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Abstract

Computed tomography (CT) images are stored at a 12-bit depth. However, many deep learn-
ing libraries and pre-trained models are designed for 8-bit images, requiring an intermediate
compression step before restoring the original 12-bit physical range. This process causes
information loss and can compromise image reliability. This study investigated the impact
of two CT resampling methods (8-bit compression; 12-bit decompression) on dose calcula-
tion and image quality. Ten total marrow and lymphoid irradiation patients were selected.
CT scans were resampled using linear and non-linear look-up tables (l_LUT/nl_LUT).
Original and resampled CTs were evaluated considering: (i) Hounsfield unit (HU) root
mean squared error (RMSE); (ii) dose-volume histogram (DVH) statistics for target vol-
ume and several organs; (iii) 3D gamma passing rate (GPR) with a 1%/1.25 mm criterion;
(iv) lymph nodes contouring and diagnostic quality (scale 1–5). The RMSE for l_LUT vs.
nl_LUT was 7 ± 1 vs. 10 ± 1 HU. Maximum differences in DVH statistics were 0.4%, with a
3D-GPR = 100% for all cases. CTs resampled with l_LUT exhibited evident brain pixelation
(score = 1), whereas nl_LUT matched the original CT quality (score = 4). Both LUTs were
acceptable for lymph nodes delineation. The nl_LUT optimized the CT resampling process,
providing a more efficient method for possible deep learning applications in synthetic
CT generation.

Keywords: image compression; look-up table; synthetic CT; total marrow irradiation (TMI);
total marrow and lymphoid irradiation (TMLI)

1. Introduction
Radiation therapy (RT) traditionally relies on computed tomography (CT) to acquire

patient images and optimize treatment plans. However, magnetic resonance imaging (MRI)
can be more accurate in characterizing soft tissues and visualizing the tumor extent [1–3].
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These advantages are particularly valuable in RT planning, aiding in the delineation of
target volumes and organs at risk (OARs). Unlike CT, MRI does not provide electron
density information, which is essential for dose calculation. Consequently, RT workflows
often require the co-registration of CT and MRI to leverage the complementary strengths of
both imaging modalities. A similar limitation applies to cone beam computed tomography
(CBCT), which holds a crucial role in image-guided adaptive RT. Furthermore, CBCT
is affected by artifacts caused by increased scatter and truncated projections, thereby
hindering its accuracy for dose calculations [4,5].

Various methods have been proposed to generate synthetic CT (sCT) from MRI or
CBCT data to streamline the RT workflow. Recently, considerable efforts have focused
on deep learning-based approaches [6–9], and artificial intelligence (AI) algorithms have
shown promising results. In particular, recent methods involve the development of models
trained using 2.5D inputs (i.e., adjacent slices treated as separate channels) or fully 3D
architectures [10–14].

CT images are stored with a 12-bit depth, ranging from −1024 to 3071 Hounsfield
units (HU), and are represented in memory in a 16-bit format. However, many deep
learning models and libraries for synthetic image generation, segmentation, or other image-
processing tasks are designed for 8-bit representations, as is typical for natural images [15].
Consequently, when training deep learning models, CT images are commonly preprocessed
by normalizing pixel values prior to conversion to 8-bit format [16]. This process results
in a compression of the entire intensity range, causing information loss and potentially
compromising image reliability. Moreover, such compression may result in suboptimal
performance due to the non-uniform clinical importance of different intensity ranges in
CT images. For instance, although the HU range of soft tissues (0–100 HU) accounts for
approximately 2% of the total range, soft tissues account for the majority of voxels within
the patient’s body. As a result, deep learning models for sCT generation may exhibit
reduced accuracy when the 8-bit output is mapped back to the original 12-bit HU range
required for dose calculation.

In this study, we investigate the effects of a linear and a non-linear approach for
8-bit compression and subsequent 12-bit decompression of CT images. While the former
represents a standard method for data normalization, the latter is specifically introduced
to improve HU representation in soft tissue regions. Our aim is to quantify the impact of
these methods on reconstructed image fidelity and dose calculation accuracy. This analysis
constitutes a necessary preliminary step to ensure proper training and use of AI models for
sCT generation using the proposed non-linear strategy.

2. Materials and Methods
2.1. Patient Selection

Ten patients treated with total marrow and lymphoid irradiation (TMLI) after 2020
were selected, reflecting the most recent departmental practice for this technique. The
extended scan length and large target volume of TMLI enabled the evaluation of the impact
of 8-bit compression across a wide range of soft tissue contrasts and tissue densities. As per
our internal protocol, the prescribed dose was 2 Gy delivered in a single fraction.

Patients were positioned supine with their arms alongside their body, utilizing a
custom-made frame and personalized masks for immobilization [17]. A BigBore CT system
(Philips Healthcare, Best, The Netherlands) was used to acquire free-breathing CT scans
from head to mid femurs with 5 mm slice thickness. The field of view was set to 60 cm,
while the iterative metal artifact reduction (iMAR) algorithm built in the CT was used in
exceptional cases [18].
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The clinical target volume (CTV) comprised the bone marrow, spleen and lymph node
chains, while the planning target volume (PTV) was defined as the union of isotropically
expanded CTV to account for setup margin and motion [19]. OARs included lenses, eyes,
brain, lungs, heart, kidneys, bowels, stomach, liver, rectum, and bladder.

Treatment plans were optimized by the progressive resolution optimizer (PROIII v13)
or the photon optimization (PO v15) algorithms and delivered with a TrueBeam linac
(Varian Medical Systems, Palo Alto, CA, USA) employing a volumetric modulated arc
therapy (VMAT) technique. Dose calculations utilized the analytical anisotropic algorithm
(AAA v11–15). Plan optimization involved a multi-isocenter approach with 5 isocenters
and 10 full arcs (360◦), overlapping by a minimum of 2 cm to reduce dose distribution
uncertainty due to patient setup. The collimator angle was fixed at 90◦, with an uneven jaw
aperture in the cranial–caudal direction and a maximum aperture of 40 cm in the left–right
direction [20].

2.2. CT Resampling

The processing of original CTs (oCTs) involved a compression from 12 to 8 bits,
and a subsequent decompression from 8 to 12 bits. Throughout the manuscript, we
refer to this procedure as “CT resampling” and to a compressed–decompressed CT as
“resampled CT” (rCT). Two compression methods were implemented using a linear and a
non-linear look-up table (l_LUT and nl_LUT, respectively), as illustrated in Figure S1 in the
Supplementary Material.

The l_LUT applied a naïve mapping of the original HU values to an 8-bit range using
a fixed step size of 16 HU. In contrast, the nl_LUT was designed as a piecewise function
based on the authors’ clinical experience to enhance the representation of soft tissues (see
Table 1). The discretization step was refined to 2 HU within the 0–100 HU range, where
small density variations are clinically relevant, as shown in Figure 1. Toward the extremities
of the HU scale, the step size increased non-linearly, reaching 100 HU for densities above
1650 HU, in order to optimize data compression while preserving the contrast necessary
for distinguishing high-density structures.

Table 1. Typical range of HU for tissues and organs and their respective discretization step when
compressing the oCT with the nl_LUT.

Tissue or Organ HU Range Discretization Step

Lung [21] −900 to −500 35
Soft tissue 0 to 100 2
Blood [22] 30 to 45 2
Brain [23] 20 to 40 2
Liver [24] 40 to 65 2

Bone [22]
250 to 400
400 to 800
800 to 1200

5
16
50

Abbreviations: nl_LUT, non-linear look-up table; oCT, original CT.

2.3. Dose Calculation

Both linearly and non-linearly resampled CTs (l_rCTs and nl_rCTs, respectively) were
imported into the Eclipse treatment planning system (v16.1; Varian Medical Systems, Palo
Alto, CA, USA). To evaluate the magnitude of errors introduced by resampling in the dose
calculation, three treatment plans per patient were recalculated using AAA on oCTs and
rCTs. All dose distributions were recalculated under the same conditions with respect to
the clinical plans, i.e., equal MUs, structures, prescription, field geometry, leaf sequencing,
and grid resolution of 2.5 mm.
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Figure 1. HU distribution in soft tissues across the patient cohort, overlaid with linear (l_LUT) and
non-linear (nl_LUT) discretization steps (dashed and dotted vertical lines, respectively). The band
shows the 95% CI across the cohort. Abbreviations: CI, confidence interval; l_LUT, linear look-up
table; nl_LUT, non-linear look-up table.

2.4. Data Analysis

For each patient, two CT compression methods were used, totaling 30 CT series and
30 dose distributions analyzed. The impact of resampling on the accuracy of HU values
was assessed by computing the root mean squared error (RMSE) between oCTs and rCTs.

A dosimetric comparison was conducted to quantify the uncertainties introduced in
dose calculation due to resampling. To evaluate resampling effects on structures of different
densities, dose-volume histograms (DVH) were analyzed for the PTV, bone within the PTV,
brain, liver, stomach, bowel and right and left lung. Upper ribs and lower ribs, divided
at the lung basis, were also evaluated separately to assess the effect of abrupt changes in
density of nearby tissues. For each structure, D98%, D90%, D2%, V20% and V30% values were
compared between oCT and rCT using Wilcoxon signed rank tests.

Dose distribution comparisons between oCT and rCT were conducted using the
gamma evaluation method implemented in PyMedPhys [25]. Three-dimensional gamma
passing rates (GPR) were computed using a 1%(global)/1.25 mm criterion and a 20% dose
threshold, considering the whole-body, PTV, bone within the PTV, brain, liver, right and
left lung.

Six radiation oncologists (ROs) evaluated the clinical relevance and overall quality
of the resampled images for diagnostics and contouring purposes of lymph nodes. The
former examination covered the brain, lungs, liver, kidneys, bowel, and bone, while the
latter assessment focused on the head and neck, thoracic, abdominal, and pelvic regions.
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The evaluation involved rating in blind mode each oCT and rCT on a scale of 1 (poor) to
5 (optimal). To spot potential inconsistencies in the visual appearance of CT images, the
evaluators could navigate through the entire CT series, zoom in, and apply window/level
adjustments, but were restricted from switching between image types until completing each
individual assessment. The evaluations concluded with oncologists determining whether
the examined CT could be the oCT. In total, 300 evaluations (30 per patient) were conducted.
A statistical analysis of the ratings was then performed using the Wilcoxon signed-rank
test to detect significant differences between oCT and rCT images. The significance level
was set to 0.05 throughout the whole study.

The overall workflow of the study is shown in Figure 2.

 

Figure 2. Overall workflow of this study. Abbreviations: AAA, analytical anisotropic algorithm; DVH,
dose-volume histogram; GPR, gamma passing rate; HU, Hounsfield units; l_LUT, linear look-up
table; l_rCT, linearly resampled CT; nl_LUT, non-linear look-up table; nl_rCT, non-linearly resampled
CT; oCT, original CT; rCT, resampled CT; RMSE, root mean squared error; TMLI, total marrow and
lymphoid irradiation.

3. Results
Among all patients, the HU comparison between oCT and rCT revealed a higher

RMSE when using the nl_LUT rather than the l_LUT, with average and standard deviation
of 10 ± 1 HU and 7 ± 1 HU, respectively. However, when restricted to voxels within the
0–100 HU range, the finer discretization of the nl_LUT yielded a much smaller RMSE of
0.70 ± 0.01 HU compared with 9.4 ± 0.1 HU of the l_LUT.

Figure 3 shows the DVH comparisons between oCT and rCT. Overall, resampling
introduced minor hotspots, with nl_LUT producing smaller differences than l_LUT, except
for the lungs, where nl_LUT yielded differences larger than l_LUT at lower doses, between
1.0 and 1.5 Gy. D98%, D2%, D90%, V20% and V30% statistics, reported in Table 2, showed
median variations ≤0.4% in both the linear and non-linear case. In most cases, these
resulted in statistical significance.
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Figure 3. DVH comparison between oCT- and rCT-based plans for target volumes and OARs. The
first and third columns show the population-averaged DVHs and the corresponding point-wise DVH
differences, while the second and fourth columns display an enlarged view of the differences. The
bands show the 95% CI across the cohort. Abbreviations: CI, confidence interval; l_rCT, linearly
resampled CT; nl_rCT, non-linearly resampled CT; oCT, original CT.
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Table 2. Median differences of D98%, D90%, D2%, V20% and V30% with interquartile range (IQR) for
PTV, bone within the PTV, ribs, brain, liver, stomach, bowel, right and left lung. Column names refer
to the plans being compared, i.e., “oAAA” stands for dose recalculated with AAA on oCT, while “l_r”
and “nl_r” indicate l_rCTs and nl_rCTs, respectively.

Structure DVH Statistic
Median Differences ± IQR [%]

l_rAAA-oAAA nl_rAAA-oAAA

PTV

D98% 0.3 ± 0.1 * 0.1 ± 0.1 *
D90% 0.3 ± 0.1 * 0.2 ± 0.1 *
D2% 0.3 ± 0.2 * 0.1 ± 0.1 *
V20% 0.0 ± 0.0 0.0 ± 0.0
V30% 0.0 ± 0.0 0.0 ± 0.0

Bone within PTV

D98% 0.3 ± 0.1 * 0.1 ± 0.1 *
D90% 0.3 ± 0.2 * 0.2 ± 0.1 *
D2% 0.3 ± 0.1 * 0.2 ± 0.1 *
V20% 0.0 ± 0.0 0.0 ± 0.0
V30% 0.0 ± 0.0 0.0 ± 0.0

Upper Ribs

D98% 0.3 ± 0.0 * 0.2 ± 0.1 *
D90% 0.3 ± 0.1 * 0.2 ± 0.1 *
D2% 0.4 ± 0.1 * 0.2 ± 0.1 *
V20% 0.0 ± 0.0 0.0 ± 0.0
V30% 0.0 ± 0.0 0.0 ± 0.0

Lower Ribs

D98% 0.0 ± 0.1 * 0.0 ± 0.0 *
D90% 0.4 ± 0.2 * 0.1 ± 0.0 *
D2% 0.3 ± 0.2 * 0.1 ± 0.0 *
V20% 0.0 ± 0.0 0.0 ± 0.0
V30% 0.0 ± 0.0 0.0 ± 0.0

Brain

D98% 0.0 ± 0.1 * 0.0 ± 0.0
D90% 0.1 ± 0.1 * 0.0 ± 0.0
D2% 0.2 ± 0.0 * 0.1 ± 0.0 *
V20% 0.0 ± 0.0 0.0 ± 0.1
V30% 0.2 ± 0.2 * −0.1 ± 0.1 *

Liver

D98% 0.2 ± 0.1 * 0.0 ± 0.1
D90% 0.2 ± 0.1 * 0.0 ± 0.1
D2% 0.3 ± 0.1 * 0.1 ± 0.0 *
V20% 0.0 ± 0.0 0.0 ± 0.0
V30% 0.0 ± 0.0 0.0 ± 0.0

Stomach

D98% 0.1 ± 0.1 * 0.0 ± 0.0
D90% 0.1 ± 0.1 * 0.0 ± 0.0
D2% 0.4 ± 0.1 * 0.1 ± 0.0 *
V20% 0.0 ± 0.0 0.0 ± 0.0
V30% 0.0 ± 0.2 0.0 ± 0.0

Bowel

D98% 0.1 ± 0.0 * 0.0 ± 0.0
D90% 0.1 ± 0.0 * 0.0 ± 0.1
D2% 0.4 ± 0.1 * 0.1 ± 0.0 *
V20% 0.0 ± 0.0 0.0 ± 0.0
V30% 0.3 ± 0.7 * 0.1 ± 0.2 *

Right lung

D98% 0.2 ± 0.1 * 0.4 ± 0.2 *
D90% 0.3 ± 0.0 * 0.4 ± 0.1 *
D2% 0.3 ± 0.0 * 0.2 ± 0.2 *
V20% 0.0 ± 0.0 0.0 ± 0.0
V30% 0.0 ± 0.0 0.0 ± 0.0

Left lung

D98% 0.3 ± 0.1 * 0.4 ± 0.1 *
D90% 0.3 ± 0.1 * 0.4 ± 0.1 *
D2% 0.3 ± 0.1 * 0.2 ± 0.1 *
V20% 0.0 ± 0.0 0.0 ± 0.0
V30% 0.0 ± 0.0 0.0 ± 0.0

* Significant differences. Abbreviations: AAA, analytical anisotropic algorithm; IQR, interquartile range; l_rCT,
linearly resampled CT; nl_rCT, non-linearly resampled CT; oCT, original CT.
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Figure 4 shows dose differences and 3D gamma index plots for a representative case,
while Table 3 reports the median 3D-GPR obtained for all the comparisons. The 3D-GPRs
revealed a nearly perfect agreement between dose distributions, both for whole-body and
for each structure, with values equal to 100% in almost all cases.

Figure 4. Dose distribution differences (first and third rows) and 3D gamma index maps (second and
fourth rows) comparing l_rCT-based plans (upper panel) and nl_rCT-based plans (lower panel) with
respect to the oCT-based plan. Three slices from head, lungs and pelvic regions of a representative
case are shown. Abbreviations: AAA, analytical anisotropic algorithm; l_rCT, linearly resampled CT;
nl_rCT, non-linearly resampled CT; oCT, original CT.

Table 3. Median and IQR values for 3D-GPRs. Column names refer to the plans being compared, i.e.,
“oAAA” stands for a plan recalculated with AAA on oCT, while “l_r” and “nl_r” indicate l_rCTs and
nl_rCTs, respectively.

Volume
Median GPR ± IQR [%]

l_rAAA-oAAA nl_rAAA-oAAA

Whole-body 100 ± 0 100.0 ± (<0.1)
PTV 100 ± 0 100 ± 0

Bone within PTV 100 ± 0 100 ± 0
Brain 100 ± 0 100 ± 0
Liver 100 ± 0 100 ± 0

Right lung 100 ± 0 100 ± 0
Left lung 100 ± 0 100 ± 0

Abbreviations: AAA, analytical anisotropic algorithm; IQR, interquartile range; l_rCT, linearly resampled CT;
nl_rCT, non-linearly resampled CT; oCT, original CT.

Figure 5 presents original and resampled slices of the brain and lungs for a representa-
tive case. The l_rCTs exhibited noticeable pixelation in the brain, while the nl_rCTs showed
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no observable differences from the oCT. Consequently, the median quality score assigned to
the brain was 4 for both oCT (interquartile range—IQR = 1) and nl_rCT (IQR = 1), whereas it
was 1 (IQR = 0) for l_rCT. Median scores for other anatomical regions consistently exceeded
4, including the head and neck for l_rCT, which, despite its suboptimal image quality, was
still deemed usable for lymph nodes delineation. A significant difference was observed
only between the scores of oCT vs. l_rCT for the brain (p < 0.01). The image quality scores
across CTs and anatomical regions are reported in Table S1 of the Supplementary Material.
Regarding the evaluation of whether the examined CT could be the oCT, two evaluations
resulted in the rejection of all three images, while in all other cases, only the l_rCT received
a negative response.

 

Figure 5. CT slices of the brain and lung regions from a representative patient, shown for oCT, l_rCT,
and nl_rCT in the first, second, and third row, respectively. Compared with oCT and nl_rCT images,
increased pixelation is observed in the brain region of the l_rCT images. Abbreviations: l_rCT, linearly
resampled CT; nl_rCT, non-linearly resampled CT; oCT, original CT.

4. Discussion
In this study, we assessed the uncertainties in dose calculation and image quality

introduced by a linear and a non-linear CT resampling process involving 12-bit to 8-bit
compression and subsequent 8-bit to 12-bit decompression. Our goal was to evaluate the
impact of the intermediate 8-bit compression step, which aligns with the standard channel
depth used in common deep learning libraries and pre-trained models. This preliminary
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assessment was necessary to determine whether the proposed non-linear method could be
applied to sCT generation.

Our findings showed that only the nl_LUT, specifically designed to enhance HU
representation in soft tissues, met the quality requirements for contouring and diagnostic
applications, owing to its finer discretization step between 0–100 HU (see Table 1). Within
this range, the nl_LUT demonstrated a clear improvement in image fidelity, with an RMSE
of 0.70 ± 0.01 HU compared with 9.4 ± 0.1 HU of the l_LUT. However, the l_LUT yielded
better global numerical accuracy, with a lower overall RMSE (7 ± 1 HU) than the nl_LUT
(10 ± 1 HU), making it a viable alternative for dosimetric applications. Importantly, neither
the l_LUT nor the nl_LUT introduced clinically relevant differences in dose calculation.

The nl_LUT slightly reduced numerical accuracy at the extremes of the HU scale
(i.e., lung and bone), where its discretization step exceeded that of the l_LUT (100 HU vs.
16 HU). Nevertheless, DVH differences with the nl_LUT were consistently smaller than
those observed with the l_LUT, including in organs influenced by adjacent air or bone
structures, such as the stomach, bowel, and ribs. The lungs represented the only exception
(see Figure 3 and Table 2). Despite this, no discernible differences in image quality were
observed between oCTs and nl_rCTs in lung and bone regions, whereas l_rCTs proved
inadequate for soft tissues reconstruction, particularly in the brain.

The 3D-GPR analysis did not reveal relevant dose discrepancies between oCTs and
rCTs. To detect subtle differences introduced by resampling, we applied a stringent ac-
ceptance criterion of 1%/1.25 mm and a 20% dose threshold, enhancing sensitivity in
high-dose regions. Given the large PTV in TMLI, encompassing approximately 20% of
the body, this threshold effectively excluded only superficial regions near the skin, where
dose calculation noise is more pronounced. The choice of 1.25 mm as the distance cri-
terion was based on its correspondence to half the dose calculation grid size, ensuring
appropriate sensitivity to spatial variations without introducing excessive noise from inter-
polation. Consequently, resampling-induced errors remained well below the 2–3% margin
required to maintain the 5% accuracy threshold for absorbed dose estimation in the target
volume [26,27]. Only a minor effect was observed in the neck region of the nl_rCT for
the representative case reported in Figure 4, likely due to the combined presence of the
immobilization system, adjacent bone structures, and air, as well as the adopted gamma
criterion. Notably, the gamma analysis did not reveal relevant differences near the ribs,
despite a similar tissue composition.

We also performed an additional analysis by recalculating treatment plans using a
second clinical dose calculation algorithm (Acuros XB, AXB). The same dosimetric evalu-
ation was repeated for AXB, and dose distributions calculated with AAA and AXB were
compared on oCTs. Detailed methods and results are provided in Section S3 of the Sup-
plementary Material. Overall, differences associated with the choice of dose calculation
algorithm exceeded the uncertainties introduced by CT resampling [28–35].

This study has some limitations. Although whole-body CTs were analyzed to evaluate
the impact of resampling across multiple anatomical regions, TMLI may tolerate relatively
coarse errors due to its extensive treatment volumes and specific clinical goals. Moreover,
the slice thickness and dose calculation grid adopted in this study may not be optimal
for other treatments, thereby limiting the generalizability of the findings to conventional
fractionated RT. According to our protocol, a slice thickness of 5 mm was used, which is
appropriate for TMLI as it reduces noise over the extended scan length [36]. The dose
calculation grid was set to 2.5 mm to accommodate the large computational volume, while
the 3D-GPR was evaluated on a finer 1.25 mm grid via interpolation. Extending this analysis
in other scenarios in which dose calculations are more sensitive to image fidelity, such as
stereotactic body radiation therapy or proton therapy, would provide additional insights.
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Future work should focus on optimizing the nl_LUT to further reduce errors in lung
and bone regions while preserving fine discretization in soft tissues or tailoring the LUT
to specific treatment sites. It is also essential to investigate the impact of the proposed
nl_LUT on both output image quality and training performance in sCT generation models.
This aspect will be addressed in a future study. Although the proposed nl_LUT improved
image fidelity, it remains a hand-crafted solution and may have limited generalizability.
Alternative approaches, such as embedding 8-bit compression directly within a neural net-
work or employing dedicated deep learning-based compression models, could potentially
achieve comparable results without relying on manually designed LUTs. Notably, Cao et al.
compared linear and non-linear normalization methods for generating sCT images from
megavoltage CBCTs of the head [16], demonstrating that different normalization strategies
affect image quality across intensity ranges.

Finally, recent studies have explored the use of 16-bit CT representations to improve
dose calculation accuracy in the presence of high-density materials, such as metal im-
plants [37,38]. In our framework, 8-bit compression is an intermediate step for model
development, and the proposed LUT strategy could be, in principle, also implemented
with 16-bit depth CTs, enabling different trade-offs between compression rate and fidelity.

5. Conclusions
In this study, we investigated the impact of two CT resampling methods on dose

calculation and image quality. These methods represent data processing steps required to
ensure compatibility with deep learning libraries and pre-trained models designed for 8-bit
images. By isolating the resampling process without introducing additional intermediate
steps, we estimated the minimal error inherently associated with reconstructing CT images
through an 8-bit deep learning workflow.

Dose calculation discrepancies were found to be clinically acceptable for both ap-
proaches, and the linear LUT provided adequate compression for dosimetric applications.
In contrast, for diagnostic and contouring purposes, the proposed non-linear LUT im-
proved image fidelity, particularly in soft tissue regions characterized by subtle density
variations. Therefore, the non-linear LUT may represent an effective strategy for optimizing
CT resampling in future AI-based applications for sCT generation when enhanced soft
tissue representation is required.
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Abbreviations
The following abbreviations are used in this manuscript:

AAA Analytical anisotropic algorithm
AI Artificial intelligence
CBCT Cone beam computed tomography
CT Computed tomography
CTV Clinical target volume
DVH Dose-volume histogram
GPR Gamma passing rate
HU Hounsfield unit
iMAR Iterative metal artifact reduction
IQR Interquartile range
LUT Look-up table
l_LUT Linear look-up table
MRI Magnetic resonance imaging
nl_LUT Non-linear look-up table
OAR Organs at risk
oCT Original computed tomography
PO Photon optimization
PRO Progressive resolution optimizer
PTV Planning target volume
rCT Resampled computed tomography
RMSE Root mean squared error
RO Radiation oncologist
RT Radiation therapy
sCT Synthetic computed tomography
TMLI Total marrow and lymphoid irradiation
VMAT Volumetric modulated arc therapy
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