
Near real-(me adap(ve planning for intra-frac(on mo(on in 
proton therapy: a beamlet-free Monte Carlo approach 

 Valen&ne Dormal1, Danah Pross1, Ana M. Barragán Montero1, John A. Lee1, Edmond Sterpin1,2,3 
1 IREC/MIRO, UCLouvain, Brussels, Belgium 

2 Department of Oncology, KU Leuven, Leuven, Belgium 
3 Par&cle Therapy Interuniversity Center Leuven - PARTICLE, Leuven, Belgium 

Abstract 
Objec&ve: Intra-frac&on anatomical varia&ons can compromise treatment quality, and while 
real-&me adapta&on of proton therapy plans during delivery offers a poten&al solu&on, its 
implementa&on remains challenging, par&cularly when integra&ng accurate Monte Carlo dose 
engines into a sufficiently fast op&miza&on workflow. Conven&onal op&miza&on methods rely 
on pre-computed dose influence matrices for each spot (i.e., beamlets), which are &me-
consuming to calculate and limit the feasibility of real-&me adapta&on. This study introduces an 
intra-frac&on adap&ve framework based on a beamlet-free op&mizer that dynamically updates 
the treatment plan during treatment delivery. 
Approach: To eliminate the need for precomputed beamlets, the beamlet-free op&mizer 
integrates the Monte Carlo dose calcula&on with the op&miza&on process. The proposed 
adap&ve method accounts for delivered dose and anatomical changes and allows for re-delivery 
of spots when necessary. The op&mizer leverages prior plan informa&on from an ini&al 
op&miza&on and integrates a plan conformity term to balance plan stability and adaptability. 
The framework was tested on synthe&c phantoms under various mo&on and deforma&on 
scenarios and on three clinical cases (two lung, one cervix) and compared against (1) the ini&al 
plan on the planning CT, (2) the ini&al plan delivered on the evolving anatomy without 
adapta&on, and (3) plans adapted using a conven&onal beamlet-based op&mizer. 
Main results: Across all test cases, non-adapted plans failed to meet clinical objec&ves, while 
both adap&ve approaches restored target coverage and organ-at-risk sparing. The beamlet-free 
op&mizer achieved comparable dosimetric quality to the beamlet-based method while reducing 
computa&on &mes by up to 7.7×. Time gains increased with plan complexity and total number 
of spots. 
Significance: The proposed beamlet-free adap&ve workflow enables intra-frac&on updates 
during treatment delivery with Monte Carlo-level accuracy, allowing flexible spot re-delivery 
while maintaining dosimetric accuracy. 
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I. Introduc/on  

Accurately accoun&ng for anatomical varia&ons during treatment delivery is essen&al for 
achieving the full poten&al of intensity-modulated proton therapy (IMPT). Even small intra-
frac&onal changes in pa&ent anatomy can significantly affect the delivered dose distribu&on, 
compromising both target coverage and organ-at-risk (OAR) sparing. These include breathing-
related mo&on, but also spontaneous organ mo&on or shape varia&ons due to bowel 
movement, bladder or rectal filling, gastrointes&nal gas, or gradual target dri^ over &me 
(Ba&sta et al., 2018; Berger et al., 2021; Heijkoop et al., 2015; Kumagai et al., 2009; Mostafaei 
et al., 2018; Nejad-Davarani et al., 2019; Rusu et al., 2023).  
Online adap&ve therapy has demonstrated its ability to compensate for inter-frac&onal 
anatomical varia&ons by re-op&mizing the plan based on daily imaging. However, extending 
this concept to real-&me intra-frac&on adapta&on remains largely unexplored, par&cularly in 
proton therapy. In conven&onal radiotherapy, the first works were limited to mo&on 
management strategies that tracked the target to deliver the dose at the right place but did 
not account for how mo&on affected the actual delivered dose distribu&on. This includes 
ga&ng (Keall et al., 2006; Kubo and Hill, 1996), couch reposi&oning (Keall et al., 2020), MLC 
tracking (Booth et al., 2021), or robo&c linacs (Kilby et al., 2010). Recently, the improvement in 
intra-frac&onal imaging (like the MR-linac systems) and computa&onal speed of the dose 
calcula&on and op&miza&on, has led to the rise of real-&me dose-guided adapta&on (Keall et 
al., 2025). Such an approach does re-op&mize plan parameters during delivery and could 
therefore substan&ally reduce the dosimetric impact of intra-frac&onal mo&on and anatomical 
deforma&on. A good example is provided by MR-guided real-&me adapta&on studies, where 
one popular strategy is to divide each treatment frac&on into mul&ple sub-frac&ons with re-
op&miza&on between them on the latest anatomy, assuming homogeneous dose delivery 
within each sub-frac&on (Lagerwaard et al., 2018; Snyder et al., 2024; Willigenburg et al., 
2022). Other approaches were explored for real-&me adapta&on, including a mo&on-adap&ve 
workflow for TomoTherapy (Lu et al., 2009), a constrained re-op&miza&on for non-periodic 
mo&on in robo&c SBRT(Gerlach et al., 2023), an adap&ve pipeline with inter-beam replanning 
for free-breathing SBRT (Kontaxis et al., 2017), and a re-op&miza&on method with a &me-
dependent objec&ve func&on tested on water phantoms (Wiersma and Liu, 2019).  

In proton therapy, most research and clinical prac&ce in real-&me intrafrac&on mo&on 
management s&ll rely on strategies that do not involve dose re-op&miza&on and are primarily 
limited to respiratory mo&on, such as rescanning or ga&ng guided by external markers (Zhang 
et al., 2023). Only in the last year, a couple of groups started to explore real-&me dose-guided 
adapta&on. Gambeka et al. inves&gated par&al adapta&on for two-field prostate cancer 
treatments, showing that devia&ons detected during delivery of the first field could be 



compensated by re-op&mizing the second field (Gambeka et al., 2025a). However, only a 
single adapta&on per frac&on was possible, and even though only the second field was 
adapted, the method s&ll required a full re-op&miza&on of both fields followed by a dose 
mimicking step. Bengtsson et al. explored real-&me re-op&miza&on of proton pencil-beam 
scanning to mi&gate interplay effects from breathing mo&on (Bengtsson et al., 2025). Their 
framework re-op&mized the spot weights of each upcoming energy layer based on the 
delivered dose and predicted mo&on, assuming the availability of fast and accurate mo&on 
models. The approach was tested only on simulated breathing pakerns with variable 
frequency, without accoun&ng for irregular mo&on or varying amplitude. Both approaches 
restrict re-op&miza&on to the preplanned spots and energy layers, assuming that 
compensa&on for anatomical varia&ons can be achieved with the remaining fields. However, 
in the presence of large, unexpected mo&on and deforma&on, the ability to re-deliver or 
introduce new spots becomes essen&al to maintain a good treatment plan quality. Such 
flexibility, though, comes at the expense of increased computa&onal burden, as it becomes 
challenging for the op&mizer to converge to a solu&on with an extended solu&on space. 
In the context of online inter-frac&on adapta&on, approaches that also avoid a full plan re-
op&miza&on have been proposed, combining geometric adapta&on by adjus&ng spot 
posi&ons and energies to the daily anatomy, with a subsequent re-op&miza&on of spot 
weights (Botas et al., 2018; Jagt et al., 2018). 

A common bokleneck with conven&onal proton therapy op&miza&on methods is their 
reliance on pre-computed beamlets, i.e., the dose distribu&on calculated for each spot 
posi&on. Genera&ng these beamlets is both &me-consuming and memory intensive, 
par&cularly with Monte Carlo dose engines, and limits the feasibility of real-&me plan 
adapta&on during delivery. Moreover, even in real-&me adapta&on, a safe treatment would 
require some level of robust op&miza&on to account for residual uncertain&es, such as 
contouring and proton range calcula&on errors, which further increases computa&onal 
requirements. 
To address these limita&ons, a beamlet-free op&miza&on algorithm (Pross et al., 2024) was 
recently introduced in which the op&miza&on process is directly embedded within the Monte 
Carlo simula&on, removing the need for precomputed beamlets. This beamlet-free approach 
achieved a reduc&on in both computa&on &me and memory usage for conven&onal IMPT 
planning, even in robust op&miza&on selngs (Pross et al., 2025), and demonstrated reduced 
dependency on the number of spots. For this reason, this method shows great poten&al to be 
integrated in a real-&me adapta&on workflow where both flexibility and speed are essen&al, 
while maintaining Monte Carlo-level accuracy. 

In this study, we propose an intra-frac&on adapta&on framework based on this beamlet-free 
op&mizer. The method dynamically updates the treatment plan, accoun&ng for delivered dose 



and anatomical deforma&ons, while allowing the flexibility to re-deliver spots if needed. The 
feasibility of this approach was inves&gated through a series of phantom scenarios and three 
pa&ent cases in two treatment sites. Beamlet-free plans were compared with (1) the ini&al 
reference plan, op&mized and evaluated on the planning CT before treatment, (2) the non-
adapted plan, corresponding to the ini&al plan delivered to the evolving anatomy without re-
op&miza&on, and (3) the beamlet-based re-op&mized plan, adapted using a state-of-the-art 
beamlet-based op&mizer. Both dosimetric outcome and rela&ve computa&onal efficiency were 
assessed. 

II. Methods   

A. Op/miza/on framework 
The intra-frac&on adapta&on approach proposed in this study relies on a previously 
developed beamlet-free op&mizer (Pross et al., 2024). This algorithm itera&vely 
simulates small batches of protons toward single spots, sampled according to a 
probability distribu&on that con&nuously evolves during op&miza&on. A^er each batch, 
the impact on the total dose distribu&on is evaluated, and the probability of picking that 
spot again is adjusted through a stochas&c coordinate descent process (Nesterov, 2012). 
Only the total dose distribu&on is stored and not the individual contribu&on of each spot 
(i.e., the beamlets), hence the term beamlet-free.  
To enable fast replanning during treatment delivery, the op&mizer was extended in three 
ways: (1) to account for the background dose, (2) to leverage prior informa&on from 
previous op&miza&ons, and (3) to include a stopping criterion suitable for intra-frac&on 
adapta&on.  
We refer to background dose as the dose already delivered up to &me t. Since this dose 
distribu&on is heterogeneous, the residual dose required to achieve a uniform prescribed 
dose within a structure varies across voxels. Consequently, structure-specific dose 
objec&ves that aim to achieve a homogeneous dose within a Region of Interest (ROI) 
effec&vely become voxel-specific when background dose is taken into account, as 
reflected in the updated formula&on of the objec&ve func&on in equa&on (1). 
When performing a re-op&miza&on at &me t on a new anatomical image, a set of 
op&mized spot weights xt-1  from a previous op&miza&on made at &me t-1 is available, 
either from the ini&al plan prior to treatment delivery, or from a previously adapted plan 
if an update already occurred. Although sub-op&mal, we hypothesize that these weights 
might s&ll be a good star&ng point for the new op&miza&on and should be leveraged as 
much as possible. Thus, this prior informa&on, denoted as 𝒙"!"#, is used both as an 
ini&aliza&on for the op&miza&on algorithm and to define a conformity term in the 



objec&ve func&on. This added term ensures that the newly op&mized plan does not 
deviate unnecessarily from the prior plan, unless required to maintain plan quality in the 
presence of anatomical changes. The updated objec&ve func&on with the conformity 
term and the voxel-wise specific objec&ves can be expressed as: 
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(1) 

where xt is the vector of weights of the candidate spots being currently op&mized, 
𝑑%(𝒙!)	is the dose at voxel i resul&ng from spot weights 
xt,	𝑤$ 	is	the	weight	of	objective	𝑘, 𝐷%&→!	is the background dose at voxel i and at &me t, 
λ is the conformity parameter controlling compliance with the prior plan, and 𝑝(%)_+,-!, 
𝑝(12_+,-!and 𝑝(12_(31)_+,-!are respec&vely the minimum, maximum and mean 
prescribed dose limits for an objec&ve on ROI k. 

Regarding op&miza&on stopping criteria, standard approaches o^en rely on monitoring 
the objec&ve func&on, but this strategy is not well suited for our workflow. First, 
frequent evalua&on of the objec&ve func&on is computa&onally inefficient in the 
beamlet-free algorithm, as it requires accessing dose values in all voxels of the scoring 
grid. In contrast, each op&miza&on step only computes finite-difference approxima&ons 
of the par&al deriva&ves, avoiding the need to parse the en&re voxel grid. Second, the 
objec&ve func&on value reflects not only the op&miza&on progress but also the 
sta&s&cal uncertainty inherent to the Monte Carlo simula&on, since the op&miza&on is 
integrated within the dose calcula&on. We therefore adopt a stopping criterion based on 
the stability of the op&mized variables. The op&miza&on is stopped when the mean 



absolute difference between the current spot weights at itera&on k and the previous n 
itera&ons falls below a predefined threshold ϵ : 
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where N is the number of spots and 𝒙!
($) are the spot weights at itera&on k of the 

op&miza&on performed during the adapta&on triggered at &me t. This criterion ensures 
that op&miza&on terminates once parameter updates have become sufficiently small, 
indica&ng convergence. The threshold value 𝜖 was empirically set to 0.02 and applied 
consistently across all test cases. 

B. Adap/ve Workflow 

 

Figure 1 : Proposed workflow for intra-fraction adaptation illustrated on a water phantom 
with a deforming spherical target and a moving bone. Notations: CTt = CT at time t ; xt = spot 



weights optimized for the anatomy of CTt ; 𝑥Q!"# = spot weights optimized on the anatomy of 
CTt-1 but displaced on CTt ; DIR = Deformable Image Registration 

The overall adap&ve workflow is illustrated in Figure 1. As in conven&onal workflows, it 
begins with the op&miza&on of an ini&al reference plan P0 on a planning CT scan (CT0) 
prior to treatment. This P0 plan was generated using the beamlet-free op&miza&on 
algorithm (Pross et al., 2024) in its original, non-adap&ve implementa&on. Based on this 
plan, treatment delivery starts and is simulated by delivering energy layers in decreasing 
energy order within each beam. 
When a new anatomical image CTt becomes available at &me t, the simulated delivery is 
interrupted, and the intra-frac&on adapta&on process is triggered.  
The first step is to compute the background dose. The accumulated dose from the start 
of treatment up to the last adapta&on at &me t-1 is denoted 𝐃&→!"#. If the current 
update corresponds to the first adapta&on during this frac&on, 𝐃&→!"# is empty. 
Otherwise, this dose map was already computed on CTt-1 during the previous adapta&on.  
The dose 𝐃!"#→! delivered between t-1 and t is then computed by simula&ng on CTt-1 a 
total number of par&cles equal to 10000 &mes the number of spots delivered during this 
&me interval. This incremental dose 𝐃!"#→!, is added to the previous background dose 
𝐃&→!"#, resul&ng in the updated background dose 𝐃&→! on CTt-1.  

A deformable image registra&on (DIR) is then performed between CTt-1 and CTt. The 
resul&ng deforma&on vector field is used in two ways. First, it is applied on dose D0→t to 
map it onto the current anatomy CTt. Second, it is used to propagate prior spot 
informa&on 𝑥!"#, to the new geometry. For this purpose, the weights of all spots that 
have been already delivered are set to zero, and the remaining spot grid from CTt-1 is 
displaced using the deforma&on vector field. This results in an irregular grid where the 
hexagonal structure and the energy layers may be disrupted. A new regular hexagonal 
grid with an updated set of energy layers is then reconstructed to cover the target 
volume on CTt using the predefined spot and layer spacings. Spot weights from the 
displaced grid are assigned to the nearest spot and energy layer of this new grid. These 
displaced spot weights, denoted 𝑥Q!"#, are then provided to the op&mizer as prior 
informa&on for the update of the treatment plan, as described in the previous sec&on.  

Then, the re-op&miza&on process begins. The beamlet-free algorithm takes as input the 
displaced spot weights	𝑥Q!"# and the updated background dose 𝐃&→! and outputs a set of 
newly op&mized spot weights 𝑥!. 
To improve robustness against large anatomical deforma&ons or varia&ons, addi&onal 
flexibility was introduced into the delivery scheme by allowing spots to be re-delivered if 
needed. However, once a beam has been fully delivered and the gantry angle changes, 



no further irradia&on from that direc&on is possible. By including already used spots as 
candidates in the op&miza&on, the op&mizer gains flexibility, although the conformity 
term prevents unnecessary changes. 

A^er convergence, the op&mized spot weights 𝑥!	are filtered to remove values below the 
minimum deliverable threshold, set to 0.01 MU in this work. The remaining weights 
define the updated reference plan Pt, and treatment delivery then resumes using this 
adapted plan. 

C. Data and treatment planning  
Treatment planning op&miza&on was performed within the open-source research 
treatment planning system OpenTPS (Wuyckens et al., 2023). This study was conducted 
using synthe&c phantom data and retrospec&vely collected clinical pa&ent data, 
including two lung cancer cases and one cervix cancer case. Local ethics commikee 
approval was obtained for the use of all pa&ent data under the agreement "Learning 
from the past: the MIRO treatment planning data base" which received the ethical 
approval by the CEHF (Comité d'Ethique hospitalo-facultaire) (2019/16SEP/402).  

1. Water phantoms  
The proposed framework was ini&ally tested on synthe&c phantoms to evaluate a variety 
of mo&on scenarios. The phantom consisted of a cylindrical water volume with a density 
of 1 g/cm3, containing a spherical target region of the same density posi&oned slightly 
off-center. The cylinder was surrounded by air with a density of 0.001 g/cm3. The 
phantom geometry, illustrated in Figure 2, had voxels of size 1 x 1 x 1 mm3.  
Two beams with gantry angles at 0° and 45° were used. The prescribed dose was 20 Gy in 
10 frac&ons. To obtain dose distribu&on conformal to the target region, maximum and 
minimum dose constraints were set for the target and addi&onal rings with maximal 
dose objec&ves were also added around the target. The list of op&miza&on objec&ves 
can be found in supplementary material 1. A 10 mm margin around the target was used 
for spot placement, with a spot and layer spacing of 4 mm. 
For all cases, a single adapta&on was simulated a^er ¼ of the es&mated delivery &me. 
The cases described below and summarized in Table 1, represent toy models of 
increasing complexity to test the feasibility and poten&al of adapta&on of our proposed 
workflow.  

Sta.c case  
Before evalua&ng the adapta&on poten&al of the proposed framework, a sta&c case is 
first tested as the algorithm should be able to maintain the treatment quality on a non-
moving anatomy. This allows us to check if the op&mizer can account for the background 



dose. This may be challenging as it results in an updated target dose objec&ve that is no 
longer homogeneous. 

Moving heterogeneity 
To evaluate the adapta&on capabili&es against moving heterogenei&es, a high-density 
sphere was added in the field of a beam. During treatment delivery, the bone sphere 
with a 10 mm radius and a 1.5 g/cm3 density was then shi^ed to be in the field of both 
beams. 

Moving OAR 
Then, we tested the ability to spare an OAR that is moving within the field of a beam. An 
OAR was defined as a spherical region with a 10 mm radius and its corresponding 
op&miza&on objec&ve was set to maximum 5 Gy. 

Target shi: 
The framework was also tested on a moving target by simula&ng a target shi^ of 10 mm. 
With this scenario, we can evaluate if the spots weights from the ini&al plan are properly 
displaced to be provided to the op&mizer as prior informa&on. 

Target expansion and shrinkage 
Finally, a scenario with a 5 mm target expansion and one with a 5 mm target shrinkage 
are simulated. With these test cases, we evaluate the ability to adapt the number of 
spots to maintain a good target coverage by adding or removing spots and layers if 
needed. 

 

 Scenario Challenge 

Sta&c case Default water phantom 

• Maintain treatment quality on a 
non-moving anatomy 

• Consider the background dose 
which results in an updated target 

dose objec&ve that is no longer 
homogeneous 

Moving      
heterogeneity 

Moving spherical bone 
with a 10 mm radius and 

a density of 1.5 g/cm3 

Adapt against moving heterogenei&es 
in the field of the beams 



Moving OAR 

Moving spherical OAR 
with a 10 mm radius and 
an op&miza&on objec&ve 

set to maximum 5 Gy 

Spare an OAR moving in the field of 
the beams 

Target shi> 10 mm target shi^ 
Displace the spots weights from the 
ini&al plan to provide them to the 

op&mizer as prior informa&on 

Target 
expansion 5 mm target expansion 

Adapt the number of spots to 
maintain good target coverage by 
adding spots and layers if needed 

Target 
shrinkage 5 mm target shrinkage 

Adapt the number of spots to 
maintain good target coverage by 

removing spots and layers if needed 

Table 1: Summary of the diHerent water phantom test cases and the specific 
challenges associated with each scenario. 

 

Figure 2 : Schematic of the phantom used to test the adaptive framework, and showing the 
two beam directions (green). The geometry consists of a cubic phantom containing a water 

cylinder (blue) with an oH-center spherical target (red) surrounded by air.  

2. Lung cases  
To demonstrate the poten&al of this adap&ve approach, we chose to test it on two lung 
cases for which we had 4D CT scans available with a resolu&on of 1.17 mm x 1.17 mm x 2 
mm together with the target and OARs contours for each phase. Although mo&on 



induced by breathing is not the primary target of the proposed workflow, these cases 
illustrate the ability of the method to handle complex intra-frac&on anatomical changes. 
The CT of the first phase was used to op&mize the ini&al plan P0. The CTs of subsequent 
phases were then used as new images to re-op&mize, resul&ng in 9 simulated re-
op&miza&ons in total. The plan adapta&ons were triggered at regular &me intervals 
through the simulated treatment delivery, and the corresponding CT phase was used to 
represent the anatomy at that &me.  
For lung case 1, the tumor was located in the right middle lobe, and for lung case 2, it 
was located in the right lower lobe with nodal involvement. Addi&onal informa&on about 
the tumor size and mo&on amplitude is available in table 2. 
The prescribed dose was 60 Gy in 30 frac&ons. The plans were generated with 3 beams 
with a fixed couch angle [C] at 0°. For the first pa&ent, the gantry angles [G] were at 190°, 
240°, and 290°, and for the second pa&ent, they were at 180°, 270°, and 340°. For both 
lung cases, the re-op&miza&ons corresponding to the CTs of phases 2 and 3 occurred 
during delivery of the first beam, phases 4-7 during delivery of the second beam, and 
phases 8-10 during delivery of the third beam. 
A 10 mm margin was applied to the target for spot placement and the spot spacing was 
set to 5 mm. For lung case 1, the layer spacing was 5 mm and for lung case 2, it was set 
to 4 mm. 
The clinical goals can be found in supplementary material 2. 

3. Cervix case  
Eventually, the adap&ve workflow was tested on a cervix case. Two CT scans with a 
resolu&on of 1.074 mm x 1.074 mm x 3 mm, together with corresponding contours for 
the target and relevant OARs, were obtained for two consecu&ve frac&ons that 
presented significant anatomical changes. These CT scans reflect inter-frac&onal changes 
but were assumed to be acquired during delivery to simulate intra-frac&onal varia&ons. 
The tumor size and mo&on magnitude are displayed in table 2. 
The ini&al plan P0 was op&mized on the CT of the first frac&on. Then, half of the delivery 
was simulated on that CT before re-op&mizing a new plan on the CT of the second 

Pa&ent CTV tumor 
size [cm3] 

Tumor mo&on amplitude [mm] 
Ini&al  

No. spots Right-Le^ Anterior-
Posterior 

Superior-
Inferior 

Lung 1 152.6 4.2 2.1 3.1 11359 
Lung 2 294.4 2.1 2.5 10.6 27585 
Cervix 632.9 5.5 4.2 3.9 98698 

Table 2 : Patient characteristics including the tumor size, the tumor motion amplitude in 
absolute value and the number of spots in the initial plan P0 

 



frac&on. Therefore, only a single re-op&miza&on halfway through the delivery was made 
for this case.  
The prescrip&on was 45 Gy in 25 frac&ons. We designed the plans with four beams 
(Schoot et al., 2016) including two posterior-oblique beams ([C] = 0°, [G] = 150°, 210°) 
and two lateral-opposed beams ([C] = 0°, [G] = 90°, 270°). The spot and layer spacing was 
set to 5 mm with a 10 mm margin around the target. Plans were op&mized on the union 
of the low-risk target volume of the primary tumor (CTV-T LR) and elec&ve nodal target 
volume (CTV-E). Planning objec&ves were defined according to the EMBRACE II protocol 
(image-guided intensity modulated External beam radiochemotherapy and MRIbased 
adap&ve BRAchytherapy in locally advanced CErvical cancer) (Pöker et al., 2018).  

D. Benchmarking and plan quality evalua/on  
Plans obtained with the beamlet-free adap&ve workflow described above were 
evaluated against three benchmarks: the ini&al plan, the non-adapted plan, and a plan 
adapted using a state-of-the-art beamlet-based op&miza&on method. Except for the 
ini&al plan, all other plans were evaluated on the most recent anatomy by accumula&ng 
the incremental dose contribu&ons delivered over the course of treatment onto the 
latest image acquired during delivery. Dosimetric performance of beamlet-free plans was 
compared across all three benchmarks, while rela&ve computa&onal efficiency was 
assessed only between the two adap&ve workflows. 

1. Ini/al plans 
The ini&al plan refers to the reference treatment plan P0, generated prior to the start 
of treatment delivery and both op&mized and evaluated on the planning CT (CT0). This 
plan serves as the baseline for all subsequent comparisons. 

2. Non-adapted plans 
The non-adapted plan corresponds to the delivery of a treatment plan to the evolving 
anatomy without any re-op&miza&on or adapta&on during delivery.  
For the water phantom cases, the non-adapted plan corresponds to the same ini&al 
plan P0, delivered and evaluated on the changing phantom geometry.  
For the pa&ent cases, the comparison was adjusted to ensure fairness since the ini&al 
plans P0 were not robustly op&mized. For the two lung pa&ents, the non-adapted 
plans were op&mized on the ITV contours and on the average CT instead of the CTV 
contours and the CT of the first respiratory phase. For the cervix case, the PTV was 
used for the non-adapted plan instead of the union of CTV-T LR and CTV-E.  

3. Beamlet-based re-op/mized plans 
To compare computa&on &mes, the full adap&ve workflow was also tested with the 



tradi&onal beamlet-based op&miza&on method. The beamlet matrix was computed 
with 50000 par&cles per beamlet from which the plans were op&mized in OpenTPS 
(Wuyckens et al., 2023) with the SciPy implementa&on of the L-BFGS algorithm (Liu 
and Nocedal, 1989). For a fair comparison with the beamlet-free method, the 
deformed spot weights from previous op&miza&ons were also provided to the 
op&mizer for the ini&aliza&on, and the same conformity term was added to the 
objec&ve func&on. All beamlet-based plans were also non-robustly op&mized to 
ensure a consistent comparison with the beamlet-free workflow. For each plan 
obtained with the beamlet-free algorithm, the final objec&ve func&on value was 
computed and used as a stopping criterion for the beamlet-based op&miza&ons to 
ensure that similar plan quality was reached for both methods. 

4. Metrics  
The metrics of interest are the clinical goals as well as the homogeneity index (HI) 
defined as (D2 – D98)/D50 and the Paddick conformity index (CI) (Paddick, 2000), 

defined as 
6"#,%&
'

6%&6"#
 with V95,TV the volume of the target covered by the 95% isodose, V95 

the volume of the 95% isodose and VTV the target volume. 
The target coverage was considered acceptable if 98% of the target volume was 
receiving at least 95% of the prescribed dose (D98% > 95% Dp). 
For consistency and a fair comparison, all evalua&on dose maps were computed with 
a higher number of par&cles to reduce sta&s&cal uncertainty, corresponding to a total 
of  50000 par&cles &mes the number of spots. For the non-adapted and adapted 
plans, the evalua&on dose map was obtained using the same incremental dose 
accumula&on procedure as for the background dose, while the ini&al plan was 
evaluated on the planning CT (CT0) with a single dose computa&on. All dose 
computa&ons, including those of the beamlet matrix for the beamlet-based approach, 
were performed with the MCsquare dose engine (Souris et al., 2016) which is also 
employed within the beamlet-free algorithm. The resolu&on of all dose grids matched 
that of the corresponding CT data.  
To es&mate the impact of sta&s&cal fluctua&ons, the full adap&ve workflow was 
repeated five &mes with both the beamlet-free and the beamlet-based approaches. 
For the three pa&ent cases, the computa&on &mes for each re-op&miza&on were 
compared between the two approaches. The beamlet-based method involves two 
dis&nct components: the &me required to compute the beamlets and the 
op&miza&on &me. In contrast, a single &me measure is reported for the beamlet-free 
method, as dose computa&on and op&miza&on are performed jointly within the 
Monte Carlo simula&on. 



All computa&ons were performed on an Intel(R) Xeon(R) Gold 6248 CPU @ 2.50GHz 
with a total of 80 CPU cores and 512 GB RAM. 

III. Results 

1. Water phantoms 

In the sta&c scenario, the adapted plan achieved the same dose distribu&on as the ini&al 
reference plan, as demonstrated by the overlapping dose-volume histograms (DVHs) 
shown in Figure 3. 
For all cases (Figure 4), the adapted plan maintained good target coverage, with a D98% 
between 95.5% and 97.5% of the prescribed dose and it avoided hot spots (V105% = 0). In 
contrast, the non-adapted plans showed degraded performance.  
In the scenario with the moving OAR, adapta&on maintained OAR sparing by keeping Dmean 
below 5 Gy, while it increased to 9.9 Gy without adapta&on.  
In the other scenarios, hot spots were observed with non-adapted plans (V105% > 0%) and 
target coverage also decreased, with D98% below 95% of the prescribed dose.  

 

Figure 3 : Static water phantom case a) Dose distributions for the initial plan (upper left), 
the initial plan partially delivered until re-optimization (lower left), the re-optimized 

remaining plan (lower right) and the total adapted plan (upper right) which is the sum of 
the two lower dose distributions b) Dose volume histogram (DVH) comparing the initial 

total adapted plans 
  

 



 

Figure 4 : Dose distributions comparing the initial, non- adapted, and adapted plans over 
diHerent scenarios with a motion or deformation simulated after ¼ of the treatment 

delivery. On each dose map, the target volume is delineated in dark blue and the target 
metrics D98% [Gy] and V105% [%] are displayed for a prescribed dose of 20 Gy.  

From left to right: dose map of the initial plan optimized on the first CT, dose map obtained 
after delivery of the initial plan on the changing anatomy without adaptation, and dose map 

obtained after delivery on the moving anatomy of the adapted plan generated with the 
proposed beamlet-free approach. 

From top to bottom: moving heterogeneity (spherical bone), moving spherical organ at risk 
(OAR) delineated in orange with a 5 Gy maximum dose constraint, 10 mm target shift, 5 mm 

target expansion, and 5 mm target shrinkage. 



2. Lung cases 
Dosimetric evalua.on 
For both lung pa&ents, the ini&al plan, the non-adapted plan and the adapted plans using 
the beamlet-free and beamlet-based approaches were compared in table 3. Figure 5 
shows, for each OAR metric, the difference from the ini&al reference plan P0.   
In lung case 1, although target coverage is s&ll maintained without adapta&on (D98% > 95% 
Dp), inspec&on of the dose distribu&on revealed hot spots (Figure 6), and most other 
metrics were degraded compared with the ini&al and adapted plans. The only excep&on 
was the esophageal D0.04cc, which improved slightly in comparison with the ini&al plan but 
was further reduced with adapted plans. Sparing of the heart and spinal canal also 
improved with adapta&on, and other metrics were maintained within clinical goals for 
both adap&ve methods.  
In lung case 2, target coverage, homogeneity, and conformity objec&ves were not achieved 
without adapta&on but were restored with both adapta&ve approaches.  
Mee&ng the clinical requirement for the esophagus was par&cularly challenging for this 
pa&ent, with values exceeding the clinical threshold by up to 0.7 Gy in both the ini&al plan 
and the beamlet-free adapted plan. However, all other clinical goals were sa&sfied with 
both adapted plans.  
Overall, the beamlet-free and beamlet-based methods achieved comparable performance 
across most metrics, and neither method consistently outperformed the other. The largest 
differences for the two methods were mainly observed for the D0.04cc metrics, which are 
more sensi&ve to local fluctua&ons.  
These metrics also showed the highest run-to-run variability for the beamlet-free method. 
In general, the standard devia&on across runs was higher for beamlet-free than for 
beamlet-based op&miza&on, reflec&ng the stochas&c nature of the beamlet-free op&mizer.  

Computa.on .me comparison 
For both lung cases, Figure 7 compares the computa&on &mes between the two adap&ve 
approaches for each of the nine re-op&miza&ons. The beamlet-free method was 2.6 to 5.6 
&mes faster than the beamlet-based method and, apart from the last re-op&miza&on in 
lung case 1, it ran faster than both the beamlet computa&on and the beamlet-based 
op&miza&on phases individually. The op&miza&on &me for the beamlet-free method was 
generally decreasing as treatment delivery progressed, except for phase 5, where a slight 
increase was observed. Similarly, the beamlet-based approach showed an overall trend of 
decreasing computa&on &mes over the course of treatment, but individual re-
op&miza&ons within the delivery of the same beam some&mes plateaued or even 
increased. 



Because flexibility was introduced into the delivery scheme, all spots of the currently 
delivered beam were included in each re-op&miza&on, even if some spots corresponded 
to energies already delivered. Consequently, re-op&miza&ons performed during the 
delivery of the same beam involved a similar number of spots. Since beamlet 
computa&on &me scales with the number of spots, it remained similar for re-
op&miza&ons carried out during the delivery of the same beam. 

The rela&ve &me gain of the beamlet-free method increased with plan size (i.e., with the 
number of spots). Nevertheless, varia&ons in the &me ra&o were s&ll observed within 
the delivery of individual beams, with a tendency for the ra&o to increase toward the 
end of a beam’s delivery, some&mes preceded by a slight decrease in the middle. 

Table 3 : Dosimetric evaluation for the two lung cases. Abbreviations: CTV D98 = dose 
received at 98% of the CTV; HI = Homogeneity index; CI = Conformity index 

 Ini&al plan Non-adapted 
plan 

Beamlet-free  
re-op&mized plan 

Beamlet-based 
re-op&mized plan 

Lu
ng

 c
as

e 
1 

CTV D98 (Gy) 59.12 57.43 58.60 ± 0.04 58.04 ± 0.06 
HI 0.03 0.10 0.04 ± 0.00 0.04 ± 0.00 
CI 0.70 0.64 0.70 ± 0.01 0.74 ± 0.00 

Body Dmean (Gy) 2.37 2.55 2.44 ± 0.01 2.34 ± 0.00 
Lungs – GTV Dmean (Gy) 4.63 5.28 5.13 ± 0.30 4.90 ± 0.00 

Heart Dmean (Gy) 2.13 2.25 1.84 ± 0.01 1.79 ± 0.00 

Lu
ng

 c
as

e 
2 

CTV D98 (Gy) 58.85 52.32 58.41 ± 0.03 58.05 ± 0.02 
HI 0.03 0.21 0.04 ± 0.00 0.04 ± 0.00 
CI 0.65 0.40 0.69 ± 0.00 0.67 ± 0.00 

Body Dmean (Gy) 5.14 5.84 5.16 ± 0.01 5.27 ± 0.00 
Lungs – GTV Dmean (Gy) 8.65 9.92 9.21 ± 0.02 9.45 ± 0.01 

Heart Dmean (Gy) 3.43 3.54 4.19 ± 0.03 4.04 ± 0.01 



 

   

Figure 5 : For the two lung cases, diHerence in terms of OAR metric between the initial 
plan and dose distributions after delivery of an adapted plan with the beamlet-free method 
(orange), an adapted plan with the beamlet-based method (green), and a non-adapted plan 
(blue). Positive values imply that the initial plan is better for that metric with less dose to the 

OAR. 

 

Figure 6 : Comparison between a plan adapted with the beamlet-free framework and a 
non-adapted plan for lung case 1. a) Dose distribution after full delivery of the plan adapted 

9 times with the beamlet-free optimizer; b) Dose distribution after full delivery of a plan 
without adaptation; c) Dose volume histogram (DVH) comparing the not adapted and the 

beamlet-free adapted plans 

 



  



Figure 7 : Computation times for the nine re-optimizations on CT phases 2-10, with the 
corresponding number of spots re-optimized. (a, b) Lung case 1; (c, d) Lung case 2; (a, c) 
Times for the beamlet-free optimization (orange), the beamlets computation (light green), 

and the beamlet-based optimization (dark green) with vertical black lines indicating the 
standard deviation across five runs; (b, d) Time ratio between the beamlet-free method and 

the beamlet-based method (beamlets computation + optimization). 

3. Cervix case 
For the cervix case, target-related metrics are reported in Table 1, together with the mean 
body dose. Figure 8 shows the differences in OAR metrics rela&ve to the ini&al plan, 
comparing the non-adapted plan, the beamlet-free adapted plan and the beamlet-based 
adapted plan.  
Without adapta&on, all evaluated metrics were degraded compared to the ini&al and 
adapted plans. In par&cular, target objec&ves were not met, showing low target coverage, 
homogeneity and conformity.  
Plans adapted with both methods achieved similar target homogeneity. The beamlet-
based approach resulted in slightly higher D98%, while the beamlet-free approach provided 
improved target conformity. For the OARs, the beamlet-free method generally provided 
lower doses to the small bowel and bladder. Results for the anorectum and sigmoid were 
more variable, with no consistent advantage for either approach. Variability across 
repeated runs was lower for target metrics with the beamlet-free method, although the 
standard devia&on remained higher for OAR metrics.  

Computa&on &mes are displayed on Figure 9. This case involved the largest treated 
volume, leading to longer absolute computa&on &mes but also a greater rela&ve speed-
up: the beamlet-free approach was 7.7 &mes faster than the beamlet-based approach.   

 

Table 1 : Dosimetric evaluation for the cervix case. 

 Ini&al plan Non-adapted 
plan 

Beamlet-free  
re-op&mized plan 

Beamlet-based 
re-op&mized plan 

CTV D98 (Gy) 43.78 19.75 43.94 ± 0.01 44.27 ± 0.01 
CTV V95% (%) 99.98 88.62 99.99 ± 0.00 99.99 ± 0.01 
HI 0.03 0.60 0.03 ± 0.00 0.03 ± 0.00 
CI 0.64 0.37 0.60 ± 0.00 0.57 ± 0.00 
Body Dmean (Gy) 6.03 7.36 6.44 ± 0.02 6.40 ± 0.00 

 



 

 

Figure 8 : For the cervix case, diHerence in terms of OAR metric between the initial plan 
and dose distributions after delivery of an adapted plan with the beamlet-free method 
(orange), an adapted plan with the beamlet-based method (green), and a non-adapted plan 
(blue). Positive values imply that the initial plan is better for that metric with less dose to the 
OAR. 

 

Figure 9 : Comparison of computation times between the beamlet-free and the beamlet-
based adaptive approaches for the cervix case. 



IV. Discussion 
This study introduced an intra-frac&on adap&ve workflow relying on a beamlet-free op&mizer. 
To validate this approach, we applied it to various mo&on and deforma&on scenarios in water 
phantoms and to three clinical pa&ent cases over two treatment sites. The results were 
compared with the ini&al reference plans, the non-adapted plans, and plans adapted with 
state-of-the-art beamlet-based op&miza&on. 
For all presented test cases, the non-adapted plans failed to meet clinical requirements, 
highligh&ng the need for an intra-frac&on adap&ve strategy to mi&gate mo&on and 
deforma&on. The results demonstrated that the proposed approach achieves equivalent plan 
quality to the standard beamlet-based approach, under a variety of mo&on and deforma&on 
scenarios, while significantly decreasing the computa&on &mes by a factor up to 7.7.  
As highlighted by Pross et al (Pross et al., 2024), the computa&on &me of the beamlet-free 
algorithm is less dependent on the total number of spots. This is due to its ability to adap&vely 
direct par&cle simula&ons toward the most relevant spots based on prior itera&ons, thereby 
reducing the total number of simulated par&cles compared with conven&onal beamlet 
computa&on. This reduced dependence on spot count results in increasing &me gains with 
plan size, as demonstrated in our results, with the cervix case showing the highest gains. For 
the lung cases, rela&ve &me gains were largest for the first beam angle and decreased for 
subsequent angles as fewer spots were involved per re-op&miza&on. Within each beam angle, 
where the spot count per re-op&miza&on remained similar, the beamlet-free method 
maintained its computa&onal advantage and, in some cases, increased it during beam 
delivery, reflec&ng its ability to handle addi&onal candidate spots at a lower computa&onal 
cost. However, these conclusions were drawn from a limited number of pa&ent cases. To 
confirm the generality of these observa&ons, future inves&ga&ons should apply this intra-
frac&on adap&ve framework to a broader range of pa&ent cases and treatment sites.  
It should be noted that the intended use case of the proposed method is the compensa&on of 
sudden and unpredictable anatomical changes, which are more frequently encountered in 
treatment sites such as the lower abdomen or pelvis. The lung cases included in this work 
serve as illustra&ve examples demonstra&ng the poten&al of the approach under con&nuous 
mo&on scenarios. 

It is noteworthy that computa&on &me also depends on various factors such as the hardware, 
the specific beamlet-based op&mizer, and the implementa&on. Over the past decade, 
substan&al efforts have been made to accelerate both the dose calcula&on process and the 
op&miza&on process in proton therapy, par&cularly in the context of online adapta&on. GPU-
accelerated analy&cal dose calcula&on methods have enabled the genera&on of typical IMPT 
plans in under ten seconds (Maker et al., 2019). To preserve the Monte Carlo accuracy, 
several fast Monte Carlo dose engines have been developed (Holmes et al., 2024), and GPU-



based Monte Carlo implementa&ons have accelerated plan genera&on (Botas et al., 2018; 
Feng et al., 2022; Ma et al., 2014). GPUs have also been integrated directly in the op&miza&on 
process to reduce computa&on &mes (Ma et al., 2014; Maker et al., 2019). In this study, both 
adap&ve workflows were implemented within a Python research treatment planning system 
using a Monte Carlo dose engine wriken in C, which only enables CPU paralleliza&on. 
Introducing GPU paralleliza&on in both the op&miza&on and the dose engine, and moving the 
en&re framework to a faster and professional programming environment like C or similar, 
would help test how the proposed beamlet-free workflow can compete with current 
commercial beamlet-based solu&ons. Nevertheless, a major computa&onal bokleneck in 
conven&onal methods remains the &me required to compute the beamlets. By consistently 
outperforming this cri&cal step in terms of computa&on &me, the beamlet-free strategy 
demonstrates strong poten&al to accelerate adap&ve workflow, while maintaining the 
accuracy of a Monte Carlo dose calcula&on engine.  

Moreover, the proposed adap&ve framework was able to explore solu&ons that involve re-
delivering some spots, as those may s&ll be useful to ensure op&mal dose distribu&ons under 
intra-frac&on anatomical changes. In this work, this flexibility was introduced through a 
delivery scheme that allowed re-delivery of spots within the same beam. As discussed earlier, 
increasing the pool of spot candidates was handled more efficiently by the beamlet-free 
algorithm from a computa&onal perspec&ve. While such flexibility can improve dosimetric 
outcomes, it may also lead to longer treatment delivery &mes. Future work could inves&gate 
different delivery pakerns with varying degrees of flexibility and quan&fy the trade-off 
between poten&al gains in plan quality and increased treatment dura&on. 

Another point of discussion is the conformity term added to the objec&ve func&on to penalize 
unnecessary devia&ons from the previously op&mized plan. In this study, the weight of this 
term was empirically chosen and kept constant. A higher value enforces stronger compliance 
to the prior plan but limits responsiveness to anatomical varia&ons. However, since this term 
is op&mized jointly with the dosimetric objec&ves, the op&mizer inherently balances plan 
conformity and dosimetric quality, relaxing the constraint when maintaining conformity would 
otherwise compromise dose objec&ves. In prac&ce, the weight of this term could also be 
adjusted dynamically based on a deforma&on or mo&on metric. Alterna&vely, it could also 
serve as a user-controlled parameter, allowing clinicians to tune how much or how quickly a 
plan is allowed to evolve during treatment. While in real-&me adapta&on this weight cannot 
be tuned for an individual pa&ent during delivery, it could be set a priori based on 
retrospec&ve analyses of representa&ve pa&ent cohorts and on expected anatomical 
variability for the treatment site. Such flexibility for the user could be valuable in balancing 
plan stability with responsiveness in highly dynamic anatomical regions. 



Although intra-frac&on adapta&on significantly reduces uncertain&es related to mo&on and 
anatomical changes, residual sources of uncertainty remain such as proton range calcula&on 
errors. To address these uncertain&es, robust op&miza&on should be integrated into the 
adap&ve workflow although it usually increases computa&on &me. Previous work on the 
beamlet-free algorithm has explored robust op&miza&on strategies in the context of 
conven&onal IMPT planning (Pross et al., 2025) by using a probabilis&c approach and has 
demonstrated the same advantages in robust selngs. Similar approaches could be applied to 
the intra-frac&on adap&ve selng. 
 
To build a comprehensive real-&me adap&ve planning framework, three main technological 
challenges arise. First, fast imaging and segmenta&on are required to track the anatomy and 
update the contours of the target and OARs in near real-&me. Second, accurate knowledge of 
the dose already delivered on the current anatomy is needed, either through dose 
reconstruc&on or accurate dose accumula&on with deformable image registra&on (DIR). Third, 
rapid plan re-op&miza&on must be achieved, ideally relying on accurate dose engines such as 
Monte Carlo simula&on. The present work addressed the last challenge by enabling fast and 
accurate re-op&miza&on that accounts for the accumulated dose previously delivered. 

Regarding the challenge of imaging quality and availability, this study assumed access to fast 
and high-quality volumetric imaging during treatment. In prac&ce, no such imaging modality is 
currently available for true real-&me adap&ve proton therapy. Poten&al solu&ons to acquire 
volumetric imaging at the treatment posi&on include CBCT (Ghaznavi et al., 2025), MRI (Pham 
et al., 2022) and proton CT (Dedes et al., 2019). However, MRI integra&on in proton therapy 
and proton CT remain under development and is not yet clinically established. For photon 
therapy, acquisi&on of a CBCT using the HyperSight imaging solu&on (Varian Medical Systems) 
has been reported to take approximately 6 seconds (Robar et al., 2024). Although con&nuous 
or frequent imaging may improve adapta&on and poten&ally reduce setup margins, this must 
be balanced against the poten&al increase in the pa&ent’s overall radia&on exposure, 
depending on the imaging modality. A more prac&cal strategy may therefore combine 
intermikent volumetric imaging with con&nuous anatomical or range monitoring. In this 
context, range verifica&on techniques such as prompt gamma imaging could be used to trigger 
volumetric image acquisi&on when devia&ons are detected during treatment delivery 
(Berthold et al., 2023). A comprehensive review of poten&al real-&me imaging modali&es and 
their limita&ons is beyond the scope of this work and can be found elsewhere (Gambeka et 
al., 2025b; Lane et al., 2023). However, future studies should assess how image resolu&on, 
acquisi&on frequency and speed affect the accuracy of plan adapta&on. 
Addi&onally, it was also assumed that the delinea&on of anatomical structures was available 
for each image. In prac&ce, the contour of the target and OARs might come from automated 



segmenta&on methods, such as AI-based tools (Bibault and Giraud, 2024; Isaksson et al., 
2023; Rong et al., 2024), or be propagated from previous images using the deforma&on vector 
field derived from image registra&on (Brock et al., 2017; Nenoff et al., 2023). Both approaches 
can introduce segmenta&on errors which may affect plan quality (Smolders et al., 2023). 

For the second challenge concerning the computa&on of the background dose, it was 
es&mated in this work by (1) compu&ng the dose delivered on the previous anatomy, (2) 
mapping it to the current anatomy using deformable image registra&on (DIR), and (3) 
accumula&ng the mapped dose. Each of these steps introduces poten&al inaccuracies. For 
dose computa&on, the accuracy of the simulated dose depends on the number of par&cles 
used, and its impact on the final plan quality remains to be quan&fied. For registra&on, we 
assumed the availability of a reliable DIR algorithm, which itself is a source of uncertainty 
(Brock et al., 2017; Nenoff et al., 2023) and was not evaluated in this study. Ideally, intra-
frac&on adapta&on would rely on true dose reconstruc&on (Onecha et al., 2025) on the actual 
anatomy during each delivery segment, rather than depending on dose computa&on on 
successive anatomy states and their deforma&on-based mapping. 

Finally, it is important to consider the threshold at which residual uncertain&es outweigh the 
benefits of intra-frac&on adapta&on. Future work should aim to iden&fy condi&ons under 
which adapta&on is beneficial, considering factors such as the magnitude of deforma&on, the 
accuracy of imaging and dose reconstruc&on and the &me required for the adapta&on. A 
decision framework could be developed to guide when adapta&on should be triggered, given 
the magnitude of anatomical changes and the current technological limita&ons. 

V. Conclusions 
This work introduced an intra-frac&on adapta&on framework based on a beamlet-free 
op&miza&on algorithm capable of near real-&me updates during treatment delivery. The 
method integrates the accumulated background dose, anatomical changes and prior plan 
informa&on to generate op&mized spot weights with Monte Carlo accuracy, allowing flexible 
spot re-delivery while maintaining dosimetric accuracy. Future work should focus on 
computa&onal accelera&on, integra&on with robust op&miza&on, and valida&on across a 
wider range of clinical scenarios. Together, these developments could pave the way toward 
fully adap&ve proton therapy workflows capable of compensa&ng intra-frac&on mo&on and 
deforma&on in real &me.  
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VII. Supplementary material: 

1. Supplementary material 1: Op.miza.on objec.ves for the water phantom 
cases 
Without OAR: 

ROI Objec&ve type Dose limit [Gy] Weight 

Target volume Dmax 20 100 
Dmin 20 100 

Ring 1 (0-2 mm from target) Dmax 20 1 
Ring 2 (2-4 mm) Dmax 18 2 
Ring 3 (4-6 mm) Dmax 16 3 
Ring 4 (6-8 mm) Dmax 14 4 

Ring 5 (8-10 mm) Dmax 12 5 
 
With OAR: 

ROI Objec&ve type Dose limit [Gy] Weight 

Target volume Dmax 20 150 
Dmin 20 150 

Ring 1 (0-2 mm from target) Dmax 21 1 
Ring 2 (2-4 mm) Dmax 19 2 
Ring 3 (4-6 mm) Dmax 17 3 
Ring 4 (6-8 mm) Dmax 16 4 

Ring 5 (8-10 mm) Dmax 15 5 
OAR Dmax 5 10 

 

2. Supplementary material 2 : Clinical goals for the lung cases  
 

Region of interest (ROI) Clinical goal 

CTV D95 % > 57 Gy (95% Dp = 57 Gy) 
V57 Gy > 98 %  

Lungs - GTV Dmean < 20 Gy 
V30 Gy < 20 % 

Heart Dmean < 20 Gy 
D0.04 cc < 63 Gy 

Esophagus D0.04 cc < 60 Gy 
Spinal canal D0.04 cc < 50 Gy 



3. Supplementary material 3 : Timing evalua.on of a complete intra-frac.on 
adapta.on framework 
3.1  Time structure of an adap4ve workflow using AI for contour genera4on

 
3.2  Time structure of an adap4ve workflow using registra4on to propagate 

contours

 
3.3   Table providing 4me es4ma4ons for different steps of the adap4ve 

workflow 

Adap&ve step Example of 
implementa&on Timeframe  References 

Imaging 

CBCT with 
HyperSight - 
Photons 
(Commercial 
solu&on) 

~ 6 s (Robar et al., 2024) 

Dose computa&on 

GPU Virtual 
Par&cle Monte 
Carlo 
(Research 
implementa&on) 

2.84 [0.8 to 6] s (Shan et al., 2022) 

GPU Monte Carlo 
in RaySta&on 
(Commercial 
solu&on) 

6.2 [2.2 to 62.2] s (Fracchiolla et al., 2021) 



DIR 

ANACONDA in 
Raysta&on  
(Commercial 
solu&on) 

[8 to 18] s 
(Miura et al., 2017) 
(Weistrand and 
Svensson, 2015) 

Contour 
Genera&on 

Auto-
segmenta&on 
(AI-based) 

Limbus Contour  
(Commercial 
solu&on) 

[24 to 50] s (Wong et al., 2020) 
(Smolders et al., 2023) 

3D UNet  
(Research 
implementa&on) 

[12.4 to 20.3] s 
 (Smolders et al., 2023) 

Contour 
propaga&on 
(registra&on-
based) 

Elas&x with rigid 
registra&on 
(Open-source 
so^ware) 
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