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Abstract: The air kerma is a key parameter in medical diagnostic radiology. Radiologists use the air
kerma parameter to evaluate organ doses and any associated patient hazards. The air kerma can
be simply described as the deposited kinetic energy once a photon passes through the air, and it
represents the intensity of the radiation beam. Due to the heel effect in the X-ray sources of medical
imaging systems, the air kerma is not uniform within the X-ray beam’s field of view. Additionally, the
X-ray tube voltage can also affect this nonuniformity. In this investigation, an intelligent technique
based on the radial basis function neural network (RBFNN) is presented to predict the air kerma at
every point within the fields of view of the X-ray beams of medical diagnostic imaging systems based
on discrete and limited measured data. First, a diagnostic imaging system was modeled with the help
of the Monte Carlo N Particle X version (MCNPX) code. It should be noted that a tungsten target and
beryllium window with a thickness of 1 mm (no extra filter was applied) were used for modeling
the X-ray tube. Second, the air kerma was calculated at various discrete positions within the conical
X-ray beam for tube voltages of 40 kV, 60 kV, 80 kV, 100 kV, 120 kV, and 140 kV (this range covers
most medical X-ray imaging applications) to provide the adequate dataset for training the network.
The X-ray tube voltage and location of each point at which the air kerma was calculated were used as
the RBFNN inputs. The calculated air kerma was also assigned as the output. The trained RBFNN
model was capable of estimating the air kerma at any random position within the X-ray beam’s field
of view for X-ray tube voltages within the range of medical diagnostic radiology (20–140 kV).

Keywords: medical diagnostic radiology; air kerma; RBF neural network; radiology; X-ray beam

1. Introduction

The transfer of photon energy to matter occurs in two stages. In the first stage, due
to the interaction of the photon with the matter, the energy is transferred to the charged
particles of the matter. In the subsequent step, ionized and excited atoms perform the
deposition of the kinetic energy of the charged particles. The kerma is equal to the total
kinetic energy of the charged particles over the mass of matter [1]. The definition of the
kerma is not only limited to the photons but also includes all the uncharged ionizing
radiation. The unit of kerma is the gray (Gy), which is equal to the joule/kg, and is the
same as the quantity of the absorbed dose. It should be noted that the air kerma is equal
to the amount of the kerma of a certain mass of air. Because measuring the amount of air
kerma is simpler than measuring the dose quantity, the amount of air kerma is usually
used for the calibration of radiation devices [2]. In interventional radiology, the probability
of a patient’s skin burning due to intense radiation is high, and so the prediction of the skin
dose and the air kerma calculation are of high importance [3]. Researchers’ attention has
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recently been drawn to the estimation of the air kerma generated by X-ray tubes. In [4],
the effect of the anode inclination and X-ray source ripple voltage on the air kerma was
studied. In this research, the authors state that by keeping the source voltage constant
and increasing the anode angle, the air kerma increases. They also state that the air kerma
decreases with the increase in the ripple voltage. In [5], the authors introduce a spectral
stripping method using the Monte Carlo simulator for sodium iodide detectors to measure
the air kerma. In the absence of the proposed spectrum stripping method, the difference
between the received spectrum and reference spectrum was more than 63%, and with the
use of the proposed method, this difference was less than 0.2%. The inlet surface air kerma
of the chests of pediatric patients was studied by Porto et al. [6]. The key achievement
of this investigation was demonstrating the reduction in the air kerma by increasing the
voltage and decreasing the exposure. In [7–14], the amount of air kerma was calculated
and reported for both the industry and medicine areas. In the abovementioned research,
the focus was only on the determination of the air kerma in the center of the X-ray beam.
It is important to note that, at a certain distance from the anode, the amount of air kerma
varies in different angles within the X-ray beam. This deviation is due to the phenomenon
of the anode heel effect.

In the current research, an attempt was made to provide a method for predicting the
amount of air kerma despite the phenomenon of the anode heel effect. For this purpose,
the Monte Carlo N Particle X version (MCNPX) code was used to simulate and calculate
the air kerma at different distances from the source, and at six different X-ray tube voltages.
Then, by using the radial basis function (RBF) neural network and training it with limited
and discrete data obtained from the MCNPX code, the amount of air kerma was predicted.
The trained neural network can calculate the air kerma for a wide range of X-ray source
energies at every point within a radiation beam. The significant contributions of the current
research are as follows:

1-. The determination of the air kerma by considering the heel effect;
2-. The determination of the air kerma using an artificial neural network, and the training

of it with limited data at different angles, distances, and tube voltages;
3-. The calculation of the air kerma at a very high speed in comparison with previous

works, and with a very high accuracy, using an artificial neural network;
4-. The determination of the air kerma for the tube voltages used in medical applications.

The current article is structured as follows. First, the medical imaging system simu-
lated by the MCNPX code is thoroughly explained. Then, the training of the RBF neural
network using simulation data is discussed. In Section 4, the results and conclusion,
respectively, are presented in detail.

2. Methodology
2.1. Modeling Tube of Medical X-ray Imaging System

To investigate the air kerma within the radiation field of a medical imaging system,
only an X-ray source was modeled (see Figure 1). The MCNPX code was implemented to
simulate a medical X-ray tube. In many studies [15–20], the MCNPX code has been used
in the design and simulation of radiation-based systems. To model the electron filament,
an electron rectangular surface source with a length and width of 1 mm by 1 mm was
considered. The reason for using a surface source instead of a point one was to also model
the focal spot. A thin cube made of tungsten with a density of 19,290 kg/m3 was placed in
front of the electron source inside the tube vacuum chamber as the target. The modeled
target had an inclination of 20◦ in relation to the perpendicular line of the electron-source-
target axis. It should be noted that the generated X-ray radiations came out of the tube
within a conic with a maximum angle of the X-ray tube’s anode. The electron and target
were surrounded by a steel layer to model the vacuum chamber. Just a circular portion on
the vacuum chamber was left open against the target. A window made of beryllium with a
thickness of 1 mm and density of 1850 kg/m3 was positioned at the vacuum chamber’s
opening. In the Monte Carlo simulation with a personal computer, including an Intel(R)
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Core(TM) i7 CPU and 8 GB RAM, the calculation of the air kerma map for a given set of
parameters took almost 96 h.
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Figure 1. Schematic view of modeled X-ray tube.

A point detector tally was employed to measure the air kerma in two steps. Initially,
the flux of the photons was measured in each detector. In the second step, the air kerma
was calculated using the flux-to-air kerma by converting the factors provided by the
International Commission on Radiological Protection ICRP-51 [21] report. The overall
statistical uncertainty was retained up to less than 4% in all the simulations.

Due to the inherent spherical symmetry of the generated X-ray radiations (geometrical
wise), a spherical coordinate system was used in this study for placing the point detectors.
The point detectors were placed at five various distances from the source: 25 mm, 50 mm,
75 mm, 100 mm, and 125 mm, and at different tangential (0◦–20◦, with steps of 2◦) and
polar (Φ = 0◦–360◦, with steps of 15◦) angles. The air kerma was measured in the positioned
point detectors for tube voltages of 40 kV, 60 kV, 80 kV, 100 kV, 120 kV, and 140 kV.

2.2. Artificial Neural Network

Many researchers have used artificial neural networks for determining various pa-
rameters in the field of radiation-based imaging systems and instruments [22–30]. The
RBF neural network is a popular and fast-learning type of neural network. In this neural
network, the radial basis functions are used as the activation functions. Moreover, it is a
feed-forward type and has only three layers [31]. The input layer is only responsible for the
distribution of the inputs, and it is a linear layer. The second layer provides a nonlinear
layer by using the Gaussian function. The last layer provides a linear combination of
Gaussian outputs. This neural network is a suitable option for real-time applications due
to its fast learning ability. The equation of the radial basis function used in the second layer
of the RBF neural network is as follows [31]:

(r) = exp
[
− r2

2σ2

]
(1)

where the distance from the center of the cluster is shown by r, and σ is the bell curve’s
width. There are computing units called hidden nodes in the second layer. Each hidden
node consists of a central vector (c), which is a parametric vector of a length similar to that
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of the input vector (x). The Euclidean distance between the c and x is calculated according
to the following equation:

rj =
√

∑n
i=1

(
xi − wij

)2 (2)

The jth neuron’s output in the hidden layer is obtained as follows:

∅j = exp

[
−

∑n
i=1
(
xi − wij

)2

2σ2

]
(3)

where W represents the weight. The weights can be obtained by utilizing conventional
strategies (for example, the K-Mean algorithm [32]) or methods in light of the Kohonen
algorithm [33]. Regardless, the training is carried out supervised, the quantity of the
anticipated clusters (k) is prechosen, and these algorithms obtain the most appropriate fit
for these bunches. In the implementation stages of neural networks, the data are split into
two sections: training data and test data. The neural network is implemented by the test
data, and the different parameters of the retina are optimized to reduce the error. After
completing the network training procedure, the effectiveness of the network should be
evaluated against the data it has not seen. A network that successfully completes this
stage shows a proper performance under operational conditions. In this research, about
70% of the available data were utilized for the training and optimization of the network
parameters, and the rest of the data were assigned as the input to the neural network in
the final evaluation. In this research, MATLAB software was used for training and testing
the RBF neural network. Although this software has many toolboxes for training different
neural networks, no predesigned toolbox was used in this research, and all the steps were
meticulously programmed.

3. Results and Discussion

The calculated air kerma within the X-ray beam’s field of view of the modeled X-ray
tube via the Monte Carlo simulation for the point detectors placed at a certain distance
(75 mm) from the tube’s anode for two different tube voltages (60 kV and 120 kV) are
shown in Figure 2a,b. As can be observed, the calculated air kerma on the right side
of the field of view (toward the target) was less than the left side as a result of the heel
effect phenomenon, while it remained almost uniform across from the top to the bottom.
Moreover, by increasing the voltage, the air kerma increased as well.

To demonstrate the effect of the distance from the source, the calculated air kerma
values when the tube voltage was maintained at a value of 80 kV and the detectors were
placed at distances of 500 mm and 1000 mm from the source are shown in Figure 3a,b. As
expected, the air kerma was drastically reduced by increasing the distance from the source.

Three parameters (ф, θ, and r) that show the location in the radiation field, along
with the X-ray tube voltage, were assigned as the inputs of the network, and the output
of the network was the amount of air kerma. A total of 5775 samples were randomly
selected from the available data to train the neural network. The rest of the data were used
for the final analysis of the network after completing the training steps. Because of its
advantages, such as fast and supervised learning, a simple structure, and the ability to solve
nonlinear problems with high accuracy, an RBF neural network was used in this research.
The network included 50 neurons in the hidden layer, which were able to provide the
precise relationship between the inputs and output. Figure 4 displays the trained network’s
structure. Two error measurement criteria, the root mean square error (RMSE) and mean
relative error (MRE), were implemented to calculate the difference between the amount of
air kerma obtained from the MCNPX code and the amount of air kerma predicted by the
neural network. The equations of these criteria are shown below:

MRE% = 100 × 1
N ∑N

j=1

∣∣∣∣∣Xj(Exp)− Xj(Pred)
Xj(Pred)

∣∣∣∣∣ (4)
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RMSE =

∑N
j=1
(
Xj(Exp)− Xj(Pred)

)2

N

0.5

(5)

where N is the number of data, and X (Exp) and X (Pred) stand for the experimental and
predicted values, respectively. To graphically demonstrate the network’s performance,
regression and error graphs were drawn for the training and testing data (Figure 5). In the
regression diagram, the amount of air kerma acquired by the MCNPX code is displayed
as the target output with a black line, and the red circles are the output predicted by the
neural network. The matching of these two indicates the high accuracy of the designed
network. The error graph shows the difference between the air kerma calculated by the
MCNPX code and the air kerma predicted by the neural network.
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4. Conclusions

In this research, initially, a diagnostic imaging system was modeled with the help of the
MCNPX code. Second, the air kerma was calculated at 1375 various discrete positions within
the conical X-ray beam for tube voltages in the range of 40–140 kV. In total, the obtained data
matrix included four rows, three characteristics related to the location of each point detector
and the X-ray voltage, and 8250 columns (various samples) that were used for the neural
network implementation. An RBF neural network, which is a supervised and fast learning
network, was trained to provide a model for predicting the air kerma based on the location of
each point within a beam and the voltage of the X-ray tube. The presented model was able
to predict the air kerma with an MRE of no more than 0.50%. It is a very suitable solution
for calculating the air kerma due to its high accuracy and high speed. Although the current
research tried to predict the air kerma for specific models of X-ray tubes (a fixed target angle
of 20◦), this methodology can be used to determine the air kerma within the radiation beams
of any type of X-ray source. In addition, the presented methodology can be used to determine
other radiation parameters, such as the absorbed dose.
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