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ABSTRACT

Background: The present study's main objective is to develop the model based on the
U-net architecture to estimate dose distribution in heterogeneous phantoms by
applying water phantom dose distribution and the characteristics of a heterogeneous
phantom. Materials and Methods: The proposed model was developed based on the
U-Net architecture, which includes five input channels and one output channel with
dimensions 32x32x64 in the associated x, y, and z directions. Two hundred
heterogeneous phantoms with water, lung, and bone materials at various depths were
simulated using the Dosxyznrc code. Subsequently, the external photon source was
applied to irradiate all the heterogeneous phantoms. The dose distribution of the
water phantom served as the initial input channel, along with other input channels
containing physical components of the heterogeneous phantoms. The dose
distributions calculated by the Dosxyznrc code for each heterogeneous phantom were
used as output. The developed model was trained using all the provided input and
output data associated with the training data on the Google Colab execution platform.
Results: The findings show that over 98% of total voxels met the 3%/3 mm gamma
test requirements in the water area before heterogeneity. Furthermore, more than
99% of the voxels in the heterogeneous lung and bone medium satisfied the gamma
test requirement of 3%/3 mm. Conclusion: The dose distribution in heterogeneous
phantoms can be predicted quickly and accurately using the developed model based
on a U-net architecture, which leverages the distribution of dose in a water phantom

and the physical properties of the heterogeneous phantom.

INTRODUCTION

The effectiveness of radiation therapy treatment
and its adverse effects are significantly influenced by
the radiation dose received by the tumor and nearby
normal tissues (1 2), Accurate and efficient dose
calculation in radiotherapy can serve as a predictor
and reliable model for the relationship between dose
distribution and clinical outcomes, ultimately
improving future treatment (1.2). Over the years, dose
calculation algorithms in treatment planning systems
(TPSs) have evolved over several generations.

The initial iteration of an algorithm, based on
physics principles, is a correction-based approach 3).
However, its accuracy decreases in heterogeneous
mediums due to the loss of electronic equilibrium
(7). Subsequently, model-based approaches were
developed to account for the physics of
heterogeneous mediums & 9. The third type of dose
algorithm is the Monte Carlo algorithm, which uses
exact physics principles and measurable data or
recognized formulas to simulate energy transfer and
deposition of each particle (photons, electrons, etc.) ©
-11), However, the Monte Carlo technique simulates
the movement of each particle separately, resulting in
longer calculation times and requiring a powerful

computer.

In recent years, deterministic radiation transport
techniques have been developed and widely used in
clinical settings. One such technique is the Acuros®
XB Advanced Dose Calculation, a member of the
Linear Boltzmann Transport Equation Solvers, which
offers competitive dosimetric accuracy compared to
its Monte Carlo counterpart, with the added benefit of
significantly better computational efficiency (10 12),
Additionally, deep neural networks, known as deep
learning, have been applied in various scientific fields
(13-15), In radiation therapy, machine learning and
deep learning (DL), including convolutional
networks, have been used for treatment planning (6.
17), The knowledge-based planning paradigm, which
has been the focus of much research on dose
prediction in radiotherapy, uses data from previous
patient plans to predict a patient's dose volume
histogram (DVH) and dose constraints (18-22),

While KBP has seen significant advancements, it
requires a considerable amount of time and effort to
select handicraft elements, such as spatial data on
organs at risk (OAR) and planning target volumes
(PTV) (9 2229, Furthermore, it is limited by the
inherent information present in the data (19). Another
challenge in dose prediction using deep learning
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methods is the loss of spatial consistency regarding
neighboring anatomy, which can exhibit significant
differences in CT numbers and steep gradients of
tissue heterogeneity. In this study, we have
developed a deep learning model based on the U-Net
architecture to predict dose distribution in
heterogeneous phantoms. Our model incorporated
influence parameters related to heterogeneous
environments and the radiation field to forecast dose
distribution. The primary objective was to create a
deep learning-based model that can predict dose
distribution more rapidly than the Monte Carlo
approach while maintaining comparable accuracy.

MATERIALS AND METHODS

Design Network architecture

The standard two-dimensional U-Net architecture
was expanded to the three-dimensional U-Net
architecture to anticipate dose distribution in a
heterogeneous phantom (5 26), The network
expected five input channels and one output channel.
Each input and output channel consisted of a 3D
volume with dimensions of 32x32x64 in the
associated x, y, and z directions. The designed
network comprised five hierarchical layers. The
encoding path at each hierarchy level included
consecutive layers of two convolutions operation
with a kernel size of (3x3x3). Furthermore, rectified
linear units were used as an activation function next
to each convolution operation (27). Between each pair
of sequential hierarchy layers, a max-pooling
operation was used with a kernel size of (2x2x2) and
a voxel stride of two to gradually diminish the size of
the feature maps from (32x32x64) to (2x2x4). In the
decoding path, each layer included an up-convolution
of (2x2x2) with strides of two in each direction,
followed by two convolution operations with a kernel
size of (3x3x3). Additionally, rectified linear units
came after each convolution operation.

Dropout was also used at each convolutional layer
to minimize overfitting (28). The final layer also
included a (1x1x1) convolution followed by a linear
activation function, resulting in an original output
channel representing the predicted dose. A schematic
of the designed U-Net architecture is illustrated in
figure 1. The number of concatenated features is
revealed below the boxes, and the size of the three-
dimensional feature maps is indicated next to the
boxes.

Heterogeneous phantoms simulation and dataset
generation

In this study, we simulated two hundred
heterogeneous phantoms of voxels filled with specific
materials like water, lung, and bone at different
depths using the Dosxyznrc code (0. All
heterogeneous phantoms had the same geometry,

with dimensions of 8x8x16 cm and consisting of
32x32x64 voxels in the associated x, y, and z
directions. The water, lung, and bone materials with
densities of p=1000 kg/m?3 p=260 kg/m> and
p=1850 kg/m® were used in a heterogeneous

phantom.
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Figure 1. lllustration of the designed U-Net architecture used
to develop the dose prediction model. The designed U-Net
architecture accepts five input channels, each with dimensions
of 32x32x64, and to produce an output channel with the exact
dimensions in the x, y, and z directions. The encoding path at
each hierarchical level included consecutive layers of two
convolution operations, each with a kernel size of 3x3x3.

The parallel square radiation field with
dimensions of 5 cm x 5 cm from eleven types of
sources, as explained in the Dosexyznrc code, was
simulated (29). Furthermore, the 6 MV photon beam
spectrum, called the Mohan spectrum, from the EGS4
Spectra Library was chosen as the primary source in
the simulations (29),

The Simorgh supercomputer at Amir Kabir
University was utilized to calculate dose distribution
in a heterogeneous phantom. Each calculation was
executed with 1.6E9 histories to achieve an overall
statistical uncertainty below 0.3%, and each
simulation lasted approximately ten hours.

The dose distributions for two hundred phantoms
were extracted from the output files generated by the
Dosxyznrc code. Each output was multiplied by 1e15
to represent all monitor units applied to the
accelerator. The final output for each heterogeneous
phantom was used to build matrices with dimensions
of (32x32x64) in the %, y, and z directions. According
to the objective of this study, five input channels were
designed for the U-Net architecture. The water
phantom's dose distribution served as the initial
input channel. The other input channels were
selected based on physical factors influencing dose
computation in a heterogeneous medium. The photon
energy deposited in tissue contains a two-step
procedure. In the first walk, photons interact with the
tissue to transfer kinetic energy to charged particles
(TERMA). Subsequently, the charged particles deliver
their energy through ionization and excitation
reactions along a limited track.
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In a heterogeneous phantom, TERMA is obtained
by multiplying the total mass attenuation by the
energy fluence () at a pointr (%, y, z) 39. The energy
fluence (Y) is determined by the inverse of each
voxel's distance from the central reference point of
the radiation field. Therefore, the second input
channel was chosen as the matrix representing each
voxel's distance from the reference point at the
center of the radiation field 0. Additionally, the
matrix of the mass density of heterogeneous
phantoms was used as an input for the network
because of the impact of each voxel's mass density on
calculating the TERMA in heterogeneous phantoms
(30,31),

For the inhomogeneity correction, the CT
numbers of every voxel in the heterogeneous
phantom were taken as input data. Consequently, the
U-net architecture's fourth input was the matrix
containing the heterogeneous phantoms' CT numbers
(30,

The primary dose and scattered dose components
include the two parts of the integrated dose in the
phantom. The primary particle is responsible for the
primary dose, while the secondary particle is
responsible for the scattered dose. The voxels
directly under the primary radiation's path were
assigned number 1, whereas the remaining voxels
received zero. Therefore, the fifth input for the U-net
architecture is a matrix consisting of zero or one
value representing the simulated radiation field. All
matrices for input and output channels have
dimensions (32x32x64) in the associated %, y, and z
directions (39).

Training

The Google Colab execution platform, using Keras
libraries, was utilized to execute the designed U-net
architecture with all the provided inputs and outputs
(32). Google Colaboratory, or Google Colab, is a
cloud-placed machine learning platform. It gives a
Jupyter notebook with a Python programming
environment and includes libraries such as
TensorFlow and Keras for machine learning projects.
The Google Colab utility offers 358.27 GB of hard disk
space and 12.72 GB of RAM in one runtime (33,34, Two
hundred heterogeneous phantom data were
randomly divided into three groups: training,
validation, and testing data, utilizing the
train_test_split function in Python. Finally, one
hundred and twenty data were applied for training,
sixty for validation, and twenty for testing in the
designed model. The developed model took inputs in
the form of a five-channel matrix with dimensions of
(32x32x64), and the output is in the form of a
single-channel = matrix = with  dimensions of
(32x32x64). Also, the mean squared error (MSE) was
used as the loss function.

The ADAM algorithm is a valuable stochastic
gradient method for problems with extensive data or

parameters (35). The ADAM optimizer from the Keras
library was selected to improve the Deep Learning
training process. It used learning rate, betal, and
beta2 as variable input values with numerical values
1E-4, 0.9, and 0.999, respectively (%), Early stopping
was utilized as a regularization technique to avoid
overfitting. Additionally, the iteration with the best
model weights was opted based on the validation
loss, a well-known method to prevent overfitting the
model to the data (36.37),

Statistical data analysis

The deviation (D), as equation (1), was applied to
compare the dose distribution predicted by the
developed model with the dose distribution
calculated using Monte Carlo simulation as the
reference data. Also, D, represents the reference dose
at a depth of Z, and D;wuuey represents the dose
predicted by the developed model at a depth of Z.

(DE(U—ﬂat} - Dz,Ml';']

'DH,MC
Additionally, the 2D dose distribution predicted
using the developed model was examined with the
dose distribution obtained by the Monte Carlo
approach employing the gamma analysis developed
by Low et al., as outlined in equations 2 and 3 38),

D{(%) = 100 = (1)

y(rr )=min{l(re, rr )}V (rae) (2)
| 5 5
(Ts _Trj‘ (Ds_ D?"j‘

F,..(T"s, Trj = N|| ﬂdz ﬂDz (3)

In equations 2 and 3, rr represents the reference
position, and r. represents the position of the
comparison point. The D: represents the voxel dose
value calculated using the Monte Carlo method, while
D. represents the dose predicted by the developed
model. Gamma analysis (10) was performed, applying
different threshold criteria: distance to agreement
DTA =1 mm, 2 mm, and 1 mm, dose difference AD of
1%, 2%, and 3%. Every computation used global
gamma indices, with the AD normalized to the global
maximum dose of heterogeneous phantoms 8).

The criteria of 3%/3 mm recommended by Low et
al. and the AAPM task group (TG-119) were applied
as the main criteria to compare the results of the
designed model and the Monte Carlo method (38 39),
Additionally, when wusing the requirements of
3%/3mm, the gamma pass rate of more than 95% at
the evaluated point was approved according to the
suggestion by the AAPM Task Group(TG-119) (9. 40),
Moreover, the t-test was used as the statistical test to
calculate the p-value, assuming the null hypothesis
was confirmed.

RESULTS

The developed model predicted the percentage
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depth dose and axial dose profiles for the
heterogeneous phantoms, which were part of the
testing data. The expected dose distribution was
compared to the ground-truth target dose measured
using the Dosexyznrc Monte Carlo code.

PDD and relative dose profile for first
heterogeneous phantom

The first heterogeneous phantom used to study
PDDs and 2D dose maps is depicted in figure 2. The
percentage depth dose (PDD) curves, calculated by
the developed model and measured using Monte
Carlo simulation, are displayed in figure 3A. The
difference between the PDD curves is also illustrated
in figure (3A) with a red bar.

Photon source
Figure 2. The heterogeneous

phantom, which contains A
several distinct regions for -
evaluating dose distribution. The
first layer consists of water, with -
a thickness of 7 cm, and the
second layer consists of bone, Long(4cm)
also 7 cm thick. The third layer is
the lung, with a thickness of 4
cm, and the fourth layer is
water, with a thickness of 14
cm.

32cm

15 20 25 30
Depth from surface of phantom (cm)

T

Depth from surface of phantom(cm)

Dose (Gy)
I
S 8

o

= Deviation

[

20
Deoth from surhoe of ohantom (¢m)

Figure 3. Illustration the dose distribution along the center of
the heterogeneous phantom. (a) Percent Dose Depth (PDD)
curves were generated using Monte Carlo simulations and
predicted by the developed model. (b) The actual values of
the dose distribution were obtained using both methods,
along with the differences in dose distribution values. (c) The
dose deviation was determined using the Monte Carlo
simulation and predicted by the developed model.
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Figure 3B displays a bar chart comparing the dose
values calculated using the Monte Carlo method with
those predicted by the designed model for all voxels
along the central beam axis direction. The differences
in dose value between the Monte Carlo method and

the developed model are illustrated with red bars in
figure 3B. Also, figure 3C displays the dose deviation
in percentage calculated using equation (1) on the bar
chart. In this heterogeneous phantom, the
maximum dose was estimated to be 73.9 Gy using the
Monte Carlo method, while the designed model
predicted the maximum dose to be 71.1 Gy.
Therefore, the deviation of the maximum dose values
when applying the two methods was 3.7%. In
addition, for all voxels along the centrality direction,
the p-value for data obtained from the two methods
has been calculated to be more than 0.85.

Figures 4A and 4B display the two-dimensional (x,
z) images of the dose distribution and isodose curves
for the Monte Carlo method and the developed model,
respectively. Also, the difference between dose
distribution measured by the Monte Carlo method
and the developed model is illustrated in figure 4C.
Isodose curves for values of 80%, 70%, 60%, 50%,
and 30% of the maximum dose measured using the
Monte Carlo method are depicted in figure 4. Also,
figure 4D displays the isodose contours for the dose
distribution measured using the Monte Carlo method
and the dose distribution predicted by the developed
model.

The results of isodose curves show good matching
in the water area before heterogeneities and in the
bone area. Additionally, a relatively small difference
in the isodose curves was seen in the part of the lung.
Also, the p-value was calculated with an accuracy of
over 0.94 for dose distribution data measured by the
Monte Carlo method and predicted by the developed
model in the Z and X directions.

Figure 5 shows dose profiles for the first
heterogeneous phantom at different depths
calculated by the Monte Carlo method and predicted
by the developed model. Figure 5A shows dose
profiles in the homogeneous water area at a depth of
5 cm from the phantom surface, while figure 5B
depicts dose profiles in the bone heterogeneous
medium at a depth of 10 cm from the phantom. Figure
5C shows dose profiles at the interface between the
bone and lung layers at a depth of 14 cm. Also, figure
5C illustrates that the predicted dose distribution
aligns well with the dose distribution calculated by
the Monte Carlo method at the interface between
bone and lung environments, despite the lack of
electron equilibrium due to the transition from the
heterogeneous bone area to the lung environment.
Additionally, figure 5D shows a slight difference in
dose profiles obtained using two methods at a depth
of 16.5 cm in the heterogeneous lung layer within the
radiation field. Finally, figure 5E shows dose profiles
at the interface between the lung and the fourth
water layer at a depth of 18 cm. Also, figure 5F
illustrates dose profiles in the fourth water layer at a
depth of 25 cm of the heterogeneous phantom.

The gamma values of each voxel in the two-
dimensional planes (X, y) at various depths were
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computed for the initial heterogeneous phantom.
Table 1 lists and summarizes the percentages of
voxels where the gamma values were less than one.
Also, p-values for dose distribution calculated using

Monte Carlo and predicted by the developed model at
specific depths in the heterogeneous phantom, as
illustrated in figure 5, were measured and specified
in table 1.

A B C D
Monte Carlo Developed model Dose difference Comparison of the Isodose Curves
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Figure 4. Illustration of the two-dimensional (x, z) images of the dose distribution and isodose curves. (A) The dose distribution and
isodose curves are calculated using the Monte Carlo method. (B) The dose distribution and isodose curves are predicted using the
developed model. (C) The difference between the dose distribution calculated by the Monte Carlo method and that predicted by
the developed model. (D) A comparison of the isodose curves for values of 80%, 70%, 60%, 50%, and 30% of the maximum dose

obtained from both methods.
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Figure 5. Illustration the dose profiles in the heterogeneous phantom at various depths from the surface of the phantom. (A) the
dose profiles in the water medium at a depth of 5 cm from the surface of the phantom. (B) the dose profiles in the bone
heterogeneous region at a depth of 10 cm. (C) the dose profiles at the interface between the bone and lung layers at a depth of 14
cm. (D) the dose profiles at a depth of 16.5 cm within the heterogeneous lung layer. (E) The dose profiles at the interface between
the lung and the fourth water layer at a depth of 18 cm. (F) Finally, the dose profiles in the fourth water layer at a depth of 25 cm.
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Table 1. Presentation the gamma passing rate results and the
P-value for the for-dose distribution predicted by the
developed model as predicted dose and calculated dose
distribution by Monte Carlo simulation as reference dose for

several depths in the heterogeneous phantom.
gamma passing rate
Depth
(cm)

5 ]90.3|191.4(98.3| 0.93

P-

first heterogeneous phantom V1% | V2% | V3% |[value

In the water medium before
heterogeneity

Interface of water and bone 7 90.6(94.8|98.8| 0.95
Within the bone heterogeneity | 10 [91.1(98.9(99.9| 0.93
Interface of bone and lung 14 (88.2|94.2]|99.2| 0.95
Within the lung heterogeneity | 16.5 |86.2(95.4/99.3| 0.98
Interface of lung and water 18 |95.8/99.9(95.8| 0.97
In the water medlum.Beneath 25 1100/100/100| 0.99
the heterogeneity

DISCUSSION

According to the recommendations of Task Group
53, several methods can be used to compare
predicted dose distributions with reference dose
distributions (#1). One of these methods involves
comparing depth doses and beam profiles between
the predicted and reference doses. Given this, figure
3A illustrates the agreement between the percentage
depth dose (PDD) curves predicted by the developed
model and those observed using the Monte Carlo
method, showing a discrepancy of less than 2%.
Additionally, the bar graph in figure 2B indicates that
the numerical values representing the differences in
dose distribution obtained by both methods for the
heterogeneous region decrease after passing through
the build-up area. Furthermore, figure 3C shows that
the deviation typically remains between *4% and
decreases in the water environment after passing
through heterogeneous layers.

Another suggestion from Task Group 53 was to
compare isodose curves and create a graphical
display of dose differences by subtracting the
reference and predicted dose distributions (41). As
seen in figures 4A, 4B, and 4D, the results of the
isodose curves for values of 80%, 70%, 60%, 50%,
and 30% of the maximum dose show good agreement
with the isodose curves in the heterogeneous
phantom. Additionally, the graphical representation
of dose differences in figure 4C illustrates minimum
dose variation. The computed p-value for the dose
distribution related to figures 4A and 4B indicates no
significant difference between the two methods, with
a probability exceeding 0.94.

According to figure 5, the cross-sectional profiles
of the dose distribution obtained from the developed
model exhibit the exact symmetry as those obtained
from the Monte Carlo method in various regions of
the heterogeneous phantom, including bone, lung,
and the interfaces between these inhomogeneous
areas. The results related to p-values in table 1,
corresponding to specific depths in figure 5, suggest
that the dose distributions produced by the

developed model with p-values more than 90%
closely resemble the dose distribution measured by
the Monte Carlo method.

Furthermore, the gamma passing rate results in
table 1 show that more than 98% of voxels pass the
gamma test with criteria of 3%-3 mm in water areas
before encountering heterogeneity. In addition, all
voxels in the last layer of water in the heterogeneous
phantom pass the gamma test with criteria of 1%/1
mm. These results indicate that the dose distribution
is accurately predicted for the final layer of
water, regardless of the impact of the preceding
heterogeneous layers. For inhomogeneities such as
bone, over 99.1% of voxels pass the gamma test with
criteria of 3%/3 mm, and for lung heterogeneity,
over 99% of voxels pass the gamma test with the
same criteria. Additionally, over 99% of voxels at the
bone and lung interfaces pass the gamma test
using the 3%/3mm criteria. The main criteria
recommended by Low et al for IMRT and VMAT
treatment methods is 3%/3mm 8. The AAPM Task
Group (TG-119) also considers 3%/3 mm as an
acceptable criterion for the gamma passing rate (9.
Furthermore, the AAPM Task Group (TG-119)
suggests a pass rate of more than 95% at the
evaluated point when using the criteria of 3%/3mm
(39, 40), Therefore, the model accurately predicts the
dose distribution for most voxels in bone, lung, and
heterogeneous interfaces by utilizing inputs such as
the dose distribution in homogeneous water
phantoms and other physical parameters of the
heterogeneous phantoms.

The following works can be mentioned as
research in the field of dose prediction using deep
learning. Nguyen et al. used 88 clinical coplanar IMRT
prostate patients to predict the dose distribution
using u-net architecture (42). Similarly, Kearney et al.
designed the architecture of DoseNet and used 51
prostate cancer patients as inputs (43). Both studies
showed that deep learning methods can accurately
predict dose distribution utilizing prostate patient’s
contours. More challenging in dose prediction using
the deep learning method is the loss of spatial
consistency concerning neighboring anatomy. The
results demonstrate the model's ability to predict
dose distribution in heterogeneous phantoms with an
accuracy comparable to that of the Monte Carlo
method, even with significant differences in CT
numbers and steep tissue heterogeneity gradients
without relying on patient contours.

CONCLUSION

The developed model using the U-net architecture
could accurately predict dose distribution in
heterogeneous phantoms using inputs such as dose
in a homogeneous water phantom and the physical
properties of heterogeneous phantoms at a higher
speed than Monte Carlo methods.
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