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Abstract— In this paper a spatially adaptive Principle Component Analysis (PCA) is used with local Pixel Grouping
(LPG) to remove white Gaussian noise from digital image. LPG-PCA also plays an important role in image
compression and denoising. Such an LPG-PCA algorithm is used to preserve similar contents from the image and
remove the noise by coefficient shrinkage in PCA domain. LPG procedure ensures that the sample blocks with
matching contents are used in the local statistics calculation for PCA transform estimation, So that after coefficient
shrinkage in PCA domain the image local structures can be well preserved by removing the noise. Proposed procedure
is iterated three times for better removal of the noise from an image. It is observed that PSNR (peak signal to noise
ratio) has been much improved in the third stage. 3 stage LPG-PCA analysis also succeeds to provide improved
denoising performance to recover the local structure edges and principle components. Experimental results prove that
we can obtain qualitative image structure preservation as compared to different state of the art image denoising
algorithms.
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I. INTRODUCTION
Noise is introduced at the time of transmission and acquisition process of real world and medical images. These
images are often affected by additive noise, which reduces its visual quality. The goal of denoising technique is to
enhance important features of the image and to reduce the noise level [2]. Various denoising methods are: spatial domain
and frequency domain denoising methods [13], curvelet [3], wavelet [4], [5], sparse representation [6] and K-SVD [7],
two stage LPG-PCA [1], [9], bilateral & shape adaptive [8], non local means and non local collaborating filtering [10].
The wavelet transform provides time – frequency representation of the original signal and decomposes it into multiple
scales [11], thus providing an ideal tool to analyze and threshold at each scale [10]. Wavelet transform uses fixed wavelet
basis with dialation and translation [4], [5]. Because of this reason there is some distortion and visual artifacts in the
recovered image using wavelet. Whereas in non local measures it preserves edges as well as noise also which are
undesirable components. As per the observations an efficient orthogonal data adaptive LPG-PCA denoising technique [9]
used only two stages, whereas there is possibility of third stage also. In this paper LPG-PCA algorithm with three
denoising iterations technique is introduced. PCA is a statistical technique which has found applications in pattern
recognition and dimensionality reduction.PCA converts a set of observations of possibly correlated variables into a set of
uncorrelated variables called principle components [1], [12] and [14]. In PCA domain the principle components are
traced out in accordance with the largest variance of a data matrix. In the LPG procedure, only the pixels with similar
gray level are modeled as a vector variable. The sample blocks are taken from the local window by grouping the similar
pixels and the local structures. By using the LPG-PCA method the local statistics of the variables can be computed
accurately. The local structures of an image have been well preserved after coefficient shrinkage in principle component
analysis for noise reduction.
II. SYSTEM OVERVIEW OF PROPOSED METHOD
LPG-PCA procedure unrelates the noisy components from the original dataset. PCA technique has been applied after
the data selection from the noisy data set using LPG algorithm, So that the main principle pixel components of an image
have been well preserved by using LPG-PCA algorithm.

Fig. 1 Proposed process of LPG-PCA three stage denoising.
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In the LPG-PCA algorithm pixel and its nearest intensity neighbors are modeled as vector variable and take an action to
remove the noise on the vector instead of a single pixel. As shown in block diagram (fig-1), the proposed algorithm has
three iterations. From the first and second stage output we received an initial approximation of the original image by
eliminating most of the noise. All three iterations have the same procedure except for the extent of the noise level. Output
of the second stage is improved from the first stage. But after third stage the LPG accuracy has been much improved and
the final denoised output image is much clear. The proposed LPG-PCA algorithm guarantees that the principle
components and edges are well preserved, whereas noise is suppressed significantly.
A. LPG (Local Pixel Grouping)
A number of grouping methods like K Means clustering, block matching and correlation based matching etc. can be
employed for grouping the similar contents of a local window. But it is observed that the block matching method is
simple as well as more suitable method among all. For grouping of same intensity pixels K×K variable moving window
is taken from L×L training window within N v, the noisy image. Maximum (L-K+1)2 training blocks within L×L training
window are taken. Let N0v is represented as central column sample vector that contains K×K central block and other
samples are represented as Nvi , i =1, 2… (L-K+1)2-1.

Fig 2. LPG-PCA Based denoising model
The noiseless samples of N0v and Niv can be easily calculated respectively
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Under the assumption white noise v is uncorrelated with signal, if it satisfies the condition

ei < T + 2σ2
(3)
v
Then Ni can be taken as the the sample vector of Nv. Here T is preset threshold value and the σ2 shows the noise level of
the corrupted image. σ related to the added noise in the original image, as the value of σ will be more means the image
will be more corrupted by noise. Niv Can be modeled as the sample vector of Nv and given as
v
Nv = [N0v N1v ………….Nn−1
]
(4)
Counterpart of Nv without noise which is estimated by denoising the central pixel within K×K block is represented as

N = [ N1 N2 …….Nn−1 ]
(5)
Once N is estimated, consequently the central underlying pixel can be extracted by moving the K×K variable block over
the whole L×L training window.
B. PCA (Principle Component Analysis)
PCA is spatially adaptive de-correlation technique. To obtain the principle components mathematically, let us
consider N = [N1 N2 …….Nm ]T
an m component variable vector denoted by
N11
N12 … N1n
1
⋮
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The sample matrix of N where Ni , j=1, 2…..n are sample variables of Ni (i=1, 2…m). The ith position row of matrix N is
known as the sample vector of Ni. The mean value of sample vector Ni can be calculated mathematically
µi =

1
n

n
j=1 Ni
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The centralized sample vector Ni
n
Ni = Ni - µi = [ Ni1 Ni2
……….Ni ]
co-variance matrix of the centralized data set is expressed as

(8)

1

Ω = 𝐍𝐍 T
n
Where 𝐍 is the centralized matrix of N and is defined as

(9)

T T
𝐍 = [N1T N2T ……Nm
]
(10)
PCA domain is then used to find an orthogonal transformation matrix P to decompose 𝐍. because the covariance matrix
is symmetrical so it can be written as

Ω = Ф Λ ФT
(11)
Where Ф = [Ф1 Ф2….. Фm] is an orthogonal Eigen vector matrix of size m×m and Λ = dia [ λ1 λ2 …. λm ] is the diagonal
Eigen value matrix. By setting orthogonal transformation matrix
P = ФT
𝐍 Can be decorrelated using

(12)

𝐙 = P𝐍

and

1

Λ = 𝐙𝐙 T
n

III. LPG–PCA: EIGENVECTORS OF COVARIANCE
In the implemented denoising algorithm we used combined LPG-PCA approach in image denoising by iterating this
three times as discussed below
A. LPG-PCA Denoising
To denoise an underlying pixel a moving window of size m=K×K is centered on it, within the training window
containing all the components. The captured image is corrupted by noise and is represented as
Nv = N+V
Here Nv is noisy image, N is the original image and V is noise respectively. The noisy vector of N is represented by
v T
Nv = [ N1v N2v ….Nm
]
and
𝐍𝐤𝐯 = Nk + Vk where k = 1,2….m.
We take Nk as noiseless and Vk as noisy vectors to find out the estimation of N from N v. For the LPG-PCA algorithm we
have to find the covariance matrix. For this purpose we take an L×L training window. Accordingly there are total
(L-K+1)2 training samples for every component Nkv of Nv where L > K. The (K×K) training samples taken from Nv are
used for estimation of the co-variance matrix of Nv.
1

Ω𝐍𝐯 = 𝐍𝐯 𝐍𝐯T

(13)

n

1

Ω𝐍𝐯 ≈ (𝐍𝐍 T + VVT)

= Ω𝐍 + Ωv

n

1

(14)

1

Where
Ω𝐍 = 𝐍𝐍 T and Ωv = VVT
n
n
Because 𝐍VT and V𝐍T is approximately Zero. The diagonal components of m×m matrix Ωv are taken by 𝜎2. Ωv can be
written as 𝜎2I. Here I is an identity matrix and will be same for Ω𝐍 and Ω𝐍𝐯 , thus Ω𝐍 , Ω𝐍𝐯 and Ωv can be decomposed as

Ω𝐍 = Ф𝐍 𝚲𝐍 ФT𝐍

(15)

Ωv = Ф𝐍 (𝜎2I) ФT𝐍

(16)
T

And Ω𝐍𝐯 = Ф𝐍 𝚲𝐍𝐯 Ф𝐍
(17)
Ω𝐍 and 𝚲𝐍 are eigenvector and eigenvalue matrix respectively. We can find the PCA transformation matrix for 𝐍 as

𝐏𝐍 = ФT𝐍

(18)

By applying 𝐏𝐍 to dataset 𝐍𝐯 we get

𝐙𝐯 = 𝐏𝐍 𝐍𝐯
1

= 𝐏𝐍 𝐍 +𝐏𝐍 V

Ω𝐙𝐯 = n 𝐙𝐯T 𝐙𝐯 = Ω𝐙 + ΩVZ
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From equation (20) ΩVZ is the covariance matrix of noise dataset and Ω𝐙 is covariance matrix of decomposed dataset 𝐙.
After that the noise is suppressed from 𝐙𝐯 , by taking decorrelated data set from covariance matrix, the most of the noise
will be removed from the original dataset. Finally by transforming the complete dataset to the time domain, the donoised
results are obtained.
B. Denoising in Third Stage Refinement
If the noise level in original dataset Nv is strong then covariance matrix is more noise corrupted. Also the strong noise in
the original data tends to more LPG errors. Further denoising of the denoised output can give better results than earlier
one in terms of noise reduction [12]. Since the noise level has been decreased in first and second iteration of the LPGPCA denoising algorithm, we implemented the third iteration to enhance the denoising output results. There by LPG
accuracy and covariance matrix estimates have been much improved. The noise level will be modified in the coming
stages of LPG-PCA denoising algorithm although the PSNR (peak signal to noise ratio) value of the denoised output
image have been much improved.
IV. SIMULATION RESULTS AND DISCUSSIONS
In this proposed method characteristics of LPG and PCA domain are utilized separately for image enhancement. LPG–
PCA technique results in better smoothness of the background while keeping the principle components of image
preserved.

PSNR

Fig 3. A) Original parrot.tif image (B) noisy image (𝜎=20) (C) wavelet transforms (D) K-SVD
(E) 2 stages LPG-PCA (F) 3 stages LPG-PCA.
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Fig 4. Graph of the comparison of 2-stage and 3-stage LPG-PCA algorithm output at different noise level for parrot.tif
image.

Fig 5. A) Original lena.jpg image (B) noisy image (𝜎=40) (C) wavelet transforms (D) K-SVD
(E) 2 stages LPG-PCA (F) 3 stages LPG-PCA.
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Fig 6. Graph of the comparison of 2-stage and 3-stage LPG-PCA algorithm output at different noise level for lena.jpg
image.
Different kinds of test images have been considered to ensure the efficiency of the proposed algorithm. Figure 3 and 4
shows the output performance of parrot.tif and lena.jpg images by using different denoising techniques. Figure 5 and 6
shows the graphs between 2 stage and 3 stage LPG-PCA denoising results for parrot.tif and lena.jpg images at different
noise levels.
TABLE I
EXPERIMENTAL RESULTS - PSNR VALUES OF THE DENOISED IMAGES
Methods
2-Stage
Wavelet
K-SVD
LPG-PCA
Noise
Transform
Image
Algorithm
Level
34.1
34.3
34.5
𝜎 =10
30.6
30.8
31.7
𝜎 =20
Parrot
28.6
28.8
29.5
𝜎 =30
27.2
27.5
28
𝜎 =40
33.2
33.5
33.9
𝜎 =10
Lena

Barbara

Cameraman

𝜎 =20
𝜎 =30
𝜎 =40
𝜎 =10
𝜎 =20
𝜎 =30
𝜎 =40
𝜎 =10
𝜎 =20
𝜎 =30
𝜎 =40

29.4
27.5
26.0
31.6
27.2
25.0
23.5
33.7
29.6
27.5
26.0

29.7
27.8
26.5
32.3
28.4
26.3
24.7
33.9
29.9
27.9
26.5

29.9
27.8
27.2
32.5
28.7
27.0
24.9
34.1
30.1
27.9
26.4

3-Stage
LPG-PCA
Algorithm
35.2
33.6
31.2
29.4
34.3
31.7
30.8
29.2
33.0
29.6
28.7
27.5
34.2
30.9
29.0
27.6

As presented in the comparison results of different denoising algorithms such as wavelet, K-SVD, 2 stage LPG-PCA
with the proposed 3 stage LPG-PCA denoising algorithm are shown in Table-1. Which shows that the 3 stage LPG-PCA
algorithm gives the best PSNR results. In practice, the mathematical calculations are mainly dependent upon the variable
block size i.e. K×K. Within the local window, as the size of the K×K variable block will be small, the accuracy of LPG
will be enhanced significantly. It has been found the PSNR values can improve from 0.1 to 1.5 db by the second stage
and can further be improved from 0.2 to 2.0 db using the third stage. Simulation results of proposed 3 stage LPG-PCA
algorithm, for real world images at different noise levels (𝜎 is from 10 to 40) have been compared with different
denoising algorithms like wavelet based denoising [5], K-SVD [7] and two stage LPG-PCA with the proposed three stage
denoising algorithm. Table - 1 shows the comparison of different denoising techniques by taking different test images.
For lower noise variance images second stage is sufficient to remove the noise. But, when the noise variance is high, then
the results obtained from the second stage output are not satisfactory in the terms of peak signal to noise ratio. The
proposed algorithm overcomes this drawback by using 3 stages LPG-PCA algorithm.
V. CONCLUSIONS
Hence it is concluded that for all types of images, the proposed algorithm outperforms other approaches used for
comparison in terms of image denoising and it also gives the best PSNR value among all. The main novelty of proposed
algorithm is that it is the advancement of PCA based denoising algorithm [1], [12]. Here, we used the three stage LPGPCA donoising algorithm that is not only improves the noise reduction of an image, but also enhance the principle
components preservation of all real world images like lena, Barbara, parrot and cameraman etc.
© 2014, IJARCSSE All Rights Reserved

Page | 1482

Dinesh et al., International Journal of Advanced Research in Computer Science and Software Engineering 4(5),
May - 2014, pp. 1478-1483
ACKNOWLEDGMENT
The authors would like to thank GZSPTU Campus, Bathinda for providing the opportunity and facility. we also wishes
thank to whole electronics and communication department for their extreme guidance and help in all aspects to carry out
this research work.
REFERENCES
[1]
Lei Zhang, Weisheng Dong, David Zhang, Guangming Shi, “Two-stage image denoising by principle
component analysis with local pixel grouping,” Elsevier Pattern Recognition, vol-43, 2010, 1531-1549.
[2]
A. Buades, B. Coll, and J. M. Morel, “A review of image denoising algorithms, with a new one,” Multiscale
Modeling and Simulation, vol. 4, 2005, 490-530.
[3]
D. Barash, “A fundamental relationship between bilateral filtering, adaptive smoothing, and the nonlinear
diffusion equation,” IEEE Transaction on Pattern Analysis and Machine Intelligence 24 (6), 2002, 844–847.
[4]
Deepa M, “Wavelet and Curvelet based Thresholding Techniques for Image Denoising,” International Journal
of Advanced Research in Computer Science and Electronics Engineering (IJARCSEE), Volume 1, Issue 10,
December 2012, 77-81.
[5]
J. Portilla, V. Strela, M. J. Wainwright, E.P. Simoncelli, “Image denoising using scale mixtures of Gaussians in
the wavelet domain,” IEEE Transaction on Image Processing 12 (11), 2003, 1338–1351.
[6]
M. Elad, M. Aharon, “Image denoising via sparse and redundant representations over learned dictionaries,”
IEEE Transaction on Image Processing 15 (12), 2006, 3736–3745.
[7]
M. Aharon, M. Elad, A. M. Bruckstein, “The K-SVD: an algorithm for designing of overcomplete dictionaries
for sparse representation,” IEEE Transaction on Signal Processing 54 (11), 2006, 4311–4322.
[8]
Weisheng Dong, Lei Zhang, “Image deblurring and Super-resolution by Adaptive Sparse Domain Selection and
Adaptive Regularization,” IEEE Transactions on Image Processing, vol. 20, no. 7, 2011, 1838–1857.
[9]
R. Hari Kumar, B. Vinoth Kumar, S. Gowthami, “Performance Evaluation of LPG-PCA Algorithm in
Deblurring of CT and MRI Images,” International Journal of Computer Applications, Volume 60, December
2012, 0975 – 8887.
[10] S. Kindermann, S. Osher, and P. W. Jones, “Deblurring and denoising of images by nonlocal functionals,”
Multiscale Modeling and Simulation, vol. 4, no. 4, 2005, 1091-1115.
[11] D. L. Donoho, “De-noising by soft thresholding,” IEEE Transactions on Information Theory, 41, 1995, 613–
627.
[12] D. D. Muresan, T. W. Parks, “Adaptive principle components and image denoising,” International Conference
on Image Processing, 14–17 September 2003, vol. 1, I101–I104.
[13] R. C. Gonzalez, R. E. Woods, “Digital Image Processing, second edition,” Prentice Hall, Englewood Cliffs, N
J, 2002.
[14] Rajesh Kumar Rai, Jyoti Asnani, R. R. Sontakke, “Review on Shrinkage Techniques for Image Denoising,”
International Journal of Computer Applications, Vol. 42, Issue No.19, March 2012, 13-16.

© 2014, IJARCSSE All Rights Reserved

Page | 1483

