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Abstract

In the presented paper a new approach to the problem of noise reduction of gray and colour images has
been presented. The new method is based on the concept of a virtual particle performing a random walk on
the image lattice, with transition probabilities defined by the median distribution. The major advantage of
this algorithm, is that it filters the image, while preserving the image structures. This new algorithm is ex-
tremely fast and can be applied to the gray scale and colour images working on the RGB image components.

1 NOISE REDUCTION FILTERS
1.1 Noise reduction in gray scale images

The noise suppression of digital images is one of the major problems of the low level image processing. An
overview of the existing methods can be found in [1, 2, 3, 4, 5, 6, 7].

The additive Gaussian noise can be attenuated relatively well, using a whole variety of different algorithms
[8, 9, 10, 11, 12, 13, 14]. These algorithms however, are not suitable for filtering the sosadtladd pepper
noise. This kind of noise is frequently eliminated using algorithms based on the rank transformations, defined
using an ordering operator, the goal of which is the transformation of the set of pikels) € W (i, j) lying
in a given filtering windowW of the sizen; x ny with the center a{s, j) into a monotonically increasing
sequence

{B(Z—k,j—l)}, k= —nl,...,nl,l: —n2,...,n2} — {Bl,...,BN},Bk SBk+1, k= 1,...,N—1 (l)

whereN = (2n; + 1)(2n2 + 1) is the number of pixels belonging (i, 7).

In this way the rank operator is defined on the ordered values from tHé3seBs, ..., By} and has the
form
TR
T(i,j) = — Y ol (2)
Z i3

whereZ is the normalizing constant ang are the weighting coefficients. Taking appropriate ranking coeffi-
cients allows the defining of a variety of useful operators [4, 7, 6].
The sequence

e {1,1,...,1} corresponds to the moving average operator,

e {0,...,0,0p =1,0,...,0}, whereM = % generates the median,

e {0,...,0,0—a=1=... =00 = ... = 0M+a = 1,0,...,0}, 0 < a < M defines thex-trimmed
mean, which is a compromise between the mediags-(0) and the moving averager(= M),

e {01 =1,0,...,0,oy = 1} determines the so called mid-range filter.

The median filter is one of the most commonly used nonlinear filters. It has the ability of attenuating strong
impulse noise, while preserving image edges. Its major drawback however, is that it wipes out structures, which
are of the size of the filter window and this effect causes that the texture of a filtered image is strongly distorted.
In this way the side effect of noise elimination is very often the blurred image texture. Additionally the sorting
process required by the median is time expensive and that is why recursive procedures and different kinds of so
called pseudo-medians were proposed [4, 15].



For instance the pseudo-medigtED g is defined as

m; = MED{B(Gi—k,j7—101),Bli—k+1,7—1),...,Bi+k,j—1)} (3)
N -1
MEDS = MED {mj_z,mj_z_,_l,...,mj_,_z}, —2 < k,l <z= T (4)
Another example is the max/min -median filter , which preserves such structures as lines and corners [16, 17].

Taking the filter window/ (4, j) the following parameters;, < = 0, ...,4 are computed

p = MED{ B(k,1),B(k,2),...,B(k,0),...,B(k,n)} (5)

ps = MED{ B(1,0),B(2,1),...,B(k,1),...,B(l,n)} (6)

ps = MED{ B(1,1),B(2,2),...,B(k,l),...,B(n,n) } (7)

pa = MED({ B(1,n),B(2,n — 1) B(k, l) B(n,1)} (8)

po = MED{B(i,j): (i,j) € W(k, l)} 9)
and additionally

Pmax = max { fu1, fi2, 43, f14 } fomin = min { gy, g, 3, 4 } (10)

Then the max/min operator is defined as

T(l ]) _ Mmax - |Nmax — Ko | > |N0 — Mmin | (ll)
’ HMmin |/1'max_/1'0| < |/1'0_/1'min|

One of the derivatives of the median is tveighted median filter, WMEL8, 19]. If the outputl’y;zp(x) of
the pixels lying in the filter windowV, with domainD is denoted as

Tuep(z) = MED{B(z +y), y € D} (12)
then theWMF can be defined as
Twyr(r) = MED{w(y)0B(z +y), y € D} (13)

where{> denotes the repetition or duplication operator arig) € N are the weighting coefficients. In case of
the WMFfilter different emphasis is assigned to different samples in the filter window by repeating them suit-
able many times. The main advantage of this kind of filtering is its capability of suppressing noise and avoiding
the blurring effect. Its main drawback, however is that it is very difficult to choose appropriate weighting
coefficients [20].

One of the many median derivatives is the so cak&NM, k-nearest neighbour median filtix1]. It is
defined using th@ function defined as® = ®[r, N, {B1, Bs, ..., By}], whereR is ther-th smallest element
from the ordered sequende3;, By, ..., By} from a given windowl¥ (¢, 7). Then the output oKNNM is
defined as follows

T(la]) = (I)[gaka{BSaBs-l-la"'7BS+G—1}] (14)

whereg = INT{£(tL} 1 < k < N is a certain odd numbes, = min{ N — G + 1,max{1l,p — g + 1}},
p is the rank of the valué3(i, j) of the pixel(z, j) and N is the overall number of pixels in the filter window
W (i, j).

The KNNM first selectsk samples, which have the rank values that are nearest to the centre pixel of the
filter window and then it takes the median of theamples as an output. TKR&NNM removes impulsive noise
with less distortion of image details, than the standard median does.

Another frequently used operatbtADTM (median of absolute differences trimmed mean-fifiarp2], is
described as follows. At first the median of the pixels from the windowV (i, j) is obtained

N +1

v =MED{B(k,l) : (k,1) € W(i,j) } = ®[w, N{By,..., By}, w = —— (15)



and then the mediam, of the absolute differences of the pixels fra#(i, j) from 14 is computed

N+1
vy = ®lw, N{|By —v1],...,|By —11]}], w:T (16)

The output of theVIADTM operator is defined as

1
7 Z B(k,l) : {|B(k,l) —v1| < vy} Z =card{(k,l) :|B(k,l) — 11| < 1n} a7
(k,DEW (i,5)

In this wayT'(i, j) is the mean value of the absolute differences, whose values do not exceed the median more
thanv,. TheMADTMtransformation resembles to some extentdiieimmed mean filter.

1.2 Noise removal from colour images

Most of noise removal methods were originally devised for monochromatic images. In the majority of cases
it is possible to operate on colour channels separately and in this way the gray scale image algorithms can
be applied directly for the colour images working independently on separate channels. Unfortunately, these
methods are mostly in danger of introducing shifts in colour and loss of chromatic information. That is why
the techniques which work directly withector-valuedpixels are more effective with this regard.

The rank order filters based on a concept of the input ordering cannot be simply extended to multi channel
data. Therefore, a number of algorithms using various methods of multivariate data ordering have been pro-
posed [23, 24, 25, 26]. The best known vector order statistic filter is the so s@tgdr Median Filter, VMFE
The vector median is defined as [23, 24, 26, R F(x) € (X;, i = 1,...,N), with

N N
VMF(x) = | Y [[VMFEX) = x| <D lly=xil|, ¥y (18)
i=1 i=1
where|| denotes a norm in a given colour space andndy are the vectors (pixel values) from a given filter
window.

Assuming that a windowV of finite size NV is available, let the noisy image vectors inside this window
be denoted as;, j = 1,2,...,N. If p(x;,X;) is a measure of distance between vectqrandx; then the
scalar quantityl;) = Z;-V:l p (X, X;) is the distance associated with the noisy veetanside the processing
window of lengthN. Assuming that an ordering a@f's

diy <dpy < ... <dy (19)
implies the same ordering &f'’s

X(1) < X@2) <o <X (20)
then VMF defines the vectoy,) as the filter output. In most cases the VMF is defined using the measure

dp (Zv]) = Z

k=1

:rf — a;f‘ (22)

wherem is the dimension of vectox; (for RGB imagesn = 3) andz¥ is kth element ok; which is utilized.

2 NEW ALGORITHM OF NOISE ELIMINATION

The output of the averagB(i, j) and medianB(i, j) of pixels surrounding the poir(t, j) can be treated as
values which minimize the appropriate cost functions

n n

B(i,j) = arg m@ln{ Z Z [B(i 4+ u,j + v) —@]2} (22)

U=—nv=—n



n n
B(i,j) = arg min {uvazn|B(z+u,j —|—U)—®|} (23)
The new method of noise reduction is based on a concept of randomly walking particle, which moves on the
image lattice. The probabilitie®; ., of transition from the pointi, j) to (k,/) has been derived from the
median distribution which describes the behaviour of a particle in a potential well

2,J
where
Zij= Y. exp{=pIB(i,j) — Bk, )|} (25)

(k,1)~(1,9)
andg is the temperature parameter,denotes the neighbourhood relation @ik the normalizing constant -
statistical sum of the system.

The new filter assigns to each image pdintj) the valueB*(i, j), which minimizes the probability, that
the virtual jumping particle will not remain at its temporary position, but will jump to one of its neighbours.
The minimization of the probability’;; ;; is equivalent to the maximization of the statistical saifi, j) and
therefore

B*(i,j) = arg max{z S exp{—AIB(i+u,j+v) - O]}, |u|+|v|¢o} (26)

u=—1lv=-1

Since the statistical suti depends on the absolute value of the difference of the gray scale values of the neigh-
bouring points, therefore only the gray tones from the neighbourhood are able to miginfgost function).
This increases the computational efficiency of the presented algorithm.
The colour version of our algorithm is very similar. At the beginning we applied the gray scale filter sepa-
rately for each of the RGB channels, and then the more efficient vector version of our filter was implemented.
The statistical sun¥ (7, j) and the filter outpuB* (i, j) are as follows

) =Y exp{—B|B(,3) — B(k, 1)} (27)
(k,0)~(4,5)
1 1
B* (i,j) = arg max { Z Z exp (=0 [|B(i +u,j+v)—0O|), |u| + |v| # 0} (28)
u=—1v=-1
where "|-||” denotes
1xij — xppll = (I (4,5) —r (B, 0|+ g (¢,7) — g (k, )| +[b(4,5) — b(k,1)]) (29)
or
||Xi,j - Xk;,l“ = \/[T(la]) - T(kal)P + [9(27.7) - g(kal)P + [b(@,j) - b(kal)P (30)

The gray scale algorithm presented in this paper can be seen as a modification and improvement of the com-
monly used median filter. Although, there exists a lot of different kinds of filters, which seek to overcome the
drawbacks of the median, the novel approach seems to be interesting as the filter is not invasive, in the sense
that it does not destroy unnecessarily the structure of the image as the median and its derivatives do.

This effect is shown in Fig. 1, where the non invasive nature of the presented algorithm can be clearly seen,
when compared with the median filter. The noise to signal ratios computed as

2552
> [T, ) — B(i,5)]?

%)

SNR = 10log, (31)




(T is the reconstructed image aBds the original test image) weteN R = 27.93 dB for the new method and
SN R = 25.77 for the median. The slight increase of tB& R is however quite visible to human observer.
Satisfying results has been also achieved, when using the described procedure for the filtering of noisy
colour images. Results achieved for colour images prove the superiority of the vector filtering approach. As
expected, after filtration performed separately on each of the RGB channels, colour shifts in some regions of
the image were observed.
The performance of the colour version of the new filter is depicted in figures 2 and 3. Examples of the
performance of the colour version of the new noise reduction filter can be evaluated visiting our web page at
address: http://plum.ia.polsl.gliwice.plmarek

References

[1] Jain A. : Fundamentals of Digital Image Processing, Prentice Hall, 1989

[2] Castleman K.R.: Digital Image Processing, Prentice Hall, 1996

[3] Gonzalez R.C. Woods R.E: Digital Image Processing, Addison-Wesley, Reading MA, 1992
[4] Pratt W. : Digital Image Processing, New York, John Willey & Sons 1991

[5] Yaroslavsky L. Murray E. : Fundamentals of Digital Optics, Birkluser, Boston, 1996

[6] Zamperoni P.: Methoden der digitalen Bildsignalverarbeitung, Vieweg, Braunschweig, 1991

[7] Klette R. Zamperoni P. : Handbuch der Operatorenrfdie Bildverarbeitung, Vieweg Verlag, Braunschweig, Wiesbaden,
1992

[8] ScherA. DiasV. Rosenfeld F.R: Some new image smoothing techniques, IEEE Trans. on SM(,53-158, March 1980

[9] Wang D. Vagnucci A.H. LiC.C.: Gradient inverse smoothing scheme and the evaluation of its performance, Computer
Graphics & Image Processing5, 167-181, 1981

[10] Lee J.S.: Digital image enhancement and noise filtering by use of local statistics, RAMIS5 -168, 1980
[11] Wang D. Wang Q.: A weighted averaging method for image smoothing, Proceedings of the 8th. ICPR, 981-983, Paris, 1988

[12] Smith S.M. Brady J.M. : SUSAN - a new approach to low level image processing, Int. Journal of Computer \28idh,45
-78, 1997

[13] Lee J.S.: Digital image smoothing and the sigma filter, Computer Vision Graphics and Image Proc@ds2if - 269, 1983
[14] Lohmann G.: Volumetric Image Analysis, John Wiley and Teubner, 1988

[15] Komen E.R. Low-level Image Architectures, compared for some recursive neighbourhood operations, PhD Thesis, Technical
University Delft, Cip-Data Koninklijke Bibliothek, Den Haag, 1990

[16] Wang D. Wang Q.: On the max/median filter, IEEE Trans., Vol. aSSP -38, p. 1473-1475, Aug.1990
[17] Arce G.R., McLoughlin M.P. Theoretical analysis of the max/min filter, IEEE Trans. VBER-35,60-69, Jat987
[18] Brownrigg D.R.K. The weighted median filter, Commun. ACM, \ol. 27, 807-818, 1984

[19] Asano A. Itoh K. Ichioka Y. RONDO: rank-order based nonlinear diffrential operator, Pattern Recognition, Vol. 25, No. 9,
1043-1059, 1992

[20] Harvey N. R. Marshall S. Optimisation of rank-order morphological filters using genetic algorithms, Proceedings of the
Summer School on Morphological Image and Signal Processing, Zakopane, Poland, 27-30 Sept., 1995

[21] Itoh K. IchiokaY. MinamiT. Nearest-neighbour median filter, Applied Opti2g, 3445-3450, 1988

[22] CaiY.L. Chen C.S. An edge preserving smoothing filter based on the robust estimate, Proceedings of the 8th ICPR Con-
ference, Paris, 206-208, 1986

[23] AstolaJ. Haavisto P.Neuvo Y: Detail preserving monochrome and colour image enhancement algorithms, in "From Pixels
to Features”, Elsevier Science Publishers, 1989

[24] AstolaJ. Haavisto P. Neuovo Y.Vector median filters, IEEE Proceedings Vol. 78, pp. 678-689, April 1990
[25] Sangwine S.J. Horne R.E.N: The Colour Image Processing Handbook, Chapman & Hall, 1998

[26] Bartkowiak M., Domanski M. Vector Median Filters for Processing of Color Images in Various Color Spaces, Proceedings
of the 5th International Conference on Image Processing and Its Applications, Edinburgh 1995

[27] Pitas I. Tsakalides K. Multivariate ordering in color image restoration, IEEE Trans. on Circuits and Systems for Video Tech-
nology, Vol. 1, pp. 247-260, Sept., 1991



]

N S N e

u

| ; !
o T T __:!, =]

TN EY:

Figure 1:Comparison of the efficiency of the median and the new algorithm when applied on the noisy testopéeft) BRIDGE

top right) image distorted by 10 % impulse "salt & pepper” noise, below the filtration using the new method in comparison with the
3x median (2 iterations), below all pixels whose gray scale values were changed when applying both filters on test image are marked
black, the pixels with unchanged values after filtration are white.
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Figure 2: Comparison of the effect of the median and the new filter when applied on the noisy test ahaggt.imageb) image
distorted by 20 % impulse "salt & pepper” noise added to each RGB chamjelsisy image filtered with the new method (ordinary
RGB algorithm,3 = 2, 4 iterations)d) noisy image filtered witl3 x 3 median - 3 iterationsg) all pixels whose colour values were
changed by our filter when applied on the test imapare marked black, the pixels with unchanged values after filtration are ihite,

the same when applying the median filtering of the original imgge
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Figure 3: Comparison of the effect of the median and the proposed filter when applied on the noisy testdjrtage.
biological imagep) image distorted by 10 % impulse "salt & pepper” noise added to each RGB chagymelssy image
filtered with the new method (vector algorithii,= 2, 3 iterations),d) noisy image filtered with th8 x 3 median -
3 iterationsg) all pixels whose colour values were changed by our filter when applied on the testanagemarked
black, the pixels with unchanged values after filtration are wiijtthe same when applying the median filtering of the

original imagea).



