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Abstract 13 

Introduction: Proton therapy is very sensitive to treatment uncertainties. These uncertainties can 14 

induce proton range variations and may lead to severe dose distortions. However, most 15 

commercial tools only offer a limited integration of these uncertainties during treatment planning. 16 

In order to verify the robustness of a treatment plan, this study aims at developing a 17 

comprehensive Monte Carlo simulation of the treatment delivery, including the simulation of 18 

setup and range errors, variation of the breathing motion, and interplay effect. 19 

Method: Most clinically relevant uncertainties have been modeled and implemented in the fast 20 

Monte Carlo dose engine MCsquare. Especially, variation of the breathing motion is taken into 21 

account by deforming the initial 4DCT series and generating multiple new 4DCT series with scaled 22 

motion. Systematic and random errors are randomly sampled, following a Monte Carlo approach, 23 

to generate individual erroneous treatment scenarios. The robustness of treatment plans is 24 

analyzed and reported with DVH-bands. The statistical uncertainty coming from the Monte Carlo 25 
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scenario sampling is studied. 26 

Results: A validation demonstrated the ability of the motion model to generate new 4DCT series 27 

with scaled motion amplitude and improved image quality in comparison to the initial 4DCT. The 28 

robustness analysis is applied to a lung tumor treatment. Considering the proposed uncertainty 29 

model, the simulation of 300 treatment scenarios was necessary to reach an acceptable level of 30 

statistical uncertainty on the DVH-band. 31 

Conclusion: A comprehensive and statistically sound method of treatment plan robustness 32 

verification is proposed. The uncertainty model presented in this paper is not specific to protons 33 

and can also be applied to photon treatments. Moreover, the generated 4DCT series, with scaled 34 

motion, can be imported in commercial TPSs. 35 
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1. Introduction 39 

Proton therapy can potentially offer better dose conformity to the target and a reduced integral 40 

dose, compared with conventional radiotherapy. However, the high dose gradient in the Bragg 41 

peak also increases the sensitivity of the dose distribution to treatment uncertainties. Especially, 42 

the actual proton range in the patient may vary from the range calculated during treatment 43 

planning due to the inaccuracies along the treatment planning workflow [1]. Range uncertainties 44 

hinder harnessing the full potential of the steep distal dose fall-off to spare organs-at-risk and 45 

represent currently a major limitation for clinical indications of proton therapy. 46 

Patient setup errors and conversion of CT units into stopping powers largely contribute to 47 

treatment uncertainties. Moreover, the dose calculation algorithm is another important source of 48 

proton range uncertainties. Indeed, the accuracy of the analytical dose calculation typically 49 

employed by most treatment planning systems (TPS) becomes inaccurate in highly 50 

heterogeneous geometries, such as lung tissues. In contrast, Monte Carlo dose calculation yields 51 

for the price of computation speed a higher dosimetric accuracy thanks to realistic simulation of 52 

particle interactions using direct random sampling of the physics laws [2-3].  53 

Motion further complicates the situation of knowing the exact stopping location of ions [4-6]. The 54 

breathing motion causes the geometrical shift of the target with respect to the dose distribution. 55 

In proton therapy, the dose distribution might also be distorted due to the proton range variation 56 

caused by this motion. Moreover, dynamic delivery techniques, such as proton pencil beam 57 

scanning (PBS), may interfere with organ motion and distort the dose distributions. This effect is 58 

generally referred to as interplay effect. 59 
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A treatment plan is considered robust to a given level of uncertainty when the resulting dose 60 

distribution still satisfies the clinical goals, even in the presence of that uncertainty. Safety 61 

margins recipes defining a Planned Target Volume (PTV) have been historically used in photon 62 

therapy to ensure target coverage in the presence of geometrical uncertainties. The validity of 63 

these margin recipes relies on the static dose cloud approximation. However, this approximation 64 

is violated in proton therapy due to the finite range of charged particles. Adaptation of the PTV 65 

has been suggested by integrating range uncertainties along the beam direction within the 66 

margin, leading to the so-called beam-specific PTV [7-9]. However, the latter gets overall 67 

inadequate in the context of multi-field intensity modulated proton therapy (IMPT), due to 68 

possibly high in-field dose gradients. On the contrary, robust optimization can ensure plan 69 

robustness for multi-field IMPT by including uncertainties in the definition of the objective 70 

function [10-12]. However, most robust optimizers proposed in the literature and integrated in 71 

commercial software are limited to a few scenarios of systematic setup errors, a flat range 72 

uncertainty percentage, and a model of organ motion represented by a single 4DCT, neglecting 73 

the interplay effect. Moreover, the use of a single 4DCT only provides an estimation of the 74 

motion at the time it was acquired. Breathing motion may vary from one fraction to another. As 75 

this motion variation is not considered during planning, its effect on the delivered dose is 76 

unknown. 77 

All these planning approximations and uncertainties in treatment delivery, and their limited 78 

integration in current robust optimizers, motivate the development of a tool to verify robustness 79 

in a comprehensive fashion. Such a robustness analysis should rely on realistic and 80 

comprehensive simulations of the entire space of relevant uncertainties. However, robustness 81 



 

 5 

evaluation tools provided by commercial applications generally offer the same limited 82 

uncertainty model as for the treatment plan optimization. Setup and range errors,are typically 83 

simulated based on their extreme values, which does not necessarily guarantee the plan 84 

robustness for intermediate errors. Moreover, natural variations of the breathing motion should 85 

be incorporated together with a quantified assessment of the interplay effect. Effects of interplay 86 

have already been studied in the past [4, 13], but not in combination with all other treatment 87 

uncertainties. To assess the combined effect of these errors, all treatment uncertainty models 88 

should be mixed in a combinatorial and statistically consistent way. As a consequence, the 89 

number of treatment scenarios to be simulated to cover the error input space grows 90 

exponentially with the number of distinct input error sources. To be practical, such global 91 

assessment of the robustness would therefore require an adequate sampling of the space of 92 

possible scenarios, which is not trivial. 93 

In this work, we developed a comprehensive and accurate robustness evaluation tool for proton 94 

therapy plans. Dose distributions are calculated for multiple uncertainty scenarios using 95 

MCsquare [3], an open source Monte Carlo dose engine. Most clinically relevant uncertainties are 96 

modeled and implemented directly in the Monte Carlo code. Both patient and PBS delivery 97 

motions are simulated. Variations in breathing amplitude and period are taken into account in 98 

order to provide a more comprehensive treatment simulation. A Monte Carlo approach is also 99 

adopted to select and analyze the uncertainty scenarios. The resulting dose distributions are 100 

combined and reported in DVH-bands. 101 

2. Methods 102 

To assess the robustness of a treatment plan, the dose distribution is computed for multiple 103 
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scenarios of treatment uncertainties. The dose calculation is performed by a fast Monte Carlo 104 

code presented in the following first sub-section. The modeling of various treatment 105 

uncertainties, including setup and range errors, as well as motion effects are then described. All 106 

error models are combined to simulate comprehensive treatment realizations. A Monte Carlo 107 

approach is then presented to randomly sample the uncertainty scenarios and analyze the 108 

robustness of the treatment plan. Lastly, the proposed solution is applied to a clinical case. 109 

Monte Carlo dose calculation 110 

In comparison to analytical algorithms, Monte Carlo dose calculations improve dose computation 111 

accuracy in heterogeneous geometries. However, a large number of particles must be simulated 112 

to reach an acceptable statistical precision, leading to long computation times. Recently, several 113 

fast Monte Carlo codes have been developed to address this issue [2, 3] and some commercial 114 

TPSs feature a Monte Carlo dose engine performing dose computations at practical speed. 115 

In this study, MCsquare [3], a fast voxel-based multi-purpose Monte Carlo code was used. In 116 

order to enable accurate simulations, MCsquare was commissioned for a clinical beam line [14]. 117 

The transport algorithm was validated with the Fano test [15] and measurements in a 118 

heterogeneous phantom designed to highlight the multiple scattering process [16]. The beam 119 

model was further validated for clinical applications by comparing patient simulations calculated 120 

with MCsquare and Topas/Geant4 [17].  121 

Density and material composition are assigned to each voxel of the CT image using the Schneider 122 

method [18]. The dose to medium resulting from the Monte Carlo simulation is converted on the 123 

fly to dose to water using Paganetti’s technique [19]. Due to the stochastic nature of the Monte 124 
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Carlo process, a statistical uncertainty affects the resulting dose distributions and makes them 125 

noisy. The batch method was used to estimate the statistical precision of Monte Carlo results [2]. 126 

In this study, Monte Carlo dose calculations were performed with a maximum statistical noise of 127 

1% inside the target. 128 

Commonly used uncertainty models 129 

Most robust optimization tools and commercial TPSs provide models of setup and range errors 130 

[10, 20]. These commonly used models are implemented in MCsquare. Setup errors are 131 

simulated by translating the patient image used for dose calculation. Range errors result from 132 

image conversion to stopping powers and other effects [1]. They are modeled by applying a 133 

global scaling of the mass densities extracted from the CT image.  134 

Breathing motion is typically represented by a 4DCT, composed of multiple 3D images of the 135 

patient at various phases of the motion cycle. The impact of the moving anatomy on dose 136 

distributions can be studied with a 4D dose calculation algorithm, which computes the doses for 137 

the multiple phases of the motion cycle and accumulates them at a reference position. For this 138 

purpose, a diffeomorphic deformable registration algorithm, called Morphon [21] and 139 

implemented in OpenReggui, was used to register all 4DCT phases to a reference phase. 140 

MCsquare was then used for the 4D Monte Carlo dose calculation. Dose distributions are 141 

computed on all phases of the 4DCT and deformed to the reference phase using the 142 

pre-generated deformation fields. Lastly, deformed doses are averaged in a 3D image 143 

representing the dose absorbed by the moving tissues. 144 

Improvements of 4DCT image quality 145 
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Dose calculation based on 4DCT is subjected to additional uncertainties due to the artifacts 146 

contained in each phase image. Especially, noisy images can lead to systematic range errors in 147 

proton therapy [22]. This sub-section describes how velocity fields obtained from the 148 

diffeomorphic deformable registration can be manipulated to generate new 4DCT series. By 149 

definition, a diffeomorphic vector field is invertible. It is also differentiable, as well as its invert. 150 

Therefore, unlike the commonly used motion fields, the velocity fields produced by the 151 

diffeomorphic algorithm, can be easily inverted, scaled, or combined, while maintaining physical 152 

consistency of deformations. In particular, rotations are preserved. After manipulation, velocity 153 

fields must then be converted to regular motion fields for image deformation purpose as 154 

explained in Janssens et al. [21]. 155 

The first step consists in registering all phases to a reference phase (phase 1 for instance, as 156 

illustrated in Figure 1.a). Multiple velocity fields can then be combined to generate intermediate 157 

or fictitious phases. For instance, the first phase (P1) can be deformed to the time-averaged 158 

mean position of the tumor (Mid-Position) using the average of all velocity fields, as illustrated in 159 

Figure 1.b. The other phases can also be deformed to the Mid-Position by subtracting their 160 

original phase field from the average field. The Mid-Position CT image (MidP-CT) [23] is then 161 

generated by computing the median HU value in each voxel over all deformed phases. This 162 

results in a CT image with less noise and fewer artifacts than the nominal 4D phases. The 163 

deformation can easily be inverted by taking the opposite of the velocity field. An improved 4DCT 164 

can therefore be reconstructed by deforming the newly created MidP-CT image back to each 165 

phase position using the inverted velocity fields as illustrated in Figure 1.c. 166 

Model of the motion amplitude variation 167 
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Intra- and inter-fraction variations of the breathing motion have been reported in the literature 168 

[5, 6]. A new 4DCT series, with scaled motion, can be created to verify the robustness of the 169 

treatment plan against this effect. Similarly to the previous sub-section, the new 4DCT series is 170 

generated by deforming the MidP-CT, or any other reference phase. However, the inverted 171 

velocity fields are now scaled by a scalar factor in order to increase or decrease the motion 172 

amplitude as illustrated in Figure 1.d. 173 

 174 

Figure 1: Illustration of the main steps of the 4DCT reconstruction with scaled motion 175 

amplitude: (a) a deformable image registration algorithm is used to generate the velocity fields 176 

from one phase to all the others; (b) the MidP-CT image is reconstructed by deforming all 177 

phases to the Mid-Position; (c) the MidP-CT is deformed back to each phase position in order 178 

to reconstruct a new 4DCT with improved image quality; (d) velocity fields are scaled to 179 
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generate a 4DCT with different motion amplitude. Tumor position at each phase (P1 to P6) is 180 

represented by the circles. Velocity fields are illustrated by the blue vectors. 181 

 182 

The model was evaluated using two 4DCT series that were acquired on the same lung patient 183 

over a one-week interval. The breathing amplitude variation between both 4DCT series was 184 

calculated with the ratio of their maximum GTV displacement. The proposed model was then 185 

used to reconstruct the second 4DCT from the first week series. To do so, the first week velocity 186 

fields were scaled with the breathing amplitude variation factor measured between both 187 

acquisitions. The first week MidP-CT is then deformed to generate the new 4DCT, with scaled 188 

motion. The GTV displacement of the generated 4DCT is compared with the real second week 189 

4DCT series to verify the model. For this comparison, to remove any possible setup differences 190 

and baseline shifts, the images of week 1 and week 2 were rigidly registered to align the GTV 191 

position in the Mid-Position. 192 

Simulation of interplay effect 193 

To assess the dose degradation due to potential interplay effects, the 4D dose calculation should 194 

take into account the dynamic of the delivery equipment. The simulation of the interplay effect 195 

has already been described in the literature [4, 24, 25], using various methods to reconstruct the 196 

delivery timing information. In our implementation, the IBA software ScanAlgo is employed to 197 

simulate the delivery process and extract the delivery time and duration for each spot of the PBS 198 

plan. Each spot can then be associated with a phase of the 4DCT in which it would be delivered. 199 

The breathing period and the starting delivery time within the motion cycle are varied for each 200 



 

 11 

beam and fraction. According to the delivery timing simulation and these breathing parameters 201 

all spots are sorted and assigned to a phase of the 4DCT. A partial plan is then generated for each 202 

phase by merging all corresponding spots. Instead of computing the full plan on all 4DCT phases, 203 

like for the regular 4D dose calculation, partial plans are simulated by MCsquare on their 204 

appropriate CT phase. The resulting partial doses are then deformed to the reference phase and 205 

accumulated, providing a 3D dose map that includes both organ and delivery motion effects. 206 

Sampling of uncertainty scenarios 207 

A Monte Carlo approach is proposed in this study to overcome the challenges of scenario 208 

selection. Instead of mixing uncertainty models in a combinatorial way, the errors are randomly 209 

sampled for each uncertainty model. Each simulated experiment represents a full treatment 210 

simulation and is composed of multiple daily error scenarios in order to take into account 211 

inter-fraction variability. Each fraction is therefore simulated individually with MCsquare, 212 

considering systematic errors that are sampled once per full treatment experiment, and random 213 

errors, re-sampled for each fraction scenario. The resulting fraction doses are then summed 214 

together to obtain the total experiment dose that represents one of the possible full treatment 215 

realizations. This process has to be repeated many times to provide a representative set of full 216 

treatment experiments. 217 

More specifically, in our implementation, the three spatial components of the systematic and 218 

random setup errors are randomly sampled individually from Gaussian distributions with zero 219 

mean and user defined standard deviations as illustrated in Table 1. The resulting shift is applied 220 

for all beam directions delivered at each fraction. Similarly, the global range uncertainty, the 221 
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organ motion period and amplitude are sampled from Gaussian distribution centered on their 222 

nominal value, with standard deviations defined by the user according to variations reported in 223 

the literature [1, 5, 6, 26]. The sampled global range uncertainty (in percents) is considered to be 224 

the same for all spots of the treatment plan. The initial phase involved in the simulation of the 225 

interplay effect is randomly sampled using a continuous uniform distribution from the beginning 226 

to the end of the breathing cycle. 227 

Robustness analysis 228 

The impact of treatment uncertainties on the dose distribution is usually reported with an 229 

uncertainty band around the nominal DVH. This band represents the envelope of all DVHs 230 

computed by taking into account multiple experiments of treatment uncertainties. However, in 231 

our Monte Carlo strategy, the sampling of treatment uncertainties can lead to very large errors 232 

due to the infinite tails of Gaussian distributions. Generally, safety margins recipes are applied in 233 

such a way that target coverage is ensured for a reasonable number of patients, typically 90% as 234 

suggested in van Herk et al [27]. To mimic this approach, uncertainty bands are generated by 235 

computing percentiles of the experiment DVHs as proposed by Gordon et al [28]. For instance, 236 

the 5th and 95th percentiles would define the envelope of the dose degradation expected for 90% 237 

of the treatment errors. 238 

In this dual Monte Carlo strategy, both dose calculation and scenario sampling lead to statistical 239 

uncertainties on the final result. The number of particles simulated during the Monte Carlo dose 240 

calculation is adapted to reach a maximum statistical uncertainty of 1% after the 4D dose 241 

accumulation and fraction summation. The robustness analysis resulting from the random 242 
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scenario sampling is also subject to statistical uncertainties. If the robustness analysis is 243 

performed multiple times by randomly re-sampling the scenarios, the DVH-bands may vary from 244 

one run to another, even when the dose calculation statistical uncertainty is negligible. 245 

Specifically, the estimation of the 5th and 95th percentiles that determine the DVH-band is very 246 

sensitive to the rare events in the tails of the scenario distribution. This means that the edges of 247 

the DVH-band converge slowly when increasing the number of simulated scenarios. The 248 

bootstrap method [29, 30] is employed in this study to estimate the percentile values and their 249 

confidence interval based on a limited number of scenario samples. 250 

Patient case 251 

The robustness test presented in this paper is applied to a patient case in order to illustrate the 252 

feasibility of this concept. The MIROpt 4D robust optimizer [31], developed in house and based 253 

on MCsquare dose calculation, was employed to generate a treatment plan for a lung tumor 254 

patient. A robust plan was optimized on the CTV based on the 4DCT series composed of 10 CT 255 

phases. All robustness parameters used for the optimization are listed in Table 1 (first column). 256 

The worst-case scenario approach [11] was used for robust optimization, considering 21 257 

scenarios to simulate combinations of systematic setup and range errors. The blurring effect of 258 

random setup errors is included in the beamlet MC dose calculation. The initial position of each 259 

particle is randomly shifted to simulate random setup errors, assuming an infinite number of 260 

fractions [20]. The variation of the breathing amplitude and period was not taken into account 261 

during the treatment plan optimization. The resulting PBS plan is composed of 2 beams (150° and 262 

180°) with a total of 2536 spots. 263 
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The generated treatment plan was then evaluated using the robustness test method proposed in 264 

this paper. Setup errors, range errors, motion amplitude variation, interplay effect, and motion 265 

period variation were simulated. All robustness parameters used for this test are listed in Table 1 266 

(second column). A nominal breathing period of 4 seconds was considered. Each treatment 267 

simulation is composed of 35 fractions. 268 

Treatment uncertainties Planning Robustness verification 

Systematic setup errors [26] ±2.5 × (0.4; 0.7; 0.6) 

mm 

σ = (0.4; 0.7; 0.6) mm  

Random setup errors [26] σ = (1.7; 1.4; 1.4) mm σ = (1.7; 1.4; 1.4) mm  

Systematic range errors [1] ±2.4 % σ = 1.6 %  

Systematic motion amplitude errors [6] NA σ = 0 %  

Random motion amplitude errors [5] NA σ = 36 %  

Systematic motion period errors [6] NA σ = 0 %  

Random motion period errors [6] NA σ = 17 %  

Table 1: Summary of uncertainty parameters used for the robust optimization and the 269 

robustness evaluation of the treatment plan. 270 

The bootstrap method is used after the computation of each experiment to estimate the 271 

DVH-bands and their convergence. The 5th and 95th percentiles constituting the DVH-band edges 272 

are calculated over 500 bootstrap samples randomly sampled from the pool of already computed 273 

scenarios. A 95% confidence interval for the DVH-bands is also computed with the bootstrap 274 

technique [29, 30]. 275 

Treatment uncertainties were directly sampled by MCsquare during the scenario simulations. In 276 

order to reach a maximum noise level of 1% inside the ITV, 36 million primary particles were 277 

simulated per experiment. All computations were performed on dual-processor computer (Intel 278 

Xeon E5-2660 v4) running Linux.  279 

3. Results 280 
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The model of motion amplitude variation is first evaluated with a clinical example. Next, the 281 

robustness analysis approach presented in this paper is applied to a lung patient in order to 282 

demonstrate the feasibility of this concept. 283 

Evaluation of motion amplitude variation model 284 

First, a new 4DCT with improved image quality was reconstructed by deforming the reference 285 

image (MidP-CT) to each phase position. As it can be observed in Figure 2, the method can 286 

reproduce the organ and target positions of the original 4DCT while reducing noise and artifacts 287 

in the generated 4DCT. Importantly, the visible tumor in the CT phase remains inside its GTV 288 

contour after reconstruction. 289 

 290 

Figure 2: Comparison of the density maps calculated by MCsquare from the 8th phase of the 291 

original 4DCT (left) and generated 4DCT (right). The GTV drawn on the original CT phase is 292 

displayed in yellow on both images. 293 

 294 
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Next, the motion measured in the second week 4DCT series was reproduced by deforming the 295 

first week series using the proposed method. The motion hysteresis representing the position of 296 

the GTV center of mass at each phase is displayed in Figure 3a for both 4DCT acquisitions. From 297 

these data, maximum GTV displacements of 33.59 mm and 38.08 mm were calculated for week 1 298 

and week 2, respectively. This represents an increase of 13.4% of the target motion amplitude. 299 

The first-week MidP-CT and its associated GTV contour were deformed using the scaled velocity 300 

fields to reproduce the motion amplitude measured at week 2. The motion hysteresis of the 301 

adjusted week 1 images is compared to week 2 in Figure 3b. The motion amplitude of the new 302 

generated 4DCT is 37.82 mm. The difference between the modeled and the expected motion 303 

amplitude is therefore 0.68%. 304 

 305 

Figure 3: Motion hysteresis represented by the position of the GTV center of mass for each 306 

phase (P1 to P10).  a) Comparison of the GTV motion extracted from original 4DCT series 307 
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acquired at week 1 and week 2.  b) The motion amplitude measured at week 2 is reproduced 308 

by the model using week 1 images. 309 

 310 

Treatment plan robustness evaluation 311 

The robustness of the lung treatment plan was evaluated using our Monte Carlo approach. The 312 

DVH-bands are displayed in Figure 4. DVH metrics are reported in Table 2 for the nominal 4D 313 

dose calculation (without treatment uncertainties) and for the uncertainty band and its median 314 

curve. 315 

 316 

Figure 4: DVH-bands resulting from the robustness evaluation of the lung treatment plan. The 317 

light blue band contains 90% of the uncertainty scenarios. The dark blue DVH is the median of 318 

all scenarios. Uncertainty scenarios include the simulation of setup and range errors, the 319 

variation of motion amplitude, and the interplay effect with variable breathing motion period. 320 

The red curve represents the nominal plan without uncertainties. 321 
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 CTV D95 CTV D5 Lung-GTV 

Dmean Nominal DVH 57.6 Gy 62.4 Gy 2.7 Gy 

Uncertainty band 53.4 - 57.3 Gy 60.9 - 64.6 Gy 2.4 - 3.0 Gy 

Median 55.7 Gy 62.5 Gy 2.7 Gy 

Table 2: DVH metrics resulting from the robustness test. 322 

A total of 1000 full treatment experiments, each composed of 35 fractions, were simulated to 323 

generate the DVH band results. It is, however, possible to stop the simulation earlier, when the 324 

statistical uncertainties on the DVH-band reach an acceptable level. The convergence of the 325 

uncertainty band at the D95 level is shown in Figure 5. The results look unstable below 300 326 

scenarios, and converge slowly beyond this point. The statistical uncertainty is higher for the 5th 327 

percentile (left edge of the band). Its 95% confidence interval is 0.69 Gy wide for 300 scenarios, 328 

0.49 Gy wide for 500 scenarios, and 0.37 Gy wide for 1000 scenarios. 329 

 330 

Figure 5: Variability of the uncertainty band edges and their 95 % confidence interval with 331 

respect to the number of simulated scenarios. 332 

The computation time was measured and analyzed. The pre-processing step, consisting in 333 

registering the 4DCT phases, generating the MidP-CT, and estimating the spot delivery time, is 334 

performed automatically by a workflow in the OpenReggui application and takes 12 minutes. The 335 
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dose calculation and uncertainty models are performed with MCsquare. The computation of the 336 

nominal dose distribution takes 97 seconds for this particular lung treatment plan. An average 337 

computation time of 385 seconds is then required to simulate each uncertainty experiment. This 338 

time includes the generation of a new 4DCT (22% of computation time) with scaled motion 339 

amplitude for each fraction, other uncertainty models (computation time negligible), Monte 340 

Carlo dose calculation (49%), and accumulations of 4D and fraction doses (29%). For this example 341 

lung case, the simulation of 300 scenarios was sufficient to reach an acceptable noise level. The 342 

total computation time necessary to perform the robustness test with 300 scenarios is 32 hours 343 

on a single computer. A total of 1000 scenarios was simulated (107 hours) in this study to 344 

demonstrate the slow convergence of the DVH-band result. 345 

4. Discussion 346 

In this study, a comprehensive and accurate robustness verification of proton therapy treatment 347 

plans is presented. A novel method for the simulation of breathing motion variation was 348 

implemented and combined with the conventional setup and range errors, as well as the 349 

simulation of the interplay effect. Systematic and random errors are randomly sampled for each 350 

treatment scenario, following a Monte Carlo approach. The variable motion amplitude model 351 

was first validated, and the robustness analysis was illustrated for a lung tumor treatment plan. 352 

The validation results demonstrated that the variable motion amplitude model is able to 353 

reproduce the motion measured on a second 4DCT acquisition by scaling the velocity fields and 354 

deforming the reference CT image. The difference between the motion amplitude measured on 355 

the generated 4DCT series and the expected one is 0.68%. This difference may be due to the 356 
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inaccuracies during the registration or the motion amplitude measurements. The accuracy of the 357 

registration and deformation algorithms and their impact on this particular application still need 358 

to be studied. 359 

As the reference phase is reconstructed from all 4DCT phases, it is usually less noisy and contains 360 

fewer artifacts than the original 4DCT phases. Therefore, the generated 4DCT series, with scaled 361 

motion, also benefit from this improved image quality. For this motion reduction/amplification 362 

model, the choice of the reference phase is important. For instance, using the Mid-Position phase, 363 

as presented in this paper, will lead to a symmetric motion amplification, extending both 364 

end-inhale and end-exhale positions. On the contrary, starting from the end-exhale phase, the 365 

motion will be amplified only in the inhale direction. This asymmetric motion variation may be 366 

preferred if a better stability of the end-exhale position is observed in the patient. 367 

The uncertainty models presented in this paper are not specific to protons and can also be 368 

applied to photon treatments, like, for instance, the variation in breathing amplitude, which is 369 

also an issue in conventional radiotherapy. Moreover, the generated 4DCT series can be imported 370 

in a commercial TPS. 371 

Treatment plan optimization requires to compute the dose distribution for each spot individually, 372 

increasing the computation time and the memory requirement significantly. To simplify the 373 

problem, uncertainty scenarios must therefore be limited during robust optimization. The 374 

probabilistic approach described in this paper would therefore not be practical for robust 375 

optimization. In consequence, it is important to verify the actual robustness of the resulting 376 

treatment plan using more realistic and comprehensive models as presented in this technical 377 
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note. 378 

For the studied case, the computation time was measured at 385 seconds per full treatment 379 

experiment. Moreover, this time must be multiplied by a large number of experiment to reduce 380 

the statistical uncertainty of the resulting DVH-band. For a clinical application it is crucial to 381 

further optimize the algorithms and their implementation in order to reduce the computation 382 

time. The performances can be improved by working on two aspects. First, the computation time 383 

per scenario can be reduced by further working on the algorithm implementation. For instance, 384 

the generation of 4DCT and dose accumulations represent half of the computation load and 385 

mainly consist of image deformations. These operations could be performed by a GPU while the 386 

CPU already starts the next Monte Carlo simulation. A cluster of computers could also be used to 387 

simulate multiple scenarios simultaneously. The second possible improvement is to reduce the 388 

number of experiments that are required to achieve an acceptable statistical uncertainty. As for 389 

every Monte Carlo algorithm, variance reduction techniques can be applied. For instance, the 390 

uncertainty values are currently sampled from Gaussian distributions, favoring the sampling of 391 

small error values. However, the percentiles that define the DVH-band are more sensitive to 392 

extreme events in the tails of the scenario distribution. To improve the scenario sampling 393 

efficiency, uncertainty values could be sampled from uniform distributions with a corrected 394 

weighting factor in the percentile estimation. Another improvement could also be adopted for 395 

the simulation of the random setup error. Fredriksson [32] demonstrated that for a sufficient 396 

number of fractions, the random errors can be simulated by sampling a random shift for each 397 

primary particle during the Monte Carlo transport. 398 

 399 
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5. Conclusion 400 

This study proposes a comprehensive and statistically sound method of robustness verification 401 

for scanned proton therapy treatment plans. It enables a more accurate evaluation of the 402 

treatment plans generated with approximate robust optimization techniques implemented in 403 

commercial TPS. A Monte Carlo sampling approach was employed to calculate individual dose 404 

error scenarios. In our uncertainty model, we considered the variability of the breathing motion, 405 

the interplay effect, and the conventional setup and range errors. The proposed methodology 406 

was tested on a lung patient case. These tools are released open source within the MCsquare 407 

application [33]. 408 

The variable breathing amplitude is simulated by generating new 4DCT series with scaled motion. 409 

These 4DCT images can be easily imported in a commercial TPS for robustness optimization or 410 

verification of photon or proton treatment plans. 411 
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