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Volumetric Fan-Beam Imaging with Neural Attenuation Field for Cone-Beam 2 

Artifact Reduction in CBCT 3 

Abstract 4 

Background: Although cone-beam computed tomography (CBCT) acquires a complete 5 

volumetric dataset in a single gantry rotation, a standard circular trajectory is inherently affected 6 

by cone-beam artifacts because the acquired data does not satisfy the Tuy data sufficiency 7 

condition. Off-plane structures are incompletely sampled in Radon space, leading to axial 8 

blurring, intensity distortion, and structure loss that become more pronounced at larger cone 9 

angles. 10 

Purpose: This study aims to reduce cone-beam artifacts in CBCT with an unsupervised neural 11 

attenuation field (NAF) reconstruction pipeline, which decouples the reconstruction geometry 12 

from the imaging acquisition geometry and requires no external training data. 13 

Methods: We propose Volumetric Fan-beam Imaging with Neural Attenuation Field (VFINAF) 14 

for cone beam CT. In this method, the NAF is first trained to fit the measured cone-beam 15 

projection data. The trained NAF is then used for dense virtual fan-beam re-projection for each 16 

axial plane, producing individual slice fan-beam sinograms for 2D CT image reconstruction 17 

using conventional algorithms, such as FBP and SIRT. Volumetric 3D CT images are assembled 18 

from these 2D CT slices. Because each 2D slice reconstruction is performed from complete two-19 

dimensional fan-beam sinogram, it avoids the Tuy’s incompleteness associated with the original 20 

cone-beam acquisition geometry. Initial evaluation of the VFINAF was done using a digital 21 

FORBILD-Defrise phantom. It was further tested using experimental CBCT data with a 22 

homemade Defrise phantom and the RANDO phantom. The images are compared to those 23 
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obtained by standard FDK and SIRT methods using visual assessment and quantitative measures 24 

including peak signal-to-noise ratio (PSNR), structural similarity index (SSIM), line profiles.  25 

Results: In the digital FORBILD-Defrise phantom, FDK preserved only structures within an 26 

approximately 5° cone-angle range and SIRT extended this to about 9°, whereas VFINAF 27 

recovered all eleven disks across the full 20° range with clear delineation of fine structures. 28 

VFINAF achieved the highest PSNR and SSIM at every evaluated cone angle, with SSIM 29 

remaining above 0.80 at the peripheral disks. In the physical Defrise phantom imaging, VFINAF 30 

resolved all twelve disks, compared with five for SIRT. In the RANDO head phantom imaging, 31 

VFINAF reduced shading, streaking, and loss of structural definition across the axial, sagittal, 32 

and coronal planes in comparison with conventional reconstruction, and showing closer visual 33 

agreement with the reference image acquired from the MDCT. 34 

Conclusions: VFINAF significantly reduces cone-beam artifacts in CBCT. The virtual dense 35 

fan-beam re-projection by using the NAF continuity prior decoupled image reconstruction 36 

geometry from the original cone-beam acquisition geometry. This extends the effective FOV of 37 

CBCT while preserving the advantages of NAF-based reconstruction. 38 
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1. Introduction 46 

Cone-beam computed tomography (CBCT) is widely used for diagnostic evaluation, image 47 

guidance in radiation therapy, and interventional procedures1-3. In contrast to multidetector 48 

helical CT, CBCT uses a flat-panel detector to acquire a series of two-dimensional projections 49 

during a single gantry rotation, covering a three-dimensional field of view that is subsequently 50 

reconstructed into a volumetric image.4,5. This acquisition configuration enables volumetric 51 

coverage within a single rotation and supports compact system designs6-9. However, the same 52 

cone-beam geometry also introduces an intrinsic reconstruction limitation, especially when the 53 

axial coverage or cone angle increases.  Cone-beam artifacts arise from data incompleteness 54 

associated with Tuy’s data sufficiency10. Only the central plane is sampled more completely, 55 

whereas off-plane structures miss information in Radon space. As a result, conventional CBCT 56 

reconstructions show axial blurring, intensity distortion, structure loss, and degraded image 57 

quality near the longitudinal edges of the volume. These artifacts are not only visual 58 

imperfections, but they can also reduce the reliability of anatomical interpretation, registration, 59 

segmentation, and quantitative image analysis. The problem becomes more pronounced as the 60 

cone angle increases because the acquired data fail to satisfy the completeness conditions 61 

required for voxel-based and algebraic and iterative reconstruction11-14. Several approaches have 62 

been proposed to reduce cone-beam artifacts. Classical methods include projection weighting 63 

strategies (e.g., Parker-FDK15 and CW-FDK16), ray rearrangement methods (e.g., P-FDK17 and 64 

T-FDK18), and compensation terms added to FDK-type algorithms13,19,20. These methods can 65 

reduce some cone-beam artifacts, but their performance remains limited at larger cone angles, 66 

where data incompleteness becomes more pronounced. More recently, supervised deep-learning 67 

approaches have been proposed for cone-beam artifact reduction. Han et al.21 developed a 68 
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differentiated-backprojection-domain convolutional neural network (CNN) that exploits the 69 

angular symmetry of CBCT, whereas Minnema et al.22 developed a geometry-aware mixed-scale 70 

dense network operating on cylindrical slices. These studies show that learned models can 71 

suppress cone-beam artifacts, but they generally correct images within the original cone-beam 72 

geometry and require paired or carefully matched training data.  73 

 74 

Neural attenuation fields (NAFs), a medical-imaging extension of implicit neural representations 75 

(INRs), have shown promise for tomographic reconstruction23-26, particularly for sparse-view 76 

imaging27-31 and metal artifact reduction32-36. Rather than storing the image on a discrete fixed 77 

voxel grid, a NAF represents the CT images as a continuous function field of spatial coordinates 78 

and optimizes this function by matching the measured projections, without requiring external 79 

training data. The inherent continuity of the INR provides a useful prior for sparse-view 80 

reconstruction, in which limited angular sampling can make reliable CT image reconstruction 81 

challenging30. In early object-domain approaches, the trained NAF was used as the reconstructed 82 

image, even though the loss was evaluated only between the predicted and measured projections. 83 

Consequently, voxels that are weakly constrained by the sparse measurements may be governed 84 

more by the fitted network than by the data, and overfitting to the sparse-view sinogram can 85 

appear as noise-like intensity errors in the directly queried volume. CoIL instead represents the 86 

sinogram as a continuous function of measurement coordinates and synthesizes denser 87 

measurements for subsequent reconstruction27. However, the view-angle and detector 88 

coordinates of a sinogram are coupled by the projection geometry rather than forming 89 

independent orthogonal spatial axes, which is inconsistent with the coordinate structure assumed 90 

by Fourier spatial encoding. SCOPE addresses these limitations by combining re-projection with 91 
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hash encoding of the spatial coordinates30. Instead of using directly queried voxel values as the 92 

final image, it utilizes the learned NAF for forward projection to synthesize a dense-view 93 

sinogram in the same measurement space as the acquired data. The final image is then 94 

reconstructed using FBP, thereby reducing the voxel-wise overfitting associated with direct 95 

readout. 96 

 97 

Cone-beam artifacts can also be viewed as a consequence of incomplete projection 98 

sampling13,14,21, but the incompleteness is geometric rather than angular: sparse-view artifacts 99 

arise from insufficient angular sampling, whereas cone-beam artifacts arise from Tuy’s 100 

incompleteness in off-plane regions. The continuity prior of a neural attenuation field helps 101 

compensate for the missing off-plane information caused by Tuy’s incompleteness. However, 102 

existing NAF-based CBCT methods still use the original cone-beam geometry to synthesize 103 

additional projections. Consequently, the synthesized projections remain geometrically 104 

incomplete, leaving cone-beam artifacts largely unresolved26,27,30. 105 

 106 

Here we propose Volumetric Fan-beam with Imaging Neural Attenuation Field (VFINAF), an 107 

unsupervised reconstruction pipeline that decouples the reconstruction geometry from the 108 

acquisition geometry to reduce the cone beam artifacts. VFINAF first trains a NAF model from 109 

cone-beam projections. The trained NAF is then queried along dense virtual fan-beam rays to 110 

synthesize complete fan-beam sinograms slice-by-slice, which are reconstructed with 111 

conventional reconstructions, such as 2D FBP or SIRT. The advantages of VFINAF are three 112 

folds. First, the intrinsic continuity of NAF compensates the incompleteness problems. Second, 113 

dense-reprojection of NAF allows query a voxel from more directions compared with the 114 
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original acquisition geometry. Third, because each slice is reconstructed from a complete 2D 115 

fan-beam sinogram, the final reconstruction is not subject to off-plane limitations associated with 116 

Tuy’s incompleteness. We hypothesize that this geometry-decoupled re-projection preserves 117 

some off-plane structures estimated by the NAF continuity prior, reducing cone-beam artifacts 118 

while preserving the advantages of NAF-based reconstruction. 119 

2. Materials and Methods 120 

2.A VFINAF Model 121 

  122 
Figure 1. The VFINAF pipeline. (A) Learning the 3D neural attenuation field (NAF) from the measured cone-beam 123 
scan. Coordinates sampled along each X-ray are hash-encoded and passed to a multilayer perceptron (MLP, 𝑀ః) 124 
that returns the linear attenuation coefficient μ, which is integrated along the ray and compared with the measured 125 
projection through an L1 loss. (B) Fan-beam re-projection reconstruction. The trained MLP is queried slice by slice 126 
along virtual fan-beam rays to generate dense fan-beam sinograms, which are reconstructed by FBP or SIRT into the 127 
slice CT images. Volumetric CT images are assembled from these slice CT images. 128 

 129 

VFINAF represents the scanned object as a continuous neural attenuation field (NAF) and 130 

recovers it by fitting the NAF to the measured projections. The NAF is a coordinate-based 131 

function 132 
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 𝜇(𝐱) = 𝑀ః(𝐱),  (1) 133 

where 𝐱 = (𝑥, 𝑦, 𝑧) is a spatial coordinate, 𝜇 is the linear attenuation coefficient at that point, and 134 

𝛷 represents the trainable parameters of the MLP. Each measured projection is modeled as the 135 

line integral of 𝜇 along the corresponding X-ray path. Denoting the forward operator by a system 136 

matrix 𝐴, the predicted projections 𝑃̂ are 137 

 𝑃̂ = 𝐴 𝜇(𝐱) = 𝐴 𝑀ః(𝐱),  (2) 138 

and the MLP parameters are learned by minimizing the discrepancy between the predicted 139 

projections 𝑃̂ and the measured projections 𝑃, 140 

 𝛷⋆ = arg min
ః

 ℒଵ൫𝑃̂, 𝑃൯. (3) 141 

At each iteration, a batch of rays is drawn at random from the measured cone-beam rays, and the 142 

NAF is fit by minimizing an 𝐿ଵ loss between the predicted and measured projections, 143 

 ℒଵ =
ଵ

|ℛ|
∑ ห 𝑃̂(𝑟) − 𝑃(𝑟) ห௥∈ℛ , (4) 144 

with ℛ the ray batch. The training stops after certain number of iterations. 145 

 146 

The VFINAF pipeline is illustrated in Figure 1 and consists of two stages. In the first stage, Fig 147 

1(a), the NAF is learned from the measured cone-beam projections. To enhance the recovery of 148 

high spatial frequency information, each spatial coordinate is first mapped to a feature vector 𝐯 149 

by a multi-resolution hash encoding37, and the feature vector is decoded by a MLP into the 150 

attenuation coefficient, 151 

 𝐯 = 𝐻ట(𝐱),   𝜇 = 𝑀థ(𝐯), (5) 152 

where 𝜓 and 𝜙 are the parameters of the hash encoding and the MLP, and 𝛷 = {𝜓, 𝜙}. The hash 153 

encoding maintains trainable feature grids at 𝐿 resolution levels from coarse to fine, with each 154 

level stored in a fixed-size hash table. The cone-beam forward projection follows the Beer-155 
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Lambert line-integral model. Along an X-ray, the NAF is sampled and integrated to give the 156 

predicted projection, collecting all cone-beam rays gives the compact form 𝑃̂௖ = 𝐴௖𝑀ః.  157 

 158 

After training, 𝑀ః⋆ provides a continuous attenuation estimate throughout the volume, including 159 

off-plane regions affected by Tuy's incompleteness. In the second stage, Fig 1(b), the learned 160 

NAF is used to synthesize virtual projections, but in fan-beam rather than cone-beam geometry. 161 

For each axial slice 𝑧 = 𝑧௞, a dense set of virtual fan-beam rays lying entirely within that plane is 162 

defined. Querying the NAF along these rays and integrating yields the fan-beam sinogram of the 163 

slice, 𝑃̂௙ = 𝐴௙𝑀ః. VFINAF synthesizes significant denser view sinograms than raw acquire 164 

projection data. The volumetric image is then reconstructed slice by slice. Re-synthesizing in 165 

fan-beam geometry therefore separates the downstream reconstruction from the original cone-166 

beam acquisition geometry and avoids the cone-beam reconstruction error of direct cone-beam 167 

image formation. 168 

 169 

The architecture of NAF we adopted is similar to previous studies38. The MLP has two hidden 170 

layers of 128 neurons each. The hash encoding uses 𝐿 = 16 levels with table size 𝑇 = 2ଶଵ, 𝐹 =171 

8 features per entry, minimum resolution 𝑁୫୧୬ = 2, and per-level growth factor 𝑏 = 1.6. The 172 

network is trained with the Adam optimizer at an initial learning rate of 10ିଷ, halved every 4000 173 

epochs over a total of 12000 epochs. All experiments were run on a single NVIDIA RTX 5090 174 

GPU on a workstation with 64 GB of system memory. 175 

2.B Simulation Experiment 176 

A FORBILD-Defrise digital phantom was generated as the simulation ground truth and was 177 

designed to expose cone beam artifacts along the vertical direction (Figure 2). Each disk slice 178 



Page 9 

follows the FORBILD pattern39; the disk thickness is 5 mm, the inter-disk air gap is 5 mm, and 179 

the phantom contains 11 disks in total along the axial direction. A relatively large cone angle of 180 

20 degrees was chosen to mimic the maximum cone angle encountered in clinical CBCT. The 181 

source-to-object distance (SOD) is 298 mm and the source-to-detector distance (SDD) is 567 182 

mm. In the simulation experiment the 360 raw projection images were generated over 360°, the 183 

1440 views dense re-projection from NAF were used for FBP reconstruction, and the volumetric 184 

CT images were reconstructed at an isotropic voxel size of 0.5 mm. 185 

 186 
Figure 2. The FORBILD-Defrise digital phantom used in the simulation experiment: (a) axial (b) sagittal view. The 187 
phantom comprises eleven axially stacked FORBILD disks, each 5 mm thick and separated by 5 mm gaps.  188 

 189 

2.C Real Experiment 190 

Two physical phantoms were imaged on a CNT X-ray CBCT system40 for real-data validation 191 

(Figure 3). The first is a homemade Defrise phantom, with a stack of 12 acrylic discs 160 mm in 192 

diameter and 4 mm thick. The discs are separated by 4 mm air gaps (Fig. 3a), which reproduces 193 

the off-plane disk structure of the digital FORBILD-Defrise phantom and is designed to 194 

investigate the cone-beam artifacts along the axial direction. The second is an anthropomorphic 195 

adult skull and tissue-equivalent head phantom (RANDO, Nuclear Associates, Hicksville, NY, 196 

Fig. 3b), which provides realistic craniofacial bony anatomy.  The system geometry has SOD = 197 
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410 mm, SDD = 620 mm, and an x-ray beam cone angle of 10.4°. Projections were acquired 198 

with a flat-panel detector (Xineos-1511, Teledyne Dalsa, Waterloo, Canada) with an active area 199 

of 147.1 mm (width) by 113.7 mm (height) and a pixel pitch of 99 microns. The detector was 200 

shifted laterally by 70 mm, extending the field of view (FOV) to 187 mm (width) by 70 mm 201 

(height) at the rotation center7, and was operated in 2 × 2 binning mode. The CNT X-ray source 202 

(NuRay Technologies, Changzhou, China) operated at 110 kV with 1.7 mm Al inherent filtration 203 

and an additional 0.3 mm Cu external filter41. The per-source exposure time was 5 ms with a 204 

tube current of 11 mA, controlled by an electronic control module (ECS, NuRay Technologies). 205 

The total exposure was 19.8 mAs, corresponding to a dose-area product of 5.17 dGy·cm². For 206 

anatomical reference, the RANDO head phantom was also scanned on a clinical multidetector 207 

CT system (SOMATOM Force, Siemens, Germany) at 110 kV, using the standard adult head 208 

protocol in our institution. The MDCT volume was reconstructed at a voxel size of 0.5 × 0.5 × 1 209 

mm and serves as the anatomical reference. 210 

 211 
Figure 3. Physical phantoms used in this study. (a) A homemade Defrise phantom with a stack of acrylic discs. (b) 212 
An anthropomorphic adult head phantom (RANDO, Nuclear Associates, Hicksville, NY). 213 

 214 

The 360 projections were acquired in cone-beam half-detector geometry over 360°, while 215 

VFINAF synthesizes 1440 dense projections in fan-beam full-detector geometry in re-projection 216 
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process. In the half-detector geometry, SIRT reconstruction was used as the downstream 217 

reconstruction for all physical phantom volumes. All datasets acquired from the physical 218 

phantom were reconstructed at an isotropic voxel size of 0.4 mm. 219 

2.D Evaluation Metrics 220 

Image quality was evaluated by Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity 221 

Index Measure (SSIM)42,43. PSNR is defined as 222 

 PSNR = 10 logଵ଴(MAX2/MSE) (6) 223 

where MAX is the maximum attainable intensity value of the reconstructed volume and MSE is 224 

the voxel-wise mean squared error against the ground truth.  225 

SSIM is defined as 226 

 SSIM(x, y) =
൫ଶஜ౮ஜ౯ାେభ൯൫ଶ஢౮౯ାେమ൯

൫ஜ౮
మାஜ౯

మାେభ൯൫஢౮
మା஢౯

మାେమ൯
 (7) 227 

with means μ௫ and μ௬, variances σ௫
ଶ and σ௬

ଶ , covariance σ௫௬, and stabilization constants 𝐶ଵ and 228 

𝐶ଶ. 229 

Throughout the Results section, for the digital phantom, the FORBILD-Defrise volume served as 230 

the ground truth. For the RANDO phantom, the MDCT image was used as the reference. 231 
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3. Results 232 

3.A Simulation Results 233 

 234 
Figure 4. Cone-beam artifact reduction demonstration using the FORBILD-Defrise phantom. The columns show the 235 
ground truth and reconstructed images obtained with FDK, SIRT, and VFINAF. The rows show sagittal views, edge 236 
axial slices, and central axial slices. The dashed green and yellow lines in the sagittal view indicate the locations of 237 
the corresponding axial slices, which are outlined with matching dashed boxes. Window: [0, 0.3] cm-1. 238 

 239 

The FORBILD-Defrise phantom was used to evaluate cone-beam artifact reduction under a 240 

controlled setting (Figure 4). In the sagittal view, the ground truth contains 11 evenly spaced 241 

disks. FDK preserves only the central three disks, and SIRT recovers approximately the central 242 

five, leaving the remaining off-plane disks substantially blurred or lost because of cone-angle-243 

related artifacts. VFINAF instead recovers all 11 disks with clear separation, indicating improved 244 

recovery of structures outside the central plane. This difference is most evident in the edge axial 245 

slice, which is the region most affected by cone-beam geometry. There, both FDK and SIRT 246 
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images show severe artifacts and inaccurate intensity in the edge disk, whereas VFINAF restores 247 

the FORBILD edge-disk structures with fewer visible artifacts and more faithful intensity 248 

patterns. In the central axial slice, where the data are less affected by cone-angle incompleteness, 249 

all three methods provide comparable image quality. The main advantage of VFINAF therefore 250 

lies in suppressing cone-beam artifacts and recovering off-plane structures that are degraded in 251 

conventional reconstructions. 252 

 253 
Figure 5. Line profiles of the linear attenuation coefficient (LAC, cm-1) along the vertical direction in the 254 
FORBILD-Defrise phantom. (a) Comparison among ground truth, FDK, and SIRT. (b) Comparison between ground 255 
truth and VFINAF. The upper x-axes indicate the corresponding half cone angles.  256 

 257 

Vertical LAC line profiles through the same phantom were shown in Figure 5. FDK and SIRT 258 

both deviate substantially from the ground-truth profile, particularly at larger half cone angles, 259 

see Fig. 5(a). FDK shows strong intensity distortion and fails to preserve the expected disk-by-260 

disk profile outside the central region (with ±3° half cone angle). SIRT recovers more central 261 

disks (up to ±5° half cone angle), but still exhibits pronounced blurring, peak distortion, and 262 

nonzero background between disks, indicating incomplete separation of off-plane structures. In 263 

contrast, the VFINAF profile in Fig. 5(b) closely follows the ground truth across the full vertical 264 

range and recovers all 11 disk peaks (with ±10° half cone angle) with improved separation and 265 

intensity fidelity. Only mild deviations remain near the largest half cone angles. These line-266 
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profile results support the visual findings in Fig. 4 and indicate that VFINAF more effectively 267 

suppresses cone-beam artifacts while preserving the attenuation structure of the Defrise phantom. 268 

 269 
Figure 6. (a) PSNR and (b) SSIM as a function of half cone angle for the FORBILD-Defrise phantom; each value is 270 
the mean over the corresponding disk. Curves are shown for FDK, SIRT, VFINAF. 271 

 272 

Figure 6 summarizes the PSNR and SSIM of each disk as a function of half cone angle. Both 273 

metrics varied systematically with half cone angle, with lower values toward the two peripheral 274 

ends of the disk array, where cone-beam artifacts were most pronounced. FDK showed the 275 

strongest angular dependence: its PSNR dropped rapidly to one-third of the PSNR at central 276 

disk, and its SSIM remained substantially lower than the other methods across most disks. SIRT 277 

produced a smoother profile and improved the peripheral disks compared with FDK, although its 278 

PSNR and SSIM still decreased noticeably away from the central region. VFINAF achieved the 279 

highest PSNR and SSIM across all half cone angles. In particular, its SSIM remained above 0.80 280 

even at the peripheral disks and approached a high value near the center, indicating improved 281 

structural preservation over the full disk array. These quantitative results support the visual 282 

findings in Figs. 4 and 5, showing that VFINAF provides stronger cone-beam artifact reduction 283 

while maintaining high image fidelity across both central and off-plane regions. 284 
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3.B Experimental Results 285 

 286 

Figure 7. Sagittal views of the Defrise phantom reconstructed using (a) SIRT and (b) VFINAF at a cone angle of 287 
10°. Window: [−1000, 500] HU. 288 

 289 

A similar reduction in cone-beam artifacts was observed in CT images of the physical Defrise 290 

phantom (Figure 7). In the sagittal view, SIRT preserves the expected repeated disk pattern, but 291 

shading and reduced disk-to-gap separation are evident near the two longitudinal ends of the 292 

phantom. As a result, only five disks can be clearly resolved in Fig. 7(a). VFINAF preserves the 293 

repeated disk structure with clearer separation between adjacent disks and resolves all 12 disks in 294 

Fig. 7(b).  295 

 296 

The evaluation was also done using the anthropomorphic RANDO head phantom, with MDCT 297 

images acting as a reference (Figure 8). The MDCT images provide clearer depiction of the 298 

craniofacial bony anatomy in the axial, sagittal, and coronal planes. Compared with the reference 299 

images, the CBCT SIRT reconstruction images show pronounced degradation near both axial 300 

ends of the reconstructed volume, where cone-beam artifacts appear as intensity shading, 301 
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streaking, and loss of structural definition. VFINAF significantly reduces these artifacts across 302 

all three orthogonal views. The bony structures are better preserved than in SIRT and show 303 

closer visual agreement with the MDCT reference. These results indicate that VFINAF improves 304 

off-plane image quality in the RANDO phantom while preserving the main anatomical 305 

structures. 306 

 307 
Figure 8. Orthogonal views of the RANDO head phantom reconstructed with SIRT and VFINAF, with MDCT 308 
shown as the reference. Axial, coronal, and sagittal slices are displayed for each image set. The dashed lines mark 309 
the slice positions used to generate the corresponding orthogonal views. Window: [-1000,1200] HU 310 
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3.C Effects of Re-projection 311 

 312 

Figure 9. Effect of the number of fan-beam re-projection views on reconstruction quality in the FORBILD-Defrise 313 
digital phantom. (a) PSNR and (b) SSIM as functions of half cone angle. (c, d) VFINAF reconstructions using 360 314 
and 1440 re-projection views, respectively. Window: [0.15, 0.23] cm⁻¹. 315 

 316 

Figure 9 compares direct voxel-wise evaluation of the trained NAF with VFINAF using different 317 

fan-beam re-projection views. Re-projection substantially improved PSNR across all half cone 318 

angles, with the improvement largely converging at 720 views (Fig. 9a). SSIM was more 319 

sensitive to angular sampling: 360 views produced residual view-aliasing streaks and markedly 320 

lower SSIM, whereas 1440 views consistently achieved the highest values (Figs. 9b). Further 321 

increasing the re-projection views does not increasing the performance. This difference is also 322 

evident in the reconstructed images: pronounced residual view-aliasing streaks are present with 323 
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360 views but are substantially reduced with 1440 views (Figs. 9c and 9d). Based on these 324 

results, 1440 re-projection views were used throughout this study. 325 

 326 
Figure 10. Central axial slice of the RANDO head phantom images using direct NAF readout (a) and VFINAF with 327 
1440 fan-beam re-projection views (b). The bottom row shows the corresponding gradient-magnitude maps (c, d). 328 
Dashed boxes indicate the regions shown in the magnified insets. Window: [−1000, 2000] HU. 329 

 330 

Figure 10 evaluates the effect of dense fan-beam re-projection on the experimental RANDO 331 

phantom by comparing VFINAF using 1440 re-projection views with direct NAF readout for the 332 

central axial slice. Because an artifact-free reference was unavailable, gradient-magnitude maps 333 

were used to visualize noise-related intensity variations. Direct NAF readout exhibits visibly 334 

higher noise throughout the phantom, whereas VFINAF produces a more uniform reconstruction 335 
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with lower overall noise while preserving the anatomical structures. This difference is more 336 

apparent in the gradient maps: direct NAF readout shows widespread background responses, 337 

while VFINAF substantially suppresses these responses, leaving the dominant gradients 338 

concentrated around anatomical and material boundaries. These results demonstrate that dense 339 

fan-beam re-projection reduces noise relative to direct NAF readout in the experimental data. 340 

Together with the re-projection-view analysis in the digital phantom, this finding supports the 341 

use of 1440 re-projection views in the remaining experiments. 342 

 343 

4. Discussion 344 

This study demonstrates that VFINAF reduces cone-beam artifacts in CBCT by using a learned 345 

continuous neural attenuation field for dense virtual fan-beam re-projection. The resulting full-346 

angle dense-view fan-beam sinograms support high-quality slice-wise 2D FBP or SIRT 347 

reconstruction, even though the experimental acquired projection data is in cone-beam geometry. 348 

In Figures 4–6, VFINAF and conventional reconstructions are comparable near the central plane, 349 

but their performances differ significantly at larger half cone angles: FDK preserves the 350 

structural detail only up to ±3° half cone angle, and SIRT up to ±5° half cone angle, while 351 

VFINAF recovers the structural detail up to ±10° half cone angle. The physical Defrise 352 

experiment shows the same conclusion as the digital phantom simulations. 353 

In the RANDO phantom experiment, VFINAF reduces cone-beam artifacts in all three 354 

orthogonal planes, with bony structures showing closer visual correspondence to the MDCT 355 

reference (Figure. 8).  Figures 9 and 10 further show that dense fan-beam re-projection improves 356 

upon direct NAF readout by suppressing local fluctuations in the learned field through 357 

tomographic reconstruction. Adequate angular sampling is necessary, as 360 views introduce 358 
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aliasing streaks, whereas 1440 views provide the best structural fidelity and noise suppression. 359 

The greater residual variations in the edge slice indicate that re-projection reduces, but does not 360 

eliminate, uncertainties associated with Tuy’s incompleteness. The distinguishing contribution of 361 

VFINAF is geometry-decoupled fan-beam re-projection. Unlike earlier methods that use the 362 

trained NAF as a direct image or synthesize dense-projections views in the same acquisition 363 

geometry, VFINAF utilized the learned NAF to synthesize dense view in a fan-beam geometry 364 

slice-by-slice, thereby decoupling from the original cone-beam acquisition. This enables 365 

significant cone-beam artifact reduction while preserving the unsupervised advantages of NAF. 366 

Future work will evaluate VFINAF on clinical patient images to test whether the observed off-367 

plane artifact reduction generalizes to other imaging acquisition geometry such as multiple 368 

source CBCT. 369 

 370 

5. Conclusions 371 

VFINAF provides an unsupervised NAF-based reconstruction framework for reducing cone-372 

beam artifacts in CBCT. By learning a NAF from cone-beam projections and reconstructing it 373 

through dense fan-beam re-projection, VFINAF decouples the final reconstruction geometry 374 

from the original acquisition geometry. This allows each axial slice to be reconstructed from a 375 

complete fan-beam sinogram and avoids Tuy’s incompleteness associated with direct cone-beam 376 

reconstruction.   377 

In both the digital phantom simulation and real-data CBCT experiments, VFINAF reduced cone-378 

beam artifacts in all three orthogonal planes. Dense fan-beam re-projection also reduced noise 379 

compared with direct NAF readout when sufficient angular sampling was used. These findings 380 
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suggest that geometry-decoupled fan-beam re-projection is the key contribution of VFINAF, 381 

enabling cone-beam artifact reduction while retaining the unsupervised advantages of NAF 382 

reconstruction. Future work will evaluate whether these benefits generalize to sparse-view and 383 

limited angle CT acquisition geometry. 384 

 385 

 386 
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