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ABSTRACT

We described a way to use a block-matching 3-D denoising algorithm to reduce noise in x-ray imagery. We
first filtered an image multiple times using different estimates of the noise variance. From a simple estimate of the
denoised image, we then estimated the noise variance at each pixel of the image. Using this approach, we obtained
improved results when compared to using a single value of estimate for the noise variance. Even a small number of
quantization levels of the estimates of the noise showed improved results.
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1 INTRODUCTION

Although many denoising methods have been developed for additive white Gaussian noise with a constant
variance, such methods may not be optimum for medical imagery. Noise in medical imagery may not have a
Gaussian distribution or a constant variance. For example, noise in MRI imagery was found to follow a Rician
distribution and in x-ray imagery a Poisson distribution.1,2  Noise in CT imagery was found to follow a
nonstationary Gaussian distribution which is sometimes used to approximate noise in other medical imagery.3 In
spite of this, denoising methods have been used successfully to reduce noise in a variety of imagery. Many methods
have been based on the wavelet transform which often compacts signals more efficiently than noise. Using
thresholding based on different criteria, many approaches have been developed. For example, based on the
assumptions of additive Gaussian white noise with zero mean and that white noise under any orthogonal transform is
still white noise, a constant threshold can be used on wavelet coefficients to reduce noise.4 Such an approach can
tend to overly smooth signals, so a hybrid of this method and Stein’s unbiased risk estimate was developed.5

Another approach developed for imagery relies on data-driven parameters in a Bayesian framework by assuming
wavelet coefficients in each subband can be described by a generalized Gaussain distribution.6 A local adaptive
algorithm using a bivariate shrinkage function based on the statistical dependence among wavelet coefficients has
also proven successful.7 Using third-order correlation coefficients of wavelet-signal correlations has also been
useful to identify if a wavelet coefficient contains mostly noise.8 Another successful approach is based on a
statistical model of transform coefficients of an overcomplete mulitscale oriented basis where neighborhoods of
coefficients at adjacent positions and scales are modeled as the product of two independent random variables.9

Considering efficient transforms and manipulating their coefficients has led to some useful denoising algorithms.

Some recent approaches deal more with the spatial domain and have been even more successful. The non-
local means algorithm performs a weighted average of the values of similar pixels, which is defined as the Euclidean
distance between rectangular neighborhoods.10 A more general similarity criterion has been proposed for this
approach that depends on a noise distribution model.11 Similarly, a non-local method for Rician noise reduction in
magnetic resonance images has been proposed.12 A different but very successful approach to denoising uses block-
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matching of image regions. In this approach, similar non-local image patches are grouped together, and a 3-D
transform of each group of patches is denoised.13 We used this approach for denoising x-ray imagery and used a
spatially-varying estimate of the noise variance. The variance is used to adjust the amount of denoising across the
image. We describe our approach in the next section followed by results on x-ray imagery.

2 DENOISING OF MEDICAL IMAGERY

The block-matching 3-D (BM3D) approach relies on both local and non-local characteristics of an image
by initially grouping similar patches or blocks in an image. Then, each group of blocks is represented by a sparse 3-
D transform and a denoising is approach applied.13 The image blocks can be square or adaptively-shaped. In
addition, similar blocks can be found and an adaptively-shaped neighborhood can be extracted. A denoising method
or Wiener filter is used on the 3-D spectrum to reduce noise, and then the 3-D data is inversely transformed. Finally,
the estimated blocks are returned to their original locations. This method of grouping small image blocks is effective
due to its sparse representation in the 3-D domain. Because of the small size of the image blocks, noise with a
constant variance may be a valid assumption. However, we used different variances for different blocks.

The noise variance is an important parameter in the BM3D algorithm. It affects the amount of denoising in
the individual groups of image blocks. Typically, a single value is used for an entire image. We produced a noisy
image fn(x,y) from one without noise f(x,y) according to

fn(x,y) = f(x,y) + βf(x,y)n(x,y), (1)

where n(x,y) was a Gaussian-distributed noise image with variance β. Using Eq. (1) adds nonstationary Gaussian
noise that is dependent on the value of the original image. When using a single threshold, we used the product of β
and the mean value of the image as the estimate of the noise variance in an image. We also considered different
values of the variance that was dependent on the local intensity of an image. For example, we filtered the noisy
image with a 3 x 3 uniform filter and used the resulting image g(x,y) for estimates of the local variance.

Using local estimates of the variances allowed the determination of the values in the denoised image. To
determine the value of a particular pixel in the denoised image, we first filtered the noisy image using the BM3D
approach multiple times with different values of variance. For example, if we considered n different values of the
variance, we filtered the noisy image n times using a different estimate of the variance each time. The n estimates of
the variance were σ2 = hs, with h = {1, 2, . . . n} where

s = βL/n,  (2)

and L was the maximum value of noise-free image. The image g(x,y) was quantized into n levels, and based on the
quantized levels, the value of the denoised image at each  (x,y) was chosen from one of the images filtered with the
BM3D algorithm. This way a variance estimate was use for each pixel in fn(x,y).

3 RESULTS

We used two different 256 x 256 pixel x-ray images shown in Fig. 1 in our experiments. In addition, we
used a single value for the estimate of the variance as described earlier, as well as spatially-varying estimates based
on the results of a low-pass filter. The estimates for the variance in this case were quantized to 3, 7, 11, and 15
levels. The input and output images were normalized to values between 0 and 1, and the peak signal-to-noise ratio
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(PSNR) was used as a measure of performance. The PSNR was expressed in decibels as PSNR= 10log(1/MSE),
where the MSE is the mean-squared error between f(x,y) and the denoised output image. The PSRNR results as a
function of β are shown in Fig. 2. For both images, the results show that the spatially-varying estimate of variance
improved the PSNR for all values of β. In addition, the difference in PSNR values for most different levels of
quantization of the variance estimates was small. At small values of β, the largest values of quantization gave the
best results. However, this was not necessarily true as β increased. Furthermore, at small values of β, there were
large differences between the PSNR for single and multiple-levels of quantization. As β increased, the difference
became smaller. This is to be expected as eventually the images will become mostly noise and it will be difficult to
reduce noise. Finally, as β increased the PSNR decreased only slightly, while the results for multiple levels showed
a more profound decrease.

(a) (b)

Figure 1 Examples of x-ray images used in experiments.
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Figure 2 PSNR as a function of b for the variance quantized to various levels (a) results for Fig. 1(a) (b) results for Fig.
1(b).
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Figure 3 Results of denoising experiments for images in Fig. 1 (a) noisy images with β = 0.1 (b) denoised results using
a single value of variance (c) denoised results using seven levels of variance that are spatially-varying.
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Figure 4 Results of denoising experiments for images in Fig. 1 (a) noisy images with β = 02  (b) denoised results using
a single value of variance (c) denoised results using seven levels of variance that are spatially-varying.
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4 CONCLUSION

We found that using multiple estimates of the noise variance led to improved performance of removing
noise from x-ray imagery using  a block-matching 3-D algorithm. The variances were primarily based on intensity
values and even simple estimates showed improved results when compared to using a single value. Using a small
number of levels, such as three, improved results significantly. Larger values of quantization did not show much
improved performance. However, a better estimate for the true intensity value in an image may improve results.
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