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[Abstract]

Noises are usually generated by various external causes and low quality devices in image data acquisition and recording as well
as by channel interference in image transmission. Since these noise signals result in the loss of information, subsequent image
processing is subject to the corruption of the original image. In general, image processing is performed in the mixed noise
environment where common types of noise, known to be Gaussian and impulse, are present. This study proposes an iterative
weighted mean filter for reducing mixed type of noise. Impulse noise pixels are first turned off in the input image, then 3x3
sliding window regions are processed by replacing center pixel with the result of weighted mean mask operation. This filtering
processes are iterated until all the impulse noise pixels are replaced. Applied to images corrupted by Gaussian noise with o =10
and different levels of impulse noise, the proposed filtering method improved the PSNR by up to 12.98 dB, 1.97 dB, 1.97 dB
respectively, compared to SAWF, AWMF, MMF when impulse noise desities are less than 60%.
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Fig. 1. Filter mask A(i,7)
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Algorithm IWMF

Input : Noisy input image /
Output : Filtered output image O

Initialize : W < Weights given in (Fig. 2)
k<0
LT
f;, < False

Do while f, =False

1. B, <—Binary impulse noise mask
2. E, < Effective image given in Eq. (6)

For each pixel (i,j) of £, do

3.If B(3,5)=1 or k = 0, then
1) s,,(i,j) <33 sliding window region in £,
2) m,,(i,7) < Filter mask given in Eq. (7)
3) ﬁ ('7 j) < Filter coefficients given in Eq. (9)
4) 0 thq irj)s pq(l 7)

4. Otherwise, Ok( ,]) — E(i,7)
5. If B, is zero matrix, then
1) O< O, and f; ., < True
) k<—k+1
6. Otherwise
D fpy <= O,
2 k<—k+1
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1. 7HRAle B MY EA
Table 1. Gaussian noise reduction

Standard deviation {7 of Gaussian noiss
ESNE — == —
5 10 15 20 25 30 35 40 45
Iput |34.18 2813 2468 2218 20:34 18.79 17:45% 1646 1550
GE 28.38 2797 27.38 26.59 25.87 25.03 24.28 23.58 22.92
ME 3151 3011 IE.E" 0 28 475 2368 2238 21388
SAWE |26.14 2595 2552 2485 2445 2374 23.17 22.62 2193
AWME |28.35 2601 2 55 18.61 17.48 1858 1576
MMF 26836 2 71 h 18 66 1752 1662 1578
TWME L e R i 24,18 23.38 22684 21.7%
cem Standard dewviation () of Gauesian noise
ben oo
5 10 15 20 25 30 35 40 5
Input | .88 065 055 044 037 032 028 024 o022
GE 085 025 080 074 069 063 058 054 OFD
ME 0.90 085 078 070 064 OB 052 049 Q44
SAWE | 0:28 0981 072 072 067 061 056 051 047
AWME| ©.B7 08B 054 044 037 031 027 024 021
MMF .87 083 054 044 037 031 O 024 o021
WME | 081 Q.87 0.21 074 063 062 057 052 048
CEU Stendard deviation [ &) of Geussian noiss
Time 5 10 15 20 25 30 36 40 45
SAWE | 133 126 123 126 126 126 128 128 129
AWME| 023 008 008 009 011 018 0.17 0.20 0.25
MMF 014 014 016 916 016 023 016 B.16 0.18
IWKE | 0.48 Q48 048 047 048 058 047 048 (.48
32z T T T T T T T
A
——oGF
soF i —a—MF |
. S SAWF

'
5 10 15 20 25 30

35

Standard deviation of Gaussian noise

S8IM
=
(=

——aF
—a— MF

SAWF

—&— AWMF

0.2 L L L I L
5 10 15 20 25 30

35

Standard deviation of Gaussian noise

a8 3. 7FAIeH e Mz &4
Fig. 3. Gaussian noise reduction
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E 2. 4B~ B3 NY 54

Table 2. Impulse

noise reduction

Impulee noize density (%)
ESNR
18 20 30 47 50 ] 70 20 o0
mput - |15:01 1213 1028 B05 805 7.25 B57 605 554
GE 2158 1814 1713 1567 14.55 13 12.42
ME 25.89 2386 2063 17.22 14.28 1l. 9.23
SAWE | 2457 2388 2240 2086 1561 17. 1560
AWME (3444 3160 2870 28.03 2B.68 25 23.88
MMF |34.44 3160 2569 2802 26.68 25 23.92
IWME |27.40 27.16 2683 26.28 25.67 24 23711
[mpulee noize density (%)
SEd =
10 20 30 45 50 &0 70 20 50
Input | 9.23° 0.14 005 Q.08 003 0402 002 Q01
GE 0.30. 0. a.18 0.11 0. 0.
ME 0. & 043 012 O D
SAWE 0. O 0.45 0.27 0. O
AWME Q. o. 0.93 087 0. 0.
hMME 0. 0. 0.93 0.87 0. Q.
TWME 0.89 D88 0.87 0B84 0Bl O
CPU Impulse noise denaty (%)
Time | 1p 20 30 40 5 8 70 80 o
cawE | 131 147 145 144 147 151 180 153
AWME| 038 055 125 151 183 295 282 3.35
MMF 017 033 036 042 048 053 086
WME | ©.48 066 053 0K 062 062 073 0.87
3 : . . : ‘ : ‘
o
al 1
i -
g S
g eof 4
172
o
15 = 1
—A—NF
SAWF B TRy
10F | —&— AWNF Sy E
—— MMF B o
MMF s
01 02 03 04 05 06 07 0B 09

Impulse noise density

S8IM

D4
Impulse noise density

05 06

JF 4. YBA TS HY S

Fig. 4. Impulse noise reduction
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E 3 ==

Table 3. Mixed noise reduction

e Md 54

— Gaussian noise (¢ =10) & Impulse noise density (%)
o 10 20 30 40 50 60 70 80 80
14.83 10.55 8.04 B.53 589 523 5.08 500 4.99
22.44 17.87 14.58 12.38 11.11 10.44 10.27 10.09 10.08
28.86 23.03 14.79 9.47 6.83 561 524 503 5.00
26.47 23.87 20.49 16.10 11.48 8.21 6.70 6.16 6.04
27,81 27.81 27.07 25,45 23.37 21.20 18.35 1546 7,55
27.81 27.81 27.08 25.47 23.41 21.18 18.33 15.54 10.41
29.88 20.27 27.80 2576 23.47 21.19 18.32 15.54 10.41
i Gaussian noise (¢=10) & Impulse noise density (%)
T | 1o 20 30 4 0 8 70 80 90
Input 0.18 0.07 0.03 0.02 001 0.00 000 0.00 0.00
GF 0.44 0.24 0.14 0.089 005 0.04 0.04 0.03 0.03
MF 0.76 0.1 0.22 0.06 0.02 0.01 001 0.00 0.00
SAWF | 0.62 051 0.35 0.20 0.08 0.05 0.02 0.01 0.00
AWMF| 0.85 0858 0.66 0.83 0556 0.50 0.45 042 0.13
MMF 0.65 0.66 0.66 0.63 056 050 045 042 0.38
IWMF | 0.84 0.81 076 0.67 057 0.50 0.45 042 0.39
CPU Gaussian noise (¢=10) & Impulse noise density (%)
Time | 19 90 30 40 50 60 70 80 90
SAWF | 1.36 1.42 148 1.47 147 1.36 1.31 1.31 1.28
AWMF| 037 080 154 2,18 283 365 534 0.66 18.92
MMF 0.17 031 039 058 070 1.06 1.84 3.34 953
IWME | 0.48 055 058 070 0.76 1.05 1.89 3.40 9.82
30 : . :
t ——oF
— & MF
25 SAWF | |
—6— AWMF
e MME
o WME
Z 15 e 1
w
a
10 S —
5| - S 4
0 . \ , , . , \
01 0z 03 04 05 08 07 08 09
Impulse noise density
09 T T . T
——o0F
0.8 —— MF 1
\ SAWE
o7k \\ —&— AWMF |
N —& s —— MME
Hah 3 8. ME
. \\ S
s 05 \ e .
@ \ G
Dpap
03f \\_ |
02r &
oA 1
— o ——
a . L L e R — —
0.1 02 03 04 05 08 07 08 09
Impulse noise density
a8 5. =3 T2 MY 54
Fig. 5. Mixed noise reduction
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