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Abstract

Background: Four-dimensional cone beam computed tomography (4D CBCT) plays an important role in image-
guided radiation therapy (IGRT) of thoracic cancers. However, its clinical utility is hindered by long scan times,
resulting in high patient dose and compromised image quality such as streaking artifacts caused by respiratory motion
and sparse sampling of projections.

Purpose: We propose a novel deep learning-based method to enable motion-resolved 4D CBCT reconstruction from
conventional clinical free-breathing scans without the need for a respiratory signal or explicit projection binning. The
proposed deep convolutional neural network (CNN) takes conventional free breathing 3D CBCT projection data as
input and predicts a static volume representing the maximum inhalation phase and a set of ten displacement vector
fields (DVFs) representing patient motion during a complete breathing cycle.

Methods: The network extends the well-known U-Net architecture. The downsampling encoder path acts directly
on filtered CBCT projection stacks, whereas the upsampling-decoder part acts in the volume domain. The skip
connections found in conventional U-Nets are replaced with non-trainable back projection functions at multiple levels
of resolution to effectively transfer features from the projection to the volume domain. The model is trained in a
supervised fashion on simulated CBCT scans. The method is evaluated on simulated scans of 11 held-out unseen
patients from the same simulation dataset, and on 13 clinical free-breathing CBCT scans. Two additional models
with different acquisition settings (scan durations of 60s and 65) were trained and evaluated using three and two
scans, respectively, in a clinical expert evaluation. The experts were presented with side-by-side views of a single
phase from our 4D reconstruction and a reference 3D SART-TV image and indicated their preference with regard to
tumor and esophagus visibility.

Results: Clinical experts attested improved tumor visibility (59%, vs. 36% no preference, 5% preferred a reference
3D reconstruction), and esophagus (47%, vs. 42% and 11%). Using the simulated test dataset, we observed stable
image quality metrics compared to a traditional SART-TV 3D reconstruction (mean RMSE: -1.19 HU, PSNR: +0.09
dB, SSIM: -0.009) while enabling motion-resolved 4D reconstruction. For clinical CBCT scans, where ground-truth
is unavailable, our method demonstrates improved resolution of dynamic structures (e.g., diaphragm) while greatly
mitigating motion streak artifacts when compared to traditional reconstructions.

Conclusions:  Our proposed novel, non-patient-specific CNN model enables the prediction of static volumes and
complete 4D respiratory motion models from a conventional clinical free-breathing scan without the need for a
recorded respiratory surrogate signal or explicit projection binning. Our study serves as a proof-of-concept for this
method, showcasing reduced motion artifacts in images while adding motion modeling capability.
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|. Introduction

Four-dimensional cone beam computed tomography
(4D CBCT) has great potential in Image-Guided Ra-
diation Therapy (IGRT) for thoracic cancers, en-
abling motion-resolved tumor localization and adap-
tive treatment planning.

However, the required long acquisition times can
result in higher patient radiation dose, and 4D CBCT
image acquisition protocols typically require addi-
tional hardware and setup time to allow recording of
respiratory surrogate signals, further reducing clinical
utility .

Furthermore, reconstruction algorithms, such as
the Feldkamp-Davis-Kress (FDK) method? or alge-
braic reconstruction techniques (ART)3 are sensitive
to motion corruption and incomplete data, leading to
degraded image quality.

We introduce a novel deep learning (DL) ap-
proach for motion-resolved 4D CBCT reconstruction
from standard clinical free-breathing scans, eliminat-
ing the need for a recorded respiratory signal or ex-
plicit projection binning*. A 4D CBCT method,
which does not require respiratory signals or explicit
binning, can improve robustness, efficiency, and im-
age quality by simplifying workflow and reducing er-
rors from surrogate signals.

[.LA. Related Work

Numerous approaches have been proposed to ad-
dress motion artifacts and enable time-resolved (4D)
CBCT reconstruction, including post-processing
of reconstructed images, deep learning-based de-
formable image registration, projection-binned recon-
structions, dual-domain methods, and reconstruction
strategies that avoid explicit projection binning>©.
Post-processing methods operate on recon-
structed 3D or 4D volumes and have been used to
suppress various types of image defects. We focus
on artifacts introduced by motion or sparse sam-
pling. Typically, these methods work by learning
mappings from artifact-corrupted to artifact-free im-
ages’. Types of architecture include CNNs® and gen-
erative methods such as generative adversarial net-
works (GANs) and diffusion models®1911  While
many 3D artifact-reduction methods can also be ap-

plied to 4D CBCT, some studies specifically focus on
the special properties of 4D scans!?13.

Motion compensated (MoCo) approaches start
with an initial (usually phase correlated) 4D recon-
struction and then use motion modeling to combine
the 4D volumes to a new set of volumes with reduced
sparse-sampling artifacts'41%16.17  Deformable im-
age registration (DIR) is often used for motion mod-
eling. One widely adopted framework is Voxel-
Morph, which employs a U-Net architecture to per-
form DIR'®. Extensions to groupwise registration
and settings with sparse or artifact-laden data have
also been studied %29,

Most 4D techniques, including MoCo, require
the binning of projections according to motion state
(most often respiratory phases). This requires a res-
piratory surrogate signal which is recorded during the
scan using, e.g., an optical marker block (such as the
Varian Real-Time Position Management(®R) (RPM)
system), belts, or other optical methods. However,
the need for such external equipment increases scan
setup complexity and duration. Alternatively, surro-
gate signals can also be extracted after the scan from
projection data, for example using the well-known
Amsterdam Shroud?! or intensity analysis method 2.
For these methods, however, the accuracy of the sig-
nal depends on the quality and properties of the pro-
jection data, and usually only works well for a limited
range of scan angles.

Several methods have been proposed to com-
bine operations in both the projection and volume
domains?3. One such technique incorporates differ-
entiable non-trainable projection operators directly
into neural networks?*. Other dual-domain strategies
have jointly optimized projection interpolation and
image-domain enhancement in a unified network?®
or integrate deep learning components into iterative
reconstruction pipelines?%-%7,

Methods that do not require a surrogate signal
are attractive in clinical settings, where such signals
are often unavailable. Recent work has explored re-
construction of dynamic 4D CBCT techniques that
aim to reconstruct volumes at each projection, by-
passing the need for explicit projection binning?82°.
Patient-specific learning-based models have been de-
veloped to reconstruct images from single projections
by estimating deformation models that map a refer-



ence image to the observed motion state using ex-
plicit motion fields3° or an implicit neural fields based
approach3!.

[.B. Contributions

We propose a deep learning-based method to en-
able motion-resolved 4D CBCT reconstruction from
conventional clinical free-breathing scans without the
need for a recorded respiratory surrogate signal and
without any explicit projection binning. The neu-
ral network is a novel style of dual-domain U-Net
with non-trainable back projection operations within
its skip connections to allow end-to-end joint motion
modeling and 4D image reconstruction directly from
projections. The model is not patient-specific and
can be trained and evaluated on a mid-tier GPU.

lI.  Materials and Methods

[I.LA. Synthetic data generation

Our models are trained on synthetic free-breathing
CBCT scans, generated using respiratory motion sim-
ulation based on a previously published method®.

DIR is performed across the ten phases of four-
dimensional computed tomography (4D CT) using a
registration neural network'®29. The network regis-
ters each phase to the next in a cyclic manner, wrap-
ping from the final phase back to the initial phase,
resulting in a series of patient-specific deformation
vector fields (DVFs).

Each synthetic scan is generated from a set of
DVFs and the corresponding maximum-inhale refer-
ence volume combined with a randomly selected res-
piratory amplitude signal. For each respiratory cycle
within this signal, the amplitude is converted into a
phase signal and a per-cycle amplitude ratio. The
amplitude ratio measures how much a given cycle's
inhale-to-exhale amplitude compares to the largest
such amplitude in the scan.

During simulated X-ray acquisition, the DVF cor-
responding to the current phase of the respiratory
signal is selected and scaled by the per-cycle ampli-
tude ratio. The reference volume is deformed using
this scaled DVF and then forward-projected to gener-
ate digitally reconstructed radiographs (DRRs). The

result is a set of synthetic CBCT projections that con-
tain realistic respiratory motion patterns with inter-
phase variation in amplitude.

Additionally, motion artifact-free ground-truth
volumes are generated by deforming the reference
volume using the DVFs at ten discrete phases (rang-
ing from 0% to 90%). These ground-truth volumes
correspond to the breathing cycle with the highest
inhale-to-exhale amplitude in the scan.

II.B. U-Net with embedded back projec-

tion operator

The proposed neural network takes a set of free-
breathing CBCT projections as input and predicts
a static volume (max-inhale) and a set of circular
DVFs that model a complete respiratory cycle (Fig-
ure 1). The DVFs are applied to the static volume to
create ten breathing phases, resulting in a 4D recon-
struction consistent in format with traditional phase-
correlated 4D CBCT methods. The network architec-
ture is based on the original U-Net design, adapted
to process projection data and output volumetric mo-
tion representations. We use six hierarchical levels.
Projection pre-processing:  Following the tradi-
tional FDK reconstruction approach?, the scatter-
corrected input projections are converted to attenu-
ation space and filtered using a Shepp-Logan filter.
The resulting projection stack is standardized to zero
mean and unit variance before being fed into the net-
work.

Projection domain encoder: The projections are
arranged into a 3D tensor (sinogram) of dimensions
N x H x W, where N is the number of projections
(temporal dimension), and H, W are the spatial pro-
jection height and width, respectively. The U-Net
encoder uses strided 3D convolutions for hierarchical
feature extraction. A stride of 2 is applied along the
spatial dimensions at each level to progressively re-
duce resolution. Along the temporal axis, the first
two encoding levels use a stride of 2 to expand the
temporal receptive field, while the remaining four lev-
els use a stride of 1 to mitigate sparse-sampling ar-
tifacts in the embedded back projection operators.
The number of filters at each level is 32, 64, 64, 64,
64, and 64, respectively.

Projection-to-volume skip connections: At each
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Figure 1:

Overview of the CNN-based reconstruction method. Starting with CBCT projections from a

scan and finally predicting a static volume and a set of cyclic DVFs representing patient motion during a

breathing period.

level of the U-Net, the projection domain feature
maps are translated to the volume domain via embed-
ded non-trainable back projection functions?*. In-
stance normalization is applied to the backprojected
feature maps and they are then concatenated with
the corresponding features in the volume-domain de-
coder path. The back projection functions are im-
plemented as custom CUDA kernels. When com-
bined with the Shepp-Logan filter applied to the in-
put projections, this resembles the FDK reconstruc-
tion method. To allow end-to-end training of the
network, the backward pass of these layers is imple-
mented as a forward projection operation.

Volume domain decoder: Each level applies a
block consisting of 3 x 3 x 3 convolutions followed
by Swish activation3? and 2x trilinear upsampling. In
addition to the upsampling layers, we add three addi-
tional convolution layers without upsampling on the
top level of the network to refine the resulting volu-
metric outputs at the final output resolution. All con-
volutional layers in the decoder use 64 filters, making
the down- and upsampling paths of the U-Net sym-
metric except for the top level.

Network outputs and volume warping: The last
layer of the network is a convolutional layer without
an activation function; it maps the feature maps to
the output volume with dimensions 31 x D x H x
W. This output volume is split into a static image

(1x D x H x W) and a set of 10 DVFs (10 x D x
H x W x 3), where D, H, W are the volume sizes in
z,y,x directions, respectively. Each DVF maps the
volume from one breathing phase to the next, thus
representing a periodic breathing cycle. These DVFs
are used to warp the static volume and generate a
10-phase 4D image sequence.

[1.B.1. Training

The model consists of just 2.2 million parameters. All
models were trained using a batch size of 1, utilizing
approximately 30 GB of the 48 GB available on a
single NVIDIA RTX A6000. Training for 300 epochs
takes approximately 100 hours. We track validation
performance on a held-out portion of the dataset and
select the model with the best performance. We use
the Adam optimizer3® with a learning rate of 107°.
The training uses MAE loss on the predicted static
image and the moving 4D images with equal weights,
and bending energy3* regularization (weight: 0.001)
on the predicted DVFs. We performed basic manual
hyperparameter tuning on the 30s synthetic dataset
and used the same settings for training the 60s and
6's scan duration models.



[I.C. Evaluation

Model performance is assessed on a synthetic test
dataset and real clinical CBCT scans.

For the synthetic test dataset, where ground-
truth images are available, we report Root Mean
Square Error (RMSE), Peak Signal-to-Noise Ratio
(PSNR), and Structural Similarity Index (SSIM) for
the predicted volumes and compare them to tradi-
tional 3D (SART-TV) reconstructions. These met-
rics are computed on the body-only part of the im-
age; background air and couches are removed prior to
computing all metrics. Background removal is per-
formed by thresholding the image based on HU and
selecting the second-largest connected component in
the image as the body (the largest component being
the background).

To assess suitability for downstream clinical tasks
and motion modeling performance, we use TotalSeg-
mentator3® to perform segmentation on both the
ground-truth and reconstructed volumes. TotalSeg-
mentator produces segmentation masks for over 100
structures; we focus on the relevant structures right
lung, left lung, liver, heart, esophagus, and spinal
cord, and report Dice similarity coefficients (referred
to as Dice scores) for these segments.

Robustness and adaptability of our proposed
method were evaluated by training two additional
models on a 60s and 6s free-breathing setup. Al-
though a short 6s CBCT naturally exhibits fewer mo-
tion artifacts, it presents a significant challenge for
motion-resolved 4D reconstruction due to the very
limited number of projections per respiratory phase.

Predictions from these models were used to con-
duct a clinical expert evaluation. The experts were
presented a side-by-side view of a SART-TV 3D re-
construction and the exhale phase image from our
4D reconstruction. They were asked to assess tumor
and esophagus visibility and indicated their preferred
reconstruction.

For the clinical scan test datasets, there is no
ground-truth available. We provide images for qual-
itative assessment, comparing our method to 3D it-
erative algebraic (SART-TV)3¢ and 4D McKinnon-
Bates (MKB)37:38 reconstructions.

[1.C.1. Input data consistency

There is no ground-truth available for the real CBCT
scans. To assess projection consistency of the pre-
dicted motion pattern with the actual motion in the
scan, we assess the diaphragm motion in projection
space by forward projecting our 4D reconstruction
and comparing it to the original input projections.
The predicted 10-phase volumes are each forward
projected with acquisition settings that match the
original input data, resulting in a set of 10 sinograms
which are used to assess the input data consistency.

Amsterdam-Shroud method to extract di-
aphragm motion: A diaphragm displacement sig-
nal is extracted from the original input projection us-
ing the Amsterdam-Shroud (AS)?! method for the
right lung. A region of interest (ROI, 13 x 13 x 32
voxels) containing the diaphragm dome is manually
selected for each scan. To extract the actual sig-
nal from the AS images, we use a path-finding algo-
rithm39 to find the minimum-cost path through all
columns of the AS image. Due to the presence of
minor residual sorting artifacts (ghost edges) from
the original 4D-CT scans for the synthetic datasets
(Figure 3), and the slightly blurred results for our
reconstruction method, we have found this to be
a more robust way to extract curves from AS im-
ages than the better-known maximume-intensity or
optimization-based methods. In particular, the path-
finding approach also alleviates issues for scan angles
where the left lung diaphragm is also visible in the
AS image, which can lead to discontinuities when us-
ing other methods. Furthermore, all AS images are
manually reviewed and we mark invalid regions due
to the ROI leaving the field-of-view, occlusion of the
diaphragm, or other artifacts.

Comparison of extracted diaphragm dis-
placements: We extract AS images and diaphragm
positions for our predicted max-inhale and max-
exhale phase volumes. The two extracted curves rep-
resent the maximum predicted diaphragm displace-
ment in the superior-inferior direction over all pro-
jections. To compare this to the input projections,
we apply peak detection to the original AS curves
and calculate the average displacement between all
lower and all upper peaks. We compute the ratio of
the overall displacement and a position offset for the



prediction over the original input projections. The
displacement ratio quantifies the predicted motion
amplitude compared to the input; a value of > 1
means that the predicted motion is larger than the
input data, while values < 1 mean that the motion is
underestimated. The results of this method can be
seen in Figures 3 and 6.

11.D.
11.D.1.

Datasets
Clinical testing datasets

We evaluated our model on three datasets acquired
under different scan protocols.

30s Acquisition: Thirteen thoracic scans from
seven radiotherapy patients from Gangneung Asan
Hospital, South Korea, were acquired on Varian Hal-
cyon™ systems in half-fan mode (860 projections).
Each scan spans 4-8 respiratory cycles. Scans were
centered on the planning target volume (PTV), oc-
casionally resulting in truncation artifacts.
Geometry: source-imager distance (SID): 154 cm,
source-to-axis distance (SAD): 100 cm, detector lat-
eral offset: 17.5cm.

60s Acquisition: Four 360° full-fan scans (879 pro-
jections) from individual patients, each covering 18-
22 respiratory cycles. Geometry: SID: 154 cm, SAD:
100 cm.

6's Acquisition: Five 360° full-fan scans (407 pro-
jections) covering 1-2 respiratory cycles. Geometry:
SID: 154 cm, SAD: 100 cm.

The 60s and 6s scans were acquired using the
Varian HyperSight system on a Halcyon machine with
an imager size of 86 x 43cm (pixel size: 0.28 x
1.12mm).

Due to GPU memory limits, projection images
were downsampled from their original size. 30s: im-
age width 366 and height between 85 and 147 pixels
(pixel size: 1.76 x 2.688 mm); 60s & 65s: 768 x 192
pixels (pixel size: 1.12 x 2.24mm). The recon-
structed volume sizes are: 30s: 256 x 256 x 64 voxels
(2 x2x3mm); 60s & 6s: 256 x 256 x 122 voxels
(2.1 x 2.1 x 2.0mm).

I1.D.2. Synthetic Datasets

The model is trained using synthetic data gener-
ated using the method from Section Il.A.. Syn-

thetic datasets matching each clinical setting (30s,
60s, 6s) were generated using a 4D-CT dataset
of 78 patients (split 70%/15%/15% for train-
ing/validation/testing). For each patient, 10 syn-
thetic scans were simulated using randomly selected
amplitude signals from a set of 150 traces acquired
using the Varian RPM system. This resulted in 560
training, 110 validation, and 110 test samples per
acquisition type.

l1l. Results

[1I.LA. Simulated dataset

1lLA.1. Image quality

Table 1 presents the mean RMSE, PSNR, and
SSIM performance metrics for our 4D reconstruction
method compared to the SART-TV 3D reconstruc-
tion on the simulated test datasets. To ensure a
conservative comparison, SART-TV 3D metrics were
computed against all ten ground-truth phases, and
only the best-matching (maximum) value was used.
Our 4D results are reported as the average value over
all ten phases.

The image quality metrics depend on intrinsic
scan properties, such as motion amplitude and tis-
sue distribution. Figure 2 shows the distribution of
per-sample gained image quality of our method com-
pared to SART-TV. The 60s and 6 s retrained models
exhibit a slight quantitative decrease, likely because
initial model development and hyperparameter tun-
ing were focused on the 30s protocol (see Section
[1.B.1.). Furthermore, the 6s scan presents an extra
challenge, providing only 1-2 full respiratory periods
for motion inference. Overall, these results show that
our method can achieve the benefits of 4D motion
resolution with quantitative image quality close to a
full-projection-count 3D reconstruction.

As illustrated in Figure 3, motion streak arti-
facts present in the SART-TV reconstruction are re-
duced, and tissue interfaces of moving structures (di-
aphragm, tumor) are better defined. However, per-
ceived sharpness and visibility of fine details and small
structures are reduced, giving the predicted image a
blurred appearance. This blurring effect is a known
limitation of networks trained with pixel-wise loss
functions such as MAE*9.
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Figure 2: Distribution of per-sample gained image quality for the 30s, 60s and 6s model versions relative
to SART-TV. Image quality is quantified in terms of gained RMSE (lower is better), gained PSNR (higher is
better), and gained SSIM (lower is better). The boxes span the interquartile range (IQR), and the whiskers
extend to the most extreme data points within 1.5 - IQR. The box plots are overlaid with a scatter plot of
all individual samples in the test dataset.
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Figure 3: Sample from synthetic test dataset with visible lung tumor. Top left: Image quality comparison
of our method with SART-TV and ground-truth image, showing reduced motion artifacts. Right: 4D
reconstruction of our method compared to the ground-truth, and a 3D SART-TV reconstruction. Shown
are four out of 10 respiratory phases. Bottom left: Extracted diaphragm motion (AS) from the original input
projections and in-/exhale phases from our 4D reconstruction. The reconstructed phases are consistent with
the in-/exhale positions.



The predicted tumor and diaphragm motion over
the breathing cycle matches the positions in the
ground-truth images. In the AS image, the di-
aphragm position of the predicted in-/exhale phases
matches the peak positions of the original input pro-
jections. However, compared to AS images of real
CBCT scans, the diaphragm trace curve is flatter,
and there are some smeared-out or ghost edges vis-
ible in the image. These effects stem from the syn-
thetic CBCT and motion simulation framework used
in this study.

SART-TV | Ours(Static) | Ours(4D)
30s
RMSE 47.64+9.98| 49.67+£8.39| 46.45+7.13
PSNR| 32.70+2.16 | 32.22+1.46| 32.79+1.37
SSIM | 0.956+0.017 | 0.94340.015 | 0.947+0.014
60 s
RMSE| 38.29+7.28 61.95+7.13 | 39.16+5.41
PSNR| 34.53+1.77| 30.24+1.00| 34.25+1.21
SSIM | 0.9614+0.015| 0.935+0.016 | 0.954+0.014
6s
RMSE 39.794+7.93| 84.59+6.88| 44.39+7.86
PSNR| 34.20+£1.77 27.50+0.72 | 33.21+1.57
SSIM | 0.9674+0.012 | 0.911+0.018 | 0.955+0.015
Table 1: Image quality metrics for the simulated

dataset (RMSE in HU, PSNR in dB).

I1ILA.2. Segmentation Results

Mean segmentation Dice scores for segments most
affected by respiratory motion are consistently higher
compared to SART-TV (right lung: +0.0089, left
lung: +0.0077, liver: 4+0.10, heart: +0.028, esoph-
agus: +0.032) and stable for the stationary spinal
cord (40.0032). Figure 4 shows the distribution of
Dice scores for the samples in the test dataset. The
Dice scores for SART-TV are the maximum scores
against all 10 ground-truth phases, while for our 4D
method Dice scores are averaged over all 10 phases.

[11.B. Clinical scan dataset

Ground-truth is not available for the real clinical
scans. Figure 6 provides a visual comparison of recon-
structed image quality and motion fidelity across res-
piratory phases. Our method shows improved over-
all image quality compared to SART-TV and MKB
reconstructions. Motion streak artifacts are greatly
reduced and moving structures are better defined
than in SART-TV reconstructions. In addition, there
are no visible sparse sampling artifacts compared to
MKB.

Compared to MKB, our method preserves respira-
tory motion while reducing noise and sparse sampling
artifacts. Diaphragm tracking results show that pre-
dicted motion is consistent with the input projections
(Figure 6). Quantitatively, in terms of predicted di-
aphragm displacement compared to the input projec-
tions, our method predicts diaphragm motion better
than MKB, which often underestimates the motion
(Figure 5). Relative diaphragm displacement: MKB
mean 0.58 (std 0.1), ours mean 0.98 (std 0.1).

Retrained models for different ac-
quisition geometries

11.C.

Our trained models are inherently sensitive to CBCT
acquisition parameters such as scan duration and pro-
jection count, which affect the spatial and temporal
resolution of the acquired data. To evaluate robust-
ness across different CBCT protocols, we retrained
our model using data matched to the geometry of
HyperSight 60s and 6's acquisitions, maintaining the
same network architecture and training configuration
as used for the 30s model.

The 30s model achieved the best image quality
in terms of RMSE and PSNR. The 60s and 6s mod-
els performed slightly worse (mean PSNR differences
of —0.28dB and —0.99dB, respectively, compared
to SART-TV). This may reflect that model devel-
opment and hyperparameter tuning were performed
for the 30's setting only. No protocol-specific adjust-
ments were made for the 60s and 6s models, in-
dicating potential for improvement through targeted
optimization.

For the 60's and 6's scans, we observe a larger dif-
ference in RMSE and PSNR between the predicted
static image and the final (warped) 4D reconstruction
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Figure 4:

Segmentation Dice scores for SART-TV and our method, showing improved segmentation

performance for segments affected by respiratory motion (lungs, liver, heart, esophagus) and consistent

segmentation scores for the stationary spinal cord.
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Figure 5: Relative diaphragm displacement for the
30's clinical test dataset for the MKB reconstruction
and our proposed CNN method. A value of 1.0 means
that the predicted diaphragm displacement exactly
matches the displacement in the original X-ray pro-
jections; values > 1 or < 1 mean the displacement
is over- or underestimated, respectively.

than for the 30 s scan (60s: +4.01dB; 6s: +5.71dB;
30s: 40.57dB), suggesting that the networks not
only learn to use the predicted DVFs to represent
actual patient motion but also use the warping step
to increase image quality. This further suggests that
there is room for improvement through hyperparam-
eter tuning and DVF regularization.

Despite the slight decrease in image quality met-

rics, the model still produced 4D volumes with re-
duced motion artifacts and improved anatomical
boundary definition. The extracted diaphragm mo-
tion traces showed good agreement with the input
projection data, indicating robust motion estimation
(Figure 7).

[11.D. Clinical Expert Evaluation

A total of eleven clinical experts (seven radiation on-
cologists and four medical physicists) participated in
the evaluation. Each expert assessed two images
from the HyperSight 6s dataset and three images
from the HyperSight 60s dataset. The experts were
shown side-by-side a SART-TV 3D image and a sin-
gle static image (exhale phase) of our 4D reconstruc-
tion. They were asked to select their preferred image
for (a) tumor visibility and (b) esophagus visibility.
For tumor visibility, averaged over all five samples
and experts, 59% of votes indicated a preference for
our reconstruction, 36% indicated no preference, and
5% favored the iterative 3D reconstruction. Similarly,
for esophagus visibility, 47% preferred our reconstruc-
tion, while 42% had no preference and 11% favored
the iterative 3D approach (Figure 8 and Table 2).
The high percentage of "no preference" votes sug-
gests that our 4D reconstruction provides compara-
ble structural visibility to the 3D images, while also
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Figure 6: Sample from clinical test dataset. Top left: Image quality comparison of our method with 3D
SART-TV and 4D MKB reconstructions. Motion streaking and sparse sampling artifacts are reduced by
our method. Top right: 4D reconstruction of our method compared to MKB. Shown are four out of ten
respiratory phases. Bottom: Extracted diaphragm motion of the input projections and from the in-/exhale
phases from our 4D and a 4D MKB reconstruction. The reconstructed phases match the in-/exhale position
of the original input projections for both MKB and our methods.

Figure 7: Comparison of SART-TV 3D to our 4D reconstruction for two HyperSight scans with AS images
and diaphragm positions (left: 60, right: 65).
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Figure 8: Clinical expert evaluation for the two
tasks: tumor visibility and esophagus visibility.
The bars show the indicated preference of the
clinical experts for our 4D or a SART-TV 3D
reconstruction method, averaged over all five
scans.

SART-TV

Ours 0%

30%

&

Tumor visibility | Esophagus visibility
Ours Iter.3D No [Ours Iter.3D No pref.
pref.

6s | 10 1 0 4 1 6
6s 4 0 7 5 1 5
60s| 7 0 4 8 1 2
60s| 5 2 4 4 1 6
60s| 6 0 5 5 2 4

Table 2: Results for all five cases from the clin-
ical evaluation. The table lists two 6s and three
60s scans and the number of experts (out of a
total of 11) who preferred our 4D reconstruc-
tion, an iterative 3D reconstruction, or indicated
no preference.
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Figure 9: Comparison of SART-TV 3D to our 4D reconstruction of a HyperSight 6s scan of a case with
a tumor in the lower right lung. Improved tumor visibility and delineation of our 4D vs. 3D SART-TV
reconstruction. This case was presented in the expert evaluation (first row of Table 2), with 10 out of 11
experts agreeing on improved tumor visibility for our 4D reconstruction.

adding temporal information. Figure 9 shows a scan
from a difficult case with a lung tumor in the right
lower lung. In the SART-TV 3D reconstruction, tu-
mor visibility is hindered by strong streaking artifacts.
In comparison, our proposed 4D method reduces the
streaking artifacts and provides a motion-resolved re-
construction, with 10 out of 11 experts agreeing on
better tumor visibility.

V. Discussion

We proposed a CNN-based 4D CBCT reconstruc-
tion method and evaluated its performance across
simulated and clinical datasets. On simulated data,
our method achieved image quality metrics compa-
rable to conventional 3D reconstruction techniques,
while additionally providing motion resolution across
respiratory phases. However, our reconstruction re-
sults exhibit a blurring effect that can obscure high-
frequency details. This is a known limitation of train-
ing with pixel-wise loss functions such as Mean Ab-

10



solute Error (MAE). To improve sharpness, future
investigations could explore alternative or combined
loss formulations, such as SSIM-based or perceptual
losses, to improve image sharpness while preserving
robustness to motion artifacts.

In clinical scenarios, where ground-truth is un-
available, we assessed the method through qualita-
tive visual comparison and diaphragm motion anal-
ysis using AS images. Our approach substantially
reduced sparse sampling artifacts and increased mo-
tion fidelity compared to MKB reconstructions. A
key advantage of our method is that it does not re-
quire external respiratory signals, signal extraction, or
any explicit binning of projections. Instead, the net-
work infers temporal phase information directly from
the projection data.

We demonstrated adaptability to different acqui-
sition protocols by retraining the model to match Hy-
perSight 6s and 60s scans, suggesting potential for
integration into different clinical workflows. Even un-
der high-speed, sparse-view conditions, the method
produced motion-resolved volumes that aligned well
with expected motion patterns, as indicated by di-
aphragm trajectory estimates. The results for Hyper-
Sight 6s scans are especially relevant, since current
motion modeling or 4D reconstruction approaches
generally require longer scans covering multiple res-
piratory periods, in contrast to just 1-2 full periods
in the 65 scans. Traditional 4D CBCT requires scan
times of 60 or more seconds. Our study shows 4D
reconstructions from 60s, 30s, and even 6s scans (a
reduction of 50% to 90%). Our method does not re-
quire a recorded surrogate signal, which can further
reduce the required setup time. Furthermore, stan-
dard 4D acquisition protocols often utilize higher mAs
settings to compensate for the image quality degra-
dation caused by projection binning. For instance,
a Varian Halcyon standard 4D thorax protocol deliv-
ers 11.1mGy compared to 4.45mGy for a 3D scan
(CTDI,4, 32cm), a dose reduction of roughly 60%.

A clinical expert evaluation reinforced our quanti-
tative findings. Across five patient cases, the majority
of experts preferred our reconstructions over SART-
TV in terms of both tumor and esophagus visibility.
This consensus was particularly pronounced in the
challenging case of a lower-lung tumor, where strong
streaking artifacts in the SART-TV reconstruction

obscured the target, while our method yielded much-
improved tumor visibility. We recognize that our clin-
ical evaluation is limited by the number of experts and
by using only five patient cases; it should therefore be
seen as a preliminary validation of our method. Nev-
ertheless, the results of the study suggest that our
method successfully enables time-resolved 4D recon-
structions without impacting perceived image quality
compared to traditional 3D reconstructions.

Direct validation of the predicted motion remains
challenging due to the lack of ground-truth. Our ap-
proach of comparing the motion present in the origi-
nal input projections to the predicted diaphragm mo-
tion states in the AS images provides a useful proxy
to judge motion fidelity. However, additional studies
may be necessary for more rigorous motion validation.
Our findings reveal that quantitative image quality
metrics are consistently lower for the single predicted
static volume but improve substantially when DVFs
are applied. This observation suggests that the model
not only leverages the DVFs for motion modeling but
also implicitly enhances image quality through their
application.

Image quality assessment is relatively straight-
forward through established quantitative metrics,
whereas motion modeling lacks equally accessible and
reliable evaluation criteria. This potential trade-off
complicates efforts to fine-tune model hyperparame-
ters.

V. Conclusion

We introduced a novel CNN-based U-Net architec-
ture for 4D CBCT reconstruction directly from pro-
jection data, eliminating the need for recorded respi-
ratory signals or explicit projection binning.

The model is trained on a population dataset,
requiring no patient-specific adaptation. We imple-
mented this as a compact network with just over 2
million parameters, enabling 10-phase 4D reconstruc-
tion on a single mid-tier GPU in under 4 seconds.
This efficient approach offers high-quality, motion-
resolved imaging and demonstrates strong potential
for integration into clinical workflows by reducing
complexity, setup time, and reliance on respiratory
surrogates.
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