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We analyze one of the leading methods used for removing noise from digital images proposed by Portilla et. al. 
Ideally, the algorithm should be able to “see through” the noise and should recreate the original pristine image. 
We tested this algorithm on simulated images contaminated by additive white Gaussian noise. We show that the 
performance of this algorithm surpasses that of previously published methods in terms of mean squared error.  
 
Q. What is Image Noise and what are its origin? 
Noise has a grainy effect on an image and it degrades the photo quality. Digital noise usually occurs when we 
take low light photos (night photos, indoor dark scenes). Noise creeps into images when very slow shutter 
speeds are used and when photos are captured in very high sensitivity modes. It can even be caused due to the 
sensor and circuitry of the camera. Overall, image noise is an undesirable by-product of image capture that adds 
spurious and extraneous information. 
 
 
 
 
 
 
 
 
 
Figure 1: Noisy images of horse and ice berg. Humans can “see through” the images and identify the underlying horse and 

the ice berg. 
Q. What is Image Denoising? 
Denoising is the process of removing noise from images. This is a classical problem in image processing and 
signal processing for validating algorithms. Over the years, researchers have used various statistical, machine 
learning, and signal processing techniques to tackle this problem and see the effectiveness of their algorithm.  
 
Q. What are its uses? 
Denoising has many uses. It is used for perceptual satisfaction, for aesthetics purposes and more importantly as 
a preprocessing step for various other algorithms like for Computer Vision Tasks. When  performing an object 
recognition task, it is often that our first step is to denioise the image so that the computer can perceive the 
objects present in that image. 
Noise represents the high frequency content of the image. So, one intuitive thing that comes to mind for 
denoising is just smoothing an image to get rid of the noise. But there are other image content like edges and 
textures which can represent high frequency content. The aim of denoising is therefore, to remove noise while 
preserving other high frequency contents. Thus, the problem becomes challenging. 
 
Primary Reference we used: 
The method described by Portilla et. al. is based on a statistical model of coefficients of an overcomplete 
multiscale oriented basis. Neighborhoods of coefficients at adjacent positions and scales are modeled as the 
product of two independent random variables: a Gaussian vector and a hidden positive scalar multiplier.  
 
Firstly, we decompose an image into band-pass sub-bands images. Bandpass images are images that have a 
lower and an upper frequency bound. This is basically a transformation from a spatial domain to wavelet domain.  
Then, we will denoise each of the sub-band in this domain and since this transform is perfectly reconstructable, 
we will reconstruct the denoised image in spatial domain from where we started. 
 
Advantage of wavelet transformation is that the transformed signal provides the most efficient representation of 
space and the frequency present in the image simultaneously. Also the transformed subbands are sparse and 
uncorrelated. So it gives an advantage over processing in either spatial or frequency domain. 
 
Algorithm: 
Our algorithm could be summarized as following: 



1.) Decompose the image into sub-bands 
2.) For each sub-band(except the low pass residual): 

a) Compute neighborhood noise covariance, Cw, from the image-domain noise covariance 
b) Estimate noisy neighborhood covariance, Cy 
c) Estimate Cu from Cw and Cy 
d) Compute Λ and M 
e) For each neighborhood: 

i)      For each value z in the integration range: 
A) Compute E{xc|y, z} 
B) Compute p(y|z) 

ii)     Compute p(z|y) 
iii)    Compute E{xc|y} numerically 

3) Reconstruct the denoised image from the processed sub-bands and the lowpass residual 
  
Gaussian Scale Mixture (GSM): 
We assume the coefficients within each local neighborhood around a reference coefficient of a pyramid sub-
band are characterized by a Gaussian scale mixture (GSM) model. Formally, a random vector x is a Gaussian 
scale mixture if and only if it can be expressed as the product of a zero-mean Gaussian vector u and an 
independent positive scalar random variable √z: 

x = √z . u 
The vector x is thus an infinite mixture of Gaussian vectors, whose density is determined by the covariance 
matrix Cu of vector u and the mixing density, pz(z): 
  
  
  
 
 
where,          z is the random scaling multiplier 
                     Cu is the Covariance matrix from vector x 
  
Problem Description of Image Denoising: 
We assume the image is corrupted by independent additive white Gaussian noise of known variance. A vector y 
corresponding to a neighborhood of N observed coefficients of the pyramid representation can be expressed as: 

y = x + w = √z.u + w 
To estimate x in this case for each neighborhood xc, the reference coefficient at the center of the neighborhood, 
from y, the set of observed (noisy) coefficients. The Bayes least squares (BLS) estimate is just the conditional 
mean:  
  
  
  
  
  
  
  
  
Thus, the solution is the average of the Bayes least squares estimate of x when conditioned on z, weighted by 
the posterior density, p(z|y). 
 
 
 
 
 
 
 
 
 
 
 



Results 
We measure performance of our algorithm against one of the traditional algorithm, Non Local Means denoising. 
We will be using PSNR (Peak Signal to Noise Ratio) as the metric for our evaluation. PSNR is an inverse proxy 
for MSE. 

• GSM-BLS does not perform significantly better than NLM when denoising images with little noise.  
• GSM-BLS surpasses the performance of NLM in denoising images with high noise. 
• Additionally, we find that BLS – GSM converges faster than NLM. 

 
 
 
 
 
 
 
 
 

 
 
 

Figure: The input image has been contaminated by additive white gaussian noise of standard deviation 50. BLS 
– GSM is able to recreate the textures of her hair better than NLM 

 
 
 
 
 
 
 
 
 

 
 
 
 

Figure: The input image has been contaminated by additive white gaussian noise of standard deviation 80. BLS – GSM is 
able to recreate the textures of her pants and the table cloth better than NLM 

 
 
 
 
 
 
 
 
 
 

Figure: GSM – BLS performs equal or better than NLM in less time in low noise images. GSM-BLS outperforms NLM in 
denosing images with high noise. 

 
Future Work: 

• Unlike SSIM (Structural SIMilarity Nndex), PSNR is not a perceptual metric. Perceptual metrics take into 
account human perception into account when deciding the quality of the images. Using a perceptual 
index gives us the power to evaluate images as a human would. We used PSNR because it is easier to 
evaluate and we wanted to recreate the observations from the paper. 

• We can also use information from parent sub bands when we model GSM. We expect that this would 
improve over capability to estimate the original image. 

• We can also use a better prior for z, the mixing multiplier in the GSM model. We have used the Jeffery’s 
prior, which assumes that p(z) is 1/z for all z.  
 


