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Abstract

Image denoising has become one of the major forms of image enhancement methods that form the
basis of image processing. Due to the inconsistencies in the machinery producing these signals,
medical images tend to require these techniques. In real time, images do not contain a single
noise, and instead they contain multiple types of noise distributions in several indistinct regions.
This paper presents an image denoising method that uses Metaheuristics to perform noise identi-
fication. Adaptive block selection is used to identify and correct the noise contained in these
blocks. Though the system uses a block selection scheme, modifications are performed on pixel-
to-pixel basis and not on the entire blocks; hence the image accuracy is preserved. PSO is used to
identify the noise distribution, and appropriate noise correction techniques are applied to denoise
the images. Experiments were conducted using salt and pepper noise, Gaussian noise and a com-
bination of both the noise in the same image. It was observed that the proposed method per-
formed effectively on noise levels up-to 0.5 and was able to produce results with PSNR values
ranging from 20 to 30 in most of the cases. Excellent reduction rates were observed on salt and
pepper noise and moderate reduction rates were observed on Gaussian noise. Experimental re-
sults show that our proposed system has a wide range of applicability in any domain specific im-
age denoising scenario, such as medical imaging, mammogram etc.
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1. Introduction

Image processing has been one of the major areas governing the current multimedia age. In order to effectively
process an image and obtain information, it is mandatory that the image is in appropriate format and is legible for
a machine to process and interpret. Especially in the medical field, this is important due to the information context
and as a result the image reconstruction has become important. In general, image reconstruction is an inverse
problem that recovers the original image from damaged version due to ageing, atmospheric interferences or other
physical damage [1]. One of the challenges is to reconstruct the image as close as possible to the original image.
Image denoising is a form of image reconstruction, which is performed by eliminating additional noise compo-
nents from the images. Noise present in images varies significantly and is often introduced during the process to
convert images from analog to digital format.

The basic measuring unit for identifying the quality of an image is the signal to noise ratio. It is the physical
measure of the sensitivity of an imaging system and is identified by applying the 20 log rule,

Signal

SNR = 20log10RMS wise 4B (1)

According to the industry standard, SNR of 32.04 dB refers to good quality image, while 20 dB SNR is the ac-
ceptable quality. Several denoising methods exist in literature and are categorized as filtering based approaches
[2], wavelet based approaches [3], principal component analysis based approaches [4], independent component
analysis approaches [1] and sparse coding approaches [5] [6]. All these methods are good for denoising process,
however, they have their limitations. Wavelet based methods are fast algorithms, however, they exhibit very high
dependency on the image components. As a result, these methods are not considered as adaptive. The PCA and
the sparse coding techniques rely on the statistical properties of the data.

A modified sparse coding algorithm is presented in [1]. It exploits the maximum Kurtosis as the maximizing
sparse measure criteria. A fixed variance term of the sparse coefficient provides information of a fixed capacity.
A determinative basis function is used to improve the convergence speed. A fringe pattern denoising algorithm is
presented in [7]. The process of fringe reduction is based on the principle of dimensionality reduction. This tech-
nique is applied to interferometry images. Noise reduction based on Krylov iterative solvers [8] has been pre-
sented and it is performed by updating a preconditioner based on incomplete factorizations, which presents a
global computational cost higher than the number of image pixels. A fast image recovery algorithm [9] based on
splitting deblurring and denoising is presented. The algorithm component is divided into two steps such as the
deblurring and the denoising. Fourier transform is used to deblur the images and the algorithm is used for denois-
ing. Hybrid regularizers are based denoising and deblurring algorithm [10] and it mainly concentrates on elimi-
nating the staircase effect as well as helps preserve edge details. A local and non-local circulant similarity based
image denoising [11] is proposed. This is a patch based denoising method that considers the self similarity of im-
ages while performing the denoising operation. A similar method that works specifically on grayscale images is
proposed in [12]. The self similarity is obtained by cyclic shift called the circulant similarity. A curvelet transfor-
mation technique [13] for denoising digital images has been proposed. Finite RIdgelet Transform (FRIT) is used
to solve the problem of mapping curves. Appropriate application of FRIT is mandatory, hence quadrant based di-
vision is carried out in the image. This method works best on medical images, compared to regular images. A
shearlet domain based image denoising technique is presented in [14]. An effective multi-scale and multi direc-
tion analysis methodology is proposed that also performs the process of image smoothening. A genetic program-
ming based robust noise removal technique [15] is introduced. This is based on two stages, the noise detection
stage and the noise removal stage. Genetic programming is used for the process of noise detection and noise re-
moval is performed by image smoothening. A variation based noise removal method is proposed in [16]. This
method tends to detect noise based on the differences in the frequencies of the pixels. Wavelet domain based im-
age noising based on statistical models [17] is proposed. A similar method that works on the curvlet domain is
presented in [ 18].

Based on the above discussion, it is observed that most of the approaches consider a single particular noise and
denoise the same. In real-time scenario, there is a possibility that more noises affect the image and the proposed
approach handles this issue. The distributions of noise will also be irregular. Hence it is mandatory to identify the
appropriate parts affected by noise and then denoise it rather than denoising the entire image.

The proposed approach identifies the noise and performs pixel based corrections rather than block based cor-
rections, hence multiple noise distributions and irregular noise distributions are handled well. As the corrections
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are based on the environment of the pixel under scrutiny, adverse effects on the image is reduced to a large extent.
Experiments were conducted using Salt and Pepper noise, Gaussian noise and a combination of both the noise
distributed in the image. It was observed that the proposed technique worked effectively in identifying the noise
components. The denoising module also exhibited high efficiency in reducing the noise providing images with
high PSNR values (maximum of 30).

The rest of the paper is organized as follows. The proposed metaheuristic based denoising method is presented
in the next section. The result is presented in Section 3 and the paper is concluded in the last section.

2. Metaheuristic Based Noise Identification and Image Denoising Using Adaptive
Block Selection Based Filtering

Denoising images has become the major requirements, especially in the medical domain. Problems existing in the
current denoising techniques are that they operate on a single noise. However in real time, while the images are
converted to digital format, they tend to contain a combination of noises. The locality based neighborhood filter-
ing technique is an effective technique for denoising images to provide noise removed one.

The input image is initially converted to grayscale (2-dimensional image). To identify the effectiveness of the
system, noise is introduced into the input image. The introduction of noise is in terms of separate grids, and each
grid contains different noise in different levels. For the current evaluation, we have used salt and pepper and
Gaussian noise.

The proposed approach is divided into two phases. The first phase deals in identifying the noise using Particle
Swarm Optimization (PSO) and the next phase deals with applying appropriate techniques to eliminate the noise.
The architecture for the denoising approach is presented in Figure 1.

The grayscale noisy image passed to the application is initially segmented into n % n blocks. The actual size of
division (n) is dependent on the type of image and the level of granularity of the noise contained in the image.
This is determined by the user by trial and error method. Intensity variations contained in each block is identi-
fied. This data serves as the search space for PSO to operate on. Images containing salt and pepper and Gaussian

‘ Input Image |

|

Noise Identification using PSO

| Image Segmentation into n*n blocks l

| Calculate Intensity Variations ’

!

‘ Training PSO based Noise Identification for
Images each block

Noise Elmination

| Adaptive Block Selection ‘

'

| Enhanced Filtering |

!

’ Image Smoothing ‘

Figure 1. MH based denoising-architecture.

)



M. S. Devi, R. Sukumar

noise are used as the training data. PSO is applied on this search space to identify the type of noise contained in
the block. The block is then passed to noise elimination phase, where adaptive block selection is performed.
Real time images do not have uniform distribution of noise, hence, this type of selection becomes mandatory.
The noisy components are filtered and smoothened to obtain the final denoised image.

2.1. PSO Based Noise Identification

The noise identification phase uses a constant size block selection for the process. The block is always maintained
as a square matrix of size n X n. The intensity variations of the images are considered as the base data for the clas-
sification process. These sample images along with a block from the current image are used as the search space.
The initialization of particles in the search space is the initial process performed by PSO. This distribution is per-
formed using uniform random distribution model. The initial velocity for the particles are calculated using

Vi ~U (| = b0) [ — 51 (@)

(p lo up ~ “lo
where V; is the velocity; b,, and b, are the upper and lower bounds of the search space respectively.
The particle best (pbest) and global best (gbest) values are identified. Using the initial velocity obtained from
Equation (2) particle acceleration is triggered. New pbest and gbest values are calculated using

Vi,d <~ C"V;,d +o,r, (Pi,d _Xi,d)+ @7, (gd _Xi,d) 3)

where P;, and g, are the parameter best and the global best values; r, and r, are the random numbers; X;, is the
value of current particle position and the parameters w; ¢,, and ¢, are selected by the user. PSO operates on con-
tinuous domain hence particle movement is continuous. Due to the discrete nature of the proposed approach, this
continuous movement is discretized as follows

N Y N )

where Py refers to the particle i’s current location corresponding to dimension k; Ny refers to the k" dimension of
node N, This process helps us to effectively identify the type of noise contained in the image block. The corres-
ponding denoising mechanism can then be applied on the block to eliminate noise.

The noise is introduced in original image to obtain the noisy image. Salt and Pepper and Gaussian noise are
considered for this approach. The image is read in blocks and for every block, one of the two noises is applied
and the final noisy image is obtained as shown in Figure 2.

Variance between pixels in every block is considered as the base for PSO and particle distribution is carried
out in this point. The sample space is made up of variances of several noisy images incorporated with either salt
and pepper or Gaussian noise. PSO identifies the noise component contained in the image block and its
corresponding denoising schemes are applied.

>

(@) (b)
Figure 2. (a) Original image (b) Noisy image (Salt & pepper and Gaussian

noise).
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This process is carried out on every block of the noisy imageand the corresponding denoising mechaisms are
applied to the image of any type of noise. Figures 3(a)-(c) shows the stages of denoising the image and it is
noticed from Figure 3 that every block is processed independently and the final denoised image (c) is obtained.

2.2. Denoising Mechanisms

This sub-section presents two denoising mechanisms that are used to eliminate salt and pepper and Gaussian
noise. Denoising is done in two major phases; the filtering phase and the image-smoothing phase. Filtering is the
process to modify an image to enhance its features or to modify it. Filtering can either emphasize certain fea-
tures, and it can also eliminate several other components in an image.

Here, we consider a common degradation model as given below

y=Kx+b )

where K is the blurring matrix; y is the observed image; b is an unknown noise vector and x is the unknown real
image. We know that estimating x from the observed blurred and noisy image y is a very ill-posed problem. The
underlying idea is to minimize the following regularization model to get the results,

min, {F (x) =[x =y} + 26(x)} (©)

where ||||2 represents Euclidean norm; @ is usually called regularization function and 4 is a positive regulari-
zation parameter, which provides a tradeoff between fidelity to the measurements and noise sensitivity. Clearly,
a small A favors a small solution residual norm at the cost of a large solution semi-norm, while a large 4 has the
opposite effect. The most common form of regularization techniques is the regularization in which one searches
for the solution of

min, {7 (x) = [Kx—y{; + Al | @

where ||||1 stands for the sum of the absolute values of the components.

This is a neighborhood based operation that considers blocks of constant sizes, analyzes them and applies the
filtering process. The process of filtering is carried out using median based filtering technique. The median
based filtering technique is based on spatial 2D filtering. Every pixel is analyzed and the neighborhood details
are obtained. In general, noise does not occur in terms of single pixels. It can span up to multiple blocks. Exist-
ing median based filtering techniques considers only specific block entries and replaces all the pixels in that
block. This leads to a problem, where the selection block contains only the noise data. This leads to the noise
being interpreted as normal data and hence it tends to get ignored. Due to the adaptive block selection method,
the blocks are identified in an adaptive manner not pertaining to any fixed boundaries. The blocks are identified
along with its surrounding background components, which helps to identify the components to be replaced. This
makes sure that the process of filtering is performed with minimum loss to the image clarity.

Figure 3. Denoising stages initial (a), mid (b) final (c).

)
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Even with the adaptive block selection component in place, it was identified that several moderately large
noise components has been classified as the original image. This effect is rectified by a smoothing technique.
Smoothing, also known as a low pass filtering is used to eliminate spatial frequency noise from digital images.
In general, smoothing can be effectively carried out if multiple copies of the same image are available. However
this is not feasible in most cases. Hence, smoothing usually uses either reconstruction based methodologies, or
enhancement methodologies to denoise the images. Reconstruction based methodologies often require prior
knowledge about the degradation process undergone by the image. Images pertaining to certain specific applica-
tions alone contain information about the degradation process. Hence this method is not suitable for general ap-
plications. Enhanced filtering is a technique that improves the image on the basis of human or machine interpre-
tability. This technique is more adaptable and hence can be used on general applications. They are heuristic and
problem oriented.

The proposed approach identifies sudden variances of pixels in the image and reduces it. This method con-
centrates on the salt and pepper based noise reduction. In this category of noise, each corrupted pixel either
equals the maximum or minimum gray scale. Hence, if a pixel exhibits maximum or minimum intensity, it is
considered as noise and hence needs to be smoothened. Otherwise the pixel is considered as a normal pixel be-
longing to the original image. The smoothing rule is given as follows

MZ
kn = Zj:la)"j'u"j ®)

where £, is the final pixel intensity; ,; and u,; refers to the intensity of the pixel values that exhibit least va-
riances compared to the pixel under analysis and M refers to a single block dimension.

An image with salt and pepper noise exhibits high fluctuation with reference to the center of the block. The
neighboring elements are collected based on their intensity correspondence with the pixel exhibiting the va-
riance. Block based smoothing is performed on the selected pixels and this guarantees that the signal to noise ra-
tio is maintained maximum even after eliminating the noise components.

Figures 4(a)-(c) show various phases of denoising the image and the noisy image is passed through a
modified median filter, which identifies high variations and converts them to pixels depending on its neigh-
boring pixel intensities. This acts as the stage 1 denoising mechanism represented in Figure 4(b). Even after this
stage, some closely grouped noise pixels tend to remain in the image. Image smoothing is performed on the
image to obtain the final denoised image 4(c).

Gaussian noise, unlike salt and pepper is spread across the entire image and it concentrates on increasing or
decreasing the intensity of the pixels. Hence the noise cannot be isolated from the image (Figure 5 (a)). Instead
it can be observed only from the huge variation in pixel intensities. This variations need to be smoothened in
order to eliminate the accumulated noise. Gaussian filter is applied to the image to smoothen it (Figure 5(b))
and Weiner filter is applied to it for eliminating tiny noise elements from the image. The image is then shar-
pened to obtain the final denoised image (Figure 5(c)).

@ (b) ©

Figure 4. Image denoising with salt and pepper noise. (a) Noisy image, (b) Denoising stage 1, (c) Final denoised image.
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3. Results and Discussion

The performance of the proposed approach is evaluated using standard images (Lena, Baboon and Peppers).
Lena is the standard benchmark image containing required shade variations with smooth transitions. Baboon
image contains huge and sudden variations in the image intensities. These have very large probability of being
misclassified as noise. Hence in-order to identify the efficiency of the detection process in an image with high
variations, Baboon image is used. Peppers image contains large areas of similar color tones with varying sizes,
which makes the process of adaptive division a complicated process. Peppers image was introduced to identify
the efficiency of the block selection mechanism.

Noise is introduced to these images at various levels and PSNR of the noisy and denoised images are meas-
ured and used as the evaluation parameters.

Figures 6-8 present the Peak SNR values obtained by denoising the image Lena with salt and pepper noise,
Gaussian noise and a combination of the two noises. It is observed from Figures 6-8 that the performance of the
proposed approach is encouraging. For salt and pepper noise, the difference in PSNR of noisy and denoised im-
ages is quite good, and a similar result is observed in combination noise. The proposed approach, when applied
on Gaussian noise exhibited very slight improved performance as shown in Figure 7, while combination noise
was handled effectively and exhibited effective increase in the PSNR values as shown in Figure 8. Since the
proposed approach is efficient in identifying salt and pepper noise, better than Gaussian noise, lesser PSNR is
exhibited in Figure 7. In the mixed noise, the noise values are averaged out and hence PSNR improvements can
be observed.

(b) (c)

Figure 5. Image denoising with Gaussian noise. (a) Noisy image, (b) Denoising stage 1. (c) Final denoised image.

Noise Vs. PeakSNR (Lena)

PSNR

Noise

—@— PSNR (Denoised) PSNR (Noisy)

Figure 6. PSNR (Salt and pepper noise).

)



M. S. Devi, R. Sukumar

Noise Vs. Peak SNR (Lena)
o —
&
Z
w2
a9
Noise
—@—PSNR (Denoised) PSNR(Noisy)

Figure 7. PSNR (Gaussian noise).

Noise Vs. Peak SNR (Lena)

PSNR

Noise

—@— PeakSNR (Denoised) PeakSNR(Noisy)

Figure 8. PSNR (Salt & pepper and Gaussian noise).

Figures 9-11 show the noise reduction level of the images while considering salt and pepper noise, Gaussian
noise and a combination of the two noises. It could be observed that the level of reduction ranges from 1% and
moves linearly reaching up to 160% in salt and pepper, while Gaussian noise shows very low levels of reduction.
While in the combination method, the noise reduction level is observed to increase as the noise increases, how-
ever after a particular noise level, the noise reduction levels become constant and exhibit low levels of fluctua-
tion. The reduction rate is calculated by finding the difference between the PSNR values of the noisy image and
the denoised image and calculating its percentage with respect to the noisy image.

The appropriately defined large boundaries contained in Lena enable effective working of the noise detection
module. The salt and pepper noise, makes absolute modification of pixels, hence it was effectively identified and
eliminated.

Gaussian noise distorts pixels rather than performing absolute modification, hence is much more difficult to
identify and correct when compared to salt and pepper noise. It could be observed that better detection levels
were observed in low level noise, but as the noise level increases, it blends with the actual image, hence detec-
tion becomes challenging.

Combination noise deals with both detecting the noise type and applying corrective actions. Reduction in the
noise levels exhibits the efficiency of the noise identification and the correction process.
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Noise Reduction % (Lena)

PSNR

Noise

—e—0.005 —e—0.01 —e—0.02 —e—0.03 —e—0.04

Figure 9. Noise reduction % (Salt and pepper noise).

Noise Reduction % (Lena)

Reduction %

Noise

—0—0.005 —e—0.02

Figure 10. Noise reduction % (Gaussian noise).

Noise Reduction % (Lena)

Reduction %

Noise

—e—0.01 —e—0.02

Figure 11. Noise reduction % (Salt & pepper and Gaussian noise).
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Figures 12-17 show the peak SNR values of the noisy image and the denoised image and the noise reduction
levels by the proposed approach.

The Baboon image contains huge frequency variations. Hence, in Figure 12 it is observed that the denoised
image achieves lesser PSNR value compared to the noisy image. Its corresponding depiction of noise reduction
is present in the negative quadrant. This is due to the intrinsic frequency variations contained in the actual im-
age. However, as the noise intensity starts to raise, it is noticed that the proposed approach performs effectively
and also reaches a noise reduction rate of 140%.

Figures 18-23 show the peak SNR values and the noise reduction rates for the peppers image. Due to the reg-
ular and lower intrinsic variations contained in the image, the noise reduction algorithm gains an upper hand
even from the beginning.

Figures 24-26 show the noise levels, noisy and the denoised images of Lena. It is observed that the initial
noise levels do not have a great impact on the quality of the image, as the noise is distributed to a specific re-
gion. However, as the intensity of the noise increases, an impact on the clarity was observed and when it reaches
0.55, the maximum level dealt with in our experiments, the legibility of the image is completely lost. But it is
noticed that the denoised image has been constructed with most of the mandatory details.

Noise Vs. PeakSNR (Baboon)

.M

PSNR

Noise

—@— PSNR (Denoised) PSNR (Noisy)

Figure 12. PSNR (Salt and pepper noise).

Noise Vs. Peak SNR (BABOON)

PSNR

Noise

—@— PSNR (Denoised) PSNR(Noisy)

Figure 13. PSNR (Gaussian noise).
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Noise Vs. Peak SNR (BABOON)

PSNR

Noise

—@— PeakSNR (Denoised) PeakSNR(Noisy)

Figure 14. PSNR (Salt & pepper and Gaussian noise).

Noise Reduction % (Baboon)

PSNR

Noise
—e—0.005 —e—0.01

Figure 15. Noise reduction % (Salt and pepper noise).

Noise Reduction % (Baboon)

Reduction %

Noise

—e—0.005 —e—0.02

Figure 16. Noise reduction % (Gaussian noise).
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Noise Reduction % (Baboon)

Reduction %

Noise

—8—0.01 —0—0.02

Figure 17. Noise reduction % (Salt & pepper and Gaussian noise).

Noise Vs. PeakSNR (Peppers)

PSNR

Noise

—@— PSNR (Denoised) PSNR (Noisy)

Figure 18. PSNR (Salt and pepper noise).

Noise Vs. Peak SNR (Peppers)

PSNR

Noise

—@— PSNR (Denoised) PSNR(Noisy)

Figure 19. PSNR (Gaussian noise).
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Noise Vs. Peak SNR (Peppers)

PSNR

Noise

—@— PcakSNR (Denoised) PeakSNR(Noisy)

Figure 20. PSNR (Salt & pepper and Gaussian noise).

Noise Reduction % (Peppers)

PSNR

Noise

—e—0.005 —e—0.01

Figure 21. Noise Reduction % (Salt and pepper noise).

Noise Reduction % (Peppers)

Reduction %

Noise

—8—0.005 —e—0.02

Figure 22. Noise reduction % (Gaussian noise).
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Noise Reduction % (Peppers)

Reduction %

Noise

——0.01 —e—0.02

Figure 23. Noise reduction % (Salt & pepper and Gaussian noise).

Noise Noisy Image De-noised Image

0.1

0.2

Figure 24. Lena (Noisy image vs. Denoised image) (Salt and pepper).
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De-noised Image

Figure 25. Lena (Noisy image vs. Denoised image) (Gaussian noise).

Figures 27-29 show the images of Baboon subject to denoising. This image plays a vital role in identifying
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Noise Denoised Image

0.01

0.04

0.08

0.1

0.15

Figure 26. Lena (Noisy image vs. Denoised image) (Salt & pepper and Gaussian noise).
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Noise De-noised Image

0.2

Figure 27. Baboon (Noisy image vs. Denoised Image) (Salt and pepper).

the accuracy of the denoising algorithms due to its highly fluctuating nature. The spatial domain pixels of ba-
boon exhibit large variations. From the denoised images, it could be observed that the even with high pixel vari-
ations, the basic details of the image are preserved during the denoising phase.
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Noise De-noised Image

0.1

0.15

0.2

Figure 28. Baboon (Noisy image vs. Denoised Image) (Gaussian noise).

Figures 30-32 show the images of fruits subject to denoising. The specialty of this image is that the pixel
variations are very low, but the image has large number of edges associated with it. It could be observed from
the results that the edges are preserved to the maximum extent.
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Noise Noisy Image Denoised Image

0.04

0.08

0.1

Figure 29. Baboon (Noisy image vs. Denoised image) (Salt & pepper and Gaussian noise).
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Noise Noisy Image De-noised Image

0.1

0.15

0.2

Figure 30. Fruits (Noisy image vs. Denoised Image) (Salt and pepper).

4. Conclusions

This paper presents an effective method that performs denoising to provide a denoised image with acceptable
image quality. This paper is built on a principle that the noise contained in an image is not always constant. It
tends to vary and a single image can contain several types of noise in it. This method uses Particle Swarm
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De-noised Image

Figure 31. Fruits (Noisy image vs. Denoised image) (Gaussian).
Optimization to identify the noise contained in the image and uses appropriate methods to treat the noise. The

noise identification and the denoising components were found to perform efficiently. The noise identification
component effectively identified noise even at the noise level of 0.01. The denoising module was able to achieve

noise reduction levels as high as 160%.
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Noise Noisy Image De-noised Image

0.01

0.04

0.08

0.1

0.15

Figure 32. Fruits (Noisy image vs. Denoised image) (Salt & pepper and Gaussian noise).
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Limitations of our approach include fixed grid size. We assume that the noise distributed in the image occupies
a single defined grid. The size of the grid is defined in the application. Since the size of the grid is predefined, we
can see patches in the output denoised images though the SNR is better than the previous approaches.

Our future contributions will be based on providing dynamic grid size selection methods to identify the noise
distribution and filter out grids of various sizes containing specific noise and hence avoiding the appearance of
patches in the image. Domain specific block selections can also be performed, by modifying our algorithm to
work on particular set of image patterns which will further enhance the PSO performance, thereby resulting in
better SNR values. The proposed approach uses a plug-in model. PSO was used as a multi-class classifier. Any
type of error can be integrated by using the appropriate training data. Hence application based fine-tuning of the
detection process is possible.

References

[1] Vaswani, N. and Chellappa, R. (2006) Principal Components Null Space Analysis for Image and Video Classification.
IEEE Transactions on Image Processing, 15, 1816-1830. http://dx.doi.org/10.1109/TTP.2006.873449

[2] Shang, L. (2008) Denoising Natural Images Based on a Modified Sparse Coding Algorithm. Applied Mathematics and
Computation, 205, 883-889. http://dx.doi.org/10.1016/j.amc.2008.05.018

[3] Alan, C. and Bovik, C. (2000) Handbook of Image and Video Processing. Academic Press, San Diego, 1068.

[4] Grace, S., Chang, B.Y. and Vattereli, M. (2000) Wavelet Thresholding for Image Denoising and Compression. /EEE
Transactions on Image Processing, 9, 1532-1546. http://dx.doi.org/10.1109/83.862633

[5] Hyvérinen, A. (1997) Sparse Coding Shrinkage: Denoising of Nongaussian Data by Maximum Likelihood Estimation.
Neural Computation, 11, 1739-1768. http://dx.doi.org/10.1162/089976699300016214

[6] Hyvirinen, A. and Oja, E. (1997) A Fast Fixed-Point Algorithm for Independent Component Analysis. Neural Com-
putation, 9, 1483-1492. http://dx.doi.org/10.1162/nec0.1997.9.7.1483

[71 Vargasa, J., Sorzanoa, C.O.S., Quirogab, J., Estradac, J.C. and Carazoa, J.M. (2013) Fringe Pattern Denoising by Im-
age Dimensionality Reduction. Optics and Lasers in Engineering, 51, 921-928.
http://dx.doi.org/10.1016/j.optlaseng.2013.02.016

[8] Bertaccinia, D. and Sgallarib, F. (2010) Updating Preconditioners for Nonlinear Deblurring and Denoising Image Res-
toration. Applied Numerical Mathematics, 60, 994-1006. http://dx.doi.org/10.1016/j.apnum.2010.06.004

[91 Deng, L., Guo, H. and Huang, T. (2015) A Fast Image Recovery Algorithm Based on Splitting Deblurring and De-
noising. Journal of Computational and Applied Mathematics, 287, 88-97. http://dx.doi.org/10.1016/j.cam.2015.03.035

[10] Liu, X. (2015) Efficient Algorithms for Hybrid Regularizers Based Image Denoising and Deblurring. Computers &
Mathematics with Applications, 69, 675-687. http://dx.doi.org/10.1016/j.camwa.2015.02.011

[11] Chen, F., Zeng, X. and Wang, M. (2015) Image Denoising via Local and Nonlocal Circulantsimilarity. Journal of Vis-
ual Communication and Image Representation, 30, 117-124. http://dx.doi.org/10.1016/j.jvcir.2015.03.005

[12] Kalra, G.S. and Singh, S. (2015) Efficient Digital Image Denoising for Gray Scale Images. Multimedia Tools and Ap-
plications, 75, 4467-4484. http://dx.doi.org/10.1007/s11042-015-2484-x

[13] Wang, X., Liu, Y. and Yang, H. (2014) An Efficient Remote Sensing Image Denoising Method in Extended Discrete
Shearlet Domain. Journal of Mathematical Imaging and Vision, 49, 434-453.
http://dx.doi.org/10.1007/s10851-013-0476-x

[14] Parlewar, P.K. and Bhurchandi, K.M. (2013) A 4-Quadrant Curvelet Transform for Denoising Digital Images. Interna-
tional Journal of Automation and Computing, 10, 217-226. http://dx.doi.org/10.1007/s11633-013-0715-z

[15] Javed, S., Majid, A., Mirza, M. and Khan, A. (2015) Multi-Denoising Based Impulse Noise Removal from Images Us-
ing Robust Statistical Features and Genetic Programming. Multimedia Tools and Applications, 75, 5887-5916.
http://dx.doi.org/10.1007/s11042-015-2554-0

[16] Yan,J. and Lu, W. (2015) Image Denoising by Generalized Total Variation Regularization and Least Squares Fidelity.
Multidimensional Systems and Signal Processing, 26, 243-266. http://dx.doi.org/10.1007/s11045-013-0255-2

[17] Tan, S. and Jiao, L. (2007) Multivariate Statistical Models for Image Denoising in the Wavelet Domain. International
Journal of Computer Vision, 75, 209-230. http://dx.doi.org/10.1007/s11263-006-0019-7

[18] Binh, N. and Khare, A. (2010) Multilevel Threshold Based Image Denoising in Curvelet Domain. Journal of Computer
Science and Technology, 25, 632-640. http://dx.doi.org/10.1007/s11390-010-9352-y

)


http://dx.doi.org/10.1109/TIP.2006.873449
http://dx.doi.org/10.1016/j.amc.2008.05.018
http://dx.doi.org/10.1109/83.862633
http://dx.doi.org/10.1162/089976699300016214
http://dx.doi.org/10.1162/neco.1997.9.7.1483
http://dx.doi.org/10.1016/j.optlaseng.2013.02.016
http://dx.doi.org/10.1016/j.apnum.2010.06.004
http://dx.doi.org/10.1016/j.cam.2015.03.035
http://dx.doi.org/10.1016/j.camwa.2015.02.011
http://dx.doi.org/10.1016/j.jvcir.2015.03.005
http://dx.doi.org/10.1007/s11042-015-2484-x
http://dx.doi.org/10.1007/s10851-013-0476-x
http://dx.doi.org/10.1007/s11633-013-0715-z
http://dx.doi.org/10.1007/s11042-015-2554-0
http://dx.doi.org/10.1007/s11045-013-0255-2
http://dx.doi.org/10.1007/s11263-006-0019-7
http://dx.doi.org/10.1007/s11390-010-9352-y

O o N
%% Scientific Research Publishing

Submit or recommend next manuscript to SCIRP and we will provide best service for you:

Accepting pre-submission inquiries through Email, Facebook, LinkedIn, Twitter, etc.
A wide selection of journals (inclusive of 9 subjects, more than 200 journals)
Providing 24-hour high-quality service

User-friendly online submission system

Fair and swift peer-review system

Efficient typesetting and proofreading procedure

Display of the result of downloads and visits, as well as the number of cited articles
Maximum dissemination of your research work

Submit your manuscript at: http://papersubmission.scirp.org/



http://papersubmission.scirp.org/

	Metaheuristic Based Noise Identification and Image Denoising Using Adaptive Block Selection Based Filtering
	Abstract
	Keywords
	1. Introduction
	2. Metaheuristic Based Noise Identification and Image Denoising Using Adaptive Block Selection Based Filtering
	2.1. PSO Based Noise Identification
	2.2. Denoising Mechanisms

	3. Results and Discussion
	4. Conclusions
	References

