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1. Derivation of Backward Propagation

We implement a custom CUDA [1] pipeline that enables
automatic differentiation for both the discrete polychro-
matic forward projection and reconstruction models, both
of which are formulated using Gaussian primitives.

1.1. Projection Model

Our polychromatic forward projection is expressed as Equa-
tion (1):
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The baseline method [10] comprises a
Rasterizer preprocess, which transforms each
Gaussian’s position and shape according to the detector
pixel coordinates, and a Rasterizer render, which
computes the intensity projected onto each detector
pixel. While we reuse the original implementation for
the Rasterizer preprocess, we design a new
Rasterizer render module and manually derive
gradients with respect to each intermediate parameter, as

shown in Equations (2)–(5):
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All these equations are then implemented in the CUDA
backward function.

1.2. Reconstruction Model
Our reconstruction is expressed as Equation (6):
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Figure 1. Energy spectra generated using the SPEKTR simulator for various CT system configurations. Each curve represents the
normalized photon distribution corresponding to a specific combination of tube voltage and filtration settings. The blue dots denote the 15
uniformly sampled energy components used by our method.

The baseline method [10] comprises a
Voxelizer preprocess, which transforms each
Gaussian’s position and shape according to the voxel
grid coordinates, and a Voxelizer render, which
computes the intensity accumulated within each
voxel. While we reuse the original implementation
for the Voxelizer preprocess, we design a new
Voxelizer render module and manually derive gradi-
ents with respect to each intermediate parameter, as shown
in Equations (7)–(9):
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All these equations are then implemented in the CUDA
backward function.

2. X-ray Spectrum
Our method relies on the X-ray spectrum response η(E),
which depends on the CT system configuration used during
data acquisition—specifically, the tube voltage, filter mate-
rial, and filter thickness. Following prior work [9], we em-
ploy the SPEKTR simulator [5] to generate polychromatic
X-ray spectra at 1 keV resolution. The simulated spectra are
subsequently resampled into 15 uniformly spaced energy
components, matching the number of spectral bins used in
our model. These interpolated spectral samples are then in-
corporated into our polychromatic forward projection for-
mulation. Figure 1 visualizes the energy-dependent spectra
for the CT settings considered in our experiments.

3. Scanning and Reconstruction Configuration
Tables 1–2 summarize the scanning and reconstruction con-
figurations used for both the synthetic and real datasets. To
assess the robustness and generality of our method, we eval-
uate performance across a wide range of acquisition set-
tings, including variations in tube voltage, filtration, geom-
etry, and object scale. These configurations closely follow
the parameters of practical CBCT systems and ensure di-
verse conditions for validating our polychromatic forward-
projection and reconstruction framework.

4. Fairness of Comparison
Polyner [9] and Park et al. [4] are joint reconstruction
and metal artifact reduction methods originally developed
for 2D fan-beam geometry. To enable a fair compari-
son with our 3D cone-beam method, we extend both im-



Table 1. Scanning and reconstruction parameters for the synthetic datasets. The left three columns correspond to the main evaluation
scenes, and the four rightmost columns denote the additional settings used in the supplementary experiments, including variations in tube
voltage and filtration. All other geometric parameters are kept consistent across the datasets.

Parameters Synthetic Dataset

Lung Teeth Broccoli Lung (supple) Teeth (supple) Pancreas (supple) Pepper (supple)

Source voltage (kV) 90 ← ← 60/90/120 ← 90 ←
Filter (mm) Cu(1.0) Al(0.5) ← Cu(0.5) ← Cu(1.0) ←
Metal material Fe Ti Al Fe Ti ← Fe
Volume resolution 256×256×256 ← ← ← ← ← ←
Volume size (mm) 50.0×50.0×50.0 ← ← ← ← ← ←
Angle range (◦) [0, 360) ← ← ← ← ← ←
Number of angles 720 ← ← ← ← ← ←
Detector resolution 512×512 ← ← ← ← ← ←
Detector size (mm) 145.485 ← ← ← ← ← ←
Source-to-object distance (mm) 200.962 ← ← ← ← ← ←
Source-to-detector distance (mm) 501.309 ← ← ← ← ← ←

Table 2. Scanning and reconstruction parameters for the real datasets. Each object is scanned using high-resolution CBCT settings,
with variations in object scale, and detector geometry inherent to the acquisition system. These diverse acquisition conditions enable a
comprehensive evaluation of metal artifact behavior in real-world scenarios.

Parameters Real Dataset

Walnut Avocado Chicken Garlic Enoki Mushroom Blueberry

Source voltage (kV) 90 ← ← ← ← ←
Source current (µA) 166 ← 300 ← ← ←
Filter (mm) Al(1.0) ← ← ← ← ←
Metal material Fe ← ← ← ← ←
Volume resolution 256×256×256 ← ← ← ← ←
Volume size (mm) 40.0×40.0×40.0 60.0×60.0×60.0 120.0×120.0×120.0 80.0×80.0×80.0 ← ←
Angle range (◦) [0, 360) ← ← ← ← ←
Number of angles 720 ← ← ← ← ←
Detector resolution 512×512 ← ← ← ← ←
Detector size (mm) 104.773 145.485 229.902 104.773 145.485 ←
Source-to-object distance (mm) 200.962 ← 334.942 ← ← ←
Source-to-detector distance (mm) 501.309 ← ← ← ← ←

Table 3. Quantitative comparison on additional synthetic scenes

Method Pancreas (Ti) Pepper (Fe)
PSNR3D SSIM3D PSNR3D SSIM3D

FDK 23.99 0.974 11.92 0.894
LIMAR 26.76 0.985 16.33 0.952
NMAR 23.44 0.972 16.65 0.962

ACDNet 15.41 0.776 10.77 0.879
DICDNet 15.29 0.770 10.75 0.878
OSCNet 15.20 0.766 10.63 0.875
Polyner 28.17 0.992 22.30 0.995

Park et al. 15.77 0.695 12.69 0.863
Ours 33.73 0.998 25.13 0.997

plementations to the cone-beam setting. LIMAR [2] and
NMAR [3] are inherently applicable to 3D reconstruction
and are therefore directly comparable. For learning-based
methods (ACDNet [7], DICDNet [6], and OSCNet [8]), we
use publicly available pre-trained models and apply them
slice-wise to FDK-reconstructed volumes, following their
original design.

5. Robustness to Tube Voltage Variation

To evaluate the stability of our method under different X-ray
source energy conditions, we generated synthetic projection

images at 60, 90, and 120 kVp and assessed the correspond-
ing reconstruction quality. The Lung and Teeth scenes were
simulated using a 0.5 mm Cu filter to match realistic CBCT
acquisition settings. As shown in Figure 2, our method
maintains consistent reconstruction performance across dif-
ferent tube voltages, demonstrating strong robustness to
variations in the underlying X-ray spectrum.

6. Additional Discussion

We compute 3D PSNR and SSIM to evaluate reconstruction
quality on the synthetic dataset. For PSNR, the ground truth
(GT) volume is defined using the effective energy described
in the main paper, and—consistent with prior metal artifact
reduction studies [4, 9]—the metric is computed over all
regions excluding the metal mask. For real datasets, no re-
liable GT is available; therefore, we report only qualitative
comparisons rather than quantitative scores.

7. Additional Synthetic Results

We conducted additional experiments on two newly intro-
duced synthetic scenes: a pancreas scene with titanium (Ti)
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Figure 2. Evaluation of reconstruction robustness under varying tube voltages (60, 90, and 120 kVp). Despite substantial changes in the
underlying X-ray spectrum, our method consistently produces high-quality reconstructions. Rows 1–2 show results at 60 kVp, rows 3–4 at
90 kVp, and rows 5–6 at 120 kVp.

and a pepper scene with iron (Fe). Quantitative results,
summarized in Table 3, show consistent improvements over
all baseline methods. Qualitative results are shown in Fig-
ure 4.

8. Additional Real Results

We provide additional orthogonal slices for the real-data re-
sults in Figure 3.
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