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Background
Current image reconstruction techniques in computed tomography (CT) such as filtered back-projection (FBP) and iterative re-
construction (IR) have limited use in low-dose CT imaging due to poor image quality and reconstruction times not fit for clinical 
implementation. Hence, with the increasing need for radiation dose reductions in CT, the use of  artificial intelligence (AI) in image 
reconstruction has been an area of  growing interest.
Aim
The aim of  this review is to examine the use of  AI in CT image reconstruction and its effectiveness in enabling further dose reduc-
tions through improvements in image quality of  low-dose CT images.
Method
A review of  the literature from 2016 to 2020 was conducted using the databases Scopus, Ovid MEDLINE, and PubMed. A sub-
sequent search of  several well-known journals was performed to obtain additional information. After careful assessment, articles 
were excluded if  they were not obtainable from the databases or not available in English.
Results
This review found that deep learning-based algorithms demonstrate promising results in improving the image quality of  low-dose 
images through noise suppression, artefact reduction, and structure preservation in addition to optimising IR methods.
Conclusion
In conclusion, with the two AI-based CT systems currently in clinical use showing favourable benefits, it is expected that AI algo-
rithms will continue to proliferate and enable significant dose reductions in CT imaging.

Keywords
Computed tomography (CT); Artificial Intelligence (AI); Image reconstruction (IN); Machine learning (ML); Deep learning (DL); 
Dose reduction.

Abbreviations
AI: Artificial intelligence; CT: Computed tomography; ML: Machine learning; DL: Deep learning; FBP: Filtered back-projection; 
IR: Iterative reconstruction; MBIR: Model-based iterative reconstruction; LDCT: Low-dose computed tomography; FDA: U.S 
Food and Drug Administration; ANN: Artificial neural network; DNN: Deep neural network; CNN: Convolutional neural net-
work; CNR: Contrast-to-noise ratio; SNR: Signal-to-noise ratio.

INTRODUCTION

The use of  computed tomography (CT) has rapidly increased 
in recent decades as it allows for visualisation of  anatomical 

structures with high spatial and temporal resolution. However, with 

the extensive amount of  CT scans being performed each year, the 
ionising radiation inherent to CT has become a public concern.1,2 
Relative to this, there has been growing interest in radiation dose re-
duction in CT examinations. Currently, most commercial CT scan-
ners adopt the filtered back-projection (FBP) method to analyti-
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cally reconstruct images as its process is robust and reconstruction 
times are quick. However, the image quality of  FBP reconstructed 
images at reduced doses is significantly degraded due to excessive 
noise levels caused by mathematical assumptions made by the CT 
system.3,4 To solve these limitations, iterative reconstruction (IR) 
algorithms were introduced, enabling improved image quality and 
greater potential for lower radiation doses. However, despite this, 
the large computational demand and lengthy reconstruction time 
limits the use of  IR techniques.

 Recently, researchers have proposed the use of  artificial 
intelligence (AI) to improve CT image reconstruction. One ap-
plication involves a sharpness-aware general adversarial network 
to achieve low-dose CT (LDCT) denoising.5 Another concept uti-
lises a multi-scale wavelet domain residual learning architecture for 
limited-angle CT reconstruction to eliminate artefacts and preserve 
edges,6 while other approaches involve optimising IR methods 
through synthetic sinogram-based noise simulations7 or k-sparse 
autoencoders.8 These AI-based image reconstruction techniques 
all share a common goal, namely to improve the image quality of  
low-dose CT images. These methods have shown great promise 
in achieving exactly this, with several AI algorithms already being 
clinically implemented. Currently, two CT systems have received 
510(k) clearance by the U.S Food and Drug Administration (FDA) 
for AI-based CT image reconstruction: Advanced intelligent Clear-
IQ Engine (AiCE), Canon Medical Systems, Tochigi, Japan 9) and 
deep learning (DL) Image Reconstruction (IR)/TrueFidelity™ (GE 
Healthcare, Illinois, USA10). With the associated advantages of  
these technologies, it is expected that AI will continue to enhance 
current reconstruction methods and improve the workflow of  
clinical CT imaging. 

 The primary purpose of  this literature review is to ex-
amine the use of  AI-based algorithms in CT reconstruction and 
its effectiveness in improving the diagnostic image quality of  low-
dose images. The secondary aims are to provide an overview of  
the weaknesses of  current CT reconstruction methods, namely 
filtered back-projection and iterative reconstruction, and discuss 
how machine learning and deep learning algorithms can overcome 
these limitations.

BACKGROUND

In order to understand the rationale for the use of  AI in CT image 
reconstruction, it is essential to first comprehend the fundamental 
principles of  AI and its subsets of  machine learning (ML) and 
DL. Artificial intelligence refers to a field within computer science 
whereby an artificial system can mimic human behaviour such as 
cognitive functions associated with learning capabilities and prob-
lem-solving skills.11,12 More recently, advances in both imaging and 
computers have led to the rapid use of  AI in a variety of  different 
radiological applications including characterisation and monitoring 
of  diseases.13

 Machine learning is a subset of  AI which involves the 
analysis of  complex data sets to learn and find patterns in order 
to classify categories or predict future conditions without being 

explicitly programmed.11,12,14,15 ML can be further categorised into 
supervised and unsupervised learning. In supervised learning,  the 
computer is trained with a dataset that is labelled with ground truth 
annotations from which the algorithm learns.11,12,14-16 This model 
involves a mathematical relationship between the input data and 
the labelled outputs, and a predictive model that is validated us-
ing unseen test data. Supervised learning is commonly used in two 
tasks, specifically classification and regression. In classification, the 
output data is a discrete categorical number whereas in regression, 
the output data is a continuous numerical value.15,16 In contrast, 
the algorithm in unsupervised learning learns from unlabelled 
data which infers an unknown outcome.11,12,14-16 This commonly 
involves clustering, principal component analysis, and generative 
adversarial networks (GANs).15,16

 Deep learning is a subset of  machine learning that has 
gained popularity amongst many researchers in recent years. It 
involves algorithms which contain multiple hidden layers to as-
sess and learn complex patterns within the raw input data.11-13,17 
One approach of  DL involves an artificial neural network (ANN), 
which consists of  layers with interconnecting nodes including an 
input layer, a hidden layer responsible for training, and an output 
layer (Figure 1).16 During training of  the ANN, the value of  the 
nodes are updated by parameterising weights through learning al-
gorithms such as back propagation. By iterating the back propaga-
tion through the network, optimised weights for each node will 
reduce losses and the accuracy of  the ANN components will be 
improved.15,16 More recently, ANN has been expanded into deep 
neural networks (DNN) which incorporates many stacked hidden 
layers with connecting nodes between the input and output layers. 
The additional stacked layers have the ability to solve more com-
plex problems by producing simple decisions between the layers. 
However, despite largely exhibiting improved performance in pre-
diction tasks such as classification and regression, the added layers 
can cause issues, specifically the vanishing gradient problem and 
increased computational demand.15,16

 Possibly the most well-known DL architecture is the con-
volutional neural network (CNN). A CNN comprises a series of  

Figure 1.  Overview of Artificial Neural Network (ANN)

A: In a node, the input value has associated weights, biases, and activation functions. 
This transforms the node resulting in a different output value, which is then transmit-
ted to the next node where it acts as the input value. B: ANN architecture involving 
multiple input, hidden, and output layers comprising of multiple nodes (Reproduced 
under Creative Commons License).16 
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convolution, pooling, and fully connecting layers (Figure 2).11,13,15-17 

The main role of  the convolution layer is to recognise and identify 
patterns in the image. Between the convolution layers are pooling 
layers which generally extracts the maximum value of  the input 
layer to reduce the size of  feature maps and minimise overfitting 
problems and computational load. These layers are then followed 
by fully connected layers which combine all activations from the 
previous layers before an output layer finally provides a predic-
tion.15-17

 Artificial intelligence, particularly deep learning, has been 
employed in various medical imaging tasks such as characterisation 
and monitoring of  diseases. However, with the increasing need for 
radiation dose reductions in CT imaging, the use of  AI in CT im-
age reconstruction is now a growing area of  interest among re-
searchers.

METHODS

An initial search of  the databases Scopus, Ovid MEDLINE, and 
PubMed was performed for literature published from 2016 to 
2020. Only articles that were published within the last four years 
were included as CT and AI is a quickly evolving area. The search 
strategy involved keywords which were “artificial intelligence 
(AI)”, “computed tomography (CT)”, “image reconstruction”, 
“deep learning (DL)”, and “machine learning (ML)”. A subsequent 
search of  various well-known journals such as Radiology, Euro-
pean Journal of  Radiology, Journal of  the American College of  
Radiology, European Radiology, and IEEE Transactions on Medi-
cal Imaging was performed to collect additional information on 
other CT reconstruction techniques such as FBP and IR. The ini-
tial search results were screened and assessed for relevance where 
articles were excluded if  they were not obtainable from the data-
bases or were not available in English. Literature that was included 
in this review either provided general information regarding AI, IR 
and FBP image reconstruction techniques or were experimental 
studies that measured the effects of  AI-based algorithms on image 
reconstruction. 

RESULTS AND DISCUSSION

For the purpose of  this review, it is essential to first comprehend 
the current CT image reconstruction algorithms and its associated 
limitations, so as to recognise the need for prospective develop-
ments in image reconstruction methods such as the use of  artifi-
cial intelligence. Various articles provided an overview of  the basic 
principles and limitations of  the FBP and IR reconstruction tech-
niques.3,4,18-30

COMPUTED TOMOGRAPHY RECONSTRUCTION
TECHNIQUES

For decades, FBP was the standard image reconstruction method 
until 2009 when IR techniques were clinically introduced.3 Within 
a few years, IR methods had quickly progressed into advanced re-
construction algorithms that are still in use today. However, limita-
tions of  current reconstruction techniques still exist, providing a 
rationale for future developments in CT image reconstruction.  

Filtered Back Projection

The conventional FBP process involves two main elements: a 
convolution filter and back-projection. After obtaining the mea-
sured projection data, a high-pass filter is applied prior to the linear 
transformation of  the projection data into image space by back-
projection.4 This process is repeated with the X-ray source at dif-
ferent angles until the full image has been reconstructed.18 The use 
of  a high-pass kernel is necessary in order to compensate for the 
effect of  blurring that occurs due to the imbalance between the 
number of  projections passing through the centre and periphery 
of  an object.4,18 Utilising a convolution filter reduces the blur and 
therefore improves the spatial resolution or overall sharpness of  
the image.4,18

 Despite these short reconstruction times and requiring 
limited computational power, the FBP reconstruction process has 
various limitations.4 In particular, at reduced doses, FBP is associ-
ated with higher image noise and streaking artefacts due to math-
ematical assumptions made by the CT system.3,20 These approxi-
mations include: hardware details such as an infinitely small focal 
spot size; a pencil-beam X-ray geometry; active detector elements, 
and X-ray photon statistics such as the poisson distribution.4,19 
Additionally, with larger body sizes, photon starvation occurs at 
low doses resulting in an increase in the susceptibility to artefacts. 
Hence, with the increasing prevalence of  obesity, the image quality 
of  FBP reconstructed images is significantly reduced. As a result 
of  these limitations, IR methods were introduced in order to pro-
duce higher quality images at lower radiation doses.3,4

Iterative Reconstruction

IR algorithms provide advantages over FBP, and therefore it is es-
sential to first understand the principles of  this technique. Iterative 
reconstruction algorithms consist of  three key steps which first 
begins with a forward projection of  the initial object estimate (de-
rived from the measured projection data) to generate the synthetic 

Figure 2.  Overview of a Convolutional Neural Network (CNN)

A: The convolutional layer is constructed by convolving the input layer by a kernel.
B: The max-pooling layer is required to reduce the spatial footprint size and is 
obtained by extracting the maximum values from a windowed area of the input 
layer. C: CNN architecture comprising a sequence of convolutional, pooling, and 
fully connected layers (Reproduced under Creative Commons License).16
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projection data. In the second step, a comparison of  the artificial 
raw data with the measured projection data is made to calculate 
a correction term and lastly through back-projection, the correc-
tion term is applied to update the current object estimate. This 
process is iteratively repeated until a predefined stopping criterion 
in the object estimate is met or a fixed number of  iterations is 
reached.4,18,20,21

 Iterative reconstruction algorithms can be classified into 
two main categories including statistical (hybrid) and model-base 
diterative methods. Statistical IR methods, also known as hybrid 
algorithms combine analytical and iterative techniques in differ-
ent sequences which either involve the sinogram domain or image 
domain. In the sinogram, or raw data domain, an edge-preserving 
denoising algorithm is utilised on the raw projection data in order 
to minimise image noise and streaking artefacts that would occur 
without modification.4,18,20 Similarly, image domain algorithms seek 
to reduce image noise whilst preserving depiction of  fine anatomi-
cal and low-contrast structures.4,20

 Model-based IR (MBIR) algorithms implement models 
of  the acquisition process, image statistics, or system geometry. In 
general, the more accurate the model to the process, the better the 
synthetic image can be matched to the raw data and hence lead to 
improved image quality of  the reconstruction. In order to reduce 
computational complexity and time in MBIR methods, iterative fil-
tration in the sinogram and image domain can be used to reduce 
the number of  iterative projection steps to assist in quicker recon-
struction times.4,20,21

Current Examples of Iterative Reconstruction Algorithms

Currently, all major CT vendors have introduced advanced IR algo-
rithms for clinical use in attempt to enable low-dose CT (LDCT) 
whilst maintaining high image quality. In 2009, Siemens Health-
ineers was the first vendor to receive FDA clearance for an IR 
algorithm known as iterative reconstruction in image space (IRIS).3 

In the subsequent years, other major vendors such as GE Health-
care, Philips Healthcare, and Canon Healthcare obtained FDA 
approval for different types of  advanced IR algorithms. These 
techniques can be classified into two categories, namely algorithms 
that are of  image post-processing nature (AIDR3D, IRIS, iDose4, 
ASIR) and algorithms which can perform one or more iterations 
through the raw data domain (ASIR-V, Veo, SAFIRE, ADMIRE, 
IMR, FIRST).22 All CT vendors differ in their approach with the 
IR process, for example whether they are hybrid-based or model-
based algorithms. However, they all share a common goal aiming 
for improved noise and artefact reduction with lower reconstruc-
tion times in order to enable reduced radiation doses with high 
diagnostic quality.3,19 A summary of  the key features from the cur-
rent leading IR algorithms offered by major CT vendors is outlined 
in Table 1.3

Advantages and Limitations of Iterative Reconstruction

Several studies have identified the advantages of  IR and its ability 
to solve limitations inherent to FBP.23-28 For example, the perfor-
mance in FBP is challenged when reducing the radiation dose due 
to the mathematical assumptions made by the CT system, however 
with repeated iterations, a more accurate estimate of  the assump-
tions can be made to create images with decreased noise levels and 
reduced susceptibility to artefacts.4,19,20 Therefore, in comparison 
to FBP, IR offers improved image quality with noise and artefact 
reduction and hence greater potential for lowering radiation dos-
es.3,4,20

 Despite the effectiveness of  IR methods in enhancing the 
diagnostic quality of  images at reduced radiation doses, limitations 
still exist. The main weakness of  IR algorithms is the increased 
computational demand and associated slower reconstruction 
times, particularly for model-based algorithms.4,20 Furthermore, 
several studies have found that IR techniques are subject to the risk 
of  over smoothing images in addition to reports of  unfamiliar im-
age textures such as a “blocky” or “pixelated” appearance around 
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Table 1. Current Leading Iterative Reconstruction Algorithms from the Major CT Vendors3

CT Vendor Algorithm 
Name Type Year of FDA 

Clearance
Reconstruction 

Speed
Noise 

Reduction
Artefact 

Reduction

GE Healthcare
ASIR Hybrid 2011 Average Strong Average

Veo Model-based 2011 Minimal Very strong Strong

Philips Healthcare

ASIR-V Hybrid 2014 Average Strong Average

iDose4 Hybrid 2012 Average Strong Average

IMR Model-based 2013 Minimal Very strong Strong

Siemens Health-
ineers

IRIS Hybrid (image domain) 2009 Fast Average Minimal

SAFIRE Hybrid 2011 Average Strong Average

ADMIRE Model-based 2012 Minimal Very strong Strong

Canon Health-
care

AIDR3D Hybrid 2012 Average Strong Average

FIRST Model-based 2016 Minimal Very strong Strong

ASIR: Adaptive statistical image reconstruction; MBIR: Model-based iterative reconstruction; IMR: Iterative model reconstruction; 
IRIS: Iterative reconstruction in image space; SAFIRE: Sinogram-affirmed iterative reconstruction; ADMIRE: Advanced modelled 
iterative reconstruction; AIDR3D: Adaptive iterative dose reduction 3D; FIRST: Forward projection model-based iterative 
reconstruction solution
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tissue margins.4,18,19,29,30 Relative to these limitations, AI has shown 
great potential in further improving the reconstruction of  CT im-
ages.

THE USE OF ARTIFICIAL INTELLIGENCE IN COMPUTED
TOMOGRAPHY IMAGE RECONSTRUCTION

There has been an increasing need for radiation dose reductions 
in CT, however, with the FBP reconstruction method, this results 
in a trade-off  with increased noise levels and lower image qual-
ity. Although IR methods are effective in solving the weaknesses 
of  FBP, limitations still arise. Relative to this, artificial intelligence 
has the potential to overcome the limitations of  both FBP and IR 
reconstruction techniques and further reduce radiation dose levels 
whilst simultaneously achieving high-quality images. 

Application of Artificial Intelligence in Enhancing Image Quality

In recent years, several deep learning-based algorithms have been 
proposed to enhance image quality in low dose CT images.5,6,31-37 
In particular, image noise and artefact susceptibility can be re-
duced, and structures can be preserved. Chen et al31 proposed the 
concept of  a residual encoder-decoder CNN (RED-CNN) which 
combined a deconvolutional network, autoencoder, and shortcut 
connections to achieve LDCT imaging. To validate the perfor-
mance of  the RED-CNN, a dataset of  quarter-dose images from 
the 2016 low-dose CT Grand Challenge was used and comparisons 
in the root mean square error (RMSE), peak signal-to-noise ratio 
(PSNR), and structural similarity index (SSIM) were made against 
five other competing methods. The results demonstrated that the 
proposed network was highly successful in detail preservation and 
noise and artefact suppression compared to the other methods.

 Cong et al32 proposed an algorithm to accurately match 
the linear integral model at a target energy level, realise monochro-
matic imaging, and eliminate beam hardening artefacts. The algo-
rithm was trained using a dataset consisting of  dual-energy CT 
images of  the abdomen and performance was tested by inputting 
conventional CT images into the network to produce corrected 
projection data. Comparisons were then made between the recon-
structed and ground truth images. The results showed that their-
method has the potential to achieve high accuracy in correcting the 
projection data with a relative error of  less than 0.2%, indicating its 
effectiveness in improving image quality through monochromatic 
image reconstruction.

 Gu et al6 and Han et al34 both proposed a multi-scale deep 
residual learning architecture for limited-angle CT reconstruction 
to eliminate artefacts and preserve structures. Gu and Ye created 
the algorithm within the wavelet domain, whereas Han et al. devel-
oped the network based on a persistent homology analysis. Results 
showed that the network proposed by Gu and Ye was successful in 
achieving improved and clear reconstruction with artefact reduc-
tion and edge preservation compared to other methods. In terms 
of  quantitative analysis, the proposed network attained the highest 
PSNR and SSIM, and the lowest NRMSE. Assessments for the 
performance of  the algorithm proposed by Han et al also showed 

improvements in image reconstruction quality, being most effec-
tive in removing streaking artefacts and reducing computational 
speeds. As for numerical analysis, the network outperformed other 
methods in PSNR. However, this paper could potentially be im-
proved by using more comparative quantitative metrics such as the 
SSIM or normalised RMSE like in Gu et al.
 
Application of Artificial Intelligence in Optimising IR Methods

Besides improving the image quality, AI can be implemented to 
optimise IR algorithms.7,8,38 Wu et al8 developed an IR method 
based on priors learned by a k-sparse autoencoder. The algorithm 
was applied to datasets containing abdominal and chest CT im-
ages acquired at different radiation doses. When compared against 
other widely used priors in terms of  SSIM and CNR, the results 
showed the proposed network to be more successful in noise sup-
pression and structure preservation for quarter-dose data and up 
to 1/6th of  the regular dose. 

 Another study conducted by Ahn et al7 proposed the 
use of  a deep learning IR method involving a synthetic sinogram-
based noise simulation approach to denoise CT images. The first 
step in training the CNN involved decomposing a noisy sinogram 
and a noise sinogram to obtain the noise pattern in the sinogram 
domain. Secondly, the CNN was trained to learn the noise pattern 
in a supervised manner. Lastly for the test phase, LDCT image 
denoising was performed by subtracting the noise CT image from 
the simulated LDCT image to produce a deep IR image. When 
comparing the LDCT image to the denoised image, quantitative 
results demonstrated an improvement in the SSIM and PSNR and 
qualitative results showed that the noise level was reduced by ap-
proximately 56%. 

 Another approach to optimising IR methods was devel-
oped by Ziabari et al38 who developed a fast reconstruction algo-
rithm using deep learning to approximate model-based IR (DL-
MBIR). In addition, they suggested 2D, 2.5D, and 3D variations 
of  their DL-MBIR method. When their methods were applied to 
clinical datasets, the results demonstrated that the 2.5D DL-MBIR 
method offered image quality comparable or even better than fully 
3D processing with significantly reduced computational cost, in-
dicating the effectiveness of  using a 2.5D deep CNN to optimise 
MBIR techniques. 

 Overall, machine learning and deep learning approaches 
have shown great potential in optimising CT image reconstruction, 
producing promising improvements in image quality and recon-
struction times. Table 2 summarises various AI-based CT image 
reconstruction proposals made by many researchers and their ap-
proach in improving and optimising existing reconstruction meth-
ods. Currently, the U.S. FDA have approved two AI-based image 
reconstruction technologies that are now in clinical use.

CURRENT ARTIFICIAL INTELLIGENCE - BASED COMPUTED 
TOMOGRAPHY IMAGE RECONSTRUCTION
TECHNOLOGIES 

At present, two manufacturers – GE Healthcare and Canon Medi-
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cal Systems, have received 510(k) clearance by the U.S. FDA for AI-
based CT image reconstruction technologies. Compared to current 
reconstruction methods such as FBP and IR, deep learning-based 
image reconstruction systemsare able to achieve improved image 
quality without compromising on dose performance.

Deep Learning Image Reconstruction/TrueFidelity Computed
Tomography Images – GE Healthcare

GE Healthcare was the first CT vendor to obtain U.S. FDA clear-
ance for a deep learning image reconstruction (DLIR) technology 
in April 2019. The DLIR system utilises a deep neural network to 
generate high quality TrueFidelity™ CT images on their Revolu-
tion Apex CT scanner. The main goal of  the DLIR engine was 
to outperform existing CT reconstruction techniques, specifically 
MBIR methods, in terms of  dose performance, image quality, and 
reconstruction speed.39

 To achieve this goal, the system was designed by embed-
ding many layers of  mathematical equations and technical knowl-
edge within a DNN. In the training phase, supervised training was 
performed which involved inputting low dose raw data through the 
DNN and comparing the output image to a ground-truth image 
which was a high dose version of  the same data. Comparisons of  
various parameters such as image noise, noise texture, and low-
contrast detectability were made between the low dose and high 
dose versions of  the images. Subsequently, the differences between 

the images were reported to the DNN network via backpropaga-
tion, which was then adjusted to minimise the differences between 
the images. This training process was then repeated on thousands 
of  training datasets until there was accuracy between the output 
and ground-truth images. Following the training process came ex-
tensive testing whereby the DLIR system was tested to reconstruct 
many advanced clinical and phantom cases that were not used in 
the training dataset to ensure its accuracy and robustness.39

 In clinical practice, the acquired scan data goes through 
the DNN-based DLIR engine to generate ground-truth equiva-
lent images, commercially known as TrueFidelity™ CT images. One 
feature of  the DLIR engine is that without affecting the recon-
struction speed, three reconstruction strength levels (low, medium, 
high) can be selected to manage the amount of  noise reduction. 
Assessments of  the DLIR system performance was compared 
against FBP and ASIR-V reconstruction methods. The results 
demonstrated improved noise reduction efficiency, a noise texture 
similar to that of  high dose FBP, increased contrast-to-noise ratio 
(CNR), and enhanced low-contrast detectability.39

 The resultant TrueFidelity™ CT images evidently improve 
the image quality compared to FBP and IR image reconstruction 
methods. Furthermore, it carries great potential for obtaining CT 
images at reduced dose levels whilst maintaining high diagnostic 
image quality, which previously limited other CT reconstruction 
techniques in areas such as low-dose imaging. 

35 Systematic Review | Volume 4 | Issue 2|

Table 2. Summary of Several AI-based CT Image Reconstruction Proposals

References Year Purpose Proposal

Han et al34 2016
Artefact reduction 
Structure preservation 
Faster computational speeds

Deep residual learning architecture for sparse-view CT reconstruction 
based on a persistent homology analysis to remove streaking artefacts 
and achieve faster computational speeds

Chen et al31 2017
Noise suppression 
Artefact reduction 
Structure preservation

Combining the autoencoder, deconvolution network, and shortcut 
connections into the residual encoder-decoder convolutional neural 
network (RED-CNN) for low-dose CT imaging

Chen et al36 2017
Noise suppression 
Artefact reduction 
Structure preservation

Deep CNN to map low-dose CT towards routine-dose CT in a patch-
by-patch manner

Cong et al32 2017 Artefact reduction
Deep learning-based reconstruction method to learn an accurate linear 
integral approach, realise monochromatic imaging, and overcome beam 
hardening artefacts

Du et al37 2017
Noise suppression 
Structure preservation

Deep network architecture known as stacked competitive network 
(SCN) which comprises several competitive blocks to introduce a 
multi-scale processing mechanism to further improve the ability of the 
traditional CNN in suppressing noise and preserving structures

Gu et al6 2017 Artefact reduction 
Structure preservation

A multi-scale wavelet-domain residual learning network for limited-angle 
CT reconstruction to eliminate artefacts and preserve edges

Kang et al33 2017 Noise suppression Deep CNN using directional wavelets to detect and remove noise 
patterns in low-dose CT images

Wolterink et al35 2017 Noise suppression Training a CNN together with an adversarial CNN to estimate routine 
dose from low-dose CT images and hence suppress noise

Wu et al8 2017
Optimise IR methods 
Noise suppression 
Structure preservation

Iterative low-dose CT reconstruction with k-sparse autoencoders 
(KSAE) trained by artificial neural network

Ahn et al7 2018 Optimise IR methods 
Noise suppression 

Deep learning IR approach involving a synthetic sinogram-based noise 
simulation approach for training of convolutional neural network 
(CNN) to denoise and improve image quality

Yi et al5 2018 Noise suppression Applying a sharpness-aware general adversarial network (GAN) to the 
task of denoising

Ziabari et al38 2018 Optimise IR methods Fast reconstruction algorithm using deep learning to approximate 
model-based IR (DL-MBIR)
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Advanced intelligence Clear-IQ Engine Deep Learning 
Reconstruction–Canon Medical Systems 

Canon Medical Systems was the second vendor to receive FDA 
clearance for a deep learning reconstruction (DLR) technology 
commercially known as AiCE (advanced intelligence clear-IQ en-
gine). In June 2019, the FDA cleared AiCE for their Aquilion One 
CT scanner, shortly followed by clearance for the Aquilion Preci-
sion system in July 2019, and finally the most recent approval was 
obtained in February 2020 for the Aquilion Prime SP system. The 
AiCE engine utilises a deep convolutional neural network to create 
an algorithm that redefines a balance between high image quality, 
reconstruction speed, and dose.40

 To achieve this, the deep CNN was fitted with a math-
ematical loss function that determines any errors between the gold 
standard reference image and the output image. In this case, the 
reference image was obtained with a high tube current and was re-
constructed using MBIR. When comparing the error between the 
output and reference image, any errors were reported through the 
network where the weights of  the nodes were adjusted in order to 
correct for the disparities. This process of  input-forward and back 
propagation was repeated until the network could accurately match 
the output image to that of  the gold standard. In order to optimise 
the accuracy and robustness of  AiCE, the training set consisted of  
millions of  image pairs which contained low quality data sets, so 
that AiCE could learn how to generate high quality images from 
low quality images whilst maintaining and preserving the signal and 
spatial resolution. In the validation phase, only low quality datasets 
that were not included during training were utilised to ensure AiCE 
could reconstruct high quality images based on what it had learned. 
This was to reduce overfitting issues and ensure that the algorithm 
could be widely applicable to clinical practice.40

 The AiCE reconstruction process first begins in the sino-
gram domain where AiCE analyses the raw data and makes modifi-
cations. In the projection domain, these modifications improve the 
signal-to-noise ratio (SNR) and reduces artefacts. The input layer, 
which is generated from reconstructing the raw data, is then fed 
into the deep CNN where it is analysed by many hidden convolu-
tional layers. Subsequently, the output of  the convolutional layer 
is fed into a fully connected layer which combines the activations 
from all the previous layers to determine which node responses 
will pass to the next layer of  the network. After passing through 
all the hidden layers of  the AiCE deep CNN, a signal image which 
separates the noise from the signal, is generated for the user.40

 Evaluations were made for the performance of  AiCE 
DLR in studies of  workflow efficiency, low-contrast detectability, 
noise texture, and spatial resolution. The results demonstrated that 
AiCE features an image noise texture similar to that of  FBP, fast-
er reconstruction times, and improved low-contrast detectability, 
noise, and spatial resolution relative to hybrid IR.40

 The resultant AiCE images undoubtedly demonstrate the 
effectiveness of  the DLR engine in enhancing spatial resolution 
and low-contrast detectability whilst simultaneously suppressing 
noise. With reconstruction speeds fast enough for routine clini-

cal use, AiCE seemingly surpasses previous image reconstruction 
algorithms, enabling high quality CT images at reduced doses.40

 Overall, it is evident that the current commercial deep 
learning-based CT systems have shown considerable benefits and 
improvements in terms of  image quality which therefore enables 
further dose reductions. Table 3 outlines the key features of  both 
GE Healthcare’s TrueFidelity™ DLIR engine and Canon Medical 
System’s AiCE DLR system.

CONCLUSION

Artificial intelligence has been successfully integrated in radiologic 
tasks such as image recognition, segmentation, and classification. 
However, this has now been applied to the area of  CT image re-
construction as the use of  current image reconstruction techniques 
limits the amount of  dose reduction possible without degrading 
the quality of  the image. Therefore, the use of  AI is believed to be 
the next generation image reconstruction option as current FDA-
approved technologies have already shown favourable benefits that 
have markedly impacted healthcare. With further advances, it is ex-
pected that AI algorithms will continue to proliferate and not only 
improve the workflow of  CT image reconstruction, but also enable 
significant reductions in the radiation dose delivered to the patient.
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Purpose
This study analysed the sensitivity of  the field size from variations in the target volume dimensions, depth, and position. The varia-
tions in the target volume analysis were used to determine the width of  the field size. Thus, the quality control of  the radiation 
beam can be obtained.
Materials and Methods
The computed tomography (CT) image of  the IBA Dose 1 type of  water phantom consists of  350 slices. Variations in the di-
mension of  the target volume were modelled in 10×10×10 cm3, 10×12×10 cm3, 10.2×10×10.2 cm3, and 15×15×15 cm3. Beam 
parameters use one beam of  irradiation on the central axis 0°, 6 MV energy, 100 cm source-skin distance (SSD), beamlet delta x, 
and y set to 0.1 cm. Dose distribution in the form of  the XZ isodose curve and dose profile was used to observe the field size.
Results
In this study, the isodose curve was successfully displayed in the XZ isodose curve. The field size’s sensitivity has been successfully 
reviewed from variations of  the target volume, depth, and position. The target X and Z direction analysis is used in determining 
the width and length of  the field size.
Conclusion
The analysis related to the field size sensitivity study was obtained from a relatively valid calculation. The field size was evaluated 
with variations in depth of  1.5 cm, 5 cm, 10 cm, and variations in positions of  10 cm, 12 cm, 14 cm, 18 cm, and 20 cm. This study 
will be used as a reference to validate the distribution of  computational environment for radiotherapy research (CERR) dose in 
the future. Thus, the accuracy of  the dose calculation can be obtained.

Keywords
2D Dose Distribution; Sensitivity; Quality control; Treatment planning system; Radiation therapy dosimetry.

INTRODUCTION

Radiotherapy is one form of  radiation therapy applications. 
Therefore, treatment planning in radiotherapy aims to pro-

duce a uniform dose distribution to the target volume and mini-
mize doses beyond the target volume.1,2 Some parameters that 
need to be regulated are the number of  radiation beams, the radia-

tion direction, the field size used, and the radiation’s beam weight.3 

 A technique known as intensity modulated radiation ther-
apy (IMRT) allows a three dimensional (3D) dose distribution de-
livered to the patient.4 Photon fluency is modulated in such a way 
as using the multi-leaf  collimator (MLC). MLC can work continu-
ously and alternately form radiation exposure fields in either regu-
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lar or irregular forms.5,6 MLC is used to block or allow radiation to 
create a beam field size according to the tumor’s shape. Thus, this 
radiation therapy (RT) method has improved patient positioning 
accuracy and has led to a technique of  limiting tumor movement 
during treatment.7

 In IMRT optimization, it is essential to note the confor-
mation between the level of  accuracy and efficiency of  the dose 
calculation speed. Different dosage calculation algorithms based 
on the IMRT technique are produced, including pencil beam (PB), 
Monte Carlo, and superposition/convolution. A dose calculation 
algorithm using the pencil beam kernel method with a semi-analyt-
ical approach has been developed.8-13 However, the problem faced 
is the efficiency of  the dose calculation speed takes longer when 
the method is implemented in computers for clinical use. Thus, 
the dosage calculation algorithm using the IMRT technique was 
developed by Zakarian, referring to the PB dose kernel deposi-
tion pattern approach proposed by Ahnesjo et al.8 The algorithm 
is quadrant infinite beam (QIB). QIB refers to the matrix analysis 
that adequately represents the dose contribution of  the four beam 
quadrants.14 The QIB algorithm is implemented in TPS software, 
namely computational environment for radiotherapy research 
(CERR), which aims to benefit research in radiation oncology 
treatment planning in the academic settings.15

 There are many studies related to CERR used to ana-

lyze treatment planning systems and dose distribution. First, the 
dose distribution effect was observed in each case using five beams 
with the same distance. The best fluency map for IMRT proce-
dures was identified to solve the optimization problem with the 
quadratic objective function. The optimal solution is obtained by 
the applied gradient method with a projection operation. Experi-
ments from numerical simulations were carried out in the case of  
head and neck prostate. Two patient samples were taken for each 
case.7 Second, Craft developed and compared the radiation treat-
ment optimization-planning algorithm. A collection of  common 
optimization for radiation (CORT) datasets is provided for pros-
tate, liver, head and neck cases the standard phantoms in the IMRT 
technique. The influence-dose matrix is the main form needed for 
optimization, in the form of  a dose for each patient’s voxel from 
each pencil beam.4 In addition, Rahma has validated the QIB algo-
rithm in the planning of  nasopharyngeal cancer IMRT. In addition 
to the differences in the objects being studied, the dose distribu-
tion analysis was carried out by evaluating the dose volume histo-
gram (DVH) curve and the dose colorwash.16

 In this study, CERR was used to analyze the treatment 
planning system and dose distribution for water phantom cases. 
CERR has various analyses of  dose distribution, which is displayed 
on 3D dose distribution, namely DVH, 2D dose distribution con-
sisting of  XY isodose curve, 1D dose distribution in the form of  

Figure 1.  The Flowchart of Analysis the Sensitivity of the Field Size from Variations in the Target Volume Dimensions, 
Depth, and Position Based on 2D Dose Distribution
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percentage depth dose (PDD), and dose profile analysis. The nov-
elty described by the author is the 2D dose distribution analysis is 
shown in the form of  an XZ isodose curve. The variations in the 
target volume size, depth, and position were used to analyze the 
dose distribution produced by CERR. This study is focused on the 
dose distribution analysis of  the target volume shape alteration in 
determining the width of  the field size. Thus, the purpose of  this 
study specifically was to provide insight to be reviewed the field 
size sensitivity from variations in the target volume size, depth, 
and position, to determine the width of  the field size that will con-
tribute to the radiation beam quality control in treatment planning. 
In the future, this study will be used as a reference to validate the 
distribution of  CERR dose. Thus, the accuracy of  the dose calcu-
lation can be obtained (Figure 1).

MATERIAL AND METHODS

Material

In this study, IBA dose 1 water phantom image data were used, 
consist of  350 slices digital imaging and communications in medi-
cine (DICOM) format. The dimensions of  the water phantom are 
40×35×35 cm3.

Methods

Determination of input parameters for computational 
environment for radiotherapy research: First, water phantom im-
ages with DICOM format are imported into CERR and stored in 
planC data. Then, the water phantom image is reviewed by CERR, 

Figure 2. (a) Illustration of Contouring Target Volume Design in Water Phantom (b) Beam Radiation for Variation Depth and Position 

(a)

(b)
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the target volume size modelled with dimensions 10×10×10 cm3, 
10×12×10 cm3, 10.2×10×10.2 cm3, and 15×15×15 cm3, respec-
tively. The isocenter is located on the 175th slice. If  the target vol-
ume thickness is set to 10 cm, then the target was contoured from 
the 125th slice to the 225th slice. The depth variations were set at 10 
cm, 5 cm, and 1.5 cm from the surface. The design of  the water 
phantom, and contouring target was shown in Figure 2.

 For the next step, the planning was processed based on 
the IMRT technique. The beam parameters used 6 MV energy, 
SSD 100 cm, beamlet deltax and y set at 0.1 cm for water phan-
tom,15 also one gantry angle at the central axis of  the beam 0º. The 
dose calculation in the central axis is essential to review.17 These 
parameters were chosen to observe the dose distribution along the 
central axis of  the beam easier. 

Analysis of computational environment for radiotherapy 
research dose distribution: The analysis of  CERR dose distribu-
tion consists of  the XZ isodose curve and dose profile. The XZ 
isodose curve indicates the field size. In Figure 2, the width of  the 
target X-direction and the length of  the target Z-direction analysis 
is used in determining the width and length of  the field size. The 
field size is automatically formed from the variation target volume, 
which modelled 10×10×10 cm3, 10.2×10×10.2 cm3, 15×15×15 
cm3 with at 10 cm, 5 cm, and 1.5 cm depths and a 10×12×10 

cm3 at 10 cm depth from the surface. The XZ isodose curve is 
displayed as the dose distribution in each pixel. Thus, it is neces-
sary to convert pixel units into cm units using simple mathematical 
equations as follows. 

 The calculated dose profile was obtained from the dose 
distribution at the 256th pixel on the x-axis and each depth point 
along the y-axis. The dose distributions were then analysed 10 cm, 
12 cm, 14 cm, and 16 cm, 18 cm, and 20 cm positions. The dose 
profile was used to compare data and justify the results of  the XZ 
isodose curve analysis to determine the width of  the field size. The 
dose profiles were also analysed for each depth and slice position 
of  the target volume.

RESULTS

Determination of Input Parameters for Computational 
Environment for Radiotherapy Research

From the contouring and planning results on the modelled target 

42 Original Research | Volume 4 | Issue 2|

Figure 3. Dose Distribution of XZ isodose Curve for Larget Volume with Dimension 10×10×10 cm3 
(a) 10×12×10 cm3 (b) depth (y=10 cm) and Position of 10 cm

(a)

(b)

             (range pixel volume target)
Field size (cm)=               ×dimension of  CT
     (count total pixels)        image (cm) (1)
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volume, which is based on the IMRT CERR technique, the input 
parameter is determined as a dose distribution for variations in 
10×10 cm2, 10.2×10.2 cm2, and 15×15 cm2 field size. The dose 
distribution in the target volume and organ at risk (OAR) were 
obtained in a 512×512×350-size dose matrix. 

 In this study, the results of  CERR doses distribution 
analysis were successfully displayed in the XZ isodose curves and 
dose profiles, which are presented in Figure 3 and Figure 4. The 
XZ isodose curves for modelled targets were presented in Figures 
3(a) and 3(b). The analysis of  the dose was obtained from equation 
(III.2). The goal is to convert pixel size into cm unit so that the 
field size can be accurately quantized in cm unit. If  the slice posi-
tion is 10 cm, then the field size in X and Z axes obtained is:

   ((304-204)  pixel)
Field size X-direction(cm)=               ×50 cm=9.76 cm
        (512 pixel)

   ((228-122)  pixel)
Field size Z-direction(cm)=               ×50 cm=10.35 cm
        (512 pixel)

 The analysis was applied for 12 cm, 14 cm, 16 cm, 18 
cm, and 20 cm depths. The dose distribution will decrease with 
increasing depth from the observed position.18 The observed posi-
tion’s depth was relevant to the phantom scattering, especially in 
the areas near the field size edge (penumbra region).17 The pen-
umbra region usually receives doses between 80% and 20% of  the 

43Original Research | Volume 4 | Issue 2|

Figure 4.  Comparison Beam Profile for Variation Field Size of 10×10 cm2, 10.2×10.2 cm2, 15×15 cm2, energy 6 MV, SSD 100 cm, Variation in the Target (a) Volume 
in Depth 10 cm with Variation Position of 10 cm, 14 cm, 20 cm, (b) Depth Variation of 1, 5 cm, 5 cm, 10 cm with Variation Position 10 cm, (c) 14 cm, (d) 20 cm

(d)

(a) (b)

(c)

Table 1. Comparison of XZ isodose Curve for Variation in the Target Volume with Variation in Position Observed

Depth
(cm)

Variation 
in position

(cm)

XZ isodose

(10x10x10 cm3) (10x12x10 cm3) (10.2x10x10.2 cm3) (15x15x15 cm3)

X
(cm)

Z
(cm)

X
(cm)

Z
(cm)

X
(cm)

Z
(cm)

X
(cm)

Z
(cm)

10

10 9,76 10,35 9,76 10,35 9,85 10,45 14,76 15,25

12 9,86 10,64 9,86 10,64 9,96 10,75 14,86 15,54

14 9,96 10,74 9,96 10,74 10,06 10,85 14,96 15,64

16 10,05 10,83 10,05 10,83 10,15 10,94 15,05 15,75

18 10,15 10,93 10,15 10,93 10,25 11,04 15,15 15,84

20 10,25 11,13 10,25 11,13 10,35 11,24 15,25 16,04
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beam central axis.18 The XZ isodose curve was used to determine 
the field size of  the X-direction and Z-direction. The XZ isodose 
curve size was relevant to the depth of  the observed position. 
Therefore, the results sensitivity analysis of  the field size from 
variations in the target volume dimensions, position, and depth 
10 cm were reviewed from analysis of  the XZ isodose curve in 
Table 1. If  the target volume variation and position increased, the 
phantom scattering also increased the field size of  the X-direction 
and Z-direction was increased. The sensitivity of  the field size of  
10×10 cm2 and 15×15cm2 was successfully evaluated with the tar-
get volume 10×10×10 cm3, 10×12×10cm3, dan, and 15×15×15 
cm3 position variations 10 cm, 12 cm, 14 cm, 16 cm, 18 cm, 20 
cm in depth 10 cm. If  the target volume increased 10.2×10×10.2 
cm3, the field size increase width from of  10×10 cm2. While, the 
comparative analysis of  the sensitivity for the CERR field size in 
the form of  the XZ isodose curve was reviewed for variation in 
the target volume, and depth variation of  10 cm, 5 cm, and 1.5 cm 
depths from the water phantom surface, and slice position of  10 
cm in Table 2.  If  the target volume variation and depth increased, 
the phantom scattering also increased, the field size of  the X-di-
rection and Z-direction was increased, and the dose absorbed was 
decreased.19

 The dose profile curve comparison results for the two 
modelled target volumes at a 10 cm depth in the 10 cm, 14 cm, 
and 20 cm slice position shown in Figure 4 (a). The dose profile is 
observed at the center of  the beam, and then the observation point 
was determined in the full-width half  maximum (FWHM) area. 
FWHM is the profile width at a 50% dose.19 The analysis result 
for variation in the target volume 10×10×10 cm3 and 10×12×10 
cm3 showed the dose profile have similar values, at -4.9 cm to 4.9 
cm for the 10 cm position, at -5 cm to 5 cm for the 14 cm posi-
tion, and at -5.1 cm to 5.1 cm for the 20 cm position. If  the target 
volume dimension 10.2×10×10.2 cm3, the width of  the field size 
was obtained at -5.1 cm to 5.1 cm for the 10 cm position, at -5.2 
cm to 5.2 cm for the 14 cm position, at -5.3 cm to 5.3 cm for the 
20 cm position. If  the target volume dimension 15×15×15 cm3, 
the field size’s width was obtained at -14.9 cm to 14.9 cm for the 
10 cm position, at -15 cm to 15 cm for the 14 at -15.1 cm to 15.1 
cm for the 20 cm position. Thus, the observed variation in posi-
tion can influence the dose profile width. At the 10 cm and 20 cm 

position, the profile widths 10×10 cm2 were 9.8 cm and 10.2 cm. 
This happened because of  beam irradiation from the source to the 
phantom water surface. 

 The difference in the absorbed dose distribution was ob-
served. The dose profile for 10×10 cm2, 10.2×10.2 cm2 and  15×15 
cm2 of  10 cm position will absorb the lower dose at around 46%, 
49%, and 59% compared to 12 cm, 14 cm, 16 cm, 18 cm, and 
20 composition which absorb 96% to 98% dose. The lower dose 
in the 10 cm position happened because it consists of  planning 
target volume (PTV), while the other positions consist of  gross 
target volume (GTV). Therefore, the given dose for GTV was 
maximized. The results of  the X-ray beam profile comparison for 
the modelled target volume at each depth variation were shown in 
Figures 4 (b), 4 (c), and 4 (d). If  the position was reviewed of  the 
10 cm in Figure 4 (b), the dose profile for 10×10 cm2, 10.2×10.2 
cm2 field sizes had had the maximum dose of  48% at 1.5 cm depth, 
47% at 5 cm depth, and 46% at 10 cm depth. The dose profile for 
15×15 cm2 field size was had a maximum dose of  58% at 1.5 cm 
depth, 57% at 5 cm depth, and 56% at 10 cm depth. If  the posi-
tion was reviewed of  the 12 cm, 14 cm, 16 cm, 18 cm, 20 cm in 
Figure 4 (c) and 4 (d), the dose profile for 10×10 cm2, 10.2×10.2 
cm2 field sizes had had the maximum dose of  99% at 1.5 cm depth, 
98% at 5 cm depth, and 97% at 10 cm depth. The dose profile for 
15×15 cm2 field size was had the maximum dose of  100% at 1.5 
cm depth, 99% at 5 cm depth, and 98% at 10 cm depth. Therefore, 
if  the depth was increased, then the dose distribution decreased, 
and the profile width was increased. 

DISCUSSION

The isodose curve was used to analyze the dose distribution in 
radiotherapy. In this study, analysis of  the sensitivity of  the CERR 
field size from variations in the target volume dimensions, depth, 
and position has been obtained from the XZ isodose curve analysis 
and dose profile. The XZ isodose curve analysis is verified with the 
dose profile at each observed depth and position variation. The 
study refers to Anam, which has developed 2D isodose curves 
from percentage depth dose (PDD) and dosage profiles using ma-
trix laboratory (Matlab). The dose calculation at each point was 
obtained by multiplying the dose at the PDD and dose profile at 
1.5 cm depth.20

 In its implementation, doses distribution analysis in the 
form of  XZ isodose curves often had difficulty modelling the tar-
get volume to fit the specified field size. When this problem was 
found, checking the CERR input data related to the modelled tar-
get volume size for the x, y, and z directions were suggested. The 
next step was to adjust the modelling parameters. This is related to 
the process of  contouring and planning beam parameters in CERR 
for simple geometries, such as the cube-modelled target volume 
and the number of  gantry angles was used.

CONCLUSION

In this study, the isodose curve has been successfully displayed in 
the form of  the XZ isodose curve to analyze the sensitivity of  
the CERR field size from variations in the target volume dimen-
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Table 2. Comparison of XZ isodose Curve for Variation in the 
Target Volume and Depth Observed

Target Volume 
(cm3)

depth
(cm)

position
(cm)

XZ isodose

X
(cm)

Z
(cm)

10×10×10  

10 10 9,76 10,35

5 10 9,67 10,25

1,5 10 9,27 10,15

10,2×10×10.2

10 10 9,85 10,45

5 10 9.75 10,35

1,5 10 9,37 10,25

15×15×15

10 10 14,76 15,25

5 10 14,65 15,15

  1,5 10 14,25 15,05
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sions, depth, and position. The variations in the target volume 
analysis are used to determine the width of  the field size. The XZ 
isodose curve is verified with the dose profile width. The calcula-
tion method was relatively valid. Variation field size of  10×10 cm2, 
10.2×10.2 cm2, and 15×15cm2 was successfully evaluated with 1.5 
cm, 5 cm, 10 cm depths, and 10 cm, 12 cm, 14 cm, 16 cm, 18 cm, 
and 20 cm slice position variations. Thus, the quality control of  the 
radiation beam can be obtained. In the future, this study will be 
used as a reference for the CERR dose distribution validation with 
the measurement results in the hospitals.
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Purpose
To read the digital imaging and communications in medicine (DICOM) images of  brain and extract intensity values and build a 
three dimensional model for Monte Carlo n-particle transport (MCNP) code input file in purpose to study the average particle 
flux and deposited energy of  X-Ray photons resulting at 120 kVp and 1 mAs (form point source) as function to DICOM pixel 
numbers in the brain tissues for a 29-year-old female patient using MCNP code and Matlab program to read the DICOM images.
Method
The matrix laboratory (MATLAB) program was used to read the DICOM images and extract the intensity values in each pixel of  
the DICOM image corresponding to certain slice of  the brain. These color levels are characteristic of  different tissue, and have 
been relied upon to create the specific material in each volume element in MCNP input file.
Results
The percentage of  tissues with computed tomography (CT) numbers less than 100 (except air between source and patient) equals 
         
to 87.11% and the sum of  deposited energy over these regions equals to 1.77×1010          , but the tissues with CT numbers greater 

than 100 equals to 12.89% and absorbed dose in these tissues reach to 9.12×109               . Also the X-ray photon flux can be reach to 

6.30×1011                at surface of  skin, and drops to 109                when passing the bones of  the skull and skin where photons deposit most 

of  their energy. 
Conclusion
Values of  the deposited energy at surface of  skin are high, so it is always necessary to be cautious when performing the examina-
tion to obtain acceptable images from the first time and without having to repeat the imaging again for the same case unless there 
are necessities for it.

Keywords
Computed tomography (CT); X-ray; Voxel phantom; MCNP Code; Average particle flux; Matlab.

INTRODUCTION

Computed tomography (CT), contributes over 34% of  collec-
tive dose from diagnostic X- rays examination in the world,1 

where the dose resulting from CT scanner (for whole body ex-
amination estimated at 10 mSv, while dose during conventional 
imaging estimated at 0.02-0.04 mSv) , therefore the  difference is 
very large between the two scans can be reach to 400-500 times. 
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Because these radiations is not visible, the resulting dangers do 
not appear directly, but have a stochastic effects that can appear 
in subsequent years or generations, It was therefore necessary to 
adjust and monitor the radiation doses resulting from these prac-
tices and to assess the radiation risks resulting from them. Table 1 
gives a comparison between the effective dose resulting from the 
computed tomography and each of  the traditional imaging of  the 
chest and the number of  years of  exposure to natural background 
radiation which produces the same effective dose resulting from 
computed tomography.1 

 According to some statistics, the number of  computed 
tomography devices in Syria exceeds 232 devices, serving more 
than 19 million people, where one machine serves about 86 thou-
sand people, therefore It is necessary to assess the effects of  these 
devices on an ongoing basis.

Matlab Program

The matrix laboratory (MATLAB) platform is optimized for solv-
ing engineering and scientific problems. The matrix-based MAT-
LAB language is the world’s most natural way to express com-
putational mathemati.2 CT DICOM images were read using the 
MATLAB program in purpose to construct a three-dimensional 
phantom (voxels phantom), therefore, the following commands 
have been implemented, {DICOMINFO, DICOMREAD, IM-
SHOW, MIN, MAX, IMTOOL}.

Monte Carlo N–Particle Code

Monte Carlo n–particle code (MCNP) is a general-purpose MCNP 
that can be used for neutron, photon, electron, or coupled neu-
tron/photon/electron transport, including the capability to cal-
culate given values for critical systems. for photons, the code ac-
counts for incoherent and coherent scattering, the possibility of  
fluorescent emission after photoelectric absorption, absorption in 
pair production with local emission of  annihilation radiation, and 
bremsstrahlung.3

Purposes of the Research

To read the dicom images of  brain and extract intensity values 
and build a three dimensional model for mcnp code input file in 
purpose to study the average particle flux and deposited energy 
of  X-ray photons resulting at 120 kvp and 1 mas as function to 
DICOM pixel numbers in the brain tissues for a 29-year-old fe-

male patient using MCNP code and MATLAB program to read 
the DICOM images.

METHODS AND MATERIALS

The General CT Model

In this study was based on a ct scan of  a female patient aged 
29-years, using a scanner, the multislice helical ct scanner was used 
for all simulations. it is a third generation CT scanner quipped with 
solid state detectors system. Scan time for full helical scan is 100 
seconds. The operating voltage are 80, 100, 120 and 135 kVp and 
the tube current can vary from 30 to 300 mAs in steps of  10 mAs. 
Table 2 shows the specifications of  the CT images and the CT 
scanner used for this study.

 In order to get better contrast of  the tissues, the following 
values were modified, the window’s minimum intensity value=3, 
the window’s maximum intensity value=68 that corresponding to 
window’s width=65 and window’s center=35 instead of  window’s 
width=120 and window’s center=40. As shown in Figure 1.

Table 1. A Comparison between the Effective Dose Resulting from the Computed 
Tomography and Each of the Traditional Imaging of the Chest and the Number of Years 
of Exposure to Natural Background Radiation Which Produces the Same Effective 
Dose Resulting from Computed Tomography

Imaging 
Protocol

Effective 
Dose
(mSv)

Number of the 
Chest’s Images in 

the Traditional
Imaging

Number of Years 
of Exposure to 

Natural Background 
Radiation

Head scan 2.3 115 1-year

Chest scan 8 400 3.6-year

abdomen and 
pelvis scan 10 500 4.5-year

Table 2. The Specifications of the CT Scan Device Used for This Study

Format: 'DICOM' GeneratorPower: 26

FormatVersion: 3 CTDIvol: 83

Width: 512 PatientOrientation: 'L\P'

Height: 512 SamplesPerPixel: 1

BitDepth: 16 PhotometricInterpretation:  
'MONOCHROME2'

ColorType: 'grayscale' Rows: 512

ImplementationVersionName:  
'DCMOBJ4.3.28.5' Columns: 512

ImageType: 'ORIGINAL\PRIMARY\AXIAL' WindowCenter: 40

AccessionNumber: '1611' WindowWidth: 120

PatientSex: 'F' TableHeight: 46

PatientAge: '029Y' RotationDirection: 'CW'

BodyPartExamined: 'HEAD' ExposureTime: 1500

ScanOptions: 'NORMAL_CT' XrayTubeCurrent: 220

SliceThickness: 4 Exposure: 330

KVP: 120 ProtocolName: 'Brain S&S 4mm'

Figure 1.  Comparison between Two Cases of Window Intensity Vvalues, (A) The Window’s 
Width=65 and Window’s Center=35. (B) Window’s Width=120 and Window’s Center=40
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Voxel Phantom

Figure 2 shows the voxel phantom that was adopted in this study 
of  the head region. This phantom consists of  a number of  voxels 
(512×512×100) with voxel size 0.2×0.2×1 cm3, in this case each 
pixel will be corresponded to one voxel, i.e. each pixel will be rep-
resented within 0.2×0.2×1 cm3. Figure 2 shows parts of  this phan-
tom plotted for the entire digital image matrix (512×512). Parts of  
it were displayed because of  the difficulty of  showing the entire 
phantom according to the PC used in this study. Where used In 
this study a computer with (core i5- CPU 2.30 GHz processor) 
and 1 Gb VGA. On the Figure 2, the areas appear stretch from the 
blue color that corresponds to the least color intensity (the lowest 
values for the CT number, Hu=-950, that corresponding to the air 
material) and upto the red color (which corresponds to the highest 
values for the CT number, Hu=1370, that corresponding to the 
Skeleton cortical bone material).

Materials Assign

The CT images were read using the Matlab program, after that, 
the images were then resized to a scale of  325×171 pixel, in ac-
cordance with the number of  identical voxels in the phantom used 
in the study. Firstly, in the input file of  MCNP code, the equivalent 
substances were created for air, soft brain tissue, red blood cells, 
spinal cord, skin, facial and skull bones, Adipose tissue, Yellow 
marrow, Cell nucleus, Red marrow, lymph, eye lens,.. etc. secondly, 
each material was given a number and a universe number (U) that 
corresponding to certain range of  CT numbers that defined each 
pixel in image. The values of  the chemical composition and the 
CT numbers (in Hounsfield) and density were taken from several 
references such as.4-6 Table 3 shows chemical composition as per-
centages, density p and Hounsfield numbers for various tissue de-
scriptions.

Source Modeling

In order to determine the energy spectrum of  X-ray photons 
emitted at certain value of  tube voltage (kVp), the X-ray tube was 
simulated using MCNP code. the energy spectrum of  the photons 
produced was calculated at several voltage values, as shown in Fig-
ure 3. To calculate the average particle flux and deposited energy 
X-ray source was simulated as point source at distance from the 
center of  phantom equals to 100 cm on X_axis, and variable step 
on Z_axis Figure 4 (1).

Average Particle Flux in a Cell and Deposited Energy

In this study we used the “F4” (cell fluence) tally to calculate reac-

Figure 2.  Parts of the Voxel Phantom Used in this Study

Table 3. Chemical Composition as Percentages, Density p (taken from ICRP 1975) and Calculated. Hounsfield Numbers for Various Tissue Descriptions4-6

Tissue Density 
[g/cm3]

Fraction Weight %

Fe K Cl S Mg Na P Ca O N C H CT Number

Air 0.001294 23.2 75.3 0.01 0 <-950

Adipose tissue 0.95 0.1 0.1 0.1 27.8 0.7 59.8 11.4 -70

Red marrow 1.03 0.1 0.2 0.2 0.2 0.1 43.9 3.4 41.4 10.5 14

Lymph 1.03 0.4 0.1 0.3 83.2 1.1 4.1 10.8 28

Skin 1.09 0.1 0.3 0.2 0.2 0.1 64.5 4.2 20.4 10 75

Cartilage 1.1 0.3 0.9 0.5 2.2 74.4 2.2 9.9 9.6 98

Spongiosa 1.18 0.1 0.1 0.2 0.2 0.1 0.1 3.4 7.4 36.7 2.8 40.4 8.5 260

Skeleton-sacrum 1.29 0.1 0.1 0.1 0.2 0.1 4.5 9.8 43.8 3.7 30.2 7.4 413

Skeleton-verebral column (D6, 
L3) 1.33 0.1 0.1 0.1 0.2 0.1 5.1 11.1 43.7 3.8 28.7 7 477

Skeleton-femur 1.33 0.1 0.2 0.1 0.1 5.5 12.9 36.8 2.8 34.5 7 499

Skeleton-ribs (2nd, 6th) 1.41 0.1 0.1 0.3 0.1 0.1 6 13.1 43.6 3.9 26.3 6.4 595

Skeleton-vertebral column (C4) 1.42 0.1 0.1 0.1 0.3 0.1 0.1 6.1 13.3 43.6 3.9 26.1 6.3 609

Skeleton-humerus 1.46 0.2 0.1 0.1 7 15.2 36.9 3.1 31.4 6 683

Skeleton-ribs (l0th) 1.52 0.1 0.1 0.3 0.1 0.1 7.2 15.6 43.4 4 23.5 5.6 763

Skeleton--cranium 1.61 0.3 0.2 0.1 8.1 17.6 43.5 4 21.2 5 903

Skeleton-mandible 1.68 0.3 0.2 0.1 8.6 18.7 43.5 4.1 19.9 4.6 1006

Skeleton--cortical bone 1.92 0.3 0.2 0.1 10.3 22.5 43.5 4.2 15.5 3.4 1376
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tion rate across slice that gives a quantity in units of  particle/cm2 
per source particle.3

The average particle flux in a cell can be written:

    
    Where:    is the density of  
particles.

 Cell heating and energy deposition tallies are track length 
flux tallies modified totally a reaction rate convolved with an ener-
gy-dependent heating function, The units of  the heating tally are 

MeV/g, the heating number H(E) for photons is3:
    
 

Where: i=1 incoherent (Compton) scattering with form factors, 
i=2 pair production;
 
Ei,out (E)=2m0c

2=1.022016 MeV, i=3 photoelectric absorption Ei,out 
(E)=0 pt(E): probability of  reaction i at gamma incident energy E.

Ei,out (E) average exiting gamma energy for reaction i at photon 
incident energy E.
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Figure 3.  The Spectrum Energy of X-ray Photons Emitted at Several Values of Tube Voltage 
Calculated Using the MCNP Code

Figure 4 (1).  The X-ray Point Source Modeling, X-ray Photons Distribution Using MCNP 
Code

Table 4. The Average of Deposited Energy, Mean Free Path and Mss Attenuation Coefficient as Function to CT Numbers for 33 Slice in 
CT DICOM Images of Head

CT Number
Range Deposited Energy 

[MeV/g/1mAs]

Mean free 
path mfp 

(cm)

µ
ρ

cm2

g

CT Number
Range Deposited Ener-

gy [MeV/g/1mAs]

Mean free 
path mfp 

(cm)

µ
ρ

cm2

g
From To From To 

-2084 -741 3.90E+11 2829.10 0.32 53 54 2.92E+07 3.87 0.24

-741 -70 4.83E+09 3.96 0.26 54 55 3.44E+07 3.94 0.23

-70 -42 2.17E+09 4.33 0.24 55 60 1.34E+08 3.95 0.23

-42 2 4.20E+09 3.92 0.25 60 75 2.56E+08 4.12 0.23

2 3 9.94E+07 3.78 0.26 75 100 2.78E+08 3.85 0.24

3 14 5.13E+08 3.91 0.23 100 260 1.36E+09 2.93 0.29

14 28 2.83E+09 4.52 0.22 260 270 3.47E+07 3.02 0.28

28 31 6.09E+08 4.48 0.22 270 413 7.36E+08 2.51 0.30

31 32 1.89E+08 4.44 0.22 413 477 2.52E+08 2.56 0.30

32 37 6.64E+08 4.36 0.23 477 499 4.90E+07 2.25 0.32

37 40 2.80E+08 3.91 0.24 499 595 3.44E+08 2.28 0.31

40 42 1.22E+08 4.04 0.23 595 609 9.78E+07 2.26 0.31

42 43 5.39E+07 4.05 0.24 609 683 3.52E+08 2.06 0.32

43 44 4.81E+07 16.35 0.23 683 763 2.42E+08 1.95 0.32

44 45 5.42E+07 4.00 0.23 763 903 5.92E+08 1.87 0.33

45 50 1.99E+08 3.92 0.24 903 1006 5.93E+08 1.91 0.32

50 53 1.02E+08 4.05 0.23 1006 2400 4.47E+09 1.59 0.33
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RESULTS

As have been explained previously, all calculations were done for 
point source at 1 mAs and 120 kVp and 4 mm slice thickness. Ta-
ble  4 shows the average of  de posited energy in (MeV/g/1mAs), 
mean free path, and mass attenuation coefficient as function to CT 
numbers for 33 slice of  head Figure 4 (2).

Since CT_Number in Hounsfield units HU is given by:

                μ-μw
HU=1000 

                 μw
           
 Therefore At low energies (<15 keV), the photoelectric 
effect accounts for virtually all of  the interactions in water. As the 
photon energy increases photoelectric coefficient drops rapidly 
and Compton scattering interactions become dominant in water 
at about 100 keV. Figure 5 shows a plot of  average particle flux 
(red curve) and deposited energy (blue curve) resulting from X-ray 
photons at 1 mAs current intensity as function to pixel numbers on 
x axis for several slices of  head.

 The number of  radiation pulses that enter and/or tra-
verse a medium is governed by inverse square law, which states 
that the flux of  radiation emitted from a point source is inversely 
proportional to r2, at the beginning of  tissues (pixel’s number 100) 
most of  X ray photons will be absorbed in the skin and skeleton—
cranium bone because the value of  total attenuation coefficient 
generally increase as the Z of  the medium increases. where photo-
electric interactions are increased in high-Z materials especially for 
low-energy photons. 
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Figure 4 (2).  Plot of the Attenuation Coefficient as Function to CT Numbers 
for 33 Slice in CT DICOM Images of Head

Figure 5.  A Plot of Average Particle Flux (Red Curve-left) and Deposited Energy (Blue Curve-right) Resulting from X-ray Photons at 1 mAs Current Intensity as Function 
to Pixel Numbers on X axis for Several Slices of Head
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Figure 6.  A Three-Dimensional Plot Representation of Photons Flux in the Phantom, When the Point Source of X ray Photons at z=10 cm (Middle of Scan Length)
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 While Figure 6 shows the distribution of  photons flux in 
the phantom, when the point source of  X ray photons at z=10 cm 
(middle of  scan length).

DISCUSSION

In this research, we tried to use the available software to extrapolate 
and estimate the average particle flux, deposited energy, and mass 
attenuation coefficient depending on determine the mean free path 
of  X-ray photons resulting at 120 kVp and 1 mAs as function to 
digital imaging and communications in medicine (DICOM) pixel 
numbers in the brain tissues for a 29-year-old female patient us-
ing MCNP code. Table 4 shows the change of  deposited energy 
in (MeV/g /1mAs), mean free path (cm), and mass attenuation 
coefficient (cm2/g) as function to CT numbers of  head CT images, 
these values can vary from one region to another according to CT 
numbers and their distribution and availability in each region, for 
example the abdominal region will contain the imaging numbers 
that represent the soft tissue at a higher rate than those represent-
ing the bones and cartilage. In this case (head scan images) the 
percentage of  tissues with CT numbers less than 100 (except air 
between source and patient) equals to 87.11% and the sum of  dep-

osited energy over these regions equals to 1.77×1010                 , but the

tissues with CT numbers greater than 100 equals to 12.89% and a-

bsorbed dose in these tissues reach to 9.12×109                   . From Figu- 

re 5 X-ray photon flux can be reach to 6.30×1011           at surface sk-

in, this flux follows the inverse square law and drops to 109                w-

when passing the bones of  the skull and skin where photons de-
posit most of  their energy as shown in Figure 5.

The Comparison

In order to validate the results obtained, these results were com-
pared with a number of  reference studies. Figure 7 shows a com-
parison between a plot of  the energy spectrum of  the X-ray pho-
tons calculated in this study at different voltage values and using 

an aluminum filter with thickness (1.2 mm) and a tungsten rotating 
anode with angle of  12°, with those of  the reference.7

 Also, the effective dose calculated in this study was com-
pared to the head region with those in the reference.8 The Table 
5 shows the result of  the comparison. Taking into account the 
weighting factor for tissue of  the brain is 0.01 [ICRP 2007] and for 
bone and cartilage tissues is 0.01.

CONCLUSION

The DICOM images of  brain were read and the intensity values 
were extracted and organized within 7864320x4 double matrix in 
order to build a three dimensional model for MCNP code input 
file in purpose to study of  absorbed dose in the brain tissues for a 
29-year-old female patient during CT scan of  the head at specific 
voltage and current of  X-ray tube using MCNP code and Matlab 
program. The Matlab program was used to read the DICOM im-
ages and extract the intensity values in each pixel of  the image 
corresponding to certain slice of  the brain. These color levels are 
characteristic of  different tissue, and have been relied upon to cre-
ate the specific material in each volume element in MCNP input 
file. As a result the absorbed dose in soft tissues with CT numbers 
less than 98 (which the percentage is 87.11%) can be reach to 0.222 
Gy/1mAs, and for tissues with CT numbers greater than 98 (which 
the percentage is 12.89%) can be reach to 0.174 Gy/1mAs. These 
values for the dose are high, so it is always necessary to be cautious 
when performing the examination to obtain acceptable images 
from the first time and without having to repeat the imaging again 
for the same case unless there are necessities for it.
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Endometrial hyperplasia is defined as the pathological condition caused by hyper plastic changes at the level of  the glandular and 
stromal structures of  the endometrium that are part of  the lining of  the endometrial cavity. Atypical endometrial hyperplasia can 
cause an essential problem because it is considered a precursor of  endometrial cancer. The early diagnosis of  precancerous en-
dometrial lesions and the exclusion of  pre-existing endometrial carcinomas are necessary for patients’ optimal management. The 
following is a case of  a 50-year-old Guatemalan patient with a three-day history of  vaginal bleeding. The transvaginal ultrasound 
reports endometrial thickening suggestive of  endometrial hyperplasia. The diagnosis was confirmed with histology. The treatment 
offered was surgery without indicating any medication.

Keywords
Endometrium; Endometrial hyperplasia; Biopsy; Histological; Echography; World Health Organization (WHO).

INTRODUCTION

Endometrial hyperplasia is considered the most common pre-
cursor of  gynecological cancer diagnosed in women. The in-

cidence of  endometrial hyperplasia is indistinctly reported to be 
around 200,000 new cases per year in Western countries, this is 
caused by a disordered proliferation of  the endometrial glands that 
are the result of  unopposed estrogenic stimulation of  endometrial 
tissue with compensatory progesterone deficiency. The average age 
of  diagnosis is in postmenopausal women between the ages of  
50-54-years.1 

 Endometrial hyperplasia the most common cause of  
abnormal uterine bleeding leading to endometrial cancer; if  not 
treated in time, 10% of  these patients’ histological results show 
endometrial hyperplasia.1,2 The main function of  endometrial sam-
pling in patients with abnormal uterine bleeding is to determine 
whether there are carcinomatous or premalignant lesions to decide 
the most appropriate management. The risk factors for developing 
endometrial cancer involved are obesity, estrogen therapy, diabe-
tes, hypertension, polycystic ovarian syndrome, Lynch syndrome, 
treatment, and nulliparity.3

Risk of Progression

Endometrial hyperplasia represents a continuum of  histologically 
distinct processes, starting from simple endometrial hyperplasia 
without atypia and then progress to complex endometrial hyper-
plasia with atypia, followed by well-differentiated endometrial car-
cinoma. The presence and severity of  cytological atypia and archi-
tectural crowding are key factors defining the risk for progression 
to carcinoma. Simple hyperplasia shows the lowest risk of  cancer 
progression. Among patients with atypical hyperplasia, postmeno-
pausal status is associated with the highest risk of  progression to 
adenocarcinoma. Complex hyperplasia has an intermediate risk of  
progression, which has been shown to regress in most of  cases, 
while endometrial hyperplasia with cytological atypia is character-
ized as direct precancerous lesions and may carry a higher risk of  
progression to carcinoma. 

 According to the context of  the aforementioned, endo-
metrial anomalies are considered to be diagnostic challenges faced 
by radiologists and gynecologists who evaluate them. The ultraso-
nographic study is the most important imaging modality; however, 
magnetic resonance imaging can be used to correlate findings.3,4 To 
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induce the regression of  hyperplasia, treatment with progestogens 
with duration of  6-months should be considered; monitoring with 
biopsy at 6-month intervals is recommended. Surgery is indicated 
when medical treatment fails or when the patient refuses follow-
up.4

CASE REPORT

A 50-year-old woman from Sololá, Guatemala with no previous 
medical or surgical history, attends a gynecological evaluation for 
a history of  abnormal uterine bleeding of  three days of  evolu-
tion, which is abundant without extenuating or exacerbating, the 
Date of  the last menstruation was April 2020. The transvaginal 
ultrasound (Figures 1 and 2 ), showed a endometrium markedly 
thickened with multiple asymmetric cystic lesions diffused distri-
bution. The thickness of  endometrium was 18 mm, with an ad-
equate endometrial-myometrial interface., It was reported as cystic 
endometrial hyper plasia, however, due to the age of  the patient, a 

correlation with a histopathological study was recommended 
which reports simple endometrial hyperplasia without atipia (Fig-
ure 3). In the follow-up, the patient underwent surgery with an-
other gynecologist. 

DISCUSSION

Endometrial hyperplasia, which is defined as a disorderly prolif-
eration of  the endometrium, the result of  estrogenic stimulation 
and progesterone insufficiency. The proliferating glands that could 
vary in shape and size show cytological atypia at this point; it is 
necessary to bear in mind that the endometrium can present a se-
ries of  changes that can be considered normal as pathological at 
menarche, as well as in the prepubertal years, postmenopause and 
the first trimester of  pregnancy.1 It is very important to under-
stand that the appearance of  the endometrium can be related to 
different factors, including age, the stage of  the menstrual cycle, 
pregnancy status, and if  you have undergone significant hormone 
replacement therapy or tamoxifen therapy in order to accurately 
diagnose.1,2

 The diagnosis of  endometrial hyperplasia without atypia 
is seen to occur in patients between the ages of  50-54-years, as 
is the case of  the patient in the article, hyperplasia with atypia is 
more frequent in women between 60-64-years, its presentation be-
ing very rare in under 30.3 Most women have a clinical presentation 
of  abnormal uterine bleeding, estimating in previous studies that 
endometrial hyperplasia represents 15% of  all postmenopausal 
bleeding.4

 Obese patients with chronic anovulatory dysfunction 
have a high-risk of  endometrial hyperplasia as well as an increased 
risk of  endometrial cancer.4,5

 Recamier in 1850 first recognized endometrial hyperpla-
sia. It was since then that an attempt had been made to classify en-
dometrial hyperplasia in different ways, the importance of  which is 
that the pathologist must use criteria and terminologies that clearly 
distinguish the clinicopathological characteristics.5 The attempt to 
reclassify the collected data has generated a vast lexicon for endo-
metrial cancer perpetrators.5

 The classification system most used today is the one 
based on Kurman et al6 a scheme that describes architectural char-

Figure 1. Transvaginal Ultrasound, the Uterus it is Seem with Smooth Margins, with Multiple 
Miometrial Cysts. The Miometrial-Endometrial Interfacee are well Demonstrated

Figure 2.  The Thickness of the Endometrium was 18.09 mm, Look at the Innumerable 
Cystic Lesions which are Asymmetrical in Size

Figure 3.  Biopsy, Demonstrates Hyper Plastic Endometrium without Atypic Cells. (WHO). 
Courtesy PATMED (Orlando Rodas Pernillo, and Eliza Hernandez MD pathologist) 
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acteristics and cytological atypia necessary to be able to identify the 
percussive lesions that define atypical endometrial hyperplasia. The 
classification of  the World Health Organization 1994 (WHO 94) is 
described as follows (Table 1):

 For a correct diagnosis of  endometrial hyperplasia, it 
is necessary to determine the differential diagnosis criteria, since 
many characteristics of  atypia can also be observed in menstrual 
irregularities since endometrial hyperplasia is one of  the most fre-
quently misdiagnosed lesions. Endometrial polyps are frequently 
diagnosed as hyperplasia due to poor conduction problems and 
excessive curettage.4,6,7

Treatment Options

Although there is no bona fide treatment for hyperplasia endo-
metrial, most current guidelines recommend hormone therapies 
(including use of  progestin, levonorgestrel-releasing intrauterine 
device (IUD) Mirena, gonadotropin-releasing hormone (GnRH) 
or its analogues or their combination) or surgical treatment (Figure 
3). The selection criteria for treatment options are based on patient 
age, health, the presence of  cytologic atypia and fertility status. Hy-
perplasia endometrial without atypia responds well to progestins. 
Hormone therapy is also recommended for women whose gen-
eral health prevents them from tolerating surgery due to coexist-
ing medical conditions. However, women with atypical hyperpla-
sia or persistent hyperplasia without atypia that are symptomatic 
(abnormal uterine bleeding) are treated with hysterectomy. Among 
women hoping for childbirth, hyperplasia treatment is challeng-
ing, demanding conservative treatment regardless of  whether the 
hyperplasia is with or without atypia.

 Atypical hyperplasia is a precancerous lesion and requires 
a different treatment approach than other types of  hyperplasia and 
adenocarcinoma.7 Hyperplasia without atypia responds very well to 
progestagens, whereas hyperplasia with atypia requires a hysterec-
tomy.7,8

 Regardless of  the type of  hyperplasia, it should be con-
sidered as a warning for changes in the endometrium that do not 
have cycles, which makes it susceptible to cancerous changes.8 Only 
the presence of  hyperplasia is not a criterion for surgery. Prompt 
treatment can help us to reverse the injury and avoid radical surger-
ies.8

 Several investigators have observed beneficial effects 
when treating hyperplasia and carcinoma with progesterone.8

 Treatment and management are aimed at preventing the 

development and progression of  endometrial malignancy, to rule 
out coexisting endometrial malignancy and offer a treatment plan 
that is tailored to the patient’s need.9

 The duration of  treatment should last less than six 
months with progestogens with the following doses medroxy-
progesterone of  10-20 mg every day or norethisterone 10-15 mg 
every day, recommending surveillance with endometrial biopsy at 
an interval of  6-months, important to take into account that to 
discharge the patient, two consecutive negative biopsies must be 
obtained in the semester.8,9

 To consider hysterectomy, some criteria should be taken 
into account that atypical hyperplasia develops during treatment, 
that there is no resolution after 12-months of  treatment, a relapse 
of  endometrial hyperplasia, and a patient who completely refuses 
surveillance and follow-up.9,10

 The role of  transvaginal ultrasound is the primary imag-
ing study where an increase in endometrial thickness will be shown, 
irregular, and biopsy is recommended. Some reviews suggest that 
when the endometrium measures 3-4 mm, the chance of  cancer is 
reduced by 1%, and no sampling is required.10 Additional evalua-
tions will be indicated in women treated with tamoxifen with ul-
trasound, hysteroscopy, or biopsy if  the endometrial thickness is 
greater than 4 mm or cannot be visualized correctly. Asymptom-
atic postmenopausal women who are incidentally diagnosed with 
a thickness greater than 4 mm do not need routine evaluation.11 
In our patient’s case, it was decided to send to surgical treatment 
since she comes from a distant place with little access to medi-
cal resources, few financial resources, and satisfying parity; most 
of  these cases have been observed in that they quit for medical 
follow-up.

CONCLUSION

Endometrial hyperplasia frequently presents with menorrhagia. 
Histopathology, in conjunction with the clinic, is essential for the 
final diagnosis. Clinical and surgical treatment was considered ac-
cording to the needs of  the patient.
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