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Background and purpose: Current methods, like treatment planning system algorithms (TPSDose), lack accuracy,
whereas Monte Carlo dose distribution (MCDose) is accurate but computationally intensive. We proposed a deep
learning (DL) model for rapid prediction of Monte Carlo simulated dose distribution (MCDose) in heavy ion
therapy (HIT).

Materials and methods: We developed a DL model — the Cascade Hierarchically Densely 3D U-Net (CHD U-Net) —
to predict MCDose using computed tomography images and TPSDose of 67 head-and-neck patients and 30
thorax-and-abdomen patients. We also compared the results with other proton dose DL models and TPSDose.
Results: Compared to TPSDose, the gamma passing rate (GPR) improved by 16 % (1 %/1 mm). Notably, the
model achieved 99 % and 97 % accuracy under clinically relevant criteria (3 %/3 mm) across the whole dose
distribution in patients. For head-and-neck patients, the GPRs of the C3D and HD U-Net models in the PTV region
were 97 % and 85 %, and in the body were 98 % and 97 %, respectively. For thorax-and-abdomen patients, the
GPR of the C3D and HD U-Net models in the PTV region were 71 % and 51 %, and in the body were 95 % and 90
%, respectively.

Conclusions: The proposed CHD U-Net model can predict MCDose in a few seconds and outperforms two alter-
native DL models. The predicted dose can replace TPSDose in HIT clinical process due to its MC simulation
accuracy, thus improving the accuracy of dose calculation and providing a valuable reference for quality
assurance.

1. Introduction

The main goal of radiation therapy is to eliminate tumor cells while
sparing healthy tissues. Heavy ion radiation, with its Bragg peak and
limited side-scattering effects, allows precise tumor cell eradication
while minimizing harm to normal tissues. In Heavy Ion Therapy (HIT),
ensuring the entire target volume receiving the prescribed dose is crucial

for a uniformly effective outcome. However, inter-patient variations and
uncertainties in HIT present challenges in accurately calculating dose
distribution [1-4].

Two main approaches for dose calculation in HIT exist. The first, the
treatment planning system (TPS) analytical dose algorithm (TPSDose), is
widely used in clinical practice for its rapid calculations but has
compromised accuracy in heterogeneous tissues [5-7]. The second,
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Fig. 1. Diagram of the CHD U-Net Network model.

Monte Carlo simulation dose (MCDose), is the gold standard for dose
calculation. However, its extensive computational time limits its wide-
spread clinical use [8-10].

Researchers have focused on speeding up proton and heavy-ion MC
dose calculations by exploring the use of central processing units (CPUs)
and graphics processing units (GPUs) [11-16]. Despite these efforts, the
fastest heavy-ion MC engines still require several minutes for calcula-
tions, often limited to specific tasks or scenarios. Some studies limited
physical processes in MC simulations to expedite computation time,
though at the expense of accuracy [12-16].

In recent years, deep learning (DL), especially convolutional neural
Networks (CNNs), has gained traction in medical research. CNNs are
used to analyze patient anatomy and predict TPSDose, showing effi-
ciency in individualized predictions [17-20]. DL-based approaches for
MCDose prediction offer computational efficiency compared to tradi-
tional MC simulations [21-23]. Despite speed advantages, DL’s accuracy

in predicting dose distribution varies due to data quantity, nature, and
inter-patient variations. Efforts have focused on improving DL models
and input data to improve accuracy [23-28].

No specific DL MCDose prediction models exist for HIT. Existing
proton dose prediction DL models enhance accuracy in body dose dis-
tribution but face challenges in predicting specific dose distribution
within the PTV crucial for treatment outcomes [17,19,21-23,25-27].

Our study aimed to enhance the accuracy of MC dose prediction for
HIT, focusing on the PTV region and overall dose distribution, with the
goal of matching the precision of MCDose calculations and potentially
replacing the TPSDose currently used in clinical practice. To achieve
this, we developed a novel deep learning model to predict MCDose
directly from patient CT images and HIT-based TPSDose.
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2. Materials and methods
2.1. Patient data and dose calculation

The study involved 67 patients with head-and-neck tumors and 30
patients with thorax-and-abdomen tumors. Data were collected from
three centers: Gansu Provincial Cancer Hospital, Gansu Provincial
Hospital, and Wuwei Heavy Ion Hospital, following an institutional re-
view board-approved retrospective data collection protocol under the
Academic Committee of the Institute of Modern Physics, Chinese
Academy of Sciences. (Section S1, Supplementary Material).

The CT images, delineations, and treatment plans were performed at
each institute individually. For all patients, TPSDose was calculated
utilizing the spot-scanning beamline database of the Heavy Ion Medical
Machine situated in Lanzhou, China. All patients received either Single
Field Uniform Dose (SFUD) or Intensity-Modulated Proton Therapy
(IMPT) plans by an experienced physicist based on the patient’s actual
condition, and reviewed by an experienced physician, exclusively for
research purposes and not implemented on actual patients. All treatment
plans were optimized based on the physical dose, adhering to a total
prescribed dose of 30 Gy delivered in 30 fractions. (Table S1, Supple-
mentary Material).

MCDose was calculated using the GATE v9.1/Geant4 v10.7.4 simu-
lation platform, incorporating the same spot positions, energies, and
weights as calculated in matRad [29]. The GATE simulation employed
the same conversion factors for Hounsfield values and stopping power.
The production threshold settings for gamma, electron, and positron
particles were established at 1 m, 1 mm, and 0.1 mm, respectively. These
settings were chosen with consideration of simulation time and calcu-
lation accuracy, aiming to strike a balance between the two factors. The
physics list, QGSP_BERT HP_EMY, was used in the simulations, con-
taining the command of hadronic physics processes and EM processes
for carbon ions (GateContrib/dosimetry/Radiotherapy/examplel) [30].
A total of 10® particles were tracked in the simulation, which was
executed using 80 parallel calculations on two Intel® Xeon® Gold 6148
CPUs operating at a frequency of 2.40 GHz. Two dose distributions were
calculated for each patient to ensure MC noise values around 0.5 % and
always below 1 %.

2.2. Data pre-processing

Two sets of Cohorts were conducted: one exclusively with head-and-
neck data (Cohort 1) and the other combining head-and-neck and
thorax-and-abdomen data (Cohort 2). The first Cohort assessed DL
model accuracy with a limited dataset, while the second evaluated its
performance across different tumor types for generalization. Each
cohort had subsets (training, validation, test), Cohort 1: 41:13:13;
Cohort 2 (head-and-neck): 41:13:13, (horax-and-abdomen): 18:6:6.
(Table S2, Supplementary Material). Input data included 3D CT images
and TPSDose. To optimize GPU resources, CT images and TPSDose
resolutions were downsampled to 256x256x64. The CTs, structure sets,
and TPSDose DICOM files for each patient were extracted and converted
to 3D matrices. To ensure consistency, normalization operations were
applied to CT images, cropping them to —1024 to 3500 HU, dividing by
3500 HU, and scaling to [0,1]. Dose values were normalized within [0,
11.

The proposed model used online data augmentation techniques to
enhance prediction accuracy. These included random flips (70 % prob-
ability) around the x and z axes, random rotations (30 % probability)
around the z-axis, and random panning (80 % probability) within the
image plane. These augmentations help the model handle diverse ori-
entations, positions, and spatial changes, improving accuracy and
generalization. Mirroring input data along different axes increases
robustness by generating predictions from multiple perspectives without
changing spatial location or orientation.
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2.3. Network model structure and model training

The first phase of the CHD U-Net Network used input CT images and
TPSDose to predict the output MCDose [31]. The second-stage Network
refined predictions using the first stage’s input and output to optimize
the model parameters. This reduced the overall training burden,
allowing the second stage to focus on refining predictions for improved
accuracy in the final results [32,33].

The CHD U-Net Network was implemented in PyTorch and trained
on an NVIDIA A6000 GPU for efficient image processing. The mean
absolute error (MAE) served as the loss function, comparing predicted
dose with ground truth dose (MCDose) (Section S2, Supplementary
Material).

Fig. 1 illustrates the specific structure of the Network model, which is
a two-stage modified HD U-Net. The original architecture was modified
to include a dense convolution module, a dense downsampling module,
and a standard convolution module within the U-Net upsampling pro-
cess. Dense Convolution Module: Consists of a 3 x 3 x 3 convolution
kernel with a stride of 1, followed by InstanceNorm and ReLU activation.
The output is concatenated with the previous feature map. Dense
Downsampling Module: Includes a 3 x 3 x 3 convolution kernel with a
stride of 1, InstanceNorm, ReLU activation, and a 2 x 2 x 2 max-pooling
operation with a stride of 2. The outputs of both operations are
concatenated. Standard Convolution Module: Contains a 3 x 3 x 3
convolution kernel with a stride of 1, followed by InstanceNorm and
ReLU activation. The Network performs five downsampling and five
upsampling operations. During downsampling, each layer includes two
dense convolutional modules. In upsampling, two standard convolu-
tional modules replace the dense ones for efficiency. Skip connections
link each upsampled feature map with its corresponding downsampled
feature map. The final layer appliesa 1 x 1 x 1 convolution kernel to
produce the final 3D dose prediction.

The model was optimized using the deep supervision technique,
which involves optimizing intermediate layers in addition to the final
output layer [34]. The MSRA method initialized Network model weights
randomly. The Adam optimizer [36] with an initial learning rate of
0.003 and a weight decay of 0.0001 were used. The learning rate was
reduced cyclically using the cosine annealing method to improve
convergence and avoid local optima. In Cohort 1, the model was trained
for 16,400 iterations, and in Cohort 2, training continued for 35,400
iterations. The stopping point was determined based on model conver-
gence and performance. These settings and techniques aimed to ensure
effective training and optimization of the CHD U-Net model for accurate
dose prediction in HIT.

2.4. Alternative model structures and their parameters

In our Cohorts, we compared our model with two state-of-the-art 3D
dose prediction models: (1) C3D [27], a cascaded 3D U-Net architecture
that achieved first place in the OPNEKBP competition. This model was
specifically designed for dose prediction tasks and demonstrated high
performance in previous competitions [35] (Section S3, Fig. S1, Sup-
plementary material). (2) HD U-Net [24], a DL model with excellent
performance in proton dose prediction (Section S4, Fig. S2, Supple-
mentary material). Throughout training, no underfitting or overfitting
phenomena were observed, and all three DL models eventually
converged.

2.5. Network model performance evaluation

In our network performance evaluation we used the root mean
square error (RMSE) (Section S5, Supplementary Material) as the dis-
tance metric to compare the predicted dose of the DL model, TPSDose,
with the “gold standard” MCDose. One-way ANOVA was used to tested if
predicted outcomes significantly differed from MCDose, reflecting the
stability of DL model predictions. Dose-volume parameters evaluation
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Table 1
Mean RMSE values and 3D gamma passing rates (1 %,/1 mm and 3 %/3 mm) for
all patients Tested in Cohort 1 (mean =+ standard deviation).

Cohort 1

Model RMSE (p- PTV Gamma Passing Whole body Gamma
value) Rate (%) Passing Rate (%)

1 %/1 mm 3 %/3 mm 1 %/1 3 %/3
mm mm

CHD U- 0.06 + 0.01 70.0 £ 7.5 99.1 £1.3 86.0 + 99.3 +
Net (0.09) 3.4 0.3

C3D 0.13 £0.12 60.6+87 97.3+£35 793+ 97.9 +
(0.26) 4.7 1.5

HD U-Net 0.07 + 0.016 40.5 + 85.4 + 76.0 = 97.1 +
(0.10) 14.4 14.8 7.3 2.3

TPSDose 0.28 £ 0.38 549+69 943+18 757+ 96.0 +
4.4 1.8

Abbreviations = PTV: planning target volume, MC: 3D dose distribution from
MC simulation, TPSDose: 3D dose distribution from analytical algorithm, RMSE:
root mean squared error, the p-value of the RMSE was obtained from a one-way
ANOVA comparing the predicted doses of the three DL models with the TPSDose.
MCDose was always the reference in the GPR comparisons. The test set included
data from 13 patients. We used the Shapiro-Wilk test to assess normality, and the
results indicated that the test outcomes followed a normal distribution.

included Dgs of the PTV area and Ds of the brainstem, left and right
eyeballs, and optic nerve (Section S6, Supplementary material), dose
volume histograms (DVH) and using matRad [29] performed 3D gamma
analysis. 3D Gamma passing rate (GPR) in the PTV region and overall
body region were compared to MCDose using voxel evaluation criteria
of 1 %/1 mm and 3 %/3 mm and above the 3 % threshold of maximum
MCDose. GPR aimed to comprehensively evaluate the accuracy and
reliability of DL model dose prediction. We compared TPSDose and the
predicted doses of three DL models with the GPR of MCDose in Cohort 1
and Cohort 2, using MCDose as the reference for all GPR comparisons.
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3. Results
3.1. Technical evaluation results

In Cohort 1, the RMSE values for CHD U-Net, C3D, and HD U-Net
were 0.06, 0.13, and 0.07, respectively, with p-values of 0.09, 0.26, and
0.10. In Cohort 2, for head-and-neck patients, the RMSE values were
0.07 for both CHD U-Net and C3D, and 0.08 for HD U-Net, with all p-
values less than 0.01. For thorax-and-abdomen patients, the RMSE
values were 0.06, 0.07, and 0.08, with p-values of 0.22, 0.35, and 0.84,
respectively.

3.2. Dosimetric evaluation results

The mean 3D GPR values (1 %/1 mm) for CHD U-Net, C3D, HD U-
Net, and TPSDose in the PTV region were 70 %, 61 %, 41 %, and 55 %,
respectively, while in the overall body region, they were 86 %, 79 %, 76
%, and 76 %, respectively. Under the stringent criteria of 1 %/1 mm, the
CHD U-Net model showed a 15 % better agreement with MCDose
compared to TPSDose, while the C3D model had a 6 % improvement.
However, the HD U-Net model had a lower mean GPR of 41 % in the PTV
region. For overall body 3D GPR, the CHD U-Net showed a 10 %
improvement, the C3D model improved by 3 %, and the HD U-Net had a
slightly higher GPR compared to TPSDose. Under the 3 %/3 mm stan-
dard, the GPR of CHD U-Net reached 99 % in both the PTV region and
the whole body (Table 1).

Fig. 2 presents box plots for the PTV region and overall body 3D GPR
in Cohort 1. In the PTV region (Fig. 2(a)), the mean GPR for the CHD U-
Net was 70 % (p < 0.001), for C3D it was 61 % (p = 0.07), and for the HD
U-Net it was 41 % (p < 0.01). In Fig. 2(b), representing the overall body,
the CHD U-Net had the highest GPR and the smallest p-value. The GPR of
the CHD U-Net is significantly different from that of TPSDose.

Table 2 presents mean 3D GPR for head-and-neck and thorax-and-
abdomen patients in Cohort 2. In the PTV region, the CHD U-Net with
MCDose had a mean GPR that exceeded TPSDose with MCDose by 14 %.
However, the C3D and HD U-Net models showed inconsistent perfor-
mance, with lower mean GPR values than TPSDose. In the entire head-
and-neck region, the CHD U-Net with MCDose had a mean GPR
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Fig. 2. 3D gamma passing rate BOX plot of all the three DL models and TPS in Cohort 1: (a) 3D gamma passing rate of PTV region (1 %/1 mm), (b) 3D gamma
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Table 2
Mean RMSE values and 3D gamma passing rates (1 %/1 mm and 3 %/3 mm) for all patients Tested in Cohort 2 (mean + standard deviation).
Cohort 2
Head & Neck CHD U-Net C3D HD U-Net TPSDose
RMSE (P value) 0.07 £ 0.01 0.07 £ 0.01 0.08 £+ 0.02 0.10 £+ 0.02
(p < 0.01) (p < 0.01) (p < 0.01)
PTV Gamma Passing Rate (%) 1 %/1mm 67.3 £5.8 50.2 £+ 14.0 42.8 £19.0 53.2+7.0
3 %/3mm 99.2 £ 0.5 92.6 £ 11.0 85.0 £+ 20.6 96.9 + 1.0
Whole body Gamma Passing Rate (%) 1 %/1mm 82,5 + 4.0 75.5 + 6.8 74.3 + 8.8 74.7 £ 5.0
3 %/3mm 99.5 £ 0.2 97.6 £ 1.7 97.1 +£3.2 79 +1.0
Thorax & Abdomen RMSE (P value) 0.06 + 0.01 0.07 £+ 0.02 0.08 + 0.01 0.08 + 0.01
(0.22) (0.35) (0.84)
PTV Gamma Passing Rate (%) 1 %/1mm 42,4 £9.2 239 +11.2 13.9 + 14.7 32.2+14.3
3 %/3mm 95.9 + 0.9 71.3 £ 20.5 50.8 £+ 33.8 89.8 +£ 8.3
Whole body Gamma Passing Rate (%) 1 %/1mm 72.3 +3.8 65.4 + 4.6 56.5 + 5.5 62.7 + 3.9
3 %/3mm 97.7 £ 0.9 95.0 +£ 2.5 90.4 + 5.0 97.0 £ 0.7

Abbreviations = PTV: planning target volume, MC: 3D dose distribution from MC simulation, TPSDose: 3D dose distribution from parsing algorithm, RMSE: root mean
squared error, the p-value of the RMSE was obtained from a one-way ANOVA comparing the predicted doses of the three DL models with the TPSDose. MCDose was
always the reference in the GPR comparisons. The test set included data from 19 patients, comprising 13 head-and-neck cases and 6 thorax-and-abdomen cases. We
used the Shapiro-Wilk test to assess normality, and the results indicated that the test outcomes followed a normal distribution.
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Fig. 3. 3D gamma passing rate BOX plot of the three DL models and TPS of the head-and-neck patients and thorax-and-abdomen patients in Cohort 2: (a) PTV area
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GPR comparison.
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Fig. 4. DVH plots of two Cohort patients: (a) DVH plots of a head-and-neck tumor patient in Cohort 1, (b) DVH plots of a thorax-and-abdomen tumor patient in

Cohort 2.

exceeded TPSDose with MCDose by 9 %. The C3D and HD U-Net models
had similar mean GPR values to TPSDose, with HD U-Net slightly out-
performing C3D. Under the 3 %/3 mm standard, CHD U-Net’s GPR
reached 99 % in both the PTV area and the entire body.

Fig. 3(a) and 3(b) show box plots for the PTV region and whole body
3D GPR in Cohort 2 for head-and-neck patients. Both plots indicate that
the CHD U-Net had the highest GPR and smallest p-value, with 67 % (p
< 0.001) in the PTV region and 83 % (p < 0.001) for the whole body,
significantly different from TPSDose. Fig. 3(c) and 3(d) illustrate that for
thorax-and-abdomen patients, the CHD U-Net’s average GPRs were 42
% and 72 %, respectively. In comparison, C3D had values of 24 % and
65 %, while HD U-Net had 14 % and 57 %.

In Cohort 1, the average relative differences in Dgs between the CHD
U-Net, C3D, HD U-Net, TPSDose and MCDose were 0.2 %, 0.5 %, 1.2 %
and 0.6 %. The average relative differences for Ds were 1.1 %, 1.3 %,
1.9 %, and 3 %. In Cohort 2, for the head-and-neck tumors, the average
relative differences in Dgs were 1.3 %, 1.6 %, 1.9 % and 1.9 %, while for
Ds, they were 1.1 %, 2.1 %, 2.8 %, and 2.4 %. For thorax-and-abdomen

tumors, the mean relative differences in Dgs were 1.3 %, 4 %, 4 %, and
2.7 %, and for Ds, they were 3.1 %, 5.2 %, 5.2 %, and 2.9 % (Table S1,
Supplementary Material). Fig. 4 shows the DVH plots of the two groups
of Cohort patients.

We compared the predicted dose by the three DL models with the
MCDose. Fig. S3 provides a plot of the dose differences for a head-and-
neck tumor and a thorax-and-abdomen tumor in Cohorts 1 and 2.
(Supplementary Material). For head-and-neck tumors, the average MC
simulation time was 19.3 4+ 12.3 (mean =+ standard deviation) hours,
while the average prediction times for the CHD U-Net, C3D, and HD U-
Net models were 2.1 + 0.3 s, 2.2 + 0.5 s, and 2.1 + 0.2 s, respectively.
And for the thorax-and-abdomen tumors, it was 38.4 & 26.2 h. The
prediction times for the three DL models were 2.8 + 0.5 s, 2.9 + 0.6 s,
and 2.9 + 0.3 s, respectively. These findings highligh the significantly
higher computational cost in terms of MC simulation time for heavy ions
compared to photons and protons.
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4. Discussion

In this study, we introduced the CHD U-Net, a novel DL model for
predicting MCDose distribution in HIT. It accurately predicted dose
distribution for the whole body and improved the PTV region, achieving
the highest GPR (3 %/3 mm) of 99 % in both areas, with a prediction
time of only two seconds.

In clinical HIT, using a 1 %/1 mm GPR is stringent, as the standard is
3 %/3 mm, where a GPR over 95 % indicates a deliverable radiotherapy
treatment plan. In Cohorts 1 and 2, the CHD U-Net achieved 99 % GPR
for head-and-neck cancer patients in both PTV and whole body areas
compared to other models [17,19,21-23,25-27,41].

However, for the thorax-and-abdomen patients in Cohort 2, the GPR
did not reach 99 %. This might be due to the smaller data set and more
complex incident angles (0°-90°, 180°-360°). These results indicated
that both the quantity and consistency of the data (in terms of position
and angle) could affect the model’s predictive accuracy.

Cohort 1 assessed the DL model’s accuracy with a single tumor type,
while Cohort 2 evaluated its generalization across various patient data
and tumor types. Our findings show potential for adaptability. Future
studies will enhance performance by increasing tumor types and inte-
grating data from other locations, expanding clinical applications.

In the DVH index and image evaluations, the CHD U-Net had the
smallest relative difference compared to MCDose, excelling in dose
prediction for organs at risk (OARs). The Dg evaluation showed that in
both cohorts, the CHD U-Net’s relative difference was the smallest
among the other DL models and TPSDose, with the lowest at about 1 %.
Compared to the previous photon or proton dose prediction studies
[17-20], the CHD U-Net significantly improved OAR prediction accu-
racy. It also had higher accuracy than the widely used clinical analytical
algorithm [5-7], suggesting that it could replace TPSDose for precision
HIT. Therefore, our method significantly impoved the MC dose predic-
tion accuracy without major modifications to clinical protocols [39,40].
The CHD U-Net’s average prediction time for MCDose was about 2 s,
much faster than the half-minute calculation time of Zhang et al.’s heavy
ion pencil-beam model [10]. Total MCDose prediction time was also
about half a minute, shorter than that with MC denoising [37,38],
allowing for online adaptation of MC calculation and improving quality
with geometric changes. Additionally, the CHD U-Net can predict each
patient’s MCDose end-to-end, offering clinicians valuable insights to
determine the necessity of conventional MC simulation QA, thereby
enhancing clinical workflow efficiency. Integrating this model into the
HIT process can enhance TPSDose accuracy to match MC simulations
and replace the existing system. It can be added as a plug-in to improve
heavy-ion dose calculations and assist in clinical QA.

This study had some limitations, such as not integrating relative
biological effectiveness (RBE) into dose optimization [41]. In order to
keep the data as consistent as possible, the optimization relied only on
the physical absorbed dose, the fixed prescription dose (30 Gy/30
fractions) did not consider the dose constraint of OARs. Additionally, we
did not verify the model’s accuracy when the prescription dose changed.
We also had not yet focused on improving the model’s efficiency, which
could be enhanced through methods like model compression or struc-
tural simplification.

In conclusion, our study introduced a novel DL model — CHD U-Net
for predicting MCDose in HIT, demonstrating higher accuracy in dose
prediction for the PTV region and the overall body compared to existing
models. Since our dataset included two types of tumors, the model
demonstrated a certain level of generalization ability. Notably, our deep
learning model could rapidly predict MCDose in just 2 s.
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