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Abstract

Medical image analysis relies heavily on picture denoising. Improved perceptual quality of noisy image samples can
speed up the diagnostic procedure in many circumstances. Even though medical image denoising is widely used, the
current approaches fail to address the wide spectrum of noise in multidisciplinary medical imaging. In this work,
new image denoising will be performed by utilizing Bayesian thresholding with LSTM. Here, 5x5 windowing will be
applied in the DWT domain to classify the noise effected coefficients. The LSTM will be trained by combining noisy
and regular blocks with manually selected label information. The performance will be evaluated using image
denoising performance metrics such as 53.25 of PSNR, 0.98 of SSIM, 0.018 of RMSE etc.
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Introduction

Noise is a visual representation of unwanted data
that degrades the quality of the image. As a method
that affects the final image, it is referred as such.
When exchanging and acquiring images, noise is
typically introduced. Image noise distorts the
image's contrast range. Images can be affected by a
variety of disturbances, such as Gaussian noise
produced by regular sources like particle thermal
vibration and the distinct nature of radiation from a
warm object. Uncontrollable, ever-increasing noise.
As a complex phenomenon, back scattered wave
presence corrupts picture value by originating from
frequent microscopic dispersed reflections that
travel over internal organs and makes it extra
difficult for the observer to differentiate fine
elements of the image in investigative examinations

[1].

Nonlocal means and Wiener filters were utilised in
the wavelet-based technique for example, as were
partial differential equations and empirical mode
decomposition. Using Wiener filters to reduce the
impact of non-stationary noise on one- and 2-D
biomedical signals, as well as on pictures in general,
has proven successful [2]. Additive noise, salt and
pepper noise, and multiplicative noise are the most
common sources of distortion in practise. Each
pixel in an image undergoes a tiny change from its
original value when subjected to Gaussian noise. To
model this form of noise, the Gaussian distribution
is a great choice. This is because of the central limit
theorem, which asserts that the sum of distinct
sounds tends to approach a Gaussian distribution.
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The removal of Gaussian noises by conventional
linear filters has a detrimental effect on image edge
and texture details [3].

Wavelet transforms are used for image denoising as
a noise filtering technique. Decomposition into
wavelet space and the coefficients of the image are
obtained up to a predetermined decomposition
level using wavelet denoising is the first step. The
obtained coefficients are then subjected to a variety
of noise thresholding methods. Handling CLSM
images necessitates extreme caution due to the
delicate nature of the signal. After that, the inverse
transformation is performed with the thresholded
coefficients, and the estimated noisy image is
reconstructed [4].

Gaussian noise is the most common type of noise
that occurs during the acquisition of images. Salt
and pepper noise are most commonly seen when
images are transmitted through an unencrypted
communication filter. As a result, removing image
noise is essential if we are to obtain accurate data
without compromising the photographs' visual
appeal. There are a variety of filters that can be
used to reduce visual noise. Some examples include
Geometric and Harmonic Mean Filters; Median
Filters; Weiner Filters; Midpoint Filters; Max-Min
Filters; Alpha-Tiered Mean Filters; Adaptive Filters;
Band Pass; Notch; Band Reject Filters, among
others [5].

Rest of document follows these guidelines: The
techniques for medical picture denoising that have
already been described are discussed in Section II.
Image denoising is deliberated in Section III. It is in
Section IV that the projected approach,
comparative study, and analysis are explained and
discussed. Section V, on the other hand, focused on
the end result.

Literature Survey

To reduce the amount of noise in OCT images, Zhao
Dong et al. suggested a bespoke generative
adversarial network (GAN). The ground truth
images were created using a speckle modulating
optical coherence tomography (SM-OCT). SM-GAN,
a neural network model based on 210,000 SM-OCT
images, was trained and validated using these
pictures. Images of human fingers and a beating
fruit fly heart were used to demonstrate the SM-
GAN method's performance.. Other advanced
denoising networks, such as deep learning-based
ones, were used to compare the SM-GAN model's
results in terms of denoise performance. With the

SM-GAN model provided here, we conclude that
speckle noise in OCT pictures and films can be
effectively reduced without sacrificing spatial or
temporal resolutions [6]

Biomedical image denoising systems that combine
Wiener and partial differential equation (PDE)
filtering have been proposed by Salim Lahmiri and
Mounir Boukadoum. After removing additive
Gaussian noise with the local Wiener filter, the PDE
filter is used to the resulting filtered picture to
further reduce noise while maintaining the edges of
the filtered image The suggested approach
outperformed the local Wiener filter and the PDE
filter alone in experiments [7].

Many of Salim Lahmiri's image denoising methods
for tBEMD include the partial differential equation
(PDE), linear complex diffusion process (LCDP),
non-linear complex diffusion process (NLCDP), and
DWT. Two medical photos and a regular digital
image were used in the experiments. Additive
Gaussian noise was used to corrupt the original
photos in three different levels. tBEMD
outperforms the standard BEMD domain by a wide
margin in terms of PSNR, as demonstrated in the
experiments using PDE, LCDP, NLCDP, and DWT. It
has also been found that tBEMD achieves better
when the noise level is low than conventional
BEMD. To put it another way: When it's high,costs
in terms of processing time are the same. [8] The
demonstrated efficacy of the proposed method
makes it a viable option for clinical use [8].
Undecimated Wavelet Transform (UWT) was
proposed by Sai Kumar and his colleagues as a
denoising approach, and we tried out the shrinkage
task to remove noise. We tested the
appropriateness of several wavelet families for
denoising therapeutic images using semi-soft and
stein thresholding functions together with
conventional hard and soft thresholding functions
in the shrinkage step. The results showed that the
SWT (Stationary Wavelet Transform) denoised
image had a better harmony between smoothness
and precision than the DWT [9].

Perceptive deep CNNs were designed by Qingsong
Yang et al for CT image denoising, which relies on a
perceptual loss as the objective function. A deep
convolutional neural network's goal function can be
a new measure of perceptual similarity. A denoised
output's perceptual features are compared to those
of the ground truth in a feature space, rather than
straight computing MSE for pixel-to-pixel loss. In
this way, not only can image noise be reduced, but
crucial structural information can be preserved at
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the same time. Our tests with a large sum of CT images have yielded promising consequences [10].
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Fig. 2. Training and testing process for DWT block classification
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DWT

It is better to employ discrete wavelet transforms
(DWTs) than Fourier transforms because DWTs
have variable window widths and may be scaled.
Additionally, DWTs take a lot less computation time
than Fourier transforms because they are
completed much more quickly. 1-D DWT is used to
deconstruct the rows first, and 1-D DWT is used to
decompose the columns. LL, HL, HH, and HL are the
four decomposed sub-band images that result from
this procedure (HH).The LL band from the
preceding level is dissected one again by DWT for
multi-resolution analysis. As can be seen in Fig. 2,
the breakdown levels 1, 2, and 3 are labelled as L
(low frequency band) and H. Using a wavelet
transformation is preferable because it allows for a
changeable window size. Wavelet transform
provides a window size that other transforms such
as the Fourier and Hilbert transform do not [11].

Bayesian Thresholding

An efficient denoising formalism known as
Bayesian thresholding was found to be effective. (2)
The threshold specified in (1) is best for a white

Gaussian noise.
2

o
Tylox) = —,
Ox
Where o is the noise variance.
"iid" (independent and identically distributed)
noise allows us to write this.
U%: = {IEX + Uz,
Where 03? is the projected alteration of the
experiential image. The projected alteration of

signal ¢ is then inferred by
Oy = \/max (02 —02,0).

A robust estimator of the noise alteration is
increased by

M
o= ,
0.6745

where M is the median value of the total wavelet
coefficients in the 1st.

Assuming that the wavelet coefficients have a
Generalized Gaussian Distribution, this threshold
setting was shown to be best (GGD). The GGD is
influenced by a parameter referred to as the shape
factor. Subbands of natural images can be modelled
with a value in the 0.5 and 1 range. This value is
always set to 1 to make things easier when using
the Bayesian threshold. It has been suggested that

this shape factor be included in the computation of
the cutoff value.

Gradient Feature Extraction

The gradient map can be decomposed into its
directional components in this approach. Directly
feeding a classifier a gradient map does not
produce promising detection results since the
gradient map's directionality is not explicitly
measured. Using directional gradient features in
face detection was inspired by preceding work on
on-line character recognition that claimed
promising consequences. feature reduction are the
three stages necessary to acquire gradient direction
features.

Arithmetic Feature Extraction
1. Standard Deviation

Standard deviation is a measure of the variance of
the distribution of a given number, and it is used in
statistical analysis. It is easier to establish means
when standard deviation is low, whereas it is more
difficult to establish a consensus when standard
deviation is high. The sample typical deviation is
calculated using this formula.

N

1 )2

S = m Zl(xi—X)
=

where {xi1, X2..Xn} are the observed values of the
sample items, Xis the mean value of these
comments, N is the sum of observations of the trial.

Mean

In statistical terms, the mean is the sum of all
observed data divided by the total number of
observed data points. It is common to use the
symbol to represent the arithmetic mean of an
array of numbers (x,) In the sample, there are n
items.

_ 1 < X1 +XZ + e +xn
X = — xX;) =
=OIED
i=1

n

Kurtosis

The "tailedness" of a real-valued random variable's
probability distribution is assessed by its kurtosis
in probability theory and statistics. The four
standard points on a graph can be used to plot it:
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—n N4

Kurtosis[X] = E [(X - “) ] - (5[[((;(_ :))2]])2
K
e

where u4 is the fourth central instant and o is the
standard deviation. K signifies the kurtosis.

Skewness

In probability theory and statistics, skewness is a
measure of the asymmetry of the probability
distribution of a real-valued random variable
relative to its mean. The skewness value can be
positive, zero, negative, or undefined.

The skewness of variable X is the third
standardized moment fizdefined as:
g (X—u)3 _ M E[(X -]
" o >~ EIX -2
3/

There are three central moments (_3, t, and mean)
and three cumulants (_3, t, and mean). Skewness is
expressed by the ratio of the third cumulant 3 to
the 1.5th power of the second cumulant 2.

Moment

The whole mass is represented by the zeroth
moment, the centre of mass is represented by the
first moment, and the rotational inertia is
represented by the second moment, if the function
signifies mass. The zeroth moment of a function
that expresses energy is the whole energy. The
zeroth moment of a probability distribution is the
whole probability (one), and the first moment is the
expected value.

Assume that f(x) is an unbounded real-valued
continuous function with respect to some constant

= [ G- feo dx

LSTM

Long-range dependencies in one-dimensional data
can be captured using the LSTM network, which is
well-known for this purpose. Additionally, it is
feasible to use the LSTM network to capture some
correlations in multi-dimensional data that require
more computation. Multidimensional data can be
converted into lengthy, one-dimensional data to
achieve this objective. Sparse noise characteristics
are extracted using the LSTM network in this
section. We must convert the two-dimensional

feature map into a one-dimensional signal in order
to get the optimum results. Raster scanning is one
scanning format that works well for this. Gradient
loss and excessive computational complexity may
be encountered when training LSTM networks to
deal with extensive one-dimensional input data. To
deal with these problems, we suggest a multi-
directional LSTM network. When using the LSTM
network, inputs are received from all four
directions:

Starting from the bottom up (direction 4). There is
a risk that our suggested approach will not be able
to capture all the noise features because we
presume that the LSTM network can only be
applied to four directions. A convolutional neural
network will first convolutionalize the feature
maps before passing them to the directional LSTM
module in each direction. In this case, 32 filters are
used. To make things easier, the LSTM network will
be rotated by 90°, 180°, and 270° to represent the
directions. The LSTM can only be applied from the
top to the bottom after rotations. As a result, we
should have fewer problems putting this plan into
action. A convolutional neural network, 1164, will
then process all four directions of input data to
produce the feature maps of a multi-directional
LSTM network's output feature maps.

Results and Discussions
PSNR

It is the ratio of the signal's maximal potential
strength to the power of corrupted input [12]. The
equation for PSNR is as follows: (8).

PSNR = 20. 10g10 MAXpy - 10.10g10 MSE (8)
_MAX PY is the maximum picture pixel value, as
seen in the figure.

The unencrypted and encrypted
denoted by K and k, respectively.

images are

Mean Square Error (MSE)

Estimator consistency can be measured using the
MSE; this metric is frequently non-negative, with
values around zero being higher [13]. The
difference between the encrypted and unencrypted
photos is shown in equation by MSE (11).

1 s, . , .
MSE = X IGH = 1GNP (1)

PxxPx <=

Root-Mean-Square Error (RMSE)

The standard deviation of the residuals is
calculated using the RMSE. Data points are
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measured in terms of residuals, a statistic that
indicates how far apart they are from the
regression line [14]. (12).

RMSE = VE —K (12)

Where E is the value and K are known results.

Mean Absolute Error (MAE)

Errors in matched data that represent the same
phenomenon are assessed using MAE (mean
absolute error) statistics [15]. It is possible to do a
comparison between one measuring technique and
another as described in Equation 1 by comparing
the projected and observed future times (13).

Ny
MAE = 2=l (13)

Natural Image Quality Evaluator (NIQE)

Even though an NIQE ideal is trained on a pristine
image database with arbitrary distortion, NIQE can
calculate image quality. The NIQE is unaffected by
opinion but does not employ arbitrary quality
ratings [16].

Blind/Reference Less Image Spatial Quality Evaluator

Visually impaired/non-referenced In order to
evaluate the quality of distorted images, the Spatial
Quality Estimator (BRISQUE) relies on images that
have been previously warped. As a result of this,

BRISQUE photos
commentary [17].

Table L.Performance Value for the different Density of Noise Medical
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Fig.3. Performance of different density of noisy medical image

Table IL.Comparison of Performance with the Previous Technique

METHOD SSIM | PSNR | RMSE
GSO [13] 0.92 [50.8 |1.235
KGMO [14] 0.82 [16.1 |0.023
Proposed Method | 0.98 | 53.25|0.018
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Fig. 4. Comparative performance of proposed method
Conclusion

LSTM and Bayesian Thresholding are used in this
paper to denoise images. It aims to eliminate the
Gaussian white noise that can be seen in noisy
photos by applying this technique. As a result, a line
or curve singularity can be better preserved in
noisy images by using the method provided in this
study. Image denoising relies heavily on this. The
wavelet transform yields the DWT transformation.
After converting the image into 5x5 blocks, the
algorithm extracts the nosy image's arithmetic and
gradient properties. Images can be classified as
either normal or noisy using the LSTM algorithm.
To reduce the amount of noise in the image, we
employ Bayesian Thresholding and IDWT. When
compared to prior works, this one performs better.
It has an SSIM of 0.98, a PSNR of 53.25, and an
RMSE of 0.018.
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