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Abstract:- Noise is one of the classic problems and processes used 
in image processing work. Image noise is random variation of 
brightness or color information in images, and is usually an aspect 
of electronic noise. The problem of blind noise level estimation 
arises in may image processing applications, such as denoising, 
compression, and segmentation. In this paper we consider images 
corrupted with additive white Gaussian noise(AWGN) and propose 
a new noise level estimation method based on principal component 
analysis of image blocks. Then we denoising the estimated noise 
from the image using Gaussian filter. The noise variance can be 
estimated as the smallest Eigen value of the image block covariance 
matrix. The principal component analysis(PCA) of image blocks, 
which has been already successfully utilized in various image 
processing tasks such as compression, denoising and quality 
assessment. The old Methods are based on the assumption, that 
the processed image contains a sufficient amount of homogeneous 
areas. However, this is not always the case, since there are an 
image containing mostly textures.
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I. Introduction
Noise in remote sensing imagery degrades the interpretability of 
the data. Noise is produced by numerous factors including thermal 
effects, sensor saturation, quantization errors and transmission 
errors. Noise added to the data in an optical remote sensing system 
is typically independent of the data, and is generally additive 
in nature. This type of noise can generally be represented as a 
normally as additive white Gaussian noise. We consider images 
corrupted with Additive White Gaussian Noise (AWGN), which 
is the most common noise model. The noise is characterized by 
its variance, which is an important parameter for the majority of 
image denoising algorithms, because it controls the strength of 
the filtering. However, the noise variance is often unknown and 
should be estimated.
The problem of noise variance estimation was being extensively 
studied during the last two decades. Digital images are noisy due to 
the circuit or sensors heat. To ensure the quality of image quality in 
image processing noise estimation and removal are very important 
step before analysis or using image. Estimation and removal of 
noise from digital images are big task from proposed till now. We 
propose a new noise level estimation method based on principal 
component analysis of image blocks. Principal component analysis 
(PCA) is used for noise estimation. PCA show that the noise 
variance can be estimated as the smallest eigenvalue of the image 
block covariance matrix. Principal components analysis (PCA) is a 
versatile technique and has been used widely in signal processing 
for various applications such as dimensionality reduction, data 
compression, and feature extraction. It is of particular interest 
in multispectral image processing. The proposed method is a 
fast noise variance estimation algorithm. Similarly the method 
utilizes PCA of image blocks, but instead of using only the smallest 
covariance matrix eigenvalue, it automatically determines the 
eigen values, which can be utilized for noise variance estimation. 
As a result, much smaller amount of image blocks can be used 

without significant loss of the accuracy, which leads to a dramatic 
decrease of the execution time. The most algorithms assume that 
the input image contains a sufficient amount of homogeneous 
areas, which allows estimating the noise variance as the variance 
of the input image in these areas. Our aim is to find a fast, simple 
and reliable method to estimate additive Gaussian Noise. Noise 
reduction is the process of removing noise from a signal. In 
electronics and signal processing, a Gaussian filter is a filter whose 
impulse response is a Gaussian function. Gaussian filters have the 
properties of having no overshoot to a step function input while 
minimizing the rise and fall time.

II. Related Works
Image noise is an undesirable by-product of image capture that 
adds spurious and extraneous information. The original meaning 
of "noise" was and remains "unwanted signal”. For digital images, 
this noise appears as random speckles on an otherwise smooth 
surface and can significantly degrade image quality. Although 
noise often detracts from an image, it is sometimes desirable since 
it can add an old-fashioned, grainy look which is reminiscent of 
early film.
Recently, more powerful techniques for the signal and noise 
separation were proposed. Fast Noise Variance Estimation[5] 
propose an algorithm Laplacian. It has been shown that a Laplacian 
mask can be useful for image structure suppression. The method 
uses a zero mean operator, which is almost insensitive to image 
structure. The variance of the outputs from the operator is an 
estimate of the noise variance. It has been shown that a Laplacian 
mask can be useful for image structure suppression. The difference 
of two Laplacians can be used as well for image suppression. 
One variation of a 3×3 data mask associated with the difference 
of two Laplacians. This method has certain disadvantages that 
overcomes the proposed method. The Laplacian image suppresses 
a majority of the original image structure, leaving mostly noise 
remaining. Laplacian uses only one multiplication per pixels. 
When the frequency of the image increases the error of standard 
deviation also will increases. When discrete cosine transform 
(DCT) of image blocks is applied, image structures define only 
low frequency transform coefficients, whereas the noise affects 
all coefficients. Therefore, the noise variance can be estimated 
from high frequency transform coefficients. Another transform is 
based on self-similarity of image blocks: when similar blocks are 
combined in 3D stacks and 3D DCT is applied to each stack, image 
structures occupy only low frequency coefficients, so that the noise 
variance can be estimated from high frequency coefficients[6] 
Furthermore, one can treat image blocks as vectors and make a 
principal component analysis (PCA) of these vectors[7].In this 
case, image structures affect only the largest eigenvalues of the 
covariance matrix, and the smallest eigenvalue of the covariance 
matrix can be used for noise variance estimation. The common 
problem of the transform-based methods is low computational 
efficiency[7] compared with the methods, which use block 
variances in order to estimate the noise variance.
In this work, we propose a fast noise variance estimation algorithm. 
Similar to the method,[7] our approach utilizes PCA of image 
blocks, but instead of using only the smallest covariance matrix 
eigenvalue, it automatically determines the eigenvalues, which 
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can be utilized for noise variance estimation. As a result, much 
smaller amount of image blocks can be used without significant 
loss of the accuracy, which leads to a dramatic decrease of the 
execution time. The advantages of the proposed method are:
High computational efficiency, ability to process images with 
textures, even if there are no homogeneous areas, the same or 
better accuracy compared with the state of the art.

III. Methods

A. Load Image
Noise estimation and denoising is performs RGB images. Digital 
images using only two colors are called binary images or Boolean 
images. These numbers specify the color of each pixel : the number 
0 indicates black, and the number 1 indicates white. Grayscale 
images can also be represented by matrices. Each element of the 
matrix determines the intensity of the corresponding pixel. For 
convenience, most of the current digital files use integer numbers 
between 0 (to indicate black, the color of minimal intensity) and 
255 (to indicate white, maximum intensity), giving a total of 
256 = 28 different levels of gray. Color images, in turn, can be 
represented by three matrices. Each matrix specifies the amount of 
Red, Green and Blue that makes up the image. This color system 
is known as RGB. The elements of these matrices are integer 
numbers between 0 and 255, and they determine the intensity 
of the pixel with respect to the color of the matrix. Thus, in the 
RGB system, it is possible to represent 2563 = 224 = 16777216 
different colors.

B. Noisy Generated Image
We consider images corrupted with Additive White Gaussian 
Noise (AWGN), which is the most common noise model. The 
noise is characterized by its variance, which is an important 
parameter for the majority of image denoising algorithms, because 
it controls the strength of the filtering. For finding out the accuracy 
of our proposed method PCA we adding noise value sigma ( σ )
to image. Gaussian noise is statistical noise having a Probability 
Density Function (PDF) equal to that of the normal distribution, 
which is also known as the Gaussian distribution. In other words, 
the values that the noise can take on are Gaussian-distributed. The 
probability density function  of a Gaussian random variable  
is given by:

where  represents the grey level, µ the mean value and σ the 
standard deviation.

C. Image Block Model
Similar to the previous subsection, let x be a noise-free image of 
size S1 X S2, where S1 is the number of columns and S2 is the 
number of rows, y = x+n be an image corrupted with signal-
independent additive white Gaussian noise n with zero mean. 
Noise variance σ2 is unknown and should be estimated. . Each of 
images x, n, y contains N = (S1 - M1 +1)(S2 - M2 + 1) blocks of 
size M1 X M2, whose left top corner positions are taken from set 
{1,..., S1 - M1 + 1} X {1,..., S2 - M2 + 1}. These blocks can be 
rearranged into vectors with M = M1M2 elements and considered 
as realizations xi, ni, yi, i = 1; : : : ;N of random vectors X, N,and 
Y respectively. As n is signal-independent additive white Gaussian 
noise,  and cov(X;N) = 0: .

IV. Principal Component Analysis
System uses an algorithm execution for the noise estimation 
which is known as principal component analysis algorithm. Our 
noise variance estimation algorithm is presented in the main 
function Estimate Noise Variance, which calls GetUpperBound 
and GetNextEstimate. In these functions, Q(p) is the p-quantile 
of {s2(yi); i = 1, . . ,N} computed using
Definition 3 from [8], and B(p) is the subset of blocks of image 
y, whose sample variance is not greater than Q(p):

Function EstimateNoiseVariance takes the result of function 
GetUpperBound as the initial estimate and iteratively calls function 
GetNextEstimate until convergence is reached. Parameter imax is 
the maximum number of iterations. Its value is listed in Table 1

Table 1: Algorithm Parameters
M1 5

M2 5

C0 3.1

P0 0.0005

m 7
T 49
Δp 0.05
Pmin 0.06

Imax 10

Function GetUpperBound computes a noise variance upper bound. 
This function is independent from image block PCA in order to 
increase the robustness of the algorithm. Similar to many other 
noise estimation algorithms, it is based on the analysis of the 
image block variance distribution. Namely, this function returns 
C0Q(p0). The values of CO and pO are listed in Table 1.
Function GetNextEstimate extracts the subset of the image blocks, 
which satisfies Assumption 1: Let m be a predefined positive integer 
number. The information in noise-free image x is redundant in the 
sense that all xi lie in subspace VM-m ⊂ M, whose dimension 
M - m is smaller than the number of coordinates M. When this 
assumption holds, we consider that random vector X takes its 
values only in subspace VM - m. It means the existence of a linear 
dependence between components of X, i.e. a linear dependence 
between pixels of x in the image blocks. This assumption also 
implies that X has zero variance along any direction orthogonal 
to VM-m. The value of m is listed in Table 1
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It starts from the largest possible p equal to 1, which corresponds 
to the whole set of image blocks. Then it discards blocks with the 
largest variance by reducing p to 1 -Δp, 1 - 2Δp, and so on, until 
p is smaller than pmin. The values of pmin, Δp and T are listed in 
Table 2. Upper bound σ2

ub is used as an additional check of the 
correctness of the computed estimate.

Function ApplyPCA computes y,i, i = 1,...,M.
When considering the execution time of the program, we have 
to concentrate on function ApplyPCA, because it is called 
inside two loops: the first loop is in lines 3–9 of function 
EstimateNoiseVariance; and the second loop is in lines 3–10 of 
function GetNextEstimate. Function Apply PCA consists of two 
parts: Computation of the sample covariance matrix. Computation 
of the eigenvalues of the sample covariance.

V. Estimation and Filtering

A. Noise Estimation
The proposed method for noise level estimation in digital images 
degraded by Gaussian noise. the validity of the estimation is 
verified by integrating the algorithm in a noise reduction system. 
System estimated the noise value using the proposed method PCA 
and old method Laplacian . It provides a good compromise of the 
noise estimation between two methods.

Table 2: Noise Estimation
SIGMA (σ) σEST PCA σEST Laplacain

10 10.0325 9.1171
15 14.6297 12.9566
20 18.7825 16.708
25 23.4543 20.5207

B. Plotting Graph
System uses the estimated noise value to for plotting graph 
between error rate and standard deviation .standard deviation in 
X axis and error rate in Y axis

Fig 1: Graph Plot

C. Filtering
Filtering is perhaps the most important operation of image 
processing and it is used extensively in a wide range of applications, 
including image smoothing and sharpening, noise removal, 
resolution enhancement and reduction, feature extraction, and 
edge detection. The simplest filtering should be explicit Linear 
Translation Invariant (LTI) filtering, which can be implemented 
using a convolution mask. For example, box filter, also known as 
moving average, is implemented by a local averaging operation 
where the value of each pixel is replaced by the average of all the 
values in the local neighborhood. Box filter is the quickest blur 
algorithm, but its smoothing effect is often not sufficient. One 
of the widely used LTI filter is Gaussian filter with the weights 
chosen according to the shape of a Gaussian function. Gaussian 
filter is a very good filter for removing noise drawn from a normal 
distribution and the multi-scale space representation of an image 
can be obtained easily by Gaussian smoothing with increasing 
variance. In our system we are using Gaussian filter of removing 
the noise. Gaussian filtering is used to blur images and remove 
noise and detail. In one dimension, the Gaussian function is:

Where σ is the standard deviation of the distribution The distribution 
is assumed to have a mean of 0. Shown graphically, we see the 
familiar bell shaped Gaussian distribution

Fig. 2: Gaussian Distribution With Mean 0 and σ =1

The Gaussian function is used in numerous research areas: It 
defines a probability distribution for noise or data. It is a smoothing 
operator. It is used in mathematics. When working with images 
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we need to use the two dimensional Gaussian function. This is 
simply the product of two 1D Gaussian functions (one for each 
direction) and is given by:

Our system uses Gaussian filter for removing of noise from the 
image. The system uses additive white Gaussian noise so Gaussian 
filter is used for removing noise. The simplest noise reduction 
method is the sliding mean or box filter. Each pixel value is 
replaced by the mean of its local neighbours. The Gaussian filter is 
similar to the box filter, except that the values of the neighbouring 
pixels are given different weighting, that being defined by a spatial 
Gaussian distribution. The Gaussian filter is probably the most 
widely used noise reducing filter. Linear filters such as the box 
and the Gaussian filters tend to create more blurring of image 
details than do most non-linear filters. An increase in their ability 
to smooth noise corresponds to an increase in the blurring effect. 
Gaussian smoothing is a fundamental process that is used in almost 
every computer vision application.

VI. Experimental Results
Analysis of the experimental results are given below. The proposed 
method has been evaluated with an old method Laplacian. which 
has been already used for testing noise variance estimation 
methods [7] [9]. It contains RGB images: real-world scenes and 
one artificial image. The noise variance has been estimated in 
each colour component independently. We estimated noise using 
both the image by adding different values and identifies the error 
rate between both the methods. From the experiment analysis 
we identified that proposed method have less error rate than the 
old method

Table 3: Computed Noise Variance Using Old Method

SIGMA (σ) σEST PCA σEST Laplacian

10 10.0325 9.1171
15 14.6297 12.9566
20 18.7825 16.708
25 23.4543 20.5207

And also from the experiment result we identifies that The proposed 
method can be generalized to 3D images, which are acquired e.g. 
by magnetic resonance scanners. In this case, we have 3D blocks 
of size M1 XM2 XM3, which are rearranged into vectors of size 
M = M1M2M3. Then, these vectors can be processed in the same 
way as for 2D images. Although the proposed method is developed 
for signal independent additive white Gaussian noise, it can be 
applied to other noise types by utilizing a Variance-Stabilizing 
Transformation (VST). The VST transforms the input image into 
an image, whose noise is approximately additive white Gaussian. 
As with any proposed system having disadvantages our proposed 
system is also having certain disadvantages. Even though the 
analysis of the proposed method gives the result that the proposed 
method is accurate certain disadvantages are also present. The 
system has the disadvantage that the proposed method is developed 
for signal-independent additive white Gaussian noise so it uses 
Gaussian filter for denoising .Given below images fig. 3 shows 
noisy image and fig. 4 shows image after filtering.

Fig. 3: Noisy Image

Fig. 4: Noise Free Image

VII. Conclusion
In this work, we have presented a new noise level estimation 
algorithm. The comparison with the several best state of the art 
methods shows that the accuracy of the proposed approach is the 
highest in most cases. Among the methods with similar accuracy, 
our algorithm is always more than 15 times faster. It provides a 
good compromise between the accuracy and the execution time: 
Our algorithm does not require the existence of homogeneous 
areas in the input image; and it can also handle textures containing 
high frequencies. The technique is valid for estimating the noise 
level in images affected by Additive White Gaussian Noise. Our 
experiments show that only stochastic textures, whose correlation 
properties are very close to those of white noise, cannot be 
successfully processed. The proposed approach can be used in 
image denoising, compression and segmentation applications, 
which take the noise variance as an input parameter.
During our denoising experiments, we observed that a higher 
noise level estimation accuracy leads to a higher denoising quality 
in most cases. It shows the importance of a careful selection of 
the noise estimator in a denoising application. We also observed 
that the denoising quality with our algorithm was approximately 
the same as that with the true noise level if the image was not a 
stochastic texture; hence the proposed method can be successfully 
applied in image denoising. Our approach can also be utilized in 
image compression and segmentation applications which require 
noise level estimation.
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