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Abstract. Intraoperative tumor tracking is critical for accurate target-
ing and safe margin control in X-ray-guided liver interventions. However,
accurate tracking is difficult because fluoroscopy often provides weak or
missing tumor appearance, and single-view X-ray images are insufficient
to reliably constrain dynamic 3D deformation under severe structural
overlap. This motivates a two-stage dynamic 3D/2D registration frame-
work that first constructs a static Gaussian organ-target prior from pre-
operative CT and then deforms it under intraoperative X-ray sequence
guidance. In Stage I, we build a label-aware static 3D Gaussian model
with task-driven non-uniform sampling and constrained initialization,
which preserves global liver morphology while improving the stability of
internal tumor representation. In Stage II, we extract explicit inter-frame
2D motion cues from X-ray images and map them to 3D Gaussian de-
formation using a decomposed motion formulation with rigid-like sliding
and residual deformation, parameterized by a sparse 3D control-point
lattice. The deformation model is trained in a closed registration loop
with joint 2D and 3D supervision for accurate and stable dynamic align-
ment. Experiments on simulated and retrospective clinical data demon-
strate state-of-the-art performance in intraoperative 3D tumor tracking
and deformation estimation.
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1 Introduction

In liver tumor intervention, intraoperative X-ray fluoroscopy is widely used for
guidance because it is real-time and workflow-compatible. However, X-ray pro-
vides only 2D projections with weak soft-tissue contrast, severe anatomical over-
lap, and missing depth cues, making stable tumor localization and continuous
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tracking difficult. Dynamic 3D tracking therefore aims to recover anatomy syn-
chronized with X-ray images for 3D fusion guidance.

Existing dynamic 3D tracking methods can be grouped into reconstruction-
and registration-based approaches. The former estimate 3D structures directly
from single-view or multi-view X-ray images. Representative studies include
GAN-based CT reconstruction from orthogonal X-ray views [20], neural-field/self-
supervised CBCT reconstruction [22], and single-view dynamic reconstruction
via differentiable DRR synthesis or patient-specific 4D modeling [16,17,20,21,22].
While these methods show the feasibility of X-ray-based 3D recovery, dynamic
single-view reconstruction remains highly ill-posed and often relies on large-scale
data or patient-specific optimization [17,21,18]. Registration-based methods are
more consistent with interventional workflows because preoperative 3D priors are
usually available and the target anatomy is known. Existing methods include
mesh-based and voxel-based formulations [5,7,10,13,15]. Mesh-based methods
can track organ surface deformation using DRR/X-ray image cues [15,18], but
they mainly model surface geometry and are less suitable for liver tumor inter-
vention, where the tumor is inside the liver and localization often depends on
internal intensity/projection cues. Voxel-based methods can model both surface
and internal deformation [10,5], but they are primarily applied to skeletal struc-
tures [10] or rely on patient-specific optimization [5], leaving cross-patient soft
tissue and tumor motion tracking underexplored.

Current methods still face a key bottleneck in single-view X-ray-guided dy-
namic 3D tracking, where severe anatomical overlap, weak soft-tissue contrast,
and missing depth cues make 3D-2D matching highly ill-posed. To address this is-
sue, we introduce a registration-based framework that jointly exploits structural
priors from segmentation labels and volumetric intensity information for tumor-
relevant dynamic tracking, and adopt a differentiable Gaussian representation
as a compact bridge between preoperative 3D anatomy and intraoperative X-ray
observations. Thus, we consider dynamic 3D/2D registration as static Gaussian
prior modeling followed by intraoperative dynamic guidance. The main contri-
butions are threefold: (1) A clinical-task-driven two-stage framework is proposed
for X-ray-guided liver tumor tracking, in which intraoperative 3D tumor track-
ing is formulated as a tumor-relevant dynamic 3D/2D registration task. (2) We
construct a label-aware 3D Gaussian prior from preoperative CT and liver-tumor
masks with tumor-focused non-uniform sampling, improving the representation
of small tumors and subtle local deformation. (3) We introduce a 2D-motion-
guided sparse-control deformation model to decompose liver-tumor motion into
rigid-like sliding and residual deformation, enabling accurate 3D tumor tracking
with motion consistency to inter-frame X-ray observations.

2 Method

2.1 Overview

We propose a two-stage framework for dynamic liver and intrahepatic tumor
registration from intraoperative X-ray images, and formulate dynamic 3D/2D
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registration as static 3D Gaussian prior modeling followed by intraoperative
motion-driven deformation. In Stage I, we build a label-aware static 3D Gaussian
model from preoperative CT and liver-tumor masks with non-uniform sampling
and constrained initialization. In Stage II, we extract explicit inter-frame 2D mo-
tion cues from X-ray images and map them to 3D Gaussian deformation using
a decomposed motion formulation with rigid-like sliding and residual deforma-
tion. Our method is designed for registration-oriented intraoperative dynamic
tracking rather than full 4D anatomical reconstruction.

Fig. 1. An overview of the proposed two-stage framework.

2.2 Stage I: Static Organ-Target Gaussian Model

Given a preoperative CT volume V (0), a liver mask M
(0)
li and a tumor mask

M
(0)
tm consist of M (0), i.e., M (0) = {M (0)

li ,M
(0)
tm } we construct a static Gaussian

model as the union of liver Gaussians and tumor Gaussians:

G(0) = G(0)li ∪ G
(0)
tm . (1)

Each Gaussian is parameterized as gi = (µi, Σi, ai, `i). µi ∈ R3 is the Gaus-
sian center, ai denotes an X-ray absorption-related coefficient, and `i ∈ {li, tm}
is the discrete label of liver and tumor. Σi ∈ R3×3 is the covariance matrix,
which is parameterized by a rotation matrix Ri ∈ R3×3 and a scaling matrix
Si ∈ R3×3, i.e., Σi = RiSiS

>
i R
>
i . For an arbitrary spatial location x ∈ R3,

the attenuation-related field induced by the static Gaussian model is written as
ρ(0)(x) = ρ

(0)
li (x) + ρ

(0)
tm(x), where

ρ
(0)
li (x) =

∑Nli

i=1 a
li
iNi(x), ρ

(0)
tm(x) =

∑Ntm

i=1 a
tm
i Ni(x), (2)
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where Ni(x) = exp
(
− 1

2 (x− µi)
>Σ−1i (x− µi)

)
defines the i-th 3D Gaussian ker-

nel. The quadratic form characterizes the Mahalanobis distance between x and
the Gaussian center µi.

Instead of using a uniformly sampled generic Gaussian representation, we
construct the static model with a label-aware sampling and initialization scheme
for liver-tumor dynamic registration from X-ray images. Specifically, we sample
G(0)li and G(0)tm separately to preserve an explicit internal tumor representation.
G(0)tm is assigned a higher sampling density than G(0)li , improving target geometry
and centroid stability under respiratory motion and weak tumor visibility in fluo-
roscopy. µi, Σi and ai are initialized from mask-based volumetric sampling, local
sampling spacing, and CT intensities, respectively. This strategy provides a sta-
ble patient-specific organ-target Gaussian prior by assigning denser sampling to
tumor-relevant regions, without requiring unconstrained Gaussian optimization.

2.3 Stage II: Intraoperative Motion-Driven Gaussian Deformation

Stage II is formulated as a registration-by-rendering loop that deforms the static
organ-target Gaussian prior over time and aligns it to intraoperative X-ray im-
ages in the projection domain. Inspired by the sparse-control deformation idea
in [14], we use a simpler control-point-driven deformation design tailored to dy-
namic 3D/2D registration, which avoids the more complex generative dynamic
modeling pipeline and reduces training difficulty.

DRR-based registration loop. Given a static Gaussian prior G(0) and correspond-
ing label mask M (0), we estimate frame-wise deformation parameters to obtain
a deformed Gaussian model G(t) and deformed mask M (t), and render G(t) to
the X-ray plane via a DRR step [9,3]: Î(t) = DRR

(
G(t)

)
. This forms a 3D/2D

registration loop between 3D Gaussian deformation and 2D X-ray observations.

2D motion extraction from X-ray images. To improve stability under weak soft-
tissue visibility and structural overlap, we first generate an enhanced DRR by
combining the projection of the deformed liver mask with the CT-derived DRR,
providing a clearer liver-region cue for subsequent motion estimation. We then
extract an explicit inter-frame 2D motion cue from adjacent X-ray frames:

φ(t) = F2D_mot(I
(t), I(t+1)), (3)

where F2D_mot(·) is a VoxelMorph-style U-Net encoder-decoder [2] for 2D motion
extraction, and φ(t) serves as a temporal motion cue.

Motion-guided sparse-control Gaussian deformation. We parameterize dynamic
deformation using a sparse 3D control-point lattice in the liver region. A motion-
guided deformation network adapted from a Transformer backbone [4] predicts
rigid-like sliding motion and residual control-point displacements from the 2D
motion cue φ(t) and 3D control points P:

(ξ(t), ∆P(t)
def) = Fdef(φ

(t),P). (4)
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ξ(t) ∈ R6 denotes sliding parameters and ∆P(t)
def denotes residual control-point

displacements. We then update each Gaussian center by combining the sliding
transform and the interpolated residual deformation:

µ
(t)
i = T (ξ(t))µ

(0)
i +∆µ

(t)
i (∆P(t)

def), (5)

where ∆µ(t)
i (·) denotes the residual displacement interpolated from the control-

point lattice at the sliding-transformed Gaussian center T (ξ(t))µ(0)
i . In Stage II,

only the Gaussian centers are updated by default, while the remaining attributes
are kept fixed for stable registration-oriented optimization.

Training optimization. Stage II is optimized in the closed registration loop using
the joint 2D/3D consistency and smoothness objectives defined in Sec. 2.4.

2.4 Training Objectives

We optimize the Stage II model using a joint objective with 2D projection consis-
tency, 3D label-volume supervision, and deformation smoothness regularization:

L = L2D + λ3DL3D + λsmLsm, (6)

where λ3D and λsm are the corresponding weights.
2D and 3D losses. L2D enforces projection alignment, while L3D reduces depth
ambiguity and preserve organ-target structural consistency. After deforming the
static Gaussian model and projecting it to generate the DRR image Î(t), we
compare Î(t) with the input X-ray image I(t) using a 2D image loss that combines
LNCC and gradient consistency terms. Also, we use an MSE term to enforce
voxel-wise label consistency and a DSC term to improve overlap between the
deformed organ-target volumes [1,2].
Smoothness regularization. To stabilize optimization and suppress implau-
sible high-frequency deformation, we impose smoothness regularization on the
residual deformation control-point displacements in the sparse 3D lattice. We
use spatial smoothness terms: Lsm = ‖∇sp∆P(t)

def‖22, where ∆P
(t)
def denotes the

residual deformation control-point displacements at frame t, and ∇sp denotes
spatial finite differences on the 3D control lattice.

3 Experiments and results

3.1 Experiment Settings

Datasets. We use 16 cases of 4D liver-tumor CT with 10 respiratory phases
(training) and 7 cases of CT/real X-ray image pairs (testing) for retrospective
study. All CT volumes are resampled to isotropic 1 mm spacing and normalized
to 128 axial slices. To improve the structure and deformation variation of our
dataset, we expand each 4D-CT data into multiple training samples using adja-
cent, interval, and bidirectional phase pairs, yielding substantially more training
samples. Further, we apply initial perturbation during DRR generation.
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Fig. 2. Examples of tumor region annotations and clinical evaluation metrics.

Implementation Details. A two-stage construction-and-optimization strategy
is adopted in our framework, where Stage I constructs and initializes the static
Gaussian prior and Stage II optimizes the motion module while updating only
Gaussian centers by default. We use the Adam optimizer for Stage II with an
initial learning rate of 1 × 10−5 and a decay rate of 0.95. λ3D and λsm are set
to 2 and 0.1, respectively. The coarse control lattice resolution is 4× 4× 4. The
training adopts a 3-fold cross-validation strategy. All experiments are conducted
on a single NVIDIA GeForce RTX 4090 GPU.
Evaluation metrics. We adopt evaluation metrics from prior registration stud-
ies [12,2,6], including mean distance (MD), Hausdorff distance (HD), and Dice
similarity coefficient (DSC) and volume difference rate (VDR), to quantitatively
evaluate registration performance on the simulated data. A clinical ground truth
for quantitative evaluation is established by three senior physicians, with tumor
contours jointly delineated on from retrospective X-ray image sequences using
the lipiodol region and vertebral position (Fig. 2). Three 2D metrics are then
adopted to assess tumor localization and deformation estimation accuracy: tu-
mor area Dice score (DSC2d), tumor boundary intersection over union (IoU2d),
and closest contour distance error (CCD).

Table 1. Quantitative results (mean ± std) of compared methods on simulated data.

Anatomy Method MD (mm) ↓ HD (mm) ↓ DSC (%) ↑ VDR (%) ↓

Liver

Affine [2] 3.37 ± 1.92 11.86 ± 4.93 90.81 ± 5.78 3.89 ± 1.40
VoxelMorph [2] 3.12 ± 1.37 11.45 ± 3.79 91.84 ± 4.17 3.54 ± 1.86
TransMorph [4] 2.82 ± 1.03 9.23 ± 3.14 93.94 ± 2.56 2.85 ± 1.39

MambaMorph [19] 2.98 ± 1.21 10.48 ± 3.62 92.32 ± 1.88 2.96 ± 1.55
DiffuseMorph [11] 2.75 ± 0.62 8.74 ± 2.35 94.53 ± 1.95 3.17 ± 1.65

Ours 2.13 ± 0.63 7.52 ± 1.94 95.03 ± 1.74 2.14 ± 1.05

Tumor

Affine [2] 2.84 ± 1.77 7.93 ± 3.41 78.25 ± 14.68 7.22 ± 3.36
VoxelMorph [2] 2.46 ± 1.45 6.35 ± 1.94 83.39 ± 12.17 6.32 ± 2.72
TransMorph [4] 1.95 ± 0.92 6.12 ± 1.96 85.72 ± 10.32 5.04 ± 2.23

MambaMorph [19] 1.87 ± 0.78 4.98 ± 1.85 88.15 ± 6.30 3.41 ± 1.82
DiffuseMorph [11] 1.74 ± 0.81 5.14 ± 1.80 87.89 ± 8.21 4.38 ± 1.97

Ours 1.21 ± 0.40 4.19 ± 1.75 91.34 ± 5.68 2.58 ± 1.51
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Fig. 3. Visual comparison of liver and tumor registration. “GT” denotes the ground
truth at end-exhalation, “Initial” indicates before registration at end-inhalation.

3.2 Comparison with Related Methods

We compared our method with five voxel-based registration baselines, includ-
ing VoxelMorph [2], TransMorph [4], MambaMorph [19], DiffuseMorph [11] and
Affine derives from Voxelmorph to achive affine matrix. For a fair comparison,
all baselines were adapted to the same 3D/2D registration protocol, with CT
liver-tumor labels as the source and DRR or X-ray images as the target. The
quantitative results of simulated data in Table 1 demonstrate that our method
outperforms the competing methods (p-value < 0.01 by Wilcoxon Test). The
qualitative results in Fig. 3 further show that the liver and tumor predicted by
our method are the closest to the ground truth in both shape and volume.

To evaluate the generalization capability of the proposed method to real
X-ray image guided liver tumor intervention, we directly evaluated it on the
clinical cases. Before tumor tracking, the patient pose between CT and X-ray
is first initialized by rigid registration [8]. Subsequently, following [8], we use a
CycleGAN-based domain translation model [23] to translate X-ray images into
simulated DRR images with enhanced liver-region contrast, which are then fed
into the subsequent pipeline. Fig. 4 presents the qualitative (left) and quanti-
tative (right) results of our method over a continuous respiratory cycle. The
liver and tumor exhibit motion and deformation consistent with the X-ray im-
ages, and show high overlap with the green ground-truth contours. The average
inference runtime is 62 ms per frame, corresponding to 16.1 fps.

3.3 Ablation Study

We design a ablation study and summarize all results in Table 2. The abla-
tions focus on one key design from each stage, including w/o Task-Driven
Sampling: replacing the label-aware non-uniform Gaussian sampling in Stage I
with uniform sampling, w/o 2D Motion Guidance: removing the explicit
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Fig. 4. (a) Clinical registration results across a continuous respiratory cycle. Yellow
tags 0–4 denote end-inhalation, mid-exhalation, end-exhalation, mid-inhalation, and
approximately 90% of the cycle. The green contour indicates the physician-annotated
ground truth. (b) Quantitative results of tumor registration on four metrics.

Table 2. Tumor registration results of ablation studies on simulated data.

Methods MD (mm) ↓ HD (mm)(%) ↓ DSC (%) ↑ VDR (%) ↓
Full (Ours) 1.21 ± 0.40 4.19 ± 1.75 91.34 ± 5.68 2.58 ± 1.51

W/o Task-Driven Sampling 1.83 ± 0.99 4.48 ± 1.83 88.95 ± 7.62 3.01 ± 1.94
W/o 2D Motion Guidance 2.35 ± 1.63 5.26 ± 2.21 85.24 ± 10.96 4.93 ± 2.38
W/o Motion Decomposition 2.07 ± 1.67 4.82 ± 1.89 87.73 ± 8.32 3.78 ± 1.27

inter-frame 2D motion cue in Stage II, and w/o 3D Motion Decomposition:
removing the sliding and deformation decomposition by replacing it with a single-
branch deformation model. The results show that removing explicit 2D motion
guidance causes the largest performance drop, mainly due to reduced dynamic
alignment stability under weak X-ray visibility and structural overlap. Replac-
ing the motion decomposition with a single-branch deformation model also de-
grades tumor localization and deformation estimation, indicating the benefit of
explicitly separating global rigid-like motion from residual deformation. Remov-
ing task-driven sampling further reduces tumor registration accuracy, confirm-
ing the value of label-aware non-uniform Gaussian construction for preserving
weakly visible internal targets.
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4 Conclusion

We present a task-driven framework for dynamic 3D liver-tumor localization
and deformation estimation under continuous X-ray guidance. The framework
decomposes dynamic registration into static 3D Gaussian modeling and motion-
guided refinement. The label-aware Gaussian representation improves tumor
modeling stability while preserving global liver morphology, and the motion-
guided refinement enhances registration accuracy and temporal stability under
weak X-ray visibility. Experiments on simulated and clinical data show improved
tumor localization, deformation estimation, and continuous-frame tracking over
competing methods, with good temporal consistency and structural fidelity.
These results support the potential of our framework for reliable intraopera-
tive navigation in X-ray-guided liver tumor intervention and other physiological-
motion-affected scenarios, such as lung and cardiac interventions. Future work
will expand the clinical dataset to assess generalizability and robustness.
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