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ABSTRACT

Noisereductionis animportantpreprocessingstep for many visual-
izationtechniquesthatmake useof featureextraction.We propose
amethodfor denoising2-D vectorfieldsthatarecorruptedby addi-
tive noise. The methodis basedon the vectorwavelet transform
and wavelet coefficient thresholding. We compareour wavelet-
baseddenoisingmethodwith Gaussianfiltering, andtesttheeffect
of thesemethodson the signal-to-noiseratio (SNR) of the vector
fieldsbeforeandafterdenoising.We alsostudytheeffect on rele-
vantdetailsfor visualization,suchasvortex measures.Theresults
show that for low SNR, Gaussianfiltering with large kernelshas
a somewhathigherperformancethanthewavelet-basedmethodin
termsof SNR.For larger SNR, the wavelet-basedmethodoutper-
formsGaussianfiltering. This is mostlydueto the fact thatGaus-
sianfiltering tendsto remove smalldetails,which arepreservedby
thewavelet-basedmethod.

CR Categories: I.4.3 [Image Processingand ComputerVi-
sion]: Enhancement—Filtering;G.1.2 [Numerical Analysis]:
Approximation—Waveletsandfractals
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1 INTRODUCTION

Data acquiredby physical measurementsare often corruptedby
noise.Thegoalof denoisingis to suppressthenoisewhile retain-
ing therelevantdetails.A commonlyuseddenoisingmethodis to
smooththe databy Gaussianfiltering. However, this doesnot only
affect thenoise,but alsomaydestroy detailedfeaturesin thedata.

About one decadeago, Donoho introduceda nonlinear signal
denoisingtechniquebasedonwaveletthresholding[3]. Sincethen,
much work hasbeendonein this area,and many wavelet-based
denoisingmethodshavebeenproposedfor scalardata.Thepurpose
of this paperis to report on work in progresson denoising2-D
vectordataby thresholdingwavelet coefficients that areobtained
by a so-calledvectorwavelet transform[7]. This is an extension
of the scalarwavelet transformthat dealswith vector data. It is
important to note that the vector wavelet transformis not just a
component-wisescalarwavelettransform.

2 VECTOR WAVELETS

Vector wavelet transformsare basedon so-calledmultiwavelets,
which consistof multiple scalingfunctionsandwavelet functions
rather than a single pair [7]. In principle, multiwaveletscan be
useddirectly to constructa vectorwavelet transform,however, it
turnsout thattheperformancefor signalprocessingapplicationsis
poor [4]. Thesourceof theproblemis the fact thatconstantinput
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signals(all vectorspoint in the samedirection)arenot preserved
whenperforminga reconstructionfrom waveletapproximationco-
efficientsonly. Intuitively, onewouldexpectaconstantsignal,how-
ever, mostmultiwaveletsintroduceanoscillatory distortion.This is
ratherdisturbing,asmostdenoisingandcompressionschemestend
to preservetheapproximationcoefficientsanddiscarddetailcoeffi-
cients.Onepossible solutionto this problemwasproposed,andit
involvesappropriatemultiwaveletdesigncriteria for vectordata[4].

We refer the readersto the papers[6] and[7] for detailsof the
vectorwavelet transform.It is relatively straightforward to extend
the pyramid algorithm of Mallat to computethe vector wavelet
transform. The extensionto 2-D is donein the standard way by
applyingthe1-D transform to therows andcolumns.Thewavelet
transformfor M levelsthenresultsin approximationcoefficientscM

andthreesetsof detailcoefficientsd j,1, d j,2, andd j,3, j = 1, . . . ,M.
Notethatthesecoefficientsarenow vectorsandnot scalars.

3 WAVELET-BASED DENOISING

We assumethatthenoiseis additive, andhasa normaldistribution
with zeromeanandvarianceσ2

n . Wavelet-baseddenoisingmeth-
ods then work in three steps. (1) Computean M-level wavelet
transform. (2) Modify the detail coefficients d j,1, d j,2, and d j,3,
j = 1, . . . ,M, by hardor soft thresholding.Both methodsset the
coefficientsbelow the thresholdT to zero. Soft thresholding ad-
ditionally reducesthe amplitudeof the othercoefficientsby T , a
procedurealso called shrinkage. The approximation coefficients
cM arenotmodified.(3) Computetheinversewavelettransform.

Many methodshavebeenproposedto selectagoodthresholdT ,
a numberof which arecontainedin theWaveLabsoftware[1]. In
this paper, we usea methodcalledBayesShrink[2], which com-
putesa data-drivenestimateof T for eachsetof detailcoefficients
independently. As theoriginal methoddealsonly with scalardata,
we madeadaptationssuchthat it candealwith vectordata. In our
method,the thresholdselectionis basedon the vectormagnitude,
andour soft thresholdingextensionshrinksthevectormagnitudes.
This meansthat thresholdingdoesnot affect the direction of the
vectors,but only their lengths.

4 RESULTS

We conducteda seriesof experimentsin which noiseof known
standarddeviation wasaddedto a slice (490×490)of a hurricane
dataset.Theresultingnoisyvectorfieldshadsignal-to-noiseratios
(SNR)of {5, 10, 15, 20, 25, 30, 35, 40, 45, 50}. TheSNR is ex-
pressedin dB andcomputedfrom thestandarddeviationsσ (data)
andσn (noise)as

SNR= 20log10
σ

σn
.

We appliedour wavelet-baseddenoisingmethodto the noisy
vectorfields,usingthebiorthogonalOBSA 7-5 multiwavelets[4],
with filter lengths7 and 5 for the low-passand high-passfilter,
respectively. The depthof the wavelet decompositionwas set to
three.Wealsoperformedfiltering with Gaussiankernelsof various
widths. Thewidth of theGaussiankernelis describedby its width
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Figure 1: Performance of wavelet-based denoising (OBSA) and Gaus-
sian filtering (FWHM).

in pixels at half of the maximumof the heightof the Gaussian,a
measurecalledFull Width at Half Maximum(FWHM). For exam-
ple, for FWHM = 5, the total kernel width from −3σ to 3σ is 13
pixels.

Figure1 shows the outputSNR plottedagainst the input SNR.
Theplot shows thatGaussianfiltering with largekernelsperforms
slightly betterthanthe wavelet-basedmethodfor very low SNRs.
For anSNRbetween15and20dB, bothmethodsshow similarper-
formance.For largerSNRs, theGaussianfiltering methodsmooths
to strongly, andfor SNRsabove 30 dB, theoutputSNRis actually
lowerthantheinputSNR.Thewavelet-basedmethoddoesnothave
this problem,andtheoutputSNRis in theworstcaseequalto the
inputSNR.Wealsoperformedtheexperiment(resultsnotincluded)
with the OBSA 5-3 wavelet, andits performanceis similar to the
performanceof theOBSA 7-5 wavelet. However, theperformance
for low SNR is worse,which canbeexplainedby the fact that the
OBSA5-3waveletis notassmoothastheOBSA7-5wavelet.

Figure2 shows color-encoded(blue to red)λ2 values[5] in the
range[0.05,1.0] for someof thegeneratednoisyvectorfield input
datasets,thebestresultsobtainedby Gaussianfiltering, andthere-
sultsof wavelet-baseddenoising.Theseimagesconfirmthatfor low
SNR,Gaussianfiltering producesasomewhatbetterresult.For the
high SNR input (almostnoisefree), Gaussianfiltering missesde-
tails,especiallyin theareaswith fine detail. An exampleof lossof
detailis shown in Fig.3, in whichasmallverticalstructureis visible
in the original data(Fig. 3(a)),which is lost by Gaussianfiltering
(Fig. 3(b)),but retainedby ourwavelet-basedmethod(Fig. 3(c)).

5 DISCUSSION

Wehaveproposedadenoisingmethodfor 2-D vectorfieldsthatare
corruptedby additive noise. The methodis an extensionof scalar
wavelet-baseddenoising techniquesto vectordata,andmakesuse
of a vectorwavelettransform.Currently, we areworking on anex-
tensionto vectorswith threecomponents.Thisis challenging,since
mostresearchhasfocussedon multiwavelet designfor vectorsof
only two components. This extensionwould openup thepossibil-
ity of denoising3-D vectorfields,andcould resultin a promising
denoisingmethodfor diffusion-tensorMRI volumetricdata.
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Figure 2: All images show color-encoded λ2 values in a selected
range. Top row: input data with increasing SNR from left to right.
The second and third row show denoised versions of these input data
sets. Second row: Gaussian filtering with the filter with the best
performance. Third row: wavelet-based denoising.
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Figure 3: Detail images of a larger coherent feature in the data,
selected from the larger structures in the upper left quadrants of the
images in the third column of Fig. 2. (a) Original data. (b) Gaussian
filtering. (c) Wavelet-based denoising. Note how the small vertical
structure on the left disappears with Gaussian filtering.
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