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Abstract

Clinical MRI data is normally corrupted by random noise from the measurement processwhich
reducesthe accuracyand reliabilit y of any automatic analysis. For this reason,de-noisingmethods are
often applied to increasethe SNR and improve image quality. Most of these methods work on single
channel imagesby correcting each grey level using an implicit model of the surrounding region, but
without taking into consideration the potential multispectral nature of MR images. In this paper we
present an extension of a recently proposed�lter to reduce random noise in multispectral MR images
and test it on synthetic and real images. We compareperformanceto a multispectral approach based
upon the imaging physics and published previously at this conferenceusing real data. We conclude
from our results that thesemethods can be usedfor de-noisingof MR data.

In tro duction

MRI de-noisingis a commonpre-processingstep in many MR imageprocessingand analysistasks, such assegmen-
tation or registration. Many �ltering methods are basedon the signal averaging principle which usesthe spatial
redundancy in the image. In this sense,Gaussian�lters have beenlargely usedin someapplications such as fMRI
but they have the disadvantage of blurring edgesdue to averaging of non similar patterns. In order to avoid this
problem many edgepreserving �lters have been proposed. Probably the best known is the Anisotropic Di�usion
Filter (ADF) (Guerig et al,1992;A. Samsonov and C. Johnson,2004). Such �lters respect edgesby averagingpixels
in the orthogonal direction of the local gradient. However such �ltering can erasesmall features and may change
imagestatistics. Wavelet based�lters have also beenapplied to MRI de-noising(R. Nowak, 1999;J. C. Wood and
K. M. Johnson,1999)but such �lters tend to intro ducecharacteristic artifacts that can be very problematic for the
clinicians.

Most existing �lters work on single channel imageswithout taking into consideration the potential multispectral
nature of MR images. There are few methods that use the multispectral information as basis for the de-noising
process. One of the �rst attempts to use this information was the multispectral ADF proposedby Gerig (Gerig
et al,1992). In their work they proposeusing the gradient information of the di�eren t channels to conduct the
di�usion process.A wavelet basede-noisingtechnique for multispectral imagesexploiting interscaleand interchan-
nel correlations has also beenproposed(Scheunders,2004). This technique is demonstrated to outperform single
channel wavelet thresholding techniques. Finally, a partial volume segmentation basedapproach hasbeenrecently
proposed in Thacker (Thacker et al, 2004) where the �ltering is performed using multidimensional data and a
partial volume data density model (MPVM). This approach abandonsaltogether local smoothnessconstraints and
achieves noise �ltering by enforcing agreement between measureddata using underlying tissue proportions com-
puted from a physics basedimage formation model. This work also intro duced a new way of characterising noise
�lters, which permits direct comparisonof �ltering techniqueson real (as opposedto simulated) data, thereby ob-
taining more meaningful measureswithout the needfor a gold standard. This multi-spectral �ltering method was
previously evaluated in comparisonto singleimage�ltering approaches. At the time a state of the art multispectral
noise �lter was not implemented for comparison.

In the present work we extend the application of a new �lter recently proposedby Buades (Buades et al 2005)
know as Non-local means(NL-means) to de-noisemultispectral MR images. The technique is �rst evaluated in
the conventional way using simulated data sets,and then comparedto the MPVM noise�lter using our previously
suggestedevaluation method on real data.

Metho ds

The NL-means �lter is an evolution of the Yaroslavsky �lter (Yaroslavsky, 1985) which averagessimilar image
pixels de�ned according to their local intensity similarit y. The main di�erence between the NL-means and this
�lter is that the similarit y betweenpixels hasbeenmademore robust to noiseby using a region comparison,rather



than pixel comparisonand also that matching patterns are not restricted to be local. That is, pixels far from the
pixel being �ltered are not penalised.

Given an image Y the �ltered value at a point p using the NL-means method is computed as a weighted average
of neighbouring pixels Np in the image following this formula:
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where p is point being �ltering and q represents any other image pixel1. The weights w(p;q) are basedon the
similarit y between the neighbourhoods Np and Nq of pixels p and q. N i is de�ned as a square neighbourhood
window centred around pixel i with a user-de�ned radius Rsim . Theoretically, noise �ltering performed must be
consideredas an estimation task. Therefore, the processof linear weighting and the weight factors w(p;q) can
be regarded as the calculation which computes the most likely noise free grey-level value of the selectedpixel,
on the basis of the measuredevidence. A simple example which leads to this form of solution can be derived
using Likelihood, on the assumption that the measurements form each image (Y (q) and Y(p)) can be taken as
an independent estimate of the noisefree value, drawn from a Gaussiandistribution with variance 1=w(p;q). The
processof selectingthe most e�ectiv e noise�ltering algorithm can be consideredas a way of optimising the match
betweenthe assumedcomputational form and the statistical distributions in the data.

In the caseof NL-means, w(p;q) is calculated as:
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z(p) is the normalising constant, h is a exponential decay control parameter and Gr ho is a normalised Gaussian
weighting function with zero mean and standard deviation � (generally set to 1), so that d is a Gaussianweighted
squaredEuclidian distance of all the pixels of the neighbourhood. The normalisation factor is de�ned by:

z(p) =
N pX

exp(� d(p;q)=h2) (3)

The weighting processpenalisespixels far from the centre of the neighbourhood window giving more weight to
pixels near the centre2. To eliminate over-weighting in (1), the original NLM method w(p,p) was calculated as:

w(p;p) = max(w(p;q); 8q 6= p) (4)

However, this correction can have the disadvantage of blurring singular points (i.e. pixels with no similar patches,
like image cornersand peaksor valleys) by averaging them with non similar patches3.

As the acquisition of multispectral sequencesis common in clinical practice the above method can be extended
to be usedon a multichannel framework. E�ectiv ely, the similarit y measurecan be better obtained by combining
information of various channels. Therefore, we propose to use a multispectral similarit y function described as
follows:
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wherez(p) is the appropriate normalisation factor, C is the number of channelsand h i parameter is closelyrelated
with the noisestandard deviation of each channel. We will refer to this multispectral method as MNLM.

The NLM algorithm hasthree parametersand the �lter results depend highly on their setting. The �rst parameter
is the radius of the search window enclosingNP . The secondparameter, Rsim , is the radius of the neighbourhood
window usedto �nd the similarit y betweentwo pixels. If the value of Rsim is increasedthe similarit y measurewill
be more robust but fewer similar neighbourhoods will be found. The third parameter, h, is related to the decay
of the exponential curve and controls the degreeof smoothing. If h is too small, little noisewill be removed while
if h is set too high, the image will be blurred. In our experiments we usean 11x11search window, which seemsa
reasonablevalue for medical images. The best setting for Rsim and h under di�eren t noiselevels was estimated to
be Rsim = 1 and h is set to the estimated standard deviation of image noise.

1 In principle N p can include the whole image, though e�ciency requirements normally prevent this.
2The center pixel of the Gaussian weighting window is set to the same value that the pixels at a distance 1 to avoid over-weighting

e�ects.
3To overcome this situation, we apply equation 4 only if the maxim um w is above to a �xed threshold. We have �xed this value to

0.002 which corresponds to pixels far more than 2.5 times the image noise standard deviation. This modi�cation is especially e�ectiv e
on low noise conditions.

3



To conduct the experiments we used a simulated T1-weighted, PD-weighted and T2-weighted, 1mm3 voxel reso-
lution images(8 bit quantization) from the Brainweb phantom (C. Cocoscoet al.,1997) (�g 1) 4. All experiments
were performed using MATLAB 7.0 (Math works Inc.).

Exp erimen ts and Results

The accuracy of the �lter over typical levels of MR image noise (1 % to 9 %) was evaluated with the mono and
multispectral version of the �lter to show the e�ect of adding multiple channels in the image de-noisingprocess.

Figure 1: From left to right. T1-Weighted synthetic noisefree MR image, PD and T2.

Four di�eren t methods of the NLM were evaluated, one mono-spectral and three multispectral. The Root Mean
Square Error (RMSE) was used to evaluate the di�erences between the de-noisedimage (T1) and the original
without noise. Results are summarised on �g 2. As can be seen, to include multiple channels improves �lter

(a) (b)

Figure 2: Fractional removal of RMSE for the di�eren t methods evaluated.

performance. The best results wereobtained with the combination T1-T2 probably due to a better tissuecontrast.

Estimates of noise removal using simulated data have a number of restrictions. The main one of these is that we
can never be sure that a simulation accurately matches the problems seenin real data. How do we know that
the the �lter is doing something appropriate at all locations? Secondly, performance �gures at low noise levels
are di�ciult to interpret, as most simulation data is derived at somepoint from real data and contains residual
noisewhich will inevitably be removed by the noise�lter, preventing a low RMSE. In �gure 2 we might argue that
results below 3% noiseare underestimating the true capabilites of the �lter, and beyond 3 % the performancecan
be consideredas e�ectiv ely constant, as expected for an averaging basedscheme.

For this reason it has been suggestedthat noise �lters can be assessedusing real image data using two comple-
mentary performance measures. The �rst, the residual outlier measure(ROM) simply measuresthe number of
image valueswhich have beenchangedunreasonablyby the application of the �lter (ie: by more than 3 standard
deviations of the estimated image noise). The secondevaluates the e�ciency of the noise �lter by measuring the
proportion of additional noise which passesthe �lter. These measuresare now given for the multispectral NLM
�lter.

To evaluate e�ectiv enessof the multispectral approach, four real imageswereused(IRTSE, PD,T2 and FLAIR top
row in Figure 3). The noiselevel in each imagewasestimated using the LNE technique (Thacker et al, 2003). The

4Although it is well known that magnitude MRI data is Rician distributed, for signals away from zero such as in the region of the
brain, it can be well approximated by a Gaussian.
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proposedmethod has beencomparedwith the multispectral partial volume modelling (MPVM) method proposed
by Thacker (Thacker et al, 2003). Although the proposedmethod doesnot remove as much noiseas the MPVM
method it is lessdestructive.

LNE MPVM MNLM GaussianFilter
IR TSE 58.76 0.22 (1689) 0.50 (125) 0.27 (2405)

PD 64.06 0.20 (1804) 0.55 (45) 0.26 (3127)
T2 58.2 0.17 (938) 0.44 (43) 0.26 (1909)

FLAIR 52.4 0.13 (4971) 0.56 (194) 0.27 (3827)

Table 1: Table 1: Monte-Carlo estimate of fraction of remaining noise following Filtering and data lying beyond
3 S.D. of original value following Filtering (brackets). The results for standard Gaussiansmoothing with a kernal
width of 1 pixel are provided for comparison.

Figure 3: MNLM results (original, de-noisedand residuals)

Imagesof the �ltered imagesare shwn in Figure 3. Although the MPVM method is seento have structural patterns
in the estimated noisewhich are due to the constraints imposedon the estimated tissue proportions acrossthe 4
input images,the MNLM method shows little evidencefor tissue dependant changes.

Conclusion

In this paper we have explained how, for a noise �lter to be statistically valid, its algorithmic form should be
consistent with the statistical distributions present in real data. In practice, these distributions are often not
measuredbut instead algorithms are tuned by directly adjusting for best performance. This processhas been
applied here for the application of the method of an NLM noise�lter to multispectral data.

The new method of multispectral �ltering has been evaluated in the standard way using simulated data. In
addition, given the limitations of such an approach, we have compared the performance of the �lter to other
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approacheson the basisof measurescomputed from real data. There appearsto be su�cien t evidenceto conclude
that empirically based�lters, such as NLM, have superior performanceto simple noise �lters such as median and
Gaussian�ltering, and that also this performanceis enhancedif data are combined acrossmultiple MR sequences,
in the form of a multispectral �lter. The method can be thought of as a bootstrap �ltering schemewhich �lters
on the basis of recurring stucture in a given image, as opposed to say Bayesian (or any model based) methods
which pre-suppose the sameprior expectation for all images. The performance of this �lter also compareswell
with a physics basedapproach (MPVM) which reconstructs the most likely image data from estimates of tissue
proportions. Though it is slightly lesse�cien t at removing noise, it seemsto be lessdestructive, particularly for
FLAIR images,in which the MPVM �lter also corrects image processeswhich are not described by a linear model
of image formation, such as 
o w artefacts. For the chosencontrol parameters,the level of data modi�cation by the
NLM is lessthan that predicted by the measurednoiselevel of the image for a perfect noise�lter (ie: for Gaussian
noisewe expect a value which is the integral of a Gaussianbeyond 3 S.D. � 1; 200) . Such under-correction errs
on the side of caution for medical data where image details play an important role in medical diagnosis. As the
MNLM �lter does not transform the remaining noiseon correlated noise (noise-to-noiseprinciple (Buades,2005))
the �lter can potentially be applied iterativ ely to remove further noisewithout intro ducing a signi�can t number of
outliers. However, this claim must be moderated by the observation that any averagingprocessis likely to suppress
the appearanceof unique patterns in the data.

The main advantages of NLM are probably the simplicit y of this model free approach (certainly in comparison
to MPVM) and its non destructive nature, though execution time may be an issuefor someimplementations and
setting up the �lter is still a processof trial and error. For situations where the image formation processmatches
a linear processand unique locations need to be preserved, the physics based approach (MPVM) has built in
parameter estimation and superior noise �ltering characteristics. These issuesmay yet be addressedwith more
research.
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