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Abstract: Applications of image processing in almost all the 

fields have led to an increasing usage of image de-noising 

methods. In this paper image de-noising techniques based 

on progressive implementation of laplacian regularization 

method is proposed. Where we perform recovery of images 

in this methodology based on progressive regularization of  

laplacian method. So, in order to de-noise we will first 

construct a multi-scaled representation of the target image 

using sampling technique, then the degraded image is 

recovered so that the information about sharp edges and 

texture can be recovered automatically. So the proposed 

technique tries to recover more and more information and 

removes the noise from an image with high accuracy and 

max PSNR value. 
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I. INTRODUCTION 

In this digital world, the digital images are often induced with 

various types of noises during transmission. Hence Denoising 

an image i.e., Image denoising task is becoming more 

significant than any other techniques in image processing. 

We have various types of noises like Amplifier noise or 
Gaussian noise, Salt and pepper and speckle noise, among 

them impulse noise is considered as frequently induced noise. 

We have various techniques to reduce these noises where 

edge preservation is a challenging problem. A vast variety of 

noise removing methods is available, touching different 

fields of signal processing, mathematics and statistics. From 

a signal processing perspective, impulse noise removal poses 

a fundamental challenge for conventional linear methods. 

The most common method of removing noise is by using 

filters. The common filters that are used for de-noising are  

low pass filters, median filters or by using transformation 
techniques They typically obtain the denoised image by 

removal of noise by low-pass filtering which is performed by 

removing the high-frequency components of images. This is 

effective for smooth regions in images. The most popular and 

robust nonlinear filters is the decision-based filters[1], where 

an impulse noise detector is implemented in which the pixels 

should be filtered where all the other pixels unchanged. If we 

consider median-filtering [1][2], although it reduces noise it 

increases the blurriness of the image. Whereas Low pass 

filter [3] removes noise at high frequencies but it induces 

large and spurious oscillations near the edges. So in this 

paper we proposed a laplacian method which involves 
sampling techniques and kernel based models in order to 

remove the impulsive or salt and pepper noise from the 

images by preserving the edges. Another important feature  

 

we consider is multi scale representation of an image using 

sampling techniques in order to reduce noise to larger extent 

and at the same time to preserves the edge details.  

 

                     (a)                   (b)  (c) 

Fig 1.  Noise removal (a) Input-Noised Image, (b) Result of 

LPF, (c) Result of Median filter. 

Let us consider the noised image which is given as input to 
the above specified filters, if it’s a low pass filter the output 

denoised image consists of large abrupt changes near the 

edges (in fig.1), whereas the median filter output increases 

the blurring of the image. So we have proposed a method in 

order to overcome these problems.\ 

 

II. PROPOSED CONCEPT FOR IMAGE DENOISING. 

A. MULTI-SCALE REPRESENTATION OF AN IMAGE 

In this representation the target image is decomposed using 

sampling technique, initially we perform down sampling. 

Later the down sampled image is again sampled in order to 

obtain multi scale [4][5] decomposition. Since we perform 
down sampling the information about the image increases 

where as the noise data decreases, Based on our assumptions 

we perform inter and intra correlations (as shown in fig.1) in 

order to retrieve actual data and to remove the noise. 

 
 

 
 

Intra scale correlations   

                                  Inter scale correlations  

 

Fig.2. Multi-scale representation using sampling technique 
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B. CONCEPT OF SAMPLING 

Sampling is a process of a continuous signal to a discrete 

signal. In Image processing we use the concept of sampling 

in order to retrieve the data. Generally in digital processing, 
an image function f(x,y) must be digitized both spatially and 

in amplitude. So we use a digitizer in order to sample and 

quantize the analog signal. So in order to form an image 

which is digital, we need to covert continuous data into 

digital form. There are two steps in which it is done using 

sampling and quantization. Generally the sampling-rate 

determines the spatial resolution of the digitized image, 

where as the quantization level determines the number of 

grey levels in that digitized image. A magnitude of the 

sampled image is expressed as a digital value in image 

processing. In the proposed technique we use up sampling 

and down sampling. Where up sampling is a process of 
increasing the size of the original image by adding pixels 

based on existing pixel values and image down sampling is a 

process of making a digital image smaller compared to 

original image by removing pixels, this process is exactly 

opposite to up sampling. Whereas interpolation is a process 

of making a digital image larger by interpolating pixels, it 

works completely based on estimation of pixel values based 

on neighboring pixels values.  

 

C. CONSIDERING IMPLICIT AND EXPLICIT-KERNELS 

Here we assume two principles namely local smoothness and 
non-local similarity. Where local-smoothness [3] means 

nearby pixels have same values where as non-local similarity 

means the pixels on a similar structure have identical 

intensity values. In order to perform Inter correlations and 

intra correlations we consider kernels. In inter correlations 

we perform comparisons between different scale images, 

where as in intra scale correlation we perform comparisons in 

the same scale of the image. So in order to perform inter-

scale correlations we use explicit kernels and to perform intra 

scale correlations we use implicit kernels. Since explicit 

kernels deals extracting information present in the structure, 
we consider it for inter scale correlation and since the 

implicit kernel [2] defines and recover the structure 

information, it is used in intra scale correlations. In this way 

we try to recover more and more information from coarser to 

finer.  

 

Algorithm of the proposed method: 

Step1.  Noised image is given as input 

2. First Down-sampling is performed on the  noised image I0 

3. Second Down-sampling is performed on the first sampled 

image I1 and we obtain I2. 

4. We interpolate the down-sampled image I2 using Implicit 
Kernel. 

5. The interpolated image is again reconstructed using 

explicit kernel and up sampling technique. 

6. The resultant image and the image I1 are considered and 

we perform interpolation using implicit kernel. 

7. Repeat from Step 4 to 6 to obtain de-noised image. 

 

 

D. IMAGE RECOVERY USING LAPLACIAN METHOD 

Generally if we consider image representation, any image X 

is represented with n pixels, all these pixels construct a 

sample set {x1, x2, x3..…., xn}. For impulse noise removal, 
if the actual pixels are dominated by noise pixels the image 

is said to be degraded to larger extent. So instead of using 

kernels alone we perform sampling technique and then 

interpolate it in order to retrieve actual information as shown 

below.  

 
Fig.3: Diagram of proposed method 

Here in the proposed method as shown in the Fig.3  the 

target image i.e., noised image is considered as I0 and is first 

down sampled in order to get I1 which is the next sampled 

version of target image. Further the sampled I1 is again 

sampled to obtain I2.  To improve accuracy we can further 

sample the image. We now consider I2 using implicit kernel 

and try to recover the actual information to some extent 

using interpolation of I2 and I^2. Now this image I^2 is up 

sampled to get our target image scale. This process is 

continued till we get the required de-noised image. Here 
while performing iterative re-estimation nothing but 

interpolation[6] where we need to estimate the accurate value 

between the samples so, we consider implicit kernel which is 

based on local smoothing principle i.e., the nearby pixels in 

an image are intended to have same pixel values, based on 

this concept we perform intra correlations. Whereas while 

performing up sampling we use explicit kernel which uses 

the concept of non-local similarity means the nearby pixels 

in a structure will have same intensities. So when we up 

sample the image by using this explicit kernel we try to intra 

correlate the multi scaled images. 

http://en.wikipedia.org/wiki/Continuous_signal
http://en.wikipedia.org/wiki/Discrete_signal
http://en.wikipedia.org/wiki/Discrete_signal
http://en.wikipedia.org/wiki/Discrete_signal


International Journal For Technological Research In Engineering 

Volume 2, Issue 9, May-2015                                                ISSN (Online): 2347 - 4718 

 
 

www.ijtre.com                        Copyright 2015.All rights reserved.                                                                          2054 
 

III. SIMULATION RESULTS 

The proposed method is tested by using Matlab 2013b. For 

experimental verifications five different images were taken 

then these noised images were denoised using the proposed 
method. Since, all the processing was done on the gray 

images, 512 x512 sized images are considered for input. By 

giving these images i.e., Lena, airplane, ship, pepper and 

wheel images as inputs one after the other to the Matlab 

program of proposed algorithm, the denoised images are 

extracted and are shown below. 

 
Fig 4. Results of the proposed method 

 
Fig 5. Results of the proposed method 

The proposed algorithm achieves highest PSNR values 

compared to other methods i.e., for lena image, PSNR = 
30.055 (in dB). So, we have considered different images as 

inputs and processing results with highest PSNR compared to 

other methods indicating the accuracy level of the proposed 

method. 

IV. CONCLUSION 

We have proposed an efficient laplacian based denoising 

method for reducing the noises in a degraded image and 

improving the quality of the image while preserving its edge 
details. Simulation results for different images with different 

noise levels are considered. Where multi scale representation 

with kernels are exploited in order to improve the accuracy 

of noisy image recovery. We also have confirmed that the 

algorithm works very well for high noisy levels. Hence the 

simulation results in the proposed method are quite enough 

to apply for the real time applications.  
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