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Abstract

Most image processing applications require noise elimination. For example, in applications where derivative

operators are applied, any noise in the image can result in serious errors. Impulsive noise appears as a sprinkle of dark

and bright spots. Transmission errors, corrupted pixel elements in the camera sensors, or faulty memory locations can

cause impulsive noise. Linear filters fail to suppress impulsive noise. Thus, non-linear filters have been proposed.

Windyga’s peak-and-valley filter, introduced to remove impulsive noise, identifies noisy pixels and then replaces their

values with the minimum or maximum value of their neighbors depending on the noise (dark or bright). Its main

disadvantage is that it removes fine image details. In this work, a variation of the peak-and-valley filter is proposed to

overcome this problem. It is based on a recursive minimum–maximum method, which replaces the noisy pixel with a

value based on neighborhood information. This method preserves constant and edge areas even under high impulsive

noise probability. Finally, a comparison study of the peak-and-valley filter, the median filter, and the proposed filter is

carried-out using different types of images. The proposed filter outperforms other filters in the noise reduction and the

image details preservation. However, it operates slightly slower than the peak-and-valley filter.

r 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Filtering a digital image to attenuate noise while
preserving the image detail is an essential part of
image processing. For example, in many applica-
e front matter r 2004 Elsevier B.V. All rights reserve
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tions where operators based on computing image
derivatives are applied, any noise in the image can
result in serious errors. In addition, there is an
increasing need of fast filters for the reduction of
impulsive noise in real-time videos. Noise can
appear in images from a variety of sources during
the acquisition process, due to quality and resolu-
tion of cameras, and illumination variations. For
most typical applications, image noise can be
modeled with either Gaussian, uniform, or im-
pulsive distributions. Gaussian noise can be
d.
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Fig. 1. Window used to detect and process impulsive noisy

pixels.
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analytically described and has the bell shape
characteristic. With uniform noise, the gray level
values of the noise are evenly distributed across a
specific range. Impulsive noise generates pixels
with gray level values not consistent with their
local neighbors. It appears in the image as a
sprinkle of dark and light spots. Transmission
errors, malfunctioning pixel elements in the
camera sensors, or faulty memory locations can
cause impulsive noise.

Linear filters, which consist of convolving the
image with a constant matrix, fail to deal with
impulsive noise although they are effective in
reducing Gaussian and uniform noise. They
usually produce blur and incomplete impulsive
noise suppression [6]. To overcome these difficul-
ties, non-linear filters have been proposed. The
most popular non-linear filter is the median filter.
When considering a small neighborhood, it is
highly efficient in removing impulsive noise. The
main disadvantage of the median filter is that it is
applied on all the points of the image regardless if
they are noisy or not, which results in the loss of
fine image detail and produces streaks and
blotches in the restored image [10]. Finding a
method that is efficient in both noise reduction and
detail preservation is an active area of research.

Various forms of non-linear techniques have
been introduced to solve the problem based on the
average performance of the median filter. Exam-
ples of those techniques are the weighted median
filter [2], the adaptive trimmed mean filter [7], the
center weighted median filter [5], the switching-
based median filter [8], the mask median filter [3],
and the minimum–maximum method [4]. These
approaches involve a preliminary identification of
corrupted pixels in an effort to prevent alteration
of true pixels. The recursive minimum–maximum
filter [10] performs better than other filters includ-
ing the standard median filter. It is good at
preserving fine details, but its main disadvantage
is that it requires thresholding to detect noisy
pixels, which may require several iterations to
achieve its best results since each image region has
different properties. Consequently, the efficiency is
reduced. To overcome the thresholding problem,
the peak-and-valley filter [9] others a fast and non-
iterative method to detect noisy pixels and then it
replaces their values with the minimum or max-
imum of the neighbor’s values.

In this work, an efficient and detail preserving
filter for impulsive noise removal is proposed. It is
based on the peak-and-valley filter [9] and the
recursive minimum–maximum method [10] and
works in two stages. First, it detects noisy pixels by
examining the surrounding pixels as in the peak-
and-valley filter. Then, it replaces the noisy pixel
values using the recursive minimum–maximum
method. The remaining of the paper is organized
as follows. Sections 2 and 3 give explanations of
the median and peak-and-valley filters, respec-
tively. Section 4 introduces our proposed filter
followed by comparative studies of its perfor-
mance with the median and peak-and-valley filters
in Section 5. Finally, we conclude our work in
Section 6.
2. The median filter

Beside being one of the first non-linear filters
that has been proposed, the median filter is the
most popular example of non-linear filters based
on order statistics. Due to this fact, an optimized
implementation of the median filter is available.
Consider a 3� 3 window shown in Fig. 1, the
output of an order statistic filter is given by

y ¼
X9

i¼1

aid
k
i ; (1)

where dk
i are the order statistics of the nine inputs.

The constant ai may be chosen for a particular
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application. The median filter is a particular case
of (1) with the coefficients ai ¼ 0 except a5 ¼ 1:
We can also define the local mean filter by taking
ai ¼ 1=9:

Bovik et al. [1] showed that the optimal order
statistic filter tends toward the median filter as the
noise becomes more impulsive, based on the
minimum mean squared error between the original
noise-free and noisy filtered images. The median
filter is effective when the noise spatial extent is
less than half the window size.
3. The peak-and-valley filter

The peak-and-valley filter is a non-linear non-
iterative filter for impulsive noise reduction based
on order statistics and a minimal use of the
background information. It consists of applying
two conditional rules. The noisy pixels are
identified and replaced in a single step. The
replacement gray value is taken from the neigh-
bors’ gray levels. Furthermore, the peak-and-
valley filter has generic nature, i.e., it can be
modified to handle different noise sizes, it can be
scaled to 3D, and it can be implemented as a
sequence of 1D filters (or 2D filters for 3D
noise).

To understand how the peak-and-valley filter
works, consider the 1D case where it takes the
following shape:

yi ¼

minðdi�1; diþ1Þ if diominðdi�1; diþ1Þ;

maxðdi�1; diþ1Þ if di4maxðdi�1; diþ1Þ;

di otherwise:

8><
>:

(2)

The peak-and-valley filter eliminates all the
peaks and valleys which are thinner than two
pixels and fills them following a sequence of
cutting/filling then filling/cutting operations, while
displacing all along the rows and columns of the
image. For the cutting operation, if the middle
pixel has a gray level higher than its two neighbors,
its gray level value is replaced by the maximum of
the other two. For the filling operation, if the
middle pixel is smaller than the other two, its gray
level value is replaced by the smallest value among
its neighbors. All these operations are recursively
applied to assure that no peaks and/or valleys
remain in the filtered image. It is arguably the
fastest filter proposed so far, although not the
most efficient filter in terms of impulsive noise
removal.

The expression of the filter for the 2D case,
considering 3� 3 window shown in Fig. 1 and i 2

½1 : 8	; is

y ¼

minðdiÞ if d9ominðdiÞ;

maxðdiÞ if d94maxðdiÞ;

d9 otherwise:

8><
>:

(3)
4. The proposed filter

The proposed filter is a non-linear, non-iterative
filter that is based on order statistics to remove
impulsive noise from an image. It operates in two
steps. In the first step, the noisy pixels are detected
in the same manner as in the peak-and-valley filter.
Then, the corrupted pixels’ gray level values are
estimated using the recursive minimum–maximum
method. Two motivations are behind this work:
(1) to have a simple and non-iterative noise
detection approach that enables the filter to be
applicable to all image types; and (2) to avoid
modifying all pixels that destroys fine image details
like the median filter. In the second step, the
recursive minimum–maximum method provides
an estimate of the corrupted pixels at constant
signal as well as edges even when the noise
probability is high. This estimation of the original
pixel’s value is more realistic than the estimation
used in the peak-and-valley filter, which is just the
minimum or maximum value of the surrounding
pixels. More specifically, the proposed algorithm
for impulsive noise filtering works as follows:
(1)
 For a 3� 3 window centered at the test pixel,
as shown in Fig. 1.
(2)
 If d9XmaxðdiÞ or d9pminðdiÞ where 1pip8;
then d9 is a noisy pixel and must be estimated,
go to step 3. Otherwise y=d9.
(3)
 When a noisy pixel is detected, its gray level
is estimated as follows. For 1pip4; let
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Fig.
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Li ¼ maxðdi; d9�iÞ and Ei ¼ minðdi; d9�iÞ: Set
Pmin ¼ minðL1; . . . ;L4Þ and Pmax ¼

maxðE1; . . . ;E4Þ: Then y ¼ ðPmin þ PmaxÞ=2:
Note that if there are three identical noisy pixels
along one direction within the window, then the
output of the filter is largely influenced by the
noisy pixels. In this case, either Pmax or Pmin is
equal to the level of the noisy pixel. However,
(d1, d2, d3, d4) in Fig. 1 are in practice the previous
outputs of the filter, instead of the original
degraded image data. Thus, the output of the
filter is derived recursively from the last four
outputs and the present five inputs in the window.
(a)

(a)

(c)

(e)

2. Hamburg taxi images and filtering results: (a) original, (b) 30%
5. Comparative studies

We implemented the median, the peak-and-
valley, and the proposed filters to compare their
performance. To provide consistent comparison,
only the recursive versions of these filters are
considered. The peak-and-valley filter is imple-
mented as a pair of 1D filters, applied in the
horizontal then in the vertical directions because
this version provides the best performance [9]. We
tested the performance of the filters on four
standard images used by the image processing
research community. The first one was the first
frame of a public domain twelve-frame sequence,
(b)

(d)

(b)

(d)

corrupted, (c) median, (d) peak-and-valley, and (e) proposed.
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(a) (b)

(d)

(a) (b)

(c) (d)

(e)

Fig. 3. Cameraman images and filtering results: (a) original, (b) 30% corrupted, (c) median, (d) peak-and-valley, and (e) proposed.
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known as Hamburg taxi (190� 256 pixels), shown
in Fig. 2(a). The second was the cameraman image
(256� 256 pixels), shown in Fig. 3(a). The third
image was the well-known Lena image (512� 512
pixels), shown in Fig. 4(a). The fourth image was
the Baboon image (512� 512 pixels), shown in
Fig. 5(a). The images contain a nice mixture of
detail, flat regions, shading, and texture that do a
good job of testing various image processing
algorithms. We restricted our tests to a 3� 3
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(a) (b)

(d)

(a) (b)

(c) (d)

(e)

Fig. 4. Lena images and filtering results: (a) original, (b) 50% corrupted, (c) median, (d) peak-and-valley, and (e) proposed.
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window size to reduce the computational complexity
of the algorithms. The algorithms were implemented
in MATLAB 6.5 on PC workstation with a Pentium
3 GHz and 500 MB RAM, running Windows XP.
To assess the quality of the visual appearance,
four performance measures are used to compare
the filters [9]: the number of the noisy pixels
replaced by the true values, the number of noisy
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(a) (b)

(d)

(a) (b)

(c) (d)

(e)

Fig. 5. Baboon images and filtering results: (a) original, (b) 70% corrupted, (c) median, (d) peak-and-valley, and (e) proposed.
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pixels attenuated, the number of true pixels
modified, and the mean squared error between the
original noise-free and filtered images. All images
were corrupted with impulsive noise with prob-
ability ranging from 1% to 99%. The outcomes of
the median, peak-and-valley, and the proposed
filters applied to the four test images at different
impulsive noise probabilities are shown in Figs. 2–5.
The four performance measures are plotted versus
the impulsive noise probability in Figs. 6–9.
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Fig. 6. Objective performances on the Hamaburg Taxi image.
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(b)

(a)

(c)

(e)

Fig. 11. Comparison of how different filters preserve fine image deta

Valley, and (e) proposed.
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For all images, the proposed filter attenuates
impulsive noise much more efficiently than the
other filters even when the noise probability is
high. The peak-and-valley filter noise attenuation
rate reduces dramatically as the noise probability
increases. The median filter is the best in terms of
estimating the actual value of a noisy pixel, but it
tends to change the values of more than 50% of
true pixels, which results in destroying fine details
in the image. Interestingly, the proposed filter
modifies fewer true pixels as the noise probability
increases, which results in high detail preservation.
Also, the proposed filter outperforms other filters
in the minimum mean squared error sense. In
terms of speed, Fig. 10 shows that the peak-and-
valley filter is slightly faster than the proposed
filter and the median filter is the slowest. This is
due to the fact that the median filter operates on
(b)

(d)

ils: (a) original, (b) 30% corrupted, (c) median, (d) Peak-and-
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all image pixels while the others operate only on
the detected noisy pixels. From these results, the
proposed filter outperforms other filters in the
overall performance.

To show how the proposed filter preserves fine
image details, Fig. 11 shows zoomed images of the
right eye in the Lena image of Fig. 4. It is clear that
the proposed filter is able to preserve fine image
details better than the median and the peak-and-
valley filters.
6. Conclusion

In this work, we proposed a non-linear, non-
iterative filter for impulsive noise attenuation.
Unlike thresholding techniques, it detects noisy
pixels non-iteratively using the surrounding pixel
values, which makes it suitable for all image types.
The filter uses the recursive minimum–maximum
method to estimate the value of corrupted pixels.
This provides an accurate estimation even when
the noise probability is high. The performance of
the proposed filter is compared with two other
filters, the median and the peak-and-valley. The
proposed filter out-performed other filters in terms
of noise attenuation and detail preservation.
However, the proposed filter operates slightly
slower than the peak-and-valley filter and faster
than the median filter. In conclusion, the proposed
filter represents an interesting alternative to the
median filter, which is used for preliminary
processing in most of the state-of-the-art impulsive
noise filters.
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