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Abstract

Tele-radiology is one among the digital medical diagnosis
systems, where the transmission and maintenance of diagnosed
Medical reports like X-Ray, C.T Scan and MRI, are accessed
through internet. While transmitting such medical reports in the
channel it may be affected by Noise at different sources.
Restoring the original image from noisy image is a critical issue,
where Nonlocal means is one of Spatial de-noising techniques.
In this technique, de-noising is initiated from the center patch by
using weighted versions of all patches in search neighborhood.
Process of Searching neighborhood includes some dissimilar
patches. We use hard thresholding based on distribution of
distances of similar patches that eliminates the dissimilar patches.
Probabilistic Non Local Means P-NLM denoted by Elimination
of Dissimilar Patches in Nonlocal Means (NLM-EDP).This
NLM-EDP method improve PSNR and SSIM of the retrieved
image in comparison with nonlocal means.

Index Terms
Tele-radiology, Image denoising, hard thresholding, Probabilistic
nonlocal means.

I. INTRODUCTION
Tele-radiology comes under the stream of electronic health care,
where monitoring and diagnosing of patients is done through
internet. It is more concern about paperless, wireless accessing of
medical reports like MRI, C.T. Scan. Transmitting medical
reports through wireless channels may be effected by noise,
where restoring the original image from noisy image is a
criticalissue. From few decades we use to some denoising
techniques by using mean, median, Gaussian, and bilateral
filters.The conventional nonlocal means Method denoises the
center patch, but we use weighted version for all patches in a
search of neighborhood. In NLM their exists many variants for
performance Improvement One Such  de-noising variant is
probabilistic nonlocal means (PNLM), we use a new weight
function based on the distribution of distances of patches. This
weight function out performs the weights used in conventional
NLM. But in probabilistic approach of early termination is used
to reduce dissimilar Patches through applying hard thresholding
based on regardless of the weights. However, performance of P-
NLM is not optimum than conventional NLM because some
similar patches are also eliminated. we propose a pre-processing
hard thresholding algorithm that is based on distribution of
distances of similar patches. This hard thresholding algorithm

eliminates those dissimilar patches. Our simulation results more
superior compared to the conventional NLM.

Il. PROPOSED IMPLEMENTATION

Consider a 2D Image and add an additive random noise with
zero-mean and unknown variances? Which is given as

yi=x;+n; Vin;~(0,02)......... [€h)
Where y; =noisy Image,
x;=clean pixel and n;=noise pixel
To remove the noise from the noisy image we use conventional
NLM method and we estimates pixel,X; which is a weighted
average of remaining pixels in a search neighborhood S;
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Wherew; ; weight between square patches centered at pixels i,j.

The Euclidean distance of two local patches P; and P; with
centers at pixels iandj which is given as

di_j:” P; — P] ||% _____________________________ 4)

Where h is the decaying parameter and is generally set to 100[3].
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Figl. Elimination of dissimilar patches in nonlocal means
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Proposed implementation is done by elimination of dissimilar
patches in nonlocal means image de-noising .as shown in Figure.1

A. Elimination of Dissimilar Patches
Using conventional NLM, distance is calculated from reference to
patches in search neighborhoods;.

If two patches are similar then their distance is due to
only additive white Gaussian noise as nature of distance has a chi-
squared distribution x given as

k1 -
X]% (x) :M

T
2@ rdy

Where T the gamma function and k is the degree of freedom.

By using hard thresholding algorithm it eliminates more
dissimilar patches compared with conventional NLM. For it
center patch in an image, we calculate d;;s in a search
neighbourhood S; .In hard thresholding similar patches with
d; jsfall within the probabilistic boundaries that are pre-calculated
based on chi-square distribution. These probabilistic boundaries
are example of hard thresholding algorithm. In a search
neighborhood we will find three cases flat, edge and pattern.
Probabilistic boundaries are fixed for flat, edge, pattern cases.
These probabilistic boundaries are only function of o and size of
search neighbourhoods;

b)

)

Fig2. Three cases in search neighborhoods;:
(a) Flat (b) edge (c) pattern.

B. Weighting process
After hard thresholding remaining similar patches are passed
through weighting stage(De-noising).In this stage probabilistic
weights are calculated based on chi-square distribution given as

WK, (j_j) .............................. ©6)
Where w; ; is the probabilistic weight function
Yij= CIPIH 0421 P e @)
Nij =IP Vi oo, (8)

Where |P;| is the number of pixels in reference patch P; and
|0l-,]-| is the number of overlapping pixels between square
patches P;and P; .The Process of Weighting Process can be
claimed as soft thresholding

C. RESIDUAL SMOOTHING PROCESS

In this stage we use the smoothing filter (Median Filter) [8]
=R XD (X )i 9)

Where D is the residual smoothing de-noising function and x is
percentage of smoothing residuals.
A median filtering is used over smoothed residuals,y;-x;. For
each pixel of residual image is the median value of pixels in a
3x3 neighbourhood is calculated to replace the center pixel value
and chosen x=10%.

1. RESULTS AND DISCUSSIONS
The Input Bio-medical image is loaded to system for processing
as shown in the figure. 3

Fig.3 Input Image-1

The loaded Bio-Medical image is corrupted by the additive
random noise as shown in the Figure 4.

Fig.4 Noisy Image

The noisy image is de-noised in two steps i.e. hard thresholding
and PNLM (weighting Process).The resultant pre-filtered image is
as shown in the Figure 5.
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Fig 5. Pre Filtered Image
By applying the residual Smoothing between noisy image and
pre-filtered image yield the de-noised image as shown in the
figure 5.

Fig 6. De-noised Image
The above Implementation is done for following testimonial bio-
medical images to validate the accuracy of the proposed
implementation.

Fig 7. Inpui Image-2

Fig 8. Input Image-3

The proposed method compared with NLM and PNLM [4].Our
propose method patch size used as 5% 5 and serch neighbourhood
of size 21x21.

TABLE | Performance comparison for =30

Hard
Thresholding
Fig.NO NLM PNLM +
PNLM
PSNR | SSIM | PSNR | SSIM | PSNR | SSIM
3

25.90 | 68.36 | 28.56 | 72.94 | 28.76 | 73.58

7 25.28 | 67.27 | 27.89 | 70.19 | 27.98 | 71.28

8 26.24 | 70.12 | 27.69 | 72.03 | 28.10 | 73.25

Table 1 shows Performance comparison of NLM, PNLM and
Hard Thresholding + PNLM with deviation is equal to 30.

IV. CONCLUSION

De-noising the Bio-medical images through additional pre-
processing hard thresholding before PNLM is implemented on
noisy images and observed de-noised images. The same  de-
noising is replicated with conventional de-noising schemes NLM,
PNLM, but significant improvement in all metrics like PSNR,
SSIM and quality of de-noised image is significantly improved in
the proposed implementation. As hard thresholding algorithm
eliminates dissimilar patches before PNLM de-noising the
elimination of dissimilar patches more for neighborhoods with
more details and less for flat neighborhoods. Further de-noising
scheme can be extended to any of adaptive weighting process
which may yield far better results and improved performance than
proposed implementation.
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