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Abstract 

Background  CT and MRI modalities are important diagnostics tools for exploring the anatomical and tissue proper-
ties, respectively of the human beings. Several advancements like HRCT, FLAIR and Propeller have advantages in diag-
nosing the diseases very accurately, but still have enough space for improvements due to the presence of inherent 
and instrument noises. In the case of CT and MRI, the quantum mottle and the Gaussian and Rayleigh noises, respec-
tively are still present in their advanced modalities of imaging. This paper addresses the denoising problem with con-
tinuum topological derivative technique and proved its trustworthiness based on the comparative study with other 
traditional filtration methods such as spatial, adaptive, frequency and transformation techniques using measures 
like visual inspection and performance metrics.

Methods  This research study focuses on identifying a novel method for denoising by testing different filters on HRCT 
(High-Resolution Computed Tomography) and MR (Magnetic Resonance) images. The images were acquired 
from the Image Art Radiological Scan Centre using the SOMATOM CT and SIGNA Explorer (operating at 1.5 Tesla) 
machines. To compare the performance of the proposed CTD (Continuum Topological Derivative) method, various 
filters were tested on both HRCT and MR images. The filters tested for comparison were Gaussian (2D convolution 
operator), Wiener (deconvolution operator), Laplacian and Laplacian diagonal (2nd order partial differential operator), 
Average, Minimum, and Median (ordinary spatial operators), PMAD (Anisotropic diffusion operator), Kuan (statisti-
cal operator), Frost (exponential convolution operator), and HAAR Wavelet (time–frequency operator). The purpose 
of the study was to evaluate the effectiveness of the CTD method in removing noise compared to the other filters. 
The performance metrics were analyzed to assess the diligence of noise removal achieved by the CTD method. The 
primary outcome of the study was the removal of quantum mottle noise in HRCT images, while the secondary out-
come focused on removing Gaussian (foreground) and Rayleigh (background) noise in MR images. The study aimed 
to observe the dynamics of noise removal by examining the values of the performance metrics.

In summary, this study aimed to assess the denoising ability of various filters in HRCT and MR images, with the CTD 
method being the proposed approach. The study evaluated the performance of each filter using specific metrics 
and compared the results to determine the effectiveness of the CTD method in removing noise from the images.

Results  Based on the calculated performance metric values, it has been observed that the CTD method successfully 
removed quantum mottle noise in HRCT images and Gaussian as well as Rayleigh noise in MRI. This can be evidenced 
by the PSNR (Peak Signal-to-Noise Ratio) metric, which consistently exhibited values ranging from 50 to 65 for all 
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the tested images. Additionally, the CTD method demonstrated remarkably low residual values, typically on the order 
of e−09, which is a distinctive characteristic across all the images. Furthermore, the performance metrics of the CTD 
method consistently outperformed those of the other tested methods. Consequently, the results of this study have 
significant implications for the quality, structural similarity, and contrast of HRCT and MR images, enabling clinicians 
to obtain finer details for diagnostic purposes.

Conclusion  Continuum topological derivative algorithm is found to be constructive in removing prominent noises 
in both CT and MRI images and can serve as a potential tool for recognition of anatomical details in case of diseased 
and normal ones. The results obtained from this research work are highly inspiring and offer great promise in obtain-
ing accurate diagnostic information for critical cases such as Thoracic Cavity Carina, Brain SPI Globe Lens 4th Ventricle, 
Brain-Middle Cerebral Artery, Brain-Middle Cerebral Artery and neoplastic lesions. These findings lay the foundation 
for implementing the proposed CTD technique in routine clinical diagnosis.

Keywords  Denoising, Continuum topological derivative, HRCT images, MRI images, Quantum mottle, Rayleigh noise, 
Gaussian noise

Introduction
Medical imaging technology have been grown rapidly 
from the screen-film to the sophisticated medical images 
arising from modern modalities wherein digital imag-
ing have been playing a predominant role, in particular 
CT and MRI. Medical image analysis is aided by various 
image processing tools like image enhancement, quan-
tification, visualization and computer aided detection 
[1, 2]. Objective of image restoration is denoising of the 
degraded medical image to remove the noise generated 
from non-linearity of sensors, grains, defects in image 
capturing, erroneous focus of image, distortion due to 
relative motion of object during imaging, etc.

Imaging modalities
In this paper, two imaging modalities such as CT and 
MRI and their denoising characteristics using CTD tech-
nique are presented.

Computer Tomography (CT)
Computer Tomography (CT) has been developed in 
stages like planar, cross-section and 3-D reconstruction, 
etc., and has attained the present stage of High Resolu-
tion Computed Tomography (HRCT) [3–7]. In HRCT, 
minimum field of view and optimized resolution of 
images are the main highlights of HRCT, which proved 
its ability to give clear images to find lung fibrosis [8], and 
bronchial tree lesion [9–11]. Further, the image recon-
struction algorithms employed in HRCT are capable of 
extending high spatial-frequency resolution.

Since its introduction in 1972, computed tomography 
(CT) has evolved significantly with advancements includ-
ing cardiac gating CT, spectral CT, multidetector CT 
(MDCT), energy-sensitive photon counting detector CT 
(PCD-CT), phase contrast CT, spiral CT, sequential CT, 
coronary CT, triple-phase CT, electron beam CT (EBCT), 
helical CT, perfusion CT, and high-resolution CT 

(HRCT), among others. The utilization of SOMATOM 
HRCT in this study offers several advantages. It allows 
for low contrast agent dosage, as X-ray tubes can gener-
ate high mA at low kV even with reduced contrast agent 
usage. Additionally, it minimizes the use of rare earth 
metals and incorporates a high number of detectors, 
resulting in energy-efficient HRCT machines. This is par-
ticularly beneficial for thorax and cardiac procedures, as 
it facilitates dynamic imaging with excellent temporal 
resolution, fast scan results, accurate neuro perfusion 
maps, and reduced metal and motion artifacts. HRCT 
proves to be highly valuable in the diagnosis of lung dis-
orders and diseases within the thorax region due to its 
exceptional accuracy.

Magnetic Resonance Imaging (MRI)
In Magnetic Resonance Imaging (MRI), radio wave is 
applied on the human beings (excitation or protons) 
under the influence of strong magnetic field (to align the 
precision of the proton in a particular direction of the 
applied magnetic field) and detecting the relaxation times 
like T1 and T2 of the excited protons forms the basis 
of the MRI. For image formation in MRI, Radon trans-
form or Fourier Transform was employed [12] to con-
vert the k-space proton relaxation time into pixels. The 
MRI advanced modalities like Fluid Attenuated Inversion 
Recovery (FLAIR), Diffusion Weighed Imaging (DWI), 
and Periodically Rotated Overlapping Parallel Lines with 
Enhanced Reconstruction (PROPELLER) have helped to 
overcome the MRI sample k-space over a rotatory time 
period.

In the case of MRI, the three principal nuclei utilized 
to study metabolism, fluids, and cell membrane com-
position with pH levels are carbon (C-13), hydrogen, 
and phosphorus (P31), respectively. For this research, 
the SIGNA Explore MRI machine was employed, which 
offers several advantages. It provides very silent scans (< 3 
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decibels), enables 3D volumetric brain imaging, allows 
for free-breathing scans, facilitates low sedation scans, 
distinguishes between calcifications and blood vessels 
effectively, and provides good proton density sequences. 
These features enhance the overall imaging experience 
and contribute to obtaining high-quality results in terms 
of noise reduction, precise volumetric imaging, and 
accurate differentiation between different tissues and 
structures.

Noises in CT and MR images
In this work, two different types of noises originating 
from the CT and MRI are attempted using the proposed 
CTD algorithm.

Quantum mottle in CT
Quantum mottle is one of the preliminary noises in CT 
due to loss in photon reaching the detector, which causes 
image density fluctuation, decreased spatial resolution 
and poor contrast resolution. This loss in the number of 
photons is governed by the Poisson distribution on a 
pixel-to-pixel scale. If Pavg

/ p
 is the average number of pho-

tons per pixel then, the standard deviation can be defined 
as PSD

avg =

√
P
avg

/ p
 . Now the observed quantum mottle 

noise QCT
N  can be equated as

In the above Eq.  (1), QCT
N  is the distributive noise. For 

quantum noise removal, Filtered Back Projection (FBP) 
and sinogram affirmed iterative reconstruction (SAFIRE) 
techniques were used for the estimation of quantum 
noise in CT images [13–17]. Wavelet transform and its 
different modes and types were experimented for remov-
ing the quantum mottle noise in CT [18–24]. Further, 
spatio-temporal filtering [25], Bayes filter [26], multineu-
ral network filter [27], adaptive multineural network filter 
[28], stochastic method [29], adaptive statistical iterative 
reconstruction-V [30], iterative reconstruction algorithm 
[31–36], deep learning reconstruction algorithm [37, 38], 
Shearlet transform [39] and neural network [16] are some 
of the other methods tried to reduce the quantum mottle 
noise in CT images. The denoising process in the wave-
let method involves decomposition of levels, threshold-
ing, and scaling factors. Spatio-temporal filtering, on the 
other hand, utilizes ordinary mathematical operations 
followed by basic statistical operations. However, these 
approaches often struggle to produce crucial diagnostic 
information due to the averaging of image contents.

In contrast, the Bayes filter employs probability den-
sity functions for the filtering process, while neural, 

(1)QCT
N = PSD

avg P
avg

/ p

multineural, and adaptive multineural methods are based 
on training datasets. Adaptive statistical iterative recon-
struction utilizes statistical and probability distribution 
functions to perform the filtering operation. The Shearlet 
transform, on the other hand, utilizes sparse representa-
tion to denoise quantum mottle noise.

While these methods often involve averaging existing 
information through mathematical operations or require 
time-consuming iterative algorithm testing, the proposed 
CTD method takes a different approach. It applies a sim-
ple perturbation (cost-function) threshold to identify 
noise information from useful pixel information. This 
allows for accurate details by discarding the noise infor-
mation as desired. Moreover, the cost-function can be 
adjusted to fine-tune the denoising process and obtain 
precise results [40–51].

Gaussian and Rayleigh’s noises in MRI
In MRI, k-space variables are used to form the image 
using Radon transformation. Noise in k − space is char-
acterised by independent and identically distributed ran-
dom variables called, Gaussian Random variables, which 
are complex in nature. In MRI, feature extraction and 
classification are affected by these noises and are addi-
tive in nature. Various researchers have tried to reduce 
the noises in MRI using different filtering techniques 
[52–55].

The Gaussian noise present in MRI image [56] can be 
expressed as

In the above Eq.  (2), N
G

MRI
 represents the Gauss- 

ian noise of the MRI image, NG1
MRI

 and NG2
MRI are inde-

pendent zero-means. Wavelet filters [57–61], histogram 
equalization [62, 63], median filter [64–67] total varia-
tion method [55], adaptive wiener filter [68], multiscale 
enhancement along with Susan edge detector [69], Bayes-
ian method [70], non-local means filter [71, 72], hybrid 
adaptive algorithm [66], anisotropic diffusion filter [40, 
41, 73], bilateral filter [74], convolution neural network 
[75] and non-local averaging [42] are some of the tech-
niques employed for denoising the Gaussian noise in 
MRI images. When it comes to Gaussian noise present in 
MR images, different denoising methods exhibit varying 
strengths. Histogram equalization primarily enhances 
contrast information, while the total variation method, 
multiscale enhancement, and bilateral filters excel in pre-
serving sharp edges. The Bayesian approach can remove 
additive white noise in MRI, but its effectiveness may be 
limited. Non-Local Means (NLM) and hybrid adaptive 
algorithms are often successful in reducing random noise 
in MRI. On the other hand, the anisotropic diffusion 

(2)NG
MRI =

√
Drs
MRIN

G1
MRI + NG2

MRI
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filter and non-local averaging methods can only moder-
ately reduce Gaussian noise in MR images. It is impor-
tant to note that no single method is capable of reducing 
Gaussian noise to the desired level perfectly.

Therefore, the proposed CTD method was imple-
mented to address noise reduction in a constructive 
manner, considering the limitations of other methods. 
By employing a tailored approach, the CTD method aims 
to effectively reduce noise while preserving important 
image details [65, 76–81].

Rayleigh noise concentrates on the magnitude of the 
image and lies in the background of the MRI image. This 
background noise removal brings down the lossless com-
pression ratio, which improve the efficiency of image 
transfer through internet for telemedicine purposes [43]. 
Rayleigh noise depends on the noise density in the image 
pixels and is modelled on the Rayleigh curve represented 
by

In Eq. (3), NRy
d

(
I
g
m

)
 gives the noise density, g represents 

the grey level intensity, g0 represents the minimum grey 
level intensity and g1 represents the maximum grey level 
intensity.

Haar wavelet [43], complex diffusion prior [44], par-
tial differential equation [45, 82, 83], Villullas-Martin’s 
filter [46], anisotropic diffusion [47], adaptive filters 
[48], discrete complex wavelet [49], Taylor-Krill Herd-
based Support Vector Machine [50], Bayes classifier 
[51], conventional approach [84], maximum-likelihood 
[85], orthogonal matching pursuit sparsity method [86], 
genetic programming [87], Markov random fields based 
maximum a posteriori method [88], non-linear regres-
sion models [89], sum of squares reconstruction [90], 
Bayesian [91], variational model [92], non-local mean fil-
ter [72], multi-dilated block network [76] and Nakagami 
distribution [77] were deployed to remove the Rayleigh 
noise in MRI images. While these methods were able to 
reduce Rayleigh noise to a moderate level, the Villullas-
Martin’s filter fell short in preserving contour details as 
expected. The maximum-likelihood method focused 
solely on removing thermal noise in MRI, and the orthog-
onal matching pursuit sparsity method only provided a 
solution for sparse representation.

In order to address the limitations and drawbacks of 
these existing methods for removing Rayleigh noise in 
MRI, the proposed CTD method was implemented. The 
CTD method aims to overcome these limitations by 

(3)N
Ry
d

�
I
g
m

�
=




2

g1
[g − g0]e

(g−g0)
2

g1 g ≥ g0

0 g < g0

offering improved noise reduction while preserving con-
tour details to the desired level [93–102].

Methodology
Denoising filters have wide applications in removing 
the noises present in most of the imaging modalities. 
They can be categorized as spatial [65, 78–81, 103–105], 
adaptive [106, 107] and transformation [108] filters. Spa-
tial filters are classified into linear and non-linear types 
concentrating on neighbourhood operations. Adaptive 
filters operate on statistical measures like mean and vari-
ance, while the transformation filters depend on tech-
niques like Fourier, Curvelet, Contourlet and Wavelet 
transforms. Filters along with their functions are sum-
marized in Table  1. These noise filters were tested for 
noise removal in CT and MR images and their perfor-
mance are summarized in Table 1. These three different 
categories of traditional filter have been chosen for this 
work for estimating the performance of the proposed 
CTD filter by comparing their denoising characteristics 
using various performance measures. For comparing the 
performance of the filters, eighteen performance met-
rics viz., Average Difference (AD), Mean Square Error 
(MSE), Root Mean Square Error (RMSE), Maximum Dif-
ference (MD), Normalized Absolute Error (NAE) and 
Normalized Mean Square Error (NMSE), Peak Signal to 
Noise Ratio (PSNR), Structural Content (SC), Correlation 
Coefficient (CC), Normalized Cross Correlation (NCC), 
Image Quality Index (IQI) and Structural Similarity 
Index Map (SSIM), Contrast to Noise Ratio (CNR), Noise 
Index (NI), Average Signal to Noise Ratio (ASNR), Image 
Variance (IV), Noise Standard Deviation (NSD), and 
Equivalent Number of Looks (ENL) were selected and 
their mathematical forms, definition and range of values 
are summarized in Table 2 [109].

The proposed CTD filter and its mathematical defini-
tion are described in the following section.

Continuum Topological Derivative (CTD)
The Topological Derivative (TD) concept was originally 
conceived from structural mechanics to solve shape opti-
mization and topology optimization problems. Later on, 
it was utilized to solve image processing problems. In this 
research work, Continuum Topological Derivative (CTD) 
was proposed for solving discontinuities in the domain, 
boundaries and improving the shape sensitivity of CT 
and MR images [110].

Further, the CTD can be effective in solving the 
changes occurred during processing of images. All these 
features of the CTD impressed us to choose for denoising 
the CT and MR images. The main advantage of CTD lies 
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that even after the object got distorted by an external fac-
tor, it is still possible to study the properties of the object 
with respect to the original one [111]. This concept fur-
ther influences the proposed denoising studies carried 
out in CT and MR images [112]. The topological deriva-
tive can be expressed as,

where �(�ε) is the cost function of the perturbed 
domain, �(�) is the cost function of the original domain, 
f (ε) is the monotone function, DT (x̂) is the topological 
derivative for a perturbation factor ε . Further, TD with 
advanced techniques like wavelet transform, Discrete Fil-
ter Bank (DFB), and Contourlet Transform (CLT) have 
been experimented to solve the perturbed domain issues 
of extracting contours, boundaries and edges in biomedi-
cal images [93]. The TD, CLT and interpolation methods 
help to resolve the edges in the organs of the biomedical 
images [94]. The CLT with Pyramidal Directional Filter 
Bank (PDFB) acts as a tool for flexibility of decomposition 
at the sub-band level [95]. The TD can produce enhanced 
efficiency in the segmentation of medical images with the 
introduction of diffusion concept [96]. Moreover, the Top-
ological derivative could be applied for getting resolved 
images in Electrical Impedance Tomography (EIT) [97]. 
The TD with functional analysis techniques can provide 
emphasized results in delineation attributes of the medi-
cal images [98]. In the case of Continuum Topological 
Derivative (CTD), the features like shape functional, 
asymptotic expansion, sensitivity, and boundary and 
edge functional play a pivotal role in CTD while arriving 

(4)DT (x̂) = lim
ε→∞

�(�ε)−�(�)

f (ε)

at denoising results of CT and MRI medical images. The 
fundamental expression for CTD is given by,

The Eq.  (5) lays the foundation stone for CTD 
expressed in terms of cost function of original and per-
turbed domains along with monotonic function. Treating 
the state equation as the domain, which represents a spe-
cific region in the human body or an specific organ in the 
human body, the shape of it will be represented as �[�] , 
where � is the state function and the � is the domain that 
is characteristic of the state equation. Here, �[�] handles 
the original domain in an undisturbed state. Introduction 
of a perturbation into this domain will induce topologi-
cal variation in the state of the domain. In such a case, 
�[�] is defined by the approximate solution. Obtain-
ing approximate solution to linear system in the case of 
sparse system provides a perceptual way to solve prob-
lems [99]. Further, approximate solutions are of great use 
when handling noisy data [100]. As a result, the approxi-
mate solutions for the sparse systems which handle rank 
of the matrix provide a neat frame work for tomographic 
study on a quantum scale [101].

Shape sensitivity, parameterized domain, edge detec-
tion technique, elliptical boundary variational problems, 
adjoint method, mapping procedure, constraints on the 
domain, and gradient method aids in boundary studies 
along with numerical results are some of the vital applica-
tions of CTD [102, 113–115]. Study of elliptical boundary 
problems is important in finding the fundamental solu-
tions, positive solutions and non-linear boundary value 
problem [116–122]. Treating mesh as equivalent to the 

(5)�[�ε]−�[�] = fεD
T
C

(
x̂
)

Table 1  List of de-noising filters used

Name Type Mathematical function Resultant Image Noise Removal

Gaussian Frequency Cut off Smooth Average

Wiener Frequency Low pass Smooth Better

Laplacian Linear Derivative Edge detection Average

Laplacian Diagonal Linear Derivative Sharp Poor

Average Spatial (Low pass) Average Blurred Edges Average

Minimum Non-linear Minimum Smooth Poor

Median Non-linear Medium Smooth Good

PMAD Diffusion Derivative Smooth Average

Kuan Adaptive Statistical Smooth Good

Frost Adaptive Statistical Smooth Good

HAAR Wavelet Frequency Orthogonal Smooth Very Good

CTD Isotropic Conductivity Dif-
fusion

Cost High quality & contrast 
denoised image

Superlative
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Table 2  Performance metrics of the denoising filters

Metrics Mathematical Expression Definition Range

AD
AD = 1

mn

m∑
i=1

n∑
j=1

[
Im(i, j)− IFm(i, j)

] Mean difference between the original 
and the denoised image

AD is minimum for high quality denoised 
images and vice versa
AD = 0 to 255

MSE
MSE = 1

mn

m∑
i=1

n∑
j=1

(
Im(i, j)− IFm(i, j)

)2 Average difference between the original 
and the denoised image

MSE is minimum for high quality denoised 
images and vice versa
MSE = 0 to 255

RMSE
RMSE =

√
1
mn

m∑
i=1

n∑
j=1

(
Im(i, j)− IFm(i, j)

)2 Square root of the difference 
between the square of noised image and the fil-
tered image divided by the size of the original 
image

RMSE is minimum for high quality denoised 
images and vice versa

PSNR
PSNR = 10 log10

(2n − 1)2

MSE

= 10 log10
2552

MSE

Quantitative measurement of distortion 
of the signal and a qualitative measurement 
for comparison of noise

PSNR is maximum for high quality denoised 
images and vice versa

MD MD = max
(∣∣Im(i, j)− IFm(i, j)

∣∣) Maximum error between the original image 
and filtered image

MD is minimum for high quality denoised 
images and vice versa

NAE

NAE =

m∑
i=1

n∑
j=1

∣∣[Im(i,j)−IFm(i,j)
]∣∣

m∑
i=1

n∑
j=1

|[Im(i,j)]|

Numerical variance of the filtered image w.r.t 
the original image

NAE is minimum for high quality denoised 
images and vice versa
NAE = 0 ~ 1

NMSE

NMSE =

m∑
i=1

n∑
j=1

[
Im(i,j)−IFm(i,j)

]2

m∑
i=1

n∑
j=1

[Im(i,j)]
2

Measurement of the variation of MSE NMSE is minimum for high quality denoised 
images and vice versa

SC

SC =

m∑
i=1

n∑
j=1

[Im(i,j)]
2

m∑
i=1

n∑
j=1

[IFm(i,j)]
2

Qualitative representation in terms of the cor-
relation function and quantitative measurement 
for comparison of similarity between the original 
image and filtered image

SC = 1 ⇒

Im(i, j) = IFm(i, j)

CC

CC =

m∑
i=1

n∑
j=1

[[
Im(i,j)−Im(i,j)

][
IFm(i,j)−I

F
m(i,j)

]]

√
m∑
i=1

n∑
j=1

[
Im(i,j)−Im(i,j)

]2
√

m∑
i=1

n∑
j=1

[
IFm(i,j)−I

F
m(i,j)

]2

Inter-relationship between original and denoised 
image in terms of edge preservation

CC = 0 ∼ 1
CC = 1 ⇒

Im(i, j) = IFm(i, j)

NCC

NCC =

m∑
i=1

n∑
j=1

Im(i,j)·I
F
m(i,j)

m∑
i=1

n∑
j=1

[Im(i,j)]
2

Establishes degree of similarity between original 
and filtered images

NCC = −1 ∼ 1

IQI
IQI =

4σ
ImIFm

ImI
F
m(

σ 2
Im+σ 2

IFm

)(
I
2
m+I

2F
m

)
Deformation in terms of loss of correlation, mean 
distortion and variance distortion

IQI = −1 ∼ 1

SSIM
SSIM =

(
2ImI

F
m+c1

)(
2σ

ImIFm
+c2

)

(
I
2
m+I

2F
m +c1

)(
σ 2

Im+σ 2
IFm
+c2

)
Evaluates the degradation of the image and is  
considered as comparison metric for structure, 
contrast as well as luminance between the original 
image and the filtered image

SSIM = 0 ∼ 1
SSIM = 1 ⇒

Im(i, j) = IFm(i, j)

CNR
CNR =

∣∣∣Im−I
F
m

∣∣∣
√

σ 2
Im
+σ 2

IFm

Qualitative metric for identifying differences 
between two ROI

CNR is maximum for high quality denoised 
images and vice versa

NI
NI =

σ
IFm

I
F
m

An inherent property of imaging instrument 
and measurement of noise removal

NI is minimum for high quality denoised 
images and vice versa

ASNR
ASNR =

I
F
m

σ
IFm

Ratio of the mean value of the standard devia-
tion and variation of noise to the mean value

ASNR is maximum for high quality denoised 
images and vice versa

IV
IV = 1

mn

m∑
i=1

n∑
j=1

[
IFm(i, j)− I

F
m(i, j)

]2 Quantitative metric for the description of factors 
present in noise and is independent of intensity

IV is minimum for high quality denoised images 
and vice versa

NSD
NSD =

√
1
mn

m∑
i=1

n∑
j=1

[
IFm(i, j)− IFnm (i, j)

]2 Quantitative metric that describes noise reduc-
tion in images and narrates the constituents 
of noise present in the image

NSD is minimum for high quality denoised 
images and vice versa

ENL
ENL =

(
IFnm (i,j)

)2

NSD2

Quantitative metric for the estimation of noise 
present in images and a pivotal tool used 
for the statistical modelling of images

ENL is maximum for high quality denoised 
images and vice versa
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arrangement of pixels in the medical image, one can evalu-
ate the difference approximation for the elliptical boundary 
value problems [123]. Also, the elliptical boundary problem 
�[�] is based on the solution of the state function � , i.e., 
the shape functional. With this background the CTD can 
also be expressed as

The CTD was used to solve the denoising problems in 
CT and MR images and the algorithm for the same was 
tested for different images in the clinical examples as 
illustrated in the following sections.

Specification of tools
The proposed CTD and other tranditional denoising 
algorithms were tested in various CT and MR images, 
The image specification, hardware and the software 
details are given below. The CT and MR images in the 
Digital imaging and communication system (DICOM) 
format, which enables user-friendly interaction between 
Picture Archiving and Communication System (PACS) 
and Radiology Information Systems (RIS), were acquired 
from the scan facility available at Image Art, Vijaya 
Health Centre, Vadapalani, Chennai. The HRCT images 
were taken from SOMATOM dual-source CT, which is 
the fastest CT scan machine in the present scenario. All 
the HRCT scans were taken at 1.00 mm thick, 40 mm in 

DT

(
x̂
)
= Asymptotic analysis of solutions to elliptic Boundary value problems in singularlyperturbed domain

+ Asymptotic analysis of Shape functional.

beam length, and 400  mm in beam width (or Window 
Width). The images were acquired in 0◦ angle tilt or gan-
try tilt and 30.3  cm Display Field of View (DFOV). The 
operating power inputs of HRCT are 120 kV and 178 mA. 
The kernel used for soft tissue reconstruction is Br40f/3. 
The resolution of the images acquired is 480 × 340 (width 

x height) with a bit depth of 32 bits. Brain HRCT images 
are also collected from the same scan centre in spiral 
(SPI) mode. The brain MR images were acquired from 
the GE Healthcare SIGNA™ Explorer machine operating 
at 1.5 Tesla magnetic fields. We have collected and tested 
more than 300 HRCT and MR images for studying the 
denoising effect of the proposed algorithm. Of which, the 
results of five HRCT and MR images are given here for 
comparison. The algorithms were tested on an HP laptop 
with AMD Ryzen5 3500U processor, Radeon Vega mobile 
Gfx graphics card, 8 GB RAM, and MATLAB 2018a on a 
64-bit Windows 10 system.

Clinical examples
The proposed CTD and traditional filters were tested on 
a HRCT image (Thoracic Cavity Carina, Head CT (Globe 
Lens 4th Ventricle), and nine MR images (six Middle Cer-
ebral Artery territory of DWI, FLAIR T2, and PROP T2), 
and three neoplastic lesions (two PROP and FLAIR T1). 

Fig. 1  Original and denoised Images of Carina
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Fig. 2  Histogram plots of the quality metrics of Carina
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Quality metrics were computed using denoised and origi-
nal images to compare the efficiency of filters in handling 
quantum mottle and Gaussian/Rayleigh noises in CT and 
MR images respectively. A radiographic expert assessed 
image quality through visual inspection. Clinical example 
images, estimated quality metrics, and histogram plots 
are presented in Figs.  1, 3, 5, 7, 9, 11, 13, 15, 17, 19, 21, 
Tables 3, 4, 5, 6, 7, 8, 9, 10, 11, 12 and 13, and histogram 
plots in Figs. 2, 4, 6, 8, 10, 12, 14, 16, 18, 20, 22 respectively.

Clinical example 1: HRCT thoracic cavity carina
The study focuses on the role of Carina in chest CT imaging 
for detecting tracheobronchial carcinoid tumors [124]. Quan-
tum mottle noise in CT images often obscures the carina 
morphology due to vascular matter in the lungs. The pro-
posed denoising technique (CTD) effectively addresses this 
issue, producing clear and high-resolution images. Inferences 
from HRCT carina filtered images, metrics, and histogram 
plots (Fig. 1, Table 3 and Fig. 2) are summarized as follows:

a)	 CTD exhibited significantly lower values in AD, 
MSE, RMSE, MD, NAE, and NMSE compared to 
traditional filters, showcasing exceptional denoising 
capability, particularly in reducing quantum mot-
tle noise. Radiographers noted the CTD denoised 
image’s ability to delineate the carina point with 
complete opacity on both sides, aiding surgeons and 
anesthesiologists in accurate findings for post-pneu-
monectomy-like syndrome severity.

b)	 SC, CC, NCC, IQI, and SSIM returned unity val-
ues for CTD, retaining all structural information in 
carina HRCT, unlike other filters. The cartilaginous 
ridge shape of the carina and the surrounding lungs 
cavity were exceptionally retained in the denoised 
CTD image.

c)	 PSNR recorded a 30% higher value for CTD, attest-
ing to its ability to produce a high-quality, quantum 
mottle-free carina image. CNR, NI, ASNR, IV, NSD, 
and ENL scores were notable for CTD, highlighting 
its fine contrast, noise-free, and radiologically pre-
served carina image.

d)	 Ultimately, the CTD denoised image accurately 
retained radiological features of the carina while 
eliminating quantum mottle noise, as confirmed by 
visual inspection from a radiological expert.

Clinical example 2: Ocular globe‑lens 4th ventricle head CT
The cerebral ventricular system, a protective unit filled 
with cerebrospinal fluid, indicates brain health. Deform-
ities in this system signal potential brain diseases [125]. 
The system comprises four ventricles, with the fourth 
ventricle located between the cerebellum and pons/
medulla. In CT imaging, an irregularly shaped fourth 
ventricle may indicate meningioma tumours [126, 
127]. The ocular globe’s structure is crucial in cases like 
orbital trauma and retinoblastoma [128, 129]. A CTD 
denoised image impressed a radiographer, showcasing 

Fig. 3  Original and denoised Images of Globe Lens 4th Ventricle
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Fig. 4  Histogram plots of the performance metrics of Globe Lens 4th Ventricle
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improved visualization of the pyramidal structure of 
the fourth ventricle and enhanced details of the ocular 
globe, including its fibrous, vascular, and neural lay-
ers. The radiologist anticipates accurate detection of 
deformities and diseases by addressing hidden quan-
tum mottle noise. The study focuses on CT images of 
the fourth ventricle, globe, and lens. Denoised images, 
including CTD and traditional filters, are presented 
in Fig.  3. The structurally preserved image will greatly 
assist ophthalmic surgeons and neuro-physicians in 
clinical treatment decisions, whether through surgery 
or non-invasive methods.

Observations from brain HRCT Globe Lens 4th Ven-
tricle quality metrics and histogram plots (Table  4 and 
Fig. 4):

a.	 CTD filter yielded minimum values in AD, MSE, 
RMSE, MD, NAE, and NMSE, generating a high-
quality denoised image useful for precise location 
identification and deformation needs in the globe, 
lens, and 4th ventricle, due to the selection efficiency 
of appropriate cost-function and subsequent compu-
tation of topological derivative.

b.	 Quality metrics SC, CC, NCC, IQI, and SSIM, indi-
cators of shape and structure similarity, reached unity 
for CTD, highlighting its merit in retaining original 

shape and preserving structural details of aperture 
nature, unlike other traditional filters.

c.	 PSNR recorded a 50% higher value for CTD, demon-
strating superior denoising ability over other filters, 
except Haar wavelet.

d.	 CNR, NI, ASNR, IV, NSD, and ENL values for CTD-
filtered image surpassed those of other filters, ensur-
ing fine contrast, noise-free, and radiologically pre-
served images for Globe-Lens 4th Ventricle.

Clinical example 3: MRI brain‑middle cerebral artery 
territory DWI (B 800)
The Middle Cerebral Artery (MCA), the largest termi-
nal branch of the internal carotid artery, supplies blood 
to the brain, traversing through distinct segments (M1 
to M4). CT images reveal MCA segment discontinu-
ity, while MR images disclose Circle of Willis anoma-
lies. Radiologically, Moyamoya syndrome, aneurysm 
formation, intracranial hemorrhage, and vascular vari-
ations differentiate rare rete MCA anomalies. Gaussian 
and Rayleigh noises in images may lead to misdiagno-
sis [130]. Besides, void signals in T2-MRI wittnessed in 
twig like MCA (T-MCA) for diagnoising hemodynmic 
delay, intracranial aneursym, internal carotid artery and 

Fig. 5  Original and denoised Images of MCA DWI (B 800) MRI



Page 23 of 45Muthukrishnan et al. BMC Medical Imaging          (2024) 24:182 	

Fig. 6  Histogram plots of the quality metrics for MCA DWI (B 800) MRI image



Page 24 of 45Muthukrishnan et al. BMC Medical Imaging          (2024) 24:182 

trandsural anastomosis conditions in MCA is very diffi-
cult due to the presence of Gaussian and Raleigh’s noises 
[131–137].

T-MCA anomalies are challenging due to void sig-
nals in T2-MRI, making Diffusion-weighted imaging 
(DWI) and Fluid-attenuated inversion recovery (FLAIR) 
essential. PROPELLER MRI reduces motion artifacts 
[138–140]. Despite advanced MRI modes, Gaussian and 
Rayleigh noises persist, necessitating denoising for accu-
rate MCA diagnosis.

For Brain-MCA territory DWI (B 800) MRI, CTD and 
traditional filters were applied, displaying outputs in Fig. 5. 
Quality metrics and histogram plots are in Table  5 and 
Fig. 6. Radiologists noted CTD’s distinguishable features in 
MCA territory, aiding easy detection of irregularities. Shape 
derivatives from CTD support neurologists in clinically and 
surgically assessing MCA abnormalities and severity.

Clinical example 4: MRI brain—middle cerebral artery 
territory FLAIR T2
Similarly, the Brain-MCA territory FLAIR T2 MR ter-
ritory image underwent testing with both the proposed 
and traditional algorithms, as illustrated in Fig. 7. A sum-
mary of the quality metrics computed for all denoising 
algorithms is provided in Table 6, with their correspond-
ing histogram plots displayed in Fig. 8. These results con-
sistently demonstrate the effectiveness of the proposed 
CTD techniques in denoising.

Clinical example 5: MRI brain—middle cerebral artery 
territory PROP T2
Similarly, the Brain-MCA territory PROP T2 MR ter-
ritory image underwent testing with various denoising 
algorithms, and the outcomes are illustrated in Fig.  9. 
Corresponding performance metrics and their histogram 
plots are detailed in Table  7 and Fig.  10, respectively. 
Altogether, following conclusions have been drawn for 
all of MCA territory MR images i.e., DWI (B 800), FLAIR 
T2 and PROP T2:

a.	 The CTD method, indicated by low scores in AD, 
MSE, RMSE, MD, NAE, and NMSE, strategically 
tuned the cost-function, effectively removing Gauss-
ian and Rayleigh noises from Brain MCA territory 
DWI (B 800), FLAIR T2, and PROP T2 MR images. 
This denoising capability of the proposed CTD 
technique produces high-quality images crucial for 
assessing subtle changes in the MCA territory, quan-
tifying injury severity accurately.

b.	 SC, CC, NCC, IQI, and SSIM, critical factors for simi-
larity indices, consistently reached unity for CTD, 
indicating full retention of MCA territory after denois-
ing. Deviations from the original MCA territory serve 
as strong indicators for acute stroke, accurately iden-
tified in CTD-filtered images, aiding physicians in 
detecting metastatic brain conditions in MCA regions.

c.	 PSNR returned noteworthy values for CTD, justify-
ing its effectiveness in removing Gaussian and Ray-

Fig. 7  Original and Denoised images of MRI MCA FLAIR T2
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Fig. 8  Histogram plots of the performance metrics for brain MCA FLAIR T2 MR Image
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leigh noise in MCA territory DWI (B 800), FLAIR T2 
and PROP T2 MR images.

d.	 CNR, NI, ASNR, IV, NSD, and ENL metrics recorded 
noteworthy values for CTD, resulting in improved 
contrast, noise-free, and distinctly preserved territo-
rial regions of MCA territory DWI (B 800), FLAIR 
T2, and PROP T2 MR images.

In all clinical examples (1–5), the relative residual value 
is extremely low, indicating that the CTD algorithm con-
verges with a minimum number of iterations, generat-
ing negligible errors, and ensuring very good quality in 
denoised images. Further analysis of the CTD algorithm 
for diseased regions of MCA territory will be presented 
in clinical examples 6, 7, and 8 given below.

Clinical Examples 6, 7 and 8: Infarct and Demyelination
This section presents a detailed analysis of brain regions 
using CTD and other denoising filters (Figs. 11, 13, and 
15). Performance metrics from these filters are reported 
in Tables  8, 9, and 10, with their distribution visualized 
in histogram plots (Figs. 12, 14, and 16). The results offer 
insights into the filters’ effectiveness in improving image 
quality and detecting brain diseased region.

Figure  11 presents MR images obtained through 
DWI, known for its ability to provide excellent lesion 
contrast and differentiate strokes from conditions 
mimicking strokes. DWI identifies diffusion restric-
tion, indicating acute infarct presence, and effectively 
visualizes cerebral infarction volume. It consistently 
delivers excellent results from early lesion stages to full 
infarction, aiding prognosis in stroke patients’ follow-
up scans.

DWI also detects vasogenic edema and acute lesions 
in chronic ischemic cases, offering insights into brain 
physiology. Notably, the CTD-derived acute infarct 
DWI image displayed exceptional quality, similar-
ity, and noise metrics (Table  8, Fig.  12), emphasiz-
ing enhanced contrast and diffusion aspects. Thus, 
neuro physicians and radiologists can rely on CTD-
enhanced images for accurate stroke detection and 
brain damage assessment.

The denoised images illustrate MR images obtained 
using the DWI technique, with various applied filters 
(Fig. 13). While DWI is commonly used for infarct cases, 
it plays a crucial role in identifying Ischemic Demyeli-
nation cases, distinguishing between vascular ischemia 
(restricted diffusion) and demyelination (facilitated dif-
fusion). This sequence proves advantageous in charac-
terizing tissue and histopathology in cases of ischemic 

Fig. 9  Original and denoised images of MRI MCA PROP T2
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demyelination disease. In this rare case, CTD dem-
onstrated its uniqueness through performance values 
(Table  9) and histogram plots (Fig.  14). CTD-derived 

images excel in producing enhanced representations of 
demyelination diseases, showing a high degree of struc-
tural similarity (unit values for SC, CC, NCC, IQI, and 

Fig. 10  Histogram plots of the performance metrics of brain MCA PROP T2
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SSIM). This characteristic is critical when analyzing 
images with restricted diffusion.

Figure  15 displays MR images obtained using the 
DWI technique, processed with various denoising fil-
ters. DWI identifies ischemic changes in brain tissue, 
represented as hyperintensity in MR DWI images. Cer-
ebral Small Vessel Disease (SVD), characterized by nil 
restricted diffusion, is an indicator for cerebral infarct. 
The CTD cerebral infarct image in Fig. 15 stands out for 
exceptional denoising quality, enhancing hyperinten-
sity regions significantly, as indicated by the outstand-
ing PSNR value. Minimal values in both quality and 
noise metrics (Table 10) and corresponding histogram 
plots (Fig. 16) affirm the effectiveness of this denoising 
approach. Additionally, the hyperintensity signals in 
this CTD image exhibit no noticeable distortion, under-
scoring the reliability and accuracy of the denoising 
process employed in generating the enhanced image.

Inferences from filtered images, metrics, and his-
togram plots for infarct and Ischemic Demyelination 
cases are outlined below:

Acute and Cerebral Infarct DWI:

a	 AD, MSE, RMSE, MD, NAE, and NMSE demon-
strate remarkably low values compared to other 
filters, indicating effective denoising of Gauss-

ian and Rayleigh noises. The CTD technique 
enhances hyperintense areas, delivering high-
quality images for accurate brain infarct identifi-
cation, showcasing superior denoising capabili-
ties.

b	 SC, CC, NCC, and SSIM yield unity for CTD, 
with IQI slightly below unity, a unique charac-
teristic. Other filters show metric values either 
lower or higher than unity, indicating that CTD 
retains similarity in infarct brain MRI images 
with high accuracy after denoising.

c	 The PSNR value for CTD surpasses other filters, 
showcasing its effectiveness in removing both 
foreground and background noise from diseased 
brain images.

d	 CNR, NI, ASNR, IV, NSD, and ENL metrics 
exhibit favorable values for CTD, ensuring 
enhanced contrast, noise-free results, and well-
preserved radiological features in brain infarct 
MRI images.

Ischemic Demyelination Disease:

a	 AD, MSE, RMSE, MD, NAE, and NMSE show 
notably low values compared to other filters, 
indicating effective denoising of Gaussian and 
Rayleigh noises in the brain affected by Ischemic 

Fig. 11  Examination of Acute Infarct images obtained by application of various denoising filters
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Fig. 12  Histogram plots of the performance metrics of acute cerebral infarct
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Demyelination Disease. The CTD-derived MRI 
image differentiates hypo and hyper intense areas 
excellently, providing crucial information about 
demyelination and ischemic changes in the dis-
eased brain.

b	 SC, CC, NCC, IQI, and SSIM all achieve unity 
for the CTD filter, while other filters show val-
ues greater than or less than unity. The CTD 
denoised image returns a highly structured image 
with zero error, enabling easy observation of sub-
tle shifts in ischemic demyelination within the 
brain tissue.

c	 The PSNR returns an excellent value for the CTD 
filter, affirming its ability to address both fore-
ground and background noise in diseased brain 
tissues effectively.

d	 The CNR, NI, ASNR, IV, NSD, and ENL metrics 
demonstrate outstanding values for the CTD-
derived image, leading to improved contrast and 
radiologically preserved features in MR images of 
diseased brain tissues.

In conclusion, the CTD-filtered ischemic demyelina-
tion Brain MR image yields exceptional results, shedding 
further light on pathogenesis and enabling further evalu-
ation of white matter lesions. This is evident through 
visual inspection and the estimated performance metrics.

Clinical Examples 9, 10 and 11: Neoplastic lesions
To comprehensively evaluate the efficacy of CTD and 
denoising filters, our study expands to encompass cases 
of cerebral neoplasms. The brain exhibits various neo-
plastic lesions, including gliomas, glioblastoma, choroid 
plexus tumors, anaplastic astrocytoma, fibrillary astrocy-
toma, meningioma, cerebellar medulloblastoma, oligo-
dendroglioma, craniopharyngioma, pituitary adenomas, 
brain metastases, and CNS lymphomas [141]. Accu-
rate detection and differentiation of neoplastic lesions, 
crucial in neuroscience research, also include Neurofi-
bromatosis type 1 [142] and multiple ring-enhancing 
lesions [143]. Dynamic contrast-enhanced MRI effec-
tively distinguishes neoplastic lesions [144]. Gliomas, 
predominantly found in the central nervous system, often 
necessitate biopsy for verification, with altered metabolic 
activity and SSADH expression significantly influencing 
their growth [145, 146]. Note that gliomas are considered 
malignant [147].

4th ventricular tumors, strongly associated with spine 
metastases (SM), play a vital role in cerebral neoplasm 
identification [148]. Leptomeningeal disease (LMD) 
is common in cerebellar medulloblastomas, a specific 
neoplasm [149]. Rare cerebral neoplasms like Rosette-
forming glioneuronal tumors (RGNT) occur in the 4th 
ventricle [150]. Treatment options for RGNT include 
gamma knife radiosurgery [151], azacytidine [152, 153], 

Fig. 13  Denoised images of the brain MRI of Ischemic Demyelination disease for various filters and the proposed CTD filter
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Fig. 14  Histogram plots of the performance metrics of Ischemic Demyelination Disease
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staged open cranial surgery [154], and tumor resection 
[155, 156], effectively managing and treating cerebral 
neoplasms.

Glioma lesions pose challenges for clinical diagno-
sis and imaging interpretation due to their neoplastic 
nature. This study highlights the use of MRI PROP mode 
for identifying neoplastic glioma lesions, chosen for its 
exceptional imaging capabilities crucial for tackling such 
lesions. Distinguishing between neoplasms and other 
conditions in MRI can be daunting, but PROP MRI, with 
glioma lesions manifesting as abnormal or high-intensity 
signals, aids in differentiation and contributes signifi-
cantly to histopathological studies.

The CTD-derived image (Fig.  17) proves highly ben-
eficial in glioma analysis, offering high denoising value 
while genuinely preserving the original image signal 
and enhancing its quality. Quality and similarity metrics 
scores for the CTD image are impressive, as seen in met-
ric values (Table 11) and corresponding histogram plots 
(Fig. 18). The nature and structural preservation in CTD 
images remain consistently striking for all glioma grades.

The combination of MRI PROP mode and CTD-
derived images demonstrates a promising approach for 
accurate glioma diagnosis, supporting improved patient 
care and outcomes. CTD’s crystal-clear imaging and 
denoising advantages provide valuable support to clini-
cians and radiologists in detecting and characterizing 
glioma neoplastic lesions effectively.

Once again, we’ve selected an MR PROPELLER image, 
emphasizing PROP mode’s exceptional ability to dis-
play high-quality images crucial for neoplastic cases. 
The focus is on creating a clear MRI environment for 
comparing different neoplastic lesion cases, particu-
larly challenging cases like 4th ventricular tumors. These 
intraventricular tumors, situated within the ventricular 
cavity, pose a difficulty in accurate detection.

This study presents two distinct neoplastic tumor cases 
in PROP mode (Figs. 17 and 19). Applying the CTD algo-
rithm to these already clear images returns unparalleled 
results, showcasing its exceptional performance across 
various diseased cases. Despite a slight decrease in PSNR 
compared to glioma lesions, this is valuable as radiologi-
cal signatures can be weak for 4th ventricular neoplastic 
tumors.

Comparatively, quality and similarity metrics in CTD 
images closely align with glioma neoplastic lesions, evi-
dent in quality metric values (Table  12) and histogram 
plots (Fig. 20). Like in other cases, the CTD image pre-
serves structural similarity, consistently producing 
enhanced radiological images.

In summary, the combination of MR PROPELLER 
and the CTD algorithm proves a powerful and reli-
able approach for neoplastic lesion imaging. Providing 
high-quality and detailed images, this combination aids 
radiologists in effectively detecting and analyzing neo-
plastic lesions, especially challenging 4th ventricular 

Fig. 15  Denoised output images of cerebral infarct disease of different types of filters and the CTD filter
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Fig. 16  Histogram plots of the performance metrics of cerebral infarct
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tumors within the ventricular cavity. The CTD algo-
rithm’s exceptional performance solidifies its position 
as a valuable tool for enhancing radiological images 
across various diseased conditions.

In this study, FLAIR MRI is chosen for its ability to 
delineate gliomas, offering excellent multiplanar struc-
tural information and enhanced tissue characterization. 
A comparison between FLAIR and PROP mode reveals 
distinct strengths in detecting neoplastic lesions. 
FLAIR MRI excels in providing valuable structural 
information for gliomas, contributing to their diagnosis 
and prognosis.

Practical analysis highlights clear differences in 
CTD-derived images from PROP (Fig.  17) and FLAIR 
(Fig. 21) sequences for gliomas. Notably, PROP displays 
higher signal intensity features, while FLAIR exhib-
its diminished features. Despite variations, the CTD-
derived FLAIR image demonstrates commendable 
denoising, ensuring a distortion-free image, supported 
by the PSNR value.

Structural similarity (Table 13) and noise metrics his-
togram plots (Fig. 22), yield good values, though not as 
high as PROP, affirming radiologically well-preserved 
and error-free characteristics in the CTD FLAIR image. 
Both FLAIR and PROP MRI sequences prove valu-
able for glioma detection, with the CTD FLAIR image 

remaining a robust resource for accurate evaluation 
and analysis despite slight metric differences between 
the two sequences.

Based on the analysis of neoplastic lesion cases, the 
following conclusions were drawn:

a.	 The CTD algorithm effectively removed Gaussian 
and Rayleigh noises, resulting in superior denoised 
images crucial for identifying cerebral edema in neo-
plastic brain lesions.

b.	 Metrics such as SC, CC, NCC, and SSIM consistently 
showed a unity value for the CTD filter, maintain-
ing striking similarity in neoplastic brain MR images. 
Even with greater denoising accuracy, the CTD image 
retained similarity, especially in cases involving blood 
vessel infiltration, compression, or vasospasm associ-
ated with cerebral neoplasms.

c.	 The PSNR value for the CTD filter exceeded expecta-
tions, confirming its remarkable noise removal capa-
bility in neoplastic brain MR images.

d.	 Metrics like CNR, NI, ASNR, IV, NSD, and ENL 
demonstrated commendable values for the CTD 
image, resulting in exceptional neoplastic brain MR 
images with enhanced contrast and well-preserved 
radiological features. This contributes to improved 
clinical diagnosis in various areas.

Fig. 17  Denoised images of glioma neoplastic lesion as observed in the upper left corner
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Fig. 18  Histogram plots of the performance metrics of Neoplastic Lesion 1 glioma
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e.	 Overall, the CTD filtered neoplastic brain MRI pro-
vided noise-free images with maintained structural 
similarity, as confirmed through visual inspection 
and estimated performance metrics.

Results
The proposed CTD filter and other filters were assessed 
on various CT and MR images, and key inferences were 
drawn:

a.	 Gaussian filter, while moderate in denoising, lacks 
efficient edge and contour preservation.

b.	 Wiener denoising filter, despite suppressing fre-
quency components, falls short in efficient edge and 
contour filtering.

c.	 Laplacian filter, a derivative-based method, excels in 
preserving edge and contour details but results in 
loss of tissue-based information.

d.	 Laplacian Sharp filter, another derivative-based 
method, preserves edge and contour details but lacks 
expected reliability in contrast details.

e.	 Average filter, a denoising technique, yields poor 
results while preserving edges and contours.

f.	 Minimum filter, a poor denoising filter, struggles to 
preserve edges and contours.

g.	 Median filter, an average denoising filter, moderately 
preserves edges and contours.

h.	 PMAD, a diffusion-based filter, performs moder-
ately but shows poor denoising at edges and contours 
without loss in details.

i.	 Kuan filter, a statistical-based technique, achieves 
modest performance in denoising and contrast 
enhancement.

j.	 Frost filter, an exponential-based method, performs 
at a medium level in improving denoising and con-
trast.

k.	 Haar, a wavelet-based filter, offers optimum perfor-
mance in denoising, edge and contour preservation, 
and contrast enhancement.

l.	 The proposed CTD filter is validated as the best 
choice for denoising, showcasing commendable per-
formance in denoising, structural preservation of 
edges and contours, and contrast enhancement. Fur-
ther, the visual inspection and estimated performance 
metrics affirm the denoising abilities of the proposed 
CTD filter substantiated by quality improvements 

Fig. 19  Denoised images of 4th ventricle tumour, a rare case of neoplastic lesion
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Fig. 20  Histogram plots of the performance metrics of Neoplastic Lesion 2—4th ventricle tumour
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across all CT and MR test images (clinical examples 
1–11) in this research study.

Discussion
Biomedical imaging modalities like CT and MRI are 
prone to noise and artifacts, which impacting image 
quality. Our research focused on the CTD technique, 
addressing quantum mottle noise in CT and Gauss-
ian/Rayleigh noises in MR images. CTD excelled by 
achieving infinitesimal residual values with fewer itera-
tions and shape functionality, outperforming tradi-
tional filters. Comparative studies, case analyses, visual 
inspections, and metrics affirmed CTD’s superiority, 
making it a valuable tool for future medical imaging 
assessments.

Furthermore, the CTD algorithm proved to be a 
robust computational technique for addressing critical 
visual aspects, such as similarity checks, contrast issues, 
and delineation of boundaries in both normal and path-
ological CT and MR images. Although the noise metrics 
scored similarly with respect to other filters, the CTD 
technique consistently achieved better values, thus 
demonstrating its overall superiority. Altogether CTD 
provided a clear picture of ridge shape, articulate globe 
lens with excellent clarity, distinct contrast of MCA 
territory, access the damage caused in MCA territory 

Fig. 21  Denoised images of glioma lesion seen in middle left region of brain

under various diseased conditions, improved resolution 
over hypo and hyper intense regions in all the cases of 
HRCT, CT and MR images including the diseased ones. 
The algorithm proved robust, addressing visual aspects 
and providing clarity in both normal and pathological 
images. CTD consistently surpassed other techniques 
in noise metrics, offering enhanced resolution in HRCT, 
CT, and MR images. Despite its longer execution time 
(5–7  min), CTD’s clinical validity and lack of major 
drawbacks reinforce its potential for high-quality image 
delivery.

Conclusion
CT and MRI are standard imaging modalities but strug-
gle with inherent noises, like quantum mottle in CT and 
Rayleigh, Rician, and Gaussian noises in MRI, impact-
ing diagnostic clarity. Existing techniques fall short 
in fully addressing these issues. This research intro-
duces the CTD framework, effectively mitigating noise 
problems in both CT and MRI. The outcomes of this 
research are profoundly encouraging and hold signifi-
cant potential for acquiring precise diagnostic insights, 
especially in critical cases like Thoracic Cavity Carina, 
Head CT Globe Lens 4th Ventricle, Brain-Middle Cer-
ebral Artery Territory, and neoplastic lesions. These 
discoveries establish the groundwork for integrating the 
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Fig. 22  Histogram plots of the performance metrics of Neoplastic Lesion Ax T1 FLAIR glioma
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proposed CTD technique into standard clinical diag-
nostic practices.

Comparative studies, clinical examples, visual 
inspections, and performance metrics confirm CTD’s 
superiority over traditional filters. CTD holds prom-
ise for Computer-Aided Diagnosis (CAD) post field 
trials. The results inspire confidence in accurate diag-
nostics for critical cases, setting the stage for routine 
clinical use. However, CTD’s complex nature hinders 
real-time implementation, prompting future explora-
tion of hardware deployment in FPGA/Raspberry Pi/
Arduino for thorough testing and validation in real-
world scenarios.
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