
International Journal of Scientific and Research Publications, Volume 5, Issue 7, July 2015      1 
ISSN 2250-3153   

www.ijsrp.org 

A Comparative Study on Medical Image Denoising in 
Hybrid domain  

Vishnu M.*, Arun P. S. ** 
 

* Department of Electronics and Communication, Mar Baselios College of Engineering and Technology 
 

 
Abstract- The key to medical image denoising technique is to 
remove the noise while preserving important features. Non-local 
mean filtering and bilateral filtering are commonly used 
procedures for medical image denoising. In this paper analysis 
and comparison of spatial as well as frequency domain methods 
including bilateral filtering , non-local mean filtering, wavelet 
thresholding, contourlet thresholding and non-subsampled 
contourlet transform are done. The non-subsampled contourlet 
transform applied prior to bilateral and non-local mean filtering 
gives improved PSNR and perceptual quality. From the results it 
is also found that introducing transform domain method prior to 
spatial domain method does not increase the processing time to a 
much extend. 
 
Index Terms- Bilateral filtering, Contourlet transform, Image 
denoising, Non-local mean filtering, Non-subsampled contourlet. 
 

I. INTRODUCTION 
n past years various denoising methods have been introduced 
for removal of noises from medical images , noises that are 

mostly occurring in medical images are Gaussian noise, salt and 
pepper noise[3] and speckle noise [2,4,5]. Many researchers 
continue to focus attention on it to better the current state of the 
denoising art and converge to the so called “efficient denoising 
method”. The two main image denoising methods are spatial 
domain denoising and transform domain denoising. Spatial 
domain filters relies on low pass filtering on a group of pixels 
with the assumption that noise occupies mostly in regions of high 
frequency spectrum. In the most of spatial filters it has only low 
pass characteristics hence edges, lines and other fine details will 
be completely lost due to filtering. While in the case of transform 
domain denoising the image to be processed must be transformed 
into the frequency domain using a 2-D image transform.Among 
the spatial domain methods bilateral filter overcomes the 
conventional drawbacks of spatial domain methods. It combines 
gray levels based on both geometric closeness and photometric 
similarity and prefers near values to distant values in both 
domain and range and finely preserves the edge information. 
However it does not give satisfactory results for medical images 
since real gray levels are polluted seriously and the range filter 
cannot work properly. This would lead to bring side effect to the 
denoising results like a polishing look to denoised image, a 
phenomenon referred as propagation of noise (PoN) and also 
Implementation of bilateral filter turns out to be rather 
computationally intensive far real time application. An extension 
of this bilateral filter which has been proposed by Baudes et al. 

had put forward Non-Local means image denoising[14,15] which 
utilizes structural similarity. This denoising method takes full 
advantage of image redundancy. Though it is an efficient 
denoising method with the ability to result in proper 
restoration of the slowly varying signals in homogeneous tissue 
regions and strongly preserving the tissue boundaries, the 
accuracy of the similarity weights will be affected by noise and 
also computation time required is very high. The spatial domain 
filters if combined can deteriorate the denoising efficiency so we 
have to move for transform domain methods to cop up with the 
drawbacks in the above mentioned methods. An effective non-
linear denoising technique in transform domain is vishushrink 
which is proposed by Donoho and Johnstone[27]. Though 
vishushrink can outperform other denoising techniques it can 
causes smoothening of images due to the large threshold that is 
chosen due to its dependence on the number of samples. 
Therefore it is not a suitable threshold which causes performance 
variation. The contourlet transform proposed by Do and 
Vetterli[27] is a geometrical image based transform. It combines 
the principle of sub-band decomposition and the decomposition 
of the directional transform. MinhN.Do et al. [33] introduced the 
non-subsampled contourlet transform (NSCT) which is a fully 
shift invariant multiscale and multidirectional expansion of the 
contourlet transform.Since NSCT is not an orthogonal transform 
the noise variance of sub bands in each directional and each level 
are different in the NSCT domain. So, the noise variance of 
every sub band is estimated independently. Thus it provides an 
effective performance than other denoising schemes.  
 
The main aim of this study is to investigate the performance of 
denoising methods.  The paper is structured as follows: Section II 
explains the various spatial and transforms domain methods.  In 
section III proposed method is discussed.  Simulation results are 
covered in section IV. Paper concludes in section V. 

II. THEORETICAL BACKGROUND 

A. Spatial domain methods 
1) Bilateral Filter 
Bilateral filter is very similar to Gaussian convolution. Bilateral 
filter combines range and domain filtering. It combines gray 
levels based on both geometric closeness and photometric 
similarity and prefers near values to distant values in both 
domain and range. Domain filtering enforces closeness by 
weighting pixel values with coefficients that fall off with 
distance. Similarly range filter averages image values with 

I 



International Journal of Scientific and Research Publications, Volume 5, Issue 7, July 2015      2 
ISSN 2250-3153   

www.ijsrp.org 

weights that decay with dissimilarity. Bilateral filtering for two 
gray level images can be described as follows: 
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measures the geometric closeness between the neighborhood 
center x and a nearby point ξ   and the geometric spread σd is 
chosen based on the desired amount of low pass filtering. 
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meaures the photometric similarity between the pixel at the 
neighborhood center x and a nearby pixel ξ and the photometric 
speed σsis set to achieve the desired amount of combination of 
pixel values.Implementation of bilateral filter turns out to be 
rather computationally intensive for real time application. 
Different numerical scheme have been proposed in the past for 
implementing the filter in real time [11]-[14]. One of recent 
algorithm is formulated by Choudhary et al. [30]. 
 
2) Non-local mean filtering 
 Non-local mean filter developed is based on a non-local 
averaging of all pixels in the image. Non-local mean filter takes a 
mean of all pixels in the image weighted by how similar these 
pixels are to the target pixel. This results in greater filtering 
clarity and less loss of detail in the image. Given a noisy image 
y-{y (i)| iϵI}, the non-local mean filter compute weighted average 
of all pixels in the image for a pixel i. 
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where the family of weights {w(i,j)} depends on the similarity 
between the pixels i and j and satisfy the usual conditions 0 ≤ 
w(i,j) ≤ 1 and  

1),( =∑
j
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Similarity is computed between equally sized patches as they 
captured the local structures around the sites in consideration. 
The pixels outside neighboring sites do not contribute to the 
value of noisy image. To make averaging more robust, the 
searching window size should be made as large as possible. This 
would lead to excessively long computation times. Therefore 
large numbers of fast methods have been developed [32]. 
 
B. Transform Domain methods 

1) Discrete wavelet transform 
In a discrete domain, wavelet theory is combined with a filtering 
theory of signal processing. The coefficients in the wavelet 
domain have the property that a large number of small 
coefficients express less important details in an image and a 

small number of large coefficients keep the information of 
significance. Therefore denoising in the wavelet domain could be 
achieved by killing the small coefficients which represent the 
details as well as the noise. Since noise does not generate 
exceptions, additive white Gaussian noise after applying wavelet 
transform is still AWGN. 
Wavelet thresholding which is a signal estimation technique that 
exploits the compatibilities of wavelet transform for signal 
denoising removes noise by killing coefficients that are 
insignificant relative to some threshold. The universal 
thresholding T is an estimate which is asymptotically optimal in 
the minimax sense and universal threshold is 100% effective 
only when number of pixels in an image tends to infinity [25], 
which is an impractical situation. 
 

LT elog2σ=  
 
where L is the number of random data with zero mean and 
variance σ/2. 
 
2) Contourlettransform 
The contourlet transform combines the principle of subband 
decomposition and the decomposition and the directional 
transform. At the first stage, Laplacian pyramid [28] is used to 
capture the point discontinuities into linear structure. The 
directional filter bank (DFB) was used to capture the high 
frequency of the input image; the low frequency content is poorly 
handled. Therefore low frequencies are removed before applying 
the DFB. Fig.1shows multi-scale and directional decomposition 
using a combination of Laplacian pyramid and directional filter 
bank. Discrete contourlet transform is a composition of perfect 
reconstruction block. 

 
 

 
Fig.1.Contourletfilter bank using directional filter and pyramidal filter bank 

 
Simple thresholding scheme applied on the contourlet transform 
is more effective in removing the noise than it is for the wavelet 
transform. In contourlet transform the pyramidal filter band has 
very little redundancy causing aliasing effect. 
 
3) Non-subsampled contourlet transform 
     Non-subsampled contourlet transform (NSCT) which is a 
fully shift invariant multiscale and multidirectional expansion of 
the contourlet transform. In order to avoid frequency aliasing of 
the contourlet transform and to achieve shift invariance, non-
subsampled pyramid filter bank (NSPFB) and non-subsampled 
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directional filter bank (NSDFB) is used. The resulting filter 
structure approximates the ideal partition of the frequency plane 
displayed in Fig.2. 
 

 
 

 
Fig. 2. Non-subsampled contourlet transform a) NSFB structure that implements 
NSCT. b) Idealized frequency partitioning obtained with the proposed structure 
 
NSCT is not an orthogonal transform the noise variance of sub 
bands in each directional and each level are different in the 
NSCT domain. So, the noise variance of every sub band is 
estimated independently. 

III. PROPOSED METHOD 
 
Bilateral filter fails to efficiently remove noise in region of 
homogeneous physical properties. When noise strikes in 
homogeneous region the spatial filter used in bilateral filtering 
most likely perform much lesser than range filters. Therefore 
noise is retained in the edge information of the image. In the case 
of non-local mean filter the accuracy of the similarity weigh to 
will be affected by noise. This also gives the similar phenomenon 
as bilateral filtering to medical images especially image’s tissue 
region and brain grooves may be weakened by noise. When 
transform domain methods like wavelet thresholding, contourlet 
thresholding and NSCT is performed as a preprocessing step 
denoising becomes much efficient in retaining edges and texture 
information. Judging from the results NSCT performed as 
preprocessingstep preserves edge components. So considering 
NSCT and NLM filtering as a single entity, it is highly suitable 
for medical image denoising where texture and edge features are 
for the medical image denoising. The medical denoising entity in 
hybrid domain is shown in Fig. 3. 
 

 
 

Fig. 3. Medical denoising entity in hybrid domain 

where  u(i,j) is the original signal n(i,j) denotes the noise 
introduced into the signal to produce the corrupted image v(i,j) 
and (i,j) represents the pixel location and u^(i,j) is the denoised 
image. 
 

IV. SIMULATION RESULTS 
 
CT image of abdomen is shown in Fig.4.is used for simulation. 
Image has a size of 1024 x 1024 with 256 shades of gray. In 
denoising method, peak signal to noise ratio (PSNR) is chosen to 
compare the processed image. But PSNR do not represent human 
perception of the images. Thus we apply both PSNR measure 
and the image is also viewed for visual acceptance. The 
performance of spatial as well as transform domain methods is 
compared. Then transform domain methods are applied as a 
preprocessing method in order to improve the performance of 
bilateral filtering and non-local mean filtering.  
 

 
 

Fig.4. CT image of abdomen 
 

In order to compare the effects of these methods to different 
additive Gaussian white noise, the original image is corrupted 
with Gaussian noise with standard deviation varying from 20 to 
40. Transform and spatial domain methods are applied to the 
noise images and PSNR values are recorded.  
 

TABLE I.  PSNR COMPARISON OF SPATIAL DOMAIN METHODS 

 
Methods 

 
Noise Bilateral 

filtering NLM filtering 

σ  = 30 
 

18.9535 23.5869 24.0978 

σ = 40 16.6847 20.8988 23.5637 

 

TABLE II.  PSNR COMPARISON OF TRANSFORM DOMAIN METHODS 

 
Methods 

 
Noise Wavelet 

transform 
Contourlet 
transform 

 
NSCT 

σ  = 30 
 

18.9535 22.9526 24.0978 28.1724 

σ = 40 16.6847 20.0023 23.5637 26.9898 
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TABLE III.  PSNRAND PROCESSING TIME COMPARISON OF IMAGE DENOISING 
METHODS IN HYBRID DOMAIN 

 
Methods 

 

PSNR (dB ) 
σ  = 30 

Processing 
Time (sec) 

PSNR (dB) 
σ  = 40 

Processing 
Time (sec) 

Wavelet + 
Bilateral 

 

23.8569 2.3565 
 

21.6452 
 

2.3655 

Contourlet + 
Bilateral 29.4568 2.4341  

26.9524 
 

2.4556 
NSCT + 
Bilateral 31.5698 4.6598  

29.6538 
 

4.7698 
Wavelet + 

NLM 23.9525 2.9655  
22.9235 

 
3.0127 

Contourlet  + 
NLM 29.8684 3.0183  

25.2527 
 

3.1235 
NSCT + 

NLM 32.5698 4.7955  
31.0864 

 
4.9875 

 
 

 
 

Fig. 5. a) Noisy image (σ = 30) b) Wavelet and NLM 
c) Bilateral and contourlet d) NLM and contourlet 

 
From the above tables it is found that among the spatial domain 
methods non-local mean filter removes more noise than bilateral 
filter due to its greater filtering clarity. By incorporating NSCT 
prior to bilateral filtering and non-local mean filtering gives 
much more visual information. The reason is that bilateral 
filtering incorporates a spatial filter apart from range filter which 
gives a smoothing effect. From Table III it is evident that 
preprocessing with transform domain method does not increase 
the processing time to much extent. 
 

V. CONCLUSION 
 
In this paper spatial domain, transform domain and hybrid 
domain methods for medical image denoising are compared.  It 
was found that transform domain method used as a preprocessing 
step prior to bilateral filtering (hybrid domain) can effectively 

denoise the image. There is a significant improvement in PSNR 
and perceptual quality. Also the hybrid domain method requires 
lesser processing time. 

ACKNOWLEDGMENT 
The authors acknowledge the support of the Mar Baselios 

College of Engineering And Technology in this research. 

REFERENCES 
 

. 
[1] S.Kalaivani Narayanan, and R.S.D.Wahidabanu, A View on Despeckling in 

Ultrasound Imaging. International Journal of Signal Processing, Image 
Processing and Pattern Recognition, 2009, 2(3):85-98. 

[2] Rafael C. Gonzalez, Richard E. Woods, Digital Image processing using 
MATLAB. Second Edition, Mc Graw hill. 

[3] Lu Zhang, Jiaming Chen, Yuemin Zhu, Jianhua Luo, Comparisons of 
Several New Denoising Methods for Medical Images. IEEE, 2009:1-4. 

[4] Klaus Rank and Rolf Unbehauen. 1992. An Adaptive Recursive 2-D Filter 
for Removal of Gaussian Noise in Images. IEEE Transactions on Image 
Processing: 431-436. 

[5] J. W. Tukey. 1974. Nonlinear (nonsuperposable) methods for smoothing 
data. In: Proc. Congr. Rec.EASCOM ’74. pp. 673-681. 

[6] Hakan Güray Senel, Richard Alan Peters and Benoit Dawant. 2002. 
Topological Median Filter. IEEE Trans on Image Processing. 11(2): 89-
104. 

[7] Yanchun Wang, Dequn Liang, Heng Ma and Yan Wang. 2006. An 
Algorithm for Image Denoising Based on Mixed Filter. Proceedings of the 
6th World Congress on Intelligent Control and Automation. June 21-23. pp. 
9690-9693. 

[8] V.R.Vijay Kumar, S.Manikandan, P.T.Vanathi, “ Adaptive Window Length 
Recursive Weighted Median Filter for Removing Impulse Noise in Images 
with Details Preservation” Electronics, And Communications Vol.6, No.1 
February 2008 

[9] S.Kalavathy, R.M.Suresh, “A Switching Weighted Adaptive Median Filter 
for Impulse Noise Removal” International Journal of Computer 
Applications (0975 –8887), Volume 28– No.9, August 2011. 

[10] Zhou Wang and David Zhang, “ Progressive Switching Median Filter for 
the Removal of Impulse Noise from Highly Corrupted Images” IEEE 
Transactions on Circuits and  
Systems: Analog and Digital Signal Processing, Vol. 46, No. 1, January 
1999. 

[11] C. Tomasi and R. Manduchi, "Bilateral filtering for gray and color  images. 
" Proc Int Conf Computer Vision, pp. 839–846, 1998. 

[12] Elad, M, On the bilateral filter and ways to improve it, IEEE Trans. On 
Image Processing 11 (2002) 1141–1151. 

[13] T. Veerakumar, S. Esakkirajan, and IlaVennila, “High Density Impulse 
Noise Removal Using Modified Switching Bilateral Filter” International 
Journal Of Circuits, Systems And Signal Processing,Issue 3, Volume 6, 
2012 . 

[14] A. Buades, B. Coll, and J. M. Morel, “A review  of image denoising 
algorithms, with a new one,” Multiscale Modeling and Simulation (SIAM  
Interdisciplinary Journal), Vol. 4, No. 2, 2005, pp 490-530. 

[15] Buadès, Antoni, Coll, Bartomeu; Morel, Jean Michel, Image Denoising By 
Non-Local Averaging Acoustics, Speech, and Signal Processing, 2005. 
Proceedings. (ICASSP '05) . IEEE International Conference on March 18-
23, 2005, 25 - 28 

[16] P. Perona and J. Malik, “Scale space and edge detection using anisotropic 
diffusion,” IEEE Trans. Pattern Anal. Machine Intell., vol. 12, no. 7, pp. 
629-639, 1990. 

[17] L. P. Yaroslavsky, Digital Picture Processing - An Introduction, Springer 
Verlag, 1985. 

[18] C. S. Anand and J. S. Sahambi, “Wavelet domain non-linear filtering for 
MRI denoising,”Magnetic Resonance Imaging, vol. 28, no. 6, pp. 842–861, 
2010. 



International Journal of Scientific and Research Publications, Volume 5, Issue 7, July 2015      5 
ISSN 2250-3153   

www.ijsrp.org 

[19] Zhiling Longa, b and Nicolas H. Younana, “Denoising of images with 
Multiplicative Noise Corruption”, 13th Europian Signal Processing 
Conference, 2005,,a1755. 

[20] Imola K. Fodor, Chandrika Kamath, “Denoising through wavlet shrinkage: 
An empirical study”, Center for applied science computing Lawrence 
Livermore National Laboratory, July 27, 2001. 

[21] S. G. Chang et al., “Adaptive wavelet thresholding for image denoising and 
compression,” IEEE Trans. Image Processing, vol. 9, pp.1532–1546, Sept. 
2000. 

[22] Q Pan et al., “Two denoising methods by wavelet transform,” IEEE Trans. 
Signal Processing, vol. 47, pp. 3401–3406, Dec. 1999. 

[23] A. Pizurica, W. Philips, I. Lemahieu, and M. Acheroy, “A versatile wavelet 
domain noise filtration technique for medical imaging,” IEEE Trans. Med. 
Image., vol. 22, pp. 323–331, Mar. 2003 

[24] J. M. Shapiro, “Embedded image coding using zerostrees of wavelet 
coefficients,” IEEE Trans. Signal Processing, vol. 41, pp. 3445–3462 

[25] Y. Xu, J. B. Weaver, D. M. Healy Jr, and J. Lu, “Wavelet transform domain 
filters: A spatially selective noise filtration technique,” IEEE Trans. Image 
Processing, vol. 3, pp. 747–758, Nov 1994. 

[26] S. Tan, L. Jio, “A unified iterative denoising algorithm based on natural 
image statistical models: derivation and examples”, Optics Express, vol. 16 
(2), pp.1056-1068, 2008. 

[27] Minh N. Do, and Martin Vetterli, The Contourlet Transform: An Efficient 
Directional Multiresolution Image Representation, IEEE  Transactions On 
Image Processing. 2005 Page(s): 2091- 2106. 

[28] Atif Bin Mansoor, Shoab A Khann, Contoulet Denoising of Natural 
Images2008 IEEE 978-1-4244-1724-7/08 

[29] Durand, F., Dorsey, J, Fast bilateral filtering for the display of high-
dynamic-range images. ACM Trans. on Graphics 21 (2002) Proc. of 
SIGGRAPH conference. 

[30] K.N. Chaudhury, D. Sage, and M. Unser, "Fast O(1) bilateral filtering using 
trigonometric range kernels," IEEE Trans. Image Processing, vol. 20, no. 
11, 2011. 

[31] Jin Wang, Yanwen Guo, Yiting Ying, Qunsheng Peng,  Fast Non-Local 
Algorithm For Image Denoising, 2006 IEEE Image Processing Page(s): 
1429 - 1432 

[32] Jer´ ome Darbon , Alexandre Cunha, Tony F. Chan, Stanley Osher, Grant J. 
Jensen Rao R M and A S Bopardikar, Fast Nonlocal Filtering Applied To 
Electron Cryomicroscopy 5th IEEE International Symposium 2008 , 
Page(s): 1331- 1334. 

[33] A.L. da Cunha, J. Zhou and M.N. Do, ”The NonsubsampledContourlet 
Transform:Theory, Design, and Applications,”IEEE Trans. on Image 
Processing, vol. 15, NO. 10, pp. 3089-3101, Oct. 2006 

[34] Mahesh Mohan M R, Sheeba V S,2013 “A novel method of Medical image 
denoising using bilateral and NLm filtering”, Third International 
Conference on Advances in Computing and Communications.pp. 187-191 

[35] R. H. Bamberger and M. J. T. Smith, "A filter bank for the directional 
decomposition of images: Theory and design", IEEE Trans. Signal Proc., 
40(4), pp. 882-893, April 1992. 

 


	A Comparative Study on Medical Image Denoising in Hybrid domain
	Vishnu M.*, Arun P. S. **

	I. Introduction
	II. THEORETICAL BACKGROUND
	A. Spatial domain methods
	28.1724
	26.9898
	Processing Time (sec)
	21.6452
	26.9524
	29.6538
	4.7698
	22.9235
	3.0127
	25.2527
	3.1235
	31.0864
	4.9875

	PSNR (dB)
	Acknowledgment
	References

