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Denoising of Images using Wavelet Transform

M. Koteswara Rao®, G. Chandra Reddy®, K. V. Rama Rao*

Abstract: Denoising images corrupted by noise is a critical task in image processing, where wavelet shrinkage
methods have proven to be highly effective. Traditional approaches, such as the SCAD and Soft thresholding
functions, are commonly used for noise suppression. This paper proposes a novel shrinkage function designed
to improve the accuracy of image denoising. The proposed function is evaluated under various methods,
including the Top method, Universal method, and Translation Invariant method, to handle images
contaminated by additive white Gaussian noise. Performance is benchmarked against SCAD, Soft thresholding,
and Wiener filter methods using Root Mean Square Error (RMSE) and Peak Signal-to-Noise Ratio (PSNR)
metrics. Experimental results demonstrate that the novel shrinkage function consistently achieves superior
noise reduction and image quality restoration compared to existing methods, making it a robust solution for
denoising applications.

Keywords: Wavelet transform, Wavelet shrinkage denoising, Novel shrinkage function, Top method, Wiener
filter and translation invariant method.

1. Introduction
It is widely used for tasks such as noise reduction

and image compression. Among wavelet-based
denoising methods, thresholding techniques are

Images play a critical role in various domains,

including satellite communication and medical

diagnostics. However, during transmission, images are
often corrupted by noise, which degrades their quality
and affects their wusability. Effective denoising
techniques are essential to restore image clarity and
ensure accurate analysis at the receiver [1]. The wavelet
transform has emerged as a powerful tool in signal and
image processing due to its superior localization
capabilities.
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particularly popular for their balance of simplicity and
effectiveness. These methods aim to suppress noise
preserving the essential details and
characteristics of the image [2]. This study introduces a
thresholding-based denoising  method
designed to tackle noise contamination in images. The

while
wavelet

approach involves decomposing noisy images into
wavelet coefficients using wavelet transform, applying
a thresholding rule to determine the optimal threshold,
and modifying the coefficients accordingly [3]. The
denoised image is then reconstructed using the inverse
wavelet transform. To evaluate its performance, the
proposed method is applied to images with varying
noise levels, types, and wavelets. Results are compared
against existing techniques, highlighting the method’s
ability to achieve significant noise reduction while
maintaining image quality [4-10].

The remaining paper is organized as follows.
Section 2 presents the wavelet shrinking diagnosing,
and Section 3 presents the conclusions.
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Fig. 1: Block Diagram

2. Wavelet shrinking denoising

The denoising process begins by applying the
Wavelet Transform to the noisy image. This
mathematical transformation decomposes the image
into a set of coefficients, representing the image's low-
frequency components (approximation coefficients)
and high-frequency components (detail coefficients).
While the approximation coefficients capture the
primary structure of the image, the detail coefficients
often contain noise and fine details such as edges and
textures, the block diagram of the proposed method is
shown in Fig. 1.

To minimize noise, a thresholding rule is
employed to determine a suitable threshold value. This
threshold acts as a boundary to distinguish between
coefficients dominated by noise and those containing
meaningful information. The detail coefficients are then
modified using a thresholding filter, which selectively
suppresses Or below the

threshold value while retaining significant data.

eliminates coefficients

After modifying the detail coefficients, the Inverse
Wavelet Transform (IWT) is applied. This step
reconstructs the denoised image by combining the
unchanged approximation coefficients and the filtered
detail coefficients. The result is an image with reduced
noise and preserved structural and textural details. In
this study, three advanced techniques—Top Method,
Universal Method, and Translation Invariant Method —
are implemented to optimize the denoising process.

These methods ensure robustness and adaptability
across various noise levels and image types. The Symlet
Wavelet is used for both the forward and inverse
wavelet transforms, as its symmetry properties help
minimize

distortion during reconstruction and

improve overall denoising performance.

To assess the quality of the denoising process, two
well-known metrics are utilized: Peak Signal-to-Noise
Ratio (PSNR) and Root Mean Squared Error (RMSE).
PSNR indicates the clarity of the reconstructed image,
while RMSE is calculated as the square root of the
average squared differences between the original and
reconstructed offering an insight into
reconstruction accuracy and overall denoising quality
as presented in equations (1) and (2), as below.

images,

RMSE = \/% ¥, (X(i) - )?(i))2 1)

PSNR=20 log1o (255/VMSE) )

In this study, the denoising process is evaluated
using X()the original image is X(i) is the de-noised
image, with n representing the number of samples. The
simulation is repeated 100 times, and the average
results are considered to ensure reliability.
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Table. 1: Denoising performance of coifman image using top method

¢ =10 6 =20 ¢ =30
Parameter
RMSE PSNR RMSE PSNR RMSE PSNR
Noisy Image 9.9897 28.1397 19.9701 22.1232 29.8222 18.64
SCAD function 5.9938 32.5768 10.105 28.04 17.348 23.3458
Soft function 4.9952 34.1597 8.3028 29.7464 10.8504 27.4219
Novel snrinkage 4.9935 34.1628 8.4846 20,5582 13.6977 25.3978
function
Table. 2: Denoising results of coifman image using universal method
¢ =10 ¢ =20 ¢ =30
Parameter
RMSE PSNR RMSE PSNR RMSE PSNR
Noisy Image 10.0083 28.1236 19.9903 22.1144 30.0162 18.5837
SCAD function 4.4647 35.1349 7.2833 30.8842 10.0462 28.0908
Soft function 7.5863 30.5302 11.3976 26.9946 14.2223 25.0714
Novel shrinkage 5.692 33.0255 85333 20,5085 11.3042 27.066
function

The experiments are conducted on various images,
and the outcomes remain consistent across the different
datasets. The implementation and simulation are
carried out in a MATLAB environment. The original
image is presented in Fig. 2, Fig. 3 presents the noisy
image, Fig. 4 presents the estimated image using SCAD
function, Fig. 5 presents the estimated image using soft
function and the Fig. 6 presents the image using novel
shrinkage function respectively. The denoising results
are analysed for noise levels of 0=10, 20 and 30 using
the Soft, SCAD, and the proposed Novel shrinkage
function. These functions are evaluated under different
methods, including the Top method, Universal method,
Translation Invariant method, and the Wiener filter
method. The comparisons highlight the performance of
the novel shrinkage function across varying noise
intensities and denoising techniques.

Table. 1 illustrates the denoising performance of
different thresholding functions for a noisy image with
0=10\sigma = 100=10. The SCAD function achieves an
RMSE of 5.9938 and a PSNR of 32.5768, while the soft
thresholding function shows improved results with an
RMSE of 4.9952 and a PSNR of 34.1597. The proposed
Novel shrinkage function outperforms both, with an

RMSE of 4.9935 and a PSNR of 34.1628. These results
clearly demonstrate the superior performance of the
novel shrinkage function in terms of both RMSE and
PSNR. This trend is consistent across higher noise levels
(0=20\sigma = 200=20 and 0=30\sigma = 300=30),
confirming the robustness and effectiveness of the
proposed method in denoising tasks.

Table. 2, highlights the denoising performance for
a noisy image at 0=10\sigma = 100=10 using different
thresholding functions. The SCAD function achieves an
RMSE of 4.4647 and a PSNR of 35.1349, while the soft
thresholding function shows a higher RMSE (7.5863)
PSNR (30.5302), reduced
effectiveness. In contrast, the Novel shrinkage function
achieves an RMSE of 5.6920 and a PSNR of 33.0255,
outperforming the soft thresholding function. These
results demonstrate that the Novel shrinkage function
provides better denoising performance than soft
thresholding. A similar pattern of
performance is observed for higher noise levels
(0=20\sigma = 200=20 and 0=30\sigma = 300=30),
further validating the robustness of the proposed
method.

and lower indicating

improved
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Table. 3: Denoising results of coifman image using translation variant method

o =10 ¢ =20 o =30
Parameter
RMSE PSNR RMSE PSNR RMSE PSNR
Noisy Image 10.0361 28.0995 19.9761 22.1206 30.0756 18.5665
SCAD function 6.1247 32.3891 9.0033 29.0428 10.3005 27.8736
Soft function 7.2772 30.8915 9.9589 28.1666 12.1021 26.4736
Novel shrinkage function 4.335 35.391 7.4676 30.6672 9.9818 28.1466
Table. 4: Denoising results of coifman image, using wiener filter method
¢ =10 o =20 ¢ =30
Parameter
RMSE PSNR RMSE PSNR RMSE PSNR
Noisy Image 10.0038 28.1275 20.0108 22.1055 30.1656 18.5406
Weiner filter 3.7892 36.5599 5.5404 33.26 6.8255 31.4481

Table. 3 show cases the denoising performance for a
noisy image at 0=10\sigma = 100=10 using different
thresholding functions.

Fig. 2: Original image

Fig. 5: Estimated image using soft function

N 00 150 200 250 The SCAD function achieves an RMSE of 6.1247
and a PSNR of 32.3891, while the soft thresholding
Fig. 3: Noisy image (0=30) function results in an RMSE of 7.2772 and a PSNR of
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30.8915, indicating less effective denoising. In contrast,
the Novel shrinkage function achieves superior results
with an RMSE of 4.3350 and a PSNR of 35.3910,
outperforming both the SCAD and Soft thresholding
functions. This trend of improved performance with
the Novel shrinkage function is consistently observed
for higher noise levels (0=20\sigma = 200=20 and
0=30\sigma = 300=30), further affirming its
effectiveness and robustness in image denoising tasks.
Table. 4, presents the results for wiener filter method.

Fig. 6: Estimated image using novel shrinkage function
3. Conclusion

This paper introduces a new shrinkage function
designed for wavelet-based image denoising. The
proposed method is tested using the Coifman image,
and its benchmarked
established techniques, including the SCAD function,
the soft thresholding approach, and the Wiener filter.

The analysis reveals that the proposed shrinkage

performance is against

function demonstrates superior performance compared
to the SCAD and Soft thresholding methods,
particularly when combined with the Translation
Invariant and Top strategies. It also shows superior
performance compared to the soft function in the
Universal method and outperforms the Wiener filter
method. The proposed novel shrinkage function is
initially applied to denoising black and white images.
In the future, this method has the potential to be
extended to color images and videos, offering broader
applicability for image and video denoising tasks.
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