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a b s t r a c t

A new efficient approach to detect the impulse noise from the corrupted image using feed forward neural
network (FFNN) is presented. A modified version of the arithmetic mean filter is proposed to remove the
detected impulse noise. The performance of proposed noise detection approach is analyzed using the per-
formance measures such as False Alarm Ratio (FAR), Missed Noise (MN) pixels and Falsely Detected Noise
(FDN) pixels. The simulation results show that these performances are robust even at higher percentage
of noise. The filtered result is compared with the other recent approaches in terms of Peak Signal to Noise
Ratio (PSNR). The proposed method produces remarkably good results both in quantitative measures and
qualitative judgments of image quality.
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1. Introduction

Most image processing algorithms, such as feature selection,
recognition, etc., depend on the performance of the image filter
which tries to remove noise from the image. Images are often cor-
rupted by impulse noise while acquiring itself due to noisy sensor
or while transmitting through noisy channel. In many applications
it is necessary to remove such impulse noise from an image, for
further processing. The main goal of impulse noise removal algo-
rithm is to remove the noise without affecting the fine details in
the image, i.e., it should preserve edge like fine details, while
removing the noise.

A number of methods have been proposed for impulse noise re-
moval. For example Standard Median filter [1], attempts to remove
the impulse noise from an image by utilizing the fact that impulse
noise is having gray level value which is different when compared
to uncorrupted neighbourhood pixels. The main drawback of med-
ian filter is, it cannot distinguish the noise and sharp edges in the
image, and thereby blurs the edge details. Especially, at higher
noise densities, the performance becomes worse. To overcome
these difficulties, Weighted Median (WM) and Center Weighted
Median (CWM) filters have been proposed in [2,3]. These filters as-
sign weights to the pixels inside the window and preserves signal
details in the image when compared with median filter.
ll rights reserved.
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Switched Median Filter [4] consists of an impulse detector and a
standard median filter. It preserves the uncorrupted pixel from fil-
tering, i.e., the filtering is performed only if the detector finds the
corrupted pixel. The SD-ROM filter [5] is a switched filter which
is based on the noise detection statistics. This method consists of
a classifier which operates on order statistics. This filter performs
filtering only if the detector finds the noise and hence this filter
performs considerably well in detail preserving aspect. The perfor-
mance of the above two filters largely depends on the classifier/
detector’s ability.

In [6], a two-phase scheme for removing impulse noise is pro-
posed. In the first phase, an adaptive median filter is used to iden-
tify pixels which are likely to be contaminated by noise. In the
second phase, the image is restored using a specialized regulariza-
tion method that applies only to those selected noisy pixels. In
terms of edge preservation and noise suppression, this method
shows a significant improvement.

An impulse detector based on the minimum absolute value of
four convolutions obtained using one-dimensional Laplacian oper-
ators is proposed [7]. This detector takes the four kernel matrixes
which are based on Laplacian operators. Then the minimum of con-
volutions between the corrupted image window and the kernel
matrixes is chosen and compared with a threshold to classify
whether the pixel is noisy or not. Then the detected pixel is filtered
by simple median filter.

In [8], an algorithm based on the alpha-trimmed mean, which is
a special case of the order-statistics filter is proposed. This method
uses the alpha-trimmed mean only in impulse noise detection in-
stead of pixel value estimation. Once a noisy pixel is identified,
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Fig. 1. Block diagram of the proposed system.
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its value is replaced by a linear combination of current pixel and
the median of its local window.

Recently, an impulse detector and filter, based on Rank-Ordered
Absolute Differences (ROAD) statistic is proposed [9]. High ROAD
factor implies the noisy pixel and vice versa. So, it provides a good
approach to distinguish between edge and noisy pixels. But it can-
not exactly distinguish the noisy pixels. An exponential filtering
function with ROAD along with spatial and gray level operators
is used for filtering.

In the past several years, advanced soft computing techniques
have been applied to image filtering by considering it as a nonlin-
ear problem. Both neural networks and fuzzy logic networks are
the powerful tool to solve a greater number of image processing
problems. In [10], a neural network is proposed for impulse detec-
tor and an adaptive filter is proposed for filtering. Here, the neural
network used the median deviations as the input, i.e., the differ-
ence between median values and current pixel values and classify
whether the pixel is corrupted or uncorrupted. Then various filter-
ing techniques have been applied only to the corrupted pixels. This
filter has good detail preserving ability. The main drawback of this
network is its large input data requirement and the selection of
training images.

An impulse detector consists of two sub-detectors namely pre-
liminary detector and neural network detector which are proposed
in [11]. The impulses detected in preliminary step are fed to the
neural network to avoid false classification. The neural network
uses local statistics as input.

FIRE-filter [12–14], weighted fuzzy mean filter [15,16], uses
fuzzy networks for filtering. These type of filters have outper-
formed rank-ordered filters. For example, Russo et al. [12] pro-
posed an impulse noise filter using fuzzy network. It has two
stages, one is to detect the impulse noise and another one is for fil-
tering. Due to the filtering of only noisy pixels, this filter performs
better than the conventional methods.

The above impulse detector methods described [9,12] are for
their own exclusive filtering methods and not for generalized noise
detectors. To overcome this difficulty, a neuro-fuzzy (NF) based
impulse detector [17] is proposed. It has two NF networks, each
having three inputs. The performance in terms of FAR of this NF
detector is good for large class of images, due to the good selection
of artificial training image proposed. The NF network uses the in-
put from horizontal and vertical pixels of the 3 � 3 sub-image.
The output of this NF detector is used to switch the filter operation,
i.e., it takes filtering operation only if NF detector detects the noise.
Various standard filters are used after the detector stage and the
performance of the filter is analyzed. Since the noise detection
capability of this network is efficient, it performs well in detail
preserving.

The NF filter [18] uses the same training image in [17] and new
input set, and performs well in terms of edge preserving. This
method consists of a NF network with three inputs, median value,
edge detector’s output, and current pixel value. The edge detector
consists of four identical sub-neuro-fuzzy networks which classify
whether the current pixel is edge or not. This neuro-fuzzy filter
performs well for variety of images due to the good training set im-
age. The number of parameter tuned is more in case of NF network,
and hence takes large amount of time for training. And also they
are inferior for on-line applications, due to the high computational
complexity. The selection of neural or fuzzy networks is mostly
based on the two factors, performance (such as MSE, RMSE, etc.)
and computational complexity. For on-line applications, the com-
putational complexity is the major deciding factor.

In this paper, a novel impulse detector based on a FFNN is pro-
posed. The proposed impulse detector takes the input training im-
age proposed by [17], with three inputs, median, current pixel and
ROAD values. A modified mean filter is proposed to filter the de-
tected noise. Two algorithms are proposed to filter the noisy pixel.
The performance of the noise detector based on FAR is given. The
filter performance is compared with various filtering methods for
various set of images, and found good among the others in terms
of PSNR and also edge preserving capability due to the high noise
detection capability.

The rest of the paper is organized as follows. In Section 2, the
impulse detection technique is given in detail. Section 3 describes
the proposed algorithms for filtering. The performance of noise
detector as well as filter is analyzed in Section 4. Section 5 contains
conclusions.
2. Proposed impulse noise detector

Fig. 1 shows the overall detecting and filtering system. As
shown, it consists of an impulse detector, which switches the filter
operation. So whenever the detector detects the noisy pixel, that
particular pixel alone is filtered. Throughout this paper, the as-
sumed noise model is given by Eq. (1).

xðnÞ ¼
iðnÞ with probability 1� p

gðnÞ with probability p

�
ð1Þ

where i(n) is the original uncorrupted image, g(n) is the fixed val-
ued impulse noise (equal of gray level values 0 or 255 with equal
probabilities) and x(n) is the corrupted image. n denotes the vector
ði; jÞ, i.e., coordinates of the image pixel. The structure of proposed
impulse noise detector is shown in Fig. 3. It consists of a FFNN
and a decision maker. FFNN takes three inputs, current pixel value,
median, and the ROAD value of the 3� 3 window as shown in Fig. 2
with centre as the current pixel. The reason for taking ROAD as one
of the input is, ROAD is the good indicator of noise as proposed in
[9]. And because of this, the proposed impulse detector also takes
this as an input to FFNN and hence performs well.

The neural network’s output is given to the decision maker
which converts the output to either 0 or 1 to classify whether
the pixel is uncorrupted or corrupted, respectively.
2.1. Median filter

The median filter [1] used in this proposed work is a standard
median filter which operates on the 3� 3 window. The window
is scanned throughout the image by raster scan fashion.

Let n ¼ ði; jÞ be the location of the current pixel under consider-
ation, and let Wn be the 3� 3 window as shown in Fig. 2.

i.e., Wn ¼ fxðnþ bÞ : �1 6 b P 1g, where xðnÞ is the pixel value
of the corrupted image, Wn consists of elements in 3� 3 window.

The median filter is governed by Eq. (2).

mðnÞ ¼ MedianðWnÞ: ð2Þ

The FFNN will take the median value of the current pixel’s
neighbourhood window as its first input.
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Fig. 3. Proposed impulse noise detector.
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Fig. 2. Elements of 3� 3 window (Wn) of around the current pixel xði; jÞ.
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2.2. ROAD value

ROAD factor is proposed by [9] which is a very useful factor to
distinguish between corrupted and uncorrupted pixels. ROAD fac-
tor is high for noisy pixels, and low for uncorrupted pixels. Here,
the same 3� 3 window is considered to calculate the ROAD factor.
The ROAD factor is calculated as follows:

1. The absolute deleted difference between the centre pixel and
the remaining pixel is calculated and denoted by dn (for a
3� 3 window, dn consists of eight elements).

dn ¼ jwn� xnj ð3Þ

2. Sort dn values in the increasing order and let the sorted values
as rn

rn ¼ sortðdnÞ ð4Þ

3. The ROAD factor is calculated by summing up the first four val-
ues of rn.

For each pixel ROAD value is calculated using its 3� 3 window
and is used as the second input to the FFNN.
2.3. Feed Forward Neural Networks (FFNN)

FFNN can be used to model nonlinear systems if properly
trained. In this proposed work, the neural network consists of
two hidden layers and five and three hidden neurons in each layer
respectively as shown in Fig. 4. There is no analytical method to
choose the number of layers and neurons, and hence they are
determined experimentally on trial and error basis.
Median 

ROAD 

Current 
Pixel 

Output 

Fig. 4. Standard structure of feed forward network.
2.4. Training data generation

For the generalization of the noise detector, selection of training
image is the most important task. In [17,18], the artificially gener-
ated training image which has more generalization capability is
used. The training image and target image is as shown in Fig. 5.
The first image is the base training image of size 128� 128 pixels
and consists square boxes each of size 4� 4 pixels. All the pixels
inside the square box are having same gray level value which is
randomly chosen between ½0;255�. The second image is obtained
by corrupting the first image with impulse noise of density 30%.
The final one consists of white dots which denotes the presence
of noise and acts as a target image for the proposed detector. Since
this training image is having gray level values in random manner, a
network which is trained for this training set gives better perfor-
mance for all class of images.

As explained previously the input to the FFNN, i.e., median and
ROAD values are taken from the second image. Each pixel value is
8 bit gray level values of ½0;255�. Each input is normalized to the
interval ½0;1� and then applied to neural network including the tar-
get values. The FFNN is trained using well known back propagation
algorithm with maximum number of training epochs 100 and tar-
get/error goal as 0. The structure for training is shown in Fig. 6.
2.5. Decision maker

Decision maker simply rounds off the output of the neural net-
work with the threshold as 0.5.

yðnÞ ¼ 0 if output of FFNN < 0:5
¼ 1 if output of FFNN P 0:5

So, this decision maker gives the output as one if the current
pixel is noisy pixel and vice versa. This decision maker is not used
while training.
3. Filtering of the noisy image

The filtering performance purely depends on the performance
of the noise detector, i.e., whenever the detector finds the noisy
pixel, that pixel alone is filtered using proposed filter and all other
uncorrupted pixels are left as they are.
Fig. 5. (a) Base training image. (b) Image in (a) corrupted by 30% impulse noise. (c)
Target image.
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Fig. 6. Training of FFNN.
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In this paper, two algorithms are used to filter the corrupted
pixels. The first one, which is ‘‘Adaptive Sized Mean Filter”, in-
creases the size of the processing window if it does not find any
uncorrupted pixel inside the window. The second one called ‘‘Iter-
ative Mean Filter”, uses the fixed size window and it replaces the
current pixel as a black pixel if their neighbours are also fully cor-
rupted. And then the processed image is given to the algorithm
iteratively until the detector does not find any noisy pixels.

3.1. Algorithm I (Adaptive Sized Mean Filter)

This filtering algorithm is the modified version of the simple
arithmetic mean filter. The algorithm for the proposed filter is as
follows: (assuming each and every pixel in the noisy image is clas-
sified into noisy or uncorrupted one) using FFNN and decision
maker.

1. Choose initial window size N ¼ 3. Find the number of pixels
that are not corrupted by noise (using the proposed detector).
Let it be ‘‘K”. If K ¼ 0 then go to step 2 else go to step 4.

2. Increase the window size by 2, i.e., N ¼ N þ 2.
3. Find K. If K ¼ 0, go to step 2, else go to step 4.
4. Find the average of the ‘‘K” uncorrupted pixels in the selected

window.
5. Replace the current pixel by the result from the previous step.

The mean filter gives better performance since it operates on
uncorrupted pixels only. In the simulation, it is found that increas-
ing the window size by more than 9� 9 is not necessary, since
there are some uncorrupted pixels in 9� 9 window even at higher
noise densities. But if needed it can be extended to any level.
Table 1
Missed and falsely identified pixels of Yuksel [17] and proposed method for Class A image

% Noise Y Baboon Blood Boats

My Mp Fy Fp My Mp Fy Fp My M

0 0 0 11 9 0 0 24 13 0 0
5 0 0 10.1 9.05 0.4 0 23.1 11.5 0 0

10 0.3 0 10 8.55 0.8 0 20.2 10.95 0.2 0
15 1.9 0 8.9 8.50 3.4 0 19.1 9.85 2.8 0
20 5.4 0 8.5 7.65 10 0 17 8.75 8.4 0
30 14.7 0 7.7 7.5 19.3 0 16.3 8.65 17.9 0
40 36.4 0 7.8 6.35 41.7 0 14.8 6.9 37.1 0
50 137.4 0 5.1 5.40 145 0 13.3 6.0 143.4 0
60 385.4 0 4.2 4.45 394.6 0 11.6 4.45 393 0
70 915.5 0 4.9 2.9 927.7 0 9.7 3.85 914.7 0
80 1892.6 0 2.5 2.4 1891 0 6.2 1.95 1880 0
90 3562 0 1.5 1.50 3586 0 5.3 0.95 3533 0

Table 2
Missed and falsely identified pixels of Yuksel [17] and proposed method for Class B image

% Noise Y Cameraman Gold hill Lena

My Mp Fy Fp My Mp Fy Fp My

0 0 0 41 1 0 0 2 0 0
5 1.3 0 37.6 0.95 1.5 0 1.5 0 6.5

10 1.7 0 34.3 0.9 9.8 0 1.2 0 13
15 6.7 0 27.2 0.8 20.1 0 0.8 0 32.5
20 11.1 0 24.3 0.7 34.8 0 0.6 0 46.2
30 26.6 0 22.6 0.57 57.3 0 0.3 0 82
40 48.2 0 18.6 0.55 101.4 0 0.1 0 128.8
50 156 0 16.5 0.5 233.5 0 0 0 307.4
60 404.8 0 11.7 0.4 521.1 0 0 0 618.4
70 917.5 0 9.5 0.35 1074 0 0 0 1215
80 1887 0 8.5 0.3 2040 0 0 0 2239
90 3585 0 5.2 0.15 3707 0 0 0 3913

My, missed noisy pixels in Yuksel [17] method and Mp, missed noisy pixels in proposed
pixels in proposed method.
3.2. Algorithm II (Iterative Mean Filter)

This filtering algorithm is the simple modified mean filtered
with iterative execution. The algorithm for the proposed filter is
as follows:

1. Choose the neighbourhood window size as 3� 3 and find the
pixels that are not corrupted inside the window. Let the number
of uncorrupted pixels be ‘‘K”.

2. If K ¼ 0, then replace the current pixel by gray level value 0, i.e.,
Black pixel. Else replace the corrupted pixel by the average of
the unaffected pixels in the window.

3. Go to step 1, if impulse detector finds any noisy pixel in the
image resulted from step 2. Else Stop execution.

This iterative filtering is applied to images which are corrupted,
only by high impulse noise. Remaining images are filtered by per-
forming a single iteration. Since the pixels, that are not having
good neighbours, are replaced by zero, in further iteration, it acts
as a noisy pixel and is filtered out as iteration increases.

4. Experimental results

Three experiments are conducted to validate the proposed
work. First experiment is to study the performance of the pro-
posed noise detector and the second experiment is to validate
the performance of the proposed filtering algorithms. Third
experiment is to analyze the computation time of the better
algorithm between this two algorithms. The performance of
the proposed algorithms is analyzed by using PSNR factor. To
evaluate the performance of all the experiments ten test images,
s.

Bridge Pentagon

p Fy Fp My Mp Fy Fp My Mp Fy Fp

35 3 0 0 362 353 0 0 5 2
32 1.0 11.6 0 346 316.5 0.1 0 4.3 1.95
28.2 1.0 29.1 0 333.4 299.9 1.2 0 4 1.95
25.5 0.8 50.6 0 320 283.85 3.6 0 3.6 1.7
22.4 0.6 72.6 0 304 265.8 9.6 0 3.1 1.6
19.4 0.6 96.4 0 290.1 233.8 20.6 0 3.1 1.35
19 0.5 139.6 0 265.8 202.9 44.1 0 2.9 1.25
12.9 0.5 285 0 238.5 170.1 152.2 0 2.8 1.15
10.3 0.45 573.2 0 206.7 134.4 394.3 0 2.6 0.8
6.1 0.25 1135 0 169.3 104.1 923.5 0 2.1 0.65
3.7 0.2 2132 0 134.6 68.7 1876 0 2.1 0.50
2 0.05 3789 0 88.3 35.0 3554 0 0.9 0.15

s.

Peppers Rice

Mp Fy Fp My Mp Fy Fp My Mp Fy Fp

0 24 0 0 0 2 0 0 0 0 0
0 22.3 0 0 0 1.9 0 0 0 0 0
0 20.1 0 0.4 0 1.8 0 0.4 0 0 0
0 17.1 0 1.8 0 1.7 0 1.9 0 0 0
0 16.5 0 8.3 0 1.7 0 6.4 0 0 0
0 15.3 0 19.4 0 1.7 0 16.6 0 0 0
0 12.5 0 39.8 0 1.5 0 35.7 0 0 0
0 11.6 0 151.6 0 1.4 0 137.3 0 0 0
0 10.6 0 413.3 0 1.3 0 383.2 0 0 0
0 8.1 0 960.3 0 0.9 0 895.1 0 0 0
0 6.6 0 1968 0 0.5 0 1880 0 0 0
0 5.5 0 3597 0 0.4 0 3516 0 0 0

method. Fy, falsely identified pixels in Yuksel [17] method and Fp, falsely identified



Table 3
FAR of Yuksel [17] and proposed method for Class A images.

% Noise Y Baboon Blood Boats Bridge Pentagon

Y P Y P Y P Y P Y P

0 0.0168 0.0137 0.0366 0.0198 0.053 0.0046 0.5524 0.5386 0.0076 0.0031
5 0.0154 0.0138 0.0359 0.0175 0.0488 0.0015 0.5457 0.4829 0.0067 0.0030

10 0.0157 0.0130 0.032 0.0167 0.0433 0.0015 0.5531 0.4576 0.0079 0.0030
15 0.0165 0.0130 0.0343 0.0150 0.0432 0.0012 0.5655 0.4331 0.011 0.0026
20 0.0212 0.0117 0.041 0.0134 0.047 0.0009 0.5746 0.4056 0.0194 0.0024
30 0.0674 0.0114 0.086 0.0132 0.0856 0.0009 0.6186 0.3568 0.0717 0.0021
40 0.217 0.0097 0.241 0.0105 0.2385 0.0008 0.7988 0.3096 0.2365 0.0019
50 0.5945 0.0082 0.6198 0.0092 0.6154 0.0008 1.19 0.2596 0.6056 0.0018
60 1.40 0.0068 1.43 0.0068 1.405 0.0007 1.99 0.2051 1.4124 0.0012
70 2.8917 0.0044 2.8946 0.0059 2.8748 0.0004 3.458 0.1588 2.8661 0.0010
80 5.4381 0.0037 5.48 0.003 5.39 0.0003 5.917 0.1048 5.424 0.0008
90 9.481 0.0023 9.5779 0.0014 9.322 0.0001 9.7845 0.0534 9.4527 0.0002

Table 4
FAR of Yuksel [17] and proposed method for Class B images.

% Noise Y Cameraman Gold hill Lena Peppers Rice

Y P Y P Y P Y P Y P

0 0.0626 0.0015 0.0031 0 0.0366 0 0.0031 0 0 0
5 0.0594 0.0014 0.0046 0 0.0439 0 0.0029 0 0 0

10 0.0549 0.0014 0.0168 0 0.0505 0 0.0034 0 0.00061 0
15 0.0517 0.0012 0.0319 0 0.0757 0 0.0053 0 0.0029 0
20 0.054 0.0011 0.054 0 0.0957 0 0.0153 0 0.0098 0
30 0.1019 0.0009 0.1549 0 0.2156 0 0.0630 0 0.0545 0
40 0.2632 0.0008 0.3563 0 0.4868 0 0.2335 0 0.2095 0
50 0.6355 0.0008 0.7951 0 0.9598 0 0.6326 0 0.5847 0
60 1.4145 0.0006 1.6382 0 1.8655 0 1.4667 0 1.3658 0
70 2.8922 0.0005 3.113 0 3.4264 0 3.0038 0 2.8685 0
80 5.478 0.0005 5.657 0 5.9789 0 5.4895 0 5.3653 0
90 9.477 0.0002 9.67 0 9.872 0 9.6152 0 9.444 0

Y, Yuksel [17] method and P, proposed method.
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baboon, blood, boat, bridge, cameraman, gold hill, lena, penta-
gon, pepper, and rice are chosen. All the test images are of the
size 256 � 256 and are obtained from [19,20]. All the perfor-
mances shown (PSNR, FAR, Computation Time) are the average
of them for 20 runs.
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proposed method.
4.1. Noise detector performance

The performance of the noise detector is the measure of its abil-
ity to exactly find the noisy pixels. There may be two chances of
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failures in detection, the failure to find the noisy pixels, i.e., missing
of noisy pixels, and another one is the detection of the uncorrupted
pixels as noisy pixels i.e. falsely identified pixels. To analyze the
performance of the proposed detector, test images are corrupted
by various noise densities (0–90% in steps). The proposed method
of noise detection is compared with the latest method proposed by
Yuksel [17]. The test images are grouped into two classes Class A
and Class B. Class A image consists of images with large amount
of fine details and Class B has less fine details. Tables 1 and 2 show
the performance of the impulse detectors Yuksel [17] and proposed
methods with respect to missed and falsely identified pixels for
Class A and Class B images, respectively. Considering the Yuksel
[17] method, the number of missed noisy pixels increases drasti-
cally with the increase of noise density. And the number of falsely
identified pixels is considerably large at lower noise density for the
images. For bridge image, the number of falsely identified pixels is
Table 5
Average PSNR values for 25% noise densities.

Method Baboon Blood Boats Bridge Cameram

MF [1] 19.094 24.74 22.19 22.40 22.24
SDROMF [5] 20.53 28.41 24.32 24.74 23.35
TONF [21] 24.44 31.02 28.05 28.15 27.91
Yuksel [18] 24.70 31.09 28.22 28.22 28.11
Proposeda 25.71 37.02 30.22 31.12 30.62

a Both algorithms gave same PSNR values.

Table 6
Average PSNR values at various noise densities for Algorithm I.

% Noise Baboon Blood Boats Bridge Camerama

5 32.61 44.41 37.30 34.02 38.05
10 29.72 41.82 34.2 31.81 35.12
15 28.03 40.05 32.32 30.52 33.15
20 26.67 38.27 31.18 29.00 31.89
30 24.8 35.88 29.10 27.70 29.69
40 23.34 33.81 27.61 25.95 28.13
50 22.15 31.80 26.22 24.86 26.79
60 21.15 29.38 24.71 23.89 24.95
70 20.57 26.60 23.55 22.79 23.56
80 19.80 23.79 22.32 22.01 21.99
90 18.67 21.45 20.91 20.67 20.57
very large even at 0% noise density. This is because of large fine
(noise-like) data in bridge image.

The proposed detector exactly finds all the noisy pixels, i.e., it
does not have missed noisy pixels whereas the previous method
do have that. The proposed method is having some falsely classi-
fied pixels in some images which are very less when compared
to Yuksel [17]. The images such as gold hill, Lena, peppers and rice,
do not have falsely classified pixels as shown in Table 2, i.e., For
these images the proposed noise detector performs like an ideal
noise detector. The falsely identified pixels are very less for all
other images except bridge image. It is more in case of bridge im-
age because of the reason explained already. The total number of
false pixels are very less when compared to Yuksel [17] method.

Another way to analyze the performance of the impulse detec-
tor is by means of its False Alarming Ratio (FAR) which is defined in
Eq. (5).

FAR% ¼ NF

NT
� 100 ð5Þ

Here NF and NT represent number of incorrectly classified pixels and
number of total pixels in the image respectively.

Tables 3 and 4 shows the False Alarm Ratio (FAR) of the Yuksel
[17] and proposed method for Class A and Class B images, respec-
tively. FAR is the measure total number of falsely and missed noisy
pixels in percentage. In Yuksel [17] method, due to the increase in
missed noisy pixels with noise density, the FAR value also in-
creases with noise density. For the proposed method, since the
detector has only the falsely identified pixels, FAR value decreases
with noise density.

The average values of missed noisy pixels and falsely identified
pixels for both methods are shown in Figs. 7 and 8. As shown in
Fig. 7, the average number of falsely identified pixels is less for
the proposed method when compared with Yuksel [17]. Fig. 8
shows the number of missed pixels for the Yuksel [17] method.
It increases with noise density drastically, whereas for the pro-
posed method it is zero always.

The total number of false identification, and thereby FAR, de-
creases with noise density as shown in Fig. 9. This FAR value is very
much low when compared with Yuksel [17] and is shown in Fig. 9
in logarithmic scale. The FAR values are decreasing with noise
an Gold hill Lena Pentagon Peppers Rice

23.41 23.56 22.25 22.89 4.96
26.06 25.84 23.65 25.92 30.86
29.45 29.39 25.63 27.67 31.69
29.57 29.72 25.72 28.00 31.96
32.11 33.59 31.25 34.38 33.9

n Gold hill Lena Pentagon Peppers Rice

39.66 41.2 38.68 41.36 41.38
36.45 37.96 35.76 37.76 38.37
34.63 36.01 33.94 36.07 36.36
33.28 34.65 32.46 34.87 35.06
31.34 32.79 30.66 32.72 32.95
29.76 30.99 28.81 30.98 31.29
28.50 29.63 27.36 29.57 29.87
27.03 27.76 25.38 27.75 28.03
25.79 26.36 23.75 26.08 26.46
24.42 24.82 22.17 24.34 24.55
22.93 22.96 20.63 22.31 22.71



Table 7
Average PSNR values at various noise densities for Algorithm II.

% Noise Baboon Blood Boats Bridge Cameraman Gold hill Lena Pentagon Peppers Rice Avg.

5 32.61 44.41 37.20 38.37 38.05 39.66 41.2 38.68 41.36 41.38 39.292
10 29.72 41.82 34.2 35.34 35.12 36.45 37.96 35.76 37.76 38.37 36.25
15 28.03 40.05 32.32 33.38 33.15 34.63 36.01 33.94 36.07 36.36 34.394
20 26.67 38.27 31.18 32.20 31.89 33.28 34.65 32.46 34.87 35.06 33.053
30 24.8 35.88 29.02 30.26 29.58 31.34 32.79 30.66 32.72 32.88 30.993
40 23.34 32.8 27.51 28.78 28.04 29.57 30.47 28.60 30.52 30.94 29.057

50a 21.97 30.72 26.23 27.43 26.78 28.50 29.59 27.49 29.55 29.85 27.811
60a 20.93 29.01 25.06 26.39 25.41 27.27 28.10 26.14 28.18 28.33 26.482
70a 19.93 27.35 23.90 25.42 24.07 25.87 26.73 24.55 26.66 26.88 25.136
80a 18.84 25.01 22.55 24.46 22.45 24.51 25.35 22.83 24.85 25.25 23.61
90a 17.67 21.95 20.83 23.45 20.48 22.78 22.76 20.90 22.75 22.76 21.633

a Iterative execution of algorithm.
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density in case of proposed method and are increasing in case of
Yuksel [17]. In all aspects, the proposed detector performs well,
when compared to Yuksel [17].

4.2. Filter performance

The performance of both filtering algorithms is analyzed both
quantitatively and qualitatively. The Peak Signal to Noise Ratio
(PSNR) is the measure filtering performance quantitatively. PSNR
value is defined by Eqs. (6) and (7).

PSNR ¼ 10 log
2552

MSE
ð6Þ

where MSE is the mean squared error and is defined by Eq. (7)

MSE ¼ 1
RC

XR

r¼1

XC

c¼1

ðs½r; c� � y½r; c�Þ2 ð7Þ

Here s½r; c� and y½r; c� represents original and the restored versions of
the corrupted image of size R� C, respectively.

Larger PSNR indicates good signal strength. In Yuksel [17], after
detecting the impulse noise, various filter algorithms were imple-
mented and compared with various standard filters. Since the per-
formance of the proposed detector is good compared to Yuksel
[17], all filtering algorithms surely will give better performance
in terms of PSNR for the proposed detector. So, the performances
of those filters have not been discussed here. Instead of that, two
0 10 20 30 40 50 60 70 80 90
10

15

20

25

30

35

40

Noise Density [%]

P
S

N
R

Algorithm I

Algorithm II

Yuksel

Fig. 10. Average PSNR vs % noise density of Algorithm I, Algorithm II, and Yuksel
[18].
algorithms are proposed and compared with the previous methods
at various noise densities.

Table 5 shows the comparison of the performance of the pro-
posed algorithms with MF [1], SDROM filter [5], TONF [21] and
the latest Yuksel [18], when the images are corrupted by 25% noise
density. The performance of the all algorithms is taken from Yuksel
[18]. Since Algorithm II (iterative mean filter) is implemented
iteratively for higher noise densities only, it gave almost the same
Fig. 11. Filtered image of Baboon’s lower right portion for both algorithms and at
25% and 50% noise densities. (a) Baboon image, (b) lower right portion zoomed. (c)
25% Noise Algorithm I. (d) 50% Noise Algorithm I. (e) 25% Noise Algorithm II. (f) 50%
Noise Algorithm II.



Fig. 12. Performance on Lena image at 25% and 60% noise densities. (a) Filtered by
Algorithm I for 25% noise. Filtered by Algorithm I for 60% noise. (c) Filtered by
Algorithm II for 25% noise (d) Filtered by Algorithm II for 60% noise. (e) Original
Lena image.

Fig. 13. Performance on Boat image at 10% and 40% noise densities. (a) Filtered by
algorithm I for 10% noise. Filtered by Algorithm I for 40% noise. (c) Filtered by
Algorithm II for 10% noise. (d) Filtered by Algorithm II for 40% noise.

10 20 30 40 50 60 70 80 90
0.5

1

1.5

2

2.5

3

3.5

4

% Noise Density

C
om

pu
ta

tio
na

l T
im

e 
in

 S
ec

on
ds

Fig. 14. Computation time vs noise density for Algorithm II.
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performance as Algorithm I for low noise densities. At 25% noise
both the filters gave same performance. From Table 5, it can be
seen that the PSNR value for the proposed algorithm(s) is high
compared with other proposed algorithms for all 10 images. And
also the average PSNR value for all images is good for the proposed
algorithm.

To analyze the filtering performance of the algorithms at vari-
ous noise densities, the test images are corrupted by various noise
densities (0–90%). Tables 6 and 7 indicate the PSNR values of the
proposed filters for various noise densities. Both filters offer almost
same PSNR values if the noise density level is below 40%. Among
the two algorithms, Algorithm II performs better than Algorithm
I. This is due to the large window size in Algorithm I while the
noise density is higher, whereas window size is fixed 3 � 3 in case
of Algorithm II. It is proven that the filter proposed in Yuksel [18],
outperforms well for all test images when compared to the previ-
ous proposed filters and hence the performance of the proposed
algorithm at various noise densities is compared with Yuksel
[18]. The proposed algorithms are performing well for all test
images when compared to Yuksel [18]. The average PSNR value
for all test images at various noise densities is shown in Fig. 10.
Fig. 10 indicates that the average PSNR value is high when com-
pared to Yuksel [18]. Among the two algorithms proposed Algo-
rithm II performs slightly better than Algorithm I.
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To analyze the detail preserving capability of the proposed filter
qualitatively, some filtered images which are corrupted at various
noise densities are given in Figs. 11–13. Fig. 11(b) shows the
zoomed portion of the baboon image which is having fine details.
On analyzing Fig. 11(b)–(f), it can be seen that the proposed filter
preserves fine details such as baboon hair effectively even at higher
noise densities. Figs. 12 and 13 show the original and filtered
images of Lena and Boat, respectively.

Once again between the two algorithms Algorithm II performs
better in terms of qualitative judgment of detail preserving too.
The proposed algorithms perform well in terms of both qualitative
and quantitative (PSNR) terms.

4.3. Computation time

The entire algorithm is implemented in Pentium IV 3 GHz pro-
cessor with 512 MB RAM using MATLAB 7.0 package. Two individ-
ual experiments were conducted to analyze the computational
time of the proposed detector and proposed Algorithm II for the
entire image.

The average computational time taken by both the fuzzy net-
work proposed by Yuksel [17] and the present neural network is
taken after 20 runs. The average computation time required by
the detector proposed by Yuksel [17] is 0.6875 s whereas for the
proposed neural network it is only 0.1875 s. Fuzzy network pro-
posed by Yuksel [17] is having two sub detectors and hence it takes
large computational time. Since the proposed detector takes very
less computational time, it can be used for real time applications
along with any filter.

The average computational time required to implement the best
among the proposed algorithm, i.e., Algorithm II is calculated for
each noise densities and is shown in Fig. 14. As expected, the com-
putation time increases with noise density, due to the iterative run
of the given algorithm at larger densities. This computational time
may be further reduced by using high performance computer.

5. Conclusion

A new efficient method to detect and remove impulse noise
from a corrupted image is proposed. The performance of the noise
detector is analyzed through number of missed noisy pixels, falsely
detected pixels and FAR. With respect to all of these, the proposed
detector performs well. For Class B images which are having less
fine details, the proposed detector performs like an ideal detector
and determined all corrupted pixels without any fault.

Due to the good performance of the noise detector, it can be
used along with any filter as a switched filter. The modified mean
filters proposed perform well both in terms of qualitative and
quantitative analysis. The filter operation is performed only for
noisy pixels detected by the proposed detector. The performance
of the filter is evaluated in terms of PSNR. The proposed filter is
having high PSNR value when compared to the latest efficient algo-
rithms proposed. The proposed noise detector can be used in on-
line application since its average computation time is very less
when compared to previous detectors.
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