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Abstract :  Nowadays, medical imaging has an important role in radiotherapy and treatment planning process. Despite the
increasing usage of the magnetic resonance imaging (MRI) in the external radiotherapy (RT) design process. MRI is
only radiotherapy treatment planning is attractive since MRI provides superior soft tissue contrast without ionizing
radiation compared with computed tomography (CT). CT-scans are the main imaging modality in external beam radiotherapy.
They allow the definition of tissue electron density necessary for dose calculation. A magnetic resonance (MR)-only radiotherapy
workflow can reduce cost, radiation exposure and uncertainties. However, it requires the generation of pseudo CT from MRI
images for patient setup and dose calculation. A crucial prerequisite is generating the so called pseudo-CT (pCT) images for
accurate dose calculation and planning. Our proposed GAN (Generative Adversarial Network) method to generate pseudo CT
images has been shown to provide pseudo CT images with excellent image quality. In this study, the main aim is to allow pseudo-
CT images to be generated from MRI data for the diagnosis of bone lesions and investigate the accuracy of dose calculation in
brain frameless Stereotactic Radio Surgery (SRS) using pseudo CT images which are generated from MRI images using the Deep
Convolutional Neural network method. The outcome of a detailed assessment of various strategies for GAN, brain bone lesion
identification from magnetic resonance imaging (MRI) was exploited to select the optimal parameters and setting, with the aim of
proposing a DCNN based GAN pseudo-CT generation approach.

IndexTerms - Computed Tomography (CT),GAN (Generative Adversarial Network) (pCT),Radiotherapy (RT).

1. INTRODUCTION

Whole-body examination is still challenging in CT/PET/MR scanners. The evolution of CT, PET and MRI into
complementary in vivo molecular imaging techniques has generated increased interest in the development of combined PET/MRI
systems. However, many challenges have slowed the adoption of the recently developed simultaneous PET/MR scanners. MRI is
used to diagnose, plan therapy, and monitor the progression of a variety of neurological illnesses, including brain tumors [1].
Alzheimer's disease [2], Parkinson's disease [3], multiple sclerosis [4], stroke [5] and other neurodegenerative illnesses are
examples of neurodegenerative disorders. Computed tomography (CT) plays a significant role in treatment planning and dose
calculation in the radiation therapy (RT) chain by providing 3-dimensional attenuation coefficient maps. These are used to
calculate organ and tissue-specific doses (1). Modern techniques, such as intensity modulated radiation therapy (IMRT) and
volumetric-modulated radiation therapy (VMAT), rely on anatomical images to accurately define the target and organs at risk
(OAR) for proper dose delivery. In clinical practice, the use of magnetic resonance imaging (MRI) for treatment planning is
increasing due to the high contrast soft-tissue discrimination and sharper organ boundaries possible in comparison with CT
imaging. MRI is clearly superior to CT for organ delineation and could therefore improve tumor targeting in dose planning.
However, MRI does not provide electron density information that is necessary for dose calculation [6]. To overcome this issue,
several methods have been developed to generate pseudo-CTs (pCTs) for MRI-based dose planning.

Machine learning approaches have previously been proposed to estimate attenuation maps. A few pilot studies utilizing
neural network methods have shown promising results in PET/MR imaging. These studies typically rely on the inputs of T1-
weighted MR images, ultrashort-echo time MR images and transmission images to estimate pseudo-CTs which can be applied to
PET attenuation correction [7]. More recently, deep learning approaches using Convolutional Neural Networks (CNN) have been
applied to medical imaging with successful implementations across a diverse range of applications [8]. Deep learning methods are
more advanced forms of neural networks and utilizing many levels of network structures capable of learning image features by a
series of image convolution processes. One recent study used deep learning to generate discrete pseudo-CTs for MR attenuation
correction using a single T1-weighted head image, which significantly reduced error in an evaluation dataset of brain images [9,
10]. The brain is difficult to separate into different tissue classes because the strength levels of bone and air signals are so near. As
a consequence, the study's main contribution is to overcome the problem of attenuation correction in bone lesion identification by
creating pseudo-CT images from MR Images. This was accomplished using the pre-processing component of the image
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registration procedure. Finally, the GAN model has been newly adapted for pseudo-CT generation, which produces the most
similar bone regions as shown in CT images.

2. LITERATURE SURVEY

A comprehensive review of PCT for PET/MRI can be found at [11-21]. Briefly, current methods for attenuation correction in
PET/MRI can be grouped into the following categories: Some studies have shown that functional MRI information, including
diffusion-weighted imaging (DWI) and dynamic contrast enhanced imaging, could aid in identifying active tumor sub-volumes in
head and neck cancer. Korsholm et al., [11] has suggested that a 2% error in MRI dose calculation is clinically acceptable. In
addition, with this technique, it is difficult to create reference images that could be used for patient positioning verification due to
the lack of bone segmentation. An alternative methodology is to separate the tissues in the MR image into different classes and
assign every class an electron density or Hounsfield unit (HU) value. In most cases this involves two or three classifications; soft
tissue and bone (and in some cases air). Improved dosimetric results have been reported using these techniques compared to using
a homogeneous density override, namely for prostate, brain and head and neck site. Stanescu et al., [12] attempted a semi-
automatic method of bone segmentation in the head. Here, a point was placed close to the structure which required segmentation.
Thresholding was then used to segment the structure. The authors noted that manual adjustment afterwards was required in some
cases, particularly towards the lower section of the skull. Paula et al., [13] used an atlas-based segmentation method to separate
the bone, prior to bulk density override. Again manual adjustment was used if necessary. Methods such as these could mean that
bulk density techniques are more useful in a clinical workflow in the future, although manual adjustment of contours would not be
desirable.

Atlas-based techniques typically use a single, standard MRI sequence in order to produce an sCT. This ensures that scanning time
is kept to a minimum, reducing the chances of patient movement. It also means that the scanning protocol is straightforward to
implement in a clinical environment. The process for sCT production can be fully automated and reference images for positioning
verification can be produced as well as automatic contouring of OARs. Sjolund et al., [14] remarked how atlas-based techniques
are relatively robust to image artifacts due to their reliance on prior training information. The simplest atlas techniques use a
single or average atlas, for example as developed by Dowling et al.[15], for prostate planning. With an average atlas technique,
pairs of MRI and CT scans from a database of patients are co-registered. An average MRI atlas is then created, potentially with a
matching set of organ contours. By determining the deformations which need to be applied to each MRI scan in the database to
reach the average atlas, an average CT atlas can be created by applying the same deformations to the corresponding registered
CTs and finding the average of these. In order to create an sCT for an incoming MR image, the average MRI atlas is registered to
the incoming MRI scan. These deformations are then applied to the average CT atlas resulting in a corresponding sCT. The organ
contours can be propagated similarly.

CBCT-to-CT conversion via DL is the most recent CT synthesis application. For what concerns the latest development from the
deep learning perspective, in 2018, Oktay et al.[16] proposed a new mechanism, called attention gate (AG), to focus on target
structures that can vary in shape and size. Liu et al.[17] incorporated the AG in the generator of a cycle-GAN to learn organ
variation from CBCT-CT pairs in the context of pancreas adaptive RT, showing that its contribution significantly improved the
prediction compared to the same network without AG. Alternatively, it would be quite interesting if a CNN could automatically
generate a metric to assess the quality of sCTs, as, Matt et al.[18] proposed using uncertainty for such a task adopting a multi-task
network and a Bayesian probabilistic framework. More recently, two other works proposed to use uncertainty either from the
combination of independently trained networks or via dropout-based variational inference. So far, the field of uncertainty
estimation with deep learning has been just superficially touched for sCT generation. It would be interesting to see future work
focusing on developing criteria for the automatic identification of failure cases using uncertainty prediction. Patients with
inaccurate synthetic CTs will be agged for CT rescan, or manual adjustment of the sCT if deemed feasible.

Andrew et al. [19] proposed a Bayesian deep convolutional neural network, in addition to generating an initial pseudo-CT from
MR data, also produces uncertainty estimates of the pseudo-CT to quantify the limitations of the MR data. Angel et al. [20]
proposed a network that maps between the four 2-dimensional (2D) Dixon MR images (water, fat, in-phase, and out-of-phase)
and their corresponding 2D CT image. Author assessed the accuracy of the p-maps and reconstructed PET images by performing
voxel- and region-based analysis comparing the SUVs (in g/mL) obtained after AC using the Dixon-VIBE (PETDixon), DIVIDE
(PETDIVIDE), and CT-based (PETCT) methods Axcel et al. [21] evaluated and compared the U-Net and GAN DLMs using
various hyperparameters and loss functions (Z,, single-scale PL, multiscale PL, weighted multiscale PL) as well as PBM, for
prostate cancer MRI-only dose planning. By analyzing the above-mentioned works of literature on pseudo-CT generation from
magnetic resonance images, the author was motivated to develop a technique for accurately extracting the bone lesion from
magnetic resonance images.

Obijectives:

e This study aims to improve patient positioning and dose targeting in brain MRI-only radiotherapy by using MRI
acquired in treatment position.

e The main goal of this study was to investigate the possibility of removing the CT simulator from the brain MRI and
replacing it with synthetic-CT images and calculating the electron density values for designing patient treatment
planning.

e In this work proposed a novel deep convolutional neural network with GAN (DCNN-GAN) method for pCT generation
and evaluate the bone lesions on a set of brain tumor patient images

e ltisinvestigated whether there is a relationship between MRI intensity and CT- HU value within different regions.

e The purpose is to find a simple and efficient model that could provide electron density information from the MRI images
to generate the Pseudo CT images with an acceptable error rate that could be used in clinical RT treatment planning.
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The remainder of this questionnaire is arranged as follows. Section 2 presents the main deep learning techniques that have been
used for Image generations are described in the survey. In image generation, Section 3 describes the methodology of DCNN-
GAN to the generation of pCT: enhancement, detection. In various areas of use, Section 4 analyses the findings obtained and the
open challenges. Finally the work is concluded in section 5.

3. METHODOLOGY

Figure 1 depict the overall structure of the proposed system in which initially data are collected from the popular dataset i.e.,
RIRE. From these raw data, there can be a chance of noises and other anomalies which are needed to be pre-processed for further
processes in which techniques used are outlier elimination, data smoothening and normalization. Once these are pre-processed,
then generate pCT, using DCNN-GAN.

Acquisition of images, each subject
having CT and MRI scan

v

Preprocessing

v

Divided subjects into training and test data

v ¥

Image Generation Based on DCNN-GAN Receive patient MR data associated with a new patient
Generation of data point based on corresponding Segment image voxels of each patient’s MR scan
HU and MRI according to tissue class
Utilize statistical methods to generate a pseudo-CT prediction l

model based on the MR Intensity vectors and extracted CT
intensity value

v

Evaluate test Intensity value into

Extract MRI intensity values of voxels

pseudo-CT prediction model —> Generating pseudo-CT image

Figure 1: proposed block diagram

1.1. Image Acquisition

While certain files, such as OASIS and the Alzheimer's Neuro imaging Initiative [22] have the same MRI data and CT data,
public databases containing both modalities for the same person are unusual. To our knowledge, MRI and CT image from the
same subject are only found in the RIRE project and the Cancer Imaging Archive. Because the RIRE project uses a common data
format, we employed it for our investigation. The RIRE dataset's aggregated modality count is given in the first row of Table 1.

Table 1. Subject counts of RIRE with respect to image modalities

CT MRI PD MRIT1 MRI T2 MRI MP RAGE | PET

17 14 19 18 9 8

In rare cases, positron emission tomography (PET) can be acquired in addition to CT images for select individuals. A corrected
version of certain MRIs is available, but we didn't utilize it. Because they provided the most participants, T1 weighted MRI and
CT were chosen as input and goal data. However, supplying different MRIs as multi-channel input would be a fascinating
experiment.

1.2. Pre-processing of MRI and CT images:
Today’s real-world databases are highly susceptible to noisy, missing, and inconsistent data due to their typically huge size (often

several gigabytes or more) and their likely origin from multiple, heterogenous sources. Low-quality data will lead to low-quality
mining results. There are a number of data preprocessing techniques [23]. In this work outlier elimination, data smoothening and

JETIR2508636 ] Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | g287


http://www.jetir.org/

© 2025 JETIR August 2025, Volume 12, Issue 8 www.jetir.org (ISSN-2349-5162)
normalization methods are proposed to enhance the input images. These techniques are not mutually exclusive; they will work
together.

e Outlier elimination: Outliers are data points that deviate away from the general trend of the dataset. These outliers
affect the performance of the system as they seem to be inconsistent with the dataset. They tend to shift the mean and
scatter of the data away from their ideal values, which affects the performance of the proposed system [24]. The removal
of outlying observations helps in improving the quality of training. Outlier removal essentially reduces noise in the
dataset, which might occur due to mechanical faults, changes in system behavior, human error, instrument error, etc. The
commonly used outlier elimination methods are the block D/R and Tukey elimination procedures. The block D/R
procedure eliminates values based on the D/R ratio. the Tukey method eliminates all values more than 1.5 IQRs away
from the first and third quartiles (Inter Quartile Range).

e Data smoothening: Data smoothening provides methods to deal with dirty data. Since dirty datasets can cause problems
for data exploration and analysis, data smoothening techniques have been developed to clean data by filling in missing
values (value imputation), smoothing noisy data, identifying and/or removing outliers, and resolving inconsistencies.
Noise is a random error or variability in a measured feature, and several methods can be applied to remove it. Data can
also be smoothed by using regression to find a mathematical equation to fit the data [25]. Smoothing methods that
involve discretization are also methods of data reduction since they reduce the number of distinct values per attribute.
Clustering methods can also be used to remove noise by detecting outliers.

e Data normalization: Data transformations, such as normalization, may be applied, where data are scaled to fall within a
smaller range like 0.0 to 1.0. This can improve the accuracy and efficiency of mining algorithms involving distance
measurements. Many data mining algorithms provide better results if the data has been normalized or scaled to a specific
range before these algorithms are applied [26]. The use of normalization techniques is crucial when distance-based
algorithms are applied, because the distance measurements taken on by attributes that assume many values will generally
outweigh distance measurements taken by attributes that assume fewer values. Other methods of data normalization
include data aggregation and generalization techniques. These methods create new attributes from existing information
by applying summary operations to data or by replacing raw data by higher level concepts.

1.3. DCNN based GAN method

Here hybrid models are used for pCT , such as DCNN based GAN. CNN is one of the techniques used for the pCT generation
purpose. However the CNN model requires large amount of dataset to avoid this GAN model is used. GAN models main purpose
is to reduce the dataset; this model will automatically select the features that accompany this generation. This method adjusting
the parameters such as weights and learning rates to reduce the loss. The CNN (convolutional neural Network) is an artificial
neural network that KunihikoFukushima[27] and Yann LeCan et al . introduced in 1980[28][29]. CNN consists of 6 layer types:
input layer, wrapping layer, nonlinear layer, pool layer, output layer and completely connected layer.

A collection of convolutional nuclei in which each neuron behaves as a nucleus is made up of the convolutional layer. However,
if the kernel is symmetrical, the convolution operation becomes a correlation operation (lan Good fellow et al., 2017). The
convolutional kernel works by slicing the picture into small slices, commonly known as receptive fields. You may express the
convolution operation as follows:

H(po=S" WYY (xy).e{(uy) (1)
Where, 7i.(xy)is an element of the input image tensor 7. , which is element wise multiplied by ef(u,v) index of the ki
convolutional kernel %, of the I layer. Whereas output feature-map of the k™ convolutional operation can be expressed as

H=[#Q,0),..(p.g.-H(P)].

When properties are maintained in the pool layer, their precise location becomes less important as long as their approximate
position relative to others is maintained. An interesting local activity is pooling, or down sampling. It aggregates similar data in
the receiving field neighbourhood and generates the dominant response within that local area.
Z;(=gp(i;;() 2

Equation (2) shows the pooling operation in which Z¥ represents the pooled feature-map of 1™ layer for k™ input feature-map £¥
whereas g,(.)defines the type of pooling operation.The use of the pooling operation allows to extract a mix of features that are
invariant to minor distortions and translational changes. In equation (10), the activation function for a convoluted feature-map is
described.

Tf=g.,(Fp) @)

the above equation, F¥is an output of a convolution, which is assigned to activation function g,(.)That adds non-linearity and
returns a transformed output 75for Ith layer.

Batch normalisation is used within feature-maps to resolve the problems associated with the internal covariance change. The
internal covariance shift, which slows down convergence (by moving the learning rate to a small value) and requires careful
parameter initialization, is a change in the distribution of hidden unit values.Batch normalization for a transformed feature-map
FXis shown in equation (4).

=t @
o%+ £

In equation (4), N¥ represents normalized depict mean anduy and o%feature-map, F¥ is the feature-map input, B variance of a
feature-map for a mini batch. Inside the network, Dropout introduces regularisation, which gradually enhances generalisation by
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randomly omitting certain units or links with a certain probability. At the end of the network, the completely connected layer is
mainly used for classification.

It is a global process, but it requires large amount of data for generating better results. Likewise the primary objective in deep
learning is to have a network that performs its best on both training data & the test data/new data it hasn’t seen before. Adopting
such imbalanced data will make the model less sensitive to samples with higher DR severity levels and lead to overfitting.
Although common data augmentation methods such as flipping and random cropping and rotation can mitigate the problem, the
poor diversity of samples from those levels still limits model performance. To solve this problem GAN architecture is used. If the
training data is insufficient GAN can automatically train based on the input datasets and generate the synthesis images, this will
augment the input dataset.

GAN: Recent ideas based on Generative Adversarial Networks (GANSs) [30] are able to overcome this problem by learning a
more suitable loss function directly from data [31]. The basic block of GAN architecture is shown n figure 2. Generative
Adversarial Networks (GAN) have achieved state-of-the-art results in the field of image generation producing very realistic
images in an unsupervised setting The underlying strategy of adversarial methods consists of emulating a competition, in which
the mapping G, called Generator, attempts to produce realistic images, while a second player, the Discriminator D, is trained to
distinguish the output generated by G from real examples.
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Figure 2: Basic blocks of GAN architecture

Here, both G and D are neural networks, and act as adversaries, since the goal of G is to maximize the misclassification error of
D, while D’s objective is to beat G by learning to identify generated images. As in (4), the adversarial loss, driving the learning of
Gand D, is:

La(GD) =E,,,,~pda[a(m [log Iog(D( v;r)) ] +Ey e paa (V) [loglog (I—D( v, G( V))) ] 5)

Where £,,..,.. (v,r) is the expectation over the pairs (vr), sampled from the joint data distribution of real pairs p,.(,» and
Padata(v) 18 the real vessel trees distribution. The Discriminator’s objective is to maximize (1), while the Generator’s goal is to

minimize it. Therefore, it is D that provides the training signal to G, replacing more conventional loss functions.

Although minimizing the above loss function induces G to produce visually sharp results, recent work in [12], [14] has shown that
combining Eq. (5) with a global Z; loss provides more consistent results. Thus, the loss function to optimize becomes:

LimZim(G'D) = LadV(G;D) +ﬂEV,r~pda[3(V',) [” r—= G( V) ” 1] (6)

where A balances the contribution of the two losses. The discriminator’s objective is in this case local, i.e., it attempts to
discriminate AV image regions as real or generated, but the goal of G is supplemented with a requirement not only to generate
realistically looking images but also images that preserve a global regularity. Since the Z; loss guarantees that the output of G is
globally consistent, D can concentrate.

The optimization process consists of two alternate stages. In the first step, the discriminator is updated to distinguish samples
generated by g from those coming from the prior distribution p(z). This is achieved by maximizing the following loss:

Lcode(Dcode' Q) =F, ~P(2) [Ioglog(Dcode(Z)) ] +EV,1‘~pdata(V) [10g(1_Dcode(Q( TZ/)))] (7)
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In addition, both the encoder and the decoder weights are updated to minimize the reconstruction error and, at the same time, to
maximize the classification error of the discriminator. In this way, the complete loss function that drives the learning of the
adversarial auto encoder is a combination of both losses:

LAAE ( D code, q'p) = Lcode(D coder Q) + V. Lrec( q'p) (8)

Where, y weights the importance of the two losses. The goal of g and p is to minimize L, while D,,,. attempts to maximize it.
When the optimization process reaches an equilibrium point of Eq. (8), the decoder p defines a generative model than can be
employed to generate new vessel trees starting from a sample of the imposed prior p(z) on the latent distribution. In our case, the
loss functions defining both models are differentiable almost everywhere. Accordingly, to build a joint loss function we can
directly combine them by simple addition. Nonetheless, we need to redefine the image to- image losses in Egs. (6) and (7), so that
they take the output of the adversarial auto encoder as the input to G:

L..(GD) =By paatun [log log(D(v,D) | +Ey o (V) [loglog(1-D(VG(W))] (9)
zimZim(G;D) zzadv( G,D) +/1Ev,r~pda[a(w) [”1"— G(T/) ” 1] (10)

where 7= p(g(v)) is the vessel tree generated by the adversarial autoencoder. With this modification, both loss functions can be
linearly combined into a global one:

L(GrDrDcoder q,p): ZimZ im (Gr D)+ LAAE(Dmde, qxp) (11)

In this formulation, the goal of G, g and p is to minimize the loss function in Eq. (11), while D and D,,,. attempt to maximize it.
The main advantage of this joint training scheme is that the discriminator D also provides with a better loss function for the
adversarial auto encoder. The decoder p needs to produce realistic looking vessels in order to maximize the misclassification of D.
Also, part of the training signal that arrives to p flows through G. As a consequence, the adversarial auto-encoder also benefits
when the generator produces realistic pCT images.

Evaluation Metrics:
The voxel-wise Mean Absolute Error (MAE) and the Mean Error (ME) are the most fundamental and extensively used
measuring scales for evaluating the quality of a pseudo-CT image:

1
MAE =%, B | CTUn)—pCT(n)| - (12)

N¢
1
MEVD,(:E;I CTU)—pCTn)  (13)

SSIM= (Z#X:uy-i'll) (2 O-X}/)IZ)
(i 18+h) (Gi++h)
= 2XTP
~ (TP+FP)+(FN+TN)

14

D (15)

TP+TN

A L et S
Ay = EPY ENT TN

x100% (16)

4. RESULTS AND DISCUSSION:

The model was created using Windows 10 and MATLAB for simulation. For a single pCT from MRI, one epoch of neural
network training takes 50 iterations to run through all of the training data once, resulting in a computation time of 37 seconds. The
Mean Absolute Error (MAE) and Mean Error (ME) values for the total body were calculated to accomplish this. The RIRE
dataset was utilized to create pseudo-CT investigations, as previously stated.

The output image derived from the DCNN-GAN model is depicted in Figure 3 as a pseudo-CT generation, in which the bone
lesions are successfully predicted from the input MRI image. The best accurate identification of bone lesion was achieved by
performing absolute image registration with DCNN and feature extraction up to GAN features. Here table 2 & figure 4 shows the
computational time of the proposed work.
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Figure 3: GAN output as generated pseudo-CT image

Table 2. Comparison of computation time

Models VGG16 Resnet Alexnet Densenet CNN DCNN-GAN
Time 5.78 8.93 8.89 7.02 5.50 4.21
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Figure 4: CT vs Models
Table 3. Comparison of SSIM similarity measure

Measure VGG16 Resnet Alexnet Densenet CNN DCNN-GAN
DC 0.79+0.03 0.83+0.02 0.86+0.01 0.92+0.02 0.90+0.04 0.94+0.02
SSIM 0.84+0.03 0.86+0.03 0.84+0.04 0.89+0.02 0.87+0.04 0.86+0.05

Table 3 & Figure 5 represents the comparison of SSIM and DC similarity measures between the original CT and the resulting
pseudo-CT images. From the figure 6 and table 4, it is understood that the GAN can obtain 86% of similarity to the original CT
image and 94% of DC. The mean square error obtained by the proposed GAN based pseudo-CT generation for bone lesion
detection has been depicted in figure 6. The mean absolute error is obtained as 10.1053 at the training phase and 9.72 at the

testing phase.
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Figure 5: a) DC vs Models b) SSIM vs Models
Table 4. Comparative analysis of various models under MAE, MSE
Measure VGG16 Resnet Alexnet Densenet CNN DCNN-GAN
MAE (HU) 72.3+1.18 64+10.12 76.8+9.30 84+3.90 82.31+2.34 67.5+£17.3
MSE (HU) 100.3+44.2 118.2+20.9 167+18.5 233.1+12.2 188+27.7 188+33.7
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Figure 6 a) MAE vs Models b) MSE vs Models

Figure 6 (a, b) depict the graphical representation of various models evaluated under MAE and MSE. Figure 7 (a) depicts the
graphical representation of the accuracy. The proposed work obtains 98% accuracy compared to other models.
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Figure 7 a. Classification model vs Accuracy

The proposed work of the generation of pCT from MRI for effective bone tumour analysis, mostly this will be
potentially helpful for the healthcare community (neurosurgeons) and research community for better integration and development
of a model for even more accurate results from theoretical and practical aspects.

CONCLUSIONS

Computer Tomography remains a basic imaging modality in radiotherapy because of its relation with electron density value. In
conventional external radiotherapy, MRI is used in functional tissue structures with registration on the CT image, which causes
systematic errors during the registration of MRI and CT image. Generally, diagnosis of brain disorders requires correct diagnosis.
Any misdiagnosis results in damages that are irreparable. The occurrence of bone lesions in patients with brain disease was high
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and the number of patients increases year after year. This has also, to some degree, increased the workload of medical staff in this
field. A reliable and effective method of identifying bone lesions in brain tumor images that has addressed the rising demand is
urgently needed. This work investigated the possibility of removing the CT simulator and replacing it with pseudo-CT for the
identification of bone lesions. In order to improve accuracy and to achieve pCT image generation without manual intervention,
this article proposes deep convolutional models with this in mind. The model is primarily made up of CNN and an integrated
GAN. The superiority and efficacy of the proposed model was demonstrated by the implementation of the simulation. Clinical
assessment indicates that there is potential for clinical use of the proposed method and may contribute to widespread use of other
modalities of imaging. In addition, the structure suggested is versatile and can be applied to other applications.
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