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Purpose: Proton-induced secondary-electron-bremsstrahlung (SEB) imaging is a promising method for estimating
the ranges of particle beam. However, SEB images do not directly represent dose distributions of particle beams.
In addition, the ranges estimated from measured images were deviated because of limited spatial resolutions of
the developed x-ray camera as well as statistical noise in the images. To solve these problems, we proposed a
method for predicting high-resolution dose images from SEB images with various count level using a deep
learning (DL) approach for range and width verification.
Methods: In this study, we adopted the double U-Net model, which is a previously proposed deep convolutional
network model. The first U-Net model in the double U-Net model was used to denoise the SEB images with
various count level. The first U-Net model for denoising was trained on 8000 pairs of SEB images with various
count level and noise-free images which were created by a sophisticated in-house developed model function. The
second U-Net model for dose prediction was trained using 8000 pairs of denoised SEB images from the first U-Net
model and high-resolution dose images generated by Monte Carlo simulation.
Results: For both simulation and measurement data, the trained DL model could successfully predict highresolution dose images which showed a clear Bragg peak and no statistical noise. The difference of the range
and width was less than 2.1 mm, even from the SEB images measured with a decrease in the number of irradiated
protons to less than 11% of 3.2 × 1011 protons.
Conclusions: High-resolution dose images from measured and simulated SEB images were successfully predicted
by using the trained DL model for protons. Our proposed DL model was feasible to predict dose images accurately
even with smaller number of irradiated protons.

1. Introduction
In particle therapy, range verification is important to monitor the
location of Bragg peak and dose distribution in a human body. A number
of studies have tried to verify the range or dose distributions of particle
beams by detecting the induced positrons [1–6] or prompt gamma
photons [7–15]. Proton-induced positron emitter imaging suffers the
washout effect. Yamaguchi et al. have proposed a monitoring method
which measures the secondary-electron-bremsstrahlung (SEB) produced

during particle beam irradiation [16,17]. The SEB is emitted by sec
ondary electrons that are deflected in the electric field of an atomic
nucleus while losing the kinetic energy of secondary electrons. The
production mechanism of SEB is different from that of prompt gamma
photons and positrons produced in nuclear reactions. Since the SEB is
produced simultaneously with the irradiation of particle beam, the
washout effect is not a problem. In addition, the SEB is relatively easier
to detect by gamma cameras than higher energy prompt gamma photons
emitted by positron annihilations or nuclear reactions. Dedicated low-
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Fig. 1. Schematic drawing (A) and a photo (B) of imaging the SEB during irradiation of proton beams to water phantom. X and Y axes in (B) indicate directions of
measured images.

energy x-ray cameras were developed and tested during particle-beam
irradiations for detecting the SEB, and the cameras could be used to
image the beam distributions [16–22].
Although the beam distributions of particle-ions could be imaged by
the cameras, they were different from the dose distributions for two
major reasons. First, the SEB distributions have no Bragg peak because
the SEB energy was lower at Bragg peak region along the beam path.
Second, most of the SEB would be attenuated in human body because of
their low energy in comparison to prompt gamma photons. In addition,
the images measured by the current x-ray camera suffered from the
limited spatial resolutions and high statistical noises because of the
inevitable low count condition [16–22]. These issues deteriorated the
performance of the estimation of the ranges and widths of the beams in
the measured SEB images [16–22].
To overcome these limitations of the SEB imaging, we have applied a
deep learning (DL) approach to the dose distribution prediction from the
measured SEB images for carbon-ions in the previous study [23]. The
predicted images by the DL approach showed a good agreement with
dose distributions of carbon-ions [23]. However, the DL approach was
applied for only SEB images of carbon-ions and it was not clear whether
this approach can be applied to SEB images of protons. Furthermore, the
DL model was trained using fixed and high number of counts of SEB
images and it was necessary to mitigate the effects of different statistical
noise levels in the SEB images when the number of counts varies be
tween different patients. High statistical noise or low-count condition in
the SEB images leads to uncertainty in the particle’s range directly
estimated from the measured SEB images. In addition, images with
different noise properties as input to the trained DL model may degrade
the performance of predicting dose distribution for the range and width
verification.
To clarify these points, we tried to predict high-resolution dose
image from the SEB images with various count level using double U-Net
model for protons. U-Net is an encoder-decoder based convolutional
network. It learns both local and global feature information from the
input image to predict the target image [24]. Each U-Net model in
double U-Net model has 18 convolutional layers and total number of
trainable parameters is about five million. The first U-Net model elim
inates the statical noises in the SEB images while training the SEB images
for various count level. The second U-Net model predicts the highresolution dose images from the first U-Net model’s outputs (denoised
images of SEB) to solve the problems of limited spatial resolutions of the
SEB images and nonlinearity between SEB and proton-dose.

2. Material and methods
2.1. Measurement of SEB images during proton beam irradiations
The measurements of the SEB images were performed in the spot
scanning room of the Nagoya Proton Therapy Center [25]. For the
measurements of SEB images during proton beam irradiations, we used a
low-energy YAlO3: Ce (YAP (Ce)) x-ray camera [22]. The x-ray camera
used a 0.5 mm thick, 20 mm × 20 mm YAP (Ce) plate that was optically
coupled to a 25-mm square high quantum efficiency cross-wire anodetype position sensitive photomultiplier tube (PS-PMT) (R8900-100-C12,
Hamamatsu Photonics, Japan) [22]. By using a thin YAP(Ce) scintillator,
low-energy SEB can be detected efficiently, while high-energy photons
such as prompt gamma photons or annihilation radiation of positrons
can penetrate the scintillator and reduce the background components in
measured images. The detector was contained in a 2.0 cm thick tungsten
to shield high-energy photons such as prompt gamma photons and
annihilation radiation of positrons, and a 1.5 mm diameter pinhole
collimator was placed in front of the imaging detector.
In previous study, the intrinsic spatial resolution of low energy x-ray
camera was evaluated by measuring of ~35 keV x-ray from 137Cs point
source [22]. The intrinsic spatial resolution was ~1.6 mm full width at
half maximum (FWHM). The system spatial resolution of the camera
with a pinhole collimator was obtained ~20 mm FWHM at 30 cm from
the collimator surface to point source [22]. Considering the magnifica
tion of the image, the spatial resolution of the measured image is ex
pected to be ~26 mm FWHM for this imaging experiment.
The output analog waveforms of camera from six cross-wire anodes
for the x-direction and y-direction of the PS-PMT were weight-summed
by amplifiers to produce four analog waveforms. The weight-summed
waveforms were converted to digital signals by four 100 MHz analogto-digital converters (ADCs). The digitized signals were digitally inte
grated and used for position determination based on a gravity calcula
tion. The calculated position signals were used to produce a 44 × 44
matrix image with a 0.45 mm pixel size. In order to acquire clear images
of the beam shape, the energy window of the camera was set from 30
keV to 60 keV [19–22]. The acquired images of 44 pixel × 44 pixels were
cropped to 40 × 40 pixels in the center of the image for the DL.
Fig. 1 shows a schematic drawing (A) and a photo (B) of the set-up for
imaging the SEB using the x-ray camera. With the YAP(Ce) x-ray cam
eras, we conducted imaging experiments of SEB during irradiation of
proton beams to the phantom. The energy window of the camera was set
from 30 keV to 60 keV to measure low-energy SEB. The distance from
the x-ray camera to the center of the phantom was 42 cm. Proton beam
was irradiated to the center of a water phantom of which outer size was
20 cm (horizontal) × 20 cm (vertical) × 10 cm (depth) from the upper
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Fig. 2. Measured images of SEB with different acquisition times for 119.3 MeV protons.

Fig. 3. Projections of the experimental data (blue lines) and the model curves simulated using the model function (red curves) on x- (a) and y-axis (b). The left,
central, and right panels represent for the incident energies of 139.3, 119.3, and 100.2 MeV, respectively. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

side with a clinical proton therapy system (Hitachi, Japan). The SEB was
imaged during irradiation of proton beam for one of the three different
beam energies, 100.2 MeV, 119.3 MeV and 139.3 MeV-proton.
Imaging by the x-ray camera was conducted dynamic acquisition
mode (20 s acquisition × 9 frames) while water phantom was irradiated
with pencil beam protons. The number of protons irradiated to the
phantom for 20 s was ~ 3.5 × 1010 protons. This number of protons
corresponds to 21, 26, and 30 Gy at the Bragg peak for 100.2, 119.3, and
139.3 MeV-protons, which were calculated by the treatment planning
system. The measured dynamic SEB images were summed to produce
images with different acquisition times and used for DL testing. Some of
the measured SEB images with different acquisition times for 119.3 MeV
protons were shown in Fig. 2.

2.2. Image dataset for DL training
To generate SEB images for DL training, we utilized the model
function described in Ref. [23] that simulates realistic x-ray camera
images with the energy window of 30 keV to 60 keV deposited in the
YAP(Ce) scintillator. In the present study we fixed the parameter γ_y of
the Voigt profile included in the SEB profile along the beam axis, at 0.
This restriction prohibits the SEB profile along the beam axis from
having significant values in the region deeper than the range, thus
allowing the model to better reproduce the experimental values. The
projections of the experimental data for 180 s irradiation and the model
curves simulated using the model function on x-axis (perpendicular to
the beam direction) and y-axis (parallel to the beam direction) are
shown in Fig. 3. For all three energies, the model curves could resemble
the experimental data. In this study, energy dependences of the pa
rameters of the model function are represented as parabolic functions by
132
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Fig. 4. Double U-Nets model architecture for denoising of SEB images and converting into high-resolution dose images.

fitting the deduced values of the parameters.
As mentioned in Ref. [23], the dose distributions were prepared
directly by Monte Carlo (MC) simulations using the Particle and Heavy
Ion Transport code System (PHITS) [26] version 3.10 because the
computational burden for the calculation of dose distributions is much
smaller than that for the SEB images. These MC simulated dose images
were also used as the ground truth images for evaluating the U-Net
model predicted images.

For the second U-Net model, the input images (first U-Net’s outputs,
denoised images of SEB) were up-sampled by a factor of five to match
the size of the target image (200 × 200 dose image).
2.3.2. Network training
First, we trained a first U-Net model to denoise SEB images with
different count level as inputs and noise-free images as targets. Next, the
second U-Net model was trained to predict a high-resolution dose image
from the denoised images obtained by the first U-Net as inputs and dose
image as the target.
For training and validation of DL models, total 9500 datasets of SEB
images (difference count and noise free images) were created by
randomly setting the proton energy, irradiation position and number of
irradiated protons using in-house model functions. Nine hundred and
fifty high-resolution dose images corresponding to these SEB images
were simulated by MC. These simulated datasets were split into 8000
simulated pairs as training data, 1500 pairs as validation data.
The loss function was defined as the mean square error (MSE) be
tween the predicted images and the target images. The MSE loss was
minimized by the Adam algorithm with initial learning rate 10− 3,
beta_1 = 0.9, and beta_2 = 0.999. The learning rate was decayed by
multiply of a factor of 0.1 if there is no improvement in validation loss
for 5 epochs. Early stopping was used to stop the training and avoiding
overfitting if there is no improvement in validation loss for 10 epochs in
training model. The batch size was 10. These network models were
implemented using Keras and PlaidML as a backend, and were trained
on a Radeon Pro 580 (8 GB) graphic processing unit.

2.3. DL-based denoising and dose prediction for SEB images
2.3.1. Neural network architecture
The DL model composed of two standard U-Net models [24] to
overcome the issues mentioned above for SEB imaging. Both U-Net
models were same architecture as shown in Fig. 4. The architecture of
each U-net model consists of encoding process and decoding process.
The encoding process consists of two 3 × 3 convolutions layer with
rectified linear units (ReLU) and a 2 × 2 max pooling with stride 2 for
down-sampling, while the decoding process consists of 2 × 2 deconvo
lutions with stride 2 and two 3 × 3 convolutions with ReLU. In addition,
a 1 × 1 convolutional layer with ReLU as an activation function was
applied as a last layer of each U-Net model. The feature maps are copied
and concatenated via the skip connections to the convolutional layers at
each down- and up-sampling step between encoding and decoding
process, respectively. The first U-Net was used to denoise the SEB images
with different count into noise-free images. The second U-Net was used
to convert the denoised images into dose images with super-resolution.

Fig. 5. MSE and SSIM between ground truth image and U-Net predicted images from 300 simulated SEB images (a) and averaged differences in ranges and widths of
beams between ground truth images and U-Net predicted images from simulated SEB images (b) for ten groups with different number of irradiated protons from 10%
(3.2 × 1010 protons) to 100% (3.2 × 1011 protons).
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Fig. 6. Simulated SEB images of 100% count (3.2 × 1011 protons) (a), 50% count (1.6 × 1011 protons) and 10% count (3.2 × 1010 protons) (c), U-Net predicted
images from SEB image with 100% count (d), 50% count (e) and 10% count (f), corresponding ground truth images for 100% count (g), 50% count (h) and 10% count
(i), and difference images between dose and U-Net predicted images for 100% count (j), 50% count (k) and 10% count (l).

2.4. DL model performance evaluation

predicted dose images from the measured SEB images with the differ
ence count level to demonstrate the transferability and feasibility of
trained DL model by simulation images on real measured images. 27
measured images for testing data were obtained by varying the irradi
ation time of protons from 20 s (~3.5 × 1010 protons irradiation) to 180
s (~3.2 × 1011 protons irradiation) with 20 s intervals for 100.2, 119.3
and 139.3 MeV-proton. All of these SEB image counts were divided by
the number of irradiated protons to normalize the intensity of the images
for DL training and testing.

To evaluate the trained DL model’s performance depending on the
count level in the SEB images, we prepared 300 datasets from the
simulation for testing data. The 300 datasets of SEB images were
generated by changing the irradiated number of protons from 10% (3.2
× 1010 protons) to 100% (3.2 × 1011 protons) using in-house model
function. These datasets were divided into ten groups with different
number of protons to evaluate the DL performance depending on the
count level in the SEB images. In addition to the simulation data, we
134
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Fig. 7. Depth profiles for simulated SEB images, U-Net predicted dose images, MC dose (ground truth image) for 100% count level (a), for 50% count level (b) and for
10% count level (c), and lateral profiles simulated SEB images, U-Net predicted dose images, MC dose (ground truth image) for 100% count level (d), for 50% count
level (e) and for 10% count level (f).

2.5. Quantitative evaluation metric

Table 1
MSE, SSIM, and difference of ranges and widths of beams for U-Net predicted
images from simulated SEB images with 100% count, 50% count and 10% count
compared with ground truth images.

As image similarity metrics, we calculated the MSE and the structural
similarity index (SSIM) [27] between MC simulated dose images (later
we will describe these as ground truth images) and U-Net predicted
images by the trained DL model. Moreover, depth profiles and lateral
profiles were obtained with a profile of 10 pixels (~12.0 mm) width on
beam path to evaluate the absolute difference of ranges and widths of
the beam between U-Net predictions and ground truth images. The
range was defined as the depth position at distal falls to 80% of its
maximum value. The beam width was defined as a FWHM of lateral
profiles obtained at 36 mm-depth positions from the water surface.
3. Result

Metrics

100% count
(3.2 × 1011
protons)

MSE
SSIM
Range
difference
Width
difference

3.28 × 10−
0.998
0.2 mm

5

0.4 mm FWHM

50% count
(1.6 × 1011
protons)
1.78 × 10−
0.998
0.9 mm

5

0.1 mm FWHM

10% count
(3.2 × 1010
protons)
4.40 × 10−
0.989
1.9 mm

4

0.2 mm FWHM

FWHM on average, compared to 0.4 mm and 0.3 mm FWHM on average
for the 100% proton number group.
Three examples of simulated testing data were selected to show the
DL model’s performance varying with the count level in SEB images. The
simulated SEB images with three different counts (100%, 50% and 10%)
are shown in Fig. 6(a-c), the U-Net predicted images in Fig. 6(d-f), and
the corresponding ground truth images in Fig. 6(g-i). Fig. 6(j-l) show the
difference images between the U-Net predicted and ground truth
images.
The depth profiles of the simulated SEB images, U-Net predicted
images and ground truth images are plotted for the individual three
representative data in Fig. 7(a), (b) and (c), and their lateral profiles are
in Fig. 7(d), (e) and (f). In addition, the evaluated metrics of the dif
ference between the U-Net predicted images from simulated SEB images
compared with ground truth images for three count levels are summa
rized in Table 1.

3.1. Dose image prediction from the simulation data
To check the trained DL model’s performance depending on the
count levels in the SEB images, we predicted dose images from simulated
SEB images with different number of irradiated protons using the
trained DL model. Then we evaluated the similarities and differences
between U-Net predicted images and the grand truth images. Fig. 5(a)
shows the averaged values of MSE and SSIM between ground truth
image and U-Net predicted images as image similarity metric for ten
groups with different number of irradiated protons from 10% (3.2 ×
1010 protons) to 100% (3.2 × 1011 protons). As the number of irradiated
protons decreased, MSE increased and SSIM slightly decreased. The
averaged value of MSE for the 10% proton number group was 8.3 times
higher than that for the 100% proton number group. The averaged value
of SSIM for the 10% proton number group was 0.99 times higher than
that for the 100% proton number group. Fig. 5(b) shows the absolute
difference of ranges and widths of the beams for different number of
irradiated protons. For the 10% proton number group, the absolute
differences of ranges and widths of the beams were 2.2 mm and 0.5 mm
135
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Fig. 8. MSE and SSIM between ground truth image and U-Net predicted images from measured SEB images for 100.2 MeV (a), 119.3 MeV (b) and 139.3 MeV-proton
(c), and the difference in ranges and widths of beams between ground truth image and U-Net predicted images from measured data for 100.2 MeV (d), 119.3 MeV (e)
and 139.3 MeV-proton (f) for different relative number of irradiated protons. The relative proton number of 100% corresponds to 3.2 × 1011 protons.

3.2. Dose image prediction from the measured data

for various count level using the proposed DL approach. The trained DL
model achieved the performance with the difference of the ranges and
widths of the beams within 1.0 mm for the measured SEB images with ~
3.2 x1011 protons irradiations (180 s irradiation), as listed in Table 2.
The MSEs and SSIMs in that condition were smaller than 6.71 × 10− 5
and larger than 0.993, respectively (Table 2), which were similar values
to those for carbon-ion SEB images [23]. These results indicated that the
DL approach can be applied to SEB images of protons as well as those of
carbon-ions in the previous study.
The purpose of the first U-Net model was to denoise the SEB images
with various count level. High statistical noise in the measured images
leads to uncertainty in the ranges and beam width estimation for the SEB
imaging. A smoothing method using a Gaussian filter is commonly used
for denoising images, but this method results in a degradation of spatial
resolution and the data in the steep areas of the measured image [22].
Therefore, we applied the DL method to denoise the SEB images in the
first step to predict the dose image for the ranges and beam width
estimation. The purpose of the second U-Net model was to predict the
high-resolution dose image to solve the problems of limited spatial
resolutions of the measured images and nonlinearity between SEB and
proton-dose.
Even from the SEB images with smaller number of protons, our
proposed DL model achieved the performance with the difference of the
ranges and widths of the beams within 2.2 mm from the SEB image for
simulation data (Fig. 5). Moreover, we could estimate the ranges and
widths of the beams less than 2.1 mm differences from real measured
images (Fig. 8). These results indicate that our proposed DL approach
may be used for predicting the dose images for the real measurement
data under low-count conditions, and the transferability and feasibility
of trained DL model by simulation images on real measured images with
different count level.
The simulated and measured images of SEB were obtained by irra
diation of the total number of 1010 ~ 1011 protons. As shown in Fig. 2,
high-count images and clear beam trajectories could be obtained under
these irradiation conditions. However, these irradiation conditions were
still higher than the clinical dose level (107 ~ 108 protons/spot). To

To demonstrate the transferability and feasibility of trained DL
model by simulation images on real measured images, we predicted dose
images from the measured SEB images with the difference count level
for 100.2 MeV, 119.3 MeV and 139.3 MeV-proton.
Fig. 8(a)–(c) show the MSE and SSIM between ground truth images
and U-Net predicted images for different number of irradiated protons
for proton energy of 100.2 MeV, 119.3 MeV and 139.3 MeV, respec
tively. As the number of irradiated protons decreased, MSE increased
and SSIM slightly decreased. Fig. 8(d)–(f) show the absolute difference
of ranges and widths of the beams between ground truth images and UNet predicted images for different irradiation times for proton energy of
100.2 MeV, 119.3 MeV and 139.3 MeV-protons, respectively. The ab
solute differences in ranges and widths of the beams were less than 2.1
mm with the number of protons more than 10 % (3.2 × 1010 protons).
Three measured images were shown for demonstrating the differ
ences between ground truth images and U-Net predicted images for 20 s
irradiation (~3.5 × 1010 protons). The measured images of SEB are
shown in Fig. 9(a-c), the U-Net predicted images in Fig. 9(d-f), and the
corresponding ground truth images in Fig. 9 (g-i). The difference images
between the U-Net predicted and groundtruth images are also shown in
Fig. 9(j-l).
The depth profiles of the measured SEB images for 20 s irradiation
with 100.2 MeV, 119.3 MeV and 139.3 MeV-protons, U-Net predicted
images and ground truth images are plotted for the individual three
representative data in Fig. 10(a), (b) and (c), and their lateral profiles
are in Fig. 10(d), (e) and (f). In addition, the evaluated metrics of the
difference between the U-Net predicted images from measured SEB
images compared with ground truth images for three energies are
summarized in Table 2.
4. Discussion
In this study, we have successfully predicted the high-resolution dose
images from not only the simulated image but also measured SEB images
136
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Fig. 9. Measured SEB images with 20 s irradiation (~3.5 × 1010 protons, 11% counts) for 100.2 MeV(a), 119.3 MeV(b) and 139.3 MeV-proton(c), U-Net predicted
images for 100.2 MeV(d), 119.3 MeV(e) and 139.3 MeV-proton(f), corresponding ground truth images for 100.2 MeV(g), 119.3 MeV(h) and 139.3 MeV-proton(i),
and difference images between dose and U-Net predicted images for 100.2 MeV(j), 119.3 MeV(k) and 139.3 MeV-proton (l).

apply this approach in clinical dose level, we need to increase the
sensitivity of the developed x-ray camera [22] or increasing the number
of x-ray cameras will be required. In addition to the dose level, we
trained the SEB image data in a homogeneous water phantom in this
study. In clinical situation, proton-dose distributions in patient’s body
are complicated due to the change of the beam range caused by air and
bone structures. DL and Machine learning approaches have been applied
to predict delivered dose distributions in a patient’s body using irradi
ation log-files [28] and prompt gamma-ray images [29] and to accel
erate Monte Carlo dose calculation for treatment planning [30,31]. We
will try to measure SEB images for spread-out Bragg Peak for the clinical
dose level and to evaluate the performance of the DL estimation using
SEB image data in a heterogeneous phantom such as a patient’s body.
In this study, the SEB was measured using only one x-ray camera. To
improve the sensitivity of the measurements, we will design a system

with multiple x-ray cameras. Moreover, by placing the multiple x-ray
cameras at different angles, we may be able to measure threedimensional (3D) information and to reconstruct tomographic images.
The measured images with multiple x-ray cameras may also be used to
derive 3D dose images by DL without using the conventional recon
struction algorithms [32–34].
5. Conclusions
High resolution dose images from measured and simulated SEB im
ages were successfully predicted by using the trained DL model for
protons. Our proposed DL model was feasible to predict dose images
accurately even with smaller number of irradiated protons. Future study
will focus on applying the DL model to heterogeneous targets such as
patients and clinical irradiation fields in the clinical dose level for the
137
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Fig. 10. Depth profiles for measured SEB images, ground truth images, U-Net predicted images for 100.2 MeV (a), 119.3 MeV (b) and 139.3 MeV-proton(c), and
lateral profiles of U-Net predicted images from simulated SEB images, ground truth images, U-Net predicted images for 100.2 MeV (d), 119.3 MeV (e) and 139.3 MeVproton (f).
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