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Whole anterior-surface motion
can localize 3D liver tumors
with sub-2-mm accuracy -
without ionizing imaging
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INTRODUCTION

CLINICAL NEED Sparse markers and small surface patches fail to reliably
reflect internal liver motion across patients or breathing states

RESEARCH GAPS Limited high-quality 4D MRI data for 3D liver motion research
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Fig 1. Overview of the proposed framework for 3D internal liver tumor localization using skin surface. The
workflow includes multimodal data acquisition and processing, Slot-Net training with muti-head outputs,
and downstream analyses of localization accuracy, surface contribution and prediction uncertainty.
Abbreviations: R=real-time; EE=end-exhalation (reference phase).

METHODS
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Fig 2. Multimodal
data preparation:
a) Skin surface.

b) Diaphragm mask.
c) Nearest patch
weighted surface.
d) Surface
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LMask = Wgcg X LBCE T Wpice X LDice T WeenpistM X LCenDistM (2)

LOSS FUNCTION

Ltotal — LMask + LCentroid + LUncertainty (1)

LCentroid = Wk X LKL T Weenpistc X LCentDistC (3)
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RESULTS

| TUMOR PREDICTION ACCURACY (30x7=210 test cases)
Feature importance analysis

Mean importance with significance

Tumor centroid error analysis from the best model
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| SURFACE SIGNIFICANCE is patient-specific
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Unlike lung tumors, which typically exhibit a consistent correlation with chest wall motion,
liver tumor motion demonstrates a complex, nonlinear, and patient-specific relationship
with the abdominal wall. Using 4D MRI, this study demonstrates that the entire anterior
abdominal surface can be used to predict liver tumor motion with high spatial accuracy

(tumor centroid error of only 1.54 + 1.29 mm) across all respiratory phases.

This high accuracy was largely driven by the proposed dual-head output architecture. The
mask head focuses on high-frequency local information (edges and textures), while the
Gaussian centroid distribution head—optimized via KL divergence—imposes a global
topological constraint. Our inclusion of an attention mechanism also helps.

Evaluating the input configurations revealed that the Jacobian determinant derived from
surface-mask registration (quantifies local surface expansion and contraction) provided the
greatest performance boost, followed by the end-exhale diaphragm mask (separates the
chest and abdomen and establishes the tumor's relative location).

Anatomically, the correlation between internal organ motion and the center abdominal and
lateral skin surfaces is primarily driven by the mechanical influence of the diaphragm and
internal abdominal pressure, but their exact distribution varies based on individual patient
anatomy and respiratory mechanic patterns. Liver tumors are subjected to complex internal
pressures and tissue inertia, which often results in a severe phase shift between the
external surface motion and the internal tumor trajectory.

Limited-marker or small-patch approaches may perform well only in selected patients in
whom the chosen surface region maintains a strong and stable respiratory correlation but
can fail substantially in others. In contrast, using the entire anterior surface provides a more
robust, generalized representation of respiratory motion.

Limitation: 4D MRI fails to capture : :
P Future workflow: optical cameras - continuous

tracking - confidence-aware beam adaption

instantaneous irregularities (extreme
breathing, baseline drift, intestinal gas)

CONCLUSIONS

* We developed a deep learning framework to robustly infer 3D positions of liver tumors
based on the entire anterior abdominal skin surface extracted from 4D MRI.

* By statistically investigating the spatially variant surface contributions, this work sheds
light on patient-specific surface selection or weighting for future clinical applications.

 (Case-wise uncertainty is quantified by assigning a confidence score to each case,
providing additional information for improved safety in motion management.
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