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Abstract
Purpose: Cone- beam CT (CBCT)- based synthetic CTs (sCT) produced with a 
deep convolutional neural network (DCNN) show high image quality, suggest-
ing their potential usability in adaptive proton therapy workflows. However, the 
nature of such workflows involving DCNNs prevents the user from having direct 
control over their output. Therefore, quality control (QC) tools that monitor the 
sCTs and detect failures or outliers in the generated images are needed.
This work evaluates the potential of using a range- probing (RP)- based QC tool to 
verify sCTs generated by a DCNN. Such a RP QC tool experimentally assesses 
the CT number accuracy in sCTs.
Methods: A RP QC dataset consisting of repeat CTs (rCT), CBCTs, and RP ac-
quisitions of seven head and neck cancer patients was retrospectively assessed. 
CBCT- based sCTs were generated using a DCNN. The CT number accuracy in 
the sCTs was evaluated by computing relative range errors between measured 
RP fields and RP field simulations based on rCT and sCT images.
Results: Mean relative range errors showed agreement between measured and 
simulated RP fields, ranging from −1.2% to 1.5% in rCTs, and from −0.7% to 
2.7% in sCTs.
Conclusions: The agreement between measured and simulated RP fields sug-
gests the suitability of sCTs for proton dose calculations. This outcome brings 
sCTs generated by DCNNs closer toward clinical implementation within adaptive 
proton therapy treatment workflows. The proposed RP QC tool allows for CT 
number accuracy assessment in sCTs and can provide means of in vivo range 
verification.
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1 |  INTRODUCTION

The outcome of proton therapy treatments can be 
compromised by anatomical variations.1 To evaluate 
and mitigate the impact of anatomical variations on 
dose distributions, adaptive treatment strategies can 
be adopted.2,3 Treatment plan adaptations require 
recurrent feedback, which is supplied by different 
imaging techniques on which dose calculations are 
performed.4

CBCTs are currently used in some proton ther-
apy centers for patient alignment purposes.5– 7 Since 
CBCTs are acquired on a frequent basis, they contain 
up- to- date information about the patient anatomy, and 
they can provide input within an adaptive proton treat-
ment workflow.8– 10

However, CBCTs are subject to various image arti-
facts that prevent them from being used directly for pro-
ton dose calculations.11 To this end, various corrective 
approaches were developed to transform CBCTs into 
images suitable for proton dose calculations, typically 
called synthetic CT (sCT) images.10,12 With the rapid 
development of artificial intelligence, a growing number 
of deep learning- based correction approaches has re-
cently been presented.13,14

For head and neck cancer (HNC) patients, 
Thummerer et al. recently showed an enhanced perfor-
mance of a deep convolutional neural network (DCNN) 
approach to transform CBCTs into sCTs.15 The DCNN 
strategy was compared against a deformable image 
registration and an analytical image- based correction 
method. Furthermore, comparable sCT image qual-
ity and dosimetric accuracy were found with respect 
to other deep learning sCT generation strategies.15– 18 
Preliminary dosimetric tests showed the potential 
for employing DCNN CBCT- based sCTs in an adap-
tive proton therapy workflow.15 However, DCNNs are 
trained on specific datasets which do not guarantee a 
predictable performance when they receive input im-
ages that fall outside the training dataset. Outliers from 
the training dataset could arise due to different patient 
anatomy or image acquisition settings.19 Therefore, 
quality control (QC) tools that monitor the sCT genera-
tion and detect failures or outliers in the output images 
are needed.

Range probing (RP) has been suggested as a QC 
tool for in vivo proton range verification.20– 26 Farace 
et al. presented a method to detect setup errors, in 
which proton spots in a RP field are measured by a 
multilayer ionization chamber (MLIC) at the exit of a 
head phantom. Meijers et al. acquired RP measure-
ments in HNC patients and evaluated the discrepancies 
between measured and simulated depth dose profiles, 
demonstrating the feasibility to employ RP- based QC 
in clinical practice.26

Although many studies have demonstrated the 
feasibility of deep learning- based methods for sCT 

generation,13– 15,17,18 their implementation into clinical 
practice remains as a challenge due to the lack of QC 
tools to verify the output images. The work presented 
here aims to investigate the potential of using RP as a 
QC tool to verify CBCT- based sCTs. For the first time, 
RP patient measurements are used to experimentally 
assess the CT number accuracy in sCT images.

2 |  MATERIALS AND METHODS

Retrospective RP QC measurements from seven 
HNC patients were retrieved, together with CBCT 
and repeat CT (rCT) images, acquired on the same 
days as the RP.26 RP QC measurements were per-
formed in our clinic as an in vivo QC check for HNC 
patients treated with proton therapy.26 RP fields in 
two different fractions (referred as sessions 1 and 2) 
were collected for each patient (numbered from 1 to 
7), resulting in a dataset of 14 RP fields with their cor-
responding rCT and CBCT.

2.1 | CBCT and rCT features

CBCT images were acquired using an on- board imaging 
device of an IBA Proteus®PLUS gantry (IBA, Louvain- 
la- Neuve, Belgium), with a tube voltage of 100kVp and 
a tube current of 160 mA. CBCTs were reconstructed 
on a grid of 0.51 mm x 0.51 mm x 2.50 mm. They cov-
ered a cylindrical field of view with an axial diameter of 
260 mm and an inferior– superior length of 175 mm (70 
slices).

rCT scans were acquired on a Siemens 
SOMATOM Confidence scanner (Siemens, Erlangen, 
Germany), using an image reconstruction grid of 
0.98 mm x 0.98 mm x 2.00 mm, a varying scan length 
(between 198 and 229 slices), and an axial field of view 
with a diameter of 500 mm. A fixed tube voltage of 
120 kV and a variable tube current were used for rCT 
acquisition.

2.2 | RP acquisition

The setup for the acquisition of the retrieved RP meas-
urements was in accordance with the methodology 
described by Meijers et al.26 Each RP field was com-
posed of 9x9 proton spots with a spacing of 5 mm, re-
sulting in 81 proton spots covering an area of 40x40 
mm2. The center of the RP field was aligned with the 
treatment isocenter, allowing proton spots to intersect 
a wide variety of tissues. Figure 1 shows one example 
patient geometry, in which the edges of the RP field are 
highlighted.

Each RP field delivered a dose of approximately 
1 cGyRBE. The proton spot energy was 210 MeV, 



   | 3
RANGE PROBING AS A QUALITY CONTROL TOOL FOR CBCT-BASED SYNTHETIC CTS: IN 
VIVO APPLICATION FOR HEAD AND NECK CANCER PATIENTS

resulting in a spot size of FWHM = 8.2 mm in air at 
the isocenter. Given that MLIC acquisitions are only 
possible from cardinal angles, and easy access to 
the patient with the equipment is desired, the beams 
were directed toward the patient from a gantry angle 
of 90 degrees.

A Giraffe MLIC (IBA Dosimetry, Schwarzenbruck, 
DE), composed of 180 parallel plane ionization cham-
bers, was used to measure the residual integral depth 
dose profile (IDD) of each proton spot. Prior to each 
RP acquisition, a gain calibration of the MLIC was per-
formed in air. After the CBCT- based patient positioning 
procedure was completed, the MLIC was placed along 
the beam axis at the exit of the patient on a trolley 

(Figure 2), and the RP field was delivered before the 
start of the treatment.

2.3 | sCT generation

sCTs were generated using a DCNN, initially imple-
mented for MR- to- CT conversion by Spadea et al.,27 and 
later shown suitable also for CBCT- based sCT genera-
tion.15,16 CBCTs and CTs of 28 HNC patients treated with 
proton therapy at our institution were used for training 
and validation of the neural network (25 for training, 3 
for validation). CBCTs and rCTs were acquired using the 
devices and parameters described above.

F I G U R E  1  Coronal and sagittal views of an example patient geometry (patient 3). The treatment isocenter is shown in yellow and the 
edges of the RP field are highlighted in orange. In the coronal view, the beam direction is marked by the arrow and the MLIC would be 
located at the left side of the patient (not depicted). In the sagittal view, the proton spots are directed from behind the patient toward the 
observer

F I G U R E  2  Setup for RP acquisition. 
The gantry is set to an angle of 90 
degrees, directing proton beams from 
right to left through a patient (not 
depicted) laying on the table. The MLIC is 
positioned on a trolley26
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To generate sCTs for the seven HNC patients, a rigid 
registration of CBCT to planning CT images and an au-
tomatic segmentation of the patient outline were per-
formed in Plastimatch (www.plast imatch.org). A 25 mm 
margin was added to the resulting segmentation mask, 
to assure full coverage of the patient and the immo-
bilization devices, which were sometimes partially ex-
cluded by the automatic segmentation. Afterwards the 
trained DCNN was used to generate the sCTs. More 
details on the DCNN architecture, as well as a visual-
ization of CBCT, sCT, and rCT for each patient can be 
found in the supplementary material section.

2.4 | RP simulation in sCT and rCT

In order to evaluate the quality of the sCTs, RP sim-
ulations based on rCT and sCT were compared to 
RP measurements. The seven patients for whom RP 
measurements were acquired were not part of the train-
ing or validation datasets of the DCNN.

RP simulations were performed using the clinical 
Monte Carlo dose engine of RayStation 9A (RaySearch, 
Stockholm, Sweden), with a statistical uncertainty of 
0.5%.28 The MLIC detector was represented by an ho-
mogeneous water volume attached to each CT at the 
beam exit side of the patient.20 An isotropic dose grid 
with a voxel size of 1 mm was used. The IDD in the 
beam direction for each proton spot was extracted by 
integrating the dose in the water volume over the axes 
perpendicular to the beam direction, using the scripting 
capabilities of RayStation.

RP simulations were performed for both rCT and 
sCT. In order to reproduce the treatment position as 
closely as possible and to have agreement with the 
CBCT registration, a rigid registration of the rCT to 
planning CT was performed in RayStation. The RP 
simulations based on rCTs were used as ground truth. 

The rCT was acquired on the same day as the RP mea-
surement, so it was used as a reference regarding the 
anatomy of that day. However, unlike the CBCTs, the 
rCTs were not acquired in the treatment room, but in a 
separate CT room within the building.

2.5 | Data preparation

For some patients, the isocenter was located close 
to the shoulders, leading to some proton spots to go 
across the shoulder area (see RP field edges and beam 
direction in Figure 3(a)). Given that the field size of the 
CBCTs was limited and did not enclose the shoulders 
and trapezius muscles entirely (Figure 3), IDDs going 
through the shoulders and trapezius muscles were ex-
cluded from the dataset.

Since rCTs were not acquired in the treatment room, 
there were inconsistencies between the anatomical 
configuration of the patient during the rCT and the 
CBCT acquisition. For instance, the base of the tongue 
could be in a different position in the rCT compared to 
the CBCT. For this reason, IDDs in the base of tongue 
and swallowing muscles areas (e.g., Region A in 
Figure 3(b)), which are anatomically unstable regions, 
were excluded for the purpose of this study. The result-
ing dataset is referred to as “post- processed” dataset. 
It enables a comparison between rCT and sCT in an-
atomically stable areas. After post- processing, 18– 76 
IDDs remained per RP field, depending on the patient.

2.6 | Data analysis

The comparison between a measured RP field and its 
corresponding simulated RP fields (based on rCT and 
sCT) was performed by computing the residual range 
error for each proton spot in the RP field. Residual 

F I G U R E  3  Fusion of a rCT (magenta) with the corresponding sCT (green) in an example patient (patient 1). The treatment isocenter 
is marked in yellow and the RP field edges are marked in orange. (a): Coronal view of the patient, in which the beam direction is indicated 
by an orange arrow. (b): Sagittal view of the patient in which a region referred as “A” is highlighted by a blue circle. Region A encloses an 
exemplary area in the throat that is anatomically unstable

http://www.plastimatch.org
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range errors were obtained as the offset that provides 
the best alignment between a measured and a simu-
lated IDD along the beam axis, calculated using the 
least square method.20,29 This calculation was per-
formed in openREGGUI20,30 (openreggui.org). With 
this procedure, residual range errors were obtained 
with an accuracy of 0.5 mm. The final analysis is ex-
pressed in terms of relative range errors (RREs) with 
respect to the water- equivalent path length of each 
proton spot across the patient. The water- equivalent 
path length was extracted from each measured IDD 
by calculating the shift with respect to an air IDD 
measurement.31

In total, taking into account 2 RP fields for 7 patients, 
14 RRE maps were obtained comparing RP field mea-
surements and the corresponding simulated RP fields 
based on the rCT, and another 14 maps for a compar-
ison between measured RP fields and simulated RP 
fields based on the sCT. For each of the maps, the 
mean and 1.5 times the standard deviation (1.5SD) of 
the RREs were computed.

3 |  RESULTS

Figure 4 shows two RRE maps for rCT-  and sCT- based 
RP simulations. Figure 4 displays in different colors 
which proton spots were excluded from the dataset 
due to proximity to the shoulders (black positions) and 

due to anatomical instability (white positions). The post- 
processed dataset is, thus, composed by the spots cor-
responding to the yellow positions.

Figure 5 shows RREs for all patients using the post- 
processed dataset. Each data point in the graph rep-
resents the mean RRE, which refers to a comparison 
between the RP field measured in each patient and the 
corresponding RP field simulation in the rCT (blue) or 
in the sCT (red). Error bars are represented by 1.5SD. 
There are four data points for each patient, correspond-
ing to rCT and sCT of sessions 1 and 2.

Figure 5 shows that RP simulations in rCT and sCT 
lead to similar results in terms of mean and standard 
deviations of RREs. Mean RREs range from −1.2% 
to 1.5% in rCTs, and from −0.7% to 2.7% in sCTs. 
Standard deviations lay between −3% and +3% in rCTs, 
and between −3% and 4.5% in sCTs.

4 |  DISCUSSION

In this work, RP measurements were investigated as 
a QC tool to verify CBCT- based sCTs generated by 
a DCNN. The CT number accuracy of sCTs was as-
sessed by evaluating the agreement between meas-
ured and simulated IDDs. RP measurements acquired 
for seven HNC patients were retrospectively assessed 
and compared to corresponding RP simulations based 
on rCT and sCT in terms of RREs.

F I G U R E  4  RRE maps obtained for patient 1 in session 1 overlaid with a sagittal view of the corresponding CT where RP simulations 
were performed. Left and right side maps correspond to RP simulations performed in rCT and sCT, respectively. RREs corresponding 
to proton spots close to the shoulders or in anatomically unstable regions are shown in black and white, respectively. RREs included 
in the post- processed dataset are shown in yellow. The edges of the RP field are highlighted in orange
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Figure 5 shows the agreement between measured 
and simulated RP fields based on rCTs, proving the 
already demonstrated reliability of the RP measure-
ments.26 Furthermore, mean RREs and standard de-
viations based on rCTs and sCTs are consistent, with 
a difference in mean RREs of about −1% and standard 
deviations that lay mostly within the ±3% boundaries. 
Thummerer et al.15 described in detail the generation of 
CBCT- based sCTs by means of the DCNN employed in 
this study. Image quality as well as dosimetric evalua-
tions indicated the potential suitability of sCTs for pro-
ton dose calculations and, thus, their integrability within 
adaptive proton therapy workflows.15,16 Our outcomes 
suggest that CT numbers in the sCT images are rep-
resentative and that sCTs can be used for proton dose 
calculations in HNC patients, supporting the hypothe-
sis of Thummerer et al.

A tendency toward positive mean RREs in sCTs were 
observed in Figure 5. In most of the patients, the differ-
ence in mean RRE between simulations based on rCT 
and sCT is about −1%, meaning that RREs in sCTs are 
slightly higher with respect to mean RREs in rCTs, al-
though not in all cases. A t- test was carried out between 
all RREs based on rCT and all RREs based on sCT, 
showing that the difference in mean RREs between rCT 
and sCT is statistically significant (P- value = 1.4e- 27, 
see Table S1 in supplementary material). If such sCTs 
were used for dose calculations, a higher- range uncer-
tainty should be considered than the one employed for 
dose calculations based on rCTs.

The −1% mean RRE difference between simu-
lations based on rCT and sCT could origin from the 
sCT generation process, resulting in a shift toward 
lower values in the CT numbers of the sCTs. To con-
firm or discard the relevance of a systematic shift in 
CT numbers of the sCTs, further investigations would 
be required. The appearance of this effect, however, 
demonstrates the importance of QC tools for sCTs 

and the capability of RP measurements to detect small 
range errors. With the proposed RP QC procedure, 
residual range errors can be obtained with an accu-
racy of 0.5 mm.20,26,29,31,32 For the current dataset, 
Meijers et al. estimated an overall uncertainty for the 
RRE of 1%, taking into account energy fluctuations, 
interfractional motion, residual setup errors, rigid reg-
istration of the planning CT and rCT, and anatomical 
inconsistencies between acquisitions in the treatment 
room and in the CT imaging room.26

Some acquisition settings for future studies spe-
cific to sCT validation could be improved. The loca-
tion of the RP field sometimes lead to an acquisition 
too close to the shoulders, which resulted in a weak 
MLIC signal. Furthermore, the size of the CBCTs 
was limited and did not enclose the shoulders and 
trapezius muscles entirely. In addition, the center of 
the RP fields was aligned with the treatment isocen-
ter, where anatomically unstable areas such as the 
swallowing muscles and the base of the tongue were 
present. In order to make CBCTs and rCTs anatom-
ically comparable, a post- processing of the dataset 
was required, in which IDDs going across the shoul-
ders or in anatomically unstable areas were excluded. 
The post- processed dataset considered for this study 
still contained a total of 596 proton spots which in-
tersected a wide variety of tissues and allowed for 
a reliable evaluation of the CT number accuracy in 
sCTs. Future RP QC acquisitions could include a pre- 
selection of spots, avoiding the delivery of those that 
would be excluded from the analysis.

The features of the RP field (size, number of pro-
ton spots, and energy) are based on prior studies per-
formed with the same MLIC detector.20 However, CT 
numbers in the sCT are only assessed within the limits 
of the RP field, meaning that if the sCT generation pro-
cess introduced an artifact outside of the RP field, it 
would not be detected by this QC procedure. Therefore, 

F I G U R E  5  Mean RREs and 1.5SD 
(error bars) for each patient using the 
post- processed dataset. Mean RREs are 
displayed as a result of comparing RP 
measurements and RP simulations based 
on rCT (blue color) or sCT (red color). 
The quantification is reported for both 
measurement sessions (session 1 and 
session 2)
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the ability to acquire bigger RP fields would be desired. 
The development of larger size detectors would allow 
for bigger RP field acquisitions.33

In the current proton therapy treatment workflow, rCTs 
are frequently acquired on a weekly basis for QC pur-
poses. The acquisition is done in the same immobiliza-
tion as used during the treatment, but often outside of 
the treatment room. Anatomical variations can lead to 
discrepancies between measured RP fields (in the treat-
ment room) and RP simulations based on the rCT (out-
side the treatment room). If a RP QC procedure for sCT 
validation would be established clinically, sCTs could be 
used reliably for the purpose of dose calculations. In this 
way, more frequent and accurate information on the pa-
tient anatomy would be provided by sCTs, and the neces-
sity of regular rCT acquisition would be reduced.

High dosimetric accuracy is a pre- requisite of any 
sCT generation method to be suitable for clinical im-
plementation in adaptive proton therapy workflows. 
The dosimetric accuracy of the sCT generation method 
used in this study was investigated previously,15,16 re-
calculating clinical treatment plans on sCTs and same- 
day rCTs. However, this procedure requires a reference 
CT image. On the contrary, the proposed RP QC tool 
does not rely on reference CT acquisitions to verify the 
CT number accuracy of sCTs. Furthermore, it provides 
in vivo range measurements of the patient in the treat-
ment room and in treatment position, acquired imme-
diately after the CBCT acquisition; thus, minimizing 
anatomical differences and position inaccuracies be-
tween RP and CBCT acquisitions.

Previous studies have demonstrated the feasibil-
ity of deep learning- based methods to generate sCTs 
with a high image quality.13– 18,27 However, the clinical 
implementation of sCTs has been hampered by the 
lack of QC tools that verify the images generated by 
the DCNN. The proposed QC tool provides a direct 
assessment of the CT number accuracy in the sCTs, 
by means of in vivo range measurements. Given that 
the proposed QC tool is independent from the method 
to generate sCTs, future investigations could apply the 
QC tool developed in this study to verify synthetic CTs 
generated by different deep learning models.

The RP QC tool presented here could support adap-
tive proton therapy workflows by providing means of in 
vivo range verification, targeted to the assessment of 
the CT number accuracy in sCT images. If the analysis 
of the RP QC measurements against RP simulations 
based on sCT was performed online, the proposed pro-
cedure could be compatible with online adaptive proton 
therapy treatment workflows.

5 |  CONCLUSIONS

The potential of RP as a QC tool for CBCT- based sCTs 
verification has been demonstrated.

RP could offer means of in vivo range verification 
and assessment of the CT number accuracy of the 
sCTs; thus, detecting outliers in the sCTs generated 
by the DCNN. The agreement between measured and 
simulated RP fields indicates the suitability of sCTs for 
proton dose calculations in HNC patients. This brings 
sCTs generated by means of a DCNN closer toward 
clinical implementation within adaptive proton therapy 
treatment workflows.
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