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Abstract: Emerging trendsin the widespread use of technology
has led to proliferation of images and videos acquired and
distributed through electronic devices. Thereis an increasing need
towards capturing high fidelity images and filtering of the
concomitant noise inevitable in the capture, transmission and
reception of the same. In this paper, we propose an OPSS
(Optimized Patch based Self Similar) filter that exploits
concurrently the photometric, geometric and graphical patch
similarities of the image. This model recognizes similar patches to
segregate the corrupted from the uncorrupted pixelsin an image
and improve the performance of denoising. Photometric patch
similarity is established by using Non-Local Means Decision Based
Unsymmetrical Trimmed Median (NLM-DBUTM) filter, which
computes weights based on the reference patch. The geometrical
patch similarity is done through the K-means clustering and
graphically similar patches are identified through Ant Colony
Optimization (ACO) technique. These “three similarities” based
models have been taken advantage of and combined to arrive at a
more comprehensive and effective denoising. The results obtained
through the OPSS algorithm demonstrate improved efficiency in
removing Gaussian and Impulse noise. Experimental results
demonstrate that our proposed study achieves good performance
with respect to other denoising algorithms being compared.
Experimental results are based on performance measure
(evaluation parameters) through Peak Signal to Noise Ratio
(PSNR), Mean squared error (MSE) and Structural Similarity
Index Measure (SSIM).

Keywords: Ant Colony Optimization (ACO), | mage Denoising,
Non Local Means-Decision Based Un-Symmetric Trimmed
Median (NLM-DBUTM), Locally Adaptive Regression Kernels
(LARKS), Optimized Self Similar Patch based Filter (OPSS).

[. INTRODUCTION

Noise is inevitable in the process of image capturing;
hence the need to arrive at  effective agorithms towards
identification and filtering of noise is a challenging area for
any researcher. With progressive improvement in optics and
photo sensor technology in equipment that aid in capturing
images, manufacturers are deploying sophisticated denoising
algorithms towards minimizing noise to improve the clarity
and accuracy of images [1]. This has fuelled the drive for
developing improved denoising algorithms that selectively
identify the noisy patches and filter them effectively to
achieve accurate results.
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[I. BACKGROUND WORK

Image denoising is a familiar domain and researchers have
developed various  agorithms and methods to overcome
noise. Among the varied approaches and models that have
been developed for denoising of images, the following papers
form the basis for the present study and research work.
Priyam Chatterjee et a [2] [3] [4] proposed Patch based
Locally Optimal Wiener filter (PLOW) method that takes
advantage of patch redundancy parameter for denoising
images. In thismodel, the authors have done in depth analysis
of geometrical as well as photometrical similar patches to
arrive a a design with a sound statistical foundation.
Although this method improvesthe performance of denoising,
it does not take into  account the intensity parameters of
images with signal dependent noise.

Yifeil Lou et a [5] proposed an agorithm that takes
advantage of the recurrence of structures at different
locations, orientations and scales in an image for denoising.
Primarily this framework extracts similarity invariant
descriptors at each pixel location and identifies similar
patches by matching descriptors based on Scale-Invariant
Feature Transform (SIFT). This agorithm is applied to
estimate rotation and scale of each patch and transform it into
canonical form. This method is an improvement over the
earlier methods in terms of restoration of replicated patterns
with different scale and rotation. However, this technique is
not suitable for addressing Gaussian noise.

Jing Tian et al [6] proposed a technique termed ACO (Ant
Colony Optimization), to tackle the problem of image edge
detection in the denoising process, inspired by the natural
behavior of ant species. This approach establishes a
pheromone matrix that defines the edge information of each
pixel in the image. This approach yields superior subjective
performance over other prevalent edge detection algorithms.
Angelino et a [7] developed a model based on steering
weights of geometrical similar regions using clustering
technique. The motivation behind clusteringisto  segregate
the corrupted pixelsfrom the uncorrupted ones of animage to
identify geometrical similar patches. Thisis comparatively
faster and performs better than other similar models.
Esakkirajan et al [8] proposed a Modified Decision Based
Unsymmetrical Trimmed Median filter  algorithm
(MDBUTM) for the restoration of gray scale and color
imagesthat are highly corrupted with salt and pepper noise. In
the process of image denoising this framework replaces the
noisy pixels by trimmed median values and  envisages a
modified DBUTM filter to obtain better visual and
guantitative results in terms of
PSNR.
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Literature Analysis - The bilateral filters used earlier by
prominent researchers had alimitation in its denoising ability
as the intensity similarity was evaluated by comparing its
value of a given pixel with another pixel. To aleviate this
problem, apatch based filter is proposed wherein the intensity
(photometric) similarity is evaluated by comparing a whole
patch around each pixel. The evolution from “dictionary
construction and  learning” to “structural clustering and
sparsity optimization” offers refreshing insights on how
locality and convexity have served to double-up in the
denoising process of  photographic images. The proposed
work takesinto account graphical patch similarity, in addition
to geometric and photometric patch similarities for denoising
animage.

[1l. PROPOSED TECHNIQUE

The proposed Optimized Patch based Self Similar
algorithm (OPSS) work aimsto develop anovel technique for
image denoising based on the process of restoration. This
technique exploits the geometrical, photometrical [2] and
graphical similar patches existing in an image.
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Fig.1. Proposed Architecture

Figure 1 describes the architecture of OPSS and its sub
modules - (i) Noise  Distribution for adding noise to the
original image o = 5, 15 and 25, Noise distribution is the
method of changing each pixel value in the image from the
original value. Adding noise (w) to the original image (f) will
result in the noisy image (y), which is used as a sample to
demonstrate the efficiency and effectiveness of denoising
model. The sample is processed and filtered subsequently to
arrive at the corrected image, which closely matches the
original picture. This validates the effectiveness of the
algorithm to dicit a similar level of performance in the
denoising of real time images. The pixel intensity of a noisy
imagey; canbeestimated asy; =f; +w; fori=1,--- , M. Where
y isthe noisy image, f is the underlying true image and w is a
zero-mean Gaussian noise with known variance o°. (ii)
NLM-DBUTM for finding photometrical Similar Patchesin
inner level iteration. (iii) K-means Clustering for finding
geometrical similar patches in middle level iteration (iv) Ant
Colony Optimization for finding graphical similar patches in
outer level iteration. Based on the values derived from these
modules, Optimized Self Similar Patch based Filter is applied
for denoising an image.
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3.1 OPTIMIZED SELF SIMILAR PATCH BASED FILTER
(OPSS)

OPSS filter is expressed as a summation of three related
parts namely photometrical, geometrical and graphical
similarities obtained as denoised estimation for each patch of
an image. The moment parameter Z is derived from
geometrically similar patches of an image and considered as
naive denoised over smoothened estimate. Weighted mean of
photometrically similar patches are added with filtered
residuals which serve as corrections and enhances the
estimation. To suppress further noise, this process applies
directional filtering of the residuals based on shared
geometric structures and restores finer details of the image
patches.

The OPSS estimates the patches in an image independently
without explicit  consideration of overlapping patches. This
framework isin synchronization with  underlying noise free
patch parameters from each cluster of an image and are
directly used exploiting the self-similarities within the image.
To caculate the weights of similar patches, initidly to
identify patches within noisy image that are photometrically
similar to a given reference patch and subsequently
synonymous patches are denoised to exert greater influence
over theimage in the process of denoising. Thisis ensured by
the analyticaly derived weight w;;, which determines the
contributing factor for patch y; in denoising the reference
patch y;.

The primary task OPSS, isto identify geometrically similar
patches through clustering method C;l. After identification,

these patches are used to estimate moments of the cluster for

noise accountability (r; ) and subsequently,
=R

photometrically similar patches are identified based on

neighborhood pixel weights. Further graphical similar

patches are identified based on pheromone matrix (p?, ) -

These estimated parameters are applied to OPSS filter to
denoise an image.

Algorithm

Input Noisy Image (Y)

Output : Denoised image C,

Step 1 : Set parameters like patch size n=11 x 11 and k=10
asnumber of clusters h’=1.75¢%n

Step 2 ;. Standard deviation of noise ¢ to be estimated

Step 3 : Q- Geometric clustering with k—-means (L ,K) and
Compute LARK features (L) for eachy;

Step 4 : For each Cluster Q, do

Step 4.1 : Initialize matrix

Calculate center vectors

Update vector for entire image

Estimate mean patch Z from y° € Q,
[See (7)];

2 1
Z= E[yi EQK] NM_kaier Y

Estimate cluster covariance C, from yiO eQ),
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[See (8)];
C, :[éy il
Step 5 : For each Patch yi0 €Q, do[see(3)];

Step 5.1 Identification of

patchesusing NLM-DBUTM and computing its weights for

photometrically similar

al y of o,

Step 5.2

The pixel intensity value which holds minimum (0) or

Weight Average [see (6)];

maximum (255) is considered as noisy (corrupted pixel),
which is then processed and substituted by median value of
sub window 3X3.

Step 6 : For each Patch Q; do [see (9)];

Step 6.1 : ldentify graphically similar patches with ACO
Initialize K as total ants position, T (0) as pheromone matrix
for theant index K = 1: k

Move the k™ ant for L steps according to probabilistic
transition matrix P(n)

Update pheromone matrix t(n)

Compute weights of patches graphically similar in nature
Calculate patches denoised

: (T5) (2.,)”
p((l}n),(i,i) - Z J(T_(rkl))a](n_ ) [see(12)];
) 1]
(1) m

Step 7 . Denoised Image by aggregating multiple estimates

for al types of similar Patches Ce [see (13)];

N;
(-1 (n) -1
C.~(C, +p(i,j),(l,m)+za)hi )
j=1

end

end

end

note : Equations and derivations given in Appendix A, B, C
and D.

IV. EXPERIMENTAL ANALYSISANDRESULT

Dataset: The proposed novel OPSS model has been tested
on 61 standard images from the classical USC-SIPI and
MATH WORK image databases. The USC-SIPl image
database contains a group of digitized images divided into
four volumes depending upon the characteristics of the
images[9][10]. Testing was done for amiscellaneous volume
consisting of 44 images and suited for the research work. The
database images are available in three different sizes are
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256x256, 512x512 and 1024x1024 pixels. All images in the
database are in TIFF format. Remaining 17 standard test
images have been taken from the Math Work image database.
All imagesinthe database are in uncompressed tiff format and
of the same 512 x 512 size[11][12].

To verify the performance of the proposed (OPSS) model is
required to be carried out experiments on image database for
verification. In the proposed (OPSS) model the noisy imageis
denoised based on photometrical, geometrical and graphical
parameters using the similar patches[13][14]. The obtained
results are compared with various existing methods using 8 bit
gray scaleimage size 256 X 256 and 512 X 512 with Gaussian
and Impulse noise. The results are collated and the analysis
demonstrates that the proposed method is an improvement
over the existing models for removing noise qualitatively and
quantitatively.

Peak Signal-to-Noise Ratio (PSNR) is used in analogue
systems as a consistent quality metric. In the Eq. (1), Mean
Square Error (MSE) stands for the mean-squared error
between two compared images and the PSNR eguation is
defined as follows 15][16][17].
PSNR=10 |0g;0(255%/M SE)
The SSIM index is used in the Human Visua System (HVS)
to measure similarity on the basis of three mgjor factors:
luminance, contrast and structure. The SSIM index is defined
asfollows.

SSIM(X,y)={ (2 px py + C1)(2 ox oy + C)}{( sz Hy2+ Ca)( ze
5y2 +Co)}
where py and py, and o and o, , denote the means and
variances of the gradient for the patterns, x and v,
respectively. The parameter, oy, denotes the covariance of
the gradient. The small constants {C,,C,,C3} are given as
{(0.01L)3 (0.03L)% C,/2}, where L = 255.

The proposed agorithm is applied on al the images in the
database. A representative set of sample images as shown in
Figure 2 have been taken up for validation of the proposed
algorithm and the results tabul ated.

f. Stream g.cameraman

Fig. 2: Sample images
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Fig. 4: Denoised Images using OPSS

fadn o b

a. NLSM b BM3D c. PLOW d. OPS5
Fig. 3: Comparison of denoising results on noisy image of a house corrupted by WGN of
o=25. (a) NLSM (PSNE of 33.14), (b) BM3D (PSNR of 32.89), (c) PLOW (PSNR of
32.70) and (d) proposed OPSS (PSNR 34.34).

c.PLOW

|

5BM3D

c. PLOW
Fig. 6: Comparison of denoising results on noisy image of a pepper corrupted by WGN of
6=25. (a) NLSM (PSNR of 30.06), (b) BM3D (PSNR of 30.07), (c) PLOW (PSNR of
29.53) and (d) proposed OPSS (PSNR 29.43).

d. OPSS

aNLSM b.BM3D d. OPSS
Fig. 7: Comparison of denoising results on noisy image of a Lena corrupted by WGN of
=25. (a) NLSM (PSNR of 31.84), (b) BM3D (PSNR of 32.07), (c) PLOW (PSNR of
31.92) and (d) proposed OPSS (PSNR 33.78).

|
ﬂ | ﬁ

aNLSM cPLOW d. OPSS
Fig. 8: Comparison of denoising results on noisy image of a Barbara corrupted by WGN
of 6=23. (a) NLSM (PSNR of 30.34), (b) BM3D (PSNR of 30.67), (c) PLOW (PSNR
of 30.20) and (d) proposed OPSS (PSNR 30.98).

bBM3D

The numerical results derived from applying this algorithm
on sample images are listed in subsequent table formats. The
proposed method Peak Signal to Noise Ratio (PSNR),
Structural Similarity Index Measure (SSIM) and Mean
Square Error (MSE) values are compared against Non Local
Sparse Model (NLSM), Block Matching 3D Filtering
(BM3D), NLM-DBUTM and PLOW.
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For enabling better image denoising, in the NLS model,
similar patches in an image are shared using sub dictionary
concept. The PLOW based image denoising method uses a
high performance practical denoising algorithm, which is
based on Wiener Filter  approach on geometrical and
photometrical similar patches to estimate the filter
parameters to be used. The BM3D method adopts hybrid
approach of grouping similar patches to perform
collaborative filtering technique based on Discrete Cosine
transform domain system.

Table -1 describes the value for benchmark image
performance quantitatively across different images and the
noise level based on different performance measures (PSNR,
SSIM and M SE). Figure 3 shows noisy images at noise level o
= 15 dB and figure 4 shows denoised output images using
(OPSS) the proposed method. Comparison of  denoising
results on noisy house, Pepper, Lena, Barbara, Boat, Stream
and Camera man images corrupted by WGN of 6=25 shown
infigure5to 10 (atod). The PSNR  performance in noise
level 6 =5, 15 and 25 dB is graphically illustrated in Figure
11to 16.

TABLE 1 - Denoising Performance using Existing
methods against Proposed M ethod for house image

Noise | Perfor- House(256 X 256)
(=) mance NLM- PLOW | NLSM | BM3D | PROPOSED
(dB) Measare | DBUTM (OP53)
5 PSNR 37.86 39.52 39.91 39.80 41.24
MSE 43.98 42.20 4233 42.58 35.86
SSIM 0.756 0.954 0.938 0.957 0.965
15 PSNR 34.87 34.72 35.27 34.95 37.45
MSE 35.89 36.98 36.10 36.37 34.78
SSIM 0.867 0.893 0.902 0.890 0.912
15 PSNR 33.75 32.70 33.14 32.89 34.34
MSE 2385 20.39 20.07 20.11 20.13
S5IM 0.736 0.859 0.366 0.859 0.876
House
42
BHLM DEWTM
a3
w AL O
=
E 38 r LK ]
13 =EMI
O FROFD B
30
5 15 25
Noise lewel

Fig. 11: PSNR Comparison graph of Existing and
proposed method for House image.

TABLE 2 - Denoising Performance using Existing
methods against Proposed Method for pepper image

Noise | Perfor- Peppers(256 X 256)

(@) mance NLM- PLOW | NLSM | BM3D | PROPOSED

(Db) | Measure | DEUTM (OP5S)

5 PENE 36.57 37.69 38.14 38.06 39.34
MEE 4583 75.60 76.37 76.17 70.95
S5IM 0.875 0.954 0.935 0.936 0.932

15 PENE 32.85 31.82 3276 32.65 33.08
MEE 65.35 64.99 64.00 64.02 50.87
SSIM 0.786 0.899 0.905 0.906 0.898

23 PSNE 30.86 2053 30.06 30.07 2845
MSE 46.86 30.13 49.55 49.87 50.78
SSIM 0.768 0.859 0.864 0.868 0.845
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Peppers . . -
TABLE 3 - Denoising Performance using Existing
methods against Proposed M ethod for Lenaimage
40 & HLN-DELTM
g 371 SRow Noise | Perfor- Lena (512X 512)
7] (o) mance NLM- PLOW | NLSM | BM3D PROPOSED
TR O (dB) | Measare | DBUTM (OPSS)
e 5 PSNE 37.57 38.66 38.72 38.73 39.87
314 MSE 35.85 34.75 35.18 35.37 34.34
O FROPOIED SSIM 0.846 0.946 0.945 0.945 0.954
284 15 PSNR 33.67 33.90 34.17 34.26 34.87
MSE 29.67 21.39 21.08 21.07 21.05
5 15 5 S5IM 0.865 0.890 0.893 0.895 0.876
Noise evel 25 | PSNR 32.85 3100|3184 | 32.07 33.78
Fig. 12: PSNR Comparison graph of Existing and ssni—TosseTosss Toss Toser —Toss
proposed method for Pepper image.
The denoising performance of the existing NLM-DBUTM, Lena
PLOW, NLSM and BM3D methods in comparison with 42
OPSS has been tabulated (Tablel). Individual image having 39 4 Bl
different noise levels (o) are represented in each table. The w 361 srow
PSNR values, MSE and SSIM values for each varying noise 5 a3 i v
decibel (6=5, 15 and 25) are compared with different earlier 30 1 — —
models. When 6=5, 15 and 25 the proposed OPSS compared 7 1 = N
with NLSM, BM3D and PLOW respectively. 24 4 . .
When applying the noise value 6=5, a better PSNR value 5 15 25
has been obtained in  comparison with the earlier models. Noise level

For example, earlier NLSM model PSNR values 39.91 and
38.14 have been obtained for house and pepper image
respectively.

Nevertheless, in the proposed OPSS, the PSNR value for
the same images (house and pepper) is 41.24 and 39.34,
which means the image has a higher resolution. The MSE
value of earlier NLSM model for the same images (house and

Fig. 13: PSNR Comparison graph of Existing and
proposed method for Lenaimage.

TABLE 4 - Denoising Performance using Existing
methods against Proposed M ethod for Barbara image

. —C Noise | Per- Barbara (512 X 512
pepper), when noise |eve_| 6=51is 4235 and 76.37. The (6) | for- NLM- PLOW N'LSM( BMS)I) PROPOSED
proposed OPSS model achieved MSE result is 39.86 and (dB) | mance | DBUTM (OPSS)
70.98. The SSIM value is higher 0.965 and 0.932 for the eas-
house and pepper image when compared to the NLSM 5 SSER 35§ 37.98 gg;g 23363 33;
1 36.7 69.14 z . 34

methOd S8IM 0.867 0.546 0.965 0.965 0.967

While comparing with previous methods such asBM 3D for 15 [PSNR [33.87 3217|3298 33.09 33.12
the noise value =15, a be_tter PSNR value has been obtained gésri[ g_’g;? ;jgfi ;59;; ;59;; ajgig
for the house and pepper image in the proposed OPSS. The 25 | PsNR [ 2968 3020  [30.34 30.67 30.98
existing BM3D method has 34.95 and 32.65 PSNR values e T T

respectively. On the other hand, the PSNR vaue for the
proposed OPSS is 37.45 and 33.98 for the same images .The
MSE value for the same images (o = 15) is 36.37 and 64.02 in
BM3D. The proposed method achieved 36.37 and 64.02. A Barbara
higher SSIM value has been achieved, (0.912 and 0.898)
when viewed against earlier models. 42
Asobserved in the table 1 for the noise value 6=25 for the 3
image house and pepper. The PSNR value is much higher, gg ] O u-omuru
when weighed against the earlier PLOW model. PLOW has 20 |
32.70 and 29.53 PSNR value. In the OPSS method, values 27 |
34.34 and 29.45 were achieved for the decibel value 6=25. 24 1
The MSE value for PLOW is 20.39 and 50.13. The proposed 5
method achieves M SE value of 20.13 and 50.78 respectively.
For the same images the SSIM value 0.876 and 0.845 has Noise level
been obtained. ) . o
The other values are tabulated in Table 2 to 6 for peppers, Fig. 14: PSNR Comparison graph of Existing and
Lena, Barbara, Boat and Stream. The values confirm that in proposed method for Barbaraimage.
the proposed algorithm the PSNR value increases, MSE
decreases and SSIM values reaches the maximum
approximate value 1.

PSNR

Spow

OuzEm

Wgwan

Ororosen
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TABLE 5 - Denoising Perfor mance using Existing
methods against Proposed M ethod for Boat image

TABLE 7 - Denoising Per for mance of PSNR for Proposed
M ethod different sample image

Noise | Perfor- Boat (S12X 512) Noise/ House Pepper | Lena | Boat Stream
(@) mance NLM- PLOW NLSM | BM3D | PROPOSED Images
(dB) Measure | DBUTM (OPSS) = ]
5 PSNR 36.85 37.24 37.36 37.28 39.07 J 6B 4124 39.34 39.87 39.03 36.98
MEE 3738 36.05 3721 3738 35.08 15 dB 3745 3398 3487 3309 3098
SSIM 0.876 0.041 0041 | 0930 | 0936 75 dB 3434 2045 33,78 31.08 2708
15 PSNR 32.85 3133 3217 | 3211 | 33.00
MSE 32.85 2838 2716 | 2747 | 2589
SSIM 0.785 0.840 0855 | 0834 | 0901
25 PSNR. 3007 2050 2073 2083 31.08 Proposed Method(OPS55):PSNR comparison
MSE 16.847 14.19 1438 | 1449 | 1409
SSIM 0.738 0.794 0.794 | 0.800 | 0.822
) M House
Boat IRE T =
40 E 5% 15% 25% tene
B NLM-DBUTM i o Bost
% 37 BPLOW Moise levels in dB = Stream
e 34 ONLSM
a1 ®EM3D !
OPROPOSED Fig. 17: PSNR Comparison graph of proposed method for
B 5 25 different images.
Noise level In terms of subjective visua quality, the OPSS model is

Fig. 15: PSNR Comparison graph of Existing and
proposed method for Boat image.

TABLE 6 - Denoising Performance using Existing
methods against Proposed M ethod for Stream image

comparablewithNLM-DBUTM, PLOW, NLSM and BM3D,
even outperforming them in many cases, where the images
exhibit higher levels of redundancy due to considering
graphical similarity. This can be observed in Figure 5 to 10,
where results obtained using the OPSS filter is visually more
pleasing in comparison with the earlier models.

From the above tables 7 and figures 1, for the proposed
method, it is evident to reached high PSNR value for the low

Noise | Perfor- Stream (512 X 512) noise level.
(6) | mance NLM- PLOW | NLSM BM3D PROPOSED ..
(dB) | Measure | DRUTM (OPSS) TABLE 8 - Denoising Performance of M SE for Proposed
3 PSNR 34.80 3550 | 3373 35.75 36.08 ; ;
MSE 1585 3058 | 3112 3004 20.08 Method different sampleimage
SSIM 0.757 0062 | 0.064 0.064 0978
15 PSNR 30.73 2871|2388 2874 30.08 -
MSE 1533 1974 | 2151 2221 10.68 Nh?“‘f House Pepper | Lena | Boat Stream
SSIM 0.863 0849 | 0.852 0.845 0.839 ages
25 PSNR 26.05 2620 | 2627 2614 27.08 SdB 30.96 70.08 3454 | 35.08 2008
MSE 19.83 1214 | 12.18 1254 11.89
SSIM 0.799 0.747 0.743 0.733 0.790 15dB 34.78 50.87 2105 | 2589 19.68
25 dB 20.13 50.78 1956 | 14.09 1189
Stream .
Proposed Method (OPSS): MSE Comparison
40
SHLMDEUTH
17 ) N House
% 24 BrwW ] EE ‘ - -l W Pepper
w = 1 [ | —
= 311 Qe & 5 15 25 Lena
28 — E ¥ Boat
Ll Noise levels in dB
25 1 — — B Stream
OFROPOIED
22 - . - - 1 ) ) )
5 15 25 Fig. 18: M SE Comparison graph of proposed method for
Noise level different images.

Fig. 16: PSNR Comparison graph of Existing and
proposed method for Stream image.

From the above tables and figures, in the proposed method,
it is evident that for the house image at noise level 5, highest
PSNR value of 41.24 is achieved. This has been achieved by
removing noise using three similarity patch based filters.
Using this approach, for other images the PSNR value
achieved is greater than the existing method. MSE value of
the proposed method achieves the least value of 15.65 at a
noise level of 10 dB and SSIM achieves highest value of
0.965 at noise level 5 dB for the house image.
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TABLE 9 - Denoising Performance of SSIM for Proposed
M ethod different sample image

Noise/ House Pepper Lena Boat Stream

Images

3dB 0.965 0.932 0.954 0.936 0.978

15 dB 0.912 0.898 0.878 0.901 0.859

25 dB 0.878 0.845 0.834 0.822 0.790
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Proposed Method (OPSS): SSIM Comparison
1
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Fig. 19: SSIM Comparison graph of proposed method for
different images.

Limitations — This proposed optimized patch based
self-similar algorithm is implemented using the Matlab
programming language and configuration of PC with a Intel
Core™ DUO 2.13 GHz CPU with 1 GB RAM. In terms of
computational complexity, denoising agrayscaleimage size
256 x256 with a non-optimized implementation of OPSS
takes approximately 85s of the execution time. Compare our
method with existing PLOW takes on average 75s to denoise
the same images.

V. CONCLUSION

The proposed Optimized Patch based Self Similar (OPSS)
filter takes advantage of geometrically, photometrically and
graphically similar patches for removing Gaussian and
impulse noises from an image. The resultant approach has a
statistical foundation while producing denoising results that
are comparable and excels other methodol ogies, both visually
and quantitatively. This approach is practical in nature and
does not require any parameter tuning; it aso has the
additional advantage of unleashed statistical  motivation.
The OPSS model has primarily been developed to address
and filter assorted noise in grayscale photographic images to
enhance image quality. It is further envisaged that the
performance of this model was improved by taking into
account the correlation across graphically similar patches by
using Ant Colony Optimization. Future work of this paper by
deploying paralel processing, the algorithm can be speeded
up further to reduce the processing time.

APPENDIX A
DERIVATION OF EXPRESSION FOR ESTIMATING
PHOTOMETRIC SIMILAR PATCHESWEIGHT AVERAGE USING
NLM-DBUTM
Non Local Means (NLM) agorithm works on the basis
of weighted average technique to decide the pixel valuesin
matrix form rather than the consideration of the neighborhood
pixels to create new matrix. Here, the updates are not by the
average weight of pixels around it, but by the weighted
average of pixelsthat are most similar. Further, the weight of
each pixel is dependent on the distance between its intensity
grey level vectors and that of the target pixel that helpsin the
identification of patches within the noisy, photometrically
similar image in a given reference patch[18][19][20].
In the noisy image v={(v(i)| i € 1), the estimated value
NL(v)(i), for a pixel i is computed as a weighted average of all
the pixelsin the image,
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NL[] (i) = D" (i, o))
jel
(©)
(i, ]); Weights depend on the similarity between the

pixelsi and j, under given condition
o SN
< < 2 (i J)

O<aw(i,j)<1_4 4 @

The similarity between two pixelsi and j depends on
the similarity of the intensity gray level vectors v(N;) and
v(N;)), the weight defined as

loN)-o(N DI
oi,j)=—e h*
Z(|) (5)
Where Z(i) is the normalizing constant ‘h’ act as a degree of
filtering h*= 1.750°n. It controls the decay of the exponential
function and decay of the weights as a function of the
Euclidean distances. The above equation written as,
2
L L ©

W ~

Where, reference patch is denoted as Y; and the identical
condition patches are definedas Y;....Y,.

Fig. 20 Similar neighbor hoods comparison
Figure 20 shows that the similar pixel neighborhoods
yield a large weight, w(p,ql) and w(p,g2), while much
different neighborhoods accord a small weight w(p,g3), the
pixel g3 has the same grey level value of pixel p, but the
neighborhoods are much  different and the weight w(p,g3) is
nearly zero. Then corrupted pixels are processed in DBUTM
which initially detects impulse in images and corrects them
accordingly. The pixels of an image have associated intensity
values ranging from 0 to 255. The pixel intensity value which
holds minimum (0) or maximum (255) is considered as noisy
(corrupted pixel), which is then processed and substituted by
median value of window [11].
APPENDIX B
DERIVATION OF EXPRESSION FOR ESTIMATING CLUSTER
MOMENTSUSING GEOMETRICALLY SIMILAR PATCHES
The image is sub divided into structurally similar regions
in order to identify the features that capture the distinct
geometric structure of each patch fromitsnoisy observation.
It helps to ascertain the differences in contrast and intensity
among patches exhibiting similar characteristics, also to
estimate the mean and covariance from the noisy member
patches of each cluster. Locally Adaptive Regression Kernels
(LARKS) function is used to find features for geometric
clustering. Mean of the noisy patches within each cluster is
written as
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2 1
Z:E[yI EQk]zM_Zyieryi (7)

k
Where €, denotesthe k™ cluster cardinal ity M. Covariance

matrix C, is also estimated from the noisy patches within the
cluster.

C,=IC,-o’l] ©)

2

[Cy] denotes sample covariance, o represents noise

covariance.

The parameter estimated from each cluster of the image can
be directly used for denoising in aggregate multiple pixel
estimates step.

APPENDIX C
DERIVATION OF EXPRESSION FOR ESTIMATING THE
GRAPHICAL SIMILARIT GRADIENT USING ACO

ACO technique is inspired by behaviors of ants and is
considered to be the most successful technique. This
technique proffersthe best possible solution through a guided
search iteratively (the movement of anumber of ants) over the
solution space, by constructing the pheromone information.
The movement of artificial ants is determined by the local
texture features and the global pheromone distribution on the
image of abundant artificial antsidentifying the gradient edge
pixels [12, 13]. To find the graphical similarity, the k™ ant
moves from the node i to the node j (pixel) according to a
probabilistic action rule, which is determined by

(n-1) yer B
I(,}) _ (T:)] (n?l) (:Z;) . Jif jeQ
Y Z(Tu ) (77i,j)

ey

©)
T0-D . ,
Where lj; = pheromone information value of the arc

linking the node i to the node j, (a, B) denote influenced of
pheromone information and heuristics information

respectively. (), is the neighborhood nodes on the node i
and7; ; representsthe heuristicsinformation from nodei to

the node j, which is fixed to be same for each graph
construction step.

1
T :EVC(Ii,j) (10)
7= z z V,(l; ;) isanormalization factor,
iZIM, j<IM, ’

Vc(li,j) :f(l Ii—2,j—1_ Ii+2,j+l |+ | Ii—2,j+1_ Ii+2,j—l |+ | Ii—l,j—2_ Ii+1,j+2 |

+| ligja—liaja [+] L=l [+] ligja—liaa |
+| iy liajo [+] liia—lija )
(11)

Where V(l; ;) represent variation of image’s intensity values,
shown in the following graph (Fig. 21)
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Fig. 21: Neighborhood pixels (i, j)

ACO technique is based on four processes namely
initialization, construction, updation and decision process.
These processes help to find graphical similar nodes, which
are connected towards preserving edges of the image. The
initialization process paves the way to ascertain the optimal
solution through the iterative search that is the movements of
anumber of ants over the solution space, by constructing the
pheromone information. To explain it better, K ants are
deployed to find the optimal solution consisting of M, x M,
nodes. At the nth construction step, one ant is arbitrarily
selected from the K ants, which is made to move
consecutively on the image for L movement. It moves from
the node (I,m) to its neighboring node (i,j) according to a

transition  probability thet is defined as
I (T ()
tm.D z (-I—i(,r}il))a(ni,j)ﬂ

(ii)em
(12)
Two steps are carried out for updating the pheromone
meatrix. The first update is performed after the movement of
each ant within each construction step. Each component of the

pheromone matrix is updated according to given equation 11.
) {(1—p)Ti(r}_1) +p.Ai(kj), if i, j)is visited by thecurrent K position ant.

'|'. . — 1 1
hl Ti(r}_ ), otherwise

Where p is defined as evaporation rate is 0.1, AV is

determined by the heuristic matrix that is, Ai(’kj) = 1. The

second update is carried out after the movement of all ants
within each construction step according to equation 12.
TO =1-y)T" 4y T
(14)

In the decision (binary decision) process, a threshold T is
applied on the final pheromone matrix t(n) in order to
determine whether each pixel is graphically similar (edge) or
not. i is pheromone decay coefficient and T 0 represent
initial value of each component of the pheromone matrix.

APPENDIX D
DERIVATION OF EXPRESSION FOR ESTIMATING
AGGREGATION OF PIXEL

All estimated parameters derived based on above
aggregation of patch similarity technique are used to perform
OPSS filtering process. This filter runs on a per-patch basis
(because parameters are estimated from multiple patches),

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication



OPEN 8ACCESS

yielding denoised estimates for each patch of the noisy input.
To avoid block artifacts at the patch boundaries, the patches
are chosen to overlap each other. An aggregation of the
multiple estimates is required in order to arrive at the
denoised image.

The covariance of OPSS is approximated by,

N;
1 1
Co~ (CHP Dy amt 2@ 1) (15)
i
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