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Abstract

Purpose The extraction of information from images provided by medical imaging systems may be employed to obtain the
specific objectives in the various fields. The quantity of signal to noise ratio (SNR) plays a crucial role in displaying the
image details. The higher the SNR value, the more the information is available.

Methods In this study, a new function has been formulated using the appropriate suggestions on convolutional combination
of the longitudinal and transverse magnetization components related to the relaxation times of T1 and T2 in MRI, where by
introducing the distinct index on the maximum value of this function, the new maps are constructed toward the best SNR.
Proposed functions were analytically simulated using Matlab software and evaluated with respect to various relaxation times.
This proposed method can be applied to any medical images. For instance, the T,- and T,-weighted images of the breast
indicated in the reference [35] were selected for modelling and construction of the full width at x maximum (FWxM) map at
the different values of x-parameter from 0.01 to 0.955 at 0.035 and 0.015 intervals. The range of x-parameter is between zero
and one. To determine the maximum value of the derived SNR, these intervals have been first chosen arbitrarily. However,
the smaller this interval, the more precise the value of the x-parameter at which the signal to noise is maximum.

Results The results showed that at an index value of x = 0.325, the new map of FWxM (0.325) will be constructed with a
maximum derived SNR of 22.7 compared to the SNR values of T,- and T,-maps by 14.53 and 17.47, respectively.
Conclusion By convolving two orthogonal magnetization vectors, the qualified images with higher new SNR were created,
which included the image with the best SNR. In other words, to optimize the adoption of MRI technique and enable the pos-
sibility of wider use, an optimal and cost-effective examination has been suggested. Our proposal aims to shorten the MRI
examination to further reduce interpretation times while maintaining primary sensitivity.

Significance Our findings may help to quantitatively identify the primary sources of each type of solid and sequential cancer.

Keywords Convolution operator - Spin-spin relaxation time - Spin-lattice relaxation time - Breast cancer - MRI - Signal to
noise ratio

1 Introduction
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e New function of M(t) was introduced to increase SNR of any

medical image. Medical imaging systems that produce qualified images
o Longitudinal and transverse magnetized vectors convoluted and using the non/ionizing radiation can directly affect the diag-
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o The best SNR transpired at distinct x-parameter of 0.325 by 22.7. ties that may show important information about the objects
e Obtained new maps can help quantify the early causes of breast
cancer.

P< Abdollah Khorshidi ! Radiation Applications Research School, Nuclear Science
abkhorshidi @yahoo.com and Technology Research Institute, Tehran, Iran

Mansour Ashoor
ashoor_44 @yahoo.com

Published online: 15 December 2023 @ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s11517-023-02994-w&domain=pdf
http://orcid.org/0000-0002-6674-8789

Medical & Biological Engineering & Computing

in MRI are longitudinal (T,) and transverse (T,) relaxation
times. A lot of the statistical and dynamical parameters can
vary these times. For example, they may be varied in dif-
ferent situations by the geometric structure of the capillary
bed [1-7].

T, is the irreversible evolution of a spin system toward
thermal equilibrium with the orbital degrees of freedom of
the medium in which the spins are embedded, named the lat-
tice. This includes all observable spin variables such as lon-
gitudinal or transverse magnetizations, spin-spin energy or
multiple-quantum coherences. It is only when the evolution
is due to static spin-spin interactions, the spin-spin or trans-
verse relaxation was considered [8]. The types of tissues and
the others have a unique T -value that resolves those in the
image. T, relaxation refers to the progressive dephasing of
spinning dipoles resulting in a decrease in the magnetization
in the transverse plane. It arises due to tissue-particular char-
acteristics, primarily those that affect the rate of movement
of protons, most of which are found in water molecules, and
it also occurs in a varying local magnetic field when energy
is transferred between dipoles aligned parallel and antiparal-
lel to the external magnetic field and flipping each other in
opposite directions. This rate of flipping or energy transfer
between spins or dipoles increases as the frequency of the
variation of the local magnetic field approaches the Larmor
frequency. This is related to the rate of rotation and trans-
lation of the water molecule or neighboring dipoles. The
dipole-dipole interaction also increases the strength of the
local field which depends on the proximity of the neighbor-
ing dipoles. In pure water, T, is long, about 3—4 s, because
water molecules move significantly faster than the Larmor
frequency. The rapid movement causes T, and T, to be
approximately equal in pure water. The analytical relation-
ship between these relaxation times has not been fully under-
stood yet. The combination of these times may create new
maps containing more information for better diagnosis in
the medical field, along with the good signal-to-noise ratio
(SNR) that has been examined in this study. For instance,
the images of the breast have been chosen here.

Recently, Yavuz and Eyupoglu [9] approached a predic-
tion model based on anthropometric data and collecting
parameters via routine blood analysis to classify patterns
of transformed features through a non-iterative nature of
neural network training on the recent Breast Cancer Coim-
bra Dataset (BCCD) with an average accuracy of 97% in
an intra-class shuffling scheme. Since the MRI and mam-
mography images can only be acquired preoperatively, the
perspective changes during the operation compared to the
images taken preoperatively. For example, mammogra-
phy images are 2D images from two different orientations
(cranio-caudal and medio-lateral-oblique) and are projected
ad hoc in the physician’s imagination during the operation
[10]. The challenge always lies in the highly flexible breast
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tissue, the patient-specific breast shape and the connection
of the breast to the chest wall. On the other hand, Liu et al.
[11] presented a dynamic contrast-enhanced MRI method
that utilizes dynamic and texture features to classify the
breast lesions. Experimentally, they achieved a maximum
accuracy of 0.73 and 0.86, respectively, for dynamic and
texture features by 94% sensitivity. More importantly, fea-
ture selection may remove features that have little impact on
classification, but there were still some limitations as their
proposed method was not used for more accurate grading.
Furthermore, Zadeh Shirazi et al. [12] proposed a computa-
tional intelligence model based on supervised and unsuper-
vised learning methods via self-organizing map (SOM) and
complex-valued neural network (CVNN), enabling reliable
detection of breast cancer. They reported reaching 95% and
94% of disease and health ratios, respectively. Regardless
of the improvement in imaging technology, accurate seg-
mentation of the breast border and detection of tumors or
even pectoral muscle are still challenging tasks for image
processing algorithms. Moreover, Mustra et al. [13] investi-
gated various segmentation techniques for detecting breast
boundary based on thresholding, morphological operations,
region growing, and active contours in which tumors were
essentially not considered.

Hereupon, Ertas et al. [14] presented a volumetric seg-
mentation technique which it is applicable to multi-center
MRI to support computer-aided breast tissue analysis
besides density assessment and lesion localization. They
employed Bias-corrected fuzzy C-means clustering and
morphological operators on T,;-weighted images without
prior breast anatomy information. The breast—air bound-
ary can be easily identified by looking for a large increase
in the image intensity from the air side, provided that the
background noise is low [15-17]. However, detection of the
breast—chest wall boundary or tumor edges is a complicated
issue due to coil-related intensity inhomogeneity artifacts
and partial volume problems, especially in the presence
of dense breast tissue connected to the chest wall muscles
and liver tissue beneath chest wall muscles or in metastatic
conditions [18, 19]. It should also be noted that a general
problem for the segmentation community is that the ideal
situation of T|-weighted images without fat suppression is
currently rarely encountered in routine clinical practice. Fat-
suppressed sequences will pose difficulties for many of the
algorithms so far presented in the literature to date, as there
is no strong boundary between the fat of the breast and the
chest wall or even between scattered solid tumors, and both
appear hypo-intense on images. Nonetheless, it should be
emphasized that any use of segmentation in a routine clinical
context may require alterations in acquisition protocol that
could lengthen the standard breast examination.

The breast cancer may be the involvement of dissimilar
categories or amalgamation of invasive and in situ tumor.
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These tumors have been characterized by the MR-mam-
mography, which is a noninvasive method without energy
deposit and standard safety [20-25]. The breast-MRI
screening has the maximum sensitivity for recognition
the tumor and is not limited by breast density [26]. On the
other hand, due to greater availability and lower imple-
mentation costs, ultrasound scanning is more commonly
utilized in complementary studies at this time. However,
its cost-effectiveness is questionable as only a small
excess yield of cancer was found [27]. Comparatively,
MRI screening significantly is outperforming ultrasonog-
raphy in progressive cancer yield (3—4 per 1000 vs. 15
per 1000) and takes a lower false-positive ratio compared
to ultrasound method screening [28, 29] which it offers
that MRI method might be the better adjunctive screening
pathway for women with dense breasts.

Recently, Liu et al. [30] presented an MRI breast tumor
detection method based on ultra-wideband microwave to
extract representative features by 84% accuracy derived
from Principal-Component-Analysis feature selection
besides Gaussian Support-Vector-Machines through
limited and distinct breast phantom structures. Since
MR images have sparse representation in transformed
domain by finite differences or cosine transform, Yin
et al. [31] introduced a singular value threshold (SVT)
method besides de-noising process to restore multi-slice
MR images from k-space via inverse Fourier transform.
They used compressive sampling to find sparse solutions
of an underdetermined linear system in which reconstruc-
tion after transformation generates distinct artifacts and
noise that degrade the quality of the breast image and
decrease the SNR.

The quantity of signal to noise ratio (SNR) is a sig-
nificant factor which influences the quality and perfor-
mance of systems that transmit and/or process signals
like data acquisition and imaging systems. A great SNR
denotes that the image is clear and easy to recognize or
deduce, while a low SNR denotes that the image has
been degraded via noise and may be harshly recovered
or recognized. The SNR may be enhanced through vari-
ous approaches like signal strengthening, utilizing error
correction techniques, noise level decreasing, and also
unwanted noise filtering out. The more the SNR value,
the better accessible on the information will have (https://
en.wikipedia.org/wiki/Signal-to-noise_ratio) [32].

In this study, a new function using the appropriate
suggestions on convolutional combination of the longi-
tudinal and transverse magnetization components (vec-
tors) related to the relaxation times in MRI is proposed
in which by introducing the distinct index on the maxi-
mum value of this function, and then the new maps named
FWxM-map are produced toward the best SNR.

2 Materials and methods

Variable orthogonal vectors with time such as longitudi-
nal and transverse magnetization components are able to
create a new vector with appropriate properties. Convo-
lutional combination of them leads to an important math-
ematical function, which is addressed here.

2.1 Theory

One may consider the T, and T, relaxation times as mac-
roscopic and microscopic aspects, respectively. However,
each magnetic dipole exists in a microenvironment is
unique to the tissue to where it belongs. In all tissues,
there are tiny magnetic fields generated by the spinning
hydrogen nuclei. As is known, the tip of the magnetization
vector (M) moves in a helical manner on the surface of a
sphere around the B, magnetic field, while the length of
this vector remains constant. Resonance excitation may be
considered at (a) in a rotating frame of reference, which
rotates with the Larmor frequency w, around the direction
of the B field, the magnetization M precesses with the
frequency o, around the stationary B, field, and (b) in the
stationary frame this simple rotation is superimposed by
the markedly faster rotation around the z-axis. Therefore,
the tip of the vector M moves in a helical manner on the
surface of a sphere as shown in Figure 1.

The exponential relaxation of the longitudinal and
transverse magnetization components after excitation of
the spin system by a 90° pulse is shown in Figure 2, and
gives a simple interpretation of these relaxation times. In
other words, after excitation by a 90° pulse, the longi-
tudinal magnetization M, relaxes toward the equilibrium
magnetization M, = M,,, and the transverse magnetization
toward M, = 0. The temporal evolution is defined by the
relaxation times T, and T,, respectively. The T, gives the
time required for the longitudinal magnetization after a
90° pulse to grow again to 63% of its equilibrium value
M,, and the T, gives the time required for the transverse
magnetization after a 90° pulse do drop to 37% of its origi-
nal magnitude.

Mathematically, a convolution is defined as the inte-
gral over the entire space of a function in x multiplied by
another function in u—x. The integration is taken over the
variable x, characteristically from minus infinity to plus
infinity in all dimensions. Therefore, the convolution is a
function of a new variable u, as presented in Eq. (1).

+00

Cu)=1fx)®gkx) = / f(x) X g(u — x)dx €))]

—00
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Fig. 1 Resonance excitation a
in a rotating frame of reference
and b in the stationary frame

zH Bo

M: () / M,
1,00
(1- @*/Tr)
P c Y] —
t
oy
a
My, (t) / M,
1.00
et/ T2
0,37
v, * 4

b

Fig.2 Relaxation of the a longitudinal and b transverse magnetization

If one of the functions is unimodal, as shown in Fig-
ure 3, the other function is shifted through a vector equiva-
lent to the peak position and also smeared by a quantity
that depends on the sharpness of the peak (https://www-
structmed.cimr.cam.ac.uk/Course/Convolution/convo
lution.html). The features of convolution technique on the
functions of spin-lattice (T;) and spin-spin (T,) relaxation
times or the convolution of two orthogonal magnetiza-
tion vectors are used to achieve the qualified images with
the good SNR. The T, and/or T,-weighted images in MRI
are used intensively to recognize the abnormal tissues and
tumors.
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The amounts of magnetized vectors of longitudinal M, (t)
and transverse MXy (t) with respect to these relaxation times
are formulated as follows:

M, (1) -
L =—e N s and
MO MO

M. (1) _t
=l-¢7 @

To extract some of information from the T,- and T,-maps
together, a new function named M(t) has been suggested
between them as follows:

My® M,

M() =
M, M,

3

where ® indicates the convolution operator. The M(t)
function always has a maximum value (peak). The value
of this peak after normalization of M(t) denoted as
max (Myormalizea(®@)) - Using the Mygrmalizea (1) function
in which interactions between these relaxation times are
included via convolution aspect, the values of a* are com-
puted from the following function:

* -1

a = MNormalized {x X [max (MNOrmalized((x) )] } (@)

where x is the parameter on range from zero to one.
Finally, the new index as FWxM defined as full width in a
fraction (x) of the maximum value of the Mygmaizeqa fURC-
tion (max(MNormanzed((x))) will be computed for creating the
new maps with the SNR better than the T, or T, one named
improved SNR, as follows:
FWxM = (x;knax - (x:knin (5)

Furthermore, the best SNR transpires at the distinct
x-parameter. The proposed function was simulated using Mat-
lab (R2016a, MathWorks Inc., MA) software, and evaluated
in terms of various relaxation times and the different amounts
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Fig. 3 Illustration of convolu-
tional method
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of x-parameter in order to obtain the new maps named the
FWxM-map.

3 Results

The proposed theory via orthogonal M, and M, vectors con-
volution was simulated at distinct amounts of T, and T, for
instance 60 and 10 ms, respectively, as shown in Figure 4.
The exponential curves of the corresponding magnetization
vectors were plotted numerically for these arbitrary T1 and
T2 amounts. Then, their convolutions as a new function was
also plotted and finally the FWxM for x = 0.5, which cor-
responds to 31 ms, was determined.

The T,- and T,-weighted images of the abnormal
breast have been considered for investigation under our
proposed theory. The T,- and T,-weighted images of the
breast from the reference [33] were chosen for simula-
tion and production of the FWxM-map at the various
values of x-parameter from 0.01 to 0.955 at 0.035 and
0.015 intervals, respectively, as shown in Figs. 5 and 6.
The input images have SNR values by 14.53 and 17.47,
respectively, for T1 and T2 images. Subsequently, the
maximum SNR values were 22.70 and 22.69 at x of 0.325
and 0.330, correspondingly.

Here, to show more details and cause of this event, the
amounts of SNR at different x-parameters for the new maps
are calculated [34]. The SNR has been improved at the val-
ues of x from 0.185 to 0.430, which is maximized at value
of 0.325, as shown in Figure 7. The maximum-SNR of 22.7
was at the distinct index of x = 0.325. Figure 8 shows the
generation of more images at the maximum range of Fig-
ure 7 by decreasing the x interval.

The SNR is increased with the increasing x-parameter
indicated in Eq. (4) toward a maximum value where the best
SNR is denoted at the distinct x-parameter, and then the
SNR is decreased.

This behavior is due to the convolution of two func-
tion as integrator and differentiator, resulting to the maxi-
mum point. The x-parameter characterizes the interactions
between the relaxation times in point of view the quantum
aspects, which should be evaluated more in the future. The
increase of the signal at a distinct x-parameter has proved
that most information from the subjects can be transpired
via an alternative pathway that might have been potentially
sufficient.

According to Figure 9, we fitted the output SNR with
a function that uses a fifth degree polynomial here and
is shown in Eq. (6). Here, the SNR as a function of the
x-parameter values may be formulated as follows,

@ Springer



Medical & Biological Engineering & Computing

; |=®=—New function (M(t)
osl— 3| % FWxM=31atx=0.5

°
3
I

o
)
I

Normalized magnetization vectors
o o
IS o
I

©
w
[

0.2 —
0.1 —
oled ‘ F | | oy
0 20 40 60 80 100
t (ms)
Fig. 4 Distinct numerical illustration of M, and M, vectors and their convolution besides derived FWxM at x = 0.5
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Fig.6 The FWxM-map produced based on the proposed theory at the various indices 0.15 through 0.465 at 0.015 intervals [33]
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18.03, 0.8245, 0.5851, 2.995, 2.527, 1.175, 0.09485, and
0.04176, respectively with 95% confidence bounds, as
shown in Fig. 9. Now, any x we assign to this function can
get the SNR even if it is not mentioned in Fig. 5, since
here, we have continuously extracted the fitting function.
The sum of squares derived from error (SSE), R-square,
adjusted R-square, and root mean squared error (RMSE)
values were 0.07305, 0.9998, 0.9997, and 0.637, respec-
tively, in which RMSE is the standard deviation of the
residuals, so-called prediction errors. The residuals are

a measure of how far data points are from the regression
line. In other instances, RMSE is a measure of the degree
of dispersion of these residuals. The amount of error is
also shown in the bottom diagram of Fig. 9 for each point
in order and proportion, with some points having posi-
tive error and some points having negative error. Those
constant values may indicate some features of the image
due to the physiological parameters and pathphysiologic
conditions, which will be investigated probably by the
researchers in the future study.
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Fig.9 The SNR as a function of the x-parameter values (top) along with the residual values (bottom)

4 Discussion

In this study, an appropriate theory was introduced to
obtain the new maps by the hybrid combination of the
transverse and longitudinal relaxation times to improve
the SNR and find the best SNR. In other words, a novel
function of relaxation times in MR imaging was evalu-
ated using the convolution operator. The creation of the
new maps can help prevent further damage form imaging
problems and also treatment issues, and quantitatively
reveal the preliminary causes of breast cancer. Also, our
finding may help grade the different tissues and estimate
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the duration of the healing trends by evaluating the maps
extracted from the proposed theory.

In our proposed theory, according to Eq. (3), when two
magnetization vectors M,, and M, are convolved, their spe-
cial effects are introduced with a special function, which
we called M(t). Furthermore, according to Figure 2, M,
increases exponentially, but M, decreases exponentially.
As a result, with two exponential functions, one ascending
and the other descending, it concludes a curve that peaks and
then descends like a pulse or parabola. The resulting func-
tion was then normalized, that is, the maximum value equal
to one was considered. Therefore, the convolved function is
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maximized at some points of this curve. Then, this maxi-
mum value was examined between x= 0 and 1 with arbitrary
intervals, here 0.035 and 0.015, where the shorter interval
generates higher accuracy but longer program execution
time. Afterwards, the parabolic curve was compared with
its maximum function, which generates the new points that
intersect each other as minimum and maximum alpha, and
we call their difference FWxM. For example, as the studied
intervals decrease from 0.015 to 0.010 (Figs. 5 and 6), more
images will be constructed over a longer period of time,
which can show more structural details to the physicist.

However, according to Figs. 5 and 6, as x increases, the
SNR value decreases for the reason shown in Figs. 7 and 8,
that is, according to Eq. (3), M(t) has a certain maximum
and will therefore have a certain SNR. According to Eq. (4),
the normalized M occurs at a certain alpha whose maximum
is equal to one, and then it is multiplied by the value of x
(that is, for example 0.9 or 0.1) and then we inverse the result
to get alpha-star. As a result, so far we have two alpha-star
values, maximum and minimum, located on either side of
the peak of the paragon curve and defined by their difference
as FWxM, and this proposed function will give different
images in different x. Now we need to assign the different x’s
a number between zero and one, which is arbitrary since our
goal is to achieve the highest SNR. According to Figs. 5 and
6, two T, and T, images with a specific SNR were obtained
from reference [33], and the derived images were processed
for different x. For example, in Figure 5, with these two
specific primary images T, and T, and intervals of 0.035,
the highest SNR was obtained at x = 0.325.

The presented method can be applied to all images
acquired from T, and T, relaxation times, such as brain
images. In this study, breast images were selected as exam-
ples from reference [33] due to the global spread of breast
cancer and also its complex and unique structures. Normally,
the various T, images can be obtained from different echo
time (TE) and repetition time (TR), and as a result, different
images can be acquired, which means that these times should
be applied in practice, which increases the time of using the
device. But in our proposed theory, with the convolution of
two relaxation times of T, and T, it is possible to estimate
several and various images with dissimilar SNR, and finally
the computed SNR derived from our theory were greater
than the primary SNR from the original T, and T, images.

According to Figure 7, the calculated SNR points have
been obtained based on the proposed method and in the
range of 0 < x < 1, i.e., exactly between less than 0.2 and
more than 0.4, and their value was greater than the primary
SNR = 17.47 of the input T, image of Fig. 5. So, this lim-
ited range gives the correct result according to the proposed
theory and the rest of the range between 0 and 1 is no longer
useful for our detailed study. According to Fig. 8 and in this
selected interval, the number of derived images has now

been increased, which means that the x-intervals have been
reduced and finally 18 new output images have been gener-
ated with their specific FWxM in this limited range.

Practically, in a T, image, when the echo time or repeti-
tion time changes, one of these calculated images may be
obtained and therefore the image acquisition time can be
said to be controllable or reduced. This does not mean that
the image acquisition time during MRI scanning is directly
shortened, but that according to the proposed theory, an
image with a higher derived SNR can be obtained, which
is the same scanning time as the initial image acquisition.
Congruently, it can be said that in experimental imaging,
the scanning time is reduced because a higher new SNR
value is estimated from the convolution process.

Among the existing and routinely practiced methods
for early breast cancer detection, MRI has the highest
sensitivity. Recently, Kuhl et al. conducted a study over
an 8-year period and reported a 95% confidence interval
of 96.5-97.6% for specificity with a positive predictive
value of 35.7% in diagnosing high-grade breast tumors
as small as 8 mm. A chief limitation of clinical MRI is
its wide range of specificity by 37% to 97%, which mani-
fests itself in errors in distinguishing between malignant
breast tumors and benign lesions [35]. Nonetheless, false-
positive MRI results in high-risk lesions are significantly
different from the false-positive results on radiographs
associated with low-risk lesions [36].

Image contrast based on tissue T, and T, are common
MRI sequences that exploit the differences in relaxation
times of protons within the examined tissue. T, provides
a longitudinal relaxation time while T, provides a trans-
verse relaxation time for a series of protons. By leverag-
ing the different T, and T, relaxation characteristics of
different tissues, static MRI provides superior structural
contrast between adipose and fibro-glandular tissue and
remains a mainstay for risk analysis, tumor detection and
treatment monitoring. Dynamic MRI methods go one step
further and clarify the functional properties of malignant
tumors. Dynamic contrast-enhanced (DCE) MRI detects T
variations in tissue over time immediately following bolus
administration of a gadolinium-based contrast agent. The
hyper-vascularity of breast tumors leads to altered uptake
and washout ratios, and the unique time-intensity curve can
separate malignant from benign tumors. However, recent
concerns about persistent gadolinium accumulation and tox-
icity have affected patient compliance with methods requir-
ing a gadolinium-based contrast agent, including DCE-MRI,
and research efforts have been improved to develop alterna-
tive, noninvasive approaches. A major contender is diffu-
sion-weighted imaging (DWI), which has already proven to
be a valuable complement to DCE by improving combined
sensitivity. DWI can elucidate tissue properties based on the
Brownian motion of water. Since the diffusivity outside and

@ Springer



Medical & Biological Engineering & Computing

inside cells is different, the pattern of tissue morphology
can be determined based on the restriction of movement
of water molecules in densely packed cells [37]. Innova-
tive procedures such as MRS and chemical exchange satu-
ration transfer may shed light on the underlying chemical
composition, provide snapshots of tissue metabolism, and
characterize microstructural heterogeneity. Besides, non-
compartmentalized, non-Gaussian diffusion models have the
potential to derive micron-scale diffusion metrics that can
reflect tumor heterogeneity and microstructural dimensions.

Here, in our study, the features of the convolution tech-
nique on the performance of spin-spin (T,) and spin-lattice
(T,) relaxation times were used in breast cancer research to
demonstrate the ability of better tumor discoveries.

Production of new maps with the best SNR can also
contribute to better diagnosis and treatment. The qualified
images with improved SNR were produced based on the
proposed theory in which the convolution aspect plays a key
role. The new index at the different values is able to obtain
the different images with the different SNR values. The best
SNR was obtained at the distinct index.

The x-parameter plays a key role to obtain the quali-
fied images. This parameter can vary in the range between
zero to one, which we need to determine at what value of
x-parameter the SNR value is higher than that of the T,- and
T,-weighted MR-images, leading the best SNR.

For example, to examine the theory, the breast images
were selected from the reference [33]. We have evaluated
the different values of x-parameter at intervals of 0.035 and
0.015 to obtain the maximum SNR. To achieve higher accu-
racy, this interval can be reduced to lower values, but the
calculation time will increase.

As known, one of the most common categories of cancer
in women is the breast cancer, that may be recognized on
medical images. Evaluation of breast cancer at all the stages
is very important in the medical field in which the treatment
planning as well as prediction of its growth rate should be
considered. The quantitative assessment of may be addressed
via introducing our theory along with the appropriate sugges-
tions in which the new images named FWxM-map along with
the good SNR are produced. The SNR has been improved at
the values of x from 0.185 to 0.430. The maximum-SNR of
22.7 was at the distinct index of 0.325, which is higher than
that of the T, and T, maps. These maps may help to improve
the better diagnosis on the breast cancer.

In any imaging system, as the SNR increases, the sensi-
tivity also increases somehow. Here, the SNR, derived from
a mathematical formula, was raised according to the pro-
posed theory. It should be noted that the sensitivity of the
device is not comparable to the proposed theory, because T,
and T, imaging have been performed and abandoned with
a specific sensitivity of the device, and we have nothing to
do with it in the proposed theory. Briefly, two perpendicular
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curves (M, is an ascending exponential function and M, is a
descending exponential function) was convolved and a curve
was extracted, the result of which is a parabolic curve with a
peak. By convolution, the spin-spin and spin-lattice quantum
energies are integrated simultaneously, so it is not possible
to quantumly represent their exact effects on providing sen-
sitivity. However, according to the proposed function, it can
be seen that the maximum SNR can be achieved at a cer-
tain x. Furthermore, it should be noted that if another image
is tested with this proposed theory, the derived maximum
SNR value will definitely occur at a different x than 0.325 or
0.330 because T, and T, have different input amounts, and
the results will be different for each input image by their con-
volution. Certainly, this theory will generate different results
for other images such as brain or even other breasts. This
process is important for physicists because the details of the
image are important to better diagnose the tumor within the
interwoven structures of the breast. Therefore, categorizing
the tumor within a complex structure made up of different
tissues with different densities can help the physicists make
a better diagnosis.

The comprehensive symptom of the breast cancer is a
new mass or a fresh lump, which the positron-emitting radio-
nuclides can be applied to treat the breast. However, the
geometrical structure of this mass should first be estimated.
The dynamical maps derived from the projected theory may
help accurately represent these structures. Various imaging
tests can be performed for a variety of reasons, including to
find out whether a suspicious area may be cancerous, to see
how far the cancer cells have been dispersed, and to regulate
whether the treatment pathway is working [38—41]. In addi-
tion, the images with the higher SNR can display the smaller
lesions according to our theory.

Furthermore, there are many forms of breast cancer
because it can occur in a specific region of the breast, like
the lobules, the milk ducts, or the tissues between them.
The nature of breast cancer is distinguished via distinct cells
affected. Established upon the cell lineage involved, breast
cancers can be categorized into two general groups: sarco-
mas and carcinomas. Sarcomas are a much rarer form of
breast cancer by < 1% of primary breast cancers, and origi-
nate from the stromal elements, that comprise blood vessel
cells and myofibroblasts. Carcinomas are breast cancers that
originate from the epithelial element of the breast, which
is made up of the cells that ceil the lobules and terminal
ducts accountable for milk production. These categorizes
are not always sufficient groups because in some cases a
single breast tumor may be an amalgamation of diverse cell
forms [42, 43]. Here in our study, the acquired new map
with the best SNR may recognize these groups toward bet-
ter diagnosis.

Uncharacteristic epithelial hyperplasia relates to a vari-
ety of proliferative epithelial lesions that are not obligatory
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precursors to malignancy and also they are biological indi-
cators of future increased risk of the breast cancer growth.
Some women with uncommon epithelial hyperplasia like
atypical lobular hyperplasia (ALH), atypical ductal hyper-
plasia (ADH), and lobular carcinoma in situ (LCIS) have a
relative risk of breast cancer three to ten times greater than
the general population [44]. While these women are pres-
ently categorized into the intermediate risk group according
to the ACS-2007 strategies by 15%-20% lifetime risk (LTR)
[45], recent data with long-term follow-up specify that these
populations have an LTR higher than 20% that is more con-
sistent with the high-risk categorization for which annual
MR imaging would be suggested. This risk probably may
be characterized with good SNR originated from the values
of x-parameter in the FWxM-maps.

The excess cancer yield is highest with dominant MR
imaging examinations and reduces with subsequent rounds
of interim examinations because cancers that have gone
undetected by routine sonography or mammography are
first detected [28, 46]. Especially in mild node-negative
invasive breast cancer, the sensitivity of MRI technology
exceeds that of mammography [47, 48]. For instance, in
a large randomized study available in the Lancet journal
in 2019, that examined four rounds of screening in 1,355
women, MRI technique not only discovered more breast can-
cer cases than mammography (40 vs. 15 breast cancer cases,
p = 0.0017), but also rarer and smaller node-positive can-
cers with mean size of 9 mm vs. 17 mm by p = 0.010 (11%
vs. 63%, p = 0.014), leading to an important shift in tumor
stage on MRI-screening group and signifying a potential for
enhanced survival [40]. In addition, a divergent tendency
was observed, in which the MRI technique more favorably
detects invasive and major in situ disease, in contrast to
mammography, which more favorably detects in situ and
minor invasive disease [50], which highlights the intrinsic
dissimilarities between anatomical and functional represen-
tation of the breast cancer. Although no direct appraisal of
the MRI-specific conclusion on long-term survival in breast
cancer is available, there are consistent data demonstrating
a substantial enhancement in at least short-term survival
(10 years) in high-risk women undergoing MRI technique
compared to those who do not do this, since a more aggres-
sive disease will be detected earlier [48, 49]. Furthermore,
it has been assumed that the complementary MRI technique
besides multi-round mammography reduces the incidence
of interval cancer by up to 50% via detecting tumors with
poorer prognostic properties and lower survival results, and
thus should improve mortality [48-52].

Despite potential advantages of MR imaging, there are
obstacles to broader use, mainly due to cost-effectiveness
and limited availability. The MRI procedure via enhanced
dynamic contrast is currently subject to certain technical

constraints (slice thickness < 3 mm, in-plane pixels < 1
mm), and standard protocols include T - and T,-weighted
pre-contrast and three post-contrast sequences to construct
a kinetic enhancement curve. As a result, a generic exam
recording takes an average of 20 to 30 min per exam. Both
the limited access to MRI machines and the long scan
time are currently limiting the wider application of MRI
technique. Also, the need for intravenous administration
of contrast media and longer examination times are less
tolerated at the patient level. Besides, the actual cost of the
test may be high. When accounting for quality-adjusted
life years gained in very high-risk women such as BRCA
mutation carriers, MRI screening has been shown to be
cost-effective, but it may be less cost-effective in non-
BRCA women [53-55]. Nonetheless, there is evidence that
MRI screening, when used routinely, has the potential over
time to become more cost-effective than mammography,
particularly as screening costs decrease [56].

To obtain the more images in which various information
is included, one may change the values of time of echo,
repetition time, and the others on the pulse sequences in
MRI, but we created the qualified images with high SNR
using the convolution of two orthogonal magnetization
vectors with less time. In other words, in order to opti-
mize the acceptance of MRI technique and to enable a
broader usage, a suggestively optimized and more cost-
effective examination is therefore necessary. Hence, cur-
rent attempts are aimed at shortening the MRI examination
to further reduce interpretation times while preserving pri-
mary sensitivity. Therefore, the obtained new map at the
various indices with improved SNR based on our theory
may more precisely display the spread of cancer breast at
the early stages along with the amounts of the mass.

As is known, a hard mass with asymmetrical borders
is painlessly more cancerous and can be easily tender-
ized or fractured. Other possible disturbances in breast
cancer include pain in the breast tissue or nipple, swelling
disorder, irritation or pitting of the skin, nipple or skin
thickening, redness, scaling, and nipple discharge and
retraction [57]. The mammary glands are made up of enor-
mous chains of lobed ducts lined with epithelium that can
secrete milk. These ducts feed into larger milk transport
ducts that come together at the nipple. Evidently, these
glandular structures are lodged in backing fatty tissue and
the breast is divided into lobules through connective tis-
sue. Consequently, the proposed FWxM function and its
derived maps are able to accurately discern these struc-
tures at different stages with good correlation and more
detail representation because of the best SNR.

As T1 and T2 change, the resulting convolution func-
tion also changes the shape of the extracted curves. This
can be more investigated through the turning points of the
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curve, the type of maxima, the integral or area under the
curve, and the slope lines or the second derivative of the
curves, which can categorize the tumor growth differently
and specifically. For future work, these features can also
be categorized for different lesions and linked to tumor
grading.

5 Conclusions

The novel proposed technique is capable of obtaining more
high SNR images in which we have only used the T;- and
T,-weigthed MR-images with low SNR. Therefore, the
acquisition time to interpret more qualified images will
reduce. Our proposal aims to shorten MRI examination to
further reduce interpretation times while maintaining the
primary sensitivity to reach the qualified images with a
higher SNR than the T - and T,-weighted MR-images. This
topic has been carried out by convolution of two orthogonal
magnetization vectors. Characterizing or grading the tumor
in any type of image, even non-breast tumors, using this
mixed method of convolution and the maximum x interval
results in different values of FWxM to obtain the best com-
puted SNR and provide the derived image with more details.
Categorization of convolution function originated from the
longitudinal and transverse magnetization components may
be used to grade tumors and lesions in the body organs,
which may be studied in the future. In addition to that, the
quality of medical images and the increase in signal-to-
noise ratio can be evaluated using the contrast-to-noise ratio
(CNR) parameter in future studies.
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