Physics in Medicine & IPEM
Biology C T

PAPER « OPEN ACCESS You may also like

Multi-model study of fast VMAT segment dose 'f‘?ae_"?;”v‘igrk’?;?f?é’%f’uﬁf%'DG_Z‘L”;Q Geobl
verification for online adaptive

calculation with deep learning radiotherapy

Shunyu Yan, Austen Maniscalco, Biling
Wang et al.

To cite this article: Fan Xiao et al 2026 Phys. Med. Biol. 71 095015 - Eeasibility of reconstructing in-vivo patient

3D dose distributions from 2D EPID image
data using convolutional neural networks
Ning Gao, Bo Cheng, Zhi Wang et al.

- Quality assurance for online adaptive
radiotherapy: a secondary dose
verification model with geometry-encoded
U-Net
Shunyu Yan, Austen Maniscalco, Biling
Wang et al.

View the article online for updates and enhancements.

RIT
reom @RIT

THE INDEPENDENT, COMPREHENSIVE
QA SOFTWARE SOLUTION BUILT
FOR MEDICAL PHYSICISTS

RIT Complete software consolidates all of RIT's innovative therapy Request a demo of
products into one comprehensive QA solution, providing powerful RIT Complete:

analysis routines in a user-friendly interface to maximize the
RAI]IMAGE.B[IM*

efficiency and precision of your measurements.

MACHINE
oA

PATIENT
QA

Email: sales@radimage.com
Call: 1(719) 590-1077, Opt. 4

©® 2026, Radiological Imaging Technology, Inc

This content was downloaded from IP address 2.203.39.132 on 10/05/2026 at 22:23


https://doi.org/10.1088/1361-6560/ae6413
/article/10.1088/3049-477X/adcb4b
/article/10.1088/3049-477X/adcb4b
/article/10.1088/3049-477X/adcb4b
/article/10.1088/3049-477X/adcb4b
/article/10.1088/1361-6560/ada19b
/article/10.1088/1361-6560/ada19b
/article/10.1088/1361-6560/ada19b
/article/10.1088/1361-6560/ada19b
/article/10.1088/1361-6560/ada19b
/article/10.1088/1361-6560/ada19b
/article/10.1088/2632-2153/ad829e
/article/10.1088/2632-2153/ad829e
/article/10.1088/2632-2153/ad829e
/article/10.1088/2632-2153/ad829e
https://pagead2.googlesyndication.com/pcs/click?xai=AKAOjsvRIaCpd9f6kjrgpe8g7jjDT-sTGAqaM_3gpHQJEQR47LP2dTs3Am3ETu_a5DGeySkN51XV-_bLXxEY4jHqrSQzUiX4DR7JJ8nQc9xG2n3CYy-b0t7bqcQraQWB99qDvWwOCDUjyByiWHKwZs-VDEFukjPN9YGJR82TnYJW3F1Vc8pIvTK86fCv4__vkO53ymKcefGmvIotp5iEvTYSaZn4Ei5bMeXDeBaXiJTdkbiS-FShaRWIzKmSfxop7GsNKZsAFZM6Ja3TXXySapee9CfMSiqg6r_3zTiqPsMDDUQanNq-0vG4OMcu5Ot7nMVfFkKQGtA9Bfq0WWWTJez64U5KHfpj1PEKLWFKk5PG-SuVJRcNfxQLV9gv33g&sig=Cg0ArKJSzJbqHSxVwcZD&fbs_aeid=%5Bgw_fbsaeid%5D&adurl=https://www2.radimage.com/l/36002/2025-11-03/3t9d3w9

IOP Publishing

W) Check for updates

OPEN ACCESS

RECEIVED
3 December 2025

REVISED
1 April 2026

ACCEPTED FOR PUBLICATION
23 April 2026

PUBLISHED
7 May 2026

Original Content from
this work may be used
under the terms of the
Creative Commons

Attribution 4.0 licence.

Any further distribution
of this work must
maintain attribution to
the author(s) and the title
of the work, journal
citation and DOL.

Phys. Med. Biol. 71 (2026) 095015 https://doi.org/10.1088/1361-6560/ae6413

IPEM

Institute of Physics and
Engineering in Medicine

Physics in Medicine & Biology

PAPER

Multi-model study of fast VMAT segment dose calculation
with deep learning

, Niklas Wahl]**

1,5,7,%

Fan Xiao' , Claus Belka"**, Christopher Kurz', George Dedes®"’

and Guillaume Landry

' Department of Radiation Oncology, LMU University Hospital, LMU Munich, Munich, Germany

Department of Medical Physics in Radiation Oncology, German Cancer Research Center (DKFZ), Heidelberg, Germany
National Center for Radiation Oncology (NCRO), Heidelberg Institute for Radiation Oncology (HIRO), Heidelberg, Germany
German Cancer Consortium (DKTK), partner site Munich, a partnership between DKFZ and LMU University Hospital, Munich,
Germany

Bavarian Cancer Research Center (BZKF), Munich, Germany

Department of Medical Physics, LMU Munich, Munich, Germany

These authors contributed equally to this work as senior authors.

Author to whom any correspondence should be addressed.

2
3
4
5
6
7
*

E-mail: guillaume.landry@med.uni-muenchen.de

Keywords: dose calculation, deep learning, photon therapy, VMAT

Supplementary material for this article is available online

Abstract

Objective. Deep learning (DL) methods enable photon dose calculation under two main coordin-
ate representations: Beam’s Eye View (BEV) and patient coordinates. We evaluate dose calcula-
tion accuracy and speed under these coordinate paradigms and with representative DL models
within a unified dataset and pipeline, and introduce two lightweight models for fast photon dose
calculation. Approach. Planning computed tomography (CT) scans and volumetric modulated arc
therapy plans from 24 prostate cancer patients were used. Monte Carlo simulation generated 5940,
540, and 3053 segment doses for training (11 patients), validation (3), and testing (10), respect-
ively. For BEV, we used a combination of convolutional neural network (CNN) and convolutional
long short-term memory network (ConvLSTM) called CNN-ConvLSTM, a CNN-Mamba com-
bination (CNN-Mamba), a transformer-based architecture (DoTA), and a cascaded 3D UNet
(C3D). These were trained on CT and segment-projection BEV cuboids. For patient coordinates,
the DeepDose individual segment dose prediction framework implemented with C3D (DeepDose-
C3D) was trained on cropped CT volumes with four physical inputs. Segment and plan dose
accuracy were assessed using local gamma passing rates vpg (2%/3 mm and 1%/3 mm) and dose-
volume histogram metrics. Dose calculation times (inference plus pre/post-processing) were meas-
ured on three different graphics processing unit (GPUs). Results. All five models achieved mean
local ypg values >91.0% (2%/3 mm) for segment doses and >99.0% (1%/3 mm) for plan doses.
Mean per-segment dose calculation times were 79, 67, 298, 490, 356 ms for CNN-ConvLSTM,
CNN-Mamba, DoTA, C3D, and DeepDose-C3D, respectively. On the latest-generation GPU avail-
able, the corresponding per-plan (average 305 segments) dose calculation times were 5.5, 6.2, 33.6,
38.7, 35.4 s. Significance. Both BEV- and patient-coordinate DL methods achieved accurate photon
plan dose calculation, with BEV-based approaches showing more robust segment performance.
CNN-ConvLSTM and CNN-Mamba retain comparable accuracy at lower computational cost,
enabling fast photon dose calculation.

© 2026 The Author(s). Published on behalf of Institute of Physics and Engineering in Medicine by IOP Publishing Ltd
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1. Introduction

In external photon-beam radiotherapy, intensity modulated radiation therapy (IMRT) and volumet-
ric modulated arc therapy (VMAT) deliver highly conformal dose distributions via variable apertures
formed by multileaf collimators (MLCs) (Otto 2008, Hussein et al 2018). As workflows advance toward
online and real-time adaptation (Kontaxis et al 2015, Green et al 2018), fast and accurate dose compu-
tation is critical for rapid plan evaluation and iterative re-optimization that accounts for intrafraction
motion (Lombardo et al 2024, Keall et al 2025).

Monte Carlo (MC) simulation is widely regarded as the gold standard for dose calculation (Panettieri
et al 2009). With general-purpose MC codes (Onizuka et al 2018, Paschal et al 2022), dose calculations
typically take hours to tens of hours because they track millions to billions of particle histories. Advances
in graphics processing unit (GPU) implementations (Hissoiny et al 2011, Cheng et al 2023) with accel-
eration algorithms (Renaud et al 2015) have substantially reduced runtimes, with plan-level dose calcu-
lations typically reported in the tens-of-seconds range (Li et al 2021, Chen et al 2025). More recently,
GARDEN reported gamma passing rates (2%/3 mm) of 99.73% for VMAT plans in 15.4s with 0.2%
uncertainty and (3% /3 mm) above 99.23% for IMRT and VMAT plans in 3s at ~ 1% uncertainty
(Liu et al 2025). In parallel, rapid advances in artificial intelligence-based image processing (Li et al
2024) have yielded near real-time, high quality outputs across diverse radiotherapy applications (Rabe
et al 2025), with deep learning (DL)-based dose calculation becoming increasingly prevalent as an open
research topic in recent years.

For the photon dose calculation task, approaches operate in two coordinate representations: patient
coordinates or beam’s eye view (BEV) coordinates. For patient coordinates, existing methods typically
rely on multiple 3D physics-based inputs, such as segment binary mask, distance from source, central
beamline distance, radiological depth (Kontaxis et al 2020), noisy MC dose (Bai et al 2021), fluence pro-
jection volume (Xiao et al 2022), or pencil beam dose (Song et al 2023). These models learn a mapping
between the physics-derived inputs, density information from computed tomography (CT), and the ref-
erence MC dose. In contrast, methods in BEV coordinates aim to reduce or bypass multiple physical
inputs, by performing dose sequence modeling directly from beam geometry and aperture information
extracted from the treatment plan: Pastor-Serrano et al proposed a 3D convolutional-transformer model
using the tissue-density-corrected segment projection as model input and reported an average VMAT
plan dose calculation time of 8s (Pastor-Serrano et al 2023). Witte et al showed a gated recurrent unit
model with 2D convolutional layers using radiotherapy plan parameters as model input, achieving an 82
times speed-up over GPUMCD (Hissoiny et al 2011) for VMAT plans (Witte and Sonke 2024). Fan et al
developed a 2D Unet-like model using distance-corrected conical fluence maps as model input, with a
mean runtime of 1 s per IMRT single beam (Fan ef al 2025).

Both patient and BEV coordinate-based DL approaches have shown competitive accuracy-runtime
performance; yet systematic comparisons under identical dataset, processing, and metrics remain lim-
ited. Here, we conducted a comparative study: we present a DL framework for fast photon segment dose
calculation (including BEV resampling, segment projection, and inverse resampling of dose to patient
coordinates, with support for large fields (40cm x 40cm)). Under the same protocol, we compared
two factors: model architectures and coordinate representations (BEV versus patient coordinates). In
addition, two fast and lightweight DL models were introduced for BEV coordinate-based methods.

2. Materials and methods

2.1. Proposed workflow

For the BEV coordinate method (figure 1(a)), the patient CT was first resampled into BEV sequences
(see section 2.3.1). The DL model then took the BEV CT and segment projection cuboids as inputs to
predict dose, which was subsequently inverse-resampled back onto the patient coordinate for comparison
with the MC dose (ground truth MC doses were always in the patient coordinate system). Two open-
source dose prediction models (transformer DoTA (Pastor-Serrano et al 2023) and Unet cascaded 3D
(C3D) (Liu et al 2021)) were used as baselines. Inspired by a recent DL work on proton dose calculation
(Neishabouri et al 2025), a convolutional neural network (CNN)-convolutional long short-term memory
network (ConvLSTM) (CNN + convolutional long short-term memory) model for photon segment dose
prediction was developed (see section 2.5). Besides, following the recent advances in selective state-space
models, such as Mamba (Gu and Dao 2024), which provide a more computationally efficient alternative
to attention-based transformers for long-sequence modeling, we evaluated a CNN-Mamba model while
keeping the CNN encoder-decoder identical to that of the CNN-ConvLSTM model.
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Figure 1. The workflow of DL dose calculation approaches in two coordinate representations: (a) BEV-coordinate modeling:
(a, left) A beam-aligned cuboid region of interest (red), centered at the isocenter, is defined on the patient CT and resampled to
the BEV grid, providing the 3D cuboid for subsequent segment projection and sequence modeling. (a, mid) A segment projec-
tion mask is generated based on the 3D CT cuboid, and a DL model is trained to predict the segment dose in BEV coordinates.
(a, right) BEV-predicted dose is inverse-resampled onto the patient CT grid, enabling dose accumulation across segments and
plan-level evaluation. (b) Patient-coordinate modeling: A DL model takes the 3D patient CT volume with physical inputs and
predicts the segment dose on the patient CT grid.

In contrast, for the patient coordinate method (figure 1(b)), the DL model predicted dose directly
on the patient CT grid from a cropped 3D CT volume together with different physical features, and the
dose prediction was then restored to the full grid. We considered two input configurations on top of the
CT: (i) the 3D segment projection only, and (ii) the four physical features described in Kontaxis et al
(2020). The Unet C3D architecture was the same as that used in the BEV-based method.

2.2. Patient dataset and MC simulation

The patient dataset consisted of anonymized and implant-free planning CT images and VMAT RTPLANs
from 24 prostate cancer patients treated at the Department of Radiation Oncology, LMU University
Hospital. Planning CTs were acquired on a single CT scanner (Aquilion LB, Canon Medical Systems)
with an original voxel size of 1 x 1 X 3mm?, and were resampled to an isotropic 3 X 3 x 3mm? grid,
consistent with commonly used clinical dose grids. 24 VMAT plans were generated using the Monaco
treatment planning system and delivered on an Elekta Versa HD Linac equipped with an Agility 160-leaf
MLC as part of clinical operation.

For the segment extraction from the VMAT plans, the continuous delivery between two consecut-
ive control points k— k+1 was approximated by the mid-control-point aperture. A 2D binary aperture
mask M € {0,1}, shown in figure 2(a), was then generated on the BEV grid covering the full field size
(40cm x 40cm at isocenter plane), with the resolution of 1 mm x 1 mm. This mask was used for seg-
ment projection and as the fluence aperture in the subsequent MC simulation.

We denote by ¢, the normalized cumulative meterset weight at control point k, which increases
monotonically from 0 to 1. Let M represent the total Beam Meterset (monitor unit (MU)). The portion
of MU delivered within the segment k — k+ 1, denoted as M, is calculated as:

Mk:M(Ck-H 7Ck). (1)

Let Dy denote the dose D for segment k. Then the plan dose for K control points can be obtained by
MU-weighted accumulation:

K—-1
Dyjan = Y _ My Dy (2)
k=0
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Figure 2. (a) MLC aperture on the isocenter plane within the 40 x 40 cm? field (yellow shows the open MLC region; red
dashed/solid denote X/Y jaws); (b) segment dose MC simulation geometry with a point source at SAD = 100 cm, where the
binary aperture from (a) serves as the fluence filter.

In this study, MC simulations were implemented with Geant4 (version 11.00-patch-03), using a
predefined QGSP_BIC_HP_EMZ physics list. Patient CT images were converted into corresponding
density and elemental composition maps through a scanner-specific calibration curve reported pre-
viously (Schmid eral 2015). An idealized point source was used, with the photon energy spectrum
derived from the ELEKTA_PRECISE_6MV phase space files provided by the International Atomic Energy
Agency (IAEA) (Capote et al 2006). For the segment dose MC simulation, the source-to-axis distance
was set to 100 cm, the binary aperture mask served as a fluence filter on the isocenter plane with the
full 40cm x 40cm field, as shown in figure 2(b), and the dose grid matched the patient CT spacing
(3 x 3 x 3mm?).

For dataset partitioning, 11 patients were used for training, 3 for validation, and 10 for testing. For
training, 3652 segments were extracted from 11 RTPLANs, and data augmentation shifted each MLC
leaf randomly by § ~ U/(—5 mm,5 mm) along its travel direction, with U/ the uniform distribution,
doubling the training segment pool to 7304. For each training patient, the isocenter was shifted along
the superior-inferior axis by —2, 0, +2 cm. At each isocenter, 180 gantry angles were simulated every
2° from 0° to 358°; at each angle, one segment was randomly sampled from the 7304-segment pool
to generate a segment dose, yielding 11 x 3 x 180 = 5940 training doses. For validation, 1167 segments
were extracted from 3 patients without MLC shifting augmentation. For each patient, 180 gantry angles
(0-358°) were simulated at the original isocenter; at each angle, one segment was randomly chosen
from the 1167-segment pool, yielding 3 x 1 x 180 = 540 segment doses. For testing, segment doses were
simulated according to each plan’s control point sequence, resulting in 3053 segment doses across 10
patients (216, 254, 297, 312, 214, 338, 380, 384, 311, and 347 segments, respectively). Plan doses were
then reconstructed by MU-weighted accumulation of segment doses. Due to simulation time limita-
tions (segment dose simulation with a mean runtime of approximately 25h for 5 x 10°cm? histories on
a single core of an Intel Xeon Gold 6354 3.00 GHz central processing unit (CPU)), photon histories were
5x 10° cm? for training segment dose simulation (yielding an average statistical uncertainty of ~5% in
the D > 10%Dpax region), and 5 x 10°cm? for validation and testing segment dose simulation (yielding
an average statistical uncertainty below 1.6% in the D > 10%Dyax region). The prescription was 60 Gy in
20 fractions. All MC plan doses were scaled so that Dgsy planning target volume(PTV) > 0.95 X 60 Gy =
57 Gy, and the same scaling factor was used for predicted plan doses. MC simulation were run on a
computing cluster with 138 physical CPU cores.

2.3. BEV-coordinate processing

2.3.1. BEV resampling and inverse mapping

For the BEV-coordinate processing in figure 1(a), patient CT (in Hounsfield Unit (HU)) and segment
dose were first transformed to a 3D BEV grid defined by the point source and the isocenter. The grid
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was a cuboid with a full field of 40 x 40cm? at the isocenter plane and a depth of 51.2cm along the
beam axis (+25.6cm centered on the isocenter plane), sufficient for general treatments. CT and dose
volumes were resampled onto this grid for model training, and predicted doses were inverse-mapped to
patient space. To minimize errors from sequential resampling, cubic B-spline interpolation was applied
on isotropic 2 x 2 x 2mm?’ BEV voxels, yielding a BEV grid of 256 x 200 x 200 voxels. The array was
ordered as (N, Ny, N,) = (256,200,200), where z follows the beam axis and (x,) span the two lateral
beam-divergence directions. Both forward and inverse interpolations were run on the GPU via CuPy
13.6.0 (Okuta et al 2017).

2.3.2. BEV segment projection

To encode the segment geometry, the 2D binary aperture on the isocenter plane was projected onto the
3D BEV grid on the GPU via CuPy. For each BEV voxel center p, we constructed a ray originating from
the source position § with direction d= p—3

F()=5+td, t>0. (3)

The isocenter plane was defined by the beam-axis unit normal # and the signed source-to-plane dis-
tance dis. The ray-plane intersection was obtained by:

d-
fint = = (4)

QU
N

The intersection point pi, =5+ tid was then mapped to the local in-plane coordinates (u, v)
aligned with the two lateral BEV axes, and the 2D aperture map was sampled at (u, v) by bilinear inter-
polation. Repeating over all voxels yielded a 3D segment projection mask, as shown in figure 3(a).

2.4. Patient-coordinate processing

For the patient-coordinate processing in figure 1(b), the patient CT (in HU) and segment dose volumes
were directly cropped to 128 x 192 x 192 at 3 x 3 x 3mm?® voxels for model training. For additional
inputs, two configurations were used: (i) a 3D segment projection (from section 2.3.2) inverse-resampled
onto the patient CT grid; and (ii) a physical feature set (Kontaxis et al 2020) comprising the segment
projection, distance-from-source (DFS), central-beamline distance (CBD), and radiological depth (RD).
DES was calculated as the Euclidean distance from the point source to each voxel. CBD represented

the perpendicular distance from each voxel to the central beam axis. RD was the line integral of dens-
ity along the beam direction starting at the body surface. To compute RD, CT HU were first mapped
to physical density using the scanner-specific calibration curve (Schmid et al 2015), then a cumulat-

ive density integral was evaluated along rays parallel to the beam axis with depth initialized to zero at
the surface. All physical features were computed on GPU via Cupy and cropped to 128 x 192 x 192 at

3 x 3 x 3 mm® voxels, as illustrated in figure 3(b).

2.5. Model architectures

2.5.1. BEV coordinates

For BEV coordinate methods, transformer (DoTA), Unet (C3D), and proposed CNN-ConvLSTM and
CNN-Mamba models were trained and evaluated.

For DoTA, we adopted the published hyperparameters (Pastor-Serrano et al 2023), modifying only
the number of encoder levels. Because our inputs (256 x 200 x 200) are larger than the original DoTA
inputs (96 x 96 x 64), we evaluated both the original four-level downsampling configuration and a five-
level downsampling variant under the same training setup. The five-level downsampling model yielded
superior validation performance and was therefore used as the default configuration in our experiments.

For C3D, we followed the released configuration (Liu et al 2021), modifying only the number of
input channels from 9 to 2 to accommodate the 3D CT and segment projection cuboid inputs.

The CNN-ConvLSTM model comprised three components, as illustrated in figures 4(a) and (b): a
2D CNN encoder, a ConvLSTM, and a 2D CNN decoder. The CNN encoder stacked four 2D convo-
lutional layers with LeakyReLU activations (Xu et al 2020), compressing the two-channel BEV input of
shape (2,N;,N,,N,) into feature maps of shape (C,N;,N,/8,N,/8), where C =64 denotes the number
of feature channels, providing a lower-resolution representation for subsequent ConvLSTM sequence
modeling. Among the four convolutional layers, one used a 1-stride to enrich features, whereas the
remaining three employed downsampling strides to aggregate contextual information. A single-layer
ConvLSTM (Shi et al 2015) then modeled through-slice dependencies. At each time step ¢ (BEV slice),
the ConvLSTM module concatenated the encoded slice x; with the previous hidden state h;_, applied a
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Figure 3. (a) BEV-coordinate inputs: a 3D CT cuboid covering a 40 x 40cm? field at the isocenter plane and extending +25.6cm
along the beam axis about the isocenter, together with the corresponding 3D segment projection. (b) Patient-coordinate inputs:
3D physical feature volumes (segment projection, DFS, CBD, RD) and CT volumes, each of shape 128 x 192 x 192 with isotropic

3 mm voxels.

3 x 3 2D convolution, and split the resulting 4C-channel output into forget, input, candidate, and out-
put gates f;, i, g, 0, respectively. The cell and hidden states were updated by:

Ct:ftQthl'Fit@gt (5)
h, = 0; ® tanh (¢;) (6)

where © is elementwise product.

The sequence of output hidden states /i, from ConvLSTM was then decoded. The CNN decoder mir-
rors the CNN encoder: three 2D transposed convolutional layers with LeakyReLU activations progress-
ively upsampled the features back to the input resolution, followed by the final transposed convolution
that produced a single-channel output. No skip connections were used to keep the design lightweight.

The CNN-Mamba model, illustrated in figure 4(c), shared the same 2D CNN encoder and decoder
as the CNN-ConvLSTM. Then, a Spatial Mix module applied a depthwise 7 x 7 convolution followed
by a pointwise 1 x 1 convolution and a LeakyReLU activation, with a residual connection. The depth-
wise convolution aggregated spatial neighborhood information independently per channel, while the
pointwise convolution fused information across channels. This operation injected neighboring spatial
context into each pixel’s feature, including out-of-projection pixels, before the spatial dimensions were
flattened. The enriched feature map was then projected from C to C/2 via a fully connected layer, passed
through two stacked Mamba blocks, restored to C via a second fully connected layer, and reshaped back
to (C,N;,N,/8,N,/8). A symmetric Spatial Mix module was applied after reshaping, redistributing the
Mamba output spatially. At last, the feature map was passed to the CNN decoder to recover the full-
resolution dose prediction.

2.5.2. Patient coordinates

For the patient coordinate method, we used the same C3D Unet as in the BEV-coordinate method, but
with the input shape of 128 x 192 x 192. Two input configurations were used with the same network:
a two-channel input (3D patient CT and segment projection) and a five-channel input (3D patient CT
and four physical features as described in section 2.4). To avoid ambiguity, we refer to this patient-
coordinate C3D model as DeepDose-C3D.

2.6. Training

For the BEV coordinate method, to preserve the DoTA and C3D architecture designs (5 and 4 down-
sampling operations, respectively), the input CT and segment projection cuboids were center-cropped
to 256 x 192 x 192 so each dimension was divisible by 2° = 32 or 2* = 16, while the proposed CNN-
ConvLSTM, CNN-Mamba models with three downsampling operations kept using the 256 x 200 x 200
input. For the patient coordinate method, all inputs had shape 128 x 192 x 192. Global maximum nor-
malization, using the maximum segment dose and CT HU value from training data, was applied to the

6



10P Publishing

Phys. Med. Biol. 71 (2026) 095015 F Xiao et al

(2, Nz, Ny, Nx) (1, Nz, Ny, Nx)
a) [
2D CNN 2D CNN
Encoder COHVLSTM " Decoder
X
time
2D CNN 2D CNN
Encoder ConvLSTM " Decoder
4
2D CNN 2D CNN
Y Encoder CO”VLSTM " Decoder
Py
2D CNN 2D CNN
Encoder ComiLSi] g Decoder
b .
) Encoder input Output f¢ Decoder input
l ConvLSTM Module J
o Ceq (® @ C o
Ll L
o] -tanh =)
9 } o |
b4 O @
5 | r 5 !
Z Lo ] [o] [em] [o] z
3} | 17 i B fo 8 |
channel [ split
| iy —— 1
n
[
Encoder output ! Input x, Decoder output
Encoder input Decoder output
c)

Mamba Blockx2

LayerNorm |->| Mamba2 |—>| Dropout }—é—‘

Figure 4. (a) CNN-ConvLSTM for segment dose prediction: Model inputs are CT and segment-projection cuboids arranged as
a two-channel sequence (2, N;,N,, N). A shared 2D CNN encodes each BEV slice, a ConvLSTM aggregates temporal context
across N, and a 2D CNN decoder outputs per-slice dose maps, yielding a dose cuboid of shape (1, N, N,, Ny). (b, left) A 2D
CNN encoder applies stacked Conv2D+LeakyReLU blocks to each time slice of the two-channel input; (b, center) a single-layer
ConvLSTM performs gated updates of hidden and cell states across N, and aggregates temporal context; (b, right) a 2D CNN
decoder upsamples with TransConv2D+LeakyReLU blocks to recover the in-plane resolution and outputs a single-channel dose
map per slice. The o functions denote the forget, input and output gates, whereas the tanh functions denote the updating of

the cell state information. The ®, @ and double-slash symbol denote element-wise multiplication, element-wise addition, and
concatenation, respectively. (c) CNN-Mamba architecture: shares the 2D CNN encoder-decoder with (b); a Spatial Mix module
applies a depthwise 7 X 7 convolution followed by a pointwise 1 X 1 convolution with a residual connection, encoder feature
maps are then flattened, linearly projected from C to C/2, passed through two Mamba blocks to model through-slice dependen-
cies, and projected back to C; a second symmetric Spatial Mix module is applied after reshaping before decoding into per-slice
dose maps. The @ denotes element-wise addition.

CNN I Spatial '

ENCODER L

flatten

ob
Mix DECODER

Table 1. Summary of input shape and voxel size across different models.
Models above the dividing line use BEV coordinates, while those below use
patient coordinates.

Model Inputs Shape Voxel size (mm?)

CNN-ConvLSTM  CT, seg. proj. 256 X 200 X 200 2Xx2Xx2

CNN-Mamba CT, seg. proj. 256 X 200 X 200 2X2X2
DoTA CT, seg. proj. 256 X 192192 2Xx2Xx2
C3D CT, seg. proj. 256 X192 x 192 2x2x2
DeepDose-C3D CT, seg. proj. 128 x 192 x 192 3x3x3

DeepDose-C3D CT, four inputs 128 X 192x 192 3 x3x3

training, validation, and testing datasets. Table 1 shows an overview of the input shape and voxel size
across different models.

The loss for all models was mean squared error. The C3D, DeepDose-C3D, CNN-ConvLSTM, CNN-

Mamba models were implemented in PyTorch 2.8.0 using the Adam optimizer with an initial learning
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rate of 1072 halved if the validation loss did not decrease for 15 epochs. The CNN-Mamba implementa-
tion additionally used mamba-ssm 2.2.5 for Mamba blocks. Because transformer-based models are sens-
itive to hyperparameters, we adopted the published DoTA training settings: the LAMB optimizer with
an initial learning rate of 10~ which halved every 15 epochs. As the original DoTA implementation
is publicly available in TensorFlow, we re-implemented DoTA in PyTorch 2.8.0, matching all layer-wise
training parameters to the original implementation, to disentangle performance difference from different
DL frameworks.

Owing to the training memory limits, we set the batch size of DoTA, C3D and DeepDose-C3D to
1; for the lightweight CNN-ConvLSTM and CNN-Mamba models, the batch size was set to 4. All mod-
els were trained on a single NVIDIA RTX A6000 GPU (48 GB) with an Intel Xeon Gold 6354 3.00 GHz
CPU for one week until the validation loss stabilized. Test performance was reported for the checkpoint
with the lowest validation loss.

2.7. Evaluation

After predicting segment doses with the five models, BEV-grid predictions were inverse-resampled to
the patient CT grid; for patient-coordinate models, crops were restored to their original spatial pos-
itions. Segment doses were denormalized and then multiplied by their specific MU and all predicted
doses were evaluated on the 3 x 3 x 3 mm® dose grid. Considering the statistical uncertainty of segment
doses (below ~1.6%) and dose grid, 3D local gamma passing rates v, (2%/3 mm, 10%Dy,, dose cutoff)
between the prediction and MC dose per segment were computed using PyMedPhys (Biggs et al 2022).
Differences in 7,, across models were also evaluated using the Friedman test with Nemenyi post hoc
comparisons, and 2D dose difference maps and 1D dose profiles were used to evaluate the representat-
ive segment dose prediction case. For the full plan test, 3D local gamma pass rates 7y, were calculated
between the accumulated predicted dose and the MC dose across all models. Four criteria (2%/3 mm,
1%/3 mm, 2%/0 mm, and 1%/0 mm) were assessed within three regions (D > 10%Dy.y, the PTV, and
organ at risks (OARs) (bladder and rectum)). The 3 mm distance-to-agreement was selected to align
with the dose grid resolution; additionally, results at 0 mm were reported to evaluate the direct voxel-
wise dose agreement. The dose volume histograms (DVHs) and selected DVH indices for representative
structures were also reported: PTV (D, Doso,), bladder (Day, Vaocy» Vasay)s and rectum (Dag, V3ogys
Vo Gy)-

For the dose-calculation runtime, two components were included: (i) model inference time and (ii)
pre/post-processing time. For BEV methods, preprocessing includes BEV resampling and segment pro-
jection, and postprocessing performs inverse resampling the predicted dose to the patient CT grid. For
patient-coordinate methods, preprocessing included generating physical inputs, either the segment pro-
jection alone or four physical features (DFS, CBD, RD, and segment projection), and performing crop-
ping; postprocessing restored the predicted dose to patient’s original spatial position. Segment-level dose
calculation times across different models were measured on a single NVIDIA RTX A6000 GPU (48 GB)
paired with an Intel Xeon Gold 6354 3.00 GHz CPU. For the full-plan dose calculation, all models were
executed with CUDA Graphs and automatic mixed precision enabled, using multi-batch inference to
process all segments. We first investigated the effect of batch size on full plan inference time on a single
NVIDIA RTX A6000 GPU (48 GB) for each model. Using the batch size that yielded the fastest inference
for each model, we then evaluated cross-GPU performance by measuring total dose calculation times
on a single older generation NVIDIA Quadro RTX 8000 GPU (48 GB), the NVIDIA RTX A6000 GPU
(48 GB) used for training, and a latest-generation NVIDIA RTX PRO6000 Max-Q GPU (96 GB).

3. Results

3.1. Segment dose prediction results

Table 2 presents the local vy, (2%/3 mm, D > 10%Dyy.), model inference and pre/post-processing times,
and model inference GPU memory cost for per-segment dose prediction across different models in the
test dataset (3053 segments).

Among BEV coordinate methods, the 7, comparison results demonstrated that CNN-ConvLSTM,
CNN-Mamba, and DoTA achieved accurate dose predictions, with mean +y,, values exceeding 94%, while
C3D performed slightly worse, yielding mean -, values of approximately 92%. For dose calculation
runtime, under a fixed pre/post-processing overhead of 28 ms, CNN-ConvLSTM and CNN-Mamba
clearly benefited from their lightweight architectures, achieving model inference times of 51 ms and
39 ms, respectively, while requiring only 2.9 GB of GPU memory per segment.
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Table 2. The local ~p; (2%/3 mm, D > 10%Diax ), dose calculation runtime, and single batch inference GPU
memory cost for per-segment dose prediction across different models in the test dataset. Models above the
dividing line use BEV coordinates, while those below use patient coordinates.

Runtime (ms)

Model Inputs Ypr (mean = SD, min) Inf. Pre/Post Inf. mem (GB)
CNN-ConvLSTM CT, seg. proj. 95.60 + 2.11 (85.97) 51 28 2.9
CNN-Mamba CT, seg. proj. 95.70 % 2.07 (88.22) 39 28 2.9
DoTA CT, seg. proj. 94.27 4 3.29 (73.20) 270 28 12.8
C3D CT, seg. proj. 91.94 + 4.44 (69.24) 462 28 14.2
DeepDoseC3D CT, seg. proj. 86.32 4 11.21 (29.10) 232 30 7.2
DeepDoseC3D CT, four inputs 91.16 + 7.88 (30.80) 236 120 9.0

For patient-coordinate methods, DeepDose-C3D using only CT and segment-projection inputs
achieved a mean ~,, of approximately 86%. Incorporating additional physical inputs (DES, CBD, RD)
increased the mean ~,, to 91%, but raised the pre/post-processing time from 30 ms to 120 ms. However,
the larger standard deviation and lower worst-case ,, indicate that DeepDose-C3D remains less robust
than the BEV-coordinate models. Given its substantially lower performance compared to the multi-input
configuration, the DeepDose-C3D model relying solely on CT and segment-projection inputs is omitted
from the remaining results.

Figure 5 shows a typical segment dose prediction case (assessed by ;) in the test dataset, across
four BEV models and the DeepDose-C3D (CT + four physical inputs) model. BEV models tended to
show dose differences concentrated at high-dose edges with red/blue alternation, while DeepDose-C3D
exhibited a mild in-field negative bias, with less pronounced edge errors. The five models showed local
Ypr (2%/3 mm, D > 10%Dnay) higher than 90%.

Figure 6 presents an outlier DeepDose-C3D (CT + four physical inputs) segment dose prediction
from the test set, compared against the same-segment predictions of CNN-ConvLSTM, CNN-Mamba,
DoTA, and C3D. DeepDose-C3D exhibited a visible negative bias in the high-dose region, causing -, to
be lower than 40%. In contrast, BEV models still had residuals at high-dose edges and exhibited mostly
<1

Figure 7 further shows patient specific boxplots for -y, of predicted segment doses from CNN-
ConvLSTM, CNN-Mamba, DoTA, C3D, and DeepDose-C3D models in the test dataset. Similar to the
results in table 2, DeepDose-C3D showed more low outliers compared with BEV models in three of
ten test patients. The Friedman test indicated a significant overall difference among the five models,
subsequent Nemenyi post-hoc comparisons also showed all pairwise differences significant at o= 0.05
(all off diagonal p < 0.05). Figure 8 shows dose profiles of all models for the segment dose shown in
figure 5. In the dose regions of D> 1%Dy.x, all models align closely with the MC ground truth from
dose profiles.

3.2. Plan dose prediction results

Table 3 shows the local ypr of accumulated plan dose (described in section 2.2) predictions evaluated

in three regions from the five models across 10 test patients. All models achieved ypr (1%/3 mm, D >
10%Dinayx) higher than 99%. Performance differences become more pronounced under stricter criteria
(1%/0 mm), where CNN-ConvLSTM, CNN-Mamba and DoTA generally outperform the other models,
especially in the PTV region. Figure 9 presents a nominal plan dose prediction case (P016) from the five
models. Both BEV models and DeepDose-C3D performed with excellent accuracy. The predicted dose
distributions from all models show good agreement with the MC reference, with isodose contours that
generally match. The corresponding dose-difference maps showed deviations within 1.5 Gy or 2%D .«
over most regions, and the ypr (1%/3 mm, D > 10%Dy,.x) were all above 99%.

Figure 10 further compares the DVHs of the MC reference and the predicted plan doses from the
five models for patient P016. The DVH curves for the PTV, bladder, rectum, and body overlap well.
Consistent with the DVH visual agreement, table 4 shows that across the 10 test patients all DVH met-
rics (PTV Dy, Dgse;; bladder Dyoy, Vg, Vags rectum Dygy, Vg, Vi) differed from the MC reference by
less than 0.5 Gy or 0.5%.

3.3. Full plan dose calculation runtime
For the full-plan dose calculation, we first determined an efficient batch size for each architecture by
performing multi-batch inference on a representative test case (P016, 254 segments) on an RTX A6000

9



10P Publishing Phys. Med. Biol. 71 (2026) 095015 F Xiao et al

Dose (cGy) Prediction - MC (%) Local I (2% | 3 mm)
N/A N/A
CNN-ConvLSTM 4
F2
F0
3
2 i -2
"!..%-}‘ )
CNN-Mamba L 4
F2
- ro
L,
"k i \"\ -2
= |,
~ F4
F2
{ \\ 5
\,,_\::' _a
2.0 4
1.5 2
1.0 10
-2
0.5
-4
0.0
2.0 4
1.5 2
1.0 10
=2
0.5
-4
0.0
Figure 5. A typical segment dose prediction case in the test dataset on a representative axial slice. Left: dose map (cGy). Middle:
prediction-MC percentage dose difference map with a shared £5% scale. Right: local I maps at 2%/3 mm with D > 10%Dmax.
Rows: MC (reference; N/A for dose difference and I' map), CNN-ConvLSTM, CNN-Mamba, DoTA, C3D, and DeepDose-C3D
(CT + four physical inputs).

GPU (figure 11). The highlighted points indicate the batch size yielding the shortest total inference time,
and these per-model batch sizes were then fixed for the cross-GPU evaluation. Table 5 shows the average
per-plan inference time and pre/post-processing time on 10 test patients (average 305 segments per plan)
across three GPUs (Quadro RTX8000, RTX A6000, and RTX PRO6000 Max-Q). CNN-ConvLSTM was
consistently the fastest model, followed by CNN-Mamba, whereas DoTA, C3D, and DeepDose-C3D were
substantially slower and, for DeepDose-C3D, additionally dominated by pre/post-processing because of
its multiple physical input generation.
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Dose (cGy) Prediction - MC (%) Local I (2% |3 mm)

Figure 6. An outlier segment dose prediction case from DeepDose-C3D in the test dataset on a representative coronal slice.
Left: dose map (cGy). Middle: prediction-MC percentage dose difference map with a shared +5% scale. Right: local I" maps at
2%/3 mm with D > 10%Dmax. Rows: MC (reference; N/A for dose difference and I' map), CNN-ConvLSTM, CNN-Mamba,
DoTA, C3D, and DeepDose-C3D (CT + four physical inputs).

4. Discussion

This work presented a comparison study of DL models for photon segment dose prediction under a uni-
fied dataset, preprocessing, and evaluation protocol, covering both BEV and patient-coordinate repres-
entations and multiple network architectures. All five evaluated models achieved high overall accuracy,
with average local vpr (2%/3 mm, D > 10%D.y) values consistently above 90% for segment doses and
~vpr (1%/3 mm, D > 10%Dpn.y) above 99% for full plan doses. For the segment dose prediction, BEV
methods (CNN-ConvLSTM, CNN-Mamba, DoTA) showed very similar dosimetric performance, with
C3D performing slightly worse. In contrast, the patient-coordinate DeepDose-C3D required additional
physics-based inputs (DFS, CBD, RD) to approach similar accuracy but still exhibited larger variability
and worse outliers (similar to the report from DeepDose (Kontaxis ef al 2020)). For the full plan dose
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Figure 8. Comparison of 1D dose profiles between the MC segment dose and predictions from five models along the Z (beam
direction), X, and Y (lateral directions) axes in the BEV coordinate for the representative segment dose shown in figure 5. All
profiles intersect the isocenter. The top row uses a linear scale to illustrate high-dose regions, whereas the bottom row utilizes a
logarithmic scale to highlight low-dose regions.

prediction, both methods showed convincing accuracy from ~pr (1%/3 mm) and DVH analyses, all mod-
els reproduced MC-based target coverage and OAR sparing within about 0.5 Gy or 0.5% points, suggest-

ing that the remaining discrepancies are clinically small.
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Table 3. Mean local ypr (2%/3 mm, 1%/3 mm, 2%/0 mm, 1%/0 mm) for full-plan dose
evaluated in three regions (D > 10% Dpax, PTV, and OARs including Bladder and Rectum)
across 10 test patients for each of the five models. Values are presented as mean & SD (%).

D > 10%Dmax

Model 2%/3 mm 1%/3 mm 2%/0 mm 1%/0 mm

CNN-ConvLSTM 99.91 +0.05 99.62£0.12 89.57 £2.17 67.73 £ 3.56

CNN-Mamba 99.83 +0.08 99.46 +0.18 86.79 +2.22 63.22+3.20

DoTA 99.90 £ 0.05 99.58 +0.13 88.96 +2.17 64.90 £ 3.33

C3D 99.83 £0.08 99.26 +0.31 85.99 +2.97 58.99 +5.64

DeepDose-C3D 99.82 £0.10 99.07 £0.67 87.43+6.34 57.03 +10.94
PTV

Model 2%/3 mm 1%/3 mm 2%/0 mm 1%/0 mm

CNN-ConvLSTM 99.94 £ 0.06 98.57 £0.92 99.73£0.15 90.43 £ 3.08

CNN-Mamba 99.95+0.07 99.03 £0.73 99.60 +0.28 90.59 +2.38

DoTA 99.95+0.06 98.41 £0.82 99.54 +0.25 87.85+3.32

C3D 99.91 £0.11 96.52 + 3.64 99.30 +0.61 82.26 +10.62

DeepDose-C3D 99.73 £0.54 94.00 + 8.82 98.62 +1.83 76.15+19.86
Bladder & Rectum

Model 2%/3 mm 1%/3 mm 2%/0 mm 1%/0 mm

CNN-ConvLSTM 99.99+0.01 99.88 +0.10 88.83 +5.65 69.66 +7.83

CNN-Mamba 99.99 +0.01 99.88 £0.08 87.30 £6.02 66.78 +7.36
DoTA 99.99 +0.01 99.68 +0.37 88.77 £4.93 66.42 +7.63
C3D 99.99 +£0.01 99.23£1.09 84.53 £6.75 59.68 £12.83
DeepDose-C3D 99.98 +0.02 99.47 +0.54 93.21£5.57 69.35+15.30

From the efficiency perspective, the proposed lightweight BEV models (CNN-ConvLSTM and CNN-
Mamba) achieved per-segment inference times of 51 ms and 39 ms, respectively, with only 2.9 GB GPU
memory, compared with inference times of 270-462 ms and 12-14 GB GPU memory for DoTA and
C3D. Additional physics inputs in DeepDose-C3D increased pre/post-processing overhead from 30 ms
to 120 ms per segment, whereas BEV models operated with a fixed 28 ms overhead using only CT and
segment projections. After optimizing batch size for each model, plan-level dose calculation runtimes
on modern GPUs were reduced to a few seconds per plan (e.g. total dose calculation in the order of
5-6s on an RTX PRO6000 Max-Q for ~ 305 segments) for CNN-ConvLSTM and CNN-Mamba. It
should be noted that, although CNN-Mamba exhibited faster single-batch inference, CNN-ConvLSTM
achieved shorter total plan inference times after the batch size exceeded 1. Overall, these findings suggest
that BEV-coordinate modeling with lightweight sequence models such as CNN-ConvLSTM or CNN-
Mamba offer a favorable balance of accuracy, robustness, and computational cost for fast photon dose
calculation.

While GPU MC methods typically require tens of seconds for full plan calculations, a recent GPU
MC engine for photon dose calculation (Liu et al 2025) has demonstrated second-level performance,
achieving > 99.23% ~ pass rates at 3%/3 mm in ~3s (> 99.73% ~ pass rates at 2%/3 mm in ~15.45)
for VMAT plans on a single RTX 4080 GPU. In this context, our DL models were evaluated under more
stringent criteria (local 1%/3 mm + for full-plan doses). The CNN-ConvLSTM and CNN-Mamba models
achieved average ypr values of 99.6% and 99.5%, respectively, indicating accuracy comparable to that of
Liu et al at tighter thresholds. For online real-time adaptive radiotherapy workflows, however, conven-
tional MC dose calculation must operate on CT images, so additional steps such as in-house synthetic
CT generation and image registration are required when only on-board images (e.g. Magnetic reson-
ance imaging (MRI)) are available, adding latency and potential sources of error. In contrast, DL-based
methods have shown feasibility of predicting dose directly from MRI (Li et al 2025, Xiao et al 2025),
thereby bypassing synthetic CT generation and offering a pathway closer to truly real-time adaptive
radiotherapy.

Regarding some recent advanced DL photon dose methods, Fan et al. proposed DeepBEVDose, a
2D BEV U-Net mapping CT and fluence to dose, achieving average global 3%/3 mm ~ passing rates
above 95% for plan doses, with the model inference speed of 1s per-beam, demonstrating the poten-
tial for online IMRT optimization (Fan ef al 2025). While our DL framework designed for VMAT, its
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Figure 9. A nominal plan dose prediction case (P016) in the test dataset on a representative axial slice. Left: dose map (Gy) with
the 20, 40, and 60 Gy isodose lines. Middle: prediction-MC dose difference map with 2 Gy. Right: local I" maps at 1%/3 mm
with D > 10%Dmax. Rows: MC (reference; N/A for dose difference and I" map), CNN-ConvLSTM, CNN-Mamba, DoTA, C3D,
and DeepDose-C3D (CT + four physical inputs).

BEV formulation is compatible with IMRT segment dose prediction, suggesting a path toward a uni-
fied BEV-based framework in the future. Witte et al. developed a 2D convolutional recurrent network for
VMAT dose calculation, achieving global 2%/2 mm -~ pass rates of 99.6% with an average runtime of 8 s
per plan (Witte and Sonke 2024). In contrast to our BEV resampling, their method models table, mid-
gantry, and collimator rotations as rigid CT transformations, and predicts spline coefficients to recon-
struct the dose, offering a more lightweight geometry encoding and a potential extension direction. Yan
et al. focused on online quality assurance, encoding fluence maps into the CT domain with explicit deliv-
ery geometry and using a 3D U-Net for secondary dose verification, reaching 3%/2 mm -~ pass rates of
99.9% with runtimes of 15 ms per plan (Yan ef al 2024). The method enables ultra-fast full-plan verifica-
tion but is limited to accumulated dose and does not provide segment-wise predictions. As these three
methods are not open-source and target slightly different problem settings, we did not include them

in our quantitative comparison, but regard them as complementary and relevant directions for future
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Figure 10. DVH comparison between the MC reference and the five models (CNN-ConvLSTM, CNN-Mamba, DoTA, C3D, and
DeepDose-C3D) for a nominal patient case (P016).

Table 4. Plan DVH metrics (mean=SD across 10 test patients) after PTV D50, normalization to 0.95 X 60 Gy.

PTV Bladder Rectum
Model Dyo (Gy)  Dosy, (Gy) Dy, (Gy) Vao (%) Vg (%) Dy, (Gy) V3o (%) Vo (%)
MC 63.6 1.5 57.0 0.0 60.1£1.7 24.4+10.2 19.9+9.1 59.0 +2.0 39.94+9.8 29.0+£7.0
CNN-ConvLSTM 63.4+1.5 56.91+0.1 60.0£1.7 24.3+10.1 19.9+9.2 58.94+1.9 39.94+9.9 29.0+7.1
CNN-Mamba 63.6+1.5 57.11+0.1 60.2+1.7 24.4+10.1 20.0+9.1 59.142.0 40.0£9.9 29.0+7.2
DoTA 63.5+1.6 57.14+0.2 60.2+1.8 24.34+10.1 20.0+9.2 59.0 £2.0 40.0+9.9 29.0+7.1
C3D 63.21+1.6 56.8 0.2 59.94+1.9 24.24+10.1 19.8 +9.1 58.8 1.9 39.84+9.8 28.84+7.0
DeepDose-C3D 63.4+1.7 56.94+0.3 60.01+1.8 24.3+10.2 19.9+9.2 58.94+2.1 40.0+9.8 29.0+7.1
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Figure 11. Total inference time as a function of batch size for the five models on a single test plan (P016, 254 segments) using
an RTX A6000 GPU (48 GB). Batch size was increased up to the GPU-memory limit for each model. The highlighted markers
indicate the batch size yielding the shortest total inference time for each model. For visualization, CNN-ConvLSTM and CNN-

Mamba are shown up to batch size 12, as the total inference time varies only marginally beyond this value.
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Table 5. Total dose calculation time on three different GPUs. Average inference and pre/post-processing time
per plan for 10 test patients (average 305 segments per plan).

Quadro RTX8000 (48 GB) RTX A6000 (48 GB) RTX PRO6000 Max-Q (96 GB)

Model Inf. (s) Pre/post (s) Inf. (s) Pre/post(s) Inf.(s) Pre/post (s)
CNN-ConvLSTM 7.5 7.1 5.0 5.7 2.4 3.1
CNN-Mamba 20.8 7.1 6.5 5.7 3.1 3.1
DoTA 107.9 7.1 65.2 5.7 30.5 3.1
C3D 108.8 7.1 67.3 5.7 35.6 3.1
DeepDose-C3D 54.4 45.8 35.4 36.9 16.6 18.8

work. Nevertheless, global 7y comparisons against three other recent DL segment dose calculation stud-
ies (Pastor-Serrano et al 2023, Liang et al 2024, Schneider et al 2025), along with patient-specific boxplots
for global ~ passing rates (2%/2 mm, D > 10%D,y) of the test segment doses, are provided in the sup-
plementary materials to allow for reference comparison.

At last, although our MC simulations incorporated realistic photon beam characteristics includ-
ing MLC leaf and jaw positions from clinical VMAT plans and energy spectrum from the IAEA
ELEKTA_PRECISE_6MYV phase space, they do not correspond to a commissioned clinical MC engine.
Consequently, systematic discrepancies remain between our reference doses and those obtained in a
complete clinical workflow that includes machine-specific commissioning. For eventual clinical use
in rapid plan re-optimization or independent secondary dose calculation, additional work on phase-
space correction (Martins et al 2019), more comprehensive MLC modeling (e.g. tongue-and-groove,
and interleaf leakage) and explicit consideration of collimator rotation within the Geant4 MC code,
or alternatively segment dose extraction directly from clinically commissioned dose engines, will be
required. Experimental validation using physical measurements (e.g. diode array or film) is also essen-
tial for ultimate clinical commissioning. Moving forward, we plan to experimentally validate the best-
performing model to confirm its clinical deliverability. Another limitation of this study is that all mod-
els were trained and evaluated on a single-site dataset; thus, their generalizability to broader anatomical
sites, diverse imaging vendors, and multi-institutions requires further investigation. Since the present
models input raw HU values, dosimetric accuracy is inherently tied to the scanner-specific HU-to-
density calibration of the training data; to ensure portability for future multi-institutional deploy-
ment, models trained with site-specific calibrated density inputs rather than raw HU values will be
recommended.

5. Conclusions

This comparison study shows that both BEV- and patient-coordinate DL methods can achieve accurate
photon plan dose calculation, with BEV-based approaches demonstrating more robust performance in
segment dose calculation. Besides, BEV methods with lightweight sequence models (CNN-ConvLSTM
and CNN-Mamba) achieved comparable accuracy with substantially lower computational cost and
second-level plan runtimes, providing a more advantageous accuracy-efficiency trade-off for fast photon
dose calculation.
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