Image detail-preserving filter for impulsive noise

attenuation

X. D. Jiang

Abstract: A new nonlinear filter is proposed for attenuating impulsive noise while preserving
image details. The filter truncates the grey value of a pixel to the maximal or minimal value of its
enclosed surrounding band. Impulsive noise inside the band is thus attenuated while image details
are preserved as long as they stretch to the band. The recursive form of the proposed filter leads to
a simple architecture for fast implementation. Theoretical analysis and experimental results
demonstrate the effectiveness of this new filter for both noise attenuation and detail preservation.
For moderately contaminated images, as shown in the experiments, the proposed filter outper-
forms the standard median filter, the centre-weighted median filter and the unidirectional multi-
stage median filter in terms of mean absolute error and filtering speed.

1 Introduction

Filtering a digital image to attenuate noise while keeping
the image details preserved is an essential part of image
processing. For impulsive noise attenuation, nonlinear
filters, such as the median filter [1] and its variants have
shown superior performance to linear filters. However, the
standard median (SM) filter suffers the drawback of
removing important image details. This undesirable effect
is not acceptable in many applications where the preserva-
tion of image structure is important. Finding a method that
is efficient in both noise reduction and detail preservation
is an active area of research.

To trade off detail preservation against noise reduction,
some solutions have been proposed in the literature. The
weighted median filter [2] that uses weights to control the
filtering behaviour preserves features of given shapes and
sizes [3]. The centre-weighted median (CWM) filter [4]
only weights the centre pixel of the filtering window. The
tristate median filter [5] and the soft-switching median
filter [6] incorporate SM and CWM filters into a noise
detection framework to enhance the noise attenuation
while preserving the detail. Other approaches based on
the noise detection procedure include the min—max filter
[7] and switching-based median filters [8, 9]. The unidirec-
tional multistage median (UMM) filter [10, 11] uses
several subwindows inside the processing mask. Thin
lines oriented along these subwindows are preserved but
those along other orientations are often distorted. Two-stage
architectures based on the median filter were also proposed
in [12, 13]. The multistage median filters were extended to
the library-median-stack filters [14] to preserve more
image details by using more patterns that can be selected
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from a library. Recently, a peak-and-valley filter that is
faster than the median filter and can preserve image details
was proposed in [15]. The peak-and-valley filter is based
on min—max operators [16, 17] that were also employed in
the noise peak eliminator filter [18].

This work proposes a novel nonlinear filter, called the
truncation filter, which attenuates impulsive noise while
preserving image details. Image details will be preserved
as long as they stretch to or beyond the enclosed surround-
ing bands, while the isolated impulsive noise inside
the bands will be attenuated. A simple. filter architecture
is proposed based on the recursive form of the truncation
filter, which leads to a fast filtering implementation.

2 Truncation filter and its detail preservation
properties

For a pixel (i, ) with grey value x(i, j), we can find N
square windows of size M x M that cover this pixel
(N=M?). Such windows are called inner windows and
are denoted by WI,. For each inner window WI,, an outer
window WO, of size (M + 2r) x (M +2r), r > 1, is defined
that has the same centre as WI,. So for each pixel (i, j), N
enclosed square surrounding bands By, k=1, 2,..., N,
with thickness r are defined as By = WO, — WI[,. Forr=1,
each band consists of L =4(M + 1) pixels. Fig. 1 shows a
pixel (i, j) and three of its nine square surrounding bands
B, Bs and Bg for M=3 and r=1.

Let u; and v, denote the maximal and minimal grey
values of the pixels in the surrounding band By, respec-
tively, i.e.

U = max(x(m, n)|(m, n) € By) ey

v = min(x(m, m)|(m, n) € By) )

For an input pixel x(i, j), the output of the proposed
truncation filter y(i, j) is defined by
Umins lff x(i’ ]) > Umin
Y, j) = Vimax> iff x(i, j) < Vimax (3)
x(i, j), otherwise
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Fig. 1 Three sample square surrounding bands B;, Bs and By of
a pixel (i, j) for M=3 and r=1

where
umin:n}(in(uklkzlyzw--,]v) (4)
Vinax :ml?x(vk'k: 1,2,...,N) ®)

All pixels in the N surrounding bands together with
the input pixel x(i, /) compose a square window of size
Wx W=02M+2r — 1) x (2M+ 2r — 1). Therefore, the
filter window size of the truncation filter is Wx W It
should be mentioned that the surrounding band of the
truncation filter is not limited to the square shape. It
could be any shape as long as it is four-connected and
enclosed. For simplicity, in this paper, we only explore the
properties of the truncation filter for the square surround-
ing band with a width of one pixel (r=1).

A simple extension of (3) is the recursive form that
produces the output image by updating the grey values of
the input image instead of creating a new output image.
From (3), the recursive form of the truncation filter can be
expressed as

Unins iff X(i, ]) > Unin
x(i, /) € { Vmaxs T X0, J) < vie ()
x(i, j), otherwise

An advantage of the recursive truncation filter is that it can
lead to a simple and fast implementation. In cases of
x(I, J} > tmin, (6) can be rewritten as

x(i, J) = Upin = min(uy, uy_y, ..., 1y, %@ )

- minuy, xG, ). ) (7)

It is easy to see that (7) can be iteratively implemented
using x(i, j)<min(uy, x(i, j)), where k=1, 2,..., N.
Similarly, in cases of x(i, j) < Vmin, (6) can be iteratively
implemented using x(i, j) < max(vg, x(i, j)), with k=1,
2,..., N. Since the N surrounding bands of a pixel have
different locations, (6) could be implemented by placing
the surrounding band B= WO — WI at the N different
possible locations and performing

= min(uy, minuy_, ..

min(u, x(i, j)), iff x(i, j) <u

x(i, j) & { max(v, x(7, j)), iff x(@, j) <v
x(, J), otherwise
u, iff x(i, j) > u
=1, iff x(i, ) <v ®)
x(i, j), otherwise
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for each location of the band, where u =max,, ,(x(m, n)|
(m, n) € B), and v=min,, ,(x(m, n)|(m, n) € B). Therefore,
the recursive truncation filter could be simply implemented
by applying

u, iff x(Z, j) > u
x(i, <= v, iff x(i, j) < v, for Vx(i, )I(i, j) € WI
x(i, j), otherwise

©

and shifting the surrounding band pixel-wise throughout
the image.

Equation (9) truncates the grey values of all N pixels
enclosed by a surrounding band to the maximal or minimal
grey value of the band. This is why the proposed filter is
called a truncation filter. Equation (9) leads to a fast imple-
mentation of the recursive truncation filter by updating N
pixels with (9) through one maximum/minimum search in
one band instead of updating one pixel with (6) through N
times of a maximum/minimum search in N different bands.

An important property of the proposed truncation filter
is that it preserves image details. Consider an eight-
connected image structure that forms a set of pixels S
with constant grey values 4 in an arbitrary background, i.e.

h, if ,)es
at,j), if ()¢S

Suppose two pixels p; = (i}, j;), p2 = (i3, j») can be found
in this image structure that satisfies

x(i, j) = { (10)

Ip1Ap{p e SAP, e SA(liy — il > M V]| — /| > M)}
(11

If any pixel of the structure S is enclosed by a surrounding
band, at least one pixel of S will be located at the band
since the band is four-connected and enclosed. We there-
fore have v <h <u in (9). As a result, the updating formula
(9) for each pixel of the structure S becomes

x(i, )y «x(i, j))=h for Y(i, )G, ) € S (12)

Structure S is therefore invariant to the truncation filter.
More general for image structures of nonhomogenous grey
level, a pixel is invariant to the filter if it is connected
to two eight-connected pixel sets with its grey value not
larger than the minimum of one set and not smaller than
the maximum of the other, where the two sets satisfy the
geometrical condition (11). From this analysis, we see that
the proposed truncation filter preserves edges, corners,
ramps and lines of any width and any orientation as long
as they are longer than M= (W — 1)/2 pixels. A curve will
even be preserved if it stretches to or beyond the surround-
ing band whereby condition (11) is satisfied.

Compared to the truncation filter, the SM filter cannot
preserve any one-pixel-wide line even with the smallest
3 x 3 window. To preserve the line ending, i.e. there are
only (W + 1)/2 pixels of the line in the window, the weight
¢ of the CWM filter should be larger than W? — W since
there are W2 — (W+ 1)/2 elements of ‘background value’
and (W+1)/24+c¢— 1 elements of ‘line value’ in the
median operation. The UMM filter preserves straight
lines that are longer than (W — 1)/2 pixels only if
the line orientation is one of the filter’s four orientations.
Interestingly, for the window size 3 x 3, it is easy to see
that the UMM filter and the CWM filter with the central
weight of 7 (32 — 3+ 1) are equivalent to the proposed
truncation filter. This is not surprising as the centre pixel
together with any other pixel in the 3 x 3 window will form
a two-pixel-long line along one of the UMM filter’s four
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orientations. However, this interesting equivalence among
the UMM filter, the CWM filter and the proposed trunca-
tion filter does not hold if the window size is larger than
3 x 3. Grey-scale morphological filters [19] also use min
and max operators but they process the entire structuring
element and operate sequentially (erosion and dilation).
These filters will therefore remove image objects that are
smaller than the structuring element. Our truncation filter
is essentially different since the min and max operate
simultaneously and only on the surrounding band.

3 Statistical properties of the truncation filter

Let the grey value of the input image x(i, j) be independent,
identically distributed with the probability distribution func-
tion F\(t) = P{x <t}, where P{A} is the probability of event
A. Let G(fy=1 — F(f) and U, and V, denote the events
u, <t and vy <t¢, respectively. From (1) and (2) we have

PUY =P N &G, J)<t)

(@, ))eBy
=[] Pt p <t =F.(* (13)
(i, j)eBy

PPy =Py N GG J)>1

(i, j)eBy

=[] Pt >n=60" 4

(i.))eBy

From (4) and (13) the distribution function of wup;, is
obtained by

N
Fr©) = PlGu)uy < 1)) = P{H Uk}

min

N
=) PU}- > PlUNU,}
k=1 k.m
k<m
+ Y PlUNU,NU}—---
k’zz:n

+(=DYTPU N U N L N U
=N-F0O" = ¥ F oy *m
k.m .

k<m
+ 3 F@Hm
klzz):n .
+ (_I)N—1Fx(t)(2M+|)271 (15)

where L(ki, k2, ..., k;) is the number of the pixels in the
union of surrounding bands By, By,, . . ., By,. For example,
in Fig. 1, we have N=M?>=9, L(1)=L(2)=- - - =L9)=
L=4M+1)=16, L(1,5)=30, L(I, 5, 9)=42 and
L(1,2,...,9)=(2M+ 1)> — 1 =48. From (5) and (14) the
distribution function of vy, is obtained by

Fy (0= PO, < 01 =P m.] =1- P{ U ﬁk}
k=1 k=1

N - - -
=1- (;P{Vk} - kZ: PV,.nv,}

k<m
+ X PBNV,NV)— -
k,m.n
k<m<n

+ (=DM P NN LN I7N}>
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=1- (N G = T G
k,m

k<m
+ D G
k<z<nn
+ (_I)N—lGx(t)(2M+l)2-l) (16)

Since tmpin > Vmax, the output probability distribution
function Fy(f) of the proposed truncation filter is given
from (3) by

FO)=Plx <N pax < HUE > DN (s < 5}

= P{x < t}P{ve < 1} + Plx > t}P{upy, <}

= Fx(t)vaax (t) + Gx(t)Fumm (t) . (17)
Given the probability p of the positive or negative impul-
sive noise occurring at the input image, the probability of
the impulsive noise occurring at the output of the trunca-

tion filter PBy(p), called breakdown probability [20], can
be obtained from (15), (16) and (17) by

PB/(p) :p(l - (N-qL— > gt

ki ky
ky <k,
— 27
4 Z qL(kl,kz,k3) — (—I)N lq(ZM—H) 1))
kyka Ky
by <ky <ky
+ q(N _pL _ Z pL(kl.k2) 4 Z pL(k,,kz,kJ)
Ky ks ki ke ke
ky <k, ky<ky<ky

- Z_
(DN peMD 1)

N
=p—pY (=D T gekek)
1= Ky,

ky <k <...<k,

N
ACPICH IR VI (18)
1= .

where g =1 — p. Although it is not easy to calculate the
breakdown probability (18) by hand for W > 7, it is not
difficult to write a computer program to calculate (18) for

Table 1: Probability of the salt-and-pepper noise
occurring at the filter’s output

p w TF CWM UMM
0.25 3 0.1641 0.1641 0.1641
5 0.1293 0.2051 0.0700
7 0.1179 0.2373 0.0279
9 0.1188 0.2482 0.0111
1 0.1269 0.2499 0.0043
0.125 3 0.0504 0.0504 0.0504
5 0.0247 0.0560 0.0104
7 0.0144 0.0730 0.0021
9 0.0098 0.0930 0.0004
1 0.0077 0.1095 0.0001
0.0625 3 1.40 x 1072 1.40 x 1072 1.40 x 1072
5 3.77x1072 1.07 x 1072 1.39 x 1073
7 1.17 x 1073 1.18 x 1072 1.42 x 107
9 423x107* 150 x 1072 1.51x 107°
1 1.79 x 10~* 2.01x 1072 1.65 x 107°
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Fig. 2 Probability of salt-and-pepper noise occurring at the
output of the truncation filter, the CWM filter and the UMM filter
against filter size for p=0.0625

various values of p and M and compare them with the
breakdown probabilities of other filters.

For comparison, the breakdown probabilities of the
CWM filter PB.(p) and the UMM filter PB,(p) given in
[4, 10] are rewritten here with consistent notation (window
size W x W, probability of impulse occurrence p, centre
weight ¢, and K=W?, g=1 — p):

K-l /K —1
PB(p)= 3 ( . )p"“q""—"

n=(K—c)/2

K-l /K —1
+ ( )p"qK‘” (19)

n=(K+c)/2 n

= w—1 W—1- )
PB(p)=p{1- > ( )q”p "
n=(W+1)/2 n

4
w1 W1
+q< > ( )qw‘l‘”p”> (20)
n=(W+1)/2 n

The breakdown probability PB(p) given above is the
probability of an impulse occurring at the output of the
filter if the input impulse is either positive or negative with
the probability of p. For salt-and-pepper noise, the prob-
ability of an impulse occurring at the output of the filter
should be PB(p;)+ PB(p,), where p; and p, are the
occurring probabilities of the input positive and negative
impulses, respectively. Table 1 compares the numerical
values of the probability of salt-and-pepper noise occurring

at the output of the truncation filter (TF), the CWM filter
and the UMM filter for different values ofzp (p1=p2=p/2)
and window size W. By choosing ¢=W" — W+ 1 for the
CWM filter, Table 1 compares the noise attenuating
capability of filters that can preserve lines of the same
length. :

It is clear to see that the truncation filter gives a much
better performance in attenuating impulse noise than the
CWM filter with the same values of p and W. Fig. 2
illustrates the output noise probability against filter size
for p=0.0625. Although the truncation filter gives a
higher output noise probability than the UMM filter, it
should be noted that the truncation filter preserves lines
along an arbitrary orientation and even preserves curves,
but the UMM filter can only preserve lines along four
orientations. An experimental study is therefore necessary
to compare their overall filtering performances for both
noise attenuation and detail preservation.

4 Experimental studies

Demonstrative experiments were undertaken to test the
performance of the proposed truncation filter. Comparisons
were made with the CWM filter, the UMM filter and the
SM filter. Let SM(w) represent a SM filter with size W =w.
For all detail-preserving filters, however, a series connec-
tion of recursive filters with different sizes was used in the
experiments to achieve a better noise attenuation perfor-
mance. Let CWM(w), UMM(w) and TF(w) represent the
series connections of the recursive CWM filters, UMM
filters and truncation filters with sizes W =3, 5,..., w,
respectively. The overall filtering performances (including
detail-preserving and noise-attenuating performance) of
SM(w), CWM(w), UMM(w) and TF(w) were compared
by using mean absolute error (MAE) [21]. Two commonly
used test images ‘Lena’ and ‘Baboon’ of size 512 x 512
and another image ‘Fingerprint’ as shown in Fig. 3 were
chosen. These three original images were corrupted by salt-
and-pepper noise with equal occurrence probabilities of a
positive impulse of value 255 and a negative impulse of
value 0. Images corrupted by noise with values uniformly
distributed between 0 and 225 were tested as well. The
various noisy images with different noise densities were
generated, and then passed through the filters TF(w),
CWM(w), UMM(w) and SM(w) with w=3, 5,..., 31.
Fig. 4 plots MAEs against the value of w for the three test
images. '

In the first row of Fig. 4, the smallest MAEs are achieved
by the truncation filter and the CWM filter. This indicates
that for a low noise density, the detail preservation is more

Fig. 3 Original test images ‘Lena’, ‘Baboon’ and ‘Fingerprint’
182
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Fig. 4 MAE (y-co-ordinate) against the value of w (x-co-ordinate) of filters TE CWM, UMM and SM for test images ‘Lena’ (first column),
‘Baboon’ (second column) and ‘Fingerprint’ (third column) corrupted by salt-and-pepper noise with density of 12.5% (first row) and 25%
(second row) and corrupted by impulsive blob (3 x 3) noise with density 20% (third row), and corrupted by noise of 25% density with values

" uniformly distributed between 0 and 255 (fourth row)

crucial than the noise attenuation for the overall filtering
performance. In the second row of Fig. 4, the smallest
MAEs are achieved by the proposed truncation filter. As
illustrated in these three Figures, for the noise density of
25%, the CWM filter has difficulty in attenuating noise. If
several noisy samples are clustered to form a blob, they are
more difficult to remove from the image than in the case of
an isolated impulse. In some environments, however, the
acquisition or transmission of images through sensors or
communication channels is affected by impulsive blob
noise. In the third row of Fig. 4, 20% pixels of the test
images are corrupted by the noise of an impulsive blob of
size 3 x 3. The fourth row of Fig. 4 plots the results for
noise of 25% density with values uniformly- distributed
between 0 and 255. Compared to the other three
approaches, the proposed truncation filter demonstrates
its powerful capability in both attenuating impulsive blob
noise and preserving image details.

In the runtime test of the filters TF(w), CWM(w),
UMM(w) and SM(w), the fas\zetat algorithm Quicksort

IEE Proc.-Vis. Image Signal Process., Yol. 150, No. 3, June 2003

L2}

)

£

€

2
o TF
A CWM
* UMM
o SM

1071 L

. L L L ' L L

35791113151719212325272931

filter size W

Fig. 5 Runtime against the value of w of filters TE UMM, SM

and CWM for filtering the image ‘Lena’ of size 512 x 512
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Fig. 6 Original image ‘Baboon’ (left) and a sample corrupted image by impulsive blob (3 x 3) noise with density of 20% (right)

Fig. 7 Output images at the minimal MAE (according to Fig. 4) of filters SM(7) (top lefi), CWM(31) (top right), UMM(13) (bottom left) and
TF(23) (bottom right)
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[22] was used for all median calculations. The fast median
algorithm [23] was not included in the comparison as it
cannot be applied to structured approaches such as multi-
stage median filters. In addition, the underlying mechanism
of this algorithm can also be incorporated into our trunca-
tion filter by throwing away W pixels and adding W new
pixels for each window movement. Thus, this algorithm
cannot be strictly considered as a competing alternative.
All filters were implemented with the C-program running
in a Pentium IIT 733 MHz PC. To measure the runtime
accurately, the runtimes for filtering the image ‘Lena’
corrupted by salt-and-pepper noise with a density of 25%
100 times were recorded and then divided by 100. Fig. 5
illustrates the runtimes against the value of w. It demon-
strates that the proposed truncation filter is much faster
than all other filters. This is not surprising since the
truncation filter uses the maximum and minimum opera-
tions instead of the median operation used in other filters.
Although the UMM filter only calculates medians of
reduced subsets in the window, the proposed truncation
filter is still about ten times faster than this second fastest
filter. Fig. 6 shows the original image ‘Baboon’ and a
sample image corrupted by 3 x 3 impulsive blob noise with
density 20% and Fig. 7 gives us the corresponding output
images at the minimal MAEs (according Fig. 4) of the
filters considered in this paper. We see that the proposed
truncation filter provides the best visual appearance of the
output image.

5 Conclusions

When a filter is applied to an image, there are always two
effects with noise attenuation as one and image structure
distortion as the other. This work has proposed a novel
nonlinear approach, called a truncation filter, to attenuate
impulsive noise of images and video sequences while
preserving small details. It truncates the grey value of a
pixel to the maximal or minimal value of its enclosed
surrounding band. Isolated impulsive noise and noise blob
inside the band are thus attenuated while image details are
preserved as long as they stretch to or beyond the band.
In essence, the proposed method is a cautious way to
alter the pixel’s grey value while preserving small details
such as thin lines and curves, as proven by the filter’s
deterministic properties. This detail-preserving modifica-
tion of the grey level can also achieve good noise attenua-
tion as a pixel is compared with multiple bands or
equivalently, truncated multiple times with the band at
different locations. The study of the filter’s statistical
properties demonstrates the noise attenuation capability
of a single stage, nonrecursive truncation filter. The high
processing speed and good detail preservation of the
recursive truncation filter makes multiple employments of

IEE Proc.-Vis. Image Signal Process., Yol. 150, No. 3, June 2003

the filter with different sizes feasible. Experimental results
demonstrate the proposed truncation filter providing a
more effective and efficient method for detail-preserving
image denoising compared to other median based filters
considered.
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