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ABSTRACT

Effective denoising is vital for proper analysis and accurate
quantitative measurements from Magnetic Resonance (MR)
images. Apart from following the general criteria for denois-
ing, the algorithms that deal with MR images should also take
into account the bias generated due to the Rician nature of the
noise in the magnitude MR images. Maximum Likelihood
(ML) estimation methods were proved to be very effective in
denoising MR images. However, one drawback of the exist-
ing non local ML estimation method is the usage of a fixed
sample size for ML estimation. As a result, optimal results
cannot be achieved because of over or under smoothing. In
this work, we propose an adaptive non local ML estimation
method for denoising MR images in which the samples are
selected in an adaptive way for the ML estimation of the true
underlying signal. The method has been tested both on simu-
lated and real data, showing its effectiveness.

Index Terms— MRI, Noise, NLML, Rician distribution

1. INTRODUCTION

The presence of noise remains one of the main causes of qual-
ity deterioration in MRI. The primary sources of noise in MR
images are: (i) thermal noise from the body, (ii) quantiza-
tion noise in the A/D devices, (iii) electronic noise, and (iv)
thermal noise in the RF coil. Other than causing image degra-
dation, the noise in the MR image also increases the mean
signal intensity of image regions due to the usually performed
magnitude reconstruction, which causes the data to be Rician
distributed. As a result, conventional denoising algorithms,
which assume the noise to be Gaussian, can introduce a bias
in the denoised image. Even though the bias generated due
to the Gaussian assumption may not be too large in structural
MR, it becomes more important in other kind of MR images
where the SNR is relatively low, like diffusion weighted im-
ages [1].
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Several adaptive filtering techniques to improve the qual-
ity of the magnitude MR images have been proposed in the lit-
erature. Most of the methods proposed earlier can be mainly
classified as either based on Partial Differential Equations
(PDEs), wavelets or Non Local Means (NLM). Recently, ML
based methods were proposed for the estimation of the true
underlying signal given a noisy MR image [2, 3, 4]. From a
statistical point of view, ML estimation method is known to
yield optimal results and can be successfully applied for es-
timating the true signal from an MR image by incorporating
the noise hypothesis provided that the underlying area is con-
stant. The recently proposed non local maximum likelihood
(NLML) estimation method [3] is an effective approach for
denoising magnitude MR images.

In the NLML method, the true underlying intensity for
each pixel is estimated using the ML estimation method ap-
plied on a set of non local (NL) pixels selected based on the
intensity similarity of the pixel neighborhood. The number
of NL pixels to be considered for ML estimation is fixed and
is generally determined in a heuristic way. This fixed sam-
ple size can introduce under or over smoothing in the images.
In this paper, we propose an adaptive way of selecting the
sample size for the ML estimation and thus to improve the
performance of the NLML method.

2. THEORY

The noise in the acquired raw complex MR data in the k -
space is characterized by a zero mean Gaussian probability
density function (PDF). The k - space data is then Fourier
transformed to obtain the magnetization distribution. The
noise distribution in the real and imaginary components will
still be Gaussian due to the linearity and the orthogonality
of the Fourier transform. However, due to the subsequent
transform to a magnitude image, the data will no longer be
Gaussian but Rician distributed. For an MR magnitude image
defined on a discrete grid 2, M = {m;|i € Q}, the probabil-
ity distribution function of m;, with underlying signal A, is:
(5. 6]

mg *mz:;z Am;
p(m;|A, o4) = pl s I 3 e(m;) (1)
g g
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where [j(.) is the 0! order modified Bessel function of the
first kind, ¢(.) is the Heaviside step function and o denotes
the variance of the Gaussian noise in the complex MR data.

Proper estimation of the noise variance, 03, is important
for effective denoising of MRI. In this work, we make use of
the prior knowledge of the noise variance to select the sample
size for ML estimation. Noise can be estimated from an MR
image in a number of ways. A survey of these methods is
given in [1].

2.1. Signal estimation using NLML method

Let mi, ma,...,m, be n statistically independent observa-
tions within a region of constant signal intensity A. Then the
joint pdf of the observations is:

Beomg TS Am,

2
i=1 9

The ML estimate of A can now be computed by maximizing
the likelihood function L(A) or equivalently In L(A), with
respect to A [2]:

n m; n m? + A2 n Am7
InL = Zln (Ug) fzw +Zln[o ( 03 )
i=1 £ k =1

i=1 4
(3)

and R
At = arg{mgx(ln L)} )

In a region of constant signal amplitude, the true underly-
ing signal can be estimated from the noisy signal using Eq(4).
The straightforward approach to denoise MR images using
the above explained ML estimation method is to apply the
method locally for each pixel with the assumption that the
underlying area is constant for a small region. It is clear, how-
ever, that this assumption is not valid for regions with edges or
fine structures and, as a result, these regions will get blurred.

One solution suggested to the above mentioned problem
is to use non local (NL) pixels instead of local ones [3]. The
NL pixels are selected based on the intensity similarity of the
pixel neighborhood. The idea is that if two regions are simi-
lar, then their central pixels should have a similar meaning for
the image and thus similar gray values [7]. Thus, the similar-
ity between two pixels ¢ and j can be computed by measuring
the intensity distance d between neighborhood region W sur-
rounding ¢ and j [3]:

dij = [|[Wi — W] (5)

The less the intensity distance, the similar the pixels. In
NLML method, for each pixel ¢, the intensity distance d
between 7 and all other N non local neighboring pixels are
measured. The first £ pixels are then selected for ML estima-
tion after sorting the NL pixels in the increasing order of d.
This method is highly efficient when compared to local ML

estimation. However, one major concern with this approach
is the proper selection of k. In the current NLML method,
k is fixed and generally determined in a heuristic way. Low
or high value of k£ can cause under or over smoothing. In
the section below, we discuss how to select k in an adaptive
manner.

2.2. Adaptive NLML estimation

The performance of the NLML method can be significantly
improved by adaptively selecting the number of pixels k for
the ML estimation. The optimal value for k yields the best
performance of NLML. To compute k, we take advantage of
the known value of the noise variance.

Let m; be the pixel to be denoised and { = {n1,na,...,nx}
be the IV independent NL neighbors of m;. Compute the dis-
tance D = {dj,da,...dy} for each elements of ¢ with m;
by applying Eq(5) and sort ¢ in the increasing order of the
distance. Let S be the list of sorted (. E\stimate the underly-
ing intensity A s(;j) and noise variance o2 g(;) from the first j
elements of .S by maximizing the log likelihood function In L
with respect to both Ag;y and ag( 7 and by varying j from 1
to N:

{As(j),0%s()} =arg{ max (L)} (6)

As(3)75

Now the true underlying intensity E, at ¢ can be computed as

where —~ ~
k = arg{min abs(o2 — o2g(;))} ®)
i

where 03 is the estimated noise variance in the image and

o2 s(j) 1s the noise variance estimated from the first j ele-
ments of S. The algorithm is summarized in algorithm 1.

One drawback of the proposed method is its increased
time complexity. However, the computation time can be re-
duced either by using the method (correction factor based on
SNR) mentioned in [9] or the skewness based method in [8]
for noise estimation as a replacement to ML estimation given
in Eq(6).

3. EXPERIMENTS AND RESULTS

To evaluate and compare the proposed adaptive NLML with
the conventional NLML method, experiments were con-
ducted on both synthetic and real MR images. For the exper-
iments on the synthetic data, we used the standard MR image
phantom of the brain obtained from the Brainweb database
[10]. The phantom image was degraded with Rician noise
for a wide range of noise levels and the denoising efficiency
of both algorithms were evaluated based on the Peak Signal
to Noise Ratio (PSNR), the mean Structural Similarity Index
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Algorithm 1 Algorithm for signal estimation using adaptive
NLML

1: Estimate the noise variance 02 from the input magnitude
image M { refer [8] for noise estimation} .
2: for every pixel m(i) of M do
3:  Compute the similarity measure for N pixels in an ex-
tended neighborhood of m(t)) using a window size of
3 x 3 x 3 and create a list D.
4:  S=Sort(D) {sort D in the increasing order of similarity

measure }
5: forj=1— Ndo
6: [As(jy, 025(;)] = MLestimate(S(j)) {ML estimation

of Ag(jy,0?g(;) using the first j elements of S }
7. end for ~
8 k= arg{min; abS(Ug - UZS(J'))}
90 A = As)
10: end for

Matrix (SSIM)[11], Bhattacharrya coefficient (BC)[12] and
the Mean Absolute Difference (MAD).

Fig. 1 shows the visual quality comparison of the image
denoised with the NLML and the proposed improved version.
This experiment was conducted on the brain image after cor-
rupting the image by noise with 0, = 20. It can be seen
from the denoised images and from the corresponding residu-
als that the image denoised with the proposed adaptive NLML
method is closer to the original one than the image denoised
with NLML. Fig.2 shows the quantitative analysis of both
methods in terms of PSNR, mean SSIM, BC and MAD. Both
filters were executed with the following parameters: search
window size = 11 x 11 x 11, neighborhood size = 3 x 3 x 3.
For high noise levels, a bigger neighborhood size is preferred.
For NLML, the sample size k was chosen as 25 (as recom-
mended in [3]). It can be observed from the plots that quality
improvement can be achieved by incorporating the suggested
improvement in the NLML method.

Next, for the experiments on the real data, we used the MR
images of a Kiwi fruit. Two sets of Kiwi fruit images were
reconstructed, one without averaging and the other by aver-
aging 12 acquisitions respectively. Averaging was done in the
complex k-space. These images were acquired on a 9.4T MR
scanner with a slice thickness of 0.4 mm. Both the NLML
and the adaptive NLML method were then applied over the
image reconstructed without averaging and the resultant de-
noised image was compared with the image reconstructed by
averaging 12 acquisitions. It can be observed from the im-
ages in Fig. 3 that the visual results are much better for the
proposed adaptive NLML in terms of image contrast. Also
the residual images shows that the adaptive NLML methods
preserves the image structure much better than the NLML
method. This experiment on real data clearly highlights the
improved performance of the adaptive NLML method.
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Fig. 1. Visual quality comparison: (a) Ground truth (b)
Ground truth corrupted with Rician noise of o, = 20 (c) de-
noised with NLML method (d) denoised with adaptive NLML
method (e) NLML residuals (f) adaptive NLML residuals.
The residuals are scaled in the range 0-20.

4. CONCLUSION

A method to improve the performance of the NLML method
is proposed in this paper. The improvement is achieved by
adaptively selecting the number of samples to be considered
for the ML estimation. Through this approach, the over and
under smoothing caused by the NLML can be reduced. Ex-
periments have been carried out on simulated and real data
sets. Quantitative analysis at various noise levels based on
the similarity measures, PSNR, SSIM, BC and MAD shows
that the proposed method is more effective than conventional
NLML. Experiments were also performed on real MR images
to prove the efficacy of the proposed method.
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Fig. 2. Quantitative analysis of the proposed method with NLML based on (a) PSNR (b) SSIM (c) BC and (d) MAD for image

corrupted with Rician noise of o, varying from 10 to 40.
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Fig. 3. Experiments on the MR image of a Kiwi fruit (a)
and (b) Original images reconstructed with 1 and 12 averages
respectively (c) denoised with NLML method (sample size k
=25) (d) denoised with the proposed adaptive NLML method
(e) and (f) shows the corresponding residual images.
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