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Background and Purpose: Iterative reconstruction (IR) can be used to improve cone-beam computed tomography
(CBCT) image quality and from such iterative reconstructed (iCBCT) images, synthetic CT (sCT) images can be
generated to enable accurate dose calculations. The aim of this study was to evaluate the uncertainty in
generating sCT from iCBCT using vendor-supplied software for online adaptive radiotherapy.

Materials and Methods: Projection data from 20 female pelvic CBCTs were used to reconstruct iCBCT images. The
process was repeated with 128 different IR parameter combinations. From these iCBCTs, sCTs were generated.
Voxel value variation in the 128 iCBCT and 128 sCT images per patient was quantified by the standard deviation
(STD). Additional sub-analysis was performed per parameter category.

Results: Generated sCTs had significantly higher maximum STD-values, median of 438 HU, compared to input
iCBCT, median of 198 HU, indicating limited robustness to parameter changes. The highest STD-values of sCTs
were within bone and soft-tissue compared to air. Variations in sCT numbers were parameter dependent. Scatter
correction produced the highest variance in sCTs (median: 358 HU) despite no visible changes in iCBCTs,
whereas total variation regularization resulted in the lowest variance in sCTs (median: 233 HU) despite increased
iCBCT blurriness.

Conclusions: Variations in iCBCT reconstruction parameters affected the CT number representation in the sCT.
The sCT variance depended on the parameter category, with subtle iCBCT changes leading to significant density
alterations in sCT. Therefore, it is recommended to evaluate both iCBCT and sCT generation, especially when
updating software or settings.

1. Introduction

In image guided radiotherapy, cone-beam computed tomography
(CBCT) is often used for patient positioning and verification. The poor
image quality of the CBCT, however, is limiting the usage of CBCT for
online adaptive replanning. To improve the image quality, iterative
reconstruction (IR) can be incorporated in commercial CBCT recon-
struction packages [1,2]. Although the image quality is improved in
iterative reconstructed CBCT (iCBCT) images, the iCBCT numbers are
not calibrated Hounsfield units (HU). To adapt the values to HU and
enable dose calculations, bulk density CT or synthetic CT (sCT) images
may be generated from the iCBCT images [3-6]. For online replanning,
calibrated CT numbers are required for dose calculations and the anat-
omy on the CBCT needs to be preserved on the sCT.

Although the sCT models often enhance the image quality and
improve CBCT CT number accuracy, the anatomical preservation may

not always be sufficient [7]. In addition to anatomical preservation
differences in sCT generation models, density differences could occur
due to uncertainties in the sCT generation model [8]. In addressing deep
learning (DL)-model uncertainties, methods such as Laplace approxi-
mation, Monte Carlo dropout, and network output discrepancies are
commonly used [8-13]. These methods are incorporated into the model
and, therefore, not applicable for retrospective evaluation of fully
trained, vendor-supplied models.

To be able to retrospectively evaluate fully trained sCT models,
aleatoric uncertainty can be estimated with test-time augmentation
(TTA) [14-16]. TTA is a known method, which is a data augmentation
technique applied during the testing phase. Multiple augmentations of
the input image are commonly used, such as rotation, flipping or scaling
and jittering [14-16]. However, these augmentation methods do not
address uncertainties arising from potential variations in iCBCT recon-
struction. Variations in sCT generation may arise from CBCT
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Fig. 1. Workflow to generate the stdmap of a sct and icbct. To generate these maps, 6 parameters were varied in a total of 128 different parameter sets.

reconstruction software updates. For example, parameter settings in IR
programs can affect the iCBCT image, impacting both image quality and
anatomical correctness of the generated sCT. Additionally, these varia-
tions in iCBCT reconstructions may influence the uncertainty of sCT
predictions. Therefore, iCBCT reconstruction parameter variation is
introduced as a type of TTA. The aim of this study was to evaluate the
uncertainty in generating synthetic CT (sCT) from iterative cone-beam
CT (iCBCT) using vendor-supplied software for online adaptive
radiotherapy.

2. Materials and methods
2.1. Data

This study retrospectively included data of 20 female cervical and
rectal cancer patients treated at Catharina Hospital, Eindhoven, the
Netherlands between July 2022 and September 2023. Patients with
metal orthopedic implants and patients who had undergone hysterec-
tomy were excluded. CBCT images were acquired on multiple Xray
Volumetric Imaging (XVI) v5.0.6 and v5.0.7 systems (Elekta AB,
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Table 1

a) Varied parameters of FRESCO. b) Varied parameters for influence of each
parameter category analysis. The analyzed parameter category was varied while
the default setting was used for the other parameters.

a) Per patient analysis

Varied Parameter name Default Variation Number of
parameter setting variations
category
All combined Noise variance 1 0.5and 1 2

scaling

Filter size 1: 3*3 1&2:3*3and 2

pixels 5*5 pixels

Scatter Soft Soft and scaled 2

correction

method

Scatter Soft:0.6 Soft:0.06 and 2

correction 0.7

threshold Scaled:1e-5

and le-4

Number of 100 100 and 200 2

Iterations

Regularization 0.03 0, 0.01, 0.02 4

TV lambda and 0.03

Total number of combinations: 128

b) Additional sub-analysis: influence of each parameter category

Varied Parameter name Default Variation Number of
parameter setting variations
category

Filtering Noise variance 1 8 steps 8
projections scaling between 0.5

and 1
Filter size 1: 3*3 1&2:3*3and 2
pixels 5*5 pixels
Total number of combinations: 16
Estimated Scatter Soft Soft and scaled
scatter correction
method
Scatter 0.7 If soft: 8 steps 8
correction between 0.7
threshold and 0.9
If scaled: 8
steps between
le and 4 and
le-5
Total number of combinations: 16
Iterations Number of 100 16 steps 16
Iterations between 100
and 200
Total number of combinations: 16
Regularization Regularization 0.03 16 steps 16
TV Lambda between 0 and
0.03
Total number of combinations: 16

Sweden). CBCT imaging settings were: medium Field-of-View, bowtie
filter, 64 mA and 40 ms per projection, 5.5 frames/sec in a 360° arc.
Reconstructed CBCT dimensions were 41 cm x 26.4 cm x 41 cm (X, v, z),
with a voxel size of 1 mm x 1 mm x 1 mm. Clinical CBCT scans were
reconstructed using the standard XVI Feldkamp-Davis-Kress (FDK) al-
gorithm with uncalibrated CT numbers. First fraction CBCT images were
used in this study. This research, based on anonymized patient data, was
approved under the Dutch non-WMO legislation and received ethical
approval on August 27, 2021 (reference number nWMO-2020.235).

2.2. Uncertainty estimation workflow

To assess the robustness of the sCT model to variations in iCBCT
reconstruction parameter-settings, uncertainty maps were generated
using the workflow illustrated in Fig. 1. The different steps are explained
in more detail in the subsections below. First, the raw projections of the
CBCT scan were used to reconstruct multiple iCBCT images per patient,
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all with different IR parameters. Second, the histograms of the iCBCTs
were scaled to the histogram of the corresponding clinical CBCT image
to minimize the iCBCT number differences between different iCBCT
images generated with varying parameter-settings. Third, the iCBCT
images were used to generate sCT images. Finally, the variation per
voxel in the different sCT images was calculated by the standard devi-
ation of the different sCT images.

2.2.1. Iterative CBCT-images

The iCBCT was reconstructed with Framework for Reconstruction
and Simulation of Conebeam images V24.2.1 (FRESCO) (Elekta AB). In
this framework, an iterative polyenergetic quantitative (polyquant)
reconstruction method was used, which is an iterative statistical
reconstruction algorithm that subtracts the estimated Poisson noise in
the CBCT image [17]. The algorithm attempts to minimize the difference
between measured projection values and forward-projected values from
an iteratively updated model of the patient using a polychromatic
integrator.

Several parameters influence iCBCT reconstruction. Six different
parameters were varied to create 128 different iCBCT images per CBCT
scan (Tablela). The parameters were selected based on the ability to
control the noise in the CBCT images, affecting both noticeable and
subtle changes. All possible combinations of the six different parameter
variations were applied to generate the 128 images per patient.

The first two parameters adjust Wiener filter denoising: magnitude
(noise variance scaling) and filter size. Increasing these parameters re-
duces the noise in the image. The second two parameters control the
estimated scatter, which is subtracted from the projection images before
each FDK reconstruction. The scatter correction method and threshold
parameters control the iterations for the polyquant problem and total
variation (TV) regularization. Although more iterations sharpen the
iCBCT image, ring and streak artifacts become more pronounced. The
regularization TV parameter reduces the noise in the reconstructed
volume. Increasing the regularization TV parameter increases blurriness
but reduces detail. Four regularization TV parameters were used,
including no regularization (Lambda = 0).

The iCBCT reconstructed with the research version did not have
realistic CBCT numbers, whereas the sCT model was trained on CBCT
data with realistic CBCT numbers. To compensate for this difference, the
histogram of the iCBCT image was matched to the histogram of the
clinical CBCT. Only values within the body contour were used for
matching the histograms with the scikit-image toolbox in python. The
values outside the body contour of the iCBCT reconstructions were set to
—1000.

An additional in-depth analysis was performed to analyze whether
the influence of some parameters was larger than other parameters. The
analysis was performed four times, varying the parameters for filtering
projections, estimated scatter, regularization or the number of itera-
tions. The analyzed parameter category was varied while the default
setting was used for the other parameters. Per parameter category
evaluation, 16 different parameter-settings were used (Table 1b). This
number was based on preliminary experiments (supplementary mate-
rials Al).

2.2.2. sCT generation

The different iCBCTs were used as augmented input for the Advanced
Medical Image Registration Engine research V3.47 (ADMIRE) (Elekta
AB). The used 2D Cycle Generative Adversarial Network (cycle-GAN)
model in ADMIRE was EKT CBCT-sCT M + F Pelvis V5.0. This model was
trained by the vendor on paired CBCT and planning CT pelvic data from
different hospitals. The first 40 and last 40 slices of 1 mm in the iCBCT
and sCT images, which on average accounted for 2083 cm® [range: 810
cm® - 4061 ecm®] and represented 13 % [range: 5 % — 23 %] of the
imaged body contour, were excluded to minimize influence of limited
CBCT reconstruction FOV artefacts in the iCBCT.
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Fig. 2. Typical examples of iCBCT, sCT and their corresponding STDmaps and Umaps of three patients. In the first two columns, two iCBCTs per patient, which were
reconstructed with the default parameter-setting (first column) and opposite side of parameter range* (second column), and below their associated sCT. In the third
column, the iCBCT-STDmaps between 128 different iCBCTs and underneath the sCT-STDmaps of 128 sCTs. In the fourth column, the Umaps, calculated by the natural

logarithm of the STDmaps. Window and level were 400/-200 for the iCBCT, 1000/0 for the sCT images.

iterations instead of 100 iterations, etc.

2.2.3. Uncertainty maps

The uncertainty maps (Umaps) were computed for each individual
CBCT projection dataset. For each patient, the uncertainty was assessed
voxel-wise by the standard deviation (STD) across multiple sCTs
resulting in one STD map (STDmap). The Umap was assessed voxel-wise
by the natural logarithm of the STDmap across the multiple sCTs ac-

* Regularization TV Lambda 0 instead of 0.03, and 200

cording to the following formula [15,16]:
Umap [x,y, 2] = LOG(STDmap|x,y, 2] + 1) 1)

In which the x,y,z are voxel coordinates. This resulted in one sCT-
Umap per patient. The calculation of STDmap and Umap was similarly
computed among the different iCBCT images for evaluation of the
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Fig. 3. boxplot of the stdmap values generated from iCBCTS (blue) or sCTS (red) per structure. a) mean and b) maximum values of the stdmap. A star indicates a
significant difference between the iCBCT and sCT. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)

amount of introduced input uncertainty.

In summary, this uncertainty estimation method was applied sepa-
rately in three different scenarios: (1) on iCBCT data with 128 different
reconstruction parameters, (2) on sCT data based on the 128 iCBCT
images, (3) on the per-parameter sub-analysis.

2.3. Evaluation

The sCT-Umaps (sCT-Umaps) and the iCBCT-Umaps (iCBCT-Umaps)
were generated to analyze the impact of iCBCT image variation on sCT
generation. Umaps were evaluated within different types of tissue: air,
bone and soft-tissue to determine if uncertainty was different across
different tissue types and to quantitatively assess the uncertainty
dependence on specific parameters. These structures were segmented on
the clinical CBCT images in Raystation V12a (Raysearch Laboratories,
Stockholm, Sweden). The body contour was segmented using the body
segmentation option. The air within the body was segmented using HU-
level thresholding. The thresholding level was based on the image his-
togram, specifically at the highest HU-level before the number of voxels
per bin starts increasing (supplementary materials A2). Bones were
segmented using the medium bone segmentation option in Raystation.
This method translated threshold values, bone > 200 HU and non-bone
< 100 HU, into the CBCT image specific values using the CBCT density
table. All segmentations were verified and adapted manually if neces-
sary. The soft-tissue segmentations were generated by extracting the
bone and air segmentation. Since the image space of the CBCT, iCBCT
and sCT is comparable, the structures on the CBCT were also used for the
STDmaps of the iCBCT and sCT.

Visual inspection was conducted to qualitatively assess reconstruc-
tion parameter effects on iCBCT, sCT, STDmaps, and Umaps. The
STDmaps were evaluated on average STD and maximum STD-values
within a structure. A Wilcoxon signed rank test was used to statisti-
cally test if the sCT-STDmaps were different compared to the iCBCT-
STDmaps, which was the variation in input to the sCT generation
model [18]. A p-value below 0.05 was considered significant.

3. Results
3.1. Visual

Typical examples of iCBCT, sCT,STDmaps and the Umaps for three
patients are shown in Fig. 2. These patients were partly selected on the
diversity in artifact types and partly at random to represent typical ex-
amples. In all three cases, the iCBCT in the second column showed a
higher resolution compared to the iCBCT in the first column. However,

the iCBCT images in the first column contained visually less noise and
artefacts. The sCT images generated from these iCBCT images showed
variations in synthesized tissue. For instance, in patient A, the air bubble
present in sCT in the first column and in both iCBCTs images, was partly
synthetized with higher values, which were more comparable to fat, in
the second sCT. This region had higher STD-values compared to other
areas, as visualized in the sCT-STDmaps. These regions were not high-
lighted in the iCBCT-STDmap. In patient B, the values comparable to fat
tissue in sCT in the first column and in both iCBCTs images were,
however, lower in the other sCT, which were more comparable to water
than to fat. This region with differing types of tissue in the two sCTs was
highlighted only in the sCT-Umaps. In patient C, differences in air-
pockets and high values, more comparable to bone, were observed
within the bowel. The regions with differing types of tissue in the two
sCTs were highlighted only in the sCT-Umaps.

3.2. Standard deviation sCT compared to iCBCT

Although the mean values of the sCT-STDmaps within soft-tissue
structure (p < 0.001) and body contour (p < 0.001) were significantly
lower compared to iCBCT-STDmaps, the maximum STD-values in soft-
tissue structure (p < 0.001) and body structure (p < 0.001) were
significantly higher in sCT compared to iCBCT (Fig. 3). Within the body
structure, the mean STD-value was lower in sCT-STDmap, with a median
of 7 HU (range: 5 HU — 14 HU), compared to iCBCT-STDmap, 13 HU
(range: 8 HU — 17 HU). However, the maximum STD-value was larger in
sCT-STDmap, with a median of 438 HU (range: 260 HU — 609 HU),
compared to iCBCT-STDmap, 198 HU (range: 121 HU — 346 HU).
Within the air structure, the sCT-STDmaps had a significant higher mean
(p = 0.014) as well as maximum values (p < 0.001) compared to the
iCBCT-STDmap.

3.3. Additional sub analysis: Influence of each parameter category

In the varied parameter category, the artifact magnitude remained
consistent across all 20 cases, while their locations varied among in-
dividuals. In the first typical example, increasing the number of itera-
tions from 100 to 200 sharpened the iCBCT image, though the streaking
artefacts became more pronounced (Fig. 4a). The sCTs showed vari-
ability in synthesized air bubbles, and high-density areas were synthe-
sized in the bowel. These areas were highlighted on the Umap,
indicating higher uncertainty compared to the iCBCT-Umap. Although
Wiener filtering variations resulted in visually comparable iCBCT im-
ages, sCTs differed in synthesized tissue (Fig. 4b). For example, a lower
density was synthesized in a part of the bladder in the left sCT, which
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Fig. 4. Typical examples of iCBCT, sCT and corresponding STDmaps and Umaps per varied parameter. The following parameters were varied: a) the number of
iterations, b) wiener filtering parameters, c) regularization parameter and d) the scatter correction parameters. In the first and second columns, two iCBCTs per
patient, which were reconstructed with largest different parameter setting used in this study, and underneath their associated sCT. In the third two column, the
iCBCT-STDmaps between 16 different iCBCTs and underneath the sCT-STDmaps of 16 sCTs. In the fourt colm, the iCBCT-Umaps and underneath the sCT-Umaps
Window and level were 400/-300 for the iCBCT, 500/0 for the sCT images. For better visibility, the scale is different for each STDmap. The Umap scales of var-
ied number of iterations are different than the other parameter categories. While the magnitude of artifacts observed was generally consistent across all 20 cases
‘ivithin the varied parameter category, the location of the artifacts varied between individuals.

was only highlighted on the sCT-Umap. Similar effects were observed
with varying TV regularization, however, the uncertainty was lower
than with Wiener filtering (Fig. 4c). Although varying scatter correction
parameters resulted in larger uncertainties among the iCBCT images
compared to varying other parameters, the differences were subtle in the
iCBCT images (Fig. 4d). In the sCT images, CT number variations in the
CTV and abdominal muscles, appearing as fat, were highlighted on the
sCT-Umap.

Variance in scatter correction resulted in the largest mean STD-
values across all structures compared to variance of the other parame-
ters (Fig. 5). Although the mean STD-values in soft-tissue were signifi-
cantly larger in iCBCT compared to sCT, all values remained below 15
HU (p < 0.001) (Fig. 5b). In contrast, the maximum STD-values were
significantly higher in sCT compared to iCBCT, except for TV regulari-
zation within the bone structure (supplementary materials A3). The
magnitude of discrepancies varied depending on the varied parameter
category. While scatter correction resulted in the largest mean STD-
values, the maximum STD-values were most influenced by both scat-
ter correction and the number of iterations. Within the body contour, for
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example, scatter correction resulted in the highest variance in sCTs
(median: 358 HU), whereas TV regularization resulted in the lowest
variance in sCTs (median: 233 HU). The highest maximum STD-values
were observed in bone, with a median of 290 HU for scatter correction.

4. Discussion

In this study, the robustness of sCT generation based on iterative
CBCT reconstruction was evaluated. The variance in sCT densities was
significantly higher compared to iCBCT densities, indicating that the sCT
model was not robust to parameter changes in the IR. Variations in
specific parameters had more influence on sCT-Umap than other pa-
rameters of the iCBCT reconstruction.

The mean STD-values were highest within the air structures of sCT
images and significantly higher in sCT images compared to iCBCT im-
ages. For example, air-pockets in the bowel had an increased density,
comparable to fat or tissue. This aligns with van Harten et al., in which
air-filled sinuses on the MRI were synthesized as tissue-like densities on
the sCT [9]. While the current study focused on female pelvic scans,
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Fig. 5. boxplot of the STDmap values (mean) generated from iCBCTs (blue) or sCTs (red) per parameter setting for air, soft-tissue, bone and body. A star indicates a
significant difference between the iCBCT and sCT. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)
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similar density variance due to iCBCT reconstruction differences is ex-
pected in male scans as well. Rusanov et al, observed CT-density vari-
ance in sCTs generated from prostate cancer CBCT images [16]. Since
the variance in the current study occurred across all tissue types, these
findings will probably apply to CBCT scans of other body parts.

In the additional sub-analysis, variations in specific parameters
affected the sCT-Umap more than other iCBCT reconstruction parame-
ters. For example, scatter correction introduced the highest variance in
sCTs, while changes in iCBCTs were visually subtle, despite the observed
values in iCBCT-STDmap. Conversely, variations in TV regularization
resulted in the lowest STD-values in sCT images, despite increased
iCBCT blurriness. Therefore, changes in the iCBCT did not necessarily
predict their effect on sCT. Imperceptible alterations in the input image
can lead to incorrect predictions by DL- networks, as observed in various
non-radiotherapy fields [19-21]. Similarly, changes in the iCBCT
reconstruction, even when not directly observable in the iCBCT image,
can still influence sCT generation. Therefore, it is recommended that the
image preparation workflow includes an evaluation of both the iCBCT
and the generated sCT, particularly if software versions or settings of
either one is updated. To assess the impact of software updates and
ensure the model is used on data it was trained on, transparency
regarding model characteristics and the training dataset is essential.

The maximum STD-values were significantly larger in sCT compared
to iCBCT, with the highest STD-values in bone and soft-tissue structures
and lowest in air structure. These variations would result in clinically
irrelevant dose differences, as indicated in supplementary materials A4
and consistent with the evaluation of air-pocket differences in Lemus
et al. [22]. However, the interpretation of the CT-values to anatomical
structures or tissue types on the sCT image can differ due to the smaller
range of CT-values representing soft-tissue compared to bone tissue.
Most maximum STD-values in sCT images exceeded the HU range of soft-
tissue, ranging from —120 HU to 70 HU [23]. However, most maximum
STD-values were lower than the HU range for both cancellous and
cortical bone, ranging from 300 to 900 HU [24]. In the first case it could
convert tissue into fat or even into lung tissue, while in the second case,
the CT-values could still represent bone [25]. This tissue-to-fat or fat-to-
lung conversion can impact plan selection or segmentation, with
changes in this range having a larger effect than variations around
—1000 HU or 500 HU.

IR variations could also influence DL-based auto-segmentation pre-
diction. Variations in IR algorithms for CT imaging affected the model-
based auto-segmentations demonstrated by Miller et al. [26]. The
average center of mass shift between rectum segmentations was 4.5 mm,
which is comparable to the clinical planning target volume (PTV)
margin [26,27]. Therefore, variations in IR could have a major clinical
impact.

In addition to the magnitude, the location and volume of regions
with high STD-values are also critical factors. Specifically, areas located
near or within the PTV could have a larger clinical impact than areas
located at the image boundaries. Further research is required to assess
the clinical relevance of these variances in sCT images.

In conclusion, variations in parameter-settings of the iCBCT recon-
struction significantly affected the representation of the anatomy on the
sCT. The variance in sCTs was depending on the parameter category.
Subtle alterations in the iCBCT leaded to density and anatomical
changes in the sCT. Therefore, it is recommended that the image prep-
aration workflow includes an evaluation of both the iCBCT and the
generated sCT, particularly if software versions or settings of either one
is updated.
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