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Abstract-In this paper we propose a new method to recover
images corrupted with salt and pepper noise. The proposed
method uses ordered statistics filtering and soft-decisioning in
successive approximations to find the locations and amplitudes of
all the impulses. In our method we use soft-decision to generate a
mask which is based on histogram distributions in local windows
to distinguish impulsive noise from legitimate pixels. This mask
is used to obtain an estimate of the original image by an iterative
method. The result of the aforementioned algorithm can be fed
back into the system to improve the image reconstruction process.
This algorithm is analyzed and verified by simulation results.
Computer simulations verify substantial improvement over other
methods in terms of Peak-Signal-to-Noise-Ratio (PSNR) and
visual quality.

I. INTRODUCTION
Impulsive noise is a common phenomenon occurring in
channels suffering from switching, manual interruptions, ignition noise, and lightning [1]. The most well-known version of
the impulsive noise in images is the "Salt" and "Pepper" noise.
Order Statistics (OS) filters in general and the Median Filter
(MF) as a special case are conventional methods of removing
this type of noise [2]. The main disadvantage of these filters
is that they manipulate all the pixels of the image, even if
they are not noisy; thus, even in low noise density, edge jitter
occurs in the image.
To overcome this flaw, decision-based median filtering algorithms are used [3]. These methods first identify noisy pixels
and then replace them with appropriate estimates using neighboring pixels. In [4], Abreu proposed an adaptive approach,
called Signal Dependent Ranked Order Mean (SDROM), in
which the output is a weighted sum of the image and a
denoising factor, called ROM. These weighting coefficients
depend on a state variable. The state variable is the difference
between the current pixel and the average of the remaining
pixels in the surrounding window. Furthermore, in [5] Wang,
proposed a filter called Prescanned Minmax Center-Weighted
(PMCW) which first scans the image using a running window.
The maximum and minimum of each ranked set in the running
window are grouped as the first subset, and the rest as the
second subset. A Center-Weighted filter acts on these two
subsets in sequence. The scanning-filtering process is repeated
while increasing the central weight. This process continues
until the central weight is smaller than a predefined value. In
addition Pok used in [6] the idea of the homogeneity level
for impulse noise detection in a method called Conditional
Signal-Adaptive Median (CSAM) filter. In [7] the Noise
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Adaptive Soft-switching Method (NASM) is devised which
utilizes both global and local statistics of an image pixel.
Depending on these statistics, the estimator switches between
Fuzzy Weighted Median (FWM) and Standard Median (SM)
filters.
Luo proposed in [8] that using a special case of the OS
filters named alpha-trimmed in the detection step and not
in the estimation step improves the image reconstruction. In
[9] another detection method called Boundary Discriminative
Noise Detection (BDND) was proposed. The BDND method
classifies the pixels of a local window into three groups of
lower intensity impulse noise, medium intensity (uncorrupted
pixels) and higher intensity impulse noise. Two boundaries
, extracted from the local window, separate these groups. A
pixel is considered uncorrupted if it belongs to the uncorrupted
cluster.
In this paper, a new method is proposed for removing
impulsive noise from images. The proposed method consists
of two major blocks, detection and estimation. The detection
block uses the boundaries of the BDND method. A function
which uses these boundaries maps each pixel to a value
between 0 and 1. By using these values a soft-decision mask is
generated. Values close to 1 in this mask pertain to uncorrupted
pixels and values near 0 represent noisy pixels. For signal
estimation, an iterative method is adopted using this softdecision mask. As the number of iterations increases, a better
reconstruction is obtained. The restored image can be fed back
to the mentioned system to achieve further improvement.
II. REVIEW OF THE BDND METHOD
In [9] Ng proposed a method, called Boundary Discriminative Noise Detection (BDND) to detect impulsive noise
locations. To this end, all the pixels in a predefined window that center around the considered pixel are categorized
into three clusters: low-intensity, medium-intensity, and highintensity. This division is based on two boundaries, bI and
b2 . In the first step, for each pixel Xi,j, if 0 ~ Xi,j ~ bI the
sample is regarded as a low-intensity pixel, if b2 < Xi,j ~ 255
, as a high-intensity pixel; otherwise the sample belongs to the
medium-intensity cluster. The first two clusters are designated
as corrupted, while the third is thought to be uncorrupted.
In the second step, the clusters thought to be corrupted in
the first step are examined again using a tighter window. In
the simulation results of [9], the first and second window
sizes were empirically determined to be 21 x 21 and 3 x 3,
respectively. Our simulations supports these results.

To determine the boundaries for each pixel, the BDND
method sorts (in the ascending order) the pixels of the local
window into a vector called the sorted vector, 8 of size 2l + 1.
A vector of intensity differences between adjacent pairs of 8
defines the difference vector D:
(1)

Then, D is partitioned into two parts, D 1 and D 2 which are
defined by:

[d 1 ,d2 ,··· ,dml , · · · ,dd
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the pixel's intensity is not completely lost and thus does not
require an additional zero in the DFT domain.
Similar to the BDND method, a local window of size
W x W is formed around each pixel of the image. Vectors
D 1 and D 2 are formed as suggested by (1). A soft-decision
function is formed using boundary values b1 and b2 and the
maximum values of D 1 and D2, (dml and dm2 , respectively),
in every local window. The function, fi,j (x), corresponding to
the window surrounding the pixel in location (i, j) is defined
by:

(2)

Let the position of the maximum elements of D 1 and D 2 be
m1 and m2, respectively, then b1 = 8 ml and b2 = 8 m2 • A
binary decision mask is formed for each pixel of the image
using the above boundaries. The O's in this mask correspond
to noisy pixels whereas 1's correspond to uncorrupted pixels.
After locating the noisy pixels, this method uses a modified
NASM filter in order to obtain the reconstructed image.
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Let the intensity of the (i, j) th pixel be Xij, then the value of
the soft-decision mask for that specific pixel is:

III. THE PROPOSED METHOD
Since for the reconstruction of each impulsive noise we
need two pieces of information (location and amplitude), we
require at least two zeros in the Discrete Fourier Transform
(DFT) domain to achieve perfect reconstruction. Thus the
reconstruction capacity of a given block can be defined as half
the number of zeros. The estimator uses these redundancies to
reconstruct the image.
The proposed method consists of two major parts:
1 Soft-Decision Detection Based on BDND: This part
generates a 2-D soft-decision mask. Based on the value
of the pixel with respect to its neighbors (which is
indicative of the noise level), a real number between
o and 1 is produced. Values close to 1 represent
uncorrupted pixels, while values close to 0 represent
corrupted ones.

-

M askij

= Iij (Xij )

(4)

B. Estimation Using An Iterative Method

The iterative method discussed in [10] is a general approach
to approximate the inverse of a class of invertible operators in
a finite number of iterations. Furthermore, for a wider class
of invertible and linear non-invertible operators, convergence
of this method to the pseUdo-inverse solution has been shown
[11]. The invertible operator can be non-linear and/or time
varying.
We denote the operator that we intend to find its inverse by
C. Also, y = C.x means that y is the output of the operator
where x is the input. The purpose of the iterative method is to
estimate x when y and C are known; i.e., approximating C- 1 .
Using operator algebra and denoting the identity operator by
I, we have:
A
(1 _ >"G) = >..

£;(1 - >"G)

2 Estimation Using Iteration: In this block, the softdecision mask obtained from the previous part is used in
conjunction with an iterative method, discussed in section
III-B, to form an estimate of the image.
In addition, a recursive loop , called the Recursive
Detection- Estimation (RDE), is used to improve the reconstruction of the image. These ideas are discussed in more detail
in the following subsections.

where the assumption of III - ACII < 1 is necessary for
convergence and 11.11 is the £2 norm. The output of each
iteration step is obtained by truncating the above series:

A. Using Soft-Decision in Conjunction with BDND

or equivalently the following recursive equation can be written:

The BDND method uses hard-decision to mark a corrupted
pixel. If the detection block fails in this process, the estimator
needs to compensate for this false alarm. This is not always
possible because the reconstruction capacity of the estimator is
limited to the number of zeros in the DFT domain. In contrast,
if the soft-decision detector is not certain about the condition
of a pixel, it will mildly attenuate the pixel. THe Compensation
of this type of error is always possible, since in this case,
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i=O

(7)
It is obvious that the condition III - AGII < 1 is met only
for a specific range of A (this range is normally 0 ~ A < 2);
moreover, decreasing III - ACII by increasing A will result
in a faster convergence rate. Hence, A (relaxation parameter)
determines whether the method converges and if it does, how
fast. A block diagram of (7) is shown in Fig. 1 (a).
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In the case of random noise, n1 = 127 and n2 = 128. Also let
p denote the probability that a given pixel is noisy. According
to Bayes' theorem we have

(b) Model of the distortion block (G)
Fig. 1.
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also we have:

p{x < n1}

+
Fig. 2.

1

= 2"

p{x < n11x = noisy}.P{x
p{x < n11x i= noisy}.P{x
1
nl-1
"2 P + (1 - p)
J[x]

= noisy}

i= noisy}

L

Recursive Detection-Estimation (RDE).
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In the problem at hand, an estimate of the impulsive noise
locations (contained in the mask function) is known after
the detection block. By employing the mask, the iterative
method shown in (7) and Fig. 1 (a) can be used to recover the
corrupted pixels. The distortion operator (G) applied for these
iterations is depicted in Fig. 1 (b). In addition to the mask, a
lowpass filter is employed which helps the reconstruction of
the corrupted pixels.

C. Recursive Detection Estimation
As depicted in Fig.2, the restored image is fed back into the
mentioned system to improve the quality of the reconstructed
image; this method is called Recursive Detection-Estimation
(RDE). In each RDE step, the mask improves using the image
estimated in the previous step.
IV. MATHEMATICAL ANALYSIS

As mentioned before, the proposed method consists of two
parts; detection and estimation. Although a lot of mathematical analysis exists for the estimation block [10], [11], this
is not the case for the BDND method which is the base
of our detection block. Considering this fact, we present a
mathematical intuition to show the efficiency of the BDND
detection method. Consider a pixel with intensity level x at
the center of a local window with intensity distribution j [x] .
We assume equal probability (0.5) for dark and bright noises
(although they can have different ranges); in other words,
if n1 and n2 are respectively the Maximum Low-Intensity
(MLI) and the Minimum High-Intensity (MHI) noise levels

which yields:
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In the above equation, n1 is assumed to be known. Thus, we
have to use an averaging when n1 is not known:
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where P(n1) = P {M L1 = n1} is the probability distribution
of the Maximum Low-Intensity bound of the noise. Since this
distribution is unknown, it is straight forward to assume a
uniform distribution (P(n1) = Pn = const.).
According to the error probability, the best threshold for the
range of noise, is the x that g(x) = 0.5 (equal probability of
correct and malicious detections). Now we show that BDND
method results in an approximation of this value. Bounds of
BDND (b 1 and b2 ) are the places with maximum gaps between
two successive ordered pixels. These places are translated to
the points with maximum number of consecutive zeros in the
distribution function j[x]. For example for b1 we have j[b 1] =
... = j[b 1 - dm1 ] = O. Thus, we have:

g(b 1 - dm1 + 1) - g(b 1 - dm1 )
= ... = g(b 1) - g(b 1 - 1)
P
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(13)
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Therefore, g( x) is linear in b1 - d m1 ::; x ::; b1 which means
that b1 and similarly b2 are representatives of the longest linear
parts of 9 (x). It is obvious that 9 (x) is a decreasing function
of x. For non-oscillating distributions, g(x) has an inflection
point which is the best candidate for the longest linear part
(since the second derivative of the curve is zero which is also a
property of the lines). Hence, with these assumptions we have
shown that b1 coincides with the inflection point of 9 (x ), while
the optimum point is where g(x) = 0.5. Thus, in BDND, the
optimum point is approximated by the inflection point. It is
easy to check that for symmetric functions of g(x), these two
points are the same. Therefore, the optimum case for BDND
method happens when g(x) becomes symmetric.

TABLE I
COMPARISON OF OUR METHOD AND THE BDND ALGORITHM WITH 80%
NOISE DENSITY ON TEST IMAGE LENA.
PSNR (dB)

Noise Range
Low-intensity Noise

High-intensity Noise

NASM

BDND

[0,9]

[246,255]

15.4321

18.6319

21.1630

[0,59]

[196,255]

17.2829

16.8712

20.7003

[0,109]

[146,255]

16.0662

14.9509

17.8774

15.8242

12.8301

15.9322

[0,255]

OUf

Method

TABLE II
COMPARISON OF OUR METHOD AND THE BDND ALGORITHM FOR 20%
FIXED IMPULSIVE NOISE ON DIFFERENT TEST IMAGES.
Barbara

Algorithm

Cameraman

Boat

V. EXPERIMENTAL RESULTS
In this section we conduct several experiments to test the
proposed algorithm and compare it with other image denoising
techniques. The default number of RDE steps is assumed to
be one. Furthermore, according to our simulations and [9], the
size of the window is determined to be 21 x 21. In addition,
we set the number of the iterations to 20 and lambda to 1. We
use the low pass FFT-filter with a diameter equal to the size
of the image.
In the first experiment, we compare our method with NASM
and BDND [9] for different intervals of fixed-valued noise
and also random noise. To this end, we use the test image
"Lena" of size 512 x 512 corrupted with 80% noise. As it is
observed in Table I, the proposed method outperforms other
methods for different noise interval models in terms of PSNR.
For obtaining each PSNR value, we repeated our simulations
30 times and calculated the average of the results and using
the original image as reference.
In the second experiment, we compare our proposed method
with several well-known denoising methods for various percentages of fixed-valued noise. These methods include: CSAM
Filter [6], SDROM [4], PMCW [5], BDND [9] and Lue
method [8]. According to Figure 3, our method shows substantial improvement. In the next test, extensive experiments
are conducted on a variety of standard gray-scale test images
with distinctly different features and different sizes, including
"Lena", "Barbara", "Cameraman" and "Boat" with 20% noise
corruption. In these experiments, we compare our approach
with the BDND method as shown in Table II. It can be
observed that our method outperforms the BDND method in
all of the tested pictures except cameraman. This is due to the
abundance of dark pixels in this picture. In Fig. 4, we show
that our method yields superior subjective quality and image
detail preservation. To achieve this aim, we use 50% corrupted
image "Lena".

corruption level of each pixel. In the second step, by using
the obtained mask and the iterative approach, the image is
reconstructed. To achieve better results, one can feed back
this reconstructed image into the system with the mentioned
RDE process. Our simulations show that our approach yields
substantial improvement of the recovered image (both subjectively and objectively) in comparison with the other wellknown techniques.
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