
International Journal of Computer Applications (0975 – 8887) 

Volume 45– No.10, May 2012 

41 

Pixel Dependent Automatic Parameter Selection for 
Image Denoising with Bilateral Filter 

 
C. Shyam anand 

Dept. of EEE, Indian Institute of Technology 
Guwahati, Guwahati, Assam, India 

 

J. S. Sahambi 
Dept. of EEE, Indian Institute of Technology 

Guwahati, Guwahati, Assam, India 

 

 

ABSTRACT 

Image denoising using bilateral filter is controlled by the 

width of its smoothing functions namely the domain and the 

range components. The choice of the width of range function 

is image dependent and requires several experiments. This 

paper presents an automatic method based on power-law 

scaling of the inverse of local statistics for pixel wise 

estimation of range parameter. This leads to an adaptive range 

function that is narrow along the edges and wide for smooth 

regions. The experimental results validate the performance of 

the proposed method of parameter selection in denoising 

images corrupted by additive white Gaussian noise.  

General Terms 

Image Denoising, Adaptive Bilateral Filter. 
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1. INTRODUCTION 
The main objective of the advanced techniques in image 

denoising is to preserve the structural details while removing 

the noise. This is achieved by employing locally adaptive 

nonlinear filters that depend on the image characteristics. The 

adaptive filtering limits smoothing along the edges and thus 

reduces blurring. Therefore, these can also be referred as 

edge-preserving adaptive filters. 

 

Methods like anisotropic diffusion, weighted least squares and 

robust statistics are among the iterative procedures for 

adaptive filtering of noise [1]. The bilateral filter originally 

developed by Tomasi et al [2] is a non-iterative method and it 

gives qualitatively better results than the iterative methods [3]. 

However, Elad [1] and Barash [4] have shown that bilateral 

filter and other adaptive filters are fundamentally related. 

Therefore, the simplicity and flexibility of bilateral filters 

extends its application in various contexts such as image 

denoising, contrast enhancement, super resolution, etc [3, 5, 

and 6]. 

 
The bilateral filter consists of two Gaussian weighting 

functions defined as the domain and the range component. 

The domain component characterizes the spatial distance and 

the range component signifies the intensity differences 

between the pixels defined within a neighbourhood. Basically, 

the performance of bilateral filter depends on the choice of the 

width of its smoothing kernels. In previous works [1–4, 7, 8], 

the widths of the smoothing kernels are chosen experimentally 

to suit the application. It is also shown that the range 

component is more decisive than the domain component and 

its width should be adapted to the noise level for better 

denoising [7–10]. 

 

Liu et al [7] adapted the width of the range kernel to local 

noise variance estimates for improving the denoising 

efficiency of bilateral filter and is chosen as 1.95 times of the 

local noise level. Zhang [8] studied the optimal choice of 

kernel widths as a function of noise variance. It is verified that 

the optimal width of range kernel is linearly related to the 

noise level and is chosen as 1.7 times of the global noise 

variance. Wong [9] proposed a method to adaptively vary the 

parameters of bilateral filter based on the local phase 

characteristics of the image to be denoised. As a result, 

smoothing in the high contrast regions is limited relative to 

the smooth regions. However, it requires the range of the filter 

parameters to be determined experimentally similar to the 

standard bilateral filter. Rose et al [11] proposed a method to 

vary the range parameter of the bilateral filter based on the 

standard deviation of noise.  

 

In this paper, we address the issues in choosing the width of 

the range kernel and show that it can be determined 

automatically from the local statistics of the image. The 

proposed method results in pixel wise adaptation of the filter 

width. The experimental results show that the proposed 

method for automatic and pixel wise estimation of the range 

filter width gives qualitatively similar and possibly improved 

results for higher noise levels. The experiments were 

performed on gray scale and colour images.  

 

The rest of the paper is organized as follows: Section 2 

discusses about the bilateral filter parameters and presents the 

proposed method for automatic and pixel wise parameter 

selection. In Section 3, the experimental results comparing the 

performance of the proposed method for denoising various 

images under various noise levels are discussed in detail. 

Section 4 concludes the paper stating the advantages and the 

limitations of the proposed method. 

 

2. BILATERAL FILTER WITH 

AUTOMATIC PARAMETER 

SELECTION  

Define a 2D discrete image 
xyf  of size N N , such that

     , 0,... 1 0,... 1x y N N    . Assume that 

xyf is corrupted by additive white Gaussian noise of variance

2

n . The denoised image ˆ
xyf  obtained using the bilateral 

filter is defined as 
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Where, d is a non-negative integer such that 

(2 1) (2 1)d d   denotes the neighborhood window 

size. sW  and rW  are the domain and range components 

respectively and are defined as  
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The normalization constant C is given as  
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           (4) 

The parameters 
2

s and 
2

r are the variances that specify the 

width of the domain and range kernels respectively.  

The optimal performance of the bilateral filter depends on the 

choice of s and r [8]. Hence, they are considered as the 

controlling parameters. From the definition in (2) it can be 

inferred that the domain component is independent of the 

image content. Its influence depends only on the spatial 

distance between the pixels and not on their intensity values. 

Conversely, the range component defined in (3) depends on 

the intensity values and hence, it decreases the influence of 

pixels at  ,i j  when their intensity values differ from
xyf . 

This implies that the range component adapts to the structural 

content of the image and therefore, the extent of filtering is 

more influenced by the choice of r [10].  It can be 

understood that large noise levels require higher values of 

r  and vice-versa. This dependency leads to the 

proportionality, 

                                         r n  .                              (5) 

  is the constraint parameter that determines the value of 

r . Large value of  will over smooth the image and small 

values will not suppress noise properly. Generally, the optimal 

value of   is chosen experimentally such that there remains 

a trade-off between image smoothing and its sharpness. 

However, this approach has the following setbacks. 

(1) It demands several experiments to obtain an optimal   

for image denoising. Since its choice is independent of image 

characteristics it may not be optimal for all the images 

corrupted by various noise levels. 

(2)   is a scalar resulting in a single choice of r . It means 

that the level of smoothing is uniform over the entire image. 

Thus it assumes that the influence of noise is independent of 

the image content. But real images almost always violate this 

assumption. 

 

The noise in smooth regions is perceptually more dominant 

than in the edges and coarse texture regions. This requires 

comparatively less smoothing along the edges and the coarse 

details [12]. This problem can be handled by varying the 

control parameter r (and so ) from pixel to pixel. This is 

done using the local statistics of the image to be denoised. 

 

The local mean (variance) of a pixel 
xyf is computed locally 

over its neighbourhood of size (2 1) (2 1)d d   . The 

mean of a pixel 
xym  is defined as [13]

 
2
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Similarly the variance of a pixel 
2

xy is obtained from 
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In the case of colour images the variance of a pixel is 

considered as the average of the variances computed from the 

RGB components. 

 

The pixels belonging to the high contrast regions such as 

edges and coarse texture regions have high variance and those 

belonging to smooth regions have low variance values [12]. 

Since the objective is to restrict   along the high contrast 

regions it is assumed that 

                              
( )xy

xy

xy

max 



                              (8) 

The locally computed variance varies directly as its mean and 

so there exists large variations in the value of   

corresponding to pixels in the low and high contrast regions. 

Hence, power-law transformation is performed to stabilize the 

dynamic range and scale the values of  [14]. Therefore, the 

value of r  for each pixel at  ,x y  is obtained as

   r xy nxy



   .                      (9) 

The value of parameter  controls the degree of smoothing. 

The resultant r  is a matrix of control values that varies 

according to the pixel characteristics and is also properly 

balanced among the pixels belonging to smooth regions, 

edges and coarse texture regions. The range component in (3) 

can therefore be redefined as,  

2

2
( ; ) exp

2( )

ij xy

r ij xy

r xy

f f
W f f



 
  
 
 

 .              (10) 

3. RESULTS AND DISCUSSION 
The performance of the proposed method is verified by 

conducting experiments on the standard test images. The 

images included in the experiment are mentioned in Table 1. 

The evaluations are also performed on magnetic resonance 

(MR) images in order to validate the application of the 

proposed method in medical image denoising. 
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The noisy image f̂ is generated by adding white Gaussian 

noise of variance 
2

n to the original image f and is 

simulated using MATLAB as follows [15]:  

 ( ( ))nf f randn size f                 (11) 

The value of n  is assumed to lie within the range [0.01− 

0.1]. The optimal neighbourhood size for computing the local 

variance and the response of the filter is experimentally 

determined as11 11 . The optimal value of domain 

parameter s  is evaluated as 3. The empirical value of 

power variable   in (9) is estimated as 9 n  for gray scale 

images and 4 n  for color images.  

The values of the range parameter r  computed for each 

pixel of the noisy Barbara image is shown in Figure 1(a). It 

can be verified that the r  values corresponding to the edge 

pixels are less than the pixels in flat regions and also the range 

parameter value for each edge pixel depends on its strength. 

This is because the strong edges are less influenced by noise 

than the weak edges. As a result the variance of the strong 

edge pixels is high and weak edges are characterized by 

comparatively low variance values. Thus the degree of 

smoothing along the strong edges is relatively less than the 

weak edges. 

 

From the experiments it is observed that as the noise level 

increases the local variance in the flat regions increases 

substantially than in the edges. This can also be verified from 

the plot in Figure 1(b). For this reason the slope of the power-

law transformation should decrease for high values of n .  As 

a result the range of  r xy
  values corresponding to the 

pixels  ,f x y  in the flat regions will be expanded to 

ensure sufficient smoothing. Figure 1(c) gives the plot of 

control values  r xy
  obtained for the local variances 

shown in Figure 1(b). From these plots it is obvious that for 

high noise levels the increase in range values  r xy
  for the 

edges and coarse texture regions are well regulated. Similarly, 

the range values for the smooth regions are sufficiently 

boosted to ensure proper smoothing. 

The effectiveness of the proposed technique for improving the 

bilateral filter is validated using the root mean square error 

(RMSE) and the structural similarity (SSIM) index [16]. The 

value of SSIM index lies between [-1, 1]. Minimum values of 

RMSE and large values of SSIM index mean high similarity 

between the compared images. 

The results of parameter selection obtained for the 

experiments performed on the test images for various noise 

levels are given in Table 1. From this it can be understood that 

the values of r  (both in fixed and adaptive) increases with 

the noise level to ensure sufficient smoothing. In the case of 

fixed r  as employed in standard bilateral filter [2]; the 

increase had to be limited to retain the image sharpness. As a 

result smoothing in flat region will be compensated. 

Conversely, the adaptive choice allocates higher r in the 

flat regions in spite of limited r  in the edges. Thus it 

achieves good smoothing and retains image sharpness. Also, 

for low noise levels the range between r  for edges and flat 

regions is well controlled, such that there is no excess 

smoothing. 

This improvement is confirmed by comparing the values of 

quality metrics RMSE and the SSIM index given in Table 2. It 

can be verified that the proposed adaptive parameter 

estimation strategy yields better results for most of the test 

images and is particularly higher for increasing noise levels. 

In the case of Mandrill image the improvement is not as 

expected. This is because most of the regions in this image are 

coarse texture regions. Due to the dependence of the proposed 

method on local variance values, the estimated r for the 

pixels in these regions were slightly higher. However, the 

minimal difference in the values of SSIM indicates that the 

variations will not be perceptually significant. The image 

denoising results obtained for some of the test images are 

shown in Figure 2 for visual inspection. 

4. CONCLUSSION  
This paper presents a simple and intuitive approach for pixel 

wise adaptation of the smoothing values based on the local 

variance and thus directs towards automatically tuning the 

control parameter r  of the bilateral filter. The experimental 

results prove that the proposed approach also improves the 

denoising efficiency of the bilateral filter. This method can be 

further improved by using adaptive neighborhoods of variable 

size and shape in order to estimate the local variances and the 

filter response. 

The results are presented for noise levels 0.1n  . 

However, in the case of 0.1n   the value of   becomes 

1  for which the power-law transformation further reduces 

the value of 
xy  corresponding to the edge regions. Hence, 

the level of smoothing along the edges is decreased preserving 

few noise pixels. This problem limits the advancement of the 

proposed approach for very low signal to noise ratio images 

with 0.1n  . One possible solution for this problem would 

be to apply the transformation independently for the edges 

and the smooth regions specifying different value of   

respectively. 
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Figure 1: Results for Barbara image: (a) Illustration of pixel wise allocation of r values for 0.05n   (b) Plot of local 

standard deviation 
xy  estimated for different noise levels. (c) Plot of range parameter values r  estimated corresponding to 

the 
xy  values in (b). 

Table 1: Fixed and adaptive range parameter r  estimated for different test images. [a,b] denote the interval of adaptive r

 

Table 2: Comparison of RMSE and SSIM values obtained for denoising test images using fixed and adaptive choice of r
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Figure 2: Illustration of image denoising results. In column: (a) Original images (b) Noisy images (c) Denoising results using 

bilateral filter with fixed r  (d) Denoising results using bilateral filter with automatically estimated pixel wise r values. 
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