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Abstract
Objective. To present a long short-term memory (LSTM) network-based dose calculation method
for magnetic resonance (MR)-guided proton therapy. Approach. 35 planning computed
tomography (CT) images of prostate cancer patients were collected for Monte Carlo (MC) dose
calculation under a perpendicular 1.5 T magnetic field. Proton pencil beams (PB) at three energies
(150, 175, and 200 MeV) were simulated (7560 PBs at each energy). A 3D relative stopping power
cuboid covering the extent of the PB dose was extracted and given as input to the LSTMmodel,
yielding a 3D predicted PB dose. Three single-energy (SE) LSTMmodels were trained separately
on the corresponding 150/175/200 MeV datasets and a multi-energy (ME) LSTMmodel with an
energy embedding layer was trained on either the combined dataset with three energies or a
continuous energy (CE) dataset with 1 MeV steps ranging from 125 to 200 MeV. For each model,
training and validation involved 25 patients and 10 patients were for testing. Two single field
uniform dose prostate treatment plans were optimized and recalculated with MC and the CE
model. Results. Test results of all PBs from the three SE models showed a mean gamma passing rate
(2%/2 mm, 10% dose cutoff) above 99.9% with an average center-of-mass (COM) discrepancy
below 0.4 mm between predicted and simulated trajectories. The ME model showed a mean
gamma passing rate exceeding 99.8% and a COM discrepancy of less than 0.5 mm at the three
energies. Treatment plan recalculation by the CE model yielded gamma passing rates of 99.6% and
97.9%. The inference time of the models was 9–10 ms per PB. Significance. LSTMmodels for
proton dose calculation in a magnetic field were developed and showed promising accuracy and
efficiency for prostate cancer patients.

1. Introduction

Proton radiotherapy has the potential to achieve superior dose conformity compared with traditional photon
therapy due to the Bragg peak dose deposition and distal dose fall-off (Paganetti et al 2021). In practice,
however, proton therapy has limitations in achieving high-precision dose delivery due to its inherent range
uncertainty caused by inaccuracies in photon-derived tissue stopping powers, increased sensitivity to inter-
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and intra-fractional anatomical changes and patient setup differences (Lomax 2008a, 2008b, Unkelbach et al
2009, Paganetti 2012). These issues stress the need for online image guidance during proton dose delivery
(Lane et al 2023).

Magnetic resonance imaging (MRI) has the advantages of high soft tissue contrast and using
non-ionizing radiation. It additionally offers the potential for real-time anatomical and physiological
imaging (Metcalfe et al 2013, Schmidt and Payne 2015). With the combination of in-room real-time MRI
and proton therapy, the treatment plan could be adapted or re-optimized based on the latest patient
geometry before dose delivery (and ultimately during dose delivery), which would improve the target dose
coverage and reduce the dose to surrounding normal tissues (Moteabbed et al 2014, Kurz et al 2017, Matter
et al 2019, Hoffmann et al 2020, Pham et al 2022). To make this real-time adaptive mode a reality, the plan
adaptation and re-optimization require an accurate and fast proton dose calculation engine.

For proton dose calculation in magnetic fields, the Lorentz force causes charged primary protons to be
deflected as they travel towards the patient and decelerate inside the patient’s body (Raaymakers et al 2008,
Wolf and Bortfeld 2012, Hartman et al 2015). Monte Carlo (MC) methods, which compute the trajectories of
individual particles by simulating particle transport physics, can consider the impact of magnetic fields on
dose distributions (Hartman et al 2015, Saini et al 2017, Luhr et al 2019, Padilla-Cabal et al 2020). By
simulating a large number of particles, these methods can achieve state-of-the-art dose accuracy but also
require high computation times. To offer a trade-off between speed and precision, several analytical methods
based on correction factors have been proposed to estimate the proton beam deflection under the magnetic
field and achieve accuracy close to MC methods in homogeneous tissues (Fuchs et al 2017, Schellhammer
and Hoffmann 2017, Padilla-Cabal et al 2018, Teoh et al 2020). Although accelerated by graphics processing
units (GPUs), the calculation time of recent MC methods is still in the order of seconds, while analytical
algorithms can be closer to real-time (Fracchiolla et al 2021, Duetschler et al 2023, Li et al 2024). However,
the analytical algorithms lack the accuracy of MC methods. The ultimate need for accurate real-time plan
adaptation and re-optimization is still unmet, which requires dose engines to produce MC accuracy at
sub-second speeds in the online iterative process.

Recently, several studies have shown the feasibility of deep learning techniques to realize sub-second
proton dose calculations with MC accuracy. There are two main approaches: improvement of fast dose
calculations and methods modeling beam sequences. The first methods focused on improving the accuracy
of a low-cost dose estimation method in the patient coordinate system (Javaid et al 2021, Wu et al 2021,
Zhang et al 2022). These methods are fast but depend on computationally affordable methods to provide the
required physical input. This study is based on a second approach, which uses models that operate effectively
on individual pencil beams (PB) (Neishabouri et al 2021, Zhang et al 2021, Pastor-Serrano and Perkó 2022a,
2022b). These models serve as the building blocks to generate the dose distribution of the entire field,
enabling effective use for subsequent optimization and re-planning in real-time adaptive radiotherapy.
Although the two kinds of methods achieved good accuracy and high speed, to the best of our knowledge,
they have not been applied to proton dose calculation scenarios under magnetic fields.

In this work, based on a previous long short-term memory (LSTM) proton dose calculation study
(Neishabouri et al 2021), we trained, validated and tested LSTM-based neural networks for single energy
(SE) proton pencil-beam (PB) dose calculation in a 1.5 T magnetic field for prostate cancer patients. Further,
energy dependence was introduced into extended LSTMmodels for multi-energy (ME) or continuous
energy (CE) PB dose calculation.

2. Materials andmethods

2.1. Proposed framework
The goal is to calculate the PB dose in the magnetic field using an LSTMmodel based on initial beam
direction and energy in a given patient’s anatomy. Therapeutic energy protons travel mainly in one direction,
with additional directional deflection caused by the magnetic field, and stop after undergoing energy loss. We
thus chose to frame the problem within a spatiotemporal context similar to Neishabouri et al (2021) to focus
on how the protons interact with tissues over time and space as observed in the beam’s eye view (BEV).
Besides, considering the impact of the magnetic field, we adjusted the BEV context extraction method to
accommodate the deflections of proton trajectories induced by the Lorentz force (more details described
in 2.3.). The framework of this study is shown in figure 1, where the schematic of the ME and CE models
includes the optional energy embedding (orange component) introduced on top of the SE model.

The SE model closely follows the framework presented by Neishabouri et al (2021). Given the fixed initial
energy of all beams, no energy information is inputted into the model. Along the beam direction, a 3D
relative stopping power (RSP) cuboid of interest containing the proton beam dose region is resampled from
the patient’s computed tomography (CT)-derived RSP. Then, in the BEV coordinate system, we treat the 3D
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Figure 1. The framework of this study. For the SE model: (left) dose distribution from a single PB obtained fromMC simulation
with outline of the 3D cuboid of interest, (middle) resampling of input RSP and output dose to the cuboid of interest, (right)
LSTMmodel converting a sequence of RSP slices to a sequence of dose slices for a single energy. For the ME and CE model:
(middle and right) The 3D RSP cuboid is inputted into the model with an additional energy integer, and a single LSTMmodel
converts the sequence of RSP slices and an energy vector to dose at variable energies.

cuboid of interest as a sequence of 2D slices traveling from upstream to downstream. By flattening these 2D
slices into 1D sequences, the uni-directional LSTM unit can process the anatomy sequences and generate the
internal hidden states and outputs. The internal hidden states can be used as the input information for the
subsequent slices and the outputs are passed into a fully-connected-layer neural network to generate the
predicted dose slices. Finally, the dose slices from the SE model are spliced back to the 3D dose cuboid size
and compared with the ground truth MC dose.

For the ME and CE model, RSP cuboids extracted from beams of different initial energies are inputted
into the model along with the corresponding energy integer. For each beam, the energy integer is mapped
into an energy vector using a learnable weight matrix, which is then concatenated with the flattened 1D RSP
sequences and passed to the LSTM unit (more details described in 2.4.). The subsequent steps are similar to
those for the SE models. With the initial energy embedded, the proposed ME and CE LSTMmodels can
output dose cuboids with different energies.

2.2. Dataset preparation
2.2.1. Patient data
The data used in this work come from CT scans of patients treated at the Department of Radiation Oncology
of the LMU University Hospital. All the patients were treated in-house for prostate cancer with a 0.35 T
MR-linac (MRIdian, ViewRay, USA) (Kluter 2019). The workflow of treating patients at the MR-linac
involves obtaining a planning CT scan (Aquilion LB, Canon Medical Systems, NL) and an additional MRI
scan before the CT scan. Then, a deformable image registration between CT and MRI is performed to adjust
for anatomical deformations. In this study we used the deformed CT, which is the basis in the treatment
planning system for plan optimization. The voxel size was 1.5 mm× 1.5 mm× 1.5 mm. We chose the
deformed CT since it best represents images which would be used in practice. Furthermore, patients having
artificial implants, mostly artificial hips, have been excluded from the study. In the end, 35 patients in total
were selected who went through a prior anonymization to comply with data protection law.

2.2.2. MC simulation setting
The ground truth MC dose distributions were generated using Geant4 v11.00-patch-03 with the
QGSP_BERT_HP physics list, which is commonly used for dose calculation and radiation protection. The
voxel geometry of the CT scans was converted to elemental composition and mass density maps for Geant4
simulations based on the CT scanner-specific calibration curve from our department (Schmid et al 2015).
RSP maps with respect to water were then created within the Geant4 framework and exported, utilizing a
proton energy of 150 MeV and a mean excitation energy of water of 78 eV. We used RSP instead of
Hounsfield Unit maps as the anatomy inputs of the LSTMmodel because they are consistent with the dose
maps generated from Geant4, and to be independent of the CT scanner model used.

A 1.5 T homogeneous magnetic field was simulated in Geant4. This field was set to be aligned with the
z-axis (parallel to the superior-inferior patient direction) and act within a cylinder of 30 cm radius. Outside
of the cylinder the field strength was set to 0. The dose was scored on the same voxel geometry as the CT
input, and all the proton PBs were simulated with 106 histories. By estimating the uncertainty of these
statistics using a simple batch approach (Walters et al 2002) with a batch of n= 10 identical MC simulations,
we ensured that the maximal relative standard error in all regions above 10% of the maximum dose is always
below 1.15%. Each PB simulation in Geant4 was performed using a single CPU core on a cluster with 144
CPU cores.
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Figure 2. Schematic diagram for the proposed cuboid extraction method from a cross-sectional perspective.

Table 1. RSP-dose cuboid pair parameters for the three SE (150, 175 and 200 MeV), the ME (150/175/200 MeV), and the CE
(125–200 MeV) datasets.

Energy (MeV) Cuboid size (I × J ×K)
Number of PBs for
training & validation

Flip augmentation
(True/False)

150 170× 43× 23 5400 True
175 188× 49× 25 5400 True
200 205× 55× 25 5400 True
150/175/200 205× 55× 25 5400× 3 True
125–200 205× 55× 25 5400× 4 False

2.2.3. Beam geometries
Given that the objective of this study is to predict the dose at the level of individual PBs, the dose
distributions were simulated for single spots. PBs with energies 150 MeV, 175 MeV and 200 MeV were
simulated to train three SE models and subsequently combined to train a ME model. Additional PBs within a
CE range of 125–200 MeV with 1 MeV steps were simulated for the CE model. PBs had an energy spread of
0.83 MeV and a Gaussian distribution with a standard deviation of 4.2 mm. To optimize the use of patient
data, PBs were isotropically sampled over two 100◦ arcs on either side of the patient. The sampling was
confined within a predefined angular sector to avoid the anterior and posterior directions, ensuring no spots
were placed directly in front or behind the patient. The propagation of the PBs was chosen to take place in
the transverse plane and orthogonal to the magnetic (B) field. Defining the right lateral direction as 90◦, the
sampling was done within α ∈ [40◦, 140◦]∪[220◦, 320◦] regions in α = 16.6◦ steps, yielding 12 different
angles per patient. At each of the 12 angles, a 3× 6 PB grid with a spacing of 2.5 cm× 2.5 cm was generated
in the plane orthogonal to the beam’s direction, with the 6 PB grid side parallel to the superior-inferior
direction. For the dataset with three energies, 216 PBs were generated per patient, yielding 7560 PBs in total
for each of the 150 MeV, 175 MeV, 200 MeV energies. For the CE dataset, 216× 4 PBs (4 energies per PB
origin) with energy randomly selected from 125–200 MeV (76 energy integers) were simulated per patient,
leading to around 284 PBs per energy on average.

2.3. Data preprocessing
For each patient, CT and dose values outside of the patient’s skin were set to zero. Then, by the
transformation relationship between the patient and BEV coordinate systems, the RSP-dose 3D cuboid pairs
could be cropped and resampled based on the origin position and orientation of PBs. With the introduction
of the B field, the PBs traveling longer in the air will experience greater deflections before they reach the
patient. To allow the model to learn to relate the amount of air before the patient to the magnitude of
deflections, we set the cuboid origin to a predefined distance from the PB origin rather than directly starting
from the patient’s surface, as shown in figure 2.

The size of the cropped volume I× J×K was chosen depending on the energy with different cuboid sizes
chosen for different energies, as summarized in table 1. The three dimensions of cuboids are the original
beam direction x, the beam deflection direction y and the remaining direction z (parallel to the
superior-inferior patient direction). The position of a single voxel within the cropped volume is denoted by
(i, j,k) ∈ Z3, where 0⩽ i < I,0⩽ j < J,0⩽ k< K. The resolution of all cuboids was 2 mm× 2 mm
× 2 mm, which is a common resolution for dosimetric evaluation.
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After obtaining all the RSP-dose cuboid pairs, the cuboid datasets were split patient-wise to ensure
separation between training, validation, and testing datasets. For each SE dataset, 4320 PBs from 20 patients
were used to train the model, 1080 PBs from 5 patients were used as a validation set and the remaining 10
patients with their 2160 PBs were kept as a test set. For the ME dataset, the combination of all three SE
datasets was used. The training datasets of SE and ME were augmented by randomly mirroring the cuboids
along the xy-plane at each epoch. This transformation preserves the original direction of the Lorentz force in
transformed cuboids and avoids interpolation to a new cuboid grid. Therefore, the original training dataset
was essentially doubled without performing additional MC simulations. For the CE dataset, 4320× 4 PBs
with random energies were used for training and 1080× 4 PBs were used for validation. Additionally, two
test sets for the CE model were considered: the 2160× 3 PBs with three fixed energies described above, and
an additional 2160 PBs with random energies (125–200 MeV) from the same 10 test patients. A global
normalization was performed for all the training, validation, and testing cuboid datasets using the maximum
RSP and dose cuboid values of the training dataset.

Finally, to evaluate the CE model’s ability to calculate a full plan, two patients were selected from the 10
test patients. One case was random, and one case was chosen because of an air cavity adjacent to the planning
target volume (PTV). The contours of the PTV and organ-at-risk structures were delineated for these
patients as part of the clinical workflow and were available for the study. Two single-field uniform dose
(SFUD) plans were generated at a gantry angle of 90◦ and optimized using matRad (Wieser et al 2017,
Ackermann et al 2020), which utilized PB doses that were pre-calculated using MC, with each PB dose
simulated using 105 histories. The dose prescription was 74 Gy in 37 fractions, and MC plans were
normalized to a D95% of the PTV above 95% of the prescribed dose (in our case 70.4 Gy). Plan 1 required
7429 spots and an energy range of 155–200 MeV (46 discrete energies), while Plan 2 required 10332 spots
and an energy range of 160–200 MeV (41 discrete energies). These PB lists were determined by trial and error
by estimating the deflection and shifting the PBs accordingly. The CE model was used to recalculate the PB
doses, which were subsequently used to reconstruct the SFUD plan dose using the same optimized weights
and the same scaling factor applied for the normalization of the MC plan. The summed predicted and MC
doses from the two plans were then evaluated.

2.4. Model training
The network architecture used for three SE models corresponds to the LSTMmodel used in (Neishabouri
et al 2021) for proton dose calculation in the absence of a B field. The LSTM features one layer with 1000
neurons as an internal layer, followed by two fully connected layers with 100 neurons and ReLu activation
layers. Each SE model was trained separately on the corresponding 150, 175 and 200 MeV energy training
dataset.

For the ME model, a learnable embedding layer (Devlin et al 2018), which is widely used as a lookup
table for mapping an index into a weight vector in the field of natural language processing, is applied to
convert the energy integer from an energy value, e.g. 150 MeV, into an energy float vector. More specifically,
the energy integer E takes a value from the initial energy set De containing all embedded energy integers and
passes it through a learnable embedding layer.

In the embedding layer, E is first mapped to a one-hot encoded vector Vin:

Vin ∈ {(1,0, . . . ,0) ,(0,1, . . . ,0) , . . . ,(0, , . . . ,1,0) ,(0,0, . . . ,1)} ∈ R|De|. (1)

Then, a fully-connected layer with learnable weightsW and bias b takes Vin as input and outputs a float
vector Vout of dimension I, where I is the dimension of cuboid in the original beam direction xmentioned in
2.3:

Vout = Vin ·W+ b, W ∈ R|De|×I, b ∈ RI . (2)

Afterwards, the sequence of 2D RSP slices (each slice is denoted as Si) is flattened into the sequence of 1D
RSP vectors FRSP:

RSP= (Si)i≤I, Si ∈ RJ×K (3)

FRSP = (vector(Si))i≤I ∈ RI×l : l= J ·K. (4)

5
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The energy embedding vector Vout is then concatenated with FRSP to get the LSTM layer input FLSTM:

FLSTM = Vout ⊕ FRSP ∈ RI×(l+1) . (5)

Therefore, each element of Vout is added to FRSP at each depth of beam penetration, as shown in figure 1.
FLSTM passes through the LSTM layer and output layers, which are the same as for the SE model. The ME
model was trained on the combined three energy datasets such that De = {150,175,200}. In addition, the
same training process used for the ME model was applied to train the CE model using the CE dataset, but
with an extended Vin where |De|= 76 (125–200 MeV).

For the model training, we used the Adam optimizer to minimize the mean square error (MSE) loss
between the output dose and ground truth dose sequence. The initial learning rate was set to 10−5 and batch
size to 8. Models were implemented based on Python 3.8 and Pytorch 2.0.1 with an NVIDIA® RTX A6000
GPU (48 GB memory). For validation loss convergence, the three SE models were trained for 15000 epochs,
the ME model for 5000 epochs and the CE model for 3000 epochs, which took about 5 days. The models
with the best overall MSE validation loss were obtained and used for the prediction in the test dataset. After
training, the ME model and SE models were tested on the identical 150/175/200 MeV test datasets described
in 2.3 and the results were compared. The CE model was tested on the same 150/175/200 MeV test dataset,
plus the continuous 125–200 MeV test dataset and the two SFUD plans.

2.5. Post-processing
After obtaining all model predictions, the following changes have been applied before the final evaluation.
Firstly, a mask was applied to assure that only dose inside the patient is evaluated and all dose voxels below a
threshold of 0.01% of the global maximum were set to 0, similar to Pastor-Serrano and Perko (2022a). This is
justified by the architectural limitations of neural networks where outputs of the last linear and activation
layers are hardly ever truly 0. Secondly, 402 PBs that overshot the patient were filtered out in the 200 MeV test
dataset; no PBs with the energy of 150 MeV or 175 MeV needed to be removed; and 44 PBs that overshot the
patient in the 125–200 MeV test dataset were filtered out. Finally, the normalization defined in 2.3 was
reversed once the model predictions were obtained.

2.6. Evaluationmetrics
To evaluate the agreement of the predicted and MC doses, several radiotherapy-related metrics similar to
Lysakovski et al (2021) were used. A 3D global gamma evaluation (Γ) was performed, and the gamma pass
rate (γPR) was calculated to compare the 3D dose distributions using PyMedPhys (Biggs et al 2022). The
distance-to-agreement threshold was set to 2 mm, the dose difference threshold to 2% and the dose cutoff to
10% of the maximum dose.

Laterally (over y and z) integrated depth-dose profiles dyz (x) were obtained to evaluate their agreement.
The depth was defined as the initial direction of the PB (x), i.e. the effect of beam deflection was neglected,

and we thus considered an effective projected range. The range difference between dpredyz and dmc
yz was

quantified using the depth of the distal dose falloff to 80% of the Bragg peak value, RD80. The deviation
between predicted Rpred

D80 and MC-simulated Rmc
D80 was evaluated through the absolute difference and relative

difference:

∆RD80 [mm] =
∣∣∣Rpred

D80 −Rmc
D80

∣∣∣ (6)

∆RD80 [%] =

∣∣∣Rpred
D80 −Rmc

D80

∣∣∣
Rmc
D80

× 100%. (7)

The relative error (εrel ) was used to quantify the relative disagreement between dpredyz and dmc
yz . To

disentangle εrel from∆RD80, d
pred
yz was shifted by∆RD80 prior to evaluation to highlight potential overall

amplitude errors. At a given depth, εrel was defined as:

εrel = 200
dpredyz − dmc

yz(
dpredyz + dmc

yz

) [%] (8)

whereby a dose threshold for calculating εrel was set to 20% of the dmc
yz at the Bragg Peak.

6



Phys. Med. Biol. 69 (2024) 215019 D Radonic et al

To evaluate the deflection of a beam in the magnetic field, the center of mass (COM) of the beam was
calculated at each depth i:

COMi =
1
Mi

J∑
j

K∑
k
(i, j,k)T vijk |Mi

def
=

J∑
j

K∑
k
vijk (9)

where vijk is the corresponding voxel’s dose. Slices i in whichMi < 20%×max{Mi∀ 0≤ i ≤ I} were filtered
out.

The agreement of lateral profiles in the direction of beam deflection (y) was evaluated after integrating
lateral dose in the direction of the B field (z) to obtain dz (x,y). Then the difference in the full width at half
maximum (FWHM) was computed by:

FW50i = FWHMpred
i − FWHMmc

i (10)

at each depth i (slices i in whichMi < 20%×max{Mi∀ 0≤ i ≤ I} were filtered out).
The differences in COM, FW50 and εrel were computed at each depth in the patient in steps of 2 mm. For

each PB, the farthest difference in COM (FCOM) and FW50 up to the Bragg peak was reported along with the
mean absolute εrel value (ε*rel) above the 20% threshold. Additionally, for selected PB examples, relative dose

difference was also reported in the xy-plane by computing ε̃rel from dpredz and dmc
z analogous to equation (8)

and the agreement of full dz(y) profiles was shown at depths of 20%, 50% and 80% of RD80 along the Bragg
curve. To identify systematic dose offsets, a total integrated dose difference εint of each PB was computed
after applying the threshold of 0.01% from the aforementioned post-processing steps, and deviation was
assessed analogous to equation (8).

To assess the model accuracy, in each test dataset, the percentile rankings of all predicted PBs for each
metric were recorded. The percentile rank was defined as the percentage of beamlets that achieved equally
good or higher metric score. Thus, a low percentile indicates a better performance (high ranking). When
several PBs had the same value, the lowest percentile rank was shared, e.g. all γPR of 100% shared the best
rank. Besides, all PB examples shown in the next section were zoomed in from the original cuboid size to
focus on the dose region. A Wilcoxon signed-rank test was performed on the γPR for test datasets at
150/175/200 MeV between the SE and ME models, and between ME and CE models.

To compare the SFUD plan dose distributions from the MC simulation and the CE model, the γPR,

dose-volume histograms (DVH) and DVH indices were evaluated.

3. Results

3.1. SE models on 150/175/200MeV test datasets
High-, mid- and lowest-ranking 175 MeV SE model PBs are shown in figures 3–5, respectively. The ranking
is based on γPR. Mid-ranking cases from the SE models at 150 MeV and 200 MeV are additionally shown in
figures A1 and A2 (appendix A). Qualitatively, the three SE models accurately predict PB deflection and
proton range. The worst predicted PB for the γPR is shown in figure 5, with 98% of PBs being as good or
better in terms of∆RD80 and 94% in terms of FCOM. In the region of dose fall-off after the Bragg peak, there
is a large portion of failed voxels. It can be assumed that the air cavity caused an underestimation in the PB’s
range by the model.

For mid-ranking cases at 150 MeV/175 MeV/200 MeV, laterally integrated profiles of the simulated and
predicted PBs with high agreement are shown in figures A1(c), 4(c) and A2(c). The∆RD80 and ε*rel were all
within 0.5 mm and 1%, respectively. The integrated profiles show that εrel is higher at the patient’s skin and
around the Bragg peak, while in the plateau it is comparatively flat for all three example cases. The
mid-ranking cases had γPR above 99.9%. FCOM and FW50 differences, shown in figures A1(e), 4(e) and A2
(e), were all below 1 mm. The 2D distributions of integrated dose differences ε̃rel over the z axis are displayed
in figures A1(f), 4(f) and A 2(f), where it can be noticed that the low dose areas tend to have higher relative
integrated dose deviation. Lateral PB dose profiles at different depths are shown in figures A1(g), 4(g)
and A2(g). Finally, the total integrated dose differences εint (integrated over x, y and z) were all lower than
0.5%.

Figure 6 displays boxplots for the metrics of predicted PBs from the three SE models across 10 test
patients in the 150/175/200 MeV test datasets and table 2 (SE) shows the worst and average values of each
evaluation metric. The worst γPR was above 94%, and the maximum∆RD80, ε*rel, FCOM and FW50 differences
were 3.4%, 13.2%, 4.7 mm, 4.2 mm, respectively. Overall, the SE models achieved good accuracy for all
metrics.
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Figure 3. A high-ranking example of a predicted PB from the 175 MeV SE model (test case). An xy-slice of (a) MC and (b) LSTM
predicted dose distribution is plotted over the RSP map. (c) Depth-dose profiles dyz (x) (integrated over y and z) and εrel of each
slice. The black arrows indicate the depths at which lateral dose profiles dz (y) (integrated over z) are shown in (g). (d)
Γ(2%|2 mm) map. (e) Differences in COM and FW50 at each depth. (f) Relative dose difference of dz (x,y) capped at±5%. Black
lines denote 80%, 10% and 1% isodose lines with respect to dz (xBP,yBP) in the Bragg peak. (g) Lateral dose profiles dz (y) at
depths of 20%, 50% and 80% of RD80 along the Bragg curve; color coded as in (c).

Figure 4. A mid-ranking example of a predicted PB from the 175 MeV SE model (test case). An xy-slice of (a) MC and (b) LSTM
predicted dose distribution is plotted over the RSP map. (c) Depth-dose profiles dyz (x) (integrated over y and z) and εrel of each
slice. The black arrows indicate the depths at which lateral dose profiles dz (y) (integrated over z) are shown in (g). (d)
Γ(2%|2 mm) map. (e) Differences in COM and FW50 at each depth. (f) Relative dose difference of dz (x,y) capped at±5%. Black
lines denote 80%, 10% and 1% isodose lines with respect to dz (xBP,yBP) in the Bragg peak. (g) Lateral dose profiles dz (y) at
depths of 20%, 50% and 80% of RD80 along the Bragg curve; color coded as in (c).

3.2. TheMEmodel on 150/175/200MeV test datasets
For the ME model, the worst and average values of each evaluation metric at 150/175/200 MeV are reported
in table 2 (ME). Differences between the SE and ME models were significant in the Wilcoxon signed-rank
test. However, the differences in average metrics between the two models were all within 0.1% or 0.1 mm.
Figure 7 shows the boxplots of γPR for SE models and the ME model. For patient case P03, the ME model
exhibited a slightly wider interquartile range compared to the corresponding SE model, but both models
demonstrated similar 5th to 95th percentile ranges above 98%. In the remaining nine test cases, the SE
models and ME model demonstrate comparable 5th to 95th percentile ranges. The outlier of the ME model
in P10 for 200 MeV showed the worst γPR of 87.8%, which is lower than the worst case in the three SE
models (94.2%).
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Figure 5. The lowest-ranking example of a predicted PB from the 175 MeV SE model (test case). An xy-slice of (a) MC and (b)
LSTM predicted dose distribution is plotted over the RSP map. (c) Depth-dose profiles dyz (x) (integrated over y and z) and εrel of
each slice. For better visibility the ordinate is broken at±7.5% and only the value of the highest outlier is added to the tick labels.
The black arrows indicate the depths at which lateral dose profiles dz (y) (integrated over z) are shown in (g). (d) Γ(2%|2 mm)
map. (e) Differences in COM and FW50 at each depth. (f) Relative dose difference of dz (x,y) capped at±5%. Black lines denote
80%, 10% and 1% isodose lines with respect to dz (xBP,yBP) in the Bragg peak. (g) Lateral dose profiles dz (y) at depths of 20%,
50% and 80% of RD80along the Bragg curve; color coded as in (c).

3.3. The CEmodel on 150/175/200/125-200MeV PB and two SFUD plan test datasets
Table 2 (CE) presents the results of each evaluation metric in the 150/175/200 MeV and 125–200 MeV PB test
datasets for the CE model. Differences between the ME and CE models were significant in the Wilcoxon
signed-rank test. Figure 7 shows the boxplot of γPR for the same 150/175/200 MeV PB test datasets used with
the SE and ME models. Similar performance was obtained when compared to the ME model only trained on
3 energies. The worst γPR example from the CE model, as shown in figure 8, indicates that the γPR of all PBs
is higher than 90.4%, while the∆RD80 for over 97% of PBs is lower than 0.9 mm. Similar to the worst
predicted PB from the SE models, the beam passed through an air cavity, causing an underestimation in the
PB’s range by the model. Its laterally integrated profiles and lateral profiles can be seen in figures 8(c) and (g).

Furthermore, the γPR results for the two full SFUD plan dose distributions from the CE model prediction
and MC simulations were 99.61% and 97.9%, as shown in figures 9(c) and 10(c), with the lower γPR for the
case with an air cavity in the rectum. The DVH curves in figures 9(d) and 10(d) match well, and table 3
indicates that the largest differences of all DVH indices were less than 1.5 Gy or 1.5%.

3.4. Runtimes
The total runtime of our method consists of the geometrical calculation time to extract the RSP cuboid and
the model inference time. The runtime measurement was conducted on a server with an Intel® Xeon® Gold
6354 3.00 GHz CPU and an NVIDIA® RTX A6000 GPU. The average computation time for the cuboid
extraction was about 55 ms. Table 4 lists the average inference time for different models for a single PB. The
inference time of the four LSTMmodels is between 9–10 ms and the addition of an embedding layer has a
negligible impact on the inference speed. Overall, our method takes approximately 65 ms to calculate the PB
dose. On the other hand, Geant4 simulations that were used to obtain the ground truths took between 65
and 114 min on a single CPU core to simulate the dose distribution of a PB containing 1× 106 protons,
depending on the initial proton energy.

4. Discussion

This study extended a previously developed architecture (Neishabouri et al 2021) to proton dose calculation
in a magnetic field. We used more extensive evaluation criteria, and to our knowledge this work is the first to
utilize an AI architecture to learn proton dose calculation in magnetic fields. A recent study proposing a
transformer-based dose calculation method for proton PB dose calculation (without B fields) reported
poorer performance for the LSTM architecture (Pastor-Serrano and Perkó 2022b). We did not observe poor
performance in our study, and the LSTM has the advantage of having a limited set of parameters. The GPU
memory requirements of our model never increased above 1 GB and our network is easy to train and
converged with a constant learning rate of 10−5. An extended LSTMmodel was also proposed for the
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Figure 6. Boxplots for all metrics of predicted PBs from the three SE models combined. The red cross denotes the mean and the
green line the median value. The blue box denotes the range between 25th and 75th percentiles. The orange lines denote the 5th
and 95th percentiles, while the black points denote outliers outside of that range.

Table 2.Worst and mean values of metrics for the test sets. The top section of the table is for the 3 SE models. The middle section is for
the ME model trained on 3 energies. The bottom section is for the CE model, which was tested on the 3 energies (first 3 rows of the
bottom section), and on the energy range test datasets (last row of the bottom section). Values in bold indicate the worst PB per metric.

Test energy γPR(%) ∆RD80 (%) FCOM (mm) FW50 (mm) ε∗rel (%) εint (%)

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

SE
150 95.3 99.9 3.2 0.3 4.4 0.4 3.8 0.4 13.1 0.7 0.3
175 94.2 99.9 3.4 0.2 4.7 0.4 3.9 0.4 13.2 0.6 0.3
200 94.4 99.9 3.1 0.2 4.1 0.4 4.2 0.5 9.5 0.6 0.2

ME
150 94.8 99.8 4.6 0.3 2.9 0.5 5.7 0.5 14.1 0.8 0.3
175 94.7 99.8 3.7 0.2 3.0 0.4 3.3 0.5 8.6 0.7 0.2
200 87.8 99.8 3.9 0.2 5.4 0.4 4.5 0.5 11.2 0.7 0.3

CE

150 93.3 99.8 4.0 0.4 2.7 0.5 4.2 0.5 16.6 1.2 0.4
175 91.8 99.6 3.3 0.3 2.6 0.6 2.8 0.6 11.5 1.1 0.4
200 90.5 99.5 3.5 0.3 5.1 0.7 4.8 0.7 12.9 1.1 0.5
125–200 92.0 99.7 4.5 0.3 3.5 0.6 4.5 0.6 14.5 1.2 0.4
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Figure 7. Boxplots of γPR for the SE, ME and CE models on (a) 150 MeV, (b) 175 MeV and (c) 200 MeV test datasets.

Figure 8. The worst CE model example (200 MeV PB). An xy-slice of (a) MC and (b) LSTM predicted dose distribution is plotted
over the RSP map. (c) Depth-dose profiles dyz (x) (integrated over y and z) and εrel of each slice. For better visibility the ordinate is
broken at±7.5% and only the value of the highest outlier is added to the tick labels. The black arrows indicate the depths at which
lateral dose profiles dz (y) (integrated over z) are shown in (g). (d) Γ(2%|2 mm) map. (e) Differences in COM and FW50 at each
depth. (f) Relative dose difference of dz (x,y) capped at±5%. Black lines denote 80%, 10% and 1% isodose lines with respect to
dz (xBP,yBP) in the Bragg peak. (g) Lateral dose profiles dz (y) at depths of 20%, 50% and 80% of RD80 along the Bragg curve; color
coded as in (c).

multi-energy dose calculation task. As the training PB energies increase, the ME and CE LSTMmodels can
achieve performance comparable to the SE LSTMmodels by integrating energy integer information into the
model through an embedding layer. Besides, judging from the worst cases which included air cavities and the
lower γPR for SFUD Plan 2, air cavities were problematic for our models. We searched the training set for air
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Figure 9. Transverse slice of the (top left) predicted dose, (top right) MC dose, (bottom left) Γ(2%|2 mm) map and (bottom right)
DVH (predicted dose solid line and MC dose as dashed line) for Plan 1 (P08).

Figure 10. Transverse slice of the (top left) predicted dose, (top right) MC dose, (bottom left) Γ(2%|2 mm) map and (bottom right)
DVH (predicted dose solid line and MC dose as dashed line) for Plan 2 (P09).

cavities in areas with doses higher than 10% based on an RSP threshold of 0.01 and found that 79 out of 4320
training beams (1.8%) had such cases in the 150 MeV training dataset. This under-representation suggests
that more air cavity cases may be required for training, and we plan to address this issue in the future by
potentially introducing artificial air cavities in the simulation of the ground truth training set.

We compared our results to literature on analytical and GPU-MC dose calculation methods. The first
analytical method (Padilla-Cabal et al 2018) combined trajectory correction through a numerical solution of
the relativistic Lorentz equation with a look-up table of dose deposition for different PB energies at each
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Table 3. DVH indices and differences (CE-MC) of the full SFUD plan dose distributions from the CE model and MC simulation for two
plans. Prescription dose 74 Gy.

PTV Bladder Rectum

D2% (Gy) D95% (Gy) D2% (Gy) V60Gy (%) V65Gy (%) D2% (Gy) V50Gy (%) V60Gy (%) V65Gy (%)

Plan 1
CE 80.9 71.2 65.5 2.7 2.1 76.0 13.0 9.3 7.6
MC 80.8 70.4 66.0 2.8 2.1 76.5 13.0 10.1 7.9
Difference 0.1 0.8 −0.5 −0.1 0.0 −0.5 0.0 −0.8 −0.3

Plan 2
CE 77.5 69.6 74.2 7.1 5.8 72.2 18.0 10.6 7.1
MC 77.5 70.4 75.7 7.1 5.9 73.1 18.0 11.7 8.0
Difference 0.0 −0.8 −1.5 0.0 −0.1 −0.9 0.0 −1.1 −0.9

Table 4. Average runtime taken by model inferences.

Model Mean (SD) (ms)

SE (150 MeV) 9 (1)
SE (175 MeV) 9 (1)
SE (200 MeV) 10 (1)
ME 10 (2)
CE 10 (2)

depth. They validated their single PB results on a phantom. While they reported close to perfect agreement in
homogenous water phantoms, the mean γPR (2%|2 mm, 0.1% dose cut off) they reported in bone material
were only 91.4% and 85.4% for 150 and 240 MeV beams respectively. For mean∆RD80, they reported
inaccuracies up to 1.0%. A computation time of 100 ms per PB was reported but an increase of up to 25
times was needed when beam splitting techniques were utilized to improve accuracy. Another analytical
method (Duetschler et al 2023) incorporated a material-specific correction factor to account for different
materials causing different beam trajectories in a magnetic field. Although they did not report γPR

performance on a PB basis, they reported a γPR (2%|2 mm, 1% dose cutoff) of 81.3% for a full-plan lung
patient, suggesting that their method may have been challenged by highly heterogeneous geometries. In
addition, using a Gaussian fit, they reported extracting the center and width σ of the PB at a depth of 80% of
its range. The maximal deviation in the beam center, which is closely related to FCOM, was reported to be
1.2 mm, while the maximal reported∆σ of 2.3 mm corresponds to FW50 ≈ 5.4 mm. Total calculation time
of about 30 s for a full plan was reported without specifying the number of PBs in the plan. For the
GPU-based MC algorithm ARCHER for MRI-guided proton therapy (Li et al 2024), very good agreement
was reported when only considering electromagnetic processes in TOPAS simulations, but deviations
appeared when all interaction processes were considered. For a 200 MeV beam in water, they reported
achieving a∆RD80 < 0.06 mm and a mean εrel of 0.81%. For tissue and bone materials, a mean εrel of 1.12%
and FCOM < 0.06 mm were achieved. They also calculated a full treatment plan for three prostate patients in
a 1.5 T magnetic field and obtained γPR (2%|2 mm, 10% dose cut off)>99.5%. The computational time of
ARCHER ranged from 0.82 to 4.54 s for 107 proton histories.

The performance of the LSTMmodel was evaluated on 10 test prostate patients, which covers more
variety in test samples compared to the above-mentioned studies. It is challenging to compare the LSTM
performance to results reported on phantoms. Even so, for some metrics, the performance of our method
was noteworthy. For instance, for all PBs of three energies, the γPR (2%|2 mm, 10% dose cut off) from the SE
model was always higher than 94%. Besides, our method showed good performance in terms of FW50, with
the worst FW50 of 4.2 mm for all PBs of three energies, in contrast to 3.9 and 5.4 mm achieved by the
analytical methods. As for FCOM, the maximal deviation of the SE LSTMmodel was 4.7 mm, which is higher
than the maximal reported deviation in the analytical methods. It should be noted that the FW50 and FCOM
of the LSTMmodel were evaluated in stricter settings, with performance specifically reported at very shallow
depths and at the Bragg peak, where most deviations occur. In contrast, the analytical studies only assessed a
few selected depths in the phantoms before the Bragg peak. Compared with GPU-MC results, the mean γPR

(2%|2 mm, 10% dose cut off) results for PBs in our method were about 99.9%, which is on par with the
performance of MC methods in water, but other metrics were worse for LSTM. Additionally, our method is
faster than the analytical methods (Padilla-Cabal et al 2018). For the runtime comparison with Geant4, it
should be noted that the runtime for a PB MC simulation in Geant4 could be reduced by utilizing
multi-threading. Furthermore, limiting the simulation to a specific region of interest, rather than the whole
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CT, would also decrease computation time. We acknowledge the inherent limitations of this comparison with
the cuboid-based deep learning method.

Despite the LSTMmodel performing very well on average, considerable outliers have been observed in
terms of the evaluated metrics. While single outlier PBs may not have the most influence on a final treatment
plan, quantifying the uncertainties of a method is an integral part of clinical decision-making. Bayesian
neural network methods (Barragan-Montero et al 2022, Voss et al 2023) could be tested in future studies to
assert the uncertainty of deep learning models. MC methods could be used to support deep learning dose
calculation in outlier cases, where poor confidence is indicated by the Bayesian model.

We mainly conducted experiments on the variable of energy. For simplicity, we opted for a single spot
size for all energies and did not consider range shifters. In general, the model could be trained to learn the
usual correlation between energy and spot size. We think that it may be necessary to train a separate dose
calculation model specifically for range shifters to account for the additional scattering.

5. Conclusion

We successfully developed an LSTM network-based proton dose calculation method in magnetic fields and
confirmed its accuracy for prostate cancer patients. An extended LSTMmodel for multi-energy dose
calculation was proposed and showed its feasibility. The developed deep learning-based sub-second dose
engine has the potential to improve the efficiency of real-time plan optimization in the MR-guided proton
therapy workflow.
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Appendix A

Figure A1. A mid-ranking example of a predicted PB from the SE model in the 150 MeV test dataset. An xy-slice of (a) MC and
(b) LSTM predicted dose distribution is plotted over the RSP map. (c) Depth-dose profiles dyz (x) (integrated over y and z) and
εrel of each slice. The black arrows indicate the depths at which lateral dose profiles dz (y) (integrated over z) are shown in (g). (d)
Γ(2%|2 mm) map. (e) Differences in COM and FW50 at each depth. (f) Relative dose difference of dz (x,y) capped at±5%. Black
lines denote 80%, 10% and 1% isodose lines with respect to dz (xBP,yBP) in the Bragg peak. (g) Lateral dose profiles dz (y) at
depths of 20%, 50% and 80% of RD80 along the Bragg curve; color coded as in (c).

Figure A2. A mid-ranking example of a predicted PB from the SE model in the 200 MeV test dataset. An xy-slice of (a) MC and
(b) LSTM predicted dose distribution is plotted over the RSP map. (c) Depth-dose profiles dyz (x) (integrated over y and z) and
εrel of each slice. The black arrows indicate the depths at which lateral dose profiles dz (y) (integrated over z) are shown in (g). (d)
Γ(2%|2 mm) map. (e) Differences in COM and FW50 at each depth. (f) Relative dose difference of dz (x,y) capped at±5%. Black
lines denote 80%, 10% and 1% isodose lines with respect to dz (xBP,yBP) in the Bragg peak. (g) Lateral dose profiles dz (y) at
depths of 20%, 50% and 80% of RD80 along the Bragg curve; color coded as in (c).
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