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Abstract. Cone-Beam CT (CBCT) systems utilizing continuous gantry
rotation and flat-panel detector readout introduce complex acquisition
dynamics, such as angular motion blur and rolling shutter distortion.
Conventional reconstruction algorithms, however, typically rely on a
static geometry assumption, inevitably leading to the blurred structures
and geometric inconsistencies. In this paper, we propose PhyRadGS,
a physics-aware 3DGS framework that integrates a novel spatial tempo-
ral discretization strategy. Specifically, We explicitly model rolling shut-
ter by spatially partitioning projections and motion blur by temporally
segmenting the exposure duration. Furthermore, we implement a par-
allelized multi-pose batch rendering pipeline to mitigate computational
overhead, maintaining the real-time efficiency inherent to 3DGS. Exper-
iments on synthetic and real-world datasets demonstrate PhyRadGS sig-
nificantly outperforms state-of-the-art static baselines, improving PSNR
by +2.3 dB and SSIM by +0.043. Qualitative comparisons further con-
firm that PhyRadGS effectively recovers high-frequency clinical details
even under rapid scanning protocols. The source code and dataset is
available at https://github.com/liaw05/PhyRadGS.

Keywords: CBCT · 3D Gaussian Splatting · Motion Blur · Rolling
Shutter · Fly-Scanning.

1 Introduction

Motion artifact is one of the main challenges in Cone-Beam Computed Tomogra-
phy (CBCT) systems. Previous works [13] discussed artifacts caused by involun-
tary motion for surgical scenarios. Yet another cause of motion artifact remains
untouched: modern CBCT systems utilize fly-scanning, where the gantry ro-
tates non-stop while the detector acquires projections in a rapid stream.

Conventional reconstruction approaches [1,11,29] explicitly rely on an in-
stantaneous static assumption (stop-and-shoot), presuming that the geometries
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Fig. 1: Comparison of static and motion projections.

of the X-ray source and detector remain constant during the exposure of a sin-
gle projection. In the context of fly-scanning, this assumption is fundamentally
violated, leading to two primary artifacts(see Fig. 1 for sample projection):

– Motion Blur: During the detector integration period, the gantry traverses a
non-negligible angular arc. The recorded pixel intensity is not a static sample
but an integral over a continuous trajectory, causing angular smearing.

– Rolling Shutter Distortion: Flat-panel detectors typically read out data
row-by-row. Since each row continues to integrate photons until its specific
readout time, the effective exposure window shifts temporally across the
panel. This results in row-dependent viewing angles within a single projec-
tion, leading to geometric warping.

Directly applying static models to such fly-scanning data is fundamentally ill-
posed, inevitably resulting in reconstructed volumes with blurred boundaries and
geometric distortions, missing high-frequency details such as bone trabeculae.

Addressing these artifacts requires explicitly incorporating the temporal di-
mension into the reconstruction model. Traditional analytic FDK [11] relies on
rigid geometric axioms, making the integration of complex temporal dynam-
ics theoretically intractable. While iterative methods (e.g. SART [1]) and im-
plicit neural representations (e.g. NAF [29]) can theoretically model motion via
temporal super-sampling, the computational cost scales linearly with temporal
resolution, rendering them impractical for intraoperative use.

To mitigate motion artifacts, early medical approaches explored sinogram
pre-processing [6,7] or hardware-based modulation [10,20]. More sophisticated
model-based approaches [5,14,23] directly incorporated non-linear forward mod-
els of motion blur. Despite limitations in convergence speed and efficiency, these
works underscore a critical principle: enhanced fidelity of the forward model to
the physical acquisition process yields superior reconstruction clarity.
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Recently, 3D Gaussian Splatting (3DGS) [15] has emerged as a revolution-
ary representation with real-time rasterization capabilities. However, pioneer-
ing X-ray implementations [3,16,17,28] largely neglect the temporal integra-
tion required for fly-scanning. Similarly, works that focus on dynamic surgical
scenes [8,12,18] typically assume instantaneous exposure, failing to model the
integration blur inherent in X-ray detectors. X2-Gaussian [27] targets 4D CT for
self-supervised respiratory motion: motion caused by patient but not the system.

A straightforward adaptation of dynamic 3DGS methods [9,19,24,25] from
computer vision (CV) poses fundamental challenges. These approaches typically
treat camera motion as an unknown latent variable for blind deblurring, disre-
garding the precise mechanical kinematics known in CBCT systems. This leads
to optimization instability in sparse-view settings. Even methods that explic-
itly model rolling shutter, such as GS-on-the-Move [21], simplify the physical
process by updating only the Gaussian centers while omitting the covariance
deformation. This approximation introduces physically inconsistent artifacts in
tomographic reconstruction.

In this paper, we propose PhyRadGS (Physics-Aware Radiative Gaussian
Splatting), the first X-ray 3DGS framework that physically models both mo-
tion blur and rolling shutter effects, to the best of our knowledge. Our main
contributions are as follows.

1. PhyRadGS integrates Physics-Aware Acquisition Model with mechani-
cal kinematics and detector readout characteristics, recovering sharp micro-
structures from blurred detector projections.

2. By mathematically modeling the Spatio-Temporal Discretization, we
ensure reconstruction aligns strictly with the physical reality of the acquisi-
tion system.

3. Leveraging a custom Multi-Pose Batch Rendering kernel, PhyRadGS
converts 3DGS rasterization process into parallelized batches of discrete
micro-views, and reconstructs from fly-scanning data with negligible com-
putational overhead compared to static methods.

2 Methodology

Our goal is to reconstruct the 3D attenuation field from projections acquired
under continuous gantry rotation with rolling-shutter readout. We represent the
target scene with a group of learnable 3D Gaussians, where the i-th Gaussian
Gi is defined by center position µi ∈ R3, rotation Ri ∈ SO3, scale si ∈ R3, and
density ρi ∈ R. To physically model both motion blur and rolling shutter, we
propose PhyRadGS, a framework grounded in a Physics-Aware Acquisition
Model. As illustrated in Fig. 2, our pipeline realizes this model through two key
implementation modules: Spatio-Temporal Discretization and Multi-Pose
Batch Rendering.



4 Li et al.

Spatio-Temporal
Discretization

Kj, Wj,k

 projection Igt

L1/LSSIM

Gassians

Operation Flow Gradient Flow

Multi-Pose Batch Rendering

Fig. 2: Overview of PhyRadGS. The pipeline includes: (a) Spatio-
Temporal Discretization, which converts continuous kinematics into discrete
micro-states (b) Multi-Pose Batch Rendering, which efficiently parallelizes
the physics simulation, and then assembled into the final projection.

2.1 Physics-Aware Acquisition Model

A typical fly-scanning process is shown in Fig. 3, the gantry angle θ(t) changes
continuously during the exposure duration Texp, and the detector rows y ∈ [0, H]
are read out sequentially over a duration Tro. This creates a space-time paral-
lelogram in the acquisition domain (yellow shaded area in Fig. 3b), where the
vertical axis represents rows in the detector, and the horizontal axis represents
the exposure duration of each row. A pixel value P (x, y) in frame f (in the
log-attenuation domain) is not a sample at a single timestamp, but a temporal
integral of the instantaneous projection operator Φ:

P (x, y) =
1

Texp

∫ tfstart+τrow(y)+Texp

tfstart+τrow(y)

∑
i

Φ(θ(t),Gi) dt (1)

where τrow(y) = y
H−1Tro denotes the rolling shutter delay for row y. Unlike blind

deblurring methods that treat motion as latent noise, here θ(t) is derived from
the known mechanical kinematics, ensuring the model respects physical reality.

2.2 Spatio-Temporal Discretization

Direct integration of Eq.(1) is computationally intractable. To ensure the recon-
struction aligns strictly with the physical reality, we propose a mathematical
discretization strategy.

Spatial Partitioning (Rolling Shutter). We divide the detector plane
along the row dimension into M horizontal strips. For the j-th strip, we define a
local virtual camera with a shifted principal point to maintain geometric consis-
tency. The intrinsic matrix Kj is modified such that its optical center cy,j aligns
with the physical center of the j-th strip: cy,j = cy − j · (H/M). The exposure
start time of strip j is tfj = tfstart +

j+0.5
M Tro, where 0.5 denotes the center of

strip.
Temporal Segmentation (Motion Blur). We approximate the motion

blur integral by subdividing the exposure Texp into N discrete sub-intervals.
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Fig. 3: Physics of Continuous Acquisition and Discretization Strategy.
(a) The detector executes a continuous circular trajectory, where the exposure
duration of frame f is highlighted. (b) The effective exposure forms a paral-
lelogram (yellow shaded area) defined by Tro and Texp. (c) The prallelgoram
is discretized into M spatial strips and N temporal sub-intervals. The red dot
denotes sampling time tfj,k.

Crucially, unlike random sampling, we employ stratified kinematic sampling. As
shown in Fig. 3c, for the k-th temporal sub-interval of the j-th spatial strip in
frame f , the exposure time is:

tfj,k = tfj +
(k + 0.5)

N
Texp (2)

We then query the calibrated kinematics function θ(t) of the scanner to obtain
the precise pose Wj,k = θ(tfj,k). This discretization converts the continuous
physical motion into a set of precise, discrete micro-states.

2.3 Efficient Multi-Pose Batch Rendering

Simulating physics via M × N micro-views per projection could imply a mas-
sive computational burden. To achieve high fidelity with negligible overhead,
we implement a multi-pose batch rendering kernel for X-ray physics based on
Gsplat [26]. Instead of looping through states, we construct a "super-batch" of
M × N virtual cameras for each physical projection. The rasterizer processes
these micro-cameras concurrently, yielding a tensor of micro-patches Îfj,k. The
final physical projection is synthesized by:

Îf = Concatj

(
1

N

N−1∑
k=0

Îfj,k

)
(3)

This design allows PhyRadGS to forward-model complex dynamics purely through
parallelized rasterization, avoiding the computational cost of temporal super-
sampling iteratively.
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2.4 Objective Function

We optimize the Gaussian parameters by minimizing the discrepancy between
the synthesized Î and the ground truth Igt, regularized by structural priors. The
total loss L is formulated as:

L = ∥Î − Igt∥1 + λssimSSIM(Î , Igt) + λtvLTV + λregLreg (4)

where LTV suppresses noise in the density field, following [28]. Lreg imposes an
L1 regularization for the gaussian density to eliminate floating artifacts in empty
regions.

3 Experiments

3.1 Experimental Setup

Datasets. We conducted experiments on both synthetic and real-world data to
validate performance under controlled and realistic conditions.

(1) Synthetic Flying Dataset: We utilize 15 diverse anatomical volumes (e.g.,
Chest, Foot, Jaw) from the collection of R2-Gaussian [28]. Unlike previous works
that simulate static projections, we employed TIGRE toolbox [2] to simulate fly-
scanning data with Poisson noise. We simulate two protocols: Rapid-Scan (25
views, 14.4◦ integration arc) and Standard-Scan (50 views, 7.2◦ integration arc),
with rolling shutter ratio Tro = 0.86Texp, resolution is 512× 512.

(2) Real Phantom Data: We acquired real projection data of a double-layer
sphere phantom using a commercial CBCT system, and designed a paired study
to isolate motion artifacts. The projection resolution is 2048 × 2048. Pseudo-
GT: The reference volume, reconstructed using high-quality R2-Gaussian [28]
with 64 "stop-and-shoot" projections. Fly-Scanning Input: The 25 fly-scanning
projections over 360◦. These projections inherently contain realistic mechanical
motion blur and rolling shutter distortions.

Baselines. We compare PhyRadGS against three categories of methods,
all relying on the static pose assumption: (1) Analytic/Iterative: FDK [11] and
TV-regularized ASD-POCS [22]. (2) Implicit Neural Fields: NAF [29] and SAX-
NeRF [4]. (3) Explicit Splatting : R2-Gaussian [28], static current SOTA.

Implementation Details. Our framework is implemented in PyTorch. The
discretization parameters are set to M = 8 (spatial strips) and N = 5 (temporal
sub-intervals). We train the model for 20k iterations using the Adam optimizer
for GS methods (R2-Gaussian and our PhyRadGS). The loss weights are set to
λssim = 0.2 for SSIM, λtv = 0.01, and λreg = 0.001. All experiments run on a
single NVIDIA RTX 4090 GPU.

3.2 Results and Analysis

Quantitative Performance. Table 1 reports the quantitative metrics. Our
PhyRadGS achieves significant accuracy improvements on both synthetic flying
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Table 1: Quantitative comparison. ST signifies our Spatio-Temporal module.
The top result is bolded, and the next two best are underlined. Note that FDK
is an analytic method with negligible runtime. Time is measured in minutes.

Method Syn 25-view Scan Syn 50-view Scan Real Sphere-Phantom

PSNR ↑ SSIM ↑ Time ↓ PSNR ↑ SSIM ↑ Time ↓ PSNR ↑ SSIM ↑ Time ↓

FDK [11] 18.01 0.090 - 20.72 0.152 - 30.04 0.794 -
ASD-POCS [22] 27.99 0.777 0.38 30.94 0.834 0.73 30.29 0.844 9.80
NAF [29] 28.18 0.776 11.56 30.96 0.844 12.30 27.52 0.779 163.60
SAX-NeRF [4] 28.02 0.773 61.39 30.62 0.849 115.84 - - -
R2-Gaussian [28] 28.93 0.828 7.95 32.12 0.889 7.99 35.12 0.852 18.83
PhyRadGS w/o ST 29.00 0.834 3.13 31.96 0.891 3.31 35.13 0.855 4.68

R2-Gaussian w/ ST 31.22 0.866 19.37 33.97 0.909 20.15 36.84 0.861 50.78
PhyRadGS (Ours) 31.23 0.871 5.16 33.54 0.910 5.31 37.43 0.862 9.15

dataset and real phantom data. On the challenging 25-view synthetic flying
dataset, static baselines suffer severe degradation. PhyRadGS outperforms the
SOTA static method (R2-Gaussian) by a wide margin, improving PSNR by
+2.3 dB and SSIM by +0.043. Critically, we perform a controlled ablation by
integrating our Spatio-Temporal (ST) module into R2-Gaussian. Although "R2-
Gaussian w/ ST" improves quality, its training time increases significantly (∼19
min). In contrast, thanks to our parallelized batch rendering, PhyRadGS incurs
negligible overhead (∼2 min) and remains faster than the static baseline (∼5 min
vs. ∼8 min). This efficiency advantage is further amplified on high-resolution
(20482) real data: PhyRadGS requires only ∼9 min, while R2-Gaussian w/ ST
balloons to ∼51 min and NAF explodes to ∼163 min.

Visual Analysis. Fig. 4 presents qualitative comparisons. On synthetic anatomy
dataset (Foot), PhyRadGS explicitly disentangles the motion integration, re-
covering sharp cortical bone edges and fine marrow details. In contrast, base-
lines exhibit softened boundaries and streaking artifacts. On real phantom data
(Sphere), PhyRadGS physically models both motion blur and rolling shutter,
producing clear spheres with sharp boundaries. By comparison, FDK and ASD-
POCS yield blurred spheres that deviate from circularity; NAF suffers from
severe shape deformation; and R2-Gaussian exhibits pronounced motion drag
artifacts.

Ablation Study. Table 2 analyzes the sensitivity to discretization parameters
on the 25-view synthetic flying dataset. Rolling Shutter (M): With fixed
N = 5, increasing the spatial strips to M = 8 yields a substantial gain of +1.43
dB (29.79 → 31.22 dB), confirming the necessity of geometric correction. We
select M = 8 as the sweet spot, since M = 16 incurs ∼33% extra overhead
for the marginal gain (+0.31 dB). Motion Blur (N): As the dominant error
source, increasing the temporal samples from 1 to 3 provides a sharp boost of
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Fig. 4: Reconstruction Slice Comparison (25 fly-scanning views). Top
Two Rows: Synthetic ’Foot’ data. Bottom Two Rows: Real ’Sphere Phantom’
data. Static methods fail to resolve mechanical motion, resulting in severe blur-
ring and geometric distortion, while PhyRadGS recovers true geometry.

+1.89 dB. Since performance saturates at N = 5, we adopt the configuration
of M = 8, N = 5 to balance high fidelity with computational efficiency.

4 Conclusion

PhyRadGS introduces a physics-aware paradigm to 3DGS-based CT reconstruc-
tion, explicitly modeling the motion blur and rolling shutter effects inherent in
fly-scanning. By enforcing known scanner kinematics via a novel spatio-temporal
discretization, our method resolves the ambiguities of static assumptions and re-
covers high-frequency anatomical details. Furthermore, our multi-pose batch ren-
dering pipeline ensures computational efficiency, enabling rapid reconstruction
without compromising fidelity. Experiments on synthetic and real-world data
demonstrate that PhyRadGS significantly outperforms state-of-the-art static
baselines, restoring sharp tissue boundaries and correcting geometric distortions.

Currently, our method assumes rigid motion. While this covers gantry rota-
tion, it does not account for non-rigid patient motion (e.g., breathing or heart-
beat). Future work will extend PhyRadGS to model deformable scenes by incor-
porating time-dependent deformation fields (4D-GS) alongside the acquisition
physics, and will further investigate robustness in the presence of mechanical
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Table 2: Ablation study for the effect of M (left, with fixed N = 5) and N (right,
with fixed M = 8). Time is measured in minutes. Best results are bolded.

M PSNR ↑ SSIM ↑ Time ↓ N PSNR ↑ SSIM ↑ Time ↓

1 29.79 0.851 3.98 1 29.27 0.848 3.14
4 30.62 0.869 4.52 3 31.16 0.870 3.98
8 31.22 0.871 5.16 5 31.22 0.871 5.16
16 31.53 0.884 6.84 7 31.21 0.873 6.18

jitter or more complex motion patterns. In-vivo clinical data is also planned for
future work.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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