
Pattern Recognition Letters 32 (2011) 1974–1981
Contents lists available at SciVerse ScienceDirect

Pattern Recognition Letters

journal homepage: www.elsevier .com/locate /patrec
An efficient decision-based and edge-preserving method
for salt-and-pepper noise removal

Jian Wu, Chen Tang ⇑
Department of Applied Physics, University of Tianjin, Tianjin 300072, PR China

a r t i c l e i n f o
Article history:
Received 29 May 2010
Available online 19 September 2011
Communicated by R. Davies

Keywords:
Image denoising
Impulse noise
Edge-preservation
Total variation inpainting
The two-stage scheme
0167-8655/$ - see front matter � 2011 Elsevier B.V. A
doi:10.1016/j.patrec.2011.09.025

⇑ Corresponding author.
E-mail addresses: wudging@mail.jxau.edu.cn (J

(C. Tang).
a b s t r a c t

In this paper, we propose an improved two-stage scheme for the removal of salt-and-pepper noise based
on an efficient impulse detector and the edge-preserving total variation inpainting model. We test the
proposed algorithm on the four images corrupted by salt-and-pepper noise with a wide range of noise
levels varied from 10% to 95%, and compare it with the six other well known filters. Further, we evaluate
quantitatively the performance of these filters with the peak signal-to-noise ratio (PSNR), the measure of
structural similarity (SSIM) and the image enhancement factor (IEF). The experimental results have dem-
onstrated that the proposed filter performs impressively in noise suppression and edge preservation.

� 2011 Elsevier B.V. All rights reserved.
1. Introduction

Impulse noise removal is one of the most important fields in
digital image processing. Salt-and-pepper noise is a kind of im-
pulse noise which can significantly degrade an image. In the past
few years, there have been many approaches proposed to remove
salt-and-pepper noise. The median filtering and its modifications
are the popularly used methods because of their good denoising
power and computational efficiency (Bovik, 2000; Huang et al.,
1979). However, the approaches might blur images since the
neighbor pixels are always not fully utilized and both noisy and
noise-free pixels are modified. Recently, the two-stage scheme,
such as (Chan et al., 2005; Chen and Lien, 2008; Chen et al.,
2009; Nair and Revathy, 2008; Schulte et al., 2006; Srinivasan
and Ebenezer, 2007), has been demonstrated to be a powerful tool
for the removal of salt-and-pepper noise, and has also been widely
investigated and used. The basic idea of the two-stage scheme is
that the noise candidates in an image are firstly determined by
an impulse detector, and then the detected noises are removed
by a filter method.

In our opinion, the two-stage scheme can be improved from two
points of view. In the first one, efforts are put into improving the im-
pulse detectors for detecting impulse noises quickly and effectively.
The impulse detectors play a key role in noise suppression. The false
detection may cause that the signal pixels are processed which may
result in blurring image edges; the miss detection may leave noise
ll rights reserved.
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pixels on the filtered results. Therefore, it is very necessary to im-
prove noise detection for filters. For example, the efficient decision
based algorithm (EDBA) filter (Srinivasan and Ebenezer, 2007) and
the improved decision based algorithm (IDBA) filter (Nair and Rev-
athy, 2008) identify noise candidates by comparing the center pixel
with the minimum and maximum intensity values in a 3 � 3 win-
dow; in (Chen et al., 2009), the noisy pixels are detected by aug-
menting the ordered difference between the central pixel and its
neighbors; in the Chan et al.’s filter (Chan et al., 2005), impulses
are detected by comparing the result of the adaptive median filter
(AMF) (Hwang and Haddad, 1995) with the noisy image; in (Chen
and Lien, 2008), the‘‘salt’’ and ‘‘pepper’’ pixels are recognized by
the process of gradual learning; The fuzzy impulse noise detection
and reduction method (FIDRM) filter (Schulte et al., 2006) uses the
fuzzy gradient value to determine whether a pixel is corrupted with
impulse noise or not.

In the second point of view, efforts are concentrated on improv-
ing the filtering methods for removing noise while preserving edges
and details efficiently. The most commonly used method is median
filtering, for instance, the AMF and EDBA filters use the median fil-
tering method to remove noise candidates. The main shortcoming
of the median filtering method is that it tends to blur image edges
especially when noise level is very high. Many other filtering meth-
ods are proposed to remove the noise candidates. The IDBA filter re-
places the noise candidates by the mean of the four neighborhood
processed pixels. The Chan et al.’s filter (Chan et al., 2005) adopts
a specialized regularization method to suppress impulses. It has
been illustrated that the filtered results were better than those of
other famous filters, including the progressive switching median
filter (Wang and Zhang, 1999), the multistate median filter
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(Chen and Wu, 2001), the noise adaptive soft-switching median fil-
ter (Eng and Ma, 2001), the directional difference-based switching
median filter (Hashimoto et al., 2002) and the improved switching
median filter (Zhang and Karim, 2002). However, one of disadvan-
tages of this method is extensively time-consuming. The Chen
et al.’s filter (Chen and Lien, 2008) can preserve edges using a direc-
tional correlation-dependent filtering technique based on observ-
ing the sample correlations of six different directions. It has also
been illustrated that the Chen et al.’s filter could perform much bet-
ter than the six famous denoising methods, including the standard
median filter (MED) of size 3 � 3, the new impulse detector (Zhang
and Karim, 2002), the differential rank impulse detector (Aizenberg
and Butakoff, 2004), the simple fuzzy impulse detector (Luo,
2006a), the alpha-trimmed mean-based method (Luo, 2006b) and
the decision-based algorithm (Srinivasan and Ebenezer, 2007). In
(Cai et al., 2009), the missing data are reconstructed based on tight
framelets, and they have shown that their filtering method is very
effective when compared to median-type filters and variational ap-
proaches. The FIDRM filter (Schulte et al., 2006) is another efficient
method to reduces impulse noise where the fuzzy filtering method
is used.

In this paper, we propose an improved two-stage scheme for
the removal of salt-and-pepper noise based on an efficient impulse
detector and an edge-preserving filter. We use an efficient impulse
detector proposed in (Chen and Lien, 2008) to identify impulses,
and then reduce them with a partial differential equation (PDE)
inpainting method. The filter takes full advantage of the surround-
ing uncorrupted information in the reduction of noise candidates.
The PDE-based image inpainting methods have been actively stud-
ied in the past few years. The rapid development of mathematical
models, solution tools, and high resolution numerical schemes
have made PDE-based methods be one of the major tools for image
restoration. Many different PDE models have been proposed for
achieving image inpainting, seeing (Bertalmio et al., 2000; Chan,
2001). Among these PDE inpainting models, the total variation
inpainting (TVI) model, proposed in (Chan and Shen, 2002), is a
well-known and commonly used model due to its effectiveness
and accuracy. Here we employ the model to fill the detected noise
for the purpose of removal of salt-and-pepper noise. We test the
proposed method on the four images degraded by salt-and-pepper
noise with a wide range of noise levels varied from 10% to 95%, and
compare it with other well known filters, including the MED, EDBA,
IDBA, Chan et al.’s, Chen et al.’s and FIDRM filters. The experimen-
tal results have demonstrated that the proposed filter performs
impressively in noise suppression and edge preservation. Although
the proposed filter is simple, it can preserve image edges surpris-
ingly well.

The rest of the paper is organized as follows. In Section 2, we
will first briefly review the Chen et al.’s detector that is related
to our work, and then describe our method in details for salt-
and-pepper noise reduction. We present the experimental results
in Section 3 and summarize the paper in Section 4.
2. The description of our improved two-stage scheme

2.1. Related work

The two-stage schemes contain two separated steps: a noise
detection stage and a noise reduction stage. Therefore, the pro-
cessed results of two-stage scheme for removing salt-and-pepper
noise depend on the noise detector and the filtering method. As
above-mentioned, there have been various noise detectors pro-
posed in the past few years. Here, we briefly review the Chen et
al.’s detector that is related to our work. In (Chen and Lien,
2008), the ‘‘salt’’ and ‘‘pepper’’ pixels are recognized by the process
of gradual learning in a 3 � 3 small window, and then the impulses
are removed by a simple computation in the same small window.
What follows is a brief synopsis of the Chen et al.’s detector.

For each pixel (i, j) 2X (where X is the image support), let Ni,j be
the coordinates set of a 3 � 3 window centered at (i, j), i.e.,

Ni;j ¼ ðm;nÞ : ðm;nÞ 2 X; jm� ij 6 1; jn� jj 6 1f g: ð1Þ

Assume that Mi,j, mi,j are the maximum, minimum gray-scale value
from the first window N1,1 to the current window Ni,j. In the detec-
tion stage, the ‘‘salt’’ and ‘‘pepper’’ noise pixels are defined as,
respectively,

salt ¼
Mi;j if Mi;j ¼ Mi;j�1;

255 otherwise;

�
ð2Þ

pepper ¼
mi;j if mi;j ¼ mi;j�1;

0 otherwise:

�
ð3Þ

Let u(i, j) denote the image gray scale at the pixel (i, j). If u(i, j) = salt
or u(i, j) = pepper, then the pixel located at (i, j) be treated as noise
pixel. Note that the variable salt and pepper may be changed with
the location (i, j). In the reduction stage, the authors calculated the
eight directional differences at each corrupted pixel, and then
reconstructed the corrupted pixel by the mean of the uncorrupted
or denoised pixels which have the minimum directional differences.
The Chen et al.’s filter has a simple computation structure, so it runs
very fast.

2.2. The proposed filter

Although the above-mentioned two-stage schemes have out-
standing performance in the removal of salt-and-pepper noise,
they have some shortcomings. The most main shortcoming of the
Chan et al.’s and Chen et al.’s filters is that the two filters leave jag-
ged edges over the processed image when the noise level is very
high (P70%), as shown later; the other filters, such as the EDBA,
IDBA and FIDRM filter, also have the same problem. To overcome
the drawbacks, here we propose an improved two-stage scheme
with better performance for the removal of salt-and-pepper noise.
Because the Chen et al.’s detector is very fast and efficient, we use
this detector to detect the noise candidates. After detection, we
employ the TVI model to fill the detected noise with the surround-
ing information.

The general idea of PDE-based inpainting is to fill the regions to
be inpainted with information from surroundings or similar infor-
mation somewhere else, which is carried out by an evolving PDE.
The evolving PDEs can be derived based on the variational methods
(Xu and Prince, 1998; Chen et al., 2000), where an energy func-
tional, defined in the space of continuous images over a support
of X is minimized, leading to the corresponding PDEs. In (Chan
and Shen, 2002), Chan and Shen proposed an energy functional as

EðuÞ ¼
ZZ

D�
jrujdxdyþ kD

2

ZZ
D�nD
ðu� u0Þ2dxdy; ð4Þ

where u0 denotes an original image; D denotes the inpainting do-
main; D� is a dilation of inpainting domain, and kD is a constant.
By minimizing the energy functional, they obtained the total varia-
tion inpainting PDE model:

@uðx; y; tÞ
@t

¼ div
ru
jruj

� �
þ kDðu0 � uÞ; ð5Þ

where u(x,y; t) is the evolving image at t time, and kD is an indicator
function of the inpainting domain D, i.e., the kD is given by

kD ¼
0; ðx; yÞ 2 D;

1; ðx; yÞ 2 D� n D:

�
ð6Þ



Table 1
Comparative results of different methods for various noise levels.

Filters 10% 20% 30% 40% 50% 60% 70% 80% 90% 95%

‘‘Shapes’’ image, PSNR (dB)
Noisy 15.01 12.07 10.26 9.07 8.02 7.28 6.61 6.04 5.53 5.31
MED 32.02 26.62 22.12 18.45 14.53 11.92 9.61 7.74 6.28 5.68
EDBA 15.36 20.79 23.37 24.83 25.11 24.08 22.70 20.68 17.41 14.22
IDBA 19.46 24.09 25.83 26.63 26.10 25.33 24.45 23.64 20.47 18.42
Chan et al. 36.35 34.10 31.99 30.73 28.93 27.78 26.85 25.59 23.23 22.02
Chen et al. 40.20 36.64 34.00 32.27 30.46 29.02 27.12 25.85 22.08 19.79
FIDRM 37.41 12.15 12.15 12.15 12.15 12.15 12.15 12.15 12.15 12.15
PF 40.46 37.67 35.51 34.23 33.08 31.67 30.15 29.04 25.99 23.42

‘‘Shapes’’ image, SSIM
MED 0.981 0.918 0.733 0.469 0.217 0.108 0.058 0.030 0.014 0.011
EDBA 0.562 0.812 0.887 0.917 0.915 0.899 0.874 0.822 0.703 0.541
IDBA 0.727 0.875 0.921 0.933 0.924 0.913 0.893 0.868 0.779 0.685
Chan et al. 0.992 0.988 0.981 0.974 0.961 0.951 0.941 0.921 0.883 0.847
Chen et al. 0.996 0.992 0.986 0.979 0.968 0.955 0.931 0.904 0.821 0.737

FIDRM 0.993 0.671 0.671 0.671 0.671 0.671 0.671 0.671 0.671 0.671
PF 0.992 0.985 0.977 0.968 0.959 0.948 0.932 0.914 0.871 0.807

‘‘Shapes’’ image, IEF
MED 50.2 28.5 15.3 8.6 4.4 2.9 1.9 1.4 1.1 1.0
EDBA 1.0 7.4 20.4 37.6 51.1 47.8 40.6 29.0 15.3 7.7
IDBA 2.7 15.9 36.0 57.0 64.2 63.8 60.8 57.4 31.2 20.4
Chan et al. 136.3 159.7 148.9 146.4 123.2 112.1 105.7 90.1 58.8 46.8
Chen et al. 330.9 286.2 236.3 209 175.5 149.4 112.6 95.6 45.1 28.0
FIDRM 174.0 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 4.8
PF 351.0 363.2 334.6 328.2 320.4 274.9 226.1 199.2 111.2 64.6

Table 2
Comparative results of different methods for various noise levels.

Filters 10% 20% 30% 40% 50% 60% 70% 80% 90% 95%

‘‘Lena’’ image, PSNR (dB)
Noisy 15.19 12.15 10.36 9.13 8.17 7.38 6.68 6.11 5.61 5.37
MED 32.29 28.77 23.25 18.69 15.14 12.12 9.66 7.84 6.35 5.71
EDBA 36.42 34.52 32.31 30.34 28.46 26.69 24.52 22.15 18.64 15.47
IDBA 36.47 34.53 32.48 30.86 29.32 28.21 27.06 25.64 23.31 20.76
Chan et al. 40.13 36.77 34.46 32.81 31.41 29.89 28.43 26.63 24.30 21.91
Chen et al. 41.91 38.31 35.86 34.30 32.82 31.26 29.79 27.91 25.10 22.52
FIDRM 41.16 37.76 35.58 33.98 32.51 30.86 29.31 27.74 25.83 24.00
PF 42.90 39.40 36.90 35.16 33.60 31.77 30.07 28.05 25.36 22.73

‘‘Lena’’ image, SSIM
MED 0.875 0.830 0.688 0.458 0.249 0.117 0.054 0.027 0.013 0.007
EDBA 0.946 0.938 0.917 0.889 0.852 0.804 0.738 0.646 0.481 0.335
IDBA 0.946 0.938 0.918 0.894 0.865 0.833 0.796 0.751 0.678 0.596
Chan et al. 0.985 0.969 0.951 0.931 0.908 0.880 0.842 0.791 0.709 0.634
Chen et al. 0.985 0.970 0.952 0.933 0.911 0.887 0.855 0.812 0.736 0.661

FIDRM 0.986 0.972 0.955 0.937 0.914 0.885 0.845 0.800 0.741 0.687
PF 0.988 0.974 0.958 0.940 0.919 0.892 0.855 0.805 0.720 0.635

‘‘Lena’’ image, IEF
MED 51.2 45.9 19.4 9.0 4.9 2.9 1.9 1.4 1.1 1.1
EDBA 132.8 172.4 156.6 132.3 106.9 85.4 60.7 40.1 20.1 10.2
IDBA 134.3 173.1 163.0 149.1 130.2 121.2 109.1 89.7 58.8 34.5
Chan et al. 312.1 289.8 256.9 233.4 210.9 178.5 149.5 112.5 74.1 45.1
Chen et al. 469.5 413.0 354.8 328.8 291.8 244.5 204.7 151.1 89.0 51.9
FIDRM 395.4 363.6 332.7 305.7 271.4 222.9 182.9 145.4 105.2 72.9
PF 590.5 530.8 451.0 401.0 349.2 275.2 218.1 156.3 94.6 54.3
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The TVI model needs a dilation processing for the inpainting do-
mains. In this paper, we firstly detect noise pixels, and then these
noise pixels are regarded as inpainting domains. As there may be
a massive amount of noise, here we cancel the dilation processing
for the inpainting domains (the detected noise pixels). Thus inside
the inpainting domains we only employ

@uðx; y; tÞ
@t

¼ div
ru
jruj

� �
ð7Þ

to fill these noisy pixels.
The numerical solutions of the (7) give the restored image. For
computing numerically (7), it is needed to discretize it. It is easy
to derive its discrete scheme as following:

unþ1
i;j ¼ un

i;j þ Dt
@

@x
ux

jruj

� �
þ @

@y
uy

jruj

� �� �n

i;j
; ð8Þ

where un
i;j is the numerical solution; the subscripts i, j denote the

pixel position in a discrete two-dimensional grid; the superscript
n denotes iteration time, and Dt is time step.



Table 3
Comparative results of different methods for various noise levels.

Filters 10% 20% 30% 40% 50% 60% 70% 80% 90% 95%

‘‘Peppers’’ image, PSNR (dB)
Noisy 15.26 12.26 10.52 9.26 8.29 7.49 6.84 6.27 5.75 5.51
MED 32.66 28.58 23.57 18.75 15.09 12.19 9.83 8.00 6.51 5.86
EDBA 36.21 33.97 32.00 30.30 28.68 27.09 25.28 23.07 19.11 16.24
IDBA 36.26 34.06 32.22 30.62 29.45 28.28 27.17 25.67 22.87 20.33
Chan et al. 40.96 37.27 35.26 33.58 31.78 30.07 28.81 27.37 24.49 22.30
Chen et al. 41.85 38.07 35.92 34.36 32.71 31.07 29.78 27.89 24.80 21.95
FIDRM 40.75 37.40 35.46 33.86 32.20 30.54 29.29 27.84 26.00 23.99
PF 42.23 38.60 36.58 35.10 33.27 31.47 30.17 28.55 25.45 22.93

‘‘Peppers’’ image, SSIM
MED 0.877 0.829 0.688 0.445 0.228 0.104 0.050 0.025 0.011 0.007
EDBA 0.947 0.939 0.921 0.895 0.863 0.821 0.769 0.693 0.548 0.398
IDBA 0.947 0.939 0.922 0.899 0.873 0.843 0.812 0.770 0.695 0.610
Chan et al. 0.982 0.964 0.948 0.930 0.911 0.888 0.863 0.825 0.756 0.687
Chen et al. 0.983 0.966 0.949 0.932 0.914 0.891 0.867 0.829 0.760 0.676
FIDRM 0.987 0.972 0.957 0.939 0.918 0.890 0.857 0.819 0.774 0.721
PF 0.984 0.967 0.951 0.935 0.918 0.895 0.871 0.833 0.765 0.684

‘‘Peppers’’ image, IEF
MED 54.9 42.7 20.1 8.8 4.7 2.9 1.9 1.4 1.1 1.0
EDBA 124.3 148.0 140.5 127.1 109.4 91.1 69.8 47.9 21.6 11.8
IDBA 125.8 151.2 148.1 136.8 130.5 119.8 108.0 87.2 51.5 30.3
Chan et al. 371.1 316.7 297.6 270.3 223.4 181.0 157.7 128.9 74.6 47.7
Chen et al. 455.7 381.1 346.5 324.0 276.7 227.8 197.1 145.4 80.3 44.0
FIDRM 354.3 326.6 312.2 288.7 245.9 201.8 175.8 143.8 105.8 70.4
PF 497.6 430.4 404.2 384.0 314.4 250.0 215.3 169.0 93.2 50.7

Table 4
Comparative results of different methods for various noise levels.

Filters 10% 20% 30% 40% 50% 60% 70% 80% 90% 95%

‘‘Goldhill’’ image, PSNR (dB)
Noisy 15.43 12.33 10.58 9.33 8.37 7.57 6.90 6.34 5.83 5.57
MED 30.90 28.09 23.04 18.80 15.29 12.24 9.90 8.08 6.58 5.89
EDBA 34.87 33.41 31.76 30.21 28.85 27.32 25.68 23.61 20.56 18.13
IDBA 34.84 33.42 31.90 30.43 29.34 28.18 27.20 25.97 23.77 21.50
Chan et al. 40.71 37.23 35.15 33.35 32.03 30.58 29.21 27.63 25.36 23.15
Chen et al. 40.64 36.94 34.78 33.10 31.97 30.63 29.39 27.87 25.27 22.82
FIDRM 40.09 36.74 34.73 33.16 31.88 30.32 29.00 27.80 26.18 24.48
PF 41.62 38.13 35.97 34.12 32.74 31.11 29.70 28.02 25.77 23.76

‘‘Goldhill’’ image, SSIM
MED 0.845 0.797 0.662 0.445 0.241 0.107 0.050 0.025 0.011 0.007
EDBA 0.940 0.925 0.902 0.869 0.831 0.778 0.722 0.643 0.516 0.401
IDBA 0.940 0.925 0.903 0.872 0.837 0.793 0.748 0.686 0.580 0.484
Chan et al. 0.985 0.968 0.949 0.925 0.898 0.861 0.815 0.749 0.640 0.543
Chen et al. 0.984 0.965 0.943 0.918 0.894 0.860 0.819 0.762 0.652 0.548

FIDRM 0.984 0.966 0.946 0.923 0.896 0.857 0.810 0.756 0.679 0.600
PF 0.987 0.972 0.954 0.931 0.906 0.869 0.823 0.757 0.650 0.556

‘‘Goldhill’’ image, IEF
MED 35.3 37.6 17.6 8.8 4.9 2.9 1.9 1.4 1.1 1.0
EDBA 87.8 128.2 131.1 122.4 111.6 94.4 75.4 53.3 29.7 18.0
IDBA 87.4 128.3 135.3 128.6 124.8 115.1 107.0 91.7 62.3 39.1
Chan et al. 337.6 309.1 286.1 252.4 232.1 200.0 169.9 134.4 89.7 57.3
Chen et al. 332.4 288.5 262.8 238.0 228.7 202.0 177.4 142.1 87.9 53.1
FIDRM 292.4 276.1 260.0 241.2 224.4 188.1 161.8 139.8 108.5 77.7
PF 416.6 379.6 346.1 301.1 273.4 225.7 190.4 147.3 98.6 65.8
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If the spatial derivatives ux and uy in (8) are approximated by

usual center differences, the term div ru
jruj

� �
nears or is equal to zero

for isolated corrupted pixels in very smooth region. Thus it fails to
suppress these corrupted pixels. For avoiding this problem, the spa-
tial derivatives ux and uy in (8) are calculated by the following form.

In the term @
@x

ux
jruj

� �
, the spatial derivatives ux and uy are calculated by

uxð Þni;j ¼ un
i;jþ1 � un

i;j; ð9Þ

uy
	 
n

i;j ¼
1
4

un
iþ1;jþ1 þ un

iþ1;j � un
i�1;jþ1 � un

i�1;j

� �
; ð10Þ
and in the term @
@y

uy

jruj

� �
, they are calculated by

uxð Þni;j ¼
1
4

un
iþ1;jþ1 þ un

i;jþ1 � un
iþ1;j�1 � un

i;j�1

� �
; ð11Þ

uy
	 
n

i;j ¼ un
iþ1;j � un

i;j: ð12Þ

Our filter takes full advantage of the neighbor uncorrupted infor-
mation. Therefore, we would expect to see something that our
method can remove noise efficiently while preserving edges very
well. In fact, the experimental results, as shown later, do demon-
strate the performance of our method. Moreover, our two-stage



Table 5
Comparisons of the computational time in seconds.

Filters 10% 20% 30% 40% 50% 60% 70% 80% 90% 95%

MED 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
EDBA 3.9 3.9 3.9 3.8 3.9 3.8 3.9 3.8 3.8 3.7
IDBA 0.6 0.5 0.5 0.5 0.6 0.5 0.5 0.5 0.6 0.6
Chan et al. 42.5 104.9 218.0 738.1 521.4 1297.2 1173.2 1826.0 3264.2 2484.9
Chen et al. 4.0 4.0 4.0 4.0 4.1 4.1 4.1 4.1 4.2 4.3
FIDRM 1.8 1.7 1.8 2.7 2.8 2.8 4.7 10.4 12.4 14.3
PF 93.6 93.8 95.6 96.7 97.9 99.1 99.8 110.5 111.6 102.1
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scheme is based on the combination the efficient impulse detector
with the edge-preserving TVI model, so the proposed method
avoids the main shortcoming that the EDBA, IDBA, Chan et al.’s,
Chen et al.’s, FIDRM filter have encountered.

3. Experimental results

In this section, for evaluating the real performance of our meth-
od, we test the proposed algorithm on the four 8-bit gray-scale
images, including a simulated ‘‘Shapes’’ image (256 � 256 pixels),
and three standard images: ‘‘Lena’’, ‘‘Peppers’’ and ‘‘Goldhill’’
(512 � 512 pixels). The ‘‘Shapes’’ image contains the rings, square,
star and heart shapes, and includes obvious edges. In all tests, the
Fig. 1. Restorations of corrupted ‘‘Shapes’’ image with 80% salt-and-pepper noise by diff
Chen et al., (g) FIDRM (As the simulated image has only three gray scales, FIDRM fails to
four images will be corrupted by salt-and-pepper noise with a
wide range of noise levels varied from 10% to 95%. We compare
the proposed filter with the six other well-known filters, including
the MED filter (3 � 3), the EDBA filter (Srinivasan and Ebenezer,
2007), the IDBA filter (Nair and Revathy, 2008), the Chan et al.’s fil-
ter (Chan et al., 2005), the Chen et al.’s filter (Chen and Lien, 2008)
and the FIDRM filter (Schulte et al., 2006). All the computations are
completed by MATLAB R2009a under the same conditions of a per-
sonal Pentium Dual E5300 computer equipped with 2.5 GHz CPU
and 1 GB RAM memory. In the proposed filter (PF), we set the dis-
crete time step Dt = 1.0, and iteration time n = 1000 for all tests. In
other filters, the parameters are chosen according to the sugges-
tions by the authors. For example, we take a = 1.3 and b = 5 in
erent filters. (a) Noisy image, (b) MED (3 � 3), (c) EDBA, (d) IDBA, (e) Chan et al., (f)
remove impulse noise in the test), (h) the proposed filter, and (i) noise-free image.



Fig. 2. Restoration results of different filters in 60% corrupted ‘‘Peppers’’ image. (a) MED (3 � 3), (b) EDBA, (c) IDBA, (d) Chan et al., (e) Chen et al., (f) FIDRM, (g) the proposed
filter, and (h) noise-free image.

J. Wu, C. Tang / Pattern Recognition Letters 32 (2011) 1974–1981 1979
the Chan et al.’s filter which were given by the authors (Chan et al.,
2005). Further, we evaluate quantitatively the performance of the
filters with the peak signal-to-noise ratio (PSNR), the measure of
structural similarity (SSIM) (Wang et al., 2004), and the image
enhancement factor (IEF), which are defined by, respectively,

PSNR ¼ 10log10
2552

1
MN

P
i;jðri;j � oi;jÞ2

; ð13Þ

SSIM ¼ ð2lolr þ c1Þð2ro;r þ c2Þ
ðl2

o þ l2
r þ c1Þðr2

o þ r2
r þ c2Þ

; ð14Þ

IEF ¼
P

i;j yi;j � oi;j
	 
2

P
i;j ri;j � oi;j
	 
2 ; ð15Þ

where

M,N – image width and height, respectively.
o,y,r – noise-free, noisy, and restored image, respectively;
uo,ur – mean intensity of noise-free and restored image,

respectively;
ro,rr – standard deviation of noise-free and restored image,

respectively;
ro,r – covariance of noise-free and restored image;

c1,c2 – two variables to stabilize the division, c1 = 0.0001L2,
c2 = 0.0009L2, L is the dynamic range of the pixel-values.

The larger the values of PSNR, SSIM and IEF are, the better the
restored results are.
In Tables 1–4, we summarize the performance of the seven
algorithms in numerical forms. The best PSNR, SSIM and IEF values
for all filters are underlined. From the tables, we can see that the
PSNR and IEF of our filter are largest except that our result is smal-
ler than that of the FIDRM filter for the ‘‘Lena’’, ‘‘Peppers’’ and
‘‘Goldhill’’ at extremely high noise levels (P90%). Also, we can ob-
serve that the SSIM of our method is comparable to those of the
Chan et al.’s, Chen et al.’s and FIDRM filters. Table 5 lists the com-
putational times of ‘‘Goldhill’’ image for the seven algorithms. As
can be seen from Tables 1–5, although the processing time of the
proposed filter is longer than those of the MED, EDBA, IDBA, Chen
et al., and FIDRM filters, the proposed filter gives a better perfor-
mance in noise suppression in most cases.

Subsequently, we show the visual quality of the seven
algorithms. Fig. 1 shows the results of the seven filters in restoring
80% corrupted ‘‘Shapes’’ image. As can be seen, the FIDRM filter
cannot give reasonable results in this case. The FIDRM filter used
the two-stage scheme to handle noise. In the noise detection stage,
FIDRM firstly calculated the fuzzy gradient value for each pixel,
and decided whether an image was corrupted using noise histo-
gram. Then FIDRM distinguished two subcases of noise types
according to the shape of noise histogram. In the reduction stage,
FIDRM employed fuzzy filtering method to remove the detected
noise candidates. Since the simulated ‘‘Shapes’’ image (shown in
Fig. 1(i)) has only three gray scales – 64,128,192, false peaks may
appear in the noise histogram. In detection stage, the FIDRM filter
may fail to detect impulse noise in the simulated ‘‘Shapes’’ image.
Therefore, the FIDRM filter is unable to give desired results for the



Fig. 3. Restoration results of different filters in 70% corrupted ‘‘Lena’’ image. (a) MED (3 � 3), (b) EBDA, (c) IDBA, (d) Chan et al, (e) Chen et al., (f) FIDRM, (g) the proposed filter,
and (h) noise-free image.
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‘‘Shapes’’ image. From Fig. 1, one can find that the edges of the
rings, square, star and heart in the filtered images obtained by
the EDBA, IDBA, Chan et al.’s and Chen et al.’s filter are blurred or
jagged, whereas the edges in our filtered image is very natural.

In order to clearly show the visual quality, the enlarged parts of
restored results of the seven filters in 60% corrupted ‘‘Peppers’’ im-
age, and in 70% corrupted ‘‘Lena’’ image are given in Figs. 2 and 3,
respectively. By checking the borders of peppers shown in Fig. 2,
and the rims of the hat and the shoulder shown in Fig. 3, one can
also find that the EDBA, IDBA, FIDRM, the Chan et al.’s and Chen
et al.’s filters tend to leave blurred or jagged edges on the filtered
results. It is obvious that the proposed method can preserve edges
much better and can bring a more natural visual effect as com-
pared with the six other filters. The proposed filter gives a remark-
able performance in noise suppression and edge preservation.
4. Conclusion

We propose an improved two-stage scheme for the removal of
salt-and-pepper noise based on an efficient impulse detector and
the edge-preserving total variation inpainting method. The perfor-
mance of the proposed algorithm is evaluated via application to
the four images corrupted by salt-and-pepper noise with a wide
range of noise levels varied from 10% to 95% and comparison with
the recent famous filters. Although the proposed filter is simple,
the experimental results have confirmed that it performs impres-
sively in noise suppression and edge preservation.
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