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Abstract

Noise is one of the prime factors which degrade the quality of an image. Hence, image denoising is an essential image
enhancement technique in the image processing domain. In this paper, we use low-pass sparse banded filter matrices for
image denoising. Sparsity is the key concept in this filter design. We applied the designed low-pass filter both row-wise
and column-wise to denoise the image. The proposed method is experimented on standard test images corrupted with
different types of noises namely Gaussian, White Gaussian, Salt & Pepper and Speckle with noise level equals to 0.01,
0.05 and 0.1. The effectiveness of the proposed method of denoising is evaluated by the computation of standard quality
metric known as Peak Signal-to-Noise Ratio (PSNR). The experimental result analysis shows that the proposed image
denoising technique based on sparse banded filter matrices results in significant improvement in PSNR around 2dB to 8dB
for different type of noises with noise level equal to 0.1 and is also aided by the visual analysis.
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1. Introduction

The digital images are usually corrupted with noises due
to various sources such as, image acquisition, background
illuminations, sensors, processors and transmission
channels. All these kind of noises will degrade the quality
of the images. Image denoising is the process of remov-
ing noisy content from the images in order to improve
the quality of the images for further processing. Image
denoising is an essential requirement in medical diagno-
sis'. It is widely exploited for processing satellite images,
since those images are usually corrupted with high degree
of noises®. The noise level in each bands are different in
hyperspectral images and hence the denoising is a com-
plicated task in hyperspectral imagery’. The document
images have complex background non uniform illumina-
tion and noises. Hence image denoising techniques are
applied in Optical Character Recognition (OCR)*. Video
analysis, object recognition, image restoration, image seg-
mentation and pattern analysis are some of the domains
which require efficient noise removal.

*Author for correspondence

Image denoising is a wide area of research and several
algorithmic approaches have been proposed for denois-
ing the images. A modified non-local means method
for ultrasound image denoising is proposed'. An image
denoising algorithm based on non-local thresholding and
wavelet domain shrinkage is used for Synthetic Aperture
Radar (SAR) image denoising’. A noise adjusted iterative
low rank matrix approximation for hyperspectral image
denoising is proposed’. An iterative regularized frame-
work is adopted in this approach for noise removal. A
discrete curvelet transform based image denoising is pro-
posed for OCR applications®. The sparse representation
and edge preservation capability of curvelet transform is
used for background noise removal from OCR images.
The concept of wavelet transforms along with wavelet
shrinkage and thresholding techniques are widely utilized
for image denoising purpose®®. The sparsity based dic-
tionary approach is greatly employed in image denoising
framework”®. Three dimensional over complete wavelet
dictionary based hyper spectral image denoising is pro-
posed in’. Multi scale sparse representation method with
non-separable wavelet is used for image denoising®.
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An over complete dictionary based image denoising
algorithm combined with K-SVD and OMP is used for
image denoising''. An image denoising method based on
Markov Random Field (MRF) and Maximum a Posteriori
(MAP) is proposed'>. MRF is a two dimensional random
process defined on a discrete lattice. In'’, an impulse-
mowing anisotropic diffusion filter is used for noise
removal. This filter approach has been efficiently applied
for removing combined Gaussian noise and random val-
ued impulses. A Filtering-Direction-Controlled Digital
Total-Variation Filter (FDC-DTVF) approach for real
time denoising is proposed'*. Qiang Guo et al”®. proposed
a Singular Value Decomposition (SVD) based method for
efficient image denoising. Non-local self similarity and
low-rank approximation are used here for denoising task.
Iné, Jussi Maatta et al. developed an iterated median fil-
ter approach with automatic window selection for image
noise removal. In', bi-dimensional empirical mode
decomposition is exploited for the denoising purpose
of Ground Penetrating Radar (GPR) images. An image
denoising techniques for under water images based on
adaptive wavelet transform and adaptive thresholding is
proposed®.

In this paper, we applied low-pass sparse banded filter
matrices designed by Selesnick et al.’® for image denois-
ing. We applied the designed low-pass filter both row-wise
and column-wise to denoise the image. The proposed
method is experimented on standard test images cor-
rupted with different types of noises with varying noise
level. The effectiveness of the proposed method of denois-
ing is evaluated by visual effect and by the computation of
standard quality metric known as Peak Signal-to-Noise
Ratio (PSNR).

2. Proposed Method for Image
Denoising

The proposed method uses the sparse banded filter
matrices designed by Selesnick et al."” to remove the noise
from the images. In this section, the sparse banded low
pass filter design is discussed followed by the proposed
image denoising technique.

2.1 Banded Filter Matrices

The design and implementation of zero-phase non-causal
recursive high-pass and low-pass filters in terms of banded
matrices are well explained in *.
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Let us consider the difference equation of the
first-order Butterworth high-pass filter as,

a,y(n)+a,y(n—1)=x(n)—x(n—1) (1)

where x(n), y(n) are the sequence of input signal and
the filter output respectively.
This can be written in matrix form as,

Ay=Bx 2)
2 _
a,  4q
A:
a; 4
L a4 49 | (3)
S _
-1 1
B:
-1 1 (4)

where A and B are the banded matrices of size (N-1) x
(N-1) and (N-1) x (N) respectively, is given in (3) and (4)
respectively. The length of the input signal is represented
by N.

The filter output y of size ((N-1) x 1) can be obtained
for the input signal x by,

y=A’1Bx (5)

The transfer function of the zero-phase non-causal
higher-order (d) high-pass Buttterworth filter is,

B(z —z+2-z")"
by B _ S
Alz) (—z+2-z ) +a(z+2+z7")
The above equation can also be written as,
_ _-1yd
H(z)=1- a(—z+2-2z7) )

(~z+2-z )Y +a(z+2+z7")?

The frequency response of this filter is unity gain at w
=, since the second term of the numerator becomes zero
when z =-1, and its first 2d-1 derivatives are zero there.
Therefore, the frequency response is maximally flat at
w = 0, hence this is a zero-phase digital filter.

The filter is defined by the positive integer d and by a.
The parameter a can be set so that the frequency response
has a specified cut-off frequency w..

Indian Journal of Science and Technology



V. Sowmya, Neethu Mohan and K. P. Soman

Solving for a gives,

_((l—cosa)c)\d
a (I+cosw,)

(8)

Based on the high-pass filter given in (7), the low pass
filter L(z) =1-H(z) has the transfer function,

a(-z+2-z" )d

L(z)=1- 9)
(—z+2-z Y +a(z+2+2z )
with a 2d-order zero at z = -1. The low-pass filter
equation is given by,
y=x-A"Bx (10)

The zero-phase low-pass Butterworth filter given in
(9) can be implemented using (10). B is a banded sparse
matrix of size (N - 2d) x (N); A is a square symmetric
banded sparse matrix of size (N - 2d) x (N - 2d). Both
the sparse banded matrices have d diagonals above and
below the main diagonal. The dimension of x is (N - 2d)
x1. x is obtained by removing first d samples and last d
samples from x.

2.2 Image Denoising using Sparse Banded
Filter Matrices

In the proposed method, the sparse banded low-pass
filter is applied row-wise and column-wise to remove the
noise in the image. The block diagram of the proposed
methodology of image denoising is shown in Figure 1.
The proposed method consists of the following steps:

+ Let us consider an input image x € R**, whose row
and column is represented as x € RY and x € RY
respectively.

o The input image is subjected to border repetition,
which is represented by x € RM29xNt2d) where d refers
to the order of the filter. Therefore, the size of sparse
banded matrices A and B is (N XN) and (N X(N+2d))
respectively.

Xe N\ X, [
Noisy Image (¥) B"-‘.l'fle" Spa.rse Bﬂnf‘ﬁ‘ll
£ Repetition (X) Low-pass Filter
'Xl'

c \_ J .
yr Yc
Y VY

Denoised
Image (¥) Average
>

Figure 1. Block diagram of the proposed method of image
denoising.
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+ Each row of the image represented as X e R™,
is passed as an input to the (10) to obtain the filter
output, y € R

y, =x,—A"'BX, (11)

o The above step is repeated for all the rows in the input
image and is represented as, Y € R*.

o The same procedure (steps (3)-(4)) is repeated for each
column of the image, X € R,

o The filter output sequence for each column is
mathematically expressed as y € R", where

y.=x,—A'BX, (12)

o All the columns operated in the image are represented
as Y € R™¥,

o The denoised output image is obtained by,

_(Yr+Yc)
2

Y (13)

3. Experimental Results and
Analysis

In our proposed method, the low-pass sparse banded
matrix filter is used for image denoising. The filter is
designed with the following input parameters: degree = 2,
cut-off frequency = 0.9 and length of sequence = 262.
The experiment is performed on various standard images
namely, cameraman, Lena, peppers, Barbara, boat and
house. The different noise type considered are Gaussian,
White Gaussian, Speckle and Salt & Pepper with different
noise level equal to 0.01 0.05 and 0.1. The specified noise
levels indicates the mean values in the case of Gaussian
noise with variance equal to 0.01. In case of White
Gaussian and Speckle noise, the noise level refers to local
variance with zero mean. The noise density of the Salt &
Pepper noise is defined by the noise level.

All the input noisy images are resized to 256 x 256 .
To match the input length sequence to the filter, the input
image is converted to 262 x 262 by border repetition. The
denoised output obtained by our proposed technique for
different noises on various standard images with noise
level 0.1 is shown in Figure 2- Figure 7. The visual effect
of the proposed method for image denoising is aided by
the quality metric measurement. The Peak-Signal-to-
Noise Ratio (PSNR) computed for different noises with
noise level 0.01,0.05 and 0.1 for various standard images
are tabulated in Table 1- Table 3.
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Gaussian Nolse White Gaussian Noise

Denaised Image

Figure 2. Denoised output of cameraman image for
different noises with noise level = 0.1.

Gaussian Noise White Gaussian Nolse

peckle Nolse Salt & Pepper Noise

3

Denised Image Déncised Image Denolsed Image

Figure 3. Denoised output of Lena image for different
noises with noise level = 0.1.

Gaussian Noise
g

Denoised Image

Figure 4. Denoised output of peppers image for different
noises with noise level = 0.1.
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Figure 5. Denoised output of Barbara image for different
noises with noise level = 0.1.
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Figure 6. Denoised output of boat image for different
noises with noise level = 0.1.

Gaussian Noise Salt & Pepper Noise
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Figure 7. Denoised output of house image for different
noises with noise level = 0.1.
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Table 1. Peak Signal-to-Noise Ratio (PSNR) for different noises with noise level = 0.01 on standard images
Cameraman Lena Peppers Barbara Boat House
Noise Type
Noise |Denoise| Noise |Denoise| Noise |Denoise| Noise |Denoise| Noise |Denoise| Noise |Denoise
Gaussian | 20.74 23.96 20.08 25.81 20.08 26.62 20.05 25.78 20.06 25.67 19.96 27.52
Whlt.e 20.81 24.11 20.24 26.09 20.18 26.79 20.13 25.99 20.08 25.81 20.06 27.77
Gaussian
Speckle 24.05 24.98 27.17 28.10 25.75 28.97 25.96 27.70 25.39 27.43 2491 30.37
s:;tpi(r 24.46 25.19 25.23 27.73 25.55 28.87 25.44 27.59 25.54 27.41 25.36 30.47
Table 2. Peak Signal-to-Noise Ratio (PSNR) for different noises with noise level = 0.05 on standard images
Cameraman Lena Peppers Barbara Boat House
Noise Type
Noise |Denoise| Noise |Denoise| Noise |Denoise| Noise |Denoise| Noise |Denoise| Noise |Denoise
Gaussian 19.72 22.06 19.16 23.02 19.14 23.43 19.17 23.03 19.12 22.98 19.13 23.85
White
. 14.63 22.61 13.85 21.75 13.74 22.05 13.72 21.78 13.56 21.67 13.64 22.50
Gaussian
Speckle 17.75 22.85 20.27 26.15 18.89 26.18 19.15 25.51 18.44 25.00 18.02 26.23
s:;;i‘r 17.31 22.78 18.14 24.86 18.30 25.50 18.32 24.83 18.46 24.82 18.44 26.37
Table 3. Peak Signal-To-Noise Ratio (PSNR) for different noises with noise level = 0.1 on standard images
. Cameraman Lena Peppers Barbara Boat House
Noise Type
Noise |Denoise| Noise |Denoise| Noise |Denoise| Noise |Denoise| Noise |Denoise| Noise |Denoise
Gaussian 17.85 19.09 17.02 19.02 17.07 19.24 17.14 19.12 17.06 19.05 17.14 19.43
White
. 12.19 18.36 11.55 19.50 11.41 19.75 11.41 19.59 11.23 19.46 11.35 20.17
Gaussian
Speckle 15.22 25.17 17.44 24.57 16.10 24.09 16.34 23.76 15.53 23.20 15.37 23.84
lfjll)tpi(r 14.45 20.90 15.20 22.72 15.33 23.16 15.26 22.73 15.37 22.78 15.51 23.89

From the experimental result analysis, it is evident
that the proposed denoising technique removes the vari-
ous types of noise with noise level less than or equal to
0.1. From Table 1, it is evident that the proposed denois-
ing methodology results in the significant improvement
in PSNR for different noises on various standard images
with noise level equal to 0.01. The PSNR improvement is
around 5db for Gaussian and White Gaussian and 3dB for
Speckle and Salt and Pepper noise.

The proposed method is experimented for different
noises on various standard images with noise level equal to
0.05. The PSNR value is increased around 2 dB for Gaussian
noise, 6dB for White Gaussian noise, 7dB for Speckle and
8dB for Salt and Pepper noise with noise level equal to 0.05
for various standard images, which is tabulated in Table 2.
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Similarly, Table 3 shows that for noise level equal to
0.1, the PSNR value is improved around 2dB, 8dB and
7dB for Gaussian, White Gaussian, Speckle and Salt
& Pepper noise respectively. Figure 2 — Figure 7 shows
the visual emphasis of the quality metric computed for
the proposed method experimented for different noises
on various standard images with noise level equal to 0.1
tabulated in Table 3.

4. Conclusion

Image denoising based on sparse banded filter matrices
is proposed in this paper. The designed filter is applied
row-wise and column-wise to denoise the image. The pro-
posed technique is experimented on standard test images
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subjected to different noises with varying noise level. The
effectiveness of denoising by our proposed technique is
proved by the significant improvement in standard qual-
ity metric known as PSNR aided by the visual analysis.
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