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Purpose: One of the main sources of uncertainty in proton therapy is the conversion19

of the planning CT in (relative) proton stopping powers. Proton radiography pro-20

vides range error maps but these can be affected by other sources of errors than just21

the CT conversion (eg. residual misalignment). To better understand and quantify22

range uncertainty it is desirable to measure the individual contributions and partic-23

ularly that associated to the CT conversion.24

Methods: A workflow is proposed to carry out an assessment of the CT conversion25

solely on the basis of proton radiographs of real tissues measured with a multi-layer26

ionization chamber (MLIC). The workflow consists of a series of four stages: CT and27

proton radiography acquisitions, CT and proton radiography registration in post-28

processing, sample-specific validation of the semi-empirical model both used in the29

registration and to estimate the water equivalent path length (WEPL), and WEPL30

error estimation. The workflow was applied to a pig head as part of the validation of31

the CT calibration of the proton therapy center PARTICLE at UZ Leuven, Belgium.32

Results: The CT conversion-related uncertainty computed based on the usual Pa-33

ganetti’s rule were overestimated by 500% on the pig head in areas where the proton34

beamlets did not go through cavities. On the contrary, the range uncertainty was35

very much underestimated where cavities were encountered by the protons. A corre-36

lation was found between these errors and HUs between -1000 and -950, suggesting37

that the underestimation was probably due to the resolution of the CT rather than38

to an inaccurate conversion. To reduce these errors, the CT calibration curve was39

adapted by increasing the HU interval corresponding to the air up to -950.40

Conclusion: The application of the proposed workflow as part of the validation of41

the CT conversion to RSPs shed some light on the different contributions to the range42

uncertainty and on the way they add up. Our results suggest that the use of this43

workflow on patients or in a generalized study on different types of animal tissues44

could potentially reduce up to several millimeters the range uncertainties generally45

taken into account in treatment planning. All the algorithms required to perform46

the workflow were implemented in the computational tool named openPR which is47

part of openREGGUI, an open-source image processing platform for adaptive proton48

therapy.49
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I. INTRODUCTION52

Range uncertainty in proton therapy is still a topical problem despite more than one53

decade of research worldwide aimed at developing means of in vivo range verification. In54

2012, Paganetti established a famous table quantifying the different sources of uncerainty55

among which the conversion of the planning computed tomography (CT) image to relative56

proton stopping powers (RSPs) was referenced as one of the most important1.57

Among the potential solutions to the problem of range uncertainty, proton imaging has58

benefited from an active body of research2,3. Proton CT, in particular, would directly pro-59

vide the 3D map of RSPs, relegating to the past the inaccurate conversion of the planning60

CT. Nonetheless, the implementation of proton CT in the clinic is challenged by physical61

and engineering considerations. For example, the nature of the anatomical sites that can62

be imaged by proton CT is constrained by the maximum energy available. In practice,63

only head and neck cases could benefit from this technology. Another approach to reduce64

range uncertainty is based on recent studies which show that a correction of the planning65

CT conversion using simple proton radiography could be satisfactory enough in most of the66

cases4–7. Different proton imaging systems have been developed during the past decade and67

can be classified into two categories: list-mode and integrated mode8. List-mode proton68

imaging offers the greatest potential in terms of precision since it provides individual mea-69

surements for each of the protons crossing the object. Integrated mode proton imaging, on70

the other hand, integrates the contribution of every protons during the irradiation time of71

a pencil beam shot. This kind of acquisition is much less complex both in terms of hard-72

ware and data throughput which makes it particularly easy to integrate into the clinic9,10.73

Nonetheless, this comes at the cost of signal degradations resulting from the presence of74

lateral inhomogeneties along the path of the beam and, to a lesser extent, from multiple75

Coulomb scattering (MCS). However, deconvolution techniques can be used to increase the76

spatial resolution and obtain a satisfactory image to assess the range prediction11.77

In a recent publication, Meijers et al. used a proton radiography technique relying on78

a multi-layer ionization chamber (MLIC) to validate their site specific HU-RSP conversion,79

with measurements performed on animal samples12. Their results showed that the classic80

margin rule (1 mm + 2.4% when using Monte Carlo1) was too conservative with regard to81

the errors that they observed. To obtain a range error map for each animal sample that82

4



openPR

was imaged, they implemented a workflow originally proposed by Mumot et al.13. Namely,83

the CT scans of the animal samples were imported into the treatment planning system84

(TPS) and the individual integral depth dose profiles (IDDs) corresponding to the beamlets85

were simulated. The simulated IDDs were then compared to those measured by the MLIC.86

Range error maps were eventually obtained by computing for each beamlet, the shift that87

minimized the squared error between the simulated and the measured IDDs.88

The range error maps obtained in the Meijers et al. workflow provide information directly89

related to the importance of uncertainties in proton therapy. Nonetheless, the workflow90

could be improved in two ways. First, it does not allow to isolate the range error coming91

from the conversion of the CT solely. This is nevertheless all the more important today92

with the development of robust optimization methods which requires an estimate of each93

individual contribution to the overall range uncertainty. The differences in range observed94

by Meijers et al. could in fact come from four main sources: CT resolution and artefacts, CT95

conversion, modeling of the IDDs by the TPS (range mixing and range straggling modeling)96

and residual setup errors. For example, they observed that increased range errors were well97

correlated with intersections between materials of clearly different densities. Previous work98

had already warned about the extreme sensitivity of range error estimation with respect to99

small residual misalignment and approximations in IDD modeling in the presence of lateral100

heterogeneities9,11. Secondly, the workflow relies on simulations carried out by the TPS to101

estimate the range error. This can be useful to take into account in the range uncertainty102

assessment, the uncertainty coming from the modeling carried out by the TPS. However, to103

study the uncertainty associated to the conversion of the CT solely, it is desirable to have a104

range error estimation method which is independent of any TPS.105

In order to overcome this dependence of range error maps on TPS dose calculation,106

Farace et al. had proposed a simple analytical model validated by Monte Carlo simulations107

and real measurements9. This was the foundation stone of two subsequent developments108

which provided a solution to the aforementioned limitations. First, a CT-proton radiography109

registration algorithm was developed to correct in post-processing the residual alignment110

errors14. Secondly, a deconvolution algorithm was developed in order to estimate a WEPL111

map without resorting to an intermediate stage of CT-based simulations11.112

It is of course desirable to integrate these solutions into the workflow proposed by Mei-113

jers et al. Therefore, we propose an open-source tool, named openPR, to achieve an end-114
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to-end validation of the calibration curve with limited impacts of residual misalignment and115

inaccuracies in IDD modelling. However, adding two steps to the workflow to perform the116

registration and the WEPL estimation with the deconvolution algorithm cannot be done117

without taking into account that both methods depend on an analytical model which has118

been validated only on an anthromopomorphic phantom. This is actually a source of addi-119

tional uncertainty. The validity of this model could indeed vary depending on the structures120

crossed by the protons and on the beam characteristics. To eliminate this source of uncer-121

tainty, we propose to add one more step which consists in a Monte Carlo validation specific122

to the imaged object.123

The whole improved workflow was applied in real conditions as part of the validation of124

the CT calibration of the proton therapy center PARTICLE at UZ Leuven, Belgium.125

II. MATERIALS AND METHODS126

The workflow detailed in this section aims to assess the error between the WEPL esti-127

mated using the proton radiography data and the WEPL predicted on the basis of the CT128

with the same HU-RSP conversion as the TPS. In the first instance, we describe the types129

of data needed as input and the techniques used to acquire them. Then, we detail the entire130

workflow presented in Figure 1.131

This workflow was applied as part of the validation of the CT calibration of PARTICLE.132

The animal sample used for this purpose was a pig head. Its maximum thickness was just133

small enough to be crossed by the protons with the energy of 200 MeV which was chosen134

for the radiography. The pig head included tissues leading to HUs covering the whole range135

of the calibration curve (except for the parts corresponding to lung and metal) as well as136

complex structures such as cavities.137

A. Proton radiography and CT acquisitions138

A single energy CT scan of the pig head was acquired at 120 kV with the in-room139

SOMATOM Definition Edge CT scanner (Siemens, Germany) which is the same model as140

the planning CT scanner. The reconstruction was performed with a 512 × 512 matrix,141

512× 512 mm2 field of view, 1 mm slice thickness, Qr36s\3 reconstruction kernel (according142
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Figure 1: Schematics of the workflow implemented in openPR to assess CT conversion

using proton radiography.

to the clinically applicable head scan protocol), iMAR artefact correction for dental filling143

and beam hardening correction.144

The proton radiograph was acquired with the Giraffe MLIC (IBA, Belgium). This device145

is composed of 180 chambers, each one having a water equivalent thickness of 1.8 mm. It146

therefore covers the range of protons having an energy up to 230 MeV. However, the nominal147

energy used in our application was only 200 MeV because the last channels of the Giraffe148

available at PARTICLE were not calibrated. The MLIC was placed at the proton exit side149

of the pig head, as shown in Fig. 2. The ProteusOne delivery system (IBA, Belgium) was150

operated to deliver a map of spots uniformly spaced by 5 mm according to the method151

established by Farace et al.15 for a ProteusPlus (IBA, Belgium), which we had to slightly152
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adapt to make it compatible with the ProteusOne. Indeed, with a ProteusPlus, the beamlets153

are sent according to a scheme known in advance. This makes the proton radiograph easy to154

obtain by collecting the IDDs measured by the Giraffe for each beamlet sent at a specified155

location. However, the beam produced by the S2C2 synchro-cyclotron of the ProteusOne156

system is pulsed, and the dose delivered by each individual pulse cannot be accurately157

predicted. Therefore, the blind golfer algorithm is used to repeatedly deliver a fraction of158

the planned dose for each spot, measuring every time the delivered dose and calculating the159

remaining dose to be delivered. This intrinsic re-scanning delivery would make the analysis160

of the proton radiography acquisitions more complex. As it is not crucial to know the161

absolute dose actually delivered in our imaging application, the blind golfer delivery mode162

was disabled during our proton radiography acquisition.163

The pig head was roughly positioned at isocenter using the laser system after the CT164

scan and before the proton radiography. Accurate alignment was not required since residual165

misalignment can be corrected in post-processing using a CT-proton radiography registration166

algorithm14. A single direction of acquisition was considered with the gantry positioned at167

90◦, which gave a radiograph along the lateral direction. Since the Giraffe has a restricted168

field of view (45 x 45 mm2), a whole radiography required several acquisitions between169

each of which the object was translated. These translations were performed by moving the170

couch a distance equal to the field of view. The total acquisition time was approximately171

10 minutes, which is twice as fast as the time mentioned by Farace et al. for a similar172

radiograph9. This reduction in the acquisition time was achieved thanks to the update of173

the interface provided the manufacturer of the proton delivery system.174

B. CT calibration175

In the RayStation (RaySearch Laboratories, Sweden) TPS used at PARTICLE, the input176

needed for CT conversion is a table linking HUs to mass densities. Internally, the TPS177

interpolates the mass density corresponding to each HU of the CT scan and converts it into178

one of the materials of its database using a nearest neighbour approach. The stopping power179

of each voxel is finally computed by using both its estimated mass density and its associated180

elemental composition.181

In order to get the required HU-to-density table, Gammex inserts (Gammex Inc, Mid-182
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Figure 2: Experimental setup. The MLIC was placed on a lift table and aligned with the

laser system.

dleton, USA) were scanned in each one of the three planning CT scanners of PARTICLE,183

including the in-room one. Average HU values were computed over various protocols and184

phantoms (a Gammex phantom and two home-made phantoms of a thorax and a head). The185

differences between measured CT numbers of each scanner were deemed negligible, and only186

one calibration curve was calculated for all three scanners. To this end, the recommended187

stoichiometric calibration was used16,17.188

C. CT conversion assessment189

1. WEPL error map190

In the workflow proposed by Meijers et al., the WEPL error is estimated by calculating191

the shift to be applied to the simulated IDD to minimize the quadratic error between the192

simulated and the measured IDDs12. This method is, however, not optimal because it does193

not use the fact that a measured IDD contains information on the WEPL not only at the194

spot position but also in its vicinity. In a recent publication11, we developed a deconvolution195

algorithm which takes advantage of this phenomenon called range mixing, to estimate the196

WEPL map with a higher resolution than that of the proton radiograph. In the present197

case, the WEPL map was estimated with a resolution equivalent to that of the CT, namely198

1× 1 mm2, on the basis of proton radiography data acquired with a 5 mm spot spacing.199

In order to establish the error map between the estimated WEPL and that which would200
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be calculated by the TPS, the two-step conversion method of our TPS, namely RayStation201

8.0 (RaySearch, Sweden), was implemented in openPR. To reduce the time spent in manip-202

ulations, the alignment between the CT and the proton radiograph was not performed prior203

to the acquisition using the in-room x-ray alignment system but rather in post-processing204

with a specific registration algorithm14. Moreover, we observed that this was more accurate205

than a conventional kV-kV alignment, as already suggested by the literature14.206

2. Sample specific validation with Monte Carlo simulations207

Although the tools mentioned above have been evaluated in their respective publications9,11,14,

they have limitations related to the imaged object. All these methods are based on a model

according to which the proton beamlets propagate in straight lines, parallel to each other,

with negligible scattering. These methods assume that a measured IDD, named IDDm

consists of a convolution of a Gaussian kernel G having a standard deviation equal to the

spot size with shifted versions of a pristine Bragg curve called IDDref which corresponds

to the IDD that would be measured without the phantom through the beam path:

IDDm(x, y, z) ≈ G(x, y) ∗ IDDref (z + WEPL(x, y)) (1)

where z refers to the depth axis of the IDD and (x, y) are the spatial coordinates in the208

plane perpendicular to the beam.209

In this paper, IDDref was obtained by measuring an IDD under the same condition as210

for a proton radiography but without any phantom. Therefore, Eq. 1 is referred to as a211

semi-empirical model throughout this paper.212

This approximation was proved to be good enough on several phantoms, including an213

anthropomorphic head phantom. However, it cannot be excluded that it may fail for some214

anatomical structures. In particular, the pig head imaged at PARTICLE exceeds both in215

terms of structural complexity and thickness the phantoms considered in the past.216

In order to carry out an accurate analysis of the range error, it is necessary to validate that217

the analytical model expressed in Eq. 1 and used by the deconvolution and the registration218

algorithms is correct. To do this, we propose to systematically perform an object-specific219

validation of the analytical model by Monte Carlo simulations. Indeed, these are nowadays220

often considered as the gold standard in terms of simulations accuracy, especially in complex221
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geometries such as the presently used pig head. We thus achieved a validation of our semi-222

empirical method independently of the TPS with a fast Monte Carlo simulation tool named223

MCsquare18 which is part of the openREGGUI platform on which openPR is based.224

First, MCsquare was commissioned for PARTICLE. The obtained beam model was eval-225

uated using the in-water validation measurements previously obtained during the validation226

of the TPS beam data library. Then, the HU-to-SP(R) conversion of the TPS was adapted227

so as to get the same SP in MCsquare, which uses a different material assignment scheme.228

To assess the accuracy of the analytical model, the MLIC was modeled by a water box229

added in the CT image, at the exit side of the patient. In order to mimic an acquisition with230

the Giraffe and in particular to take into account its limited field of view, a treatment plan231

with a specific isocenter was automatically created by openPR for each position at which232

the object was placed. Finally, the dose maps were exported separately for each beamlet so233

that the IDDs could later be reconstructed.234

Since the aim of Monte Carlo simulations is to evaluate the accuracy of the analytical235

model and the deconvolution method also depends on this model, it cannot be used to236

estimate the WEPL in such context. Instead, the range error, named RE, was estimated by237

computing the displacement that minimizes the quadratic error between two dose deposition238

profiles:239

RE = | arg min
s

∑
z

(IDD1(z + s)− IDD2(z))2 | (2)

3. Range uncertainty analysis240

In his seminal paper on range uncertainties in proton therapy, Paganetti evaluated the241

range uncertainty to 1.2 mm + 2.4% with Monte Carlo dose calculation and to 1.2 mm +242

4.6% with less accurate dose calculation algorithms, such as the Pencil Beam Superposition243

method1. The various contributions to the range uncertainty listed by Paganetti are now244

broadly accepted as a guide for beam-specific PTV margins, or to set error parameters in245

robust optimization. Therefore, it is highly relevant to set up a methodology to validate246

those uncertainties using proton radiography. However, this cannot be done simply by247

comparing the percentage of errors lower than the margin proposed by Paganetti.248

First, we note that Paganetti expressed his estimate of the proton range uncertainty as249
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a 1.5 standard deviation interval. This means that the amount of range errors confined250

in this interval in fact depend on the probabilistic distribution of the error. For a normal251

distribution, this approximately corresponds to a 87% confidence interval.252

A second element to consider to assess the margin defined by Paganetti is that it takes253

into account patient setup errors and uncertainties in the modelling of range degradation.254

However, those should be considered as negligible in the present study thanks to the accurate255

registration in post-processing and to the validation of the semi-empirical model against256

Monte Carlo. Estimating the remaining range uncertainty the same way as Paganetti did, we257

obtain a 87% interval given by 0.6 mm + 2.4%. From there, we can assess the relevance of the258

margins used so far by comparing the percentage of range errors lower than 0.6 mm + 2.4%259

to the expected value, namely 87%.260

D. openPR261

All the algorithms involved in the workflow described above were implemented in openPR262

which was developed as a plugin in openREGGUI, an image processing open-source plat-263

form for adaptive proton therapy. The code is mainly written in Matlab (MathWorks, USA)264

and is available on the openREGGUI main repository (openreggui.org). The user can in-265

teract with the data and call the methods either via a graphical interface or through the266

scripting functionality available in openREGGUI. The features offered by the graphical in-267

terface also cover data import, data and metrics visualization, region of interest drawing,268

etc. In addition, several options were made available for the various methods. For example,269

a registration can be performed either with one proton radiograph or with two orthogonal270

proton radiographs. Parameters such as the spot spacing and the number of spots can also271

be adapted by the user.272

III. RESULTS273

A. Sample specific validation with Monte Carlo simulations274

By applying CT-proton radiography registration in post-processing, we could reduce the275

impact of set-up errors and therefore remove them from the several possible contributions276

to the range error. Consequently, the remaining major sources of errors were, in accordance277
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with the table established by Paganetti1, an inaccurate conversion of HUs to RSPs, an278

insufficient resolution of the image acquired by the CT or CT artefacts. This assumes279

that the semi-empirical model used by most of the algorithms implemented in openPR was280

accurate. Although this model was validated both experimentally and using Monte Carlo281

simulations in a previous publication9, the absence of a scattering model could be prejudicial282

in the current case where many cavities and heterogeneous structures are present. This283

example demonstrates the need for the systematic validation step based on Monte Carlo284

simulations that we added to the workflow.285

The range error depicted in Fig. 3 shows overall an excellent agreement between Monte286

Carlo and semi-empirical simulations except in the upper left corner. Some Bragg curves287

selected at arbitrary locations are also shown. They correspond to the centers of areas A, B,288

and C of Fig. 4, which will be discussed in the next section. An IDD representative of the289

area where the error is greater was also selected at the location named E. An explanation290

for these errors is that the semi-empirical method is based on a constant spot size, typically291

defined at isocenter, and does not account for scattering properties. Bone tissues, or air292

gaps between tissues, for example, can thus lead to important discrepancies between Monte293

Carlo and semi-empirical simulations.294

The map of range differences between semi-empirical simulations and Monte Carlo sim-295

ulations was used to draw a region of interest in which 90% of the error is below 0.5 mm,296

as shown on Fig. 3.297

B. Range uncertainty analysis298

Fig. 4 shows the absolute difference between the WEPL predicted using the calibration299

curve of our TPS and the WEPL obtained via a sparse deconvolution of the proton radio-300

graphy data, after registration with the CT. The error appears to greatly vary depending301

on the location. The biggest discrepancies are in the ears. However, they are outside the302

region of interest drawn in the previous section. In addition, these organs may have moved303

between CT and proton radiography acquisitions, which is why we will not analyze them.304

Other important errors take place in cavities, and in a particularly remarkable way in the305

sinus cavities.306

Several areas have been drawn on Fig. 4. They correspond to distinct levels of errors but307
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Figure 3: Range difference between semi-empirical simulations and Monte Carlo

simulations. 90% of the values inside the region of interest are lower than 0.5 mm.

also to different underlying tissues. Area A has the lowest error and does not contain any308

cavity. Area C, on the other hand, presents the highest error and corresponds to the sinus309

cavities. Area B has moderate errors and its underlying tissues are made out of cavities,310

bones and soft tissues. Area D is the region of interest determined following the sample311

specific validation of the analytical model by Monte Carlo simulations.312
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Figure 4: Absolute error between the WEPL predicted using the calibration curve of our

TPS and the WEPL obtained via a sparse deconvolution of the proton radiography data.

Table I lists in its first column, the percentage of WEPL errors (PWE) which are lower313

14



openPR

than the range uncertainty of 0.6 mm + 2.4% calculated according to Paganetti’s defintion.314

Except for area C, the margin was clearly overestimated with more than 91.1% of the errors315

lower than the margin. Region C which corresponds to the sinus cavities constitutes a316

very problematic particular case. The validation previously carried out with Monte Carlo317

simulations makes it possible to rule out any modeling error. We believe that the cause of318

this discrepancy is to be sought at the level of the anatomical structures present within these319

cavities. These have many transitions between thin cartilages and hollow regions where CT320

resolution may be problematic. In particular, these cavities present HUs with values lying321

between -1000 and -950. These are intermediate values between air and pulmonary tissues.322

Consequently, it was decided to extend the range of HUs corresponding to air, ie. having323

an RSP of 0, up to HU = -950. The second column of Table I lists the results obtained324

with this correction. It did not only have a positive impact in the areas with cavities where325

10.6% of additional pixels were found in the margin but also in all the other regions with a326

general improvement of a few percents.327

Area PWE before correction PWE after correction

A 99.8% 100.0%

B 91.1% 99.3%

C 35.9% 46.5%

D 95.4% 97.9%

Table I: Percentage of WEPL errors (PWE) confined in a 0.6 mm + 2.4% margin in areas

A, B, C, and D of Fig. 4 before and after that the calibration curve is adapted.

In their paper, Meijers et al. calculated the ratios of the range error and the uncertainty328

margin. They found out that 1.5 standard deviation of the values did not exceed 75%. This329

actually means that the margin was overestimated by at least 25% for approximately 87%330

of the spots (assuming a normal distribution which seems valid with regard to their figure.).331

For the sake of comparison with Meijers’ results, we did a similar experiment. However, we332

considered a 90% confidence interval rather than a 1.5 standard deviation interval, because333

the number of errors contained in the 1.5 standard deviation interval depends on the shape334

of the error distribution. It would be 87% for a normal distribution but it is different for335

non perfectly Gaussian distribution. The percentage of WEPL errors lower than the margin336
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is plotted on Fig. 5 for various margin sizes ranging from 0.6 mm + 0% to 0.6 mm + 5%.337

In the region of interest D which includes area A, B and C, this value is 90% for a margin338

of 0.6 mm + 1.4% which means that the part of the initial margin of 0.6 mm + 2.4% which339

depends on dose computation was actually overestimated by 71% for 90% of the pixels, or340

equivalently could be decreased by 42%, which is similar to Meijers conclusions12. In the341

region A which does not have any cavity, the margin corresponding to a 90% confidence342

interval is 0.6 mm + 0.4%. This means that the part of the initial margin of 0.6 mm + 2.4%343

which depends on dose computation was overestimated by 500% for 90% of the pixels, or344

equivalently could be decreased by 83%.345

Finally, Fig. 5 b shows the pixels which are confined in a margin of 0.6 mm + 2.4% on346

the one hand and 0.6 mm + 1.4% on the other hand.347
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Figure 5: (a) Relationship between the part of the margin dependent on the dose

computation and the percentage of WEPL errors confined in this margin, for a pig head.

(b) WEPL errors confined in the initial margin of 0.6 mm + 2.4% on the one hand and in

the margin of 0.6 mm + 1.4% corresponding to a 90% confidence interval, on the other

hand.
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IV. DISCUSSION348

The use of treatment margins, or more recently robust optimization methods, is necessary349

to ensure the robustness of proton therapy plans against treatment errors. A major source of350

uncertainty is the conversion of CT images to RSPs19. Proton computed tomography would351

make it possible to obtain a map of RSPs directly and is naturally the ideal modality, but its352

clinical use in the short term remains an unresolved challenge. On the other hand, proton353

radiography was recently used to validate the conversion scheme of the proton therapy facility354

of University Medical Center Groningen (Groningen, The Netherlands)12. The workflow355

proposed by the authors made it possible to reduce the range uncertainty, not only by356

quantifying the error made by the TPS on the RSP computation but also by allowing the357

HU-RSP conversion to be accordingly adapted.358

The workflow detailed in the paper of Meijers et al. is based on the comparison of359

measurements acquired with an MLIC with simulations generated by the TPS on the basis360

of a CT of the imaged object12. The output is a range error map intended to assess the CT361

conversion. Nonetheless, the range difference can come from several sources: CT resolution362

and artefacts, CT conversion, modeling of the IDDs by the TPS (range mixing and range363

straggling modeling) and residual setup errors. To assess solely the conversion of the CT, it364

was therefore desirable to adapt this workflow to make it on the one hand independent of the365

TPS dose computation, and on the other hand robust to residual setup errors. In the present366

paper, we proposed to include a previously published CT-proton radiography registration367

method for correcting residual misalignment and a deconvolution method for estimating a368

high resolution WEPL map from the low spatial resolution proton radiography data, without369

relying on a TPS. In addition, we showed the importance of adding to the workflow a stage of370

Monte Carlo simulations in order to validate the use of the tools relying on a semi-empirical371

model. We have shown that certain particular anatomical configurations such as the ears of372

the pig head studied throughout this paper, could cause a significant divergence of the beam373

which is not modeled by analytical simulations. It was thus necessary to draw a region of374

interest based on this validation.375

Our workflow was applied to a pig head in the context of the validation of the CT376

conversion scheme at PARTICLE. Following Paganetti’s table, the range uncertainty was377

estimated to be 0.6 mm + 2.4%. Large variations in the WEPL were observed to be378
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related to the presence of cavities. Where no cavity was traversed, the range error was379

way below the expected value. In contrast, only 35.9% of the range errors were within the380

margin at the exit of the sinus cavities, using the initial calibration curve obtained using the381

stoichiometric method. The agreement between Monte Carlo simulations and those relying382

on the semi-empirical used by openPR confirmed that these discrepancies were not related383

to the modeling of the dose deposition. The values of the HUs responsible for the errors384

were between -1000 and -950. These do not correspond to biological tissues but rather to385

average values between these and the surrounding air. It therefore seems that the error was386

not really a consequence of an inaccurate conversion but rather of a CT resolution issue or387

of CT artefacts. We therefore proposed a correction procedure consisting in forcing to 0 the388

RSP of all HUs between -1000 and -950. No other correlation between the error and specific389

tissues was found.390

After correction of the calibration curve, we obtained values in line with the results391

presented by Meijers et al. regarding the overestimation of the margins, except for the392

sinus cavities. The overestimation of the margin was 71% for 90% of the region of interest.393

A margin of 0.6 mm + 1.4% would actually have been enough to guarantee 90% of the394

WEPL to be confined in the margin. Moreover, the use of proton radiography showed that395

the range uncertainty can vary considerably from one area to another. For the pig head396

considered in this study, the classical rules were underestimated in the cavities while they397

were overestimated by 500% everywhere else.398

These observations shed some light on the distinct contributions to the range uncertainty399

and on how they add up. They seem to confirm that the validation of CT conversions on400

real biological tissues could potentially improve up to several millimeters the way that the401

uncertainties are accounted for in treatment planning. A specific use per patient should402

be possible thanks to the low dose associated with the proton radiography9. In addition, a403

generalized study on different types of animal tissues and across proton therapy centers would404

make it possible to determine and better understand the existence of correlations between405

range errors and underlying tissues. All the tools necessary to carry out the workflow406

presented in this paper are available on the openREGGUI platform under an open-source407

license. In addition, the use cases of openPR can be extended to any specific need of the408

user thanks to the scripting tool offered by openREGGUI.409
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V. CONCLUSIONS410

In this paper we developed a workflow to achieve an end-to-end validation of the CT411

conversion to RSPs in proton therapy using range probe measurements. The proposed412

method has two advantages over those already published: it mitigates residual misalign-413

ment in post-processing as well as potential modeling errors in the dose deposition profiles.414

The workflow was applied to a pig head as part of the validation of the CT calibration of415

the proton therapy center PARTICLE at UZ Leuven, Belgium. The results showed that416

the CT conversion-related uncertainty computed based on the usual Paganetti’s rule were417

overestimated by 500% except where cavities were present. This shows that the validation418

of CT conversion in a generalized study on different types of animal tissues could potentially419

reduce by several millimeters the range uncertainties generally accounted for in treatment420

planning. All the tools necessary to carry out the proposed workflow were made available421

open-source.422
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