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ABSTRACT 
Background: This paper presents a novel support vector machine (SVM) based switching weighted median filter to remove 

random valued impulse noise in digital images. Objective: The pixels are classified as noisy or noise free by the SVM classifier 

based on the dual statistics such as rank ordered logarithmic difference (ROLD) and pixel wise modification of median of absolute 

deviation from the median (PWMAD) obtained from the local neighbor window. Results: The experimental results are obtained 

using various test images and it clearly shows the better performance of the proposed algorithm over the state of art algorithms, 

namely median filter (MF), center weighted median filter (CWM), tri-state median filter (TMF), pixel wise modification of median 

of absolute deviation from the median (PWMAD), directional weighted median filter (DWM), feed forward neural network (FFNN) 

and adaptive dual threshold median filter (ADTMF) in terms of visual and quantitative results  Conclusion: write the main 

conclusion for your paper.Conclusion: The proposed SVM classifier based switching median filter performs better than state of art 

algortihms  in removal of  random valued impulse noise up to 60%  density. 

 

KEYWORDS:  Random valued Impulse Noise, Non- linear Filter Rank Ordered Logarithmic Differrence (ROLD) Pixel Wise 

Modification of Median of Median of Absolute Deviation from the Median (PWMAD) Support Vector Machine (SVM) 
 

INTRODUCTION 
 

Generally the images are corrupted due to noisy sensor used in an image acquisition process and channel 
imperfection in the transmission process. The noise removal is a fundamental step in the image processing 
applications [8]. The impulse noise is classified into fixed valued impulse noise also called as salt and pepper 
noise and random valued impulse noise [9]. In the salt and pepper noise corrupted image, the corrupted pixels 
take either maximum or minimum gray level intensity value and it is easy to detect [14]. The random valued 
impulse noise is difficult to detect, since the noisy pixels lie in the range which is also the dynamic range of the 
image. The main objective of any noise filtering technique is to remove the impulses without affecting the 
image features. 

Though linear filtering techniques are simple and easy to implement, they tend to affect the important 
image features of edges while removing the noises.  To improve the detection performance, nonlinear filtering 
techniques have become popular with the field of image denoising. The simplest nonlinear filter to remove 
impulse noise is the standard median filter (MF). Due to the simplicity and effective removal of impulse noise, 
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median filters are widely used. It replaces all the pixels in the noisy image, by the median value of chosen 
neighborhoods in the filtering window. Brownrigg [2] proposed weighted median filter which give weights to 
all the pixels in the filtering window. The variants of median filters such as a center-weighted median filter 
(CWM) introduced by Sung and Yong [11] and adaptive impulse detection using center-weighted median filters 
(ACWMF) proposed by Tao Chen and Hong [12] give more emphasis to the center pixel in filtering window to 
restore the actual intensity of corrupted pixel. They offered less noise suppression when the center pixel itself is 
corrupted and also they alter the intensity value of the uncorrupted pixels. To address this issue, switching based 
median filters are proposed. Zhou Wang, and David Zhang [19] proposed a progressive switching median filter 
(PSMF) and Tao Chen et al [12] proposed a tri-state median filter (TMF) which detect the pixels whether it is 
corrupted or not and then filtering is applied if it is corrupted. The TMF incorporates SMF and CWMF into a 
noise detector framework, to determine whether the processing pixel is corrupted or not and filtering is applied, 
if it is corrupted. The noisy pixels are replaced by either the output of CWMF or output of SMF, based on 
predefined threshold value. Though it works well up to 70% of noise level, the switching strategy used in TMF 
cannot differentiate high frequency edges to high frequency impulse noise. 

In [10] PWMAD is proposed, to separate the noisy pixel from image details based on the median of the 
absolute deviation from the median. A rank ordered absolute difference (ROAD) statistics based impulse noise 
detection and filtering algorithm are proposed by Garnett. et al in [5], to distinguish the edge and noisy pixel. 
The main drawback is that, it cannot exactly distinguish the edge pixels from impulses, at higher noise level. To 
improve the detection performance, a new impulse detection algorithm based on the absolute differences 
between the center pixel and its neighboring pixels in four main directions is proposed in [18] and it uses the 
weighted median filter in the filtering stage. Recently, an adaptive dual threshold median filter (ADTMF) is 
proposed by Vikas Gupta. et al [16], to remove the random valued impulse noise in digital images. Though the 
detection process is simple in ADTMF, the main drawback is that, it works well up to 40% noise density level 
and fails to remove high density random valued impulse noise above 40%. 

In the past several years, due to the development of soft computing technique, many denoising algorithms 
were proposed based on neural network and fuzzy logic. Since the neural networks are having the ability to 
learn from examples, they are used for impulse noise detection and fuzzy logic is having the ability to deal with 
uncertainty, they are used for image denoisig application. In [7] kong proposed, a neural network based impulse 
detector which accepts the absolute difference between median value and center pixel intensity value in the 
detection window as the input, to classify whether the center pixel is corrupted or not. The main drawback is 
that, the selection of appropriate training image to train the network for better noise detection performance. If 
the neural network uses local statistics as an input, then the false detection can be considerably reduced. In this 
aspect, an impulse detector [1] which integrates two detectors such as preliminary detector and neural network 
based detector is proposed, to avoid the false identification of noisy pixel. 

In [20], an algorithm based on fuzzy logic to detect and remove random valued impulse noise is proposed 
and it works well for the low density noise level. A generalized neurofuzzy based impulse detector is proposed 
by Emin. et al [4] to remove impulse noise. Even though neurofuzzy network combines the advantages of both 
neural networks and fuzzy logic, more parameters are to be tuned which increases the training time and 
computational complexity. To address the above issue, a novel impulse detector with a feed forward neural 
network is proposed by Kaliraj and Baskar [6], which accepts three inputs namely, center pixel, median value 
and ROAD value to detect whether the center pixel is corrupted or not. After detecting the noisy pixel, either an 
adaptive mean filter or an iterative mean filter is applied to restore the actual intensity value. 

Though the ROAD statistic is a good estimator for random valued impulse noise, it gives a small ROAD 
value when the noisy pixel intensity value is close to its neighboring pixel intensity values. A rank ordered 
logarithmic absolute difference (ROLD) is proposed, to improve the detection performance more than the 
ROAD based approach in [3]. The detection performance is improved still further, by incorporating the ROLD 
and PWAMD statistics in the proposed SVM based impulse detector and subsequently the noisy pixels are 
replaced by directional weighted median filter. The rest of the paper is organized as follows. In section II, the 
random valued impulse noise model is given. The section III describes proposed impulse detection technique 
and filtering algorithm. Simulation results are presented in section IV. The conclusion is summarized in the last 
section. 
 
Methodology: 

(i). Principle of proposed SVM based algorithm 
The proposed algorithm consists of two stages. In the first stage, switching based impulse detector based on 

the SVM classifier is used and in the second stage, directional weighted median filter (DWM) is used to restore 
the actual intensity value of noisy pixel as shown in Figure. 1. Initially, SVM classifies the input pixel Xij as 
noisy or noise free based on ROLD and PWMAD statistics. The SVM classifier gives an output as either -1 or 
+1 and it is given to the decision maker which produces an output ‘1’ if the input Xij is a noisy pixel and ‘0’ if it 
is noise free. The DWM filter is applied if it is a noisy pixel, otherwise Xij is left unaltered. The detailed 
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discussion about the detection and filtering mechanism of the proposed algorithm are given in the sections 3.1 
and 3.2 respectively. 

 

 
 

Fig. 1: Functional block diagram of SVM based proposed Algorithm 
 
(ii). Novel SVM based impulse detector 
The SVM is a machine learning theory based on a statistic learning theory proposed by Vladimir N. Vapnik 

[20]. In the proposed work, two class SVM classifier is used to detect whether the processing pixel is corrupted 
by impulse noise or not. The SVM impulse detector uses local statistics (ROLD & PWMAD) in the detection 
window Wij of size 3x3 as an observation vector to classify the processing pixel is noise or noise free. This 
design of the SVM classifier includes feature extraction and training. The following subsections 3.1.1, 3.1.2 deal 
with determination of local statistics and 3.1.3, 3.1.4 deal with feature extraction and training of SVM classifier. 

 
Rold Statistic: 

Let Xij is a pixel being processed in a noisy image and Sij is a set of coordinates in 3 x 3 filtering window 
W3 (i, j) centered about Xij as defined in equation.2 and 3. 

( ) ( ) 1,13 ,, ≤≤−++= lkljkiXjiW
            (2) 

( ) ( ){ }jiWljkiSij ,,, 3∈++=
           (3) 

The logarithmic difference between gray level intensity values Xi+k, j+l and Xij, for all the pixels in the 
detection window are determined and stored in an array as given in equation. 4. In order to keep ldij within the 
dynamic range [0, 1], truncation and linear transformation are made as defined in equation. 5. The ROLD value 
is obtained by calculating the sum of first ‘n’ elements in the sorted array ldij as given in equation.6. 
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Pwmad Statistic: 

Let xij, mij, and dij are pixels at location (i,j) of noisy image, median image and absolute deviation image 
respectively, and Xij, Mij and Dij denote matrices whose elements are pixels in sliding window with a size of 3x3 
centered about (i,j) in respective images for some positive integer ‘N’ value. 

( )ijij Xmedianm =
             (7) 

ijijij mXd −=
             (8) ( )1:1,, −−−= εlkljkiij XmedianMmatrixMedian

         (9) 

ijijij MXD −=
            (10) 

The MAD and pixel wise MAD (PWMAD) are defined in equation.11 and 12. 

( )ijijij MXmedianMAD −=
           (11) 

( )ijij DmedianPWMAD =
           (12) 
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Feature Extraction: 
The observation vector O(k) as given in equation (13) is extracted from the 3 x 3 detection window to train 

the SVM classifier to detect impulses. 
O(k) = { x(k), PWMAD(k), ROLD(k)}          (13) 

The variable x(k) is the center pixel of a 3 x 3 detection window and PWMAD (k) gives the median of 
absolute deviation from the center pixel Xij  as explained in section 3.1.2. It is used to separate the noisy pixel 
from the image details and also to improve the accuracy of noise detection. However PWMAD may not 
distinguish noisy pixel when noise intensity value is very close to the neighbors of the center pixel. Hence, one 
more variable ROLD (k) is also considered for classification. The variable ROLD (k) gives the logarithmic 
difference between center pixel and neighborhood pixels in the 3 x 3 detection window as explained in section 
3.1.1. 
 
Training Of Svm Impulse Detector: 

The SVM classifier is trained, by incorporating the observation vector O(k) obtained by extracting the local 
feature under unsupervised manner with the supervised class labels yi € {-1,1} to detect the processing pixel Xij  
is noisy or not. The Figure.2 shows the feed forward network architecture of the SVM impulse detector. The 
input vector O(k) is defined as in equation .13 and (K(O{k}),O i{k}) is a linear kernel function as given in 
equation.14 where, O{k} is the observation vector  and Oi{k} is the set of test samples. 

 
)(),( xxxxK T

ii =
           (14) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
Fig. 2: Feedforward architecture of SVM impulse detector. 

 
Directional Weighted Medain Filter: 

In the filtering stage, directional weighted median filter [12] is used to restore the original value of the noisy 
pixel. A 5 x 5 filtering window is applied to noise corrupted center pixel. The edges, with four main directions 
whose coordinates, as given in equation. 15 are focused for restoration. 
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If the spatial distance between two pixels is small (closest neighbor), then their gray level intensities are 

close to each other. Hence the pixels within 3 x 3 filtering window centered about Xij  are assigned with weight 2 
and other remaining pixels within 5 x 5 filtering window are assigned with weight 1 as given in equation 16. 
Then the direction index dij

(k) (k = 1 to 4) for the four directions, minimum of direction index and αij are 
determined as given in equation.17, 18 and 19 where ‘T’ is a predefined threshold. The threshold value is 
obtained by trial and error approach for several test images. The first iteration starts with higher threshold value 
T=500, and it is decreased in the succeeding iterations with Tn+1 = Tn * 0.8. The maximum number of iterations 
needed to reach the peak value of PSNR for the corresponding test image lies in the range [5, 10]. 
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Since the standard deviation describes how closely all the gray level intensities are clustered in 3 x 3 sliding 

window, ‘lij ’ as given in equation. 20 shows that the pixels aligned with these directions are much closer. 
( ){ }41:minarg ,, tokl k

ji
k

ji == σ
          (20) 

Then the pixels in the sliding window are assigned with weights as given in equation.21 and the noisy pixel 
is restored as given in the equation.22 and 23. 
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Results: 
 

 
(a)                                                                                                                    

 
                                         (b)  

 
                                      (c) 

 
                                          (d) 

 
Fig. 3: Comparison of a). PSNR. b). MAE. c). SSIM. d). RUN TIME of various algorithm for Lena image 

corrupted with different noise densities. 
 
Table 1: PSNR of various filters for Peppers at different random valued impulse noise density 

ND (%) MF CWMF TMF PWMAD DWM FFNNW ADTMF Proposed Algorithm 
10 36.99 34.60 35.30 35.42 36.42 35.89 32.88 38.93 
20 32.26 30.31 30.68 30.48 32.73 31.55 29.85 34.18 
30 28.22 27.22 27.34 26.87 29.62 29.12 26.95 31.06 
40 24.33 23.89 23.83 23.11 28.10 27.24 24.38 29.05 
50 21.01 20.95 20.79 20.10 25.57 25.31 21.62 26.59 
60 18.36 18.37 18.22 17.52 22.52 23.35 19.14 23.39 

 
Table 2: PSNR of various filters for Flinstones at different random valued impulse noise density 

ND (%) MF CWMF TMF PWMAD DWM FFNNW ADTMF Proposed Algorithm 
10 29.25 30.17 30.15 31.24 31.54 28.55 28.60 31.11 
20 25.89 26.14 26.19 26.80 27.53 25.75 25.22 27.50 
30 22.84 22.90 22.98 23.27 24.38 23.41 22.46 24.62 
40 19.91 19.95 19.98 20.00 22.74 21.71 19.93 22.62 
50 17.28 17.35 17.33 17.24 20.24 20.27 17.57 20.28 
60 15.09 15.12 15.11 14.85 17.51 18.63 15.36 18.60 

 
Table 3: PSNR of various filters for Boat at different random valued impulse noise density 

ND (%) MF CWMF TMF PWMAD DWM FFNNW ADTMF Proposed Algorithm 
10 34.02 34.41 34.93 35.33 36.53 34.80 33.05 36.52 
20 31.24 30.81 31.31 31.32 32.96 31.42 30.09 33.35 
30 27.83 27.57 27.78 27.28 29.83 29.32 27.19 30.53 
40 24.46 24.39 24.42 23.46 28.64 27.69 24.66 28.95 
50 21.42 21.45 21.39 20.38 25.31 26.32 22.17 26.50 
60 18.86 18.97 18.85 17.80 22.83 24.29 19.79 23.51 
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Table 4: MAE of various filters for Peppers at different random valued impulse noise density 
ND (%) MF CWMF TMF PWMAD DWM FFNNW ADTMF Proposed Algorithm 
10 1.326 0.664 0.549 0.523 0.652 0.657 2.401 0.497 
20 2.059 1.538 1.362 1.332 1.374 1.541 3.180 1.150 
30 3.325 2.859 2.697 2.752 2.427 2.521 4.514 2.068 
40 5.685 5.179 5.140 5.447 3.004 3.728 6.599 2.719 
50 9.722 9.075 9.259 9.842 4.842 5.336 10.20 4.422 
60 15.68 14.97 15.35 16.35 8.471 7.483 15.58 7.875 

 
Table 5: MAE of various filters for Flinstones at different random valued impulse noise density 

ND (%) MF CWMF TMF PWMAD DWM FFNNW ADTMF Proposed Algorithm 
10 3.983 1.590 1.916 1.333 1.635 1.872 3.453 1.719 
20 5.898 3.541 3.981 2.997 3.374 3.766 5.518 3.429 
30 8.678 6.434 6.964 5.602 5.844 6.085 8.495 5.764 
40 13.03 10.95 11.56 9.935 8.079 8.720 12.10 8.373 
50 19.45 17.60 18.28 16.47 12.60 11.69 19.56 12.87 
60 27.86 26.50 27.01 25.67 20.11 15.98 28.51 20.41 

 
Table 6: MAE of various filters for Boat at different random valued impulse noise density 

ND (%) MF CWMF TMF PWMAD DWM FFNNW ADTMF Proposed Algorithm 
10 2.359 0.886 0.814 0.708 0.768 0.846 1.928 0.744 
20 3.165 1.900 1.734 1.615 1.618 1.825 2.834 1.540 
30 4.490 3.359 3.198 3.199 2.817 2.834 4.306 2.640 
40 6.700 5.660 5.555 5.990 3.636 4.015 6.387 3.586 
50 10.27 9.317 9.317 10.35 5.701 5.506 9.571 5.470 
60 15.40 14.54 14.66 16.56 9.172 7.491 14.21 8.771 

 
Table 7: SSIM of various filters for Peppers at different random valued impulse noise density 

ND (%) MF CWMF TMF PWMAD DWM FFNNW ADTMF Proposed Algorithm 
10 0.978 0.966 0.974 0.970 0.968 0.990 0.957 0.994 
20 0.942 0.914 0.926 0.910 0.922 0.978 0.877 0.982 
30 0.846 0.822 0.824 0.774 0.853 0.961 0.767 0.971 
40 0.679 0.678 0.668 0.570 0.850 0.937 0.637 0.945 
50 0.489 0.504 0.480 0.370 0.758 0.899 0.496 0.916 
60 0.322 0.342 0.319 0.225 0.617 0.844 0.370 0.852 

 
Table 8: SSIM of various filters for Flinstones at different random valued impulse noise density 

ND (%) MF CWMF TMF PWMAD DWM FFNNW ADTMF Proposed Algorithm 
10 0.952 0.964 0.968 0.971 0.970 0.972 0.932 0.972 
20 0.898 0.907 0.910 0.916 0.923 0.943 0.851 0.954 
30 0.787 0.801 0.795 0.799 0.840 0.901 0.740 0.966 
40 0.643 0.659 0.649 0.630 0.812 0.850 0.614 0.889 
50 0.496 0.510 0.502 0.467 0.680 0.789 0.488 0.794 
60 0.367 0.372 0.3700 0.328 0.519 0.697 0.369 0.736 

 
Table 9: SSIM of various filters for Boat at different random valued impulse noise density 

ND (%) MF CWMF TMF PWMAD DWM FFNNW ADTMF Proposed Algorithm 
10 0.955 0.963 0.971 0.969 0.967 0.971 0.940 0.972 
20 0.922 0.915 0.930 0.916 0.926 0.954 0.875 0.958 
30 0.842 0.833 0.844 0.798 0.863 0.928 0.779 0.937 
40 0.710 0.710 0.712 0.612 0.841 0.883 0.667 0.894 
50 0.548 0.557 0.552 0.425 0.748 0.847 0.543 0.888 
60 0.391 0.404 0.396 0.276 0.617 0.779 0.421 0.789 

 
Table 10: CPU time of various filters for Peppers at different random valued impulse noise density 

ND (%) MF CWMF TMF PWMAD DWM FFNNW ADTMF Proposed Algorithm 
10 1.392 2.950 3.163 0.907 13.28 82.12 19.48 26.07 
20 0.219 2.990 3.218 1.075 15.09 86.97 18.07 26.29 
30 0.221 3.024 3.145 1.281 15.36 85.36 19.22 26.05 
40 0.221 3.038 3.297 1.649 16.41 85.39 19.48 25.87 
50 0.245 3.087 3.271 1.690 17.49 85.55 19.456 26.87 
60 0.245 3.057 3.131 1.854 18.12 86.91 19.56 27.05 

 
Table 11: CPU time of various filters for Flinstones at different random valued impulse noise density 

ND (%) MF CWMF TMF PWMAD DWM FFNNW ADTMF Proposed Algorithm 
10 2.178 3.163 3.290 0.908 14.60 82.28 18.67 27.64 
20 0.231 2.857 3.163 1.116 15.27 87.95 19.00 26.89 
30 0.240 2.900 3.186 1.306 16.14 84.22 19.13 26.78 
40 0.243 3.151 3.278 1.524 16.97 85.28 19.70 26.45 
50 0.226 2.985 3.320 1.705 17.79 84.22 19.31 26.93 
60 0.265 3.175 3.159 1.862 18.76 85.92 20.33 27.05 
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Table 12: CPU time of various filters for Boat at different random valued impulse noise density 
ND (%) MF CWMF TMF PWMAD DWM FFNNW ADTMF Proposed Algorithm 
10 0.497 2.906 3.087 0.933 12.98 81.59 19.04 26.17 
20 0.222 2.920 3.106 1.120 14.37 86.24 19.17 26.16 
30 0.241 3.116 3.140 1.347 15.52 84.71 19.24 26.30 
40 0.226 3.239 3.257 1.473 16.27 85.51 19.75 26.56 
50 0.245 3.072 3.372 1.635 17.44 83.93 19.80 27.13 
60 0.250 3.257 3.160 1.967 18.54 86.67 19.71 27.07 
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(a)                           (b)                              (c)                             (d) 

 
Fig. 4: Restoration results of (a). Lena, (b). Pepeprs, (c). Boat, (d). Flinstones (column wise) for various filters 

namely MF, CWMF, TMF, PWMAD, DWM, FFNN, ADTMF and  proposed algorithm (row wise 3-10) 
for 30% random valued impulse noise. 
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(a)                                      (b)                                     (c)                                     (d) 

Fig. 5: Restoration results of (a). Lena, (b). Pepeprs, (c). Boat, (d). Flinstones (column wise) for various filters 
namely MF, CWMF, TMF, PWMAD, DWM, FFNN, ADTMF and  proposed algorithm (row wise 3-10) 
for 50% random valued impulse noise. 

 
Discussion: 

The proposed algorithm is tested with different gray scale test images, namely Lena, Peppers, Boat and 
Flinstones of size 512 X 512, 8 bits/pixel and qualitative and quantitative results are presented in this section. 
The test images are corrupted by random valued impulse noise with different noise density varying from 10% to 
60% and the proposed filtering algorithm is applied on it. The restoration, performance of the proposed 
algorithm is quantitatively measured in terms of PSNR, MAE and CPU time. The results are compared with 
existing filters such as a standard median filter (MF), center weighted median filter (CWM), tristate median 
filter (TMF), pixel wise median of absolute deviation (PWMAD), directional weighted median filter (DWM), 
feed forward neural network (FFNN) and adaptive dual threshold median filter (ADTMF) based random valued 
impulse noise removal. The quantitative metrics in terms of PSNR, MAE, SSIM and run time of proposed 
algorithm and other existing algorithms for the four test images corrupted by random valued impulse noise of 
density varies from 10% to 60% are presented in Tables 1-12. The above discussed quantitative performance 
comparison is also presented graphically in Figure.3. The Figure.4 and 5 show the visual results of proposed 
algorithm and other existing algorithms for the four test images Peppers, Boat and Flinstones corrupted with 
30% and 50% of random valued impulse noise. Since, the filtering is applied to all the pixels throughout the 
image in MF and CWM, they are performing well for only very low noise densities. At higher noise densities 
PSNR value obtained for these filters is very low. 
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Though the TMF performs better than MF and CWMF, the selection of optimum threshold value for 
different noise density is a critical issue which influences the visual quality of the restored image and reduced 
MAE values. The PWMAD algorithm is detecting both fixed valued and random valued impulse noise, and the 
primary objective of PWMAD is to separate the noise from the image details. Though the accurate binary noise 
map is obtained with more number of iterations in PWMAD, the image details are eliminated, which reduces the 
visual quality of the restored image. The ADTMF shows a little improved performance than MF and TMF at 
noise density greater than 30%, due to the dual threshold technique for noise detection, but it leaves some 
noticeable impulses in the restored image. It is also inferred from the Figures. 4 & 5  and tables 1 - 3 that, the 
visual quality of denoised image and PSNR value obtained by proposed algorithm is better than the TMF, 
ADTMF and PWMAD due to the better noise detection capability of SVM classifier. 

In DWM the directional differences are considered for noise detection which keeps the edges intact, and use 
of the standard deviation statistic describes, how tightly all the gray level intensities are clustered around the 
mean of the pixel intensities in the detection window. So the PSNR value obtained in DWM is close to the 
proposed filter, but it is observed from the figure.5 that, it leaves some noticeable impulses in the restored 
image. The impulse detection based on feed forward neural network handles, fixed valued impulse noise better 
than the random valued impulse noise and it takes more time to detect random valued impulses. It can be seen 
from the table that, the SVM classifier handle random valued impulse noise in a better way and provides 
improved PSNR value for various test images than the FFNN based impulse noise removal. 

In addition to PSNR, MAE and SSIM the quantitative performance of the proposed algorithm is also 
compared with other existing filters in terms of CPU time for test images such as Peppers, Boat and Flinstones 
and given in tables 10-12. All the filters are simulated in MATLAB in PC equipped with 2GHZ operating speed, 
2GB RAM. The computation time for MF, CWMF, TMF and PWMAD is very less compared with the proposed 
algorithm, since there is no or a very simple detection mechanism is involved. Though the DWM and ADTMF 
take more CPU time than the above said algorithms, it is lower than the run time taken by the proposed filter. 
Since the proposed algorithm uses the SVM based classifier to identify the noisy pixel, it takes the run time 
more than the above said algorithms. But the other performance metrics are better than above said algorithms. It 
is also inferred from the table that, though the FFNN performs equally better to proposed algorithm in terms 
PSNR, it takes a long run time since it converges on local minima and it needs more memory to store predictive 
model. 

 
Conclusion: 

This paper presents a novel switching weighted median filter to remove random valued impulse noise in 
digital images. Initially a novel detection mechanism which incorporates SVM to classify the image pixel 
intensity is noise or noise free. In the second stage a directional weighted median filter is used to restore the 
actual intensity value of corrupted pixel. The significance of proposed algorithm is demonstrated in terms of 
visual and quantitative results over the other state of the art algorithm, namely MF, CWM, TSM, PWMAD, 
DWM, FFNN and ADTMF. In future, SVM classifier can be enhanced to detect mixed valued impulse noise. 
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