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Texture Synthesis Based Adaptive Median Filter

Abdul Rasak Zubair

Abstract— Spatial filters suppress noise in an image by making each pixel’'s intensity roughly consistent with those of its nearest
neighbours. Median Filter (MF) is an example of spatial filters which replaces each pixel with the median of its nearest neighbours. MF
suppresses noise in any pixel which is affected by noise during image acquisition. However, MF adds noise to noise free pixels. An
adaptive median filtering scheme which implements median filtering process only on pixels which are detected to be noisy is therefore
desirable. An existing Noise Adaptive Fuzzy Switching Median Filter (NAFSMF) with two noise detection stages, two filtering stages and six
fuzzy tuning parameters is somehow complex. A Texture Synthesis Based Adaptive Median Filter (TSBAMF) with a single tuning parameter
is proposed. TSBAMF compares the actual intensity of each pixel with its texture synthesis’ predicted intensity which is based on its
nearest neighbours; the pixel is detected to be noisy if the absolute difference between the two values is greater than a tuning parameter.
TSBAMF applies median filtering to only pixels detected to be noisy. For Salt and Pepper Noise (SPN) and Random Valued Impulse Noise
(RVIN), TSBAMF is found to offer better image filtering/restoration and better visual quality compared with both MF and NAFSMF. TSBAMF
satisfactorily restore corrupted images with improved Peak Signal to Noise Ratio (PSNR) and high Gain for noise densities up to 90%.

Index Terms— Adaptive Median Filter, Gain, Median Filter, Noise, Noise density, Peak Signal to Noise Ratio, Pixel's Neighbours, Texture

Synthesis.

1 INTRODUCTION

PATIAL filters are used to suppress various types of noise

in digital images [1], [2], [3], [4], [5], [6]. Like other types of

signals, an acquired image g(m,n) usually contains
departures from the ideal or true image f(mmn). Such
departures are referred to as noise [3], [7], [8]. Noise n(m,n) is
added to the true image during image acquisition as
illustrated in Fig. 1 and (1) [1], [7], [8]. Examples of sources of
noise are variations in the detector sensitivity, environmental
variations, discrete nature of radiation, transmission or
quantization errors. There are many types of noise. Impulse
noise is considered in this work. Impulse noise can be
classified mainly in two categories; Salt and Pepper Noise
(SPN) [9] and Random Valued Impulse Noise (RVIN) [10].

g(m,n) = f(m,n)+n(m,n) (1)
n(m,n)
f(on, ) g(m.n)
true image acquired image
(corrupted image)
Fig. 1. Model of Image Acquisition.

Spatial filtering deduce an estimate f.(m,n) of the true image
from the acquired image g(mmn) with the aid of convolution. A
function of values of g in a predefined neighborhood of (m,n) is
used to determine the value of f. at (m,n) as described in (2) [1],

(2], [7], 8]
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Jo(m,n) = g(m,n) ® h(m,n) @)

The filter function h(m,n) is known as the kernel. The
kernel is usually a square matrix with size 3 by 3 or 5 by 5 or 7
by 7 or 9 by 9. 3 by 3 is preferred as larger kernel sizes result in
blurring [11]. Among the different types of kernel, Median
Filter (MF) kernel is adjudged to be the best as it has high
noise suppression capability and high computation efficiency
[71, [8], [11].

Spatial filtering is referred to as local processing because it
makes each pixel’s intensity roughly consistent with those of
its nearest neighbours. This process is applied to every pixel in
the image. Spatial filtering suppresses noise in any pixel which
is affected by noise during image acquisition. However,
spatial filtering adds noise to noise free pixels. An adaptive
spatial filtering scheme which implement spatial filtering
process only on pixels which are detected to be noisy is
therefore desirable.

In [12], Govindan and Saravanakumar proposed Noise
Adaptive Fuzzy Switching Median Filter (NAFSMF) which
involves two noise detection stages and two filtering stages.
The first noise detection stage involves comparing each pixel
with its 120 nearest neighbours within an 11 by 11 window
neighbourhood with the aid of three fuzzy tuning parameters.
Second noise detection stage involves comparing each pixel
with its 24 nearest neighbours within a 5 by 5 window
neighbourhood with the aid of another set of three fuzzy
tuning parameters. First filtering stage involves window
neighbourhood ranging from 3 by 3 to 9 by 9 while second
filtering stage involves a 5 by 5 window neighbourhood.
NAFSMF is rather complex.

In this work, Texture Synthesis Based Adaptive Median
Filter (TSBAMEF) is proposed. A texture synthesis method
starts from a sample image and attempts to produce a texture
with a visual appearance similar to that sample [13], [14], [15].
Potential applications of texture synthesis include occlusion
fill-in, inpainting, and compression.
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In this proposed method, noise detection stage involves an
11 by 11 window neighbourhood and the noise suppression
stage is limited to a 3 by 3 window neighbourhood. In the
detection stage, each pixel intensity I, is noted. Texture
Synthesis predicts Iis as the intensity of the pixel based on
information from 40 of its nearest neighbours within an 11 by
11 window neighbourhood. If the absolute difference between
I, and I is greater than a tuning parameter cc, the pixel is
considered to be noisy. In the filtering stage, only pixels which
are found to be noisy are replaced by the median of its nearest
neighbours within a 3 by 3 window neighbourhood. For high
density noisy images, the process is repeated once or twice.

Test images [16] are corrupted with varying densities (d) of
Salt and Pepper Noise (SPN) and Random Valued Impulse
Noise (RVIN) [11]. These test images are filtered with the
proposed TSBAMF. TSBAMF is compared with MF [11] and
NAFSMF [12].

2 Texture Synthesis Based Adaptive Median
Filter (TSBAMF)

2.1 First Stage: Texture Synthesis based Noise
Detection

Each of the colour components of every pixel in the input
image g is checked for noise presence. Input noisy image g is
an M by N by 3 matrix (3D) which is like three M by N
matrices (2D). These three 2D matrices are scanned for noise
presence one after the other. A texture synthesis method
developed in [17] is adapted for noise detection.

Fig. 2 illustrates the texture synthesis method. The current
pixel being scanned for noise is labelled as p and is painted
blue. It’s at location (m,n) and its actual intensity value in g is
I,. The goal of texture synthesis is to guess or predict a value I
of the pixel p based on the intensities of its neighbours. The
intensity of a pixel is usually close to the intensities of its
neighbours except at edges.

An 11 by 11 window neighbourhood is selected with p at
the center as shown in Fig. 2(a). Eight directions are selected: 0
=00, 45°,90°, 135 ¢, 180 °, 225 ©, 270 °, and 315 °. These are
vertical, horizontal and diagonal directions. Five neighbouring
pixels nbpl, nbp2, nbp3, nbp4 and nbp5 are selected along
each direction 6; nbpl being the closest neighbour to p as
illustrated in Fig. 2(b). I1, I, I5, Iy, and Is are the intensities of the
five neighbouring pixels respectively.

Colours are treated as fluid that flow or diffuse from the
neighbouring pixels to the pixel of interest along a direction 0:
starting from nbpb through nbp4, through nbp3, through nbp2
and through nbpl to give Iy at p. Ls is the weighted average of
the I’s in the eight directions. Only 40 neighbouring pixels
along the selected directions out of 120 neighbouring pixels
participate in the texture synthesis process. The addresses of
the 40 participating neighbouring pixels relative to the
location (m,n) of p are listed in Table 1.

The pattern of flow along each direction is studied and
limiting factor If and weight wg are applied to obtain the
contribution of the directional flow to the pixel being
synthesised. If and wg are determined based on Fig. 2(b)
which shows the neighbouring pixels along a direction. Four

different cases are identified.

135° 90¢ 450
N, | e
180¢ oo
225 2700 315

(a) 11 by 11 window neighbourhood

nbp5 nbpd nbp3 nbp2 nbpl plm.n)
o o
Is Iy I3 Iz I Io
dl: dls dle dly dl
(Is-1y) (Ia-Is) (I3-I) I2-T1) T1-Io)

(b) Five participating neighbouring pixels along a direction 8 and
the pixel p(m,n) under consideration

Fig. 2. Texture Synthesis.

Key

- plm.n) is the pixel under consideration

D Neighbouring pixel which participates in texture synthesis

|:’ Neighbouring Pixel which does not participate in Texture Synthesis

I, is the actual intensity of pin g.

lp is the intensity at p contributed by neighbouring pixels along a
direction 6.

Is is the texture synthesis predicted intensity of p. | is the
weighted average of Iy’s in the eight directions.

211 Case1:112122132142150r1<12<13<14<15
(Continuous Trend I5 to 11)

The average of dl., dlq and dl. should give dl, if the flow is

dl,+dl,+dI,

effective. However, dI, = . The ratio of dI, to

the average of dl., dlgand dl. is termed limiting factor which is

1
givenas If = —2— and is used to determine dI, as
bav
ifdl,+dl, +dl +dl
d]a — f( e d c b) (3)
4
dl, is subject to some limit.
Ifdl.<ck, wg =4, 1,=1-dl,. @)
Ifdl.>ck wg =1, I, =1,. ()

where ck is a limiting constant. Optimum value of ck has been
obtained as 4 in [17].
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TABLE 1
NEIGHBOURING CONTRIBUTING PIXELS ALONG EIGHT DIFFERENT
DIRECTIONS OF FLow

. Directions (0)
Pixel Name 00 250 900 1350
p (m,n) (m,n) (m,n) (m,n)
nbpl (m,n+1) [ (m-1,n+l) | (m-1,n) (m-1,n-1)
nbp2 (m,n+2) [ (m-2,n+2) | (m-2,n) | (m-2,n-2)
nbp3 (m,n+3) | (m-3,n+3) | (m-3,n) (m-3,n-3)
nbp4 (m,n+4) | (m-4,n+4) | (m-4,n) | (m-4,n-4)
nbp5 (m, n+5) | (m-5,n+5) | (m-5,n) (m-5,n-5)
. Directions (0)
Pixel Name 180° 225° 270° 315°
P (m,n) (m,n) (m,n) (m,n)
nbpl (m,n-1) | (m+1,n-1) | (m+1,n) | (m+1,n+1)
nbp2 (m,n-2) | (m+2,n-2) | (mM+2,n) | (m+2,n+2)
nbp3 (m,n-3) | m+3,n-3) | (mMm+3,n) | (m+3,n+3)
nbp4 (m,n-4) | (m+4,n-4) | (m+4,n) | (m+4,n+4)
nbp5 (m,n-5) | (m+5,n-5)| (m+5,n) | (m+5,n+5)

21.2Case2:11212213214<150r11<12<1I3<14> 15
(Continuous Trend 14 to 11 only)

I5 is neglected. The average of dlqand dl. should give dl, if the

_dl, +dl,

flow is effective. However, dI, = . The ratio of dly

to the average of dlqand dl. is termed limiting factor which is

1
givenas If = —2— and is used to determine dI, as

bav
ar ;116 +dl,) 9
dl, is subject to some limit.
Ifdl.<ck, wg=3,1,=1—dlI,. )
Ifdl.>ck wg =1, I, =1,. (8)

21.3Case3:11212213<l40r1<12<13> 14
(Continuous Trend I3 to |1 only)

Is and I are neglected. dI. should should be equal to dIy if the
flow is effective. However, this may not be the case. The ratio
of dly to dl. is termed limiting factor which is given as

dl,

[f =—= and is used to determine dI, as

c

_Ifdl, +dl,)
“ 2

dl, is subject to some limit.

dl ©)

214 Case3:11212<I13 or 1 <12 > I3 (Continuous
Trend 12 to 11 only)

I5, Iyand I; are neglected.

Wg:l’]():[l_ (12)

2.1.5 Averaging and Noise Detection Verdict

Ip and wg for the eight directions are determined. The texture
synthesis predicted intensity Is of the pixel p under
consideration is obtained as the weighted average of the I¢’s in
the eight directions as in (13). Iis is then compared with I, and
an indicator s is set to 0 or 1 as in (14). If the absolute
difference between Is and I, is greater than a tuning parameter
cc, p is considered to be noisy and s is set to 1. Otherwise, p is
considered to be noise free and s is set to 0. After some trials,
tuning parameter cc=20 is found to be suitable.

6=315°

> wg(0)1,()

— _0=0°
L= 0=315° (13)

> wg(6)

09=0°

0 if

I - Ip‘ <cc
s = (14)

1 af

I -Ip‘ =cc

Percentage noisy pixels detected is given as dd and is
obtained as in (15). dd can then be compared to the known
actual percentage noise density d of the noisy image g. d may
not be known. dd may not be exactly equal to d as its possible
that some noisy pixels are not detected and some noise free
pixels are erroneously detected as noisy.

dd — Number of Detec;iiIIN Noisy Pixels x 100 % (5)

2.2 Second Stage: Noise Suppression

Each colour component of the filtered image f.(mmn) is
obtained from the corresponding colour component of g(m,n)
and s(m,n) as in (16). For detected noisy pixel (s=1), median of
the values of g in a 3 by 3 window neighbourhood of (m,n) is
used as the value of f. at (m,n). Any noiseless pixel (s=0) in g is
simply copied into f.. This is an adaptive median filter as the
filtering is applied to only detected noisy pixels. The complete
TSBAMF scheme is first stage and second stage.

median of intensities in 3 by 3 window

neighbouhood of g(m,n) if s(m,n) =1

f.(m.n) = (16)

g(m,n) if s(m,n)=0

2.3 Two or Three Iterations for High Noise Density
Input Images

For high noise densities, percentage noisy pixels detected (dd)

may be far less than the actual noise density (d) in g. The

ifdlsck, wg =2, [, =1, —dI,. (10) reality is that the possible presence of noise in some of the
If dl, > ck, wg = 1,1 0= I 1 (11) neighbouring pixels along the eight directions may affect noise
detection capability. It’s, therefore, recommended to repeat the
complete TSBAMF scheme once or twice with cc=15 for input
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images with high noise densities.

fe after the first TSBAMF scheme (1 iteration with cc = 20)
is re-sent as input image g and the complete TSBAMF scheme
is repeated with cc = 15 (2nd iteration). f. after the second
TSBAMF scheme is re-sent as input image g and the complete
TSBAMF scheme is repeated with cc=15 (3" iteration). The
percentage noisy pixels detected (dd) after the 2nd jteration is
the cumulative dd for 1%t and 2nd iterations. Similarly, the
percentage noisy pixels detected (dd) after the 3t iteration is
the cumulative dd for 1¢, 2nd and 34 iterations.

2.4 Performance Metrics

The Peak Signal to Noise Ratio (PSNR) is a measure of the
degree of corruption or degradation of an image with noise
or/and blurring [8], [11], [18]. Equation (17) evaluates PSNRc
which compares the corrupted input image g with the true
image f. Equation (18) evaluates PSNRr which compares the
filtered or recovered image f. with the true image f.
Subtracting PSNRc from PSNRr gives the Gain of the filter as
in (19). Higher Gain indicates a higher degree of noise
suppression by the filter. A negative Gain indicates that the
filter adds more noise to the corrupted image instead of
suppressing the noise in the image.

2557 17

PSNRc =10 10g10 1 M N 3 ( )2 ( )

_ g(m,n,t)—f(man»t) :|

| 22

2

PSNRr =10log,,| — — 255 \

1 f.(m,n,0)— f(m,n,t) 2}

|22 )
Gain= PSNRr— PSNRc (19)

3 RESULTS AND DISCUSSIONS

3.1 Five Test Images

Five test images [16] are selected to study the performance of
the Texture Synthesis Based Adaptive Median Filter
(TSBAMF). The test images are corrupted with Salt and
Pepper Noise (SPN) or Random Valued Impulse Noise (RVIN)
with noise densities 5%, 10%, 15%, 20%, 40%, 50%, 60%, 70%
and 90% [11].

3.2 TSBAMF Results

The corrupted images were supplied to the TSBAMEF as inputs
one after the other. Three iterations were done for each test
image. The results are summarised in Table 2 for SPN
corrupted images and Table 3 for RVIN corrupted images. The
actual noise density (d), the detected noise density (dd),
PSNRc of corrupted image, PSNRr of the filtered image and
filtering Gain are recorded in the Tables 2 and 3.

For lower actual noise densities d, detected noise density
dd is usually greater than actual noise density d. For higher
actual noise densities d, detected noise density dd is usually
less than actual noise density d. As expected, cumulative
detected noise density dd after 3t iteration is greater than dd

after 2nd jteration which in turn is greater than dd after 1st
iteration.

For illustration, consider test image Lena corrupted with
SPN with d=90% in Table 2. dd = 55.95% of all the pixels were
detected to be noisy and filtered during the 1 iteration with
Gain = 14.95 dB. For 2nd iteration, dd=62.27% which means
that additional 6.32% (62.27%-55.95%) of all the pixels were
detected to be noisy and filtered during the 274 iteration and
the Gain improved to 20.00 dB. For 3 iteration, dd=65.67%
which means that additional 3.40% (65.67%-62.27%) of all the
pixels were detected to be noisy and filtered during the 3
iteration and the Gain improved to 20.41 dB. This same trend
is observed for other test images corrupted with SPN and
RVIN and with various values of d in Tables 2 and 3
respectively. Tables 4 and 5 show some test images, corrupted
test images and filtered images after 1%, 2nd and 34 iterations
for SPN and RVIN respectively.

For lower actual noise densities d, 1st iteration alone is
sufficient and it gives the final TSBAMEF results; highlighted
with blue colour in Tables 2 and 3. 24 and 34 iterations are not
useful as both PSNRr and Gain decreased; highlighted with
yellow colour.

For medium actual noise densities d, 1st iteration alone is
not sufficient; highlighted with pink colour in Tables 2 and 3.
2nd jteration is sufficient and it gives the final TSBAMF results;
highlighted with blue colour. 3 iteration is not useful as both
PSNRr and Gain decreased; highlighted with yellow colour.

For higher actual noise densities d, 15t and 2d iterations are
not sufficient; highlighted with pink colour in Tables 2 and 3.
3rd jteration is sufficient and it gives the final TSBAMF results;
highlighted with blue colour.

If going to the next iteration leads to reduction in PSNRr
and Gain, then the current iteration is sufficient and the next
iteration is neither necessary nor useful.

3.3 Comparison of TSBAMF Results with MF Results.
For the five test images, the final TSBAMF results (highlighted
with blue colour) extracted for SPN and RVIN from Tables 2
and 3 respectively are compared with MF results for SPN and
RVIN extracted from Tables 1 and 4 of [11] respectively as
presented in Fig. 3. TSBAMF is found to give higher PSNRr
and Gain in all cases compared with MF.

The following three limitations of MF were recorded in
[11]. For both SPN and RVIN, MF Gain increases with noise
density d up to 40% and then reduces with further increase in
noise density. Median filtering of RVIN corrupted images is
satisfactory for noise densities up to the maximum of 40%.
Median filtering of SPN corrupted images is found satisfactory
for noise densities up to the maximum of 60%. TSBAMF is free
of these three limitations. The Gain of TSBAMF increases with
noise density d up to 90% as shown in Fig. 3. Filtering by
TSBAMEF is found satisfactory up to 90% noise density for both
SPN and RVIN corrupted images. This is illustrated in Table 6
which shows the appearance of some of the filtered images for
both TSBAMF and MF. TSBAMF gives better image
restoration and better visual quality compared with MF. Both
TSBAMF and MF give higher Gain for SPN restoration
compared with RVIN restoration.
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TABLE 2
TSBAMF RESULTS FOR SPN CORRUPTED IMAGES

d% 5 10 15 20 40 50 60 70 90
Test Image PSNRc (dB) | 22.99 | 20.03 | 18.30 | 17.07 | 1422 | 13.33 | 1259 | 11.99 | 11.05
ot |dd% 652 | 1021 | 13.88 | 17.48 | 30.82 | 36.81 | 42.31 | 47.38 | 55.95
seration [PSNRI(dB) | 38.99 | 38.00 | 37.18 | 3647 | 33.80 | 32.35 | 30.71 | 29.03 | 26.00
Gain (dB) 16.00 | 17.97 | 18.88 | 1940 | 1958 | 19.01 | 18.12 | 17.04 | 14.95
ood |9d % 1094 | 1455 | 18.16 | 21.78 | 35.14 | 41.26 | 47.01 | 52.50 | 6227
teration |PSNRr(dB) | 37.30 | 3668 | 36.09 | 3668 | 34.12 | 33.43 | 3283 | 3220 | 31.05
Gain (dB) 1431 | 16.65 | 17.79 | 19.60 | 19.90 | 20.10 | 20.24 | 20.21 | 20.00
Lera ord |9 % 14.09 | 17.66 | 21.24 | 24.87 | 3823 | 44.38 | 50.15 | 55.77 | 65.67
teration |[PSNRY (dB) | 36.81 | 36.25 | 3574 | 36.25 | 33.92 | 33.30 | 32.79 | 3224 | 3145
Gain (dB) 15.82 | 1623 | 17.44 | 19.18 | 19.70 | 19.97 | 20.20 | 20.25 | 2041
a% 5 10 15 20 20 50 60 70 90
Test Image PSNRc (dB) | 22.80 | 19.77 | 18.03 | 16.84 | 1397 | 13.07 | 1236 | 11.74 | 10.79
o |99% 820 | 12.29 | 16.17 | 19.76 | 33.01 | 38.70 | 44.02 | 48.86 | 56.99
" |PSNRr(dB) | 30.64 | 30.53 | 30.49 | 30.20 | 2938 | 28.72 | 27.92 | 27.01 | 24.64
lteration e (@8) 783 | 1076 | 1246 | 1336 | 1542 | 1565 | 1556 | 1527 | 13.85
g |94% 13.40 | 17.34 | 21.14 | 24.62 | 37.81 | 43.55 | 49.08 | 54.24 | 6353
~©" |PSNRr(dB) | 3025 | 30.09 | 29.97 | 29.82 | 29.35 | 29.06 | 28.87 | 28.65 | 28.02
fteration = dB) 744 | 1032 | 1194 | 1297 | 1538 | 15.98 | 1651 | 16.90 | 17.23
Pepper g [99% 16.65 | 2054 | 2429 | 27.75 | 40.93 | 46.70 | 52.25 | 57.48 | 6691
7" |PSNRr(dB) | 30.16 | 30.01 | 29.88 | 29.74 | 29.26 | 28.99 | 28.83 | 28.60 | 28.17
lteration = (dB) 735 | 1024 | 11.85 | 12.90 | 1529 | 15.92 | 1647 | 16.85 | 17.38
d% 5 10 15 20 40 50 60 70 90
Test Image PSNRc (dB) | 22.90 | 19.95 | 18.22 | 17.03 | 14.15 | 13.25 | 1253 | 11.93 | 10.97
N CERD 1096 | 14.19 | 17.42 | 2059 | 3297 | 38.72 | 43.95 | 48.87 | 5741
M teratiop, [PSNRI (dB) | 28.39 | 2831 | 2815 | 28.10 | 2731 | 2675 | 2615 | 2541 | 2358
R e Gain (dB) 549 | 836 | 993 | 11.07 | 13.16 | 1350 | 13.61 | 13.48 | 12.61
e g [9d% 2074 | 23.92 | 27.12 | 30.30 | 42.79 | 48.71 | 54.23 | 5954 | 69.41
termtion [PSNEr (dB) | 27.95 | 2782 | 27.68 | 2756 | 27.06 | 26.79 | 2661 | 26.33 | 2581
Gain (dB) 503 | 7.87 | 9.46 | 1053 | 1291 | 13.55 | 14.08 | 14.40 | 14.84
- g |94 % 2874 | 31.81 | 34.98 | 38.14 | 5052 | 56.44 | 62.02 | 67.42 | 77.48
teration [PSNRI(dB) | 27.75 | 2764 | 2751 | 27.38 | 26.89 | 2665 | 2646 | 2621 | 2581
Gain (dB) 484 | 7.69 | 928 | 1036 | 12.74 | 13.40 | 13.92 | 14.28 | 14.84
d% 5 10 15 20 40 50 60 70 90
Test Image PSNRc (dB) | 22.74 | 1978 | 18.01 | 16.81 | 13.97 | 13.06 | 12.35 | 11.74 | 10.79
o [9d% 13.96 | 17.78 | 2151 | 25.04 | 37.62 | 43.08 | 48.04 | 52.61 | 60.19
teraion [PSNR(dB) | 2939 | 2919 | 2889 | 28.68 | 27.66 | 27.07 | 2633 | 2557 | 2348
Gain (dB) 6.66 | 941 | 10.88 | 11.88 | 13.69 | 14.01 | 13.98 | 13.82 | 12.69
P EER 2473 | 2836 | 31.92 | 3534 | 47.65 | 53.15 | 58.26 | 63.13 | 72.01
7 |PSNRr(dB) | 28.62 | 2845 | 28.24 | 28.06 | 27.44 | 27.18 | 26.88 | 26.58 | 2591
Heration Fe i (@B) 588 | 867 | 1022 | 11.26 | 13.47 | 1411 | 1453 | 14.84 | 15.12
Boat g |94% 31.92 | 3544 | 38.91 | 42.33 | 54.44 | 59.90 | 65.03 | 69.93 | 79.02
7 [PSNRr(dB) | 2832 | 28.16 | 27.97 | 27.80 | 2723 | 26.98 | 26.73 | 26.48 | 26.01
fteration F= ) 558 | 838 | 996 | 1099 | 13.26 | 1392 | 1438 | 1473 | 1522
d% 5 10 15 20 40 50 60 70 90
PSNRc (dB) | 23.04 | 20.09 | 18.36 | 17.15 | 14.28 | 13.36 | 12.67 | 12.07 | 11.11
o |99% 30.71 | 3357 | 36.32 | 38.93 | 48.38 | 52.63 | 56.24 | 59.56 | 65.24
" |PSNRr(dB) | 2359 | 23.48 | 23.36 | 23.23 | 22.70 | 22.40 | 22.08 | 21.65 | 20.72
lteration f= " dB) 055 | 339 | 500 | 607 | 841 | 904 | 941 | 957 | 961
g |[9d% 4971 | 52.59 | 55.32 | 57.88 | 67.76 | 72.33 | 76.28 | 80.20 | 87.45
~© |PSNRr(dB) | 23.10 | 22.99 | 22.90 | 22.80 | 2243 | 22.27 | 22.10 | 21.93 | 21.60
Heration [ (dB) 006 | 291 | 454 | 565 | 814 | 891 | 943 | 985 | 1049
dad % 61.25 | 64.05 | 66.68 | 69.16 | 79.00 | 83.61 | 87.65 | 91.76 | 99.39
Baboon 3rd
7" IPSNRr(dB) | 22.87 | 22.77 | 22.69 | 22.60 | 2225 | 22.11 | 21.95 | 21.81 | 2152
lteration F= T (dB) 017 | 268 | 433 | 545 | 797 | 875 | 928 | 973 | 1042
Key: General final TSBAMEF results: This iteration is sufficient
This iteration is not sufficient. This iteration is not necessary
IJSER © 2018
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TABLE 3
TSBAMF REsuULTS FOR RVINN CORRUPTED IMAGES

d% 5 10 15 20 40 50 60 70 90
Test Image PSNRc (dB) | 24.42 | 21.42 | 1972 | 18.49 | 1563 | 14.72 | 14.01 | 13.41 | 12.46
st 9% 6.22 | 971 | 13.14 | 1656 | 29.41 | 3517 | 40.43 | 4520 | 53.54
teration |PSNRr (dB) [739.03 | 37.85 [ 3687 | 36.07 | 3277 | 3089 | 2934 [ 27.57 | 2447
Gain (dB) 14.61 | 16.43 | 17.15 | 17.57 | 17.14 | 1617 | 1533 | 14.16 | 12.02
ond 19d% 10.69 | 14.17 | 17.67 | 21.11 | 34.42 | 40.69 | 4652 | 52.23 | 63.00
| teration IPSNRr(dB) [737.38 [ 3664 | 3605 | 3557 | 33.68 | 3283 | 3200 | 31.18 | 28.99
Gain (dB) 12.96 | 15.22 | 16.33 | 17.07 | 18.05 | 18.12 | 17.99 | 17.77 | 16.54
Lema ad |94% 13.87 | 17.34 | 20.84 | 24.25 | 37.64 | 43.98 | 49.91 | 55.81 | 67.18
teration IPSNRr(dB) [ 3687 [ 3622 | 3569 | 3527 | 33.54 | 3279 | 3209 | 3147 | 29.86
Gain (dB) 12.46 | 14.80 | 15.97 | 16.78 | 17.91 | 18.08 | 18.08 | 18.07 | 17.41
d% 5 10 15 20 40 50 60 70 90
Test Image PSNRc (dB) | 23.46 | 2052 | 18.76 | 17.55 | 14.70 | 13.79 | 13.05 | 12.47 | 11.53
o |99% 818 | 12.12 | 16.05 | 19.82 | 33.34 | 39.33 | 44.73 | 49.28 | 57.31
ceration [PSNRr (9B) [ 30.66 [ 3046 | 3024 | 2999 | 2863 [ 27.73 | 2638 | 2513 | 22,50
Gain (dB) 719 | 9.94 | 11.47 | 12.44 | 13.93 | 13.94 | 13.33 | 12.66 | 11.06
g |99 % 1342 | 17.30 | 21.17 | 24.93 | 38.84 | 4521 | 51.43 | 56.96 | 67.82
cemation PSNRr (dB) | 3026 | 30.11 [ 2993 | 2975 | 29.12 | 2876 [ 2828 [ 27.76 | 2643
Gain (dB) 6.79 | 959 | 11.16 | 12.20 | 14.42 | 14.98 | 1522 | 1529 | 14.89
Pepper P CERE 16.69 | 20.53 | 24.35 | 28.11 | 42.02 | 48.46 | 54.81 | 60.55 | 72.22
7 |PSNRr(dB) | 30.16 | 30.02 | 29.84 | 29.67 | 29.06 | 28.75 | 28.39 | 27.96 | 27.15
tteration r= 9By 670 | 950 | 11.08 | 12.12 | 14.36 | 14.96 | 1533 | 15.50 | 15.62
d% 5 10 15 20 40 50 60 70 90
Test Image PSNRc (dB) | 2550 | 22.52 | 2079 | 19.58 | 16.72 | 15.83 | 15.09 | 14.48 | 13.57
o 19d% 10.18 | 12.74 | 1530 | 17.83 | 27.59 | 32.24 | 36.69 | 40.71 | 47.85
- 7 [PSNRr(dB) | 28.38 | 28.24 | 2812 | 27.94 | 27.03 | 26.48 | 2590 | 25.13 | 23.63
ﬁﬁ —g:' lteration 1=—s " 3B) 287 | 572 | 733 | 836 | 1031 | 10.65 | 10.81 | 10.65 | 10.07
| nd [49% 20.00 | 2254 | 25.12 | 27.69 | 37.73 | 42.69 | 47.49 | 52.11 | 60.62
77 |PSNRr(dB) | 27.95 | 27.82 | 27.69 | 2754 | 26.89 | 26.59 | 26.24 | 25.85 | 25.07
tteration r=—s 3By 244 | 530 | 690 | 7.95 | 1017 | 1076 | 11.15 | 11.36 | 11.51
House g |99 % 28.00 | 30.50 | 33.05 | 35.56 | 45.51 | 50.51 | 55.35 | 60.01 | 68.71
7 |PSNRr(dB) | 2776 | 27.63 | 2751 | 27.37 | 26.75 | 26.46 | 26.12 | 25.77 | 25.14
Tteration r=-s 3By 225 | 511 6.72 778 | 10.02 | 10.63 | 11.04 | 1129 | 11.58
d% 5 10 15 20 40 50 60 70 90
Test Image PSNRc (dB) | 23.85 | 20.98 | 19.18 | 17.95 | 15.11 | 14.21 | 13.50 | 12.89 | 11.94
o |99% 1370 | 17.26 | 20.86 | 24.29 | 36.27 | 41.36 | 4597 | 50.26 | 57.48
7 |PSNRr(dB) | 29.40 | 29.12 | 28.90 | 2855 | 2724 | 26.38 | 25.44 | 2438 | 22.14
lteration [ (dB) 555 | 8.14 | 9.72 | 1060 | 12.12 | 12.16 | 11.93 | 11.49 | 1020
g 94 % 2452 | 27.94 | 31.44 | 34.80 | 46.87 | 52.39 | 57.53 | 62.60 | 72.22
7 [PSNRr(dB) | 28.63 | 28.42 | 2826 | 28.04 | 2729 | 26.90 | 26.46 | 25.97 | 24.78
lteration [ =3By 478 | 744 | 9.07 | 10.09 | 12.18 | 12.68 | 12.96 | 13.08 | 12.84
Boat o 199% 31.73 | 35.07 | 3850 | 41.81 | 53.75 | 59.38 | 64.58 | 69.86 | 80.10
. |PSNRr(aB) | 2833 | 28.14 | 28.00 | 27.79 | 27.13 | 26.76 | 26.41 | 26.02 | 25.14
iteration -
Gain (dB) 447 | 716 | 881 | 985 | 12.01 | 1255 | 1291 | 13.12 | 13.20
d% 5 10 15 20 40 50 60 70 90
PSNRc (dB) | 24.43 | 21.44 | 19.74 | 18.55 | 15.65 | 14.74 | 14.06 | 13.43 | 12.49
o |4d% 3029 | 32.89 | 3523 | 37.63 | 46.34 | 50.23 | 53.67 | 56.81 | 62.39
" |PSNRr(dB) | 2359 | 23.47 | 23.33 | 23.20 | 2255 | 22.16 | 21.77 | 21.20 | 20.09
iteration n
Gain (dB) 084 | 202 | 359 | 465 | 690 | 742 | 772 | 777 | 7.60
g 9% 4930 | 51.91 | 54.26 | 56.66 | 65.83 | 70.17 | 74.08 | 78.07 | 85.50
77 |PSNRr(dB) | 23.11 | 23.02 | 2291 | 22.82 | 2238 | 22.16 | 21.95 | 21.66 | 21.03
iteration n
Gain (dB) 132 | 157 | 317 | 427 | 673 | 742 | 7.90 | 823 | 854
Baboon g |99% 60.84 | 63.34 | 65.68 | 67.97 | 77.06 | 81.48 | 8554 | 89.78 | 97.71
teration IPSNRr (@B) | 2288 [ 2280 | 2270 | 2262 | 2223 [ 22.03 | 2184 | 2159 | 21.07
Gain (dB) 155 | 136 | 296 | 407 | 658 | 729 | 778 | 816 | 858
Key: General final TSBAMEF results: This iteration is sufficient
This iteration is not sufficient. This iteration is not necessary
IJSER © 2018
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SOME TSBAMF RESULTS FOR LENA TEST IMAGE WITH SPN

TABLE 4

Lena (Original)

Pnd Tteration: dd 7%[31d teration: dd 67%

1 Ky &
Baboon (Original)

TABLE 5
SoME TSBAMF RESULTS FOR BABOON TEST IMAGE WITH RVIN

i i
[TSt Tteration: dd = 62.39%

2nd Iteratio
23.11% of all the pixels
detected to be noisy
PSNRr=21.03 dB

1306

Iteratio:

12.21% of all the pixels
detected to be noisy
PSNRr=21.07 dB
Gain = 8.58 dB

2nd Tteration: dd = 74.08%]
20.41% of all the pixels
detected to be noisy
PSNRr=21.95 dB
Gain =7.90 dB

3rd Iteration: dd = 85.54%
11.46% of all the pixels
detected to be noisy
PSNRr=21.84 dB

i .78 dB

=51.91%]
19.01% of all the pixels
detected to be noisy
PSNRr=23.02 dB
Gain=1.57 dB

1 i i
3rd Tteration: dd = 63.34%
11.43% of all the pixels
detected to be noisy
PSNRr=22.80 dB

final TSBAMEF results:
This iteration is sufficient

Tst lteration: dd = 55.85% Baboon with 90%
Lena with 90% SPN | 55.85% of all the pixels | 6.32% ofall the pixels 3.40% of all the pixels 62.39% of all the pixels
detected to be noisy | detected to be noisy | detected to be noisy RVIN PSNRc = 12.49 | detected to be noisy
PSNRc = 11.05 Db PSNRr = 26.00 dB PSNRr = 31.05 dB PSNRr = 31.45 dB 0.09 dB
Gain = 14.95 dB Gain = 20.00 dB Gain = 20.41 dB
Tena with 50% SPN_[Tst lieration: dd = 36.81% [pnd Iteraion: dd = 41.26% - [Tst leration: dd = 53.67%
PSNRc = 13.33 dB | 36.81% ofall the pixels | 4.45% ofall the pixels Baboonwith 60% T2y 0 R e pixels
detected to be noisy detected to be noisy RVIN PSNRc = 14.06 | detected to be noisy
PSNRr = 33.43 dB PSNRr = 33.30 dB & PSNRr=21.77 dB
in=20.10 dB Gain = 19.97 dB Gain=7.72 dB
& =y - < i 1 [ ¥
Tcna with5% SPN [ st Ieration: dd = 6.52% [2nd leration: dd = 10.94%]31d lieration: dd = st Torafion: dd = 3289
PSNRc =22.99 dB | 6.52% ofall the pixels | 4.41% ofall the pixels | 3.16% ofall the pixels 32.89% of all the pixels
detected to be noisy | detected to be noisy | detected to be noisy ezl (o iy
PSNRr = 38.99 dB PSNRr = 37.30 dB PSNRr = 36.81 dB
Gain=16.00 dB Gain=1431dB G dB in-2,
This iteration is not final TSBAMF results: T
Key: General . This fte t
< . sufficient. This iteration is sufficient] Keyg Seperal Sufrﬁci‘::\t‘_s "
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Fig. 3 Comaprison of TSBAMF and MF [11] results for five test images with SPN and RVIN.
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Fig. 3 (Continued) Comaprison of TSBAMF and MF [11] results for the five test images with SPN and RVIN.
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TAB

LE6

COMPARISON OF SOME TSBAMF AND MF [11] RESULTS

TABLE 7
COMPARISON OF TSBAMF AND NAFSMF RESULTS

NAFSMF
TSBAMF | TSBAMF
Results
Results Results
with . .
with SPN [ with RVIN
Impulse
. i . (Table 2) | (Table 3)
Pepper (Original) Pepper with 90% SPN Output of TSBAMF Output of MF Noise [12]
PRSI R | T st | Guine1360d8 d%  |PSNRr (dB)|PSNRr (dB) |PSNRr (dB)
" 40 29.58 34.12 33.68
50 28.80 33.43 32.83
60 27.61 32.83 32.09
70 25.93 32.24 31.47
epper with 90% R Output of TSBAMF Output of MF
PSNRc = 11.53 dB PSNRr =27.15 dB PSNRr = 22.64 dB
Gain = 15.62 dB Gain = 11.11 dB — PSNERr TSBAMF (3PN)
= b —— PSNEr TSBANF (RVIN)
3 % T PSNEr NAFSME (Impulse Noise)
L K 35 =T T T
e |~ L | | ‘:¢ |
House (Original) ‘ '170‘7 SN - Output of TSBAMF Output of MF z I | P ]
ouse rigina ouse wil o utput o utput o
PSNRc = 11.93 dB PSNRr = 26.33 dB PSNRr = 25.03 dB j% 25 | ! l o 2
Gain = 14.40 dB Gain = 13.10 dB £ I I I |
- | [ I |
20F | [ | I g
| I | |
| | | ]
40 50 60 70
O MW e
e Tl e Yo Noise density d
House with 70% RVIN | Output of TSBAME Output of MF Fig. 4. Comparison of TSBAMF Results with NAFSMF [12] Results.
PSNRc = 14.48 dB PSNRr = 25.85 dB PSNRr = 24 .88 dB
Gain = 11.36 dB Gain = 10.40 dB

3.4 Comparison of TSBAMF Results with NAFSMF
Results.

For Lena 512 by 512 test image, the final TSBAMF results
(highlighted with blue colour) extracted for SPN and RVIN
from Tables 2 and 3 respectively are compared with NAFSMF
results for impulse noise extracted from Table 2 of [12] as
shown in Table 7 and Fig. 4. TSBAMF is found to give higher
PSNRr compared with NAFSMF. Thus, TSBAMF offer better
restoration compared with NAFSMF. NAFSMF can restore
corrupted image with noise density up to 60%. TSBAMEF can
restore corrupted image with noise density up to 90%.

4 CONCLUSION

Texture Synthesis Based Adaptive Median Filter (TSBAMF)
has been developed. TSBAMF applies median filtering to only
pixels detected to be noisy. Noise detection is based on
Texture Synthesis approach.

Texture Synthesis Based Adaptive Median Filter (TSBAMF)
is found to offer better image filtering/restoration and visual
quality compared with Median Filter (MF) which applies
median filtering to all pixels. Texture Synthesis Based

Adaptive Median Filter (TSBAMEF) is less complex and offer
better image filtering/restoration compared with an existing
adaptive median filter which is known as Noise Adaptive
Fuzzy Switching Median Filter (NAFSMF).

Satisfactory filtering by Noise Adaptive Fuzzy Switching
Median Filter (NAFSMF) and Median Filter (MF) is limited to
corrupted images with noise densities up to 60%. Texture
Synthesis Based Adaptive Median Filter (TSBAMF) can restore
corrupted images with noise densities up to 90%.
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