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Abstract. Weight-bearing cone-beam computed tomography (WB-CBCT)
enables physiological load-bearing imaging but su�ers from motion ar-
tifacts caused by involuntary patient tremors. Existing software-based
approaches typically address image-domain restoration and motion esti-
mation as separate problems, often leading to over-smoothed reconstruc-
tions or suboptimal convergence. To address these problems, we propose
Co-MoCo, a collaborative motion compensation framework that inte-
grates image-domain priors with physical consistency through an end-to-
end di�erentiable pipeline. The framework employs a two-stage optimiza-
tion: Stage I utilizes a Motion-Aware Dual-Decoder Network (MADN),
trained via Optimal Transport Conditional Flow Matching (OT-CFM),
to generate an artifact-free prior. In Stage II, this prior is integrated into
an end-to-end di�erentiable correction loop to iteratively re�ne 6-degree-
of-freedom (6-DoF) rigid motion trajectories. This synergistic design en-
ables image restoration and motion estimation to mutually regularize
each other. Extensive experiments on simulated datasets demonstrate
that Co-MoCo signi�cantly outperforms competing methods, achieving
SSIM of 0.9849 under mild motion and 0.9152 under severe motion, with
performance gains of up to 0.0528. Real-world validation on human and
porcine hind limbs further con�rms its superior robustness in artifact
suppression and detail preservation for high-quality WB-CBCT imag-
ing. Code is available at https://github.com/TomSHINING/CoMoCo.

Keywords: Weight-bearing CBCT · Image-domain priors · Motion ar-
tifact suppression · Di�erentiable pipeline.

1 Introduction

WB-CBCT [12, 16] is becoming more prevalent in orthopedic and musculoskele-
tal rehabilitation settings, as it enables imaging of the human body under physi-
ological load conditions rather than in a supine position. This capability provides



2 T. Lin et al.

Fig. 1. Modeling of 6-DoF Motion. (a-b) de�ne motion matrices (D,R), while (c) con-
trasts GT versus motion-corrupted images resulting from stable and unstable postures.

clinically relevant insights into patellofemoral tracking [2, 15], joint space nar-
rowing [23, 4], and lower-limb alignment of the foot and ankle [13, 3], which are
di�cult to fully characterize using conventional CT.

However, in WB-CBCT, the temporal resolution is limited by factors such as
detector frame rates and the motion speed of robotic arms or gantry components.
Consequently, a typical WB-CBCT scan requires more time than multi-detector
CT (MDCT) systems [12, 6, 9]. This increases the likelihood of patient motion,
particularly for individuals with Parkinson's disease, nerve injuries, or muscular
fatigue during standing, potentially leading to motion artifacts.

A straightforward approach to mitigating motion artifacts is to shorten the
scanning time, thereby reducing the likelihood of motion occurrence. However,
this is typically achieved at the cost of signal-to-noise ratio (SNR). Consequently,
researchers have shifted their focus toward software-based solutions. Existing
software-based methods can be categorized into two classes: image-domain-based
restoration, and motion estimation-based compensation.

Image-domain methods learn a mapping that captures artifact statistics
and suppresses them directly in the image [10, 21]. Nevertheless, image-domain
restoration under severe motion in WB-CBCT is inherently ill-posed, as a single
corrupted voxel may correspond to multiple plausible targets. Pixel-wise losses,
such as L1 or L2, tend to drive the network toward a statistical average or me-
dian, resulting in an averaging e�ect [14, 11] that suppresses �ne details and leads
to over-smoothing. The second category focuses on estimating patient motion
and compensating for it during image reconstruction. Periodic motion model-
ing methods [5, 22] in cardiopulmonary CT infer motion directly from projec-
tion data but are largely restricted to strongly periodic motion patterns, making
them unsuitable for the random, involuntary tremors encountered in WB-CBCT.
Iterative optimization-based methods jointly update motion parameters or de-
formation �elds through image registration until convergence, but they su�er
from high computational cost due to repeated forward projections [20, 28]. To
reduce this burden, some studies use image metrics to evaluate quality of re-
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Fig. 2. Overview of the Co-MoCo framework. Stage I trains the MADN for artifact re-
moval across varying motion severities; Stage II optimizes learnable motion parameters
using the artifact-free prior through an end-to-end di�erentiable pipeline.

sults, such as TV or VIF [6, 25]. However, large inter-dataset variability in data
characteristics hinders the reliable application of image quality metrics.

To overcome the limitations of isolated optimization of image-domain restora-
tion or motion parameters estimation, which often yield suboptimal solutions, we
propose Co-MoCo, a collaborative framework that allows image-domain restora-
tion and parameter optimization tasks to mutually enhance each other.

2 Methodology

Co-MoCo collaboratively integrates an image-domain network Uθ and 3D motion
parameters ϕ estimation. Speci�cally, a Motion-Aware Dual-Decoder Network
(MADN) is designed to provide prior for motion estimation, while the motion-
estimation model re�nes the 6-DoF motion parameters ϕ = (dx, dy, dz, rx, ry, rz)
via an end-to-end di�erentiable pipeline. To build the relationship between es-
timated motion and the system geometry, the current projection matrix Pϕ is
formulated as the product of the initial projection matrix (P-Matrix) Pinit and
the motion-induced rigid transformation matrix Fϕ:

Pϕ = Pinit · Fϕ, (1)

where Fϕ is the 4 × 4 homogeneous matrix constructed from the re�ned trans-
lation and rotation parameters (as illustrated in Fig. 1).

2.1 Collaborative Motion Compensation Paradigm

Inspired by the Regularization by Denoising (RED) [17], which posits that a
high-performance denoiser can serve as an implicit regularizer, we formulate the
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optimization as a �xed-point consistency problem [18, 1]. Instead of constraint-
ing by projections, we minimize the discrepancy between the motion-corrected
reconstruction and its re�ned counterpart output from the prior network Uθ:

ϕ∗ = argmin
ϕ

∥∥∥∥∥∥∥ R(y;Pϕ)︸ ︷︷ ︸
Physical Consistency

− Uθ(R(y;Pϕ))︸ ︷︷ ︸
Prior Regularizer

∥∥∥∥∥∥∥
2

2

. (2)

In this formulation, Uθ acts as a regularizer that de�nes the "artifact-free"
manifold. By minimizing this objective, we iteratively update ϕ such that the
resulting reconstruction R(y;Pϕ) aligns with the structural prior learned by the
network.

2.2 Motion-Aware Dual-Decoder Network

To address varying severities of motion, we propose a MADN. Given that the
reconstructed object is a 3D volume V ∈ RH×W×D, the network is designed to
process data in a slice-wise manner. Speci�cally, we de�ne a probability path
following the OT-CFM framework [26]:

Iτ = τIgt + (1− τ)ϵ, (3)

where ϵ ∼ N (0, I) is Gaussian noise and τ ∈ [0, 1]. The network inputs include
the noisy image Iτ , the corrupted image c, and a motion intensity map σjit.
Here, σjit ∈ [0, 1] is derived from a pre-trained discriminator that quanti�es the
severity of motion. The resulting multi-scale features F are processed by two par-
allel branches: the Denoising Decoder Dden and the Restoration Decoder Dres.
Adopting a global residual learning strategy, the �nal outputs are formulated as:{

Îden = Iτ +Dden(F ,Fskip, τ)

Îres = c+Dres(F ,Fskip, τ),
(4)

where Fskip denotes hierarchical features transferred via skip connections. To
align with the OT-CFM framework, we optimize the network to predict Igt
directly, which is equivalent to matching the ideal vector �eld vt(Iτ ) = Igt − ϵ:

LstageI = EIgt,ϵ,c,τ

[
∥Îden − Igt∥22 + ∥Îres − Igt∥22

]
. (5)

In the subsequent motion correction loop, Îres serve as the re�ned outputs of
the MADN prior Uθ to guide the iterative optimization of motion parameters.

2.3 Di�erentiable Motion Matrix Estimation

In accordance with prior work [24, 10, 7, 8], the object's motion is parameter-
ized as a time-varying rigid transformation, where motion parameters sets ϕi
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are optimized at discrete intervals ti (as illustrated in Fig. 2). To ensure tempo-
ral smoothness, a di�erentiable Gaussian-weighted interpolation is employed to
derive a continuous trajectory.

For projection view k, we update the P-Matrix P k
ϕ to P k

init F
k
ϕ . Equivalently,

for any 3D point X ∈ R3 in space, its geometric projection S(P k
ϕ ,X) onto the

detector plane is derived via homogeneous coordinates:

w

u
v
1

 = P k
initF

k
ϕ

(
X
1

)
, where S(P k

ϕ ,X) = (u, v). (6)

Here, (u, v) denote the 2D pixel coordinates on the detector plane, and w ∈ R
represents the homogeneous scaling factor required to map the coordinates back
to the Euclidean space.

Based on the updated P-Matrix Pϕ, volume Vϕ can be reconstructed using
a di�erentiable cone-beam backprojection operator. The projections yk are pre-
processed via cosine weighting and ramp �ltering before backprojection. The
reconstruction process is formalized as:

Vϕ = R(y;Pϕ) =

N∑
k=1

Interp
[
ỹk,S(P k

ϕ ,X)
]
, (7)

where ỹk represents the �ltered projection data, Interp[·, ·] denotes the bilinear
sampling operation in projections, which extracts the pixel value from ỹk at the
projected coordinates determined by S.

2.4 Optimization Pipeline

Algorithm 1: Optimization Pipeline of Co-MoCo

Input : Initial motion parameters ϕ0, Raw projection data y, Frozen
MADN Uθ

Output: Optimized motion-free volume V ∗

1 Initialize ϕ← ϕ0;
2 while not converged do

// Motion compensation and reconstruction

3 Vϕ ← R(y;Pϕ);
// Generate high-quality prior using MADN Uθ

4 Ṽ ← Uθ(Vϕ);
// Compute StageII loss and gradient

5 LStageII ← ∥Vϕ − Ṽ ∥2, g = ∇ϕLStageII ;
// Update motion parameters via gradient

6 ϕ← Adam(ϕ,g);

7 end

8 return V ∗ = Vϕ;
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As illustrated in Fig. 2, proposed optimization pipeline follows an end-to-end
di�erentiable correction loop: the current ϕ is �rst used to generate a motion-
compensated volume Vϕ, which is then passed through the frozen MADN to

produce a artifacts-free prior Ṽ . By minimizing the LStageII between the com-
pensated volume and prior volume, gradients g are backpropagated through the
end-to-end di�erentiable pipeline to update ϕ via the Adam optimizer.

3 Experiments

3.1 Datasets

We evaluated Co-MoCo on 140 clinical lower-limb CT scans, which were ran-
domly divided into training, validation, and test sets with a ratio of 7:1:2. To
enhance computational e�ciency, motion-corrupted data were generated by ap-
plying rigid transformations directly to projection matrices (Eq. 6) rather than
to 3D volumes. Simulations and reconstructions were implemented via the torch-
mando toolkit [19] and a P-Matrix-based di�erentiable cone-beam backprojec-
tor [24]. Real-world validation was conducted using the First-Imaging Huashan
Robotic-arm upright WB-CBCT system developed by First-Imaging Medical
Equipment Co., Ltd., involving both human volunteers and porcine hind limbs
from Beijing Jishuitan Hospital.

3.2 Experimental Setup

Experiments were conducted on an NVIDIA RTX 4090 GPU using PyTorch,
with all methods sharing identical con�gurations. The MADN was trained for
500 epochs (batch size 8) using AdamW with an initial learning rate of 1× 10−4

and an exponential decay (γ = 0.95 every 5 epochs) under LStageI. For joint
optimization, 3D motion was modeled via 40 learnable control points over 100
iterations. This stage utilized independent SGD optimizers for rotation (lr =
0.04) and translation (lr = 0.15), regulated by a ReduceLROnPlateau scheduler
(factor 0.5, patience 3) under LStageII.

3.3 Comparison Study

Co-MoCo was evaluated against �ve baseline methods, including image-domain
network (IDN) and motion compensation (MC) methods, under mild and severe
motion simulation datasets. Quantitative results in Table 1 show that Co-MoCo
outperforms all methods. In mild motion cases, Co-MoCo achieves a PSNR
of 40.95 dB, surpassing the Theies's by 1.21 dB. Under severe motion, where
image-domain methods like Uformer fail to restore structural integrity, Co-MoCo
maintains high �delity by synergistically integrating image priors with MC. Vi-
sual results in Fig. 3 and absolute di�erence maps further con�rm that while
other methods leave substantial residual artifacts, Co-MoCo suppresses motion-
induced artifacts while preserving high-frequency details.
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Fig. 3. Qualitative comparison of motion artifact removal methods across varying
severity of simulated motion. (a) Mild motion (rotation: [0.3, 0.6]°, translation: [0.5, 1]
mm); (b) Severe motion (rotation: [3, 5]°, translation: [4, 6] mm). Red arrows indicate
residual blurring and blue arrows indicate residual motion artifacts

3.4 Ablation Study

An ablation study was conducted to analyze the contributions of the image
domain network (IDN) and the motion compensation module (MC). As summa-
rized in Table 2, introducing either IDN or MC independently yields signi�cant
performance gains in the mild motion dataset, boosting PSNR from 34.01 dB
to over 40 dB. However, independent modules struggle under severe motion,
yielding only marginal gains (e.g., +0.38 dB PSNR for IDN). In contrast, pro-
posed Co-MoCo, which leverages the joint iterative optimization of IDN and MC,

Table 1. Quantitative performance comparison of various methods under mild and
severe motion datasets. Pink and blue backgrounds highlight the best and second-best
results, respectively.

Type Methods
(a) Mild Motion (b) Severe Motion

MSE ↓ SSIM ↑ PSNR ↑ MSE ↓ SSIM ↑ PSNR ↑
- FDK (Moved) 1585.83 0.9490 34.01 9402.92 0.7892 26.28

IDN

ResUnet [29] 772.33 0.9681 37.15 8843.30 0.8599 26.55
Uformer [27] 603.16 0.9738 38.22 9120.34 0.8624 26.42
Ko et al. [10] 688.25 0.9618 37.65 8621.61 0.8391 26.65
Su et al. [21] 621.46 0.9707 38.08 8402.99 0.8610 26.77

MC Thies's [25] 424.51 0.9631 39.74 3591.95 0.8568 30.46

IDN&MC Co-MoCo 321.62 0.9849 40.95 2288.21 0.9152 32.45
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Table 2. Ablation study of di�erent modules on two datasets.

IDN MC
(a) Mild Motion (b) Severe Motion

MSE ↓ SSIM ↑ PSNR ↑ MSE ↓ SSIM ↑ PSNR ↑

× × 1585.83 0.9490 34.01 9402.92 0.7892 26.28
✓ × 363.27 0.9774 40.41 8434.33 0.8778 26.66
× ✓ 381.99 0.9633 40.20 7157.66 0.8225 27.47
✓ ✓ 321.62 0.9849 40.95 2288.21 0.9152 32.45

achieves a dramatic performance leap. Speci�cally, it raises the PSNR from 26.28
dB to 32.45 dB in the severe motion dataset, alongside substantial improvements
in MSE and SSIM. Above results con�rm that coupling image priors and mo-
tion compensation is indispensable for handling complex motion degradations
e�ectively.

3.5 Real-World Data Analysis

The performance of Co-MoCo in suppressing motion artifacts was further val-
idated using the First-Imaging Huashan Robotic-arm WB-CBCT system de-
ployed at Beijing Jishuitan Hospital. In a clinical case involving a patient with
ankylosing spondylitis who was unable to remain stationary (as shown in Fig. 4
(f)), Co-MoCo successfully suppressed motion artifacts (highlighted by red ar-
rows in Fig. 4 (a) and (c)) and restored soft-tissue details (highlighted by yellow
arrows in Fig. 4 (b) and (d)). Furthermore, we conducted a study using a porcine
limbs. By manually inducing motion during the scan via a rigid rod connected

Fig. 4. Qualitative results on real-world datasets across thigh, knee, and leg. (a-b) Eval-
uation on a human volunteer. (c-e) Evaluation on a porcine hind limbs with reference.
(f) Experimental setups for volunteer scanning and (g) Simulated motion datasets.
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via bearings (highlighted by black arrow in Fig. 4 (g)), we demonstrated that
Co-MoCo e�ectively suppressed the resulting artifacts, yielding image quality
close to the �xed image (as shown in Fig. 4 (d) and (e)).

4 Conclusion

In this study, we proposed Co-MoCo, a collaborative motion compensation frame-
work that synergistically integrates image-domain restoration with 6-DoF mo-
tion estimation through an end-to-end di�erentiable reconstruction pipeline. By
establishing a mutually regularizing correction between a MADN and geometric
optimization, Co-MoCo overcomes the limitations of existing methods, ensuring
both physical consistency and motion artifact suppression. Extensive experi-
ments further validated Co-MoCo e�ectively suppresses the motion artifacts.
While the current 6-DoF rigid assumption performs robustly for bone-dominant
motion, future work will explore non-rigid deformation modeling to address com-
plex joint articulations. In general, Co-MoCo o�ers a promising solution for or-
thopedic and musculoskeletal diagnostics in WB-CBCT.
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