experimentwith component-
basedscalarwaveletdenoising. Finally, we draw con-
clusionsin Section5 anddiscussfuturework.

2. VECTOR WAVELETS
The conceptof a vector wavelet transformhas ex-
istedfor abouta decade,andthetheoryfollows scalar
wavelet theoryclosely [Xia96]. Vectorwavelet trans-
formsarebasedonso-calledmultiwavelets,which ex-
pandascalarfunctionby severalscalingfunctionsand
wavelet functionsrather thanby a singlepair. In the
following, we brie�y describemultiwavelets,andwe
referthereadersto thepapers[Tan99]and[Xia96] for
full details.

2.1 Multiwa velets
A biorthogonalmultiwavelet basisconsistsof amulti-
scalingfunctionvectorF (t) := [f 1(t); : : : ; f r (t)]T and
its dual eF (t) := [ef 1(t); : : : ; ef r (t)]T, with r an integer,

andxT denotingthetransposeof x. Typically, r = 2 or
r = 3 in practicalapplicationswith 2-D and3-D vec-
tor �elds, respectively. Thesemultiscalingfunctions
satisfythetwo-scaledilation equations

F (t) =
p

2å
n

HnF (2t � n);

eF (t) =
p

2å
n

eHneF (2t � n);
(1)

in which Hn and eHn are real-valuedr � r matrix se-
quences.The multiwavelet functionsY(t) and eY(t)
areassociatedwith the multiscalingfunctionsby the
two-scalewaveletequations

Y(t) =
p

2å
n

GnF (2t � n);

eY(t) =
p

2å
n

eGneF (2t � n);
(2)

in which Gn and eGn arealso real-valuedr � r matrix
sequences.

The expansionof an input vector signal f T(t) on a
biorthogonalmultiwaveletbasis is givenby

f T(t) = å
k

(cM
k )TF M;k(t) +

M

å
j= 1

å
k

(d j
k)TY j ;k(t);

F j ;k(t) = 2� j=2F (2� j t � k);

Y j ;k(t) = 2� j=2Y(2� j t � k);

(3)

whereM denotesthedepthof thedecomposition. The
coef�cients cM

k andd j
k arecalledapproximationcoef-

�cients anddetail coef�cients, respectively, as in the
scalarcase.Notethat thesecoef�cients arenow r � 1
columnvectors.

2.2 Fast vector wavelet transform
Given coef� cient sequencesHn, Gn, eHn, and eGn that
arer � r matrices,andwhichsatisfytheperfectrecon-
structionconditions,we cancomputethe1-D discrete
vectorwavelet transform of the input sequencec0 by
thepyramidalgorithmof Mallat. Themaindifference
with thescalaralgorithmis thatscalarmultiplications
arereplacedby matrix-vectormultiplications.TheM-
level waveletdecompositioncomputesthecoef�c ients
c j

k andd j
k as

c j
k = å

n

eHn� 2kc
j � 1
n d j

k = å
n

eGn� 2kc
j � 1
n : (4)

Reconstructionis computedas

c j � 1
k = å

n
HT

k� 2nc j
n + å

n
GT

k� 2nd j
n: (5)

Theextensionto a 2-D transformis donein thestan-
dardway by applying the 1-D transformto the rows
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Figure 1. Coef�cients of a thr eelevel 2-D (vector)
wavelet transform.

andcolumns.Thewavelettransformfor M levelsthen
resultsin approximationcoef�cients cM

k;l andthreesets

of detail coef�cients d j ;t
k;l , j = 1; : : : ;M, t = f 1;2;3g.

Thecoef�cients areorderedasshown in Fig. 1.

2.3 Filter coef�cients
In principle,the� lter coef�cients of themultiwavelets
availablefrom theliteraturecouldbeusedfor comput-
ing thevectorwavelet transform.However, it turnsout
that the performancefor vectorsignalprocessingap-
plicationsis poor[Fow02]. Thesourceof theproblem
lies in the fact thatconstantinput signalsare not pre-
servedwhenperformingareconstructionfrom wavelet
approximationcoef�cients only. Constantin thecon-
text of vector �e lds meansthat all vectorspoint in
the samedirection. Intuitively, one would expect a
constantsignal,however, mostmultiwaveletsresultin
an oscillatory distortion. This meansthat the coef�-
cientscM

k;l do not consistof a low resolutionapproxi-
mationof the original data. This is rather disturbing,
asmostdenoisingandcompressionschemes preserve
theapproximationcoef�cients anddiscarddetailcoef-
�cients.

Fowler andHua [Fow02] have proposeda schemeto
design�lter coef�cients thatde�ne amultiwaveletba-
sis that doesnot suffer from the problem mentioned
above. Theresultingwaveletsareknown by thename
omnidirectionallybalancedsymmetric-antisymmetric
(OBSA);partof thisnamerefersto theconstraintsfor-
mulatedfor theconstructionprocess.In theremainder
of thispaper, wewill usetheOBSA5-3andOBSA7-5
�lters. The numbersdenotethe lengthsof the coef�-
cientsequencesHn and eHn, respectively.

3. WAVELET-BASED DENOISING
Weassumethatthenoiseis additive, andhasanormal
distribution with zeromeanandvariances 2

n , denoted
asN(0;s 2

n ). Wavelet-baseddenoisingmethodsin the
1-D scalarcasethenwork in threesteps.(1) Compute
an M-level wavelet transform. (2) Modify the detail

coef�cients d j
k, j = 1; : : : ;M, by a thresholdfunction.

The approximation coef�cients cM
k are not modi�ed.

(3) Computethe inversewavelet transform. The ex-
tensionto higherdimensionsisstraightforward.

Therearetwo popularthresholdfunctionsin use:hard
andsoft thresholding.Both setthecoef�cients below
thethresholdT to zero. Hardthresholdingretainsthe
coef�cients abovethethresholdunaltered.Soft thresh-
olding,alsocalledshrinkage,reducestheamplitudeof
thecoef�cients aboveT asfollows

hT (x) = sgn(x) � max(jxj � T;0): (6)

For image denoising, soft thresholding generally
yieldsmorevisually pleasingresultsthanhardthresh-
olding,andit is thereforethepreferredchoice.

Many methodshave beenproposedto selecta good
thresholdT, a numberof which arecontainedin the
WaveLab software [Buc95]. In this paper, we usea
methodcalledBayesShrink[Cha00],which computes
a data-drivenestimateof T for eachsetof detailcoef-
�cients d j ;t

k;l , t = f 1;2;3g independently. Thismethod
wasproposedfor imagedenoising,andit is basedon
theobservation thatthedetailcoef�cients in asubband
of a natural imagecan be characterized by a gener-
alizedGaussiandistribution (GGD) [Mal89, Sim96].
Theprobabilitydensityfunction is givenby

p(x) =
�

nh (n;s )
2G(1=n)

�
e� [h (n;s )jxj]n ; (7)

with

h (n;s ) =
1
s

s
G(3=n)
G(1=n)

; (8)

whereG(x) denotesthe gammafunction. The shape
parametern controlstheexponentialrateof decay. A
Gaussiandistribution is obtainedby n = 2. The pa-
rameters is thestandarddeviation.

We have observed that the individual componentsof
thevectordetail coef�cients alsofollow a GGD. Fig-
ure2 showspartsof thehistogramsof thesecond-level
vectordetail coef�cients d2;1

k;l , d2;2
k;l , andd2;3

k;l of a slice
of a hurricanedataset as an example. The top row
shows the histograms of the �rst componentsof the
vectors,andthe bottomrow shows the histogramsof
the secondcomponents.All thesehistogramscanbe
qualitatively describedby a GGD. It is thereforevalid
to usetheBayesShrinkmethod.

We cannow describeour modi�cations to the scalar
wavelet-baseddenoisingschemefor dealingwith vec-
tor data. Calculationsthat involve the absolute value
of ascalarcoef�cient now usethevectormagnitudeof
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Figure 2. Histograms of vector wavelet detail co-
ef�cients at level 2 of an example data set. His-
tograms of the �rst vector components are on the
top row and of the secondcomponentson the bot-
tom row. From left to right are d2;1

k;l , d2;2
k;l , and d2;3

k;l ,
respectively. All histogramscan be describedqual-
itati vely by a generalizedGaussiandistrib ution.

that coef�cient. Furthermore,we de�ne the variance
s 2 of anN � N vector�eld vk;l as

s 2 =
1

rN2

N

å
k= 1

N

å
l= 1

jjvk;l � Åvjj2; (9)

where the average Åv is a vector that contains the
component-wiseaveragesof vk;l , andjj � jj denotesthe
Euclidiannorm. This de�nition includesa division by
r, the numberof componentsof the vectors,for the
following reason.If avector�eld containsonly noise,
i.e.,eachcomponentcontainsnoisedistributedasnor-
mal N(0;s 2), theequationabove will yield precisely
s 2.

The thresholdis dependenton the varianceŝ 2
d of the

coef�cients d j ;t
k;l under considerationand the global

noisevariances 2. If the noisecharacteristicsof the
dataacquisitionprocessareknown, it maybepossible
to determinetheglobalnoisevariancefrom thatinfor-
mation.Alternatively, theglobalnoisevariancecanbe
estimatedfrom thedetailcoef�cients d1;3

k;l by therobust
medianestimator[Cha00]:

ŝ =
median(jd1;3

k;l j)

0:6745
: (10)

Finally, thethresholdT is computedas

T =
ŝ 2

q
max(ŝ 2

d � ŝ 2;0)
: (11)

If the denominatorin this equation becomesequalto
zero,the thresholdT becomes¥ , andall coef�cients
areassignedthezerovector.

For our method, we adaptedthe soft thresholding
methodsuchthatit shrinksthevectormagnitudes.We
de�ne themodi�ed soft thresholding~hT (x) for a vec-
tor x as

~hT (x) = x�
max(jxj � T;0)

jxj
: (12)

Whenjxj = 0, weset~hT (x) = [0;0]T.

4. RESULTS
We conducteda seriesof experimentsin which noise
of known standarddeviation was addedto a slice
(490� 490) of a hurricanedataset, consistingof 2-
componentvelocity vectors,seeFig. 3(a). The re-
sulting noisy vector �elds had signal-to-noise ratios
(SNR)of f 5, 10, 15, 20, 25, 30, 35, 40, 45, 50g. An
examplerenderingof thevectormagnitudesof anoisy
vector�eld with SNR= 10 is shown in Fig. 3(b). The
SNRis expressedin dB andcomputedfrom thestan-
darddeviationss (data)andsn (noise)as

SNR= 20log10
s
sn

:

To provide someintuition, an SNR around40 dB is
consideredacceptablein imageprocessing.

Weappliedourwavelet-baseddenoisingmethodto the
resulting noisy vector �elds, using the biorthogonal
OBSA5-3andOBSA7-5multiwavelets.Thedepthof
thewaveletdecompositionwas�x edto three.Wealso
performed�lte ring with Gaussiankernelsof various
widths. Thewidth of theGaussiankernelis described
by its width in pixels at half of the maximum of the
heightof the Gaussian,a measurecalledFull Width
at Half Maximum(FWHM). For example,a Gaussian
�lter with FWHM = 5 contains13 pixels whensam-
pled between� 3s and3s . Filter valuesbeyond 3s
arenegligibly small,andarethereforenotused.

Examplerenderingsof the vector magnitudesof the
resultsof both Gaussian�ltering andour methodare
shown in Fig. 3(c) and Fig. 3(d), respectively. The
noisy input vectordatahadSNR= 10 (Fig. 3(b)), a
high noiselevel at which thestandarddeviation of the
noiseis aboutone-thirdthe standarddeviation of the
data. Qualitatively, both output imageslook similar,
althoughtheGaussian� ltereddataappearsto bemore
smooth,due to the large �lter kernelused. The per-
formanceof the methodsis comparable,asthey both
yield similar outputsignal-to-noiseratios.

Figure4 shows theoutputSNRplottedagainst thein-
put SNR.Theplot shows that Gaussian�ltering with
largekernelsperformsslightly betterthanthewavelet-
basedmethodfor very low SNRs. For an SNR be-
tween15 and20 dB, bothmethodsshow similar per-
formance. For larger SNRs, the Gaussian�lt ering
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Figure 3. The imagesshow color-encodedvector
magnitudes;red correspondsto high velocitiesand
dark blue to low velocities.(a) Noise-freetest data.
(b) Noisy test data with SNR = 10. (c) Result af-
ter denoisingby Gaussian�ltering with FWHM 5.
The �lter ed data hasSNR = 23:4. (d) Result after
denoisingby wavelet coef�cient thr esholding. The
resultingdata hasSNR= 22:3.

methodsmoothsto strongly, andfor SNRsabove 30
dB, the output SNR is actually lower than the input
SNR. The wavelet-basedmethoddoesnot have this
problem,andtheoutputSNRis in theworstcaseequal
to the input SNR. We alsoperformedthe experiment
(resultsnot included)with theOBSA5-3wavelet,and
its performanceis similar to the performanceof the
OBSA 7-5 wavelet. However, the performancefor
low SNRis worse,which canbeexplainedby thefact
that the OBSA 5-3 wavelet is not as smoothas the
OBSA7-5wavelet.

For comparison,we implementedcomponent-based
scalarwavelet-baseddenoising, i.e. we treatedeach
componentof the vector �eld as a scalardata set,
and applied scalar denoising. We used a fourth-
order B-spline wavelet [Chu92] as a basic wavelet.
It is clear that component-wisedenoisinghasa con-
sistently lower performancethan a vector-basedap-
proachfor thewaveletswe tested,seeFig. 4. We pre-
sumethis is dueto possibilityof changingtheorienta-
tion of a vectorwhenits componentsarethresholded
independently. A moreextensive investigation is nec-
essaryto seeif this is indeedthe causeof the lower
performance.
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Figure 4. The output SNR plotted against the in-
put SNR of wavelet-baseddenoising (OBSA 7-5)
and Gaussian�ltering (FWHM) with �l ters of in-
creasing width. Also plotted is the performance
of scalar wavelet-baseddenoisingof the individual
vector componentsindependently of eachother.
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Figure 5. Output MSE plotted against the input
SNR of wavelet-baseddenoising (OBSA 7-5) and
Gaussian�ltering (FWHM) with �lters of increas-
ing width. Also plotted is the performanceof scalar
wavelet-baseddenoising of the individual vector
componentsindependentlyof eachother.

We alsocomputedthemeansquareerrors(MSE) be-
tweentheoriginal dataandthedenoiseddata,andthe
resultsareshown in Fig. 5. The vertical axis is on a
logarithmicscale.Theplot con�rms thatGaussian�l-
teringsmoothstoo muchwhenthenoiselevel is low,
which resultsin an MSE that is almosttwo ordersof
magnitudelargerin comparisonwith ourmethod.

Although the SNR is a good measurefor the overall
performance,it is not suitableto measure how well
localfeaturesareretained.A problem,however, is that



(a) (b) (c)

Figure7. Detail imagesof a larger coherent feature
in the data, selectedfr om the larger structur es in
the upper left quadrants of the imagesin the third
row of Fig. 6. (a) Noise-freedata. (b) Gaussian�l-
tering. (c) Wavelet-baseddenoising. Note how the
small vertical structur e on the left disappears with
Gaussian�ltering .

wedonotactuallyhavesuitablequantitativemeasures,
therefore,werender animageof thefeatureof interest,
andmakeavisualassessmentof theperformance.Our
featureof interestis ameasureof vorticity, commonly
referredto as the l 2-de�nition [Jeo95]. The method
computestheeigenvaluesl 1, l 2, andl 3, l 1 � l 2 � l 3,
of thematrix

M =
�

J+ JT

2

� 2

+
�

J � JT

2

� 2

: (13)

Here,J is thevelocitygradienttensor. Vortex coresare
de�ned asthepointswherel 2 is negative.

Figure 6 shows color-encoded(blue to red) l 2 val-
ues in a selectedrange for some of the generated
noisyvector�elds (left column),andtheresultsof de-
noising thesedatasetsby Gaussian�lte ring andour
method. The middle column shows the best results
obtainedby Gaussian�ltering, and the right column
shows the resultsof our methodusingtheOBSA 7-5
multiwavelets.TheSNRis displayedbelow eachim-
age,as well as the �lter sizeof the Gaussiankernel,
andthepercentageof waveletcoef�cients thatremain
afterthresholding.Thesepercentagesareindicativeof
thepowerof waveletsto capturerelevantfeatureswith
only asmallnumberof coef�c ients.

For thehigh SNRinput (almostnoisefree),Gaussian
�ltering missesdetails,especiallyin theareaswith �ne
detail.An exampleof lossof detailis shown in Fig. 7,
in whichasmallverticalstructureis visiblein theorig-
inal data(Fig.7(a)),whichis lostby Gaussian� ltering
(Fig. 7(b)), but retainedby our wavelet-basedmethod
(Fig. 7(c)).

We have seenthat for high noiselevels,Gaussian�l-
tering performsbetter, becausestrongerlow-pass�l-
tering is needed. However, this is also possibleto
performwith our method. It appearsthat the thresh-
old selectionprocessunderestimatesthe noiselevel,

(a) (b)

(c) (d)

Figure 8. Denoising of the noisy vector data with
SNR = 10. All imagesshow color-encoded l 2 val-
uesin a selectedrange. (a) Rendering of the noise-
fr ee data. (b) Result of Gaussian �ltering with
FWHM 5. (c) Wavelet-baseddenoising with au-
tomatic thr esholdselection. The thr eshold is such
that 5% of the largestdetail coef�cients remain af-
ter thr esholding. (d) Wavelet-baseddenoisingwith
the thr eshold lowered to a value suchthat only 2%
of the largestdetail coef�cients are retained.

andthata lower thresholdvalueis necessary. We per-
formedasimpleexperimentwith thenoisyvector data
with SNR= 10 to seeif it is possibleto improve the
output of our method,and the resultsare shown in
Fig. 8. Thel 2 valuesof thenoise-freedataareshown
in Fig. 8(a).Werepeattheresultsof Gaussian �lt ering
andourmethodin Fig.8(b)andFig.8(c),respectively.
Our methodretainsabout5% of the largestdetail co-
ef�cients. Whenwelower thethreshold suchthatonly
2% of the largestcoef�c ientsareretained,we obtain
theimageshown in Fig. 8(d). TheSNRimprovesonly
slightly to SNR= 22:5, but the visual appearanceof
the featuresis muchimproved, andwe alsosee a re-
ductionof artifacts,i.e., featuresintroducedthatwere
notin theoriginalnoise-freedata.Althoughthisshows
thatit is possibleto obtainamore`smooth'resultwith
our method,the problemis that this approachintro-
ducesa parameter(the numberof coef�cients to re-
tain) in themethod.



Noisy inputs Gaussian �ltering Waveletdenoising

SNR= 10 FWHM 5; SNR= 23:4 OBSA7-5; SNR= 22:3; 5.1%

SNR= 25 FWHM 2; SNR= 29:8 OBSA7-5; SNR= 29:4; 16.8%

SNR= 50 FWHM 2; SNR= 31:7 OBSA7-5; SNR= 50:4; 70.4%

Figure6. Resultsof denoisingusingGaussian�ltering and wavelet-baseddenoising. All imagesshow color-
encodedl 2 values in a selectedrange. Left column: noisy input data of various signal-to-noiseratios.
Middle column: results of Gaussian�lteri ng using the �lter with the best performance. Right column:
wavelet-baseddenoisingwith the OBSA 7-5 multiwavelets. The depth of the wavelet decomposition was
�xed at thr eelevels. The resulting SNR after denoisingis shown below the images.Additionally , the right
column shows the percentageof remainingwaveletdetail coef�cients.



5. DISCUSSION
We have proposeda denoisingmethodfor 2-D vec-
tor �elds that are corruptedby additive noise. The
methodis anextension of scalarwavelet-baseddenois-
ing techniquesto vectordata,andmakesuseof a vec-
tor wavelettransform.

Wehaveshown thattheproposedmethodoutperforms
Gaussiansmoothingfor low to moderatenoiselevels.
For very high noiselevels, the wavelet thresholdse-
lection appearsto underestimatethe noiselevel, and
in suchcase,Gaussian�lteri ng performsbetter. How-
ever, by adaptingthethreshold,wehavedemonstrated
that the result can be improved. This should be in-
vestigatedin a moresystematicway, andit would be
interestingto seeif otherwaveletcoef�cient threshold
selectionschemesproducebetter results.

Wehavealsoperformedasimpleexperimentin which
we usedscalardenoisingappliedto the vector com-
ponentsindependently. The result of this experiment
shows that it is necessaryto treat the vectorcompo-
nentsin a coupledway. It would be possible to use
a component-wisescalarwavelet transformcombined
with our proposedvectorcoef�cient thresholding.We
expect, however, that the performancewil l still be
lower, sincethevectorwavelettransformalreadycon-
sidersthe coupling of the vector componentsduring
thedecompositionphase.

Currently, we are working on an extension to vec-
torswith threecomponents.This is challenging,since
most research has focussedon multiwavelet design
for vectors of only two components.This extension
would openup the possibility of denoising3-D vec-
tor �elds, andcouldalsoresultin a promisingdenois-
ing methodfor diffusion-tensorMRI volumetricdata.
It may alsobe useful for the studyof cardiovascular
function,anda comparisonwith themethodproposed
by Ng [Ng03], shouldbe made. Finally, it is neces-
saryto evaluatethemethod on PVI datasets,which is
ongoingwork.
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