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Abstract

Deep learning-based virtual non-contrast computed tomography (VNC CT) can enable ac-
curate dose calculation in radiotherapy planning without additional radiation exposure.
However, when dual-energy CT (DECT) derived VNC images are used as training tar-
gets, limitations of the DECT-based VNC algorithm can lead to reduced HU values in
bone regions. To address this issue, a Region-Specific Masked Loss is proposed using bone
masks extracted through a SAM-assisted semi-automated pipeline. A bVNC-Net model was
proposed and trained on DECT data from 24 liver cancer patients (5,146 slices). The pro-
posed method effectively removed soft-tissue contrast enhancement while preserving bone
HU values close to those of the original images.

Keywords: Dual-energy computed tomography, virtual non-contrast CT, radiotherapy
planning.

1. Introduction

Using contrast-enhanced CT (CECT) directly for radiotherapy planning can introduce dose
calculation errors because contrast agents alter CT attenuation values (Yamada et al., 2014).
Although true non-contrast CT (TNC) is preferred, acquiring an additional scan increases
radiation exposure and may introduce registration mismatch. Deep learning-based VNC
CT translation offers a practical alternative, and DECT-derived VNC images are attractive
training targets because they provide sufficient paired data (Kim et al., 2024). However,
DECT-based VNC algorithms can undesirably reduce bone HU values even though bone
itself shows little contrast enhancement (Li et al., 2020; Parakh et al., 2021). As a result,
models trained with such targets inherit the same limitation, which is problematic because
accurate bone HU values are important for dose attenuation calculation. To address this
issue, a Region-Specific Masked Loss is proposed, in which the original image is used as the
target in bone regions and the DECT-derived VNC image is used as the target in soft-tissue
regions.
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Figure 1: Overview of the proposed pipeline: SAM-assisted bone mask extraction, region-
specific masked training for CECT-to-VNC CT translation, and mask-free infer-
ence.

2. Methods

Figure 1 summarizes the proposed pipeline, which consists of three stages: semi-automated
bone mask extraction, region-specific masked training, and mask-free inference.

2.1. Dataset

CT data from 24 liver-cancer patients at Seoul National University Hospital were used. All
scans were acquired with a Philips IQon DECT scanner. The cohort was split by patient
into training, validation, and test sets of 17, 4, and 3 patients (3,851, 803, and 492 slices;
5,146 total), where each slice had a matrix size of 512 × 512.

2.2. SAM-Assisted Bone Mask Extraction

Bone masks were obtained in two steps: interactive labeling of a subset of CECT slices with
SAM (Kirillov et al., 2023) in CVAT (Corporation, 2026), then training a bone segmentation
model on those labels and applying it across the dataset. Masks were used only during model
training.

2.3. Region-Specific Masked Loss

As shown in Figure 1, a U-Net-based (Ronneberger et al., 2015) bVNC-Net model was
proposed and trained to translate CECT to VNC CT. The bone mask was used to preserve

Table 1: Quantitative comparison between the baseline and proposed models in terms of
SSIM and PSNR.

Model Region SSIM ↑ PSNR (dB) ↑

bVNC-Net

(Baseline)

Tissue 0.997586± 0.000826 48.629502± 2.642235

Bone 0.997049± 0.001606 27.998624± 2.107025

bVNC-Net

(Region-Specific)

Tissue 0.997807± 0.000752 49.968323± 2.721779

Bone 0.999996± 0.000003 63.982071± 3.315680
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Figure 2: Qualitative comparison of tissue and bone regions between the baseline and pro-
posed methods. The first row shows reconstructed tissue and bone images with
the locations of the line profiles, and the second row shows difference maps and
HU profiles.

HU values, while the inverted bone mask was used to match soft tissue to the DECT VNC
target for contrast removal. In both regions, the loss combined masked L2 and SSIM in a
0.9:0.1 ratio, with region weights of 0.8 for tissue and 0.2 for bone. Inference required only
the input CECT image, and no bone mask was needed after training.

3. Results

Table 1 compares the proposed Region-Specific loss with a baseline model trained using only
DECT-derived VNC images as targets. In the tissue region, the proposed model improved
SSIM by 0.000221 and PSNR by 1.338821 dB over the baseline, indicating better contrast
removal. In the bone region, the proposed model showed a PSNR gain of 35.98 dB over the
baseline, with an SSIM of 0.999996, indicating superior preservation of bone HU values.
As shown in Figure 2, the proposed model reduced the HU difference in the liver (green
arrow) and aorta (pink arrow) compared with the baseline, while better preserving the high-
HU outer cortical bone indicated by the orange arrow. These observations are consistent
with the corresponding HU profiles, where the proposed model more closely matched the
reference trend in both the tissue and bone regions.

4. Conclusion

This study demonstrates that the proposed Region-Specific Masked Loss for CECT-to-
VNC CT mitigates tissue and bone HU loss caused by DECT-derived training targets.
The proposed approach may also be useful for radiotherapy planning and can be further
extended to multi-organ weighting for broader clinical applications.
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