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 Image processing by decomposition of an image into multiple components and 
applying image enhancement, denoising, and in-painting is an interesting research 

topic. The image denoising process is addressed by removing zero-mean white uniform 

Gaussian noise added in a given image. This approach is derived based on the sparse 
and repeated representations over self learning dictionary based on wavelets. 

Correlating between natural images and its parameters, using wavelet coefficient across 

time and space is the basic apprehension of this model. This paper inculcates a 
framework, acquired over complete dictionary form using an image having high spatial 

frequency parts. Unsupervised clustering is performed on observed dictionary atom. By 

applying this method the undesirable patterns and components in the image are 
identified. Image reconstructions obtain the denoised image using inverse wavelet 

transformation. Proposed system‟s performance is more competitive while comparing 

with modern image denoising algorithm. 
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INTRODUCTION 

 

 Images are contaminated by various noises 

during the acquisition of images and also 

transmission. It is necessary to reduce or remove 

these noises (denoising) to obtain professed images 

with enhanced quality. Denoising helps to improve 

accuracy, increase compression effectiveness and 

reduce transmission band width. Subsequent 

processing of these images facilitates feature 

extraction, object detection, motion tracking and 

pattern classification.  

 Denoising is a process in itself and component 

of the other processes and is considered an 

mandatory process in image processing. A good 

denoising model will have the properties that will 

remove noise persisting in the image while also 

preserving its edges. Different intrinsic and extrinsic 

(i.e. Sensor and environment) cause noises while 

acquiring / transmitting images, which is practically 

impossible to avoid (Luisier, 2011). Although, for 

image denoising many algorithms are proposed, the 

problem still persists and remains a challenge, 

specifically for images acquired / transmitted under 

poor conditions and at very high levels of noise.  

 The image denoising is represented using three 

techniques namely spatial domain, transform domain, 

and dictionary learning based on wavelet to represent 

the image. In spatial domain, while considering 

natural images, correlation is utilized. A series of 

candidates are used in the filtering process for a 

given patch. Based on selection of the candidates, 

spatial filters are classified as local and nonlocal 

filters. Both methods make use of the similarities 

between pixels/patches in an image.  

 Local filter supports the spatial neighborhood of 

the candidate pixel and the filter coefficients are 

restricted by the spatial distance of the pixel. For 

noise reduction many local filtering algorithms have 

been designed such as Gaussian, Wiener, least mean 

squares, trained, bilateral, anisotropic and steering 

kernel regression (SKR) filtering method. Another 

local filtering is metric Q for tuning parameters in 

SKR (MSKR) and kernel-based image denoising that 

employs semi parametric regularization (KSPR). 

Local filtering cannot perform well because 

correlation between neighboring pixels is corrupted 

by severe noise. In contrast, the Non Local filter uses 

the self-similarity of natural images in a non-local 

manner (Xuande Zhang, 2013). By weighted 

averaging all other patches in the same image a 

denoised patch is obtained in the non local means 

(NLM). The main disadvantage of non local spatial 

filter is, they produce artifacts such as over-

smoothing. 
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 The second denoising method is transform 

domain. The image patches are represented by the 

orthonormal basis with a series of coefficients 

(Florkowski, 2007). The smaller coefficients are the 

high frequency part of the input image which is 

related to image details and noise. After the smaller 

coefficients are adjusted, the reconstructed image 

could have less noise. Wavelet-based methods 

achieve better performance because they have 

superior properties such as sparsity and multi 

resolution. However, the intra scale and inter scale 

correlations of the wavelet coefficients have not been 

fully explored.  

 The third denoising technique using dictionary 

learning based methods and transform domain 

considers transforming images into other domains, in 

which similarities of transformed coefficients are 

employed. The difference between them is that 

transform domain approaches (Sallee 2002) usually 

apply fixed basis functions to represent images, but 

learning-based methods use sparse representations on 

a redundant dictionary (James Michael Hughes, 

2013). As an emerging machine learning technique, 

sparse representations have become a trend and are 

used for restoration problems. The general idea of 

dictionary learning based method is used to perform 

denoising by learning a large group of patches from 

an image dataset such that each patch in the 

estimated image can be expressed in a linear 

combination as a few patches only from repeated 

dictionary. Representative dictionary learning based 

methods are the K-clustering with singular value 

decomposition (K-SVD), learned simultaneous 

sparse coding (LSSC), and clustering-based sparse 

representation (CSR).  

 Block Matching 3-D filter (BM3D): As a novel 

method of image denoising, remarkable results are 

achieved by BM3D filter. BM3D filter achieves a 

single image by fully exploiting the sparsity of 

images. The pre-processing step done in this filter is 

similar to LSSC- it groups similar patches within an 

image into 3D patch cubes and subsequently applies 

wavelet transform method over them. Wavelet 

coefficients are filtered by thresholding and Wiener 

filtering in the wavelet domain. For images with 

abundant repetitive patterns this method works well, 

however for images with unique patches it produces 

suboptimal results.  

 Learned Simultaneous Sparse Coding: To have 

better outcome over images with unique patches, 

adaptive learning model based sparse coding has 

provided promising results. Image self similarity 

within neighborhoods are exploited by local filters, 

learned dictionaries by sparse coding which usually 

utilize the sparsity from external training data 

(Olshausen, 2000). This method does not solve data 

fitting problem in an optimal way, as using 

regularizer for denoising images is not a specialized 

one.  

 Bilateral Filter: A bilateral filter is a nonlinear 

filter removing the noise from images and also 

preserving the edges. It calculates the weighted sum 

of the pixels in the local neighborhood that depends 

on both the spatial distance and the intensity 

distance. This helps to preserve edges. The noise is 

dispersed. But, the performance will degrade at 

higher noise levels. 

 Although most of the dictionaries learning based 

methods have achieved competitive performance 

compared to the sparse model it is computationally 

expensive.  

 Applying this technique, images are 

morphologically decomposed into different patches 

suitable for variety of applications (Chen Huang, 

2014). This also helps to identify image components 

based on semantically similar patches and can be 

applied to the applications of image denoising using 

“Dictionary” (Huihui song, 2014). 

 Once observing dictionary atoms of image 

having high spatial frequency (potential noisy 

patterns), without any prior knowledge of number of 

clusters, the unsupervised clustering algorithm of 

affinity propagation is applied. This allows to 

identify dictionary atoms corresponding to adverse 

noise patterns automatically. 

 Considering the above facts, the proposed 

method doesn‟t require any external training image 

data (noisy and noiseless). Considering this method 

as an unsupervised, it can be directly applied to 

images and resolve issues related to removing 

Gaussian noise. This paper is structured as - Section 

II: Background work with reference to image 

denoising using Dictionary Method is reviewed, 

Section III: Covers proposed method to compare the 

performance of different denoising methods for 

evaluation, Section IV: Describes experimental result 

analysis of evaluated methods both quantitatively 

and qualitatively and Section V: Concludes with 

providing a suitable solution for image denoising 

using Self Learning Adaptive Dictionary method. 

 

Background Work for the Problem: 

 Literature survey on image denoising and 

dictionary based clustering methods are getting more 

responsive from researchers. Some of the techniques 

projected by prominent authors are evaluated for its 

merits and demerits, and subsequently an effective 

technique is being proposed for denoising using 

wavelet transform and adaptive dictionary learning 

method. 

 For image denoising, a very modest and well-

designed path based machine learning technique 

using Higher Order Singular Value Decomposition 

(HOSVD) was proposed by Ajit Rajwade, Anand 

Rangarajan and Arunava Banarjee (Ajit Rajwade, 

2011). Similar patches are grouped together from 

noisy image having similarity defined by criterion of 

statistically motivated 3D stack and computes 

HOSVD coefficients for the same (Peng Liu, 2012). 
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Subsequently these coefficients are manipulated 

using hard thresholding method and transforming 

inverse of HOSVD for producing ultimate filtered 

image. This technique basically is applied on color 

images and grayscale images. It removes only 

Gaussian noise and selects the optimal patch size, 

which is not constant across the images. 

 For signals represented as sparse and redundant, 

multi scale dictionary learning paradigms – K-

Singular Value Decomposition (K-SVD) and 

Wavelets approach were proposed by Boaz Ophir, 

Michael Lusting and Michael Elad. Power of learned 

dictionaries combined with Generic Multi-scale 

Representations, enables capturing of signals with 

intrinsic characteristics (Boaz Ophir, 2011). It helps 

to represent data in sparse manner which is more 

effective and looks at the signals globally. K-SVD 

cannot be directly deployed on large blocks to 

achieve effective image denoising. 

 Applying Wavelet Based Trivariate Shrinkage 

filter with spatial based joint bilateral filter to remove 

Gaussian noise from corrupted image was proposed 

by Hancheng Yu, Li Zhao and Haixian Wang. Co-

efficient of wavelet domains are modeled as 

trivariate Gaussian distribution. Deriving trivariate 

shrinkage filter is possible by using “Maximum A 

Posteriori” Estimator, considering statistical 

dependencies among intra-scale wavelet co-efficient 

(Hancheng Yu, 2009). This approach provides 

unappreciable results for real time images. This 

method proposes an effective denoising algorithm for 

removing unwanted noise while preserving the edges 

by receiving two parameters from the user. The user 

must select the most suitable parameter values to 

achieve the utmost meaningful result Mahbubur 

(Rahman, 2008). 

 Reviewing and making a comprehensive 

comparison of image denoising algorithm from 

Heuristic Optimization to Dictionary learning was 

proposed by Ling Shao, Ruomei Yan, Xuelong Li 

and Yan Li. Through learning a large group of 

patches from an image dataset, this method performs 

denoising of images. Linear combination of similar 

patches available in redundant dictionary can be 

expressed based of each patch existing in the image 

dataset. K-clustering with Singular Value 

Decomposition (K-SVD), Learned Simultaneous 

Sparse Coding (LSSC) and Clustering-based Sparse 

Representation (CSR) methods are considered as 

prominent redundant dictionary based learning 

techniques. K-SVD method adopts the technique of 

searching optimal decomposition of patch in the 

whole image dictionary while updating the same with 

given input information (Ling Shao, 2013). This 

situation is improved by applying clusters in sparse 

decomposition. However the performance largely 

depends on initial dictionary trained offline on high 

quality images and the nonlocal grouping results in 

high quality images. To overcome this CSR 

technique uses similar framework by reducing 

computational complexities significantly. While 

comparing the other state of art techniques, these 

methods achieve competitive performance in image 

denoising, but the demerit is that it is 

computationally expensive.  

 Single image denoising based on Self Learning 

Image Decomposition was proposed by De-An 

Huang, Li-Wei Kang, Yu-Chiang Frank Wang and 

Chia-Wen Lin. Initially, this framework observes 

dictionary atoms from the given input image. With 

grouping of dictionary atoms, image components 

associated with different context information is 

automatically learned from derived dictionary atom 

(Tai-Chiu Hsung, 1999). This technique needs prior 

knowledge on the type of images or the collection of 

training image data (De-An Huang, 2014). It helps to 

identify image components corresponding to 

undesired noise patterns for effective image 

denoising process.  

 

Proposed Method: 

 In the proposed system, the prime demerit of the 

existing system is overcome. Image denoising is 

done by incorporating self-learning based Adaptive 

dictionary framework. This framework acquires an 

over complete dictionary from high spatial frequency 

parts of the image. For obtaining high spatial 

frequency part, the Wavelet Packet decomposition is 

used. Wavelet based dictionaries have a clear 

advantage for image denoising since wavelet 

transforms have sparse, multi-resolution and similar 

with the human visual system. By using self learning 

adaptive algorithm, dictionary learning is 

implemented on these parts of the images and the 

noisy patches are stored in the dictionary (Ender 

Eksioglu,2014).  

 

Methodology: 

 Consider clean image as „x‟ and noisy images as 

„y‟ which is contaminated by additive noise with 

zero-mean over clean image. Initially, transform 

image y into the wavelet domain, which contains 

several decomposition levels. Within each 

decomposition level, the wavelet coefficients are 

divided into overlapping patches of a fixed size. Each 

patch is modeled as a vector variable and applying 

Fuzzy c-means clustering to the vectors. 

Subsequently in each cluster, a sub-dictionary is 

trained through a reweighted aggregating moments. 

This process is performed on trained dictionaries and 

wavelet coefficients are then denoised by sparse 

coding process. All the trained sub-dictionaries is 

combined over the complete dictionary of this scale. 

Finally, the wavelets will be transformed back to the 

spatial domain, which results in the estimated 

denoised image ˆx. This process is explained in the 

following sections in detail. 
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Fig. 1: Wavelet decomposed image. 

 

 Converting the signal into mutually orthogonal 

set of wavelets by using this decomposition (LL, LH, 

HL, HH) from which the high frequency part (LH, 

HL and HH) is utilized for dictionary learning. 

Principle Component Analysis (PCA) searches for 

the best dictionary among given set of signals, 

represented sparsely by each signal. Considering 

signals “N” as dimension of “n” - the number of 

elements in the dictionary and iterations to be 

performed to choose the best dictionary. The best 

dictionary is chosen as the Adaptive Dictionary 

where denoising an image is performed by sparsely 

representing each block with already over complete 

trained dictionary (Roberto Rosas-Romero, 2014). In 

order to denoise the images using Wavelet packet 

decomposition (Weijin, 2014) and Dictionary 

learning we need to increase image visual quality and 

improve the PSNR value (Quantitative Measure). 

 Denoising Using Self Learning Adaptive 

Dictionary (SLAD): In this work, we introduce 

dictionary learning setting and clustering framework 

within the sparse modeling. High frequency signals 

are remodeled in a sparse coding manner by 

optimizing the set of dictionaries available in each 

cluster. Fewer atoms of learned dictionary cluster 

together by unification of learned low dimension of 

subspaces and associated data points. This process is 

appropriate to handle large datasets. In this method 

clean image is reconstructed using neighboring 

overlapping blocks and local spatial features 

(Qiangqiang Yuan, 2012). By using low rank 

dictionaries, image patches are derived from clean 

image, which helps to speed up computation and 

reduce size of local dictionaries (Ruomei Yan, 2014). 

Principal Component Analysis is employed, which 

uses orthogonal transformation for converting 

observation of possibly correlated variables into 

linearly uncorrelated variables. This method shows 

good performance as images are denoised without 

losing its main features. 

 

Proposed System Architecture: 

 The existing architecture of the main filter used 

for image denoising is bilateral filter. In the proposed 

method Wavelet Transform issued which is effective 

tool for image denoising. Detailed process of image 

denoising by using of this technique is given in the 

architecture below (Figure 2) 

 

 
 

Fig. 2: Proposed Method Architecture. 

 

 Proposed framework benefits from dictionary 

based method. It introduces natural image priors 

from the learned bases. An dictionary learning 

scheme is adaptive by joining the advantage of DCT 

and Global dictionary method.  

 The task of adapting the training data to the 

learning of a dictionary is dictionary learning. The 

total error is made very small and the training set has 

a sparse representation. Sparse coding and dictionary 

updating are two components of dictionary learning 

algorithm. To overcome complexity and find best 

training signal is sparse coding and common sparse 

in Orthogonal Matching Pursuit (OMP) algorithm. It 

is used for obtaining sparse codes. 

 The K-means clustering approach is used in 

dictionary structuring strategy in order to modify the 

structure of the dictionary. This is done by grouping 

the atoms & calculating the prototype atom of each 

cluster. Multiple selections are then performed on the 

sub dictionary allowing selection of multiple 

prototype atoms. During dictionary updating stage, 

the optimization is performed as alternate to 

approximate the singular value decomposition. The 

final reconstructed sparse code matrix is estimated 

and averages the estimates of each pixel to 

reconstruct the final image. 

 

Proposed Self Learning Adaptive Dictionary (SLAD) 

Algorithm: 

 Initialization of dictionary learning process 

involves various parameters namely – number of 

elements in each linear combination, dictionary 

elements, iteration to execute PCA algorithm. Error 

flag is raised when certain error is reached in the 

process of decomposing the signal. The following 

algorithm helps to achieve effective denoising. 

 In the wavelet domain, the lowest subband (LL) 

contains the highest energy coefficients, and it is 

robust to noise. Normally it is simple to apply soft-

thresh holding on the LL coefficients (Ruomei yan, 

2013). The rest of the subbands are processed by Self 

Learning Adaptive Dictionary algorithm. 

Step 1: Input  

 The noisy image y, standard deviation of the 

noise σ. 

Step 2: Parameters are 

 The iteration times for the dictionary learning 

process P; 
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 The patch size of the wavelet coefficients M = m 

× m; 

 The type of the wavelet transform; 

 The number of dictionary atoms per dictionary 

for each decomposition level rl ; 

 The C for fuzzy c-means clustering 

 The initial γ for the l1regularization and the 

initial θ 

 Step 3: Initialization  

 The initial dictionaries can be learned from the 

online process or fixed basis transform matrices like 

Discrete Cosine Transform (DCT). Apparently, the 

pre learned dictionary (learned from the clean 

images) is a good initial dictionary for the denoising 

process. However we use wavelet based DCT as the 

initial dictionary, planning to demonstrate that our 

method can exploit the image self similarity instead 

of photometric similarity well without the help of 

external dictionary elements from image datasets. 

Step 4: Wavelet decomposition 

 The 2-D wavelet transform is applied to the 

noisy input image y: 

 For each decomposed level, patches with the 

size  

 m × m are extracted from maximum 

overlapping. 

Step 5: Dictionary Learning:  

 In this learning process, for each wavelet 

decomposition level, repeat P times: 

Step 5.1: Fuzzy C-means clustering:  

 The wavelet coefficients patch matrix will be 

clustered by Fuzzy C-means clustering into C 

clusters. 

Step 5.2: Sub-dictionary training. 

 Within each cluster the optimization of the 

dictionary is between the dictionary and the sparse 

codes alternatively: 

Step 5.3: Initialization: the sub-dictionary is 

initialized with DCT coefficients and repeat P times: 

Step 6: Sparse Coding Stage  

 Fix the dictionary, update the sparse codes: use 

to aggregate moments the sparse codes for the 

patches in each cluster. 

Step 7: Dictionary Update Stage  

 Fix the sparse codes, update the dictionary: 

compute dictionary Dw(t) and Return the learned 

dictionary. Within each cluster the sub dictionary is 

trained by the iterative method .Afterwards, all the 

sub-dictionaries will be at each decomposition level. 

Step 8: Image reconstruction: 

Step 8.1: Sparse coding: For the reconstruction stage, 

the dictionary for each decomposition level is 

known. Our goal is to find the sparse representation 

for each location and the overall output wavelet 

coefficients.  

Step 8.2: Reconstruction in the wavelet domain: 

 The final reconstructed wavelet coefficients 

matrix can be estimated, Once we obtain the 

denoised patches in spatial domain and average the 

estimates of each pixel to reconstruct the final image.  

Step 9: Calculate the values of PSNR, threshold and 

MSE using the following formulae: 

PSNR = 20*log10 (255/sqrt(mean((IMin(:)-

IMin0(:)).^2))); 

THR = wpbmpen(t,sigma,alpha); 

MSE= sum(v1(:))/numel(img); 

Step 9.1: Compare the noisy image and the image 

after denoising using the Comparison factors. 

 

Experimental Results and Analysis: 

 Experiment is conducted on Gaussian noised 

images of the size 256x256 pixels. After collecting 

several images from the database, Gaussian noise is 

added at different noise levels manually. The quality 

of the image after the implementation of the 

proposed SLAD is evaluated and tabulated below. 

The data training set chosen, test data involved and 

addition of Gaussian noise is explained below.  

 Data training set: Classical dataset composing of 

100 images. All images are down sampled into 

256X256 by bi cubic interpolation and then 

converted from color images to gray-scale images.  

 Test data: (1)Standard test images: 6 images 

which are standard testing images are used for most 

state-of-the- art denoising algorithms, including 

“Barbara”, “Boat”, “Lena”, “Cameraman”, “House” 

and “Peppers”.  

 Gaussian noise: The proposed method was 

trained on image patches which are contaminated by 

additive Gaussian noise with the standard deviation 

of 10,20,25, 30 and 40. Optimal parameter is set for 

these methods. The quantitative results of the 

algorithm are compared with existing dictionary 

learning-based methods: K-SVD, among which 

SLAD is considered superior to others. As shown in 

Tables2 and 3, the proposed SLAD provides a 

appreciable improvement over K-SVD at lower 

medium noise levels. This corresponds the 

characteristics of the Wavelet Packet Decomposition, 

and at those noise levels it manages to avoid blurring 

the edges while smoothing the homogeneous regions. 

Adaptive parameter tuning is enabled in this 

framework within each local patch, which enhances 

the performance of the original self learning 

dictionary method. On the contrary, K-SVD uses a 

global dictionary to generate representations for local 

patches, leading to inaccurate sparse representations.  

 For evaluation, six images are chosen and the 

PSNR value of the different images are tabulated. 

The images chosen are named as Lena, House, Boat, 

Pepper, Barbara and Cameraman. The noise level is 

increased using SLAD consistently in the σ range 

10,20,25,30 & 40. The Discrete Cosine Transform is 

combined with proposed algorithm(SLAD) and 

values are given in DCT column. The wavelet packet 

decomposition along with global dictionary values 

are tabulated as „Global‟. The proposed SLAD 

values with wavelet packet decomposition is 

represented as SLAD. The values tabulated clearly 

denote for the different images that there is 
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considerable increase in PSNR values when the 

proposed SLAD is incorporated.  

 For σ =10 the values increase from 35.30 in the 

DCT level to 35.43 in the Global level and increases 

in as 35.47 in the SLAD level for LENA image. 

Because lena contains high frequency texture areas 

that self larning adaptive dictionary learns the 

specific charcteristic has a clear advantage over the 

DCT and global. When sigma is 20, the DCT value is 

32.03, the Global value is 32.32 and SLAD becomes 

32.44. when noise level is increased to sigma 30, the 

DCT is 29.98, the Global becomes 30.32 and SLAD 

is 30.43. The noise level is increased to a maximum 

of sigma 40 and the PSNR value decrease and the 

DCT value becomes 28.55, Global is 28.94 and 

SLAD is at 28.98. Therefore the table concludes that 

for LENA image, SLAD achieves higher 

performance at sigma 10. 

 For σ =10 the values increase from 35.43 in the 

DCT level to 35.68 in the Global level and increases 

in as 35.99 in the SLAD level for HOUSE image. 

Because PCA incorporated for dictionary learning of 

the image, it helps to remove diagonal oriented 

noises. When sigma is 20, the DCT value is 32.15, 

the Global value is 32.83 and SLAD becomes 33.16. 

when noise level is increased to sigma 30, the DCT is 

30.03, the Global becomes 30.79 and SLAD is 31.08. 

The noise level is increased to a maximum of sigma 

40 and the PSNR value decrease and the DCT value 

becomes 28.69, Global is 29.33 and SLAD is at 

28.53. Therefore the table concludes that for HOUSE 

image, SLAD achieves higher performance at sigma 

10. 

 For σ =10 the values increase from 33.42 in the 

DCT level to 33.51 in the Global level and increases 

in as 33.60 in the SLAD level for BOAT image. 

When sigma is 20, the DCT value is 29.91, the 

Global value is 30.26 and SLAD becomes 30.37. 

when noise level is increased to sigma 30, the DCT is 

27.89, the Global becomes 28.28 and SLAD is 28.40. 

The noise level is increased to a maximum of sigma 

40 and the PSNR value decrease and the DCT value 

becomes 26.60, Global is 26.97 and SLAD is at 

27.06. Therefore the table concludes that for BOAT 

image, SLAD achieves higher performance at sigma 

10. 

 For σ =10 the values increase from 33.90 in the 

DCT level to 34.26 in the Global level and increases 

in as 34.20 in the SLAD level for PEPPER image. 

When sigma is 20, the DCT value is 30.19, the 

Global value is 30.93 and SLAD becomes 30.84. 

when noise level is increased to sigma 30, the DCT is 

28.03, the Global becomes 28.90 and SLAD is 28.84. 

The noise level is increased to a maximum of sigma 

40 and the PSNR value decrease and the DCT value 

becomes 26.47, Global is 27.38 and SLAD is at 

27.43. Therefore the table concludes that for 

PEPPER image, SLAD achieves higher performance 

at sigma 10. 

 For σ =10 the values increase from 33.98 in the 

DCT level to 33.07 in the Global level and increases 

in as 34.42 in the SLAD level for BARBARA image. 

Because barbara contains high frequency texture 

areas that SLAD learns the specific characteristic has 

a clear advantage over the global and DCT. When 

sigma is 20, the DCT value is 29.99, the Global value 

is 28.91 and SLAD becomes 30.87. when noise level 

is increased to sigma 30, the DCT is 27.61, the 

Global becomes 26.57 and SLAD is 28.58. The noise 

level is increased to a maximum of sigma 40 and the 

PSNR value decrease and the DCT value becomes 

26.00, Global is 25.11 and SLAD is at 26.92. 

Therefore the table concludes that for BARBARA 

image, SLAD achieves higher performance at sigma 

10. 

 For σ =10 the values increase from 33.43 in the 

DCT level to 33.51 in the Global level and increases 

in as 33.69 in the SLAD level for CAMERAMAN 

image. When sigma is 20, the DCT value is 29.41, 

the Global value is 29.89 and SLAD becomes 29.92. 

when noise level is increased to sigma 30, the DCT is 

27.35, the Global becomes 27.99 and SLAD is 28.06. 

The noise level is increased to a maximum of sigma 

40 and the PSNR value decrease and the DCT value 

becomes 25.83, Global is 26.48 and SLAD is at 

26.64. Therefore the table concludes that for 

CAMERAMAN image, SLAD achieves higher 

performance at sigma 10. 

 

Visual performance comparison Gaussian noise:  

 SLAD method proposed produces better visual 

results than all the methods at low, medium and high 

noise levels. This is due to the fact that the function 

set is mostly of wavelet sparsity, multi-resolution and 

similarity that is good at preserving edges when the 

noise levels are not high. One can see that the SLAD 

provides the best overall visual performance among 

these methods. Experiments were carried out on a 

workstation with a 3.0-GHz, Intel(R) 2 Core CPU. 

The performance is shown in Table 1.  

 
Table 1: a. PSNR value of different images for proposed method. 

Images sigma=10 sigma=20 

DCT Global SLAD DCT Global SLAD 

Lena 35.30 35.43 35.47 32.03 32.32 32.44 

House 35.43 35.68 35.99 32.15 32.83 33.16 

Boat 33.42 33.51 33.60 29.91 30.26 30.37 

Pepper 33.90 34.26 34.20 30.19 30.93 30.84 

Barbara 33.98 33.07 34.42 29.99 28.91 30.87 

Cameraman 33.43 33.51 33.69 29.41 29.89 29.92 
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Table 1: b. PSNR value of different images for proposed method. 

Images sigma=30 sigma=40 

DCT Global SLAD DCT Global SLAD 

Lena 29.98 30.32 30.43 28.55 28.94 28.98 

House 30.03 30.79 31.08 28.69 29.33 29.53 

Boat 27.89 28.28 28.40 26.60 26.97 27.06 

Pepper 28.03 28.90 28.84 26.47 27.38 27.43 

Barbara 27.61 26.57 28.58 26.00 25.11 26.92 

Cameraman 27.35 27.99 28.06 25.83 26.48 26.64 

 

 Table 1a & 1b. summarizes these denoising 

results for the DCT dictionary, the globally trained 

dictionary and training on the corrupted images 

directly (SLAD). Experiments were conducted based 

on image dictionary size 64X256 pixels. This 

dictionary is designed to handle image patches of 

size 8X8 pixels (n=64, k=256). Every result derived 

is an average of 5 experiments, having different 

realizations of the noise. From the derived results, 

SLAD for different noise levels sigma 10,20,30 & 40 

are getting better PSNR value when comparing with 

DCT and Global dictionary methods. 

 The self learning dictionary learned from a total 

of 5000 overlapping patches generated from the 

noisy image. The sparse representation step is 

realized by OMP. This is not applied in existing 

method and observation noise with varying variance 

σ
2
 is added and σ is assumed to be a prior known to 

finding PSNR. 

 With reference to the above table, it may be 

inferred that, when the noise is increased the DCT 

method PSNR value proportionately decreases. This 

result shows, the quality of picture increases while 

applying the proposed method through DCT. While 

comparing the results with the other methods like 

SLAD and Global, it appears to be of same trend 

while increasing the noise level.  

 Figure 3,4,5 & 6 shows pictorial representation 

of table 1a&1b. 

 

 
 

Fig. 3: PSNR value for images at noise level σ=10. 

 

 
 

Fig. 4: PSNR value for images at noise level σ=20 

 

 

 



14                                                               A. Gayathri and A. Srinivasan, 2015 

Advances in Natural and Applied Sciences, 9(9) Special 2015, Pages: 7-17 

 
 

Fig. 5: PSNR value for images at noise level σ=30. 

 

 
 

Fig. 6: PSNR value for images at noise level σ=40. 

 
Table 2: MSE value of different images for proposed method 

MSE value of different images for proposed method 

Image Name Sigma Value 

σ=10 σ=20 σ=30 σ=40 

Lena 9.59 32.69 32.69 45.39 

House 9.31 19.82 32.31 43.96 

Boat 14.78 33.19 52.89 71.14 

Pepper 13.25 31.13 51.21 73.28 

Barbara 12.99 32.56 56.38 81.66 

Cameraman 14.77 37.24 59.91 84.90 

  

 Table 2 shows MSE values for considered 

images at various noise level. From the tabulated 

derived values the MSE value is minimum at σ=10 

and maximum at σ=40. While evaluating the values, 

it is observed that when the noise level is increased 

from 10dB to 20dB MSE is increased by 10% 

However, for increase in noise level from 20dB to 

30dB and 30dB to 40 dB, the increase in value is less 

while comparing previous value. In comparison with 

conventional methods, the MSE value is much lower 

for the noise level 10, 20, 30 and 40 dB. Particularly 

for house image MSE value is very low, due to 

separation of diagonal orientations PCA helps 

remove the noise in diagonally oriented image 

regions. This table is represented pictorially 

represented in figure 7. 

 
Table 3: PSNR value using Existing Vs Proposed method for sigma=25 db: 

 
Image 

Existing Proposed 

DCT Global KSVD DCT Global SLAD 

Lena 28.69 29.25 25.68 30.92 31.24 31.35 

House 30.34 31.87 27.82 31.06 32.82 32.14 

Cameraman 28.43 28.88 29.79 29.24 29.83 30.90 

Boat 27.34 27.81 26.29 28.81 29.18 29.29 

Barbara 27.27 28.8 27.34 28.66 29.60 29.57 

Pepper 28.87 29.27 28.43 28.98 29.80 29.67 
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 From table 3 shows PSNR value comparison 

among existing and proposed method at σ=25. 

 While comparing the tabulated values derived 

using existing and proposed method at noise level 25 

for PSNR value of DCT and global methods, the 

proposed algorithm shows better results for all 

images. For evaluating existing method K-SVD is 

applied, wherein for proposed method SLAD is 

applied as it provides better visual quality. While 

comparing these two methods, SLAD provides better 

results and image quality without compromising its 

edges.  

 The result of the above table is presented in 

graphical form as figure 8, 9 &10. 

 

 

 
 

Fig. 7: MSE value for images at different noise level σ=10,20,30 and 40. 

 

 
 

Fig. 8: PSNR value comparison for DCT Method at noise level σ=25  
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Fig. 9: PSNR value comparison for GLOBAL Method at noise level σ=25. 

 

 
 

Fig. 10: PSNR value comparison for KSVD Vs SLAD Method at noise level σ=25 

 

 Commonly higher quantitative results yield 

better visual results. However: 1) in terms of the 

edge preserving ability, self dictionary learning 

methods achieve best results; 2) for certain textures 

(oscillatory patterns), wavelet based methods work 

better than the other two categories; for instance, the 

separation of diagonal orientations PCA helps 

remove the noise in diagonally oriented image 

regions; 3) regarding the highly corrupted images, 

learning based methods work better; this shows even 

more obviously in visual results than the quantitative 

results; and 4) basis functions vary from pixel to 

pixel are helpful to preserve fine details in images 

compared to global models and models learned for 

each cluster.  

 For achieving excellent denoising results, PCA 

algorithms are applied and large standard deviation 

values were set for these algorithms. This helps to 

allow removing of high spatial frequent patterns 

including possible Gaussian noise spatial frequency 

parts of input image without fine tuning the 

parameter.  

 

 

 

Conclusion: 

 A paradigm method of denoising to obtain 

qualitative images using self learning adaptive 

dictionary is proposed. Wavelets Packet Transform 

(WPT) helps to decompose high and low frequency 

spatial parts of images. As compared to DCT and 

Global Dictionary method, the experimental result 

shows that SLAD method is much effective for the 

process of image denoising. SLAD with Wavelet 

transformation combined together helps 

approximation of good image with limited number of 

co-efficient. These images can be extracted and 

encoded for edge information which provides visual 

cues. PSNR and MSE values are calculated for 

different noise levels and tabulated results shows 

applying the proposed method help to achieve 

effective image denoising. The proposed Self 

learning Adaptive Dictionary have produced the 

competitive denoising results compared to the 

existing scheme both objectively and subjectively so 

far. Therefore, the future enhancement can be 

focused on improving more structured dictionaries 

and more efficient optimization processes.  
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