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Abstract— To overcome the drawbacks of existing filters for
salt and pepper noises, an adaptive probability filter is
proposed. For an image, it detects salt and pepper noises
based on the characteristic of minimum and maximum
intensity values of the images, as well as the distribution of
noise. If the noise-free intensities in neighbourhood repeat
with a certain probability, the noise-free intensity with
highest repeated frequency is used to remove noise based on
the statistical significance; otherwise, the median of noise-
free pixels in neighbourhood is used to remove noise.
Experiments show that the proposed method is capable of
detecting noise more accurately and perform much better than
the existing distinguished filters in terms of peak-signal-to-
noise ratio, image enhancement factor, and visual
representation at all the noise densities.
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. INTRODUCTION

An image is inevitably corrupted by impulse noise during the
process of acquisition, transmission, and storage. De-noising
is then a must before subsequent processing and analysis
steps, in-order to alleviate the negative impact caused by
noise. Impulse noise happens commonly with two types of
fixed values and random values. The salt and pepper noises
fall into the former type and take the minimum and maximum
intensity values randomly over an image. Median filters are
profoundly used in removing salt and pepper noises due to
their good performance and low computational complexity.
While a standard median filter can de-noise effectively at low
noise densities, it shows poor performance at high noise
densities. Some improved versions of the standard median
filters have been made by giving more weights to certain
selected pixels in neighbourhood such as weighted median
filter and centre weighted median filter, as well as adaptive
median filters the neighbourhood sizes of which vary
adaptively with the noise densities. However, these filters
deal with all pixels uniformly without protecting noise-free
pixels.

Impulse noise in an image appears because of bit
errors in transmission or is introduced during the signal
acquisition stage. Two types of impulse noise exist: salt-and-
pepper and random-valued noises. Salt-and-pepper noise
greatly effects image quality; even a small amount of noise
will significantly lower the quality. The effect makes some
post-processing such as image edge detection, segmentation,
feature extraction, and recognition difficult to perform.
Therefore, removing salt-and-pepper noise in images is one
of the very important pre-processes.

Tukey proposed a median filtering, which is a non-
linear filter that removes noise and preserves image details to
some degree. The centre-weighted median filter (CWM),
adaptive median filter (AMF) and adaptive CWM improve
the traditional median filtering and increase detail
preservation. However, these methods treat noise and noise-
free pixels (normal signal pixels) using the same process;

thus, the noise-free pixels will change during noise removal,

and the images are blurred after processing.

In addition, all of the traditional methods of median
filtering suffer from an apparent disadvantage in that when a
small filtering mask is chosen, the noise is not effectively
remove and when a large filtering mask is chosen, more
image details are destroyed. When the noise-pollution level
increases by more than 50%, the filtering effect sharply drops.

To address this problem, Sun and Neuvo first
proposed a switching median filter (SMF), which first
classifies pixels into noise and noise-free according to a
specific criterion. Then, the noise and noise-free pixels are
separated for processing. The noise-free pixels keep the
original grey level, and the grey levels of the noisy pixels are
replaced with the median values of the neighbourhood in
spatial domain. Many improvement algorithms based on
median filtering are proposed later, e.g. impulse size based-
AMF, high-density impulse noise removal based on
switching morphology-mean filter, median filter for
removing 1-99% levels of salt-and-pepper noise, noise
adaptive soft-switching median (NASM) filter, decision-
based algorithm (DBA), adaptive SMF (ASMF), extreme and
median value (EM), decision-based unsymmetrical trimmed
median filter, removal of wide-range impulse noises, NASM-
based filter (NASMB), boundary discriminative noise
detection (BDND), advanced BDND (ABDND) and so on.
These methods certainly perform better detail preservation
than the standard median filtering under some assumptions.
However, these methods suffer from some disadvantages as
follows:

1) Accurate settings of parameters and thresholds are
required; however, these settings are difficult to achieve
in practical applications.

2) The noise-pixel determinations of some algorithms
depend on some fixed criteria to detect the noisy pixels.
For example pixels contain 0 or 255 grey levels, pixels
have maximum or minimum in the neighbourhoods, or
pixels contain grey levels in [0, m] or [255 —m, 255],
where m is set to ~10. These determinations may
possibly misclassify noise-free pixels as noisy pixels.

3) Some of the existing methods apply the same ideas to
determine the noisy pixels; however, the determination
errors cause many misclassified noisy pixels; thus,
obtaining good filtering performance is difficult.

The filters mentioned above show good
performance at low noise densities, but at high noise
densities, there are few noise-free pixels in neighbourhood,
so that it cannot imply ideal de-noising effect. A hybrid of the
mean filter and median filter could offer a good de-noising
performance such as the switching median-mean filter
(SMMF) proposed in. However, the SMMF cannot de-noise
quite well at low noise densities. Recently, decision-based
filter greatly improves the de-noising performance with
robust strategies of noise detection and noise removal such as
implementation of decision-based algorithm (IDBA) for
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median filter to extract impulse noise proposed in , and
probabilistic decision-based filter to remove impulse noise
using patch else trimmed median (PDBF) proposed in.

For the sake of the above drawbacks, we try to
propose an adaptive probability filter (APF) that performs
better in noise detection and noise removal

Il. EXISTING METHOD

There are several image de-noising and edge-preserving
methods that have been proposed in the past, with in-depth
surveys on them provided in. The filters that are commonly
used include the standard median filter, total variation (TV)

filter , anisotropic diffusion filter, bilateral filter, guided
filtered non-local mean filter Empirical evaluations reveal
that the median filter performs best in the presence of impulse
noise. There are some studies that were proposed for
improving the performance of the median filter in high-
intensity impulse noise. A comprehensive survey on
switching median filters provides a comparative assessment
of de-noising filters PSNR, SSIM, there are other switching
based filters that were introduced. Peak signal to noise ratio
(PSNR) which measures the level of noise in the de-noised
image after the de-noising process. SSIM measure to stabilize
the denominator and avoid a zero value in the denominator.

Input noisy image »

SAMPWM Filter

Edge detection

R

Thresholcing and Morphological operations |

Maimum sequence

on — maxamum suppression

Fig. 2.1: Block diagram of the existing method

With the proposed method, boundary edges of
filtered images are assumed to have high correlation with the
original images; as such edges should track the true routes
even under high-intensity impulse noise. Most of the current
leading filters ensure a good performance on impulse noise
reduction, but they still do not perform well on boundaries,
especially in the presence of impulse noise with high-
intensity levels.

We assume the noise model as given in (1),
assuming normalization:

Ic = 0 Probability

1 Probability Ps (1 o<c<1Probability 1- Py.Ps

In this model ¢ denotes the uncorrupted pixels, and
where the corrupted pixels are assigned probability Ps for salt
and P, for pepper. In this normalized representation of the
image, 0 being the minimum intensity denoted by Imin and 1
being the maximum intensity denoted by Imax.

There are two choices that can be made when using the

switching adaptive median filter:

— In switch 1, within an initial sliding window, all pixels
with 0 and 1 values are removed, and1l the—median—
value of the remaining pixels with probability of asin (1)
will replace the pixel being processed. If all of them are
0s, 1s or a combination of them, or if the variance of the
pixels is much higher than the median value, then the size
of the window is increased by 1 and the process is
repeated until the window size reaches the predefined
maximum window size. We assume the difference
between pixel values is high when the variance is much
higher than the median value, which could be an
indication that an edge is present in that area. It thus
checks the variance in bigger window sizes to validate
whether such an edge does indeed exist or not. If there is
an edge, the assumption is that the median value can
detect it, otherwise the median value will be correlated to
the texture found within the window.

— In switch 2, the Os and 1s are not removed within the
initial sliding window, and the median value of all pixels
will replace the pixel being processed. In this switch, if
all of the pixels are 0s, 1s or a combinations of 0s and 1s,
the window is simply increased by 1, and in the same

way as in switch 1, the process continues until the
window size reaches the predefined maximum window
size. This case is designed specifically for images which
contain significant black and white regions with clear
edges like checkerboards or mesh like images; but, for
other types of images, switch 1 is expected to yield better
structural metrics than switch 2.

By increasing the size of the adaptive median filter,
the structural metrics will be somewhat decreased, resulting
in an image that is slightly blurred. However, the edges still
appear sharp. Therefore, it appears that there is a trade-off to
be made between the edges extracted and the quantitative
values of the structural metrics. However, the pixel being
processed will remain unchanged if all of the pixels in the
selected window are Os or 1s or a combination of them. There
are special cases when a given texture would itself consist of
1s and Os, for example a checkerboard. The problem for this
latter case becomes more challenging in delineating such
textures especially in the presence of impulse noise. When
such combinations of Os and 1s are found in several instances
in the sliding window, the mean filter can be applied. This
combination can smooth the image while maintaining high
structural metrics and sharp edge boundaries even in the
presence of high-intensity impulse noise. In order to avoid
any lingering noise effects in the black and white regions
(especially in relatively bigger regions) in which the mean
filter could potentially change the intensities, an additional
shrinkage window can be defined before applying the mean
filter. This step, which removes 0s in white regions and 1s in
black regions, can be very useful for textures that consist of a
combination of black and white sections. The maximum size
of the window would hence depend on the texture and noise
level in the image being de-noised.

Also, the structural metrics of fixed mean filter can
be improved by assigning appropriate adaptive weights for
the pixels in the selected window in accordance to the
probabilities of noise occurrence. This window could contain
all 0s (Pp), all 1s (Ps ), or a combination1—of them— together
with the other pixels with probability of, as indicated earlier
in (1). The mean filter tends to introduce more blur in the
image, which in turn could lead to loss of details. To prevent
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theses side effects, the size of the mean filter should be kept
small and fixed, as is done in the proposed method.

In this study, noise reduction is performed with the intent to
preserve edge points in an optimal fashion.

A. Structure of the Method

The procedural steps of this method embed the two main
components of switching adaptive median (SAM) filtering
and fixed weighted mean (FWM) filtering with additional
shrinkage window to make up the proposed de-noising
method we refer to as SAMFWMEF. The adaptive median
component is so called in that the window size can be

dynamically changed according to table | in section V.

Increasing the window size from its original 3x3 size is

warranted only if the SAM step did not yield optimal results.

Another adaptive additional window is set to overcome any

the remaining noise in white and black regions. By doing so,

we avoided blurring the final SAMFWMF image by
increasing the size of the window in the SAM component

(steps 1-5) rather than in the FWM component (steps 6 -11)

of the following process:

1) In the case of switch 1, if all of the pixels in the 3x3
window are 0s and 1s, or a combination of them, or if the
variance of the window is much higher than the median
value (in this case) then, the size of the window is
increased to a 4x4, then 5x5 and so on until it reaches the
predefined maximum size. Otherwise, it leaves the
window size unchanged. In the case of switch 2, it only
checks if all of the pixels in the 3x3 window are either 0s
or 1s, or a combination of them, and if so, the size of the
window is increased by 1; else, it leaves the window size
unchanged. Then set the normalized pixel of the 2-D
selected window as a 1xXN 1-D vector (N=3 to maximum
value), and check if the pixel I(i, j)=0 or 1 (normalized
value) in Wy = (..., 1(i, J), ...

2) Detect all pixels with 0 and 1 values, and in the case of
switch 1 eliminate them, so the size of the window Wxn
is now decreased to a new size where k represents the
number of corrupted pixels that were removed; and in
the case of switch 2 where such pixels) are not
eliminated, the size of the window remains W,

3) Switch 1 replaces the I(i, j) pixel value with the median
value of the remaining N-k pixels in the vector
window if at least one pixel remains in the reduced
window, otherwise leaves I(i, j) unchanged. Switch 2
replaces the I(i, j) pixel value with the median value of
the N picels in the vector window. Figure 2 shows the
algorithm of the switching adaptive median filter.

4) Leave uncorrupted pixels unchanged.

5) Slide the window by one pixel and repeat the process
consisting of steps 1-4 throughout the entire image,
establishing at this stage the SAM filtered image.

6) Starting from the predefined maximum size for the
shrinkage window, we start by checking the boundary
pixels of the selected window (filtering window). One of
the following condition has to be met: If they are all 1,
the interior pixels are changed to 1. If all the pixels on
the boundary are 0, then the interior pixels are changed
to 0. Otherwise (there is a combination of 0 and 1), the
window is then shrunk by one and the process is repeated

until the minimum size (3%3) is reached. Figure 3 shows
the algorithm of the shrinkage window.

7) For the fixed mean filtered image, use a 2x2 window in
a convolution(, (manner,) and check if the pixel)being=
processed o, (¢ + 1 )withing 1theq vector1window(yy)
*x0(, () =is found corrupted (i.e.,0 or 1 (normalized
value)).

for I;; € Image do

Wiin < Minimum window size
Winar € Maximum window size

Switch 1:
for I., e W, Wpin < W < Wy do
S ®— remove all s and 1's
S'4— sor (W)
M<—— median (S)
L — length (S")
v @—variance (S)
if L#+0 A v=2+M then
break;
end if
end for

Switch 2:
for I, ye W, Wy W S Wy, do
S sort (W)
M €— median (S)
L Iength (S)
if L+ 0 then
break;
end if
end for

ifl,, #1 A I, #0 then
I,
else
14— M
end il
end for
Fig. 2.2: Algorithm of the switching adaptive median filter
8) Using the weights selected on the basis of the two
conditions described next, if salt or pepper (probability
or) is detected, the new processed pixel would be
assigned the new value as in (2). Otherwise, it leaves the
pixels unchanged.

Muew(i, j) = S (X.Y)€Snew. ) Wiy Ixy (2
N-1

In this equation, N is 4, Spewq, j= {I(L,j + 1), I(1 +
1,j)),I(1+1,j+ 1)}, with indices (i, j) indicating the
positions of the corrupted pixels, and (X, y) are the
coordinators of the pixel around it. In this proposed method,
when the detected corrupted pixel occurs as salt or pepper
(with probabilities or ), the weights E,F are directly selected
based on the probability of occurrence 1 or 0 for neighbouring
pixels, according to one of these conditions:

— Conditionl: We assume the corrupted pixel with the
probability of or occurs, and the probability of
occurrence of 1 is more than that of O for the
neighbouring pixels (with the assumption that the
window=1 contains only 0 and 1). We will set ,F for all
pixels. In this case, if all the neighbouring pixels are
equal to 1, the value of the corrupted pixel changes to 1,
otherwise, changes to a value between 0 and 1 based on

,j» continue
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the assumption that the probability of changing
neighbouring pixels to a value between 0 and 1 is high.

— Condition 2: We assume the corrupted pixel with the
probability of or occur, and the probability of occurrence
of 0 is more than that of 1 in neighbouring pixels (with
the assumption that the window E=2contains only 0 and
1). Then we will set ,F for the east and south pixels and
E,F = 1 for the southeast pixel. In this case, if all the
neighbouring pixels are equal to 0, the value of the
corrupted pixel changes to O, otherwise, changes to a
value between 0 and 1 based on the assumption that the
probability of changing neighbouring pixels to a value
between 0 and 1 is high.

Linerd—— predefined maximum window size
for [, € Image do

Northvectorqq—— I, , € northboundary of W,

WEHVECAOT e [, € west boundary of Wh e

Eastveutorapq—— iy, € vast boundary of Wy

Southvectorge I, € south boundary of W)

NV = Northvector (all pixels) =1

WV I Westveetor (all pixels) =1

EV] < Eastvector (al pixels) =1

SV1 — Southvector (all pixels) =1

NV = Northvector (al pixels) =0

WV Westvector (all pixels) =0

EV( ——Eastvector (all pixels) =0

SV0 g——Southvector (all pixels) =0

LNV | = length (NV1)

LWV | =—lgngth (WVI)

LEV | #——Ilength (EV1)

LSV I —1length (SV1)

LNV Oap—— length (NVD)

LW V(o= length (W V0)

LEV(04——length (EV0)

LSVO<——1length (SV0)

if LNVI1 =Ly, V LWVI =Ly, VLEVE=Ly,, V LSVI=L,,, then
Ly B Wf:..;,_. (window without boundary) = 1

elseif LNVO=Loae VLWVO=Lpoe V LEVO=Lyay V LSV0=Lpyo, then
Ly E W,_ {window witheut boundary) =0

else
i Lo 273

Linar = Loz — 1

end if
end if
end for

Fig. 2.3: Algorithm of the shrinkage window

— Condition 3: We assume the corrupted pixel with the
probability of or occurs, and there is a probability for
neighbouring pixels with E value= between 0 and 1 to
exist. Then we will set, F2 for the east and south pixels
and E,F = 1 for the southeast pixel. If all of the
neighbouring pixels are equal or if the summation of the
weighted neighbouring pixels are greater or N -lequal
STH to the= ) denominator E (greater V STH or
equal>&to—1) as (,F)eU=,> ,F then we will set E,F =1
for all pixels. In this case, the value of the corrupted pixel
changes to a value between 0 and 1 with the assumption
that the probability of changing neighbouring 0 or 1
pixels (if they exist) to a value between 0 and 1 is high
and with the rest of the pixels still assuming values
between 0 and 1. Also, in the case of equal neighbouring
pixel values, the corrupted pixel would be equal to the
value of these neighbouring pixels.

9) Replace the corrupted pixel with the mean value.

10) Leave uncorrupted pixels unchanged.

11) Repeat steps 7-9 for the entire filtered image, resulting in
the SAMFWM filtered image.

12) Check the level of impulse noise present, and determine
if the filter yields satisfactory results. If results are not
satisfactory, increase the switching adaptive median 3x3
window into 5x5 and so on. Hence, as the intensity of the
noise present is higher, set a new of dimension of the
window an Whew = Woig + 2, and the process consisting
of steps 1-11 is repeated until optimal results are
obtained.

In this last step, optimization of the filtering results
is reached when the evaluations measures, as described next,
yield the highest values.

B. Evaluation Measures

To measure the degree of edge preserving and image
structural metrics, standard measures are computed in order
to compare the performance of different filters including the
proposed method to gauge the quality of image after the
smoothing process is performed. The following measures are
used in this study:
— Correlation coefficient ([) measures the amount of
preserved details and edges after the de-noising process.
— Structural similarity index (SSIM) measures the
difference between the original noise-free image and the
de-noised image after the de-noising process.

for [I;; € Image do
wo rd— 2 X 2 window size
Mean = (Zixyes, boy) /3
WeightedMean = (2(1_))53” ., I, /3
Sum = Teyesy Pry ey
S<—remove all’sand I's
LS 4——Ilength (S)
if I;; =1 A I; =0 then
if LS=0 then

if I,, = 1then
countl = count1-+1;
end if

if I,y = 0 then
countl) = count( + 1;
end if
if countl > count) then
I; ;€ Mean
else
I; j <—— WeightedMean
end if
else
if Sum>=3 then
I; 4 Mean
else
I; ;— WeightedMean
end if
end il
else
I;j4— I;;, continue
end if
end for

Fig. 2.4: Algorithm of the fixed weighted mean filter

— Peak signal to noise ratio (PSNR) which measures the
level of noise in the de-noised image after the de-noising
process.

— Figure of merit (FOM) which measures the edge
detection performance.

Equations (3) through (6) provides the different
formulations used for Correlation ( f ), SSIM, PSNR, and
FOM, respectively. In all these formulations, x(i, j) represent
the pixels in the original noise free image, n(i, j) represent the
pixel in the noisy image, and y(i, j) represent the pixels in the
de-noised image after the filtering process has been applied.
The correlation coefficient is defined as follows:
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Where x(i, j) and y(i,j) represent the mean values of

the x and y images respectively.
The structural similarity index (SSIM) is measured as

follows:
_ (2xy+C1)(20oxy+C2)
SSIM = (x2+y2+C1)(0x2+0y2+C2) (4)

Where oy and oy define the standard deviations in the
x and y images respectively, and oxy defines the standard
deviation between the two images, while C1 and C2 are two
variables which depend on the dynamic range of pixels often
set in the as C1=0.01L and C,=0.03L, where L is the dynamic
range (here it is assumed 1 since pixels are normalized). The
values of 0.01 and 0.03 are default values recommended by
the inventors of the SSIM measure to stabilize the
denominator and avoid a zero value in the denominator.
The peak signal to noise ratio (PSNR) measure is given as:

(max(x))?

Noteworthy comparisons and evaluations of
different edge detection methods are provided. It should be
noted that the main point in this proposed method is in edge
detection evaluation after the de-noising process has been
accomplished; therefore, the figure of merit (FOM) of the
algorithm is measured to assess the merits of the de-noising
process. FOM, which consists of several steps, is a metric that
measures the distance between the detected edges with those
of a reference image. The binary reference image is generated
based on 3 steps : 1) White noise generator, 2) Low pass filter
(Gaussian PSF with width og), 3) Thresholding, 4) region
labelling, 5) random grey level assignment (with standard
deviation o, ), 7) Gaussian noise with variance c,> and 8)
impulse noise ( with noise level Im); all this before applying
the de-noising process which is an extra step in order to
evaluate the edge detection performance in the presence of
impulse noise. The FOM measure is thus given as:

FOM(0, 05, 01, p, 0n, IM) = =T, TM_, g?(n,m) (6)
Where (N,M) is the size of the image, g(n,m) is the
convolution between f(n,m) and the Gaussian PSF with width
oc, and where f(n,m) is the difference between the binary
image ( with the detected edges) and the binary reference

image.

C. Experimental Evaluations in the Presence of Impulse
Noise

The cascading algorithm, IBDNDF, DBUTMWMF, UWMF,
considered as most effective when dealing with impulse
noise, are compared to the SAMFWMF under different
impulse noise intensity levels, and the aforementioned
metrics are used for evaluation. It should be noted that in
order to optimize the de-noising of the image, when the
impulse noise is increased, the size of the filter may be
changed.

Using images of Lena (512x512), Camera man
(256%256), Coins (300x246) and checkerboard (256x256) as
the standard examples used in the literature for comparative
purposes, Figure 5 shows the correlation comparison between

both switching methods on different types of images. The
initial windows for both of them are equal to the maximum
window size in the related noise intensity.

Figure 6 shows the edge boundaries of different
images after applying the SAMFWMF with switch 1 in the
presence of high noise intensities with different initial
adaptive median windows and in contrast to the other well-
known filters. The adaptive properties of the proposed
median filter, in which its initialization is dynamic, adapts
well to the smoothness of the edges. In the lower initial
window size, sharpness of the edges is not easily attained;
therefore, as the initial window size is increased, the edges
appear smoother and sharper, Figure 6 (rows 7 and 8)
exemplifies these observations. As the results for the
SAMFWMF reveal, the intensity variations on the edges are
sharper, and the structural similarity measures are higher than
with other filters even when the impulse noise intensity is
high. Furthermore, since the mean filter introduces blur in the
image with some details lost as a consequence, the proposed
method maintains the size of the mean filter fixed but with
specific weights given to the neighbouring pixels during the
smoothing process.

As indicated earlier, ITTM filters alone do not
perform as well in the presence of high impulse noise
intensity. They can instead be used as a post processing step
to attenuate the effect of the high impulse noise, therefore,
one can replace the proposed fixed weighted mean filter with
ITTM filter (i.e., a combination of the proposed adaptive
median filter with the ITTM filter) and then evaluate the
results. Figure 7 shows the correlation comparison between
the two filters: the proposed SAMFWMF which has fixed
weighted mean filter, and a combination of the proposed
adaptive median filter with the ITTM filter.

The initial adaptive median window3 sizex3 for
both of them are equal to the minimum window size (). As
the figure shows, SAMFWMF has performed better under the
different impulse noise intensities. Also, in section I1-A under
conditions 1 and 2 of step 8, always there are 0°s and 1's in
the proposed fixed weighted mean filter window, which
meets the defined conditions in ITTM filters and makes it
possible to measure the regular mean value of the selected
window for the output. But, if ITTM filters are used under
condition 3, no change appears in the results and it only adds
more complexity to our proposed filter.

D. Edge Gradients

Edge detection is a nontrivial process mainly due to the
ambiguity associated with defining what constitutes an
observable transition (differential thresholds or just-
noticeable difference) between image intensities. For all
practical purposes, first derivative operators are adequate in
their use for edge detection and in determining local minima
and maxima. Second derivative operators could be useful for
localization purposes due to the zero crossings. To determine
the strength of an edge point, the gradient should be measured
perpendicular to the edge direction.
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Fig. 2.5: Results of filtering Camera man with 70% impulse
noise intensity, Camera man with 90% impulse noise
intensity, Lena with 80% impulse noise intensity, Lena with
90% impulse noise intensity and Coins with 90% impulse
noise intensity in column 1 through 5, respectively. After
applying the filter: Rows 1 through 8 are: Original image
showing the specified area under scrutiny, original specified
area, de-noised results using, cascading algorithm,
IBDNDF, DBUTMWMF and UWMF, and SAMFWMF
with initial adaptive median window size=3 (minimum
size), and SAMFWMF with initial adaptive median window
size=maximum size in that noise |

There are several kernels that can be used for edge
detection. First derivative operators, although weak in terms
of localization, are nonetheless less sensitive to noise than
their second derivative counterparts and are also less
complicated in their implementation. Accordingly, for this
study, any edge detection kernel could have been used, but in
the implementation of the proposed method, a 3%3 first order
derivative kernel is used, and the results are satisfactory in
terms of the evaluation metrics used in this study. Figure 11
(top part) describes the algorithm of the edge detection
method.

I1l. PROPOSED METHOD

According to the characteristic of pepper-and-salt noise, the
authors first classify pixels in a polluted image into two
classes: suspected noise and noise-free pixels. For a suspected
noisy pixel, by counting the number of closed grey-level and
noise-free pixels in a neighbourhood, one can correctly
determine a noise or a noise-free pixel. Noise filtering does
not process noise-free pixels. For the noisy pixels, an adaptive
filtering algorithm with weighting mean based on Euler
distance achieves excellent noise removal and good detail

preservation. The algorithm can handle different noise levels,

and the authors do not need to
1724
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Fig. 2.6: Results of filtering Camera man with 90% impulse
noise intensity, Lena with 80% impulse noise intensity in
columns a and b, respectively. After applying the filter:
Rows 1 through 8 are: Original image showing the specified
area under scrutiny, original specified area, de-noised results
using, cascading algorithm without (left) and with (right)
fixed weighted mean filter, IBDNDF without (left) and with
(right) fixed weighted mean filter, DBUTMWMF without
(left) and with (right) fixed weighted mean filter and
UWMF without (left) and with (right) fixed weighted mean
filter, SAMFWMF with initial adaptive median window
size=3 (minimum size), and SAMFWMF with initial
adaptive median window size=maximum size in that noise
level

Manually adjust the parameters and thresholds. The
experimental results indicate that the authors’ proposed
method effectively filters pepper-and-salt noise. Here note
that when noise-free and noisy pixels with the same grey level
appear in the polluted images, the noise-removal performance
by the proposed method is much more excellent than those of
the other existing methods.

Adaptive probability filter (APF) that performs
better in noise detection and noise removal.

Hereafter, a salt and pepper noises over an image are
regarded randomly distributed with values 0 for ‘salt’ pixels
and 255 for ‘pepper’ pixels; the pepper and the salt noises are
assumed to be equally distributed. See Fig. 1 for a simple
illustration: Fig. la is a single intensity image of size
500 x 500 and intensity 125 and Fig. 1b is its intensity
histogram; Fig. 1c is the polluted image of Fig. 1a with salt
and pepper noises of 20% pixels and Fig. 1d is its intensity
histogram. Here, there are in total 25,048 pixels with intensity
0, 24,987 pixels with intensity 255, and 199,965 pixels with
intensity 125.

It should be noted that simply detecting salt and
pepper noises based on its intensity characteristics may
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wrongly pick up the noise-free pixels of intensity 0 or 255.
Consequently, all the pixels with intensity 0 or 255 must be
delicately dealt with.

1) The pepper and the salt noises distribute randomly and
evenly with equal probability.

2) There is a strong correlation among noise-free pixels in
a neighborhood, so the noise-free pixel with intensity 0
(or 255) is not isolated, and the intensities of its
neighboring pixels are likely to close to 0 (or 255).

3) It is noteworthy that in a white neighborhood corrupted
by salt and pepper noises, the salt noise is assimilated and
lost; all the pixels with intensity 255 are taken noise free,
while all the pixels with intensity 0 are noise. Similar for
the blacks.
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Fig. 3.2: Flow chart of APF Algorithm

In contrast, the proposed APF gives an improved
performance than other filters at all noise densities, it can also
be noted that the superiority of APF to other filters at high
noise densities is more significant than that at low noise
densities.

A. Noise Detection

1) Noise Model

For an image with 256 grey levels, if the image is polluted by
a pepper-and-salt noise, the grey levels of the noisy pixels
will be distributed in [0, m] and [255—m, 255]. The
probability distribution function of the noise can be
represented by

"
H, for0<x<m

f(x)= 1-p, forx=g(i, j) , (1)
P2

m, for255-m<x<255
where ps is the possibility of pepper noise and p: is
the possibility of salt noise. 1 —p is the possibility of being
noise-free, and p=p1 + p2. Generally, we let p1=p., and (1)
can be rewritten as

p_
2m, for0<x<m

f(x)= 1-p,forx=g(i, ) : )
p

2m, for255-m<x<255

Therefore, p is the possibility of the pepper-and-salt
noise. In this study, (2) is regarded as the model of the pepper-
and-salt noise. We set m as 1 or 10.
2) Detection of Noisy Pixels
A good noise-removal algorithm for the pepper-and-salt noise
must correctly detect the noisy pixels. In other words, if an
algorithm shows high correct-detection and low false-alarm
rates for noise-pixel detection, good noise-removal results
will be achieved.

B. Basic Algorithm

According to the noise model expressed by (2), for pixel f(i,
J), the grey level is in [m, 255 — m], which is a pixel with an
unpolluted signal; otherwise, it is a pixel with suspected
noise. Pixels in an unpolluted image often have a grey level
similar to their neighbourhood. Therefore, for a pixel with
suspected noise, if the number of similar noise-free pixels in
its neighbourhood or the number of pixels with closed grey
level in its neighbourhood is sufficient, the pixel would be
regarded as a noise-free pixel; otherwise, it is a noisy pixel.
For an image, Q.(i, j) represents a coordinate set in a (2L
+ 1) x (2L + 1) window whose centre is (i, j) as
QG j)={(i+s,j+t)|—L<s,t<L}. Welet R(i, j) be the
set of Q.(i, j) minus (i, j) as R.(i, j) = {Q.(i, j)/(i, j)}-

We let g(s, t) be the grey level in (s, t) and (s, t)eRL(I,
j), and we calculate the following statistics for the salt-noise
detection

1, forg(s,t)>255—m

Dsi(s, t) = 3)
0, otherwise
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Dsi(s, t) =
(4)
1, for g(s, t) > 255 —mand g(s, t) — g(i,j)<¢
0, otherwise
Nsi(i,j)= X Dsa(s, 1) (®)
(s, t) €
Ru(i, j)
Ns:(i,j)= X Dsa(s, 1) (6)
(s, t) €
Ru(i, j)

RL(i, j). Then, we calculate the following statistics for the
pepper-noise detection
1, forg(s,t) <m
Dpa(s, t) = (@)
0, otherwise

Dpi(s, t)1, forg(s,t)>mand g(s,t) —g@li,j)<¢

= (8)
0, otherwise
Npu(i,j)= X Dpa(s,t) ©)
(s, t) €
R, J)
Npz(i,j)= X Dpa(s, ) (10)

Therefore, Npa(i, j) represents the number of low
grey-level pixels in R.(i, j), i.e. g(s, t)<m, and Np(i, J)
represents the pixel number of g(s, t) >m and g(s, t), similar
to g(i, j) in RL(i, j). Finally,

we summarise the above statistics to calculate two
new statistics for the salt-and-pepper noise detection

Nsi(i, j), for g(i,j)> 255 —mor

Nspa(i, j) = (11)
Npa(i, j), forg(i,j) <m

Nso(i, j), forg(i, ) > 255 —mor

Nspa(i, j) = (12)
Np(i, J), forg(i, j) <m
Therefore, Nspa(i, j) represents the number of pixels
with extreme grey level for g(i, j) > 255 —m or g(i, j) <m in

RL(i, j), and Ngp(i, j) represents the number of pixels with

grey level similar to g(i, j) for g(i, j)>255—m or g(i, j) <m

in R (i, j).

The basic algorithm of the noise-pixel detection is
summarised as follows:

1) Step 1. For image G with a size of M x N, initialise all
elements in flag matrix F(i, j)=1 for 0<i<M—1 and
0<j<N-1.Let 6=(81,02, 83, 04, Os, 66).

2) Step 2. If g(i, j)€[m, 255 — m], then go to Step 8.

3) Step 3. Set L =1 and calculate Ngpi(i, j) and Nsp2(i, j).

4) Step 4 If Nspl(i,j) Z 61, Nspz(i,j) Z 62, or Nsp]_(i, J) + Nspz(i,
j) = 83, then go to Step 8.

5) Step 5. Set L =2 and recalculate Ngpa(i, j) and Nsp2(i, j).

6) Step 6 If Nspl(i,j) 2 84, Nspz(i,j) 2 85, or Nspl(i, J) + Nspz(i,
j) = s, then go to Step 8.

7) Step 7. Set F(i, j)=0.

8) Step 8. Go to Step 2 until all pixels of image G are
processed.

The detection algorithm outputs flag matrix F(i, j).

As aresult, F(i, j) = 0 means that the pixel in (i, j) is classified

as a noisy pixel. On the other hand, F(i, j) = 1 means that a

noise-free pixel is in (i, j).

1) Noise detection based on statistics

a) Statistical features of salt and pepper noises

Hereafter, a salt and pepper noises over an image are regarded

randomly distributed with values 0 for ‘salt’ pixels and 255

for ‘pepper’ pixels; the pepper and the salt noises are assumed

to be equally distributed. See Fig. 1 for a simple illustration:

Fig. 1a is a single intensity image of size 500x500 and

intensity 125 andFig. 1b is its intensity histogram; Fig. 1c is

the polluted image of Fig. 1a with salt and pepper noises of

20% pixels and Fig. 1d is its intensity histogram. Here, there

are in total 25,048pixels with intensity 0, 24,987pixels

with intensity 255, and 199,965 pixels with intensity 125.

It should be noted that simply detecting salt and pepper noises

based on its intensity characteristics may wrongly pick up the

noise-free pixels of intensity 0 or 255. Consequently, all the
pixels with intensity 0 or 255 must be delicately dealt with.

The salt and pepper noises have the following statistical

characteristics:

1) The pepper and the salt noises distribute randomly and
evenly with equal probability.

2) There is a strong correlation among noise-free pixels in
a neighbourhood, so the noise-free pixel with intensity 0
(or 255) is not isolated, and the intensities of its
neighbouring pixels are likely to close to 0 (or 255).

3) Itis noteworthy that in a white neighbourhood corrupted
by salt and pepper noises, the salt noise is assimilated and
lost; all the pixels with intensity 255 are taken noise free,
while all the pixels with intensity 0 are noise. Similar for
the blacks.
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Fig. 1: Characteristic analysis of salt and pepper noises (a)
Single intensity image, (b) Intensity histogram of (a), (c)
Image of (a) corrupted with the noise of density 20%, (d)
Intensity histogram of (c)
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b) Detecting noise based on statistics

According to the above analysis, the pixels with intensity 0 or
255 are further detected by the following method.

For an image V, denote by V(p) the intensity of pixel p, which
ranges from 0 to 255. Consider a neighbourhood Np(k) of a
pixel p with size kxk. We prefer to take k=5, for k=3 is too
small and makes Np(Kk) lacking statistical significance, and
k>7 is too large and makes Np(k) lacking correlation. Denote
by nj the number of pixels in Np(5) of intensity i, nj— the
number of pixels in Np(5) of intensity other than i. Then we
propose the following strategy.

Suppose V(p)= 0. If nQ is significantly greater than n255, i.e.ng
»n255, here we set ng>no—, it can be inferred that
its neighbourhood Np(5) is originally black or almost black,
the pixel p is then identified to be noise free; otherwise, it is
identified to be noise.

Similarly, for V(p)=255, if n55>>nQ, here we set nys5>n255—,

pixel p is identified to be noise free, or to be noise.

C. Removing noise based on statistics

In general, pixels are strongly correlated within a
neighbourhood; some intensities would even repeat many
times. This provides a hint for noise removal.
For a noisy pixel p, let P(i) be the probability of repetition of
the noise-free intensity i in the neighbourhood Np(k). On the
basis of the statistical significance, take

imac=argmaxie Np(k)P(i)

Let T be an adaptive threshold. If P(imax) > T, then
imax is used athe original intensity of p; otherwise, it lacks
statistical significance and the median of noise-free pixels in
Np(K) is used as the original intensity of p. If there are no
noise-free pixels in Np(Kk), then enlarge Np(K) to obtain noise-
free pixels. Here, define T where numel[Np(k)] represents
the number of noise-free pixels in Np(k).

Now take an example as shown in Fig. 2, in which
a neighbourhood Np(3) is intercepted from a real image.
The centre pixel p with intensity 154 is supposed to have been
corrupted. In Np(3), the P(154)=3 is the highest probability
and PIpT(T842), so the intensity 154 is used as the original
intensity of p, which is just equal to the original intensity of
p. In contrast, the median of noise-free pixels in Np(3) is 156.
It has proved that compared to the median of noise-free pixels
in Np(3), the intensity with highest repeated frequency is
closer to and more correlated to the original intensity of p.

IV. COMPLETE PROCEDURES OF THE APF

Let R be a logic matrix for noise identification which is
initialised by R=zeros[size(V)]. Let Np(3) be the
neighbourhood  of intial size and Np(kmax) be the
neighbourhood of maximum size. Experiments verify that 11
is the optimal value for kmax. At very high noise densities,
the size of Np(k) may be enlarged to 11 > 11. In this situation,
though the proposed method has no advantage in
computational complexity, its de-noising performance is
greatly superior to other filters.

The algorithm of APF can be set up as follows; see
Fig. 3 for the related flowchart:

m n 7 4

1) For each pixel p, if V(p)=0 or 255, set R(p)=1.

2) Foreach pixel pwithR(p) = 1, inits Np(5), if V(p) =0 and
no>ng—, or V(p) =255 and n255 >n255-, reset R(p) =0.

3) For each pixel p with R(p) =1, if there are noise-free
pixelsin
Np(K), turn to (iv); otherwise, turn to (v).

4) Calculate the P(i) of each noise-free intensity i in Np(k),
and the T{T =numel[Np(k)]/4}. If P(imax) > T, the original
intensity of p takes imax, or takes the median of noise-
free pixels in Np(k).

5) Enlarge Np(k), i.e. k=kt2, and if k<kmax, turn to
(iii); otherwise, the median of the pixels of just
previously processed in Np(3) is used as the original
intensity of p.

V. SIMULATION RESULTS AND DISCUSSION

The proposed APF is investigated against some state-of-the-
art filters proposed recently. Standard images Lenna and
Barbara, medical image chest X-ray and architecture image
Building, which are 256 grey scales, are selected for
experiments, as shown in Fig. 4. The experiments are
conducted using a machine: Intel(R) Core(TM) i5-4590
central processing unit at 3.30GHZ, 8CBrandom access
memory with MATLAB R2013b environment.

A. Evaluating the Performance of Noise Detection

The images Lenna and chest X-ray are selected for the
experiment. The state-of-the-art filters selected to be
compared with APF in noise detection are MSMF [17],
FEMF [19], MDWMF [21], ASWMF [22], and IDBA [24].
The performance of noise detection is measured by the
missing detection rate (MDR) and the false detection rate
(FDR).

It is observed that the MSMF performs poorly at all
densities. The FEMF shows good performance for image
Lenna, but fails to effectively detect noise in terms of FDR
for image chest X-ray. The MDWMF shows poor
performance at medium and high noise densities. The
ASWMF and IDBA perform well for image Lenna, but fail
to maintain their performance in terms of FDR for image
chest X-ray.

Comparatively, the proposed APF performs
significantly better than other filters for detecting noise at all
densities. The reason for this improvement is that the APF
detects salt and pepper noises based on the characteristic of
minimum and maximum intensity

B. Evaluating the Denoising Performance

Several state-of-the-art filters are evaluated against the
proposed APF in terms of peak-signal-to-noise ratio (PSNR),
image enhancement factor (IEF), and visual representation at
all noise densities. They are RAMF [20], MDWMF [21],
ASWMF [22], SMMF [23], IDBA [24], and PDBF [25]. The
PSNR and the IEF are defined as follows:

2
PSNR=10xlg ~™*N*2%
Si=1Y=1(fG0) gl
SN CEGL ) - £ )P
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Denote by m and n the size of the image, f is the
original image, fp is the corrupted image, and g is the filtered

image. The greater the PSNR and IEF are, the better the de-
noising performance is.

1) Evaluating by Visual Representation:

The image Barbara corrupted by the noise of density 60%
is de-noised by the filters mentioned above and presented in
Figs. 5 and 6. It can be seen that the APF shows better
performance than the other filters by preserving the edges and
details available in the image.

The image Building corrupted by the noise of
density 70% is de-noised by the filters mentioned above and
presented in Figs. 7 and 8. It can be seen that the other filters
either introduce some spots in the filtered image or damage
the edges and details to an extent. In contrast, the APF
excellently outperforms the other filters in terms of visual
representation.

The image chest X-ray corrupted by the noise of
density 80% is de-noised by the filters mentioned above and
presented in Figs. 9 and 10. It can be seen that the other filters
either introduce some spots in the filtered image or damage
the background of absolute black in the image. In contrast,
the APF excellently restores the image by preserving the
edges and details in the image.

The image Lenna corrupted by the noise of density
90% is de-noised by the filters mentioned above and
presented in Figs. 11 and 12. It can be seen that the other
filters either introduce some spots in the filtered image or the
filtered image is blurred by damaging the edges and details.
In contrast, the APF is excellently superior to the other filters
in de-noising result.

2) Evaluating by Objective Measures:

Tables 3 and 4 present the de-noising performance of the
proposed APF against the state- of-the-art filters considered
in terms of PSNR and IEF using images Building and
Barbara corrupted with the salt and pepper filters for various
images. So, the APF has universal adaptability, is applicable
to any image.

By comprehensive comparison of all the metrics
including PSNR, IEF, and visual representation, it can be
easily identified that the APF proposed in this paper
outperforms the state-of-the-art filters employed for
comparison. It can also be noted that the superiority of APF
over other filters varies slightly in different images. For
images with a few homogeneous intensity levels, the
superiority of APF over other filters is more significant than
that for images with rich details. Furthermore, for high noise
densities, the superiority of APF over other filters is more
significant than that for low noise densities.

VI. CONCLUSION

An APF is proposed in this paper to detect salt and pepper
noises based on the characteristics of minimum and
maximum intensity values of an image, as well as the
distribution of salt and pepper noises. If the noise-free
intensities repeat with a certain probability in neighbourhood,
according to the statistical significance, the noise-free
intensity with the highest repeated frequency is used to
remove noise. It was observed through the experimental
results that noise detection by the proposed APF is more

accurate. Furthermore, both qualitatively and quantitatively,
the APF is justified to be superior to the others in de-noising
performance.
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