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Abstract
Objective: To present a long short-term memory (LSTM)-based prompt gamma (PG) emission
prediction method for proton therapy. Approach: Computed tomography (CT) scans of 33 patients
with a prostate tumor were included in the dataset. A set of 107 histories proton pencil beam (PB)s
was generated for Monte Carlo (MC) dose and PG simulation. For training (20 patients) and
validation (3 patients), over 6000 PBs at 150, 175 and 200MeV were simulated. 3D relative
stopping power (RSP), PG and dose cuboids that included the PB were extracted. Three models
were trained, validated and tested based on an LSTM-based network: (1) input RSP and output
PG, (2) input RSP with dose and output PG (single-energy), and (3) input RSP/dose and output
PG (multi-energy). 540 PBs at each of the four energy levels (150, 175, 200, and 125–210MeV)
were simulated across 10 patients to test the three models. The gamma passing rate (2%/2mm)
and PG range shift were evaluated and compared among the three models. Results: The model with
input RSP/dose and output PG (multi-energy) showed the best performance in terms of gamma
passing rate and range shift metrics. Its mean gamma passing rate of testing PBs of 125–210MeV
was 98.5% and the worst case was 92.8%. Its mean absolute range shift between predicted and MC
PGs was 0.15mm, where the maximum shift was 1.1mm. The prediction time of our models was
within 130ms per PB. Significance: We developed a sub-second LSTM-based PG emission
prediction method. Its accuracy in prostate patients has been confirmed across an extensive range
of proton energies.

1. Introduction

Proton radiotherapy is a well established cancer therapy method, which can achieve high-dose conformity
and significant sparing of healthy tissues because of its unique physical characteristics. However, due to its
steep Bragg peak dose deposition and distal dose fall-off, proton therapy is highly sensitive to proton range
uncertainties that can cause an overshoot or undershoot of the tumor, resulting in non-optimal dose
coverage of targets and/or overdose of healthy tissues (Unkelbach et al 2009, Paganetti 2012). To help
minimize such proton range delivery errors during treatment, online range verification would be beneficial
(Knopf and Lomax 2013).

During proton irradiation, positron-emitting isotopes and prompt gamma (PG) rays are generated by
proton-nuclear interactions, which have a strong correlation with proton dose distributions (Litzenberg et al
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1999, Min et al 2006). Therefore, positron emission tomography (PET) and PG imaging have been widely
considered for proton range verification (Moteabbed et al 2011). For online scenarios, in-beam PET systems
can provide positron-emitting isotope images with a given time delay, due to the isotopes’ half-life, and
estimate beam ranges during the course of treatment (Dendooven et al 2015, Purushothaman et al 2023). PG
imaging systems allow real-time PG signal range monitoring due to the PG emissions occurring within
nanoseconds after proton-nuclear interactions (Knopf et al 2009, Smeets et al 2012, Xie et al 2017, Berthold
et al 2021).

Although PG distributions are highly correlated to proton dose distributions, the comparison between
the measured PG distribution and the therapeutic dose distribution is not direct because the PG fall-off does
not explicitly match the dose fall-off (Janssen et al 2014, Schmid et al 2015, Tian et al 2018). An estimated PG
distribution for comparison to PG measurements can be calculated from the treatment plan by Monte Carlo
(MC) simulations (Choi et al 2020, Wrońska et al 2021). These methods are usually time-consuming due to
the rarity of PG events that require high numbers of protons for simulation, which does not meet the
requirements for online verification. While several analytical approximation methods (Sterpin et al 2015,
Pinto et al 2020) and MC simulation using massively parallel central processing unit (CPU) architectures
(Souris et al 2016) were developed to calculate the expected PG distributions in a few seconds for clinical
routine, real-time and accurate PG calculation methods are still an open research topic. Particularly for
next-generation online or even real-time adaptive proton therapy (Paganetti et al 2021), which aims for
immediate treatment corrections during radiation delivery, PG calculation would benefit from MC accuracy
and sub-second speed.

Recently, several studies have shown the potential of deep learning techniques to realize fast proton dose
calculation with accuracy comparable to MC simulations (Javaid et al 2021, Neishabouri et al 2021, Wu et al
2021, Zhang et al 2021, Pastor-Serrano and Perkó 2022). These methods can be broadly divided into two
categories: The first one uses computationally cheap physics quantities as input, e.g. high noise MC dose
(Javaid et al 2021), pencil beam (PB) dose (Wu et al 2021), or analytically derived stopping power (Zhang
et al 2021), and learns corrections that can be applied to the cheap inputs and lead to a highly accurate MC
dose. The second category (Neishabouri et al 2021, Pastor-Serrano and Perkó 2022), based on sequential
processing of single proton PBs in the beam’s eye view (BEV), using long short-term memory (LSTM)
(Hochreiter and Schmidhuber 1997) or Transformer (Vaswani et al 2017) models, can achieve dose
prediction without the auxiliary physical input. Furthermore, due to their models exclusively focusing on the
PB area, they tend to be lightweight and exhibit fast inference speeds. Given the close correlation between
dose and PG distributions along the beam path, and the successful use of recurrent neural network
(RNN)-based networks, such as LSTM, in predicting dose distributions for single PBs in heterogeneous
geometries, this study explores their potential for predicting PG distributions.

In this work, a sub-second PG emission prediction method for proton beam spots was developed based
on a previous LSTM-based proton dose calculation model (Neishabouri et al 2021), and its accuracy in
prostate cancer patients was tested. In addition, by incorporating dose information into our model, we
explored the capacity of the PG prediction model to generalize the mapping to unseen proton energies.

2. Materials andmethods

2.1. Proposed framework
Based on the characteristic that PG emissions occur in the proton beam path until the energy of primary
protons decreases below the reaction threshold, the PG prediction task closely follows the 3D dose
distribution pattern. When viewed in the BEV coordinate system, the 3D PG distribution can be seen as a
spatiotemporal sequence of 2D slices. Given the initial energy and beam direction of a PB, the framework
illustrated in figure 1 proposes two approaches to process these 2D sequences, to collectively predict the 3D
PG distribution through the proton penetration path based on the patient’s computed tomography
(CT)-derived relative stopping power (RSP) to water.

For the model from RSP to PG (RP) illustrated in figure 1(a), the 3D RSP cuboid containing the PG
region of a PB is firstly resampled from the patient’s CT scan. After the BEV coordinate conversion, the 3D
RSP cuboid is conceptualized as a succession of 2D slices progressing from upstream to downstream and
each slice is flattened into a 1D sequence, which can be processed by the uni-directional LSTM unit. The
internal hidden state and cell state generated by the LSTM unit from upstream can be used as the input
information for the downstream sequence prediction and the output sequences are fed into a back-end
fully-connected layer network to generate the predicted PG slices. In the end, the generated PG slices are
reassembled to match the 3D PG cuboid dimensions and then compared with the MC PG ground truth.

For the mixed-input model from RSP and dose to PG (RDP) depicted in figure 1(b), inspired by the dose
filtering method making full use of dose distribution for PG prediction (Pinto et al 2020), dose is utilized as
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Figure 1. Training framework of this study: (a, left) The MC PG distribution of a PB with the outline of a 3D cuboid of interest.
(a, middle) The 3D input RSP cuboid and ground truth PG cuboid after BEV resampling. (a, right) The LSTMmodel, which
consists of a one-layer LSTM network and a two-layer fully-connected network (labeled as LSTM and FC in the figure), converts a
sequence of RSP slices to a sequence of PG slices; (b, left) The MC dose and PG distributions of a PB with the outline of a 3D
cuboid of interest. (b, middle and right) 3D RSP and dose cuboids are inputted into the model and the LSTMmodel converts a
sequence of RSP and dose slices to PG slices. (c) The corresponding LSTMmodule structure: xt is the 1D flattened input slice
received at each step, while ht represents the corresponding 1D output sequence passed to the fully-connected network. The cell
states ct-1 and ct (previous and current steps) and the hidden states ht-1 and ht (previous and current steps) are for maintaining the
LSTM’s memory. The σ functions denote the input, forget, and output gates of the LSTM, whereas the tanh functions denote the
updating of the cell state information.

the auxiliary information together with RSP. First, the PB dose cuboid of the same size as the corresponding
RSP cuboid is extracted and resampled in the BEV coordinate system. Then, the slices of dose and RSP
cuboid of the same depth in beam direction are concatenated and flattened into 1D input sequences, and the
LSTM and the back-end fully-connected layer network process these combined sequences and output
predicted PG.

The PG results from RP and RDP models were compared to evaluate the impact of the introduction of
dose information, which would be routinely available in clinical workflows. In addition, due to the energy
information carried by the dose distribution in the RDP model, the capability of this model to predict PG
distributions across a range of unseen energies was investigated.

2.2. Patient datasets andMC simulations
A dataset consisting of 33 planning CT scans of prostate cancer patients treated at the Department of
Radiation Oncology, LMU University Hospital, was collected for this study. All planning CT images were
obtained from a single CT scanner (Aquilion LB, Canon Medical Systems, NL) and were resampled to a voxel
size of 1.5mm× 1.5mm× 1.5mm. All patients had no artificial implants and went through prior
anonymization to adhere to the data protection law.

MC simulations in this work were performed using Geant4 version 11.00-patch-03 with the predefined
QGSP_BIC_HP_EMZ Geant4 physics list. This physics list incorporates multiple scattering and ionization
for charged particles, offering a suitable compromise between performance and speed. We utilized a CT
scanner-specific lookup table, established in previous work (Schmid et al 2015), for converting CT numbers
to mass density and material composition in the Geant4 MC simulations. The model input RSP maps were
also generated by Geant4, using the voxelized geometry of the corresponding CT and setting the mean
excitation energy of the water to 78 eV and the proton energy to 150MeV. For the PG and dose simulation,
considering that the aim of this study is to predict the PG distribution at the level of individual PBs, PG and
dose for single PBs were scored simultaneously. For each PB, 107 initial protons, referenced from Souris et al
(2016), were simulated with an energy spread of 0.83MeV and a Gaussian shape in the transverse plane with
a standard deviation of 4.2mm. In each voxel, the number of emitted PGs with energies above 3MeV
(Sterpin et al 2015) was recorded.
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Figure 2. (a) Initial positions of PB distributions in the transverse plane (six angles on each side and two spots on each angle); (b)
corresponding PB positions in the sagittal plane of the patient.

Table 1. PB energies (MeV) and PB numbers (N) of three datasets for RP and RDP models (N represents the PB number of the dataset
before the overshooting PB filtering). The 125–210 MeV dataset corresponds to randomly sampled integer energies in that range.

Dataset [MeV (N)]

Model Training Validation Test

RP 150 (1920) 150 (288) 150 (540)
RDP (SE) 150 (1920) 150 (288) 150 (540)
RDP (ME) 150 (1920), 175 (1920), 200 (1920) 125–210 (864) 150 (540), 175 (540), 200 (540), 125–210 (540)

The world coordinate system that Geant4 uses is aligned with the CT anatomy and its basis vectors
{e1,e2,e3} point to the right lateral, posterior and superior direction of the patient respectively. The PB
penetration was set to occur in the transverse plane and PBs were isotropically sampled across a cylindrical
surface surrounding the prostate region. With the right lateral direction corresponding to 90◦, PBs were
confined in a predefined angular sector within the angle of [40◦,140◦]∪ [220◦,320◦] to ensure none were
positioned posterior or anterior to the patient. 12 different angles with a stepsize of 16.6◦ were sampled and a
2× 4 spot grid with a resolution of 2.5cm× 5cm was then generated in the plane orthogonal to the direction
from each of these 12 angles, as shown in figure 2. For each transverse plane, the PBs point towards the center
of this plane, finally yielding 96 PBs for each patient.

Table 1 lists the three PB datasets that were simulated for RP and RDP models, with a consistent
training/validation/test patient number split of 20/3/10. Due to limitations of the simulation time (averaged
PB simulation time of about 20 hours per single core of an Intel(R) Xeon(R) Gold 6354 3.00 GHz CPU), 96
PBs per patient were simulated in all training and validation datasets, while 54 PBs randomly selected from
96 PBs per patient were simulated in all test datasets. For the mono-energetic RP model, a dataset containing
RSP and PG maps of one single energy (SE) of 150MeV was simulated, yielding 1920 PBs for training, 288
PBs for validation and 540 PBs for testing. For the energy-agnostic RDP model, to firstly assess the impact of
the introduction of the dose, the same dataset of 150 MeV energy as for the RP model was used, but it
included the corresponding simulated dose maps. Second, to explore the capability of the RDP model to
predict PG distribution across multiple energies (ME), PBs at 150, 175, and 200MeV energies in 20 patients
were simulated for training (1920 PBs at each energy). To assess whether that model worked at arbitrary
energies, 864 PBs in 3 patients were simulated for validation, each PB with an integer energy randomly
sampled from 125 to 210MeV. A total of 2160 PBs with energies of 150, 175, 200MeV, and randomized
energies ranging from 125 to 210MeV (each sub test set comprised 540 PBs) were simulated for testing
across 10 patients. Furthermore, in order to avoid the impact of overshooting PBs on the PG range modeling,
220 overshooting PBs in the 200 MeV energy dataset and 34 overshooting PBs in the 125–210MeV energy
dataset were filtered out.

2.3. Pre-processing
After the MC simulations for three datasets, the values of all the RSP, dose and PG maps outside of the
patient body were set to zero. Then, for each PB, the world coordinate system was replaced with the BEV
coordinate system, based on the initial position and orientation of the PB, to model the slices perpendicular
to the beam direction. The 3D cuboids of RSP and PG maps for the RP model and the 3D cuboids of RSP,
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dose and PG maps for the RDP models were cropped starting from the patient’s surface and resampled.
According to the energy range of all PBs from 125 to 210MeV, the dimensions of all 3D cuboids were set to
320× 24× 24, representing respectively the penetration depth z and the 2D lateral spread length x and width
y of the PB, with a resolution of 1mm× 2mm× 2mm. Finally, global normalization was performed for the
three datasets described in table 1. The training, validation, and testing cuboids were normalized to the
maximum RSP, dose and PG cuboid values of the training dataset.

2.4. Model architecture
The network architecture for the RP and RDP model is the same, corresponding to the LSTMmodel used in
Neishabouri et al (2021) for proton dose calculation. The LSTM features one layer and the hidden state ht is
of size 1000 (the module architecture shown in figure 1(c)), followed by two back-end fully-connected layers
with 100 neurons each and ReLu activation function. The final PG output has the size of the flattened RSP
slice and gets reshaped to 2D.

For the training of the RP model and the two RDP models, the Adam optimizer was used to minimize the
mean squared error (MSE) loss between the output PG and MC PG sequences. The initial learning rate was
set to 10−5 and the batch size to 4. We used Python 3.8.10 and Pytorch 2.0.1 to implement the three models
and trained them in an NVIDIA RTX A6000 GPU (48 GB memory) for 2000 epochs, which took less than 1
day for the RP and RDP (SE) models and around 2 days for the RDP (ME) model. The models with the best
overall MSE validation loss were identified and used for the prediction. After training, the RP model and the
two RDP models were evaluated on the corresponding test dataset described in table 1.

2.5. Evaluation
After obtaining all PG predictions from the three models, gamma passing rates, range shifts and integrated
differences between predicted PGs and MC PGs were evaluated from three test datasets.

Specifically, we used the open-source library PyMedphys (Biggs et al 2022) to calculate the 3D global
gamma passing rates γpr with a 2%/2mm criteria, and the evaluated PG count threshold was set to 10% of
the maximum PG count for each PG cuboid, similarly to the common methodology applied to dose (Song
et al 2015).

To make the PG range shift evaluation accurate, all predicted PG and MC PG cuboids were resampled to
3200 bins in the z direction with a resolution of 0.1 mm, and a profile shifting method similar to Knopf et al
(2008) was performed. After cropping the PB entry path (10 mm) into the body and the tail area of the PG
profiles containing negligible values (PG counts lower than 1% of the PG maximum) to determine the
profile evaluation interval I, the laterally integrated profiles A(z) of MC and predicted PG distributions in I
were evaluated. For δ ranging from−10.0mm to 10.0mm in steps of 0.1 mm, the root mean square error
(RMSE) between the shifted prediction profile Apred(δ,z) and the stationary MC profile AMC(z) was
calculated at each shift voxel step. The step with the smallest RMSE value represented the step with the best
overlap between the two profiles, while the PG range shift∆z can be determined from the amount of shift
corresponding to that step:

∆z= argmin
δ

(√
1

n

∑
z∈I

(
Apred (δ,z)−AMC (z)

)2)
[mm] (1)

where n= |I| is the length of the profile evaluation interval.
In addition, laterally integrated PG-depth profiles with corresponding relative count differences ϵrel (%)

through the z axis and total integrated count differences ϵint (%) from three dimensional predicted PG and
MC PG cuboids were used for the relative disagreement and systematic offset evaluation, respectively.

ϵrel = 200

(
Ppred − PMC

)(
Ppred + PMC

) [%] (2)

ϵint =
∑
x

∑
y

∑
z

100
|Cpred −CMC|

CMC
[%] (3)

where Ppred and PMC are the predicted and MC PG count through the laterally integrated profile, and Cpred

and CMC are the predicted and MC PG count per voxel.
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Figure 3. A nominal case in the 150MeV test dataset: (a)–(c) yz slice of normalized MC PG, normalized predicted PG from (a) RP
model, (b) RDP (SE) model and (c) RDP (ME) model, gamma index map crossing the maximum of MC PG, and laterally
integrated normalized PG profiles with the relative count differences along the beam path.

3. Results

To evaluate and compare the predictive performance of the RP, RDP (SE) and RDP (ME) models, the test
results of three models in the same 150 MeV test dataset are shown in section 3.1. To assess the ability of the
RDP (ME) model to predict PG distributions of different energies, the test results of the RDP (ME) model in
150/175/200/125–210 MeV test datasets are shown in section 3.2. Finally, the prediction runtimes for RP and
RDP models are reported in section 3.3.

3.1. Results for RP, RDP (SE) and RDP (ME) models in the 150MeV test dataset
Due to the energy of all beams being 150MeV, for visualization purposes, PG examples shown in this section
were cropped from the original cuboid size (320× 24× 24) to 200× 24× 24 to focus on the main PG region.
Figure 3 presents a nominal case predicted by the RP, RDP (SE), and RDP (ME) models in the 150 MeV test
dataset, respectively in (a)–(c). Based on the identical RSP map, all the three models successfully predicted
PG distributions with the gamma passing rate γpr higher than 98.9% and the range shift∆z within 0.5mm.
The corresponding laterally integrated profiles of MC and predicted PG also demonstrated good consistency.
Moreover, in comparison to∆z of 0.5 mm and ϵrel of up to 40% of the predicted PG from the RP model, the
predicted PGs from the RDP (SE) and RDP (ME) models with the auxiliary input of dose distribution
showed better∆z (-0.1 mm) and better relative PG count difference ϵrel as shown in figures 3
(b) and (c).

To evaluate and compare the overall performance of the RP, RDP (SE) and RDP (ME) models in the
150MeV test dataset, table 2 shows the mean, worst values and standard deviations (SD) of the evaluated
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Table 2. The mean, worst values and SDs of evaluated metrics for the RP/RDP (SE) models in the 150MeV test dataset and for the RDP
(ME) model in 150/175/200/125–210MeV test datasets.

∆z (mm) γpr (%) ϵint (%)

Model E (MeV) |mean| SD min max mean SD min mean SD max

RP 150 0.50 0.58 −1.5 3.5 98.14 1.03 89.97 0.71 0.60 3.77
RDP(SE) 150 0.20 0.28 −0.8 1.6 98.18 1.11 91.44 0.71 0.56 3.34
RDP(ME) 150 0.15 0.22 −0.5 1.6 99.09 0.57 95.00 0.50 0.48 2.82

175 0.13 0.16 −0.4 0.7 98.70 0.70 93.93 0.60 0.42 2.27
200 0.11 0.13 −0.3 0.7 98.36 0.72 93.63 0.55 0.37 1.70
125–200 0.15 0.19 −0.8 1.1 98.50 0.99 92.83 0.87 0.86 6.16

Figure 4. Patient specific boxplot for (a) γpr and (b)∆z of predicted PGs from the RP, RDP (SE) and RDP (ME) models in the
150 MeV energy test dataset. The red cross denotes the mean and the green line denotes the median value. The boxes denote the
range between 25th and 75th percentiles. The orange whiskers denote the 5th and 95th percentiles, while the black points denote
outliers outside of that range.

metrics for the three models. For the range shift metric∆z, the mean absolute∆z was within 0.5mm for the
RP model. In contrast, it was 0.2mm for the RDP (SE) model and 0.15 mm for the RDP (ME) model, both
outperforming the RP model. The worst∆z of the RDP (SE) and RDP (ME) models (within 1.6mm) were
also better than that of the RP model (within 3.5mm). For the γpr and ϵint metrics, the RDP (ME) model
demonstrated the best performance, and the RDP (SE) model showed marginally superior results compared
to the RP model. γpr results of all three models in the 150MeV test dataset were above 89.9% and ϵint within
3.77%.

Figure 4 further shows patient specific boxplots for the γpr and∆z metrics of predicted PGs from the
three models across 10 test patients in the 150MeV test dataset. Similar to the results analyzed in table 2, the
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Figure 5. The worst case predicted by the RP model and the corresponding cases predicted by the RDP (SE) and RDP (ME) model
in the 150MeV test dataset: (a)–(c) yz slice of normalized MC PG, normalized predicted PG from (a) RP model, (b) RDP (SE)
model and (c) RDP (ME) model, gamma index map crossing the maximum of MC PG, and laterally integrated normalized PG
profiles with the relative count differences along the beam path.

RDP (ME) model performed the best in the γpr metric. The∆z of the 5th to 95th percentile for the RDP (SE)
and RDP (ME) models (rarely larger than 1 mm) were smaller than that of the RP model. The results
demonstrated that the introduction of dose distribution for the model can improve the predicted PG range
accuracy.

Figure 5(a) presents the worst case in terms of∆z predicted by the RP model in the 150MeV test dataset.
It can be seen that the air cavity contributed to an overestimation of the predicted PG range by the RP model.
Figures 5(b) and (c) show the corresponding case predicted by the RDP (SE) and RDP (ME) models,
respectively. In this case, RDP models aided by the introduction of dose enhanced the accuracy of PG range
prediction. Figures 6(a) and (b) present the worst case in terms of∆z predicted by the RDP (SE) and RDP
(ME) model in the 150 MeV test dataset, which had smaller range shift∆z than the worst case predicted by
the RP model.

3.2. Results for the RDP (ME) model in the 150/175/200/125–210MeV test datasets
Figure 7 presents three nominal cases predicted by the RDP (ME) model in the 125–210MeV test dataset
(129MeV PG in figure 7(a), 177MeV PG in figure 7(b) and 206MeV PG in figure 7(c)). The laterally
integrated profiles of MC and predicted PG exhibited good consistency and absolute∆z were within 0.5mm,
indicating that the RDP (ME) model, trained with data from three distinct energy levels (150/175/200MeV),
has the ability to generalize the mapping to energies beyond the 150–200MeV range. Figure 8 further shows
the boxplots for the γpr and∆z metrics of predicted PGs from the RP model and the two RDP models in

8



Phys. Med. Biol. 69 (2024) 235003 F Xiao et al

Figure 6. The worst case predicted by the RDP (SE) and RDP (ME) model in the 150MeV test dataset: (a), (b) yz slice of
normalized MC PG, normalized predicted PG from (a) RDP (SE) model and (b) RDP (ME) model, gamma index map crossing
the maximum of MC PG, and laterally integrated normalized PG profiles with the relative count differences along the beam path.

different test datasets. From the results of four 150/175/200/125–210 MeV test sets, the RDP (ME) model
consistently achieved γpr above 91%, with only three outliers exceeding∆z of 1mm. The worst case
predicted by the RDP (ME) model in the 125–210MeV test dataset is also shown in figure 9, where the air
cavity caused an overestimation of the PG range by the model. Overall, the RDP (ME) model achieved high
accuracy in the corresponding four test datasets.

3.3. Model prediction runtimes
The model prediction runtime includes the cuboid extraction time and the model inference time. All
computation measurements were carried out on a workstation equipped with an Intel(R) Xeon(R) Gold
6354 3.00 GHz CPU and an NVIDIA RTX A6000 GPU. The averaged extraction time for a RSP or dose
cuboid was about 55ms, and the averaged inference time of the RP and RDP model for a single PB was
around 10 ms (10.3ms) and 11ms (10.6ms), respectively. In total, the single PB prediction time for the RP
model was within 70ms, and for the RDP model was within 130ms. Geant4 MC PG simulations took
approximately 20–30 h on a single CPU core for a single PB comprising 1× 107 protons, with the duration
varying depending on the initial proton energy. Although multi-core CPUs (e.g. 32 cores) can accelerate this
process significantly, the runtime of Geant4 simulations that model the full set of physics, still requires tens
of minutes.

4. Discussion

In this study, we proposed a sub-second PG prediction approach for proton beam spots based on a previous
LSTM-based proton dose calculation model (Neishabouri et al 2021). Our experiments indicate that both
methods, either using RSP as the only model input or RSP plus dose as model inputs, can achieve accurate
PG predictions in prostate cancer patients. The comparative test results of the RP and RDP (SE) models
demonstrate that incorporating dose information into the LSTMmodel can drastically improve the accuracy
of PG range prediction. Despite the dose and RSP slices being flattened and concatenated, no loss of spatial
coherence is observed in the outcome. Besides, the superior performance of the RDP (ME) model over the
RDP (SE) model on the 150MeV test dataset suggests that the model mapping acquired from analyzing more
data with different energies can enhance the outcome for single energies when considered separately,
demonstrating increased robustness. Moreover, the results of the RDP (ME) model on the 125–200MeV test
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Figure 7. Three nominal cases predicted by the RDP (ME) model in the 125–210MeV test dataset: (a)–(c) yz slice of normalized
MC PG, normalized predicted PG for energies of (a) 129MeV, (b) 177MeV and (c) 206MeV, gamma index map crossing the
maximum of MC PG, and laterally integrated normalized PG profiles with the relative count differences along the beam path.

dataset indicate that the model trained on three separate energies can generalize the mapping across a wide
range of unseen proton energies, which is quite interesting. Although the RDP (ME) model showed its mean
PG range shift is lower than 0.15mm across all test datasets, the presence of air cavities sometimes still
resulted in increased errors (e.g. figure 9, Prt033 and Prt038 in figure 4). This may be due to the insufficient
data, as only 433 out of 6404 PBs in the training and validation datasets include cases with air cavities.

Once the LSTMmodel was trained, the PG prediction for an individual beam spot can be finished within
70ms with the RP model (averaged model inference time of 10.3ms) and 130ms with the RDP model
(averaged model inference time of 10.6ms), including data preparation. The inference time comparison
between the RP and RDP model is also interesting: the RDP model introduced only 0.3ms runtime surplus
while it processed double amount of input vector (from 576 to 1152) for each time step. This is mainly
because the feature dimension of the input has a much smaller influence on the inference time of an LSTM
compared to the time step size (320 in our case) and the hidden layer size, allowing it to handle long-vector
inputs efficiently. In our case, this means the LSTMmodel can process more channels of inputs or larger 2D
slices with a negligible increase in inference time. Additionally, the inference of both the RP and RDP models
exhibited low GPU memory requirements, with each model utilizing less than 1.5 GB.

Our method is compared with two fast analytical PG approximation methods (Sterpin et al 2015, Pinto
et al 2020) and the multi-CPU MCmethod (Souris et al 2016) in terms of accuracy and runtimes. The first
analytical method (Sterpin et al 2015) can approximate PG emission profiles based on look-up tables. In a
given geometry, the local PG emission can be derived by adding the contribution of each chemical element
according to the local energy of the proton and the local composition. Compared with MC PG emission
simulations, their method could achieve a 3%/1mm symmetric γpr (Dhakal and Yepes 2014) (with the PG
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Figure 8. Boxplot for (a) γpr and (b)∆z metrics of predicted PGs from the RP and RDP (SE) model in the 150MeV test dataset,
and RDP (ME) model in 150/175/200/125–210 MeV test datasets. The red cross denotes the mean and the green line denotes the
median value. The boxes denote the range between 25th and 75th percentiles. The orange whiskers denote the 5th and 95th
percentiles, while the black points denote outliers outside of that range.

Figure 9. yz slice of normalized MC PG, normalized predicted PG, gamma index map crossing the maximum of MC PG, and
laterally integrated normalized PG profiles with the relative count differences along the beam path of the worst case predicted by
the RDP (ME) model in the 125–210MeV test dataset.

11



Phys. Med. Biol. 69 (2024) 235003 F Xiao et al

count threshold set to 10% of the maximum PG count) above 97.6% for PBs in different heterogeneous
phantoms and 90.2% for PBs in a highly heterogeneous lung patient case, demonstrating very good PG
accuracy. Their evaluated energy range was limited to six discrete energies (100, 110, 115, 145, 150, and
200MeV). The computation time for this method on a single CPU core, considering 107 incident protons,
ranged from 0.3 s (without super sampling) to 10 s (super sampling with 113 rays), depending on the
number of sample rays per spot. The second analytical method (Pinto et al 2020) utilized TPS PB dose as
input for convolution filtering operations to output PG distribution. This filtering approach was compared
to MC simulations in terms of shifts of the longitudinal PG profiles for each spot in patient cases, involving
abdomen and more heterogeneous head-and-neck areas, achieving mean shifts ranging from−1.3 to 0.9mm
across four patient cases. The computation time of this method in single threaded CPU mode was around
63 ms (30/477= 0.063 s) per spot. It should be noted that it is unfair to directly compare the PG results of a
method using a less accurate analytical dose algorithm as input with our LSTMmethod, which uses MC dose
as input, given that MC PG served as the ground truth. However, fast MC dose inputs are becoming more
accessible with the availability of many fast MC-based dose calculation algorithms nowadays. The MC
algorithm of a commercial TPS (RayStation) has been validated to achieve a median computation time of
5.2 s for clinical plans with 1.0% statistical uncertainty (Fracchiolla et al 2021). As the current state-of-the-art
for MC dose calculation speed is 106–107 protons per second, MC methods may overtake analytical
approaches in the future (Holmes et al 2024). For the multi-CPU MCmethod (Souris et al 2016), although
no shift metrics and test results for patient cases were reported, the method achieved maximum deviations of
less than 20% in lateral PG emission profiles of a 150MeV PB in a heterogeneous phantom compared to
Geant4 simulations, and deviations mainly occurred at interfaces in the phantom. The simulation time of
this multi-CPU MCmethod with its fastest configuration was less than 25 s to simulate 107 protons in soft
tissue. Compared to the aforementioned methods, our approach utilizing the RDP(ME) model achieved an
average shift within 0.15 mm per spot in 10 prostate patient cases, with the test energy range covering from
125 to 210MeV. It also demonstrates the speed competitiveness with a prediction time within 130ms (model
inference time of 11ms) for 107 simulated protons, and its runtime does not scale with the number of
protons in the PB.

Due to computing resource limitations, the number of initial protons simulated per spot in this study
was set to 107, consistent with Souris et al (2016). This can be sufficient for PG emission simulation, but may
not be adequate for the PG detection, where usually more than 108 proton simulations are required (Draeger
et al 2018). It’s worthwhile exploring if our RDP model trained with the data simulated by 107 protons can
demonstrate robust performance in different proton number levels. To investigate this, we conducted a
preliminary experiment: One random selected PB (167MeV) from the 125–210MeV test dataset was
simulated using 106 and 108 protons respectively, resulting in two sets of dose and PG distributions (due to
the MC simulation of 108 protons taking approximately 6 days, only one PB was simulated). Subsequently,
the cuboid extraction and normalization was done to get the model input dose and RSP cuboids, and the
ground truth PG cuboid. It needs to be mentioned that, compared to dose and PG simulated by 107 protons,
those simulated by 106 and 108 protons were normalized by a factor of 1/10 and 10 respectively. The test
results of RDP (ME) model for a 167MeV PB simulated by 106, 107 and 108 protons are shown in the
appendix with figure A1. Our model demonstrated its robust performance in terms of range prediction, both
for 108 protons (less noisy dataset) and for 106 protons (noisier dataset). This is important, given that the
primary use of PG distributions is envisaged to be range monitoring. Concerning the γpr metric, the model
achieved high performance for the 108 protons dataset, but lower for the 106 protons dataset. As the model
prediction is in general smoother than the ground truth data, we can conclude that for the 106 protons
dataset, where the prediction and MC differ the most in terms of fluctuations, the γpr tends to be worse.

Although our method showed promising results in prostate patient cases, more extensive sites and
geometries need to be included in future studies. It should be noted that our method could also work with
the Hounsfield unit maps of patient’s CT, but since RSP maps are consistent with dose and with PG generated
fromMC simulations and can be easily obtained from the treatment planning system (TPS), we chose to
directly use RSP maps. As the PG distributions are strongly correlated with the chemical composition,
adding that kind of information (which can be derived from CT or even dual energy CT (Niepel et al 2024))
might yield better results than RSP alone, and multiple channel inputs would not significantly increase the
inference time of our LSTMmodel. The proposed mixed-input method (RDP model) currently uses MC
dose as one of the model inputs. For practical application, the model’s dose input must be adjusted according
to the specific dose algorithm used by the TPS, and the model needs to be retrained. This ensures that the
predicted PG distribution from our method would be consistent with the dose calculated by the TPS, which
requires verification. It is worthwhile to investigate the model performance when using a dose distribution
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less accurate than the one fromMC simulation (e.g. calculation errors due to heterogeneities) as our model
input. Since we do not have access to an analytical PB algorithm with beam splitting from a commercial TPS,
we developed a dose prediction model based on the LSTMmethod instead (Neishabouri et al 2021, Radonic
et al 2024) using the 150MeV dataset (see figure B1 in appendix B for γpr performance). We believe that an
LSTM dose prediction, especially in highly heterogeneous regions (prediction errors due to air cavities in our
cases), is a good approximation of a state-of-the-art TPS analytical dose. The comparison of the RDP model
using MC dose and LSTM dose input in the 150MeV energy dataset are reported in appendix B. From
figures B2 and B3, we found that the errors introduced by the input dose reduced the PG prediction accuracy
of the RDP PG prediction model, and its accuracy was comparable to the RP PG prediction model.

Considering the time constraints of the clinical workflow, our LSTM approach and several analytical
methods can offer alternative solutions for the slow PG MC simulations. Similar to the analytical methods,
our method can also be used for PB selection before treatment delivery. After rapid PG predictions of
different PBs from our model, new treatment planning strategies (Tian et al 2018, 2020) can be employed to
select PBs with high correlation as suitable candidates for reliable PG detection, before delivering the
complete plan. Our method can be further utilized for real-time plan adaptation, which would also require
real-time PG prediction. We believe that this is feasible given current advancements and could be of interest,
for example, in magnetic resonance imaging (MRI) guided proton therapy (Hoffmann et al 2020). Since
3D+t CTs with a temporal resolution of 3.65 Hz may be generated from orthogonal 2D cine MRI (Rabe et al
2023), the real-time update of 3D+t RSPs should also be achievable. By employing an AI-accelerated dose
engine, such as an LSTM dose model (Neishabouri et al 2021), real-time dose distributions could be
obtained. Consequently, real-time PG prediction using our model could be achieved. Fast PG prediction is
only one of the steps in the workflow above, but nonetheless it would be an important one. Finally, our
current implementation predicts PG distributions at the emission level inside the patient body, therefore,
validation with PG detection data from experimental PG camera also need to be explored in the future.

5. Conclusions

We successfully developed a sub-second LSTM-based PG emission prediction method. Its accuracy in
prostate patients has been confirmed across an extensive range of proton energies. The proposed method has
the potential to improve the efficiency of online proton range verification in the adaptive proton therapy
workflow.
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Appendix A

Figure A1. One 167MeV PB case simulated with different number of protons: (a)-(c) yz slice of normalized MC PG simulated
with (a) 106, (b) 107 and (c) 108 protons, normalized predicted PG from the RDP (ME) model, gamma index map crossing the
maximum of MC PG, and laterally integrated normalized PG profiles with the relative count differences along the beam path.

Appendix B

We trained the dose prediction model based on the LSTMmethod (Neishabouri et al 2021, Radonic et al
2024) using the same training, validation, and test datasets in the 150MeV energy dataset shown in table 1 in
the main text. With the input of RSP and output of approximated MC dose, the LSTM dose model was
trained using the same training parameters as the RP model. The model with the lowest MSE validation loss
was saved. The patient specific boxplots for γpr of predicted doses from the LSTM dose model in the
150MeV test dataset are shown in figure B1, and the predicted dose of one selected outlier test case with an
air cavity is shown in figure B2(a). The γpr values for all predicted cases are above 90%, with Prt033 and
Prt038 being relatively lower due to the higher presence of air cavities in the cuboids in these two test cases.
Figure B2(a) demonstrates that the LSTM dose may introduce prediction errors due to air cavities compared
to MC dose in our cases.

To generate the training and validation datasets for the RDP model using LSTM dose input, doses from
the 150MeV training and validation datasets were predicted using the LSTM dose model. Then the RDP (SE,
LSTM dose) PG prediction model was trained using the same training parameters as the RDP (SE, MC dose)
PG prediction model and saved with the lowest MSE validation loss. The predicted PG results from the RDP
(SE, LSTM dose) PG prediction model in 10 test patients were compared with the results from the RDP (SE,

14



Phys. Med. Biol. 69 (2024) 235003 F Xiao et al

Figure B1. Patient specific boxplots for γpr of predicted doses from the LSTM dose model in the 150MeV energy test dataset. The
red cross denotes the mean and the green line denotes the median value. The boxes denote the range between 25th and 75th
percentiles. The orange whiskers denote the 5th and 95th percentiles, while the black points denote outliers outside of that range.

Figure B2. A selected outlier test case with an air cavity in the 150MeV test dataset: (a) yz slice of normalized MC dose,
normalized predicted dose, gamma index map and laterally integrated normalized dose profiles with relative differences along the
beam path; (b), (c) yz slice of normalized MC PG, normalized predicted PG from (b) RDP (SE, MC dose) model and (c) RDP
(SE, LSTM dose) model, gamma index map crossing the maximum of MC PG, and laterally integrated normalized PG profiles
with the relative count differences along the beam path.
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Figure B3. Patient specific boxplots for∆z of predicted PGs from the RP, RDP (SE, MC dose) and RDP (SE, LSTM dose) models
in the 150MeV energy test dataset. The red cross denotes the mean and the green line denotes the median value. The boxes denote
the range between 25th and 75th percentiles. The orange whiskers denote the 5th and 95th percentiles, while the black points
denote outliers outside of that range.

MC dose) PG prediction model. Figure B3 shows the patient specific boxplots for∆z of predicted PGs from
the RP, RDP (SE, MC dose) and RDP (SE, LSTM dose) PG prediction models in the 150MeV energy test
dataset, and the predicted PGs from the RDP (SE, MC dose) and RDP (SE, LSTM dose) PG prediction
models in the selected outlier test case with an air cavity are shown in figures B2(b) and (c). From figures B2
and B3, we found that the errors introduced by the input dose reduced the PG prediction accuracy of the
RDP PG prediction model, and its accuracy is comparable to the RP PG prediction model.
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