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Abstract: Objective Liver cancer is one of the malignant tumors with the highest mortality worldwide. Accurate tumor seg-

mentation based on computed tomography (CT) is of great significance for clinical diagnosis, surgical planning, and effi-
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cacy evaluation. Although deep learning has been applied in the field of medical image segmentation, under the fully super-
vised training paradigm, precise segmentation of liver tumors is constrained by the scarcity of high-quality annotated data.
Specifically, the complex shapes and fuzzy boundaries of liver tumors, the high cost of manual labeling, and inter-observer
variability lead to the scarcity of available high-quality training data, which has become a key bottleneck restricting the
clinical application of such models. Although data synthesis provides a way to alleviate data scarcity, some existing meth-
ods may generate samples inconsistent with clinical anatomical rules. Furthermore, unnatural artifacts in synthetic images
may cause models to learn shortcut cues, limiting their applicability to real tumor CT cases. To address these challenges,
an annotation-free liver tumor segmentation framework , named Know2Seg, is developed. The objective of this framework is
to alleviate the dependence of segmentation model training on real tumor annotations while making the synthesis process
consistent with clinical rules and guiding the model to learn meaningful tumor-related features from synthetic data. Method
Know2Seg mainly includes eclinical knowledge-guided liver tumor synthesis and a training architecture. In the synthesis
stage, rather than relying on generative networks, relevant clinical imaging knowledge is incorporated into the synthesis
process in the form of computable constraints. The synthesis process contains four steps: tumor location sampling, morpho-
logical simulation, texture synthesis, and image fusion. These steps are designed to make the generated tumors more con-
sistent with clinical and pathological characteristics. In location sampling, ellipsoid-constrained sampling and local ana-
tomical checking are used to reduce anatomically unreasonable tumor placement. In morphological simulation, synthetic
tumors are divided into different size categories, including micro, small, medium, and large lesions. Elastic deformation
are used to generate irregular and anisotropic tumor shapes that conform to pathological features: In texture synthesis, ran-
dom noise is processed by total variation denoising, wavelet decomposition, inverse reconstruction, and gaussian filtering
to simulate the heterogeneous density patterns of liver tumors. In image fusion, a density attenuation field modulated by
tumor texture is applied to healthy liver CT images. This strategy preserves high-density anatomical structures, such as ves-
sels, and reduces unrealistic truncation artifacts caused by simple copy-paste operations. In the training stage, a training
architecture informed by the idea of image disentanglement is used to support the model’s generalization performance on
real tumor CT images. Instead of directly learning the mapping from synthetic images to segmentation labels, the training
objectives encourage the network to learn representations of healthy anatomy and lesion texture. The network outputs recon-
struction maps and semantic segmentation logits. The segmentation logits are further converted into a tumor posterior prob-
ability map, which can be used as the blending weight for the reconstruction maps. Through this design, the model learns
segmentation together with the reconstruction of healthy anatomy and tumor texture, which distinguishes normal structures
from abnormal lesions. Four losses are jointly optimized, including healthy liver reconstruction loss, tumor texture recon-
struction loss, segmentation loss, and blending consistency loss. With the intermediate ground truths generated during syn-
thesis, this multi-task design makes the model learn more distinguishable representations of normal anatomy and abnormal
lesions. Result Experiments are conducted on public three-dimensional abdominal CT datasets. Know2Seg is compared
with representative annotation-free tumor segmentation methods, including anomaly detection-based methods and synthesis-
based methods. The results show that Know2Seg achieves promising segmentation performance. It obtains a dice similarity
coefficient (DSC) of 62.9%, a normalized surface dice (NSD) of 65.5%, a surface distance (SD) of 14.0 mm, and a
95% hausdorff distance (HD95) of 40. 4 mm. These results indicate that the framework performs favorably among the com-
pared annotation-free methods. Since no real tumor annotations are used during training, the performance also suggests that
the knowledge-guided tumor synthesis strategy can provide effective supervisory signals for downstream tumor segmenta-
tion, while the training architecture can improve the model’s generalization ability on real data. The DSC and NSD results
suggest good volumetric overlap and boundary consistency. The SD and HDO9S5 results further indicate that the predicted
tumor boundaries are relatively consistent with anatomical structures. Ablation experiments and hyperparameter sensitivity
experiments further verify the effectiveness and robustness of the framework. These analyses indicate that both the synthe-
sis strategy and the training architecture contribute to the overall performance. Conclusion By transforming relevant clini-
cal imaging knowledge into computable synthesis constraints and using a training strategy informed by image disentangle-
ment to reduce the risk of shortcut learning, an annotation-free learning framework characterized by both interpretability

and robustness is constructed. It does not require the pretraining of complex generative networks and helps reduce the reli-
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ance of model training on manual annotations.
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Fig. 2 Visualization of the clinical knowledge-guided tumor synthesis process
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Fig. 3 Training architecture diagram
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Table 2 Details of datasets
PGS S E IR S CT %L
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Table 4 Overall performances

ik ﬂff% ﬁggigw DSCT(%) NSD (%) 1 SD (mm) | (i?ji
PatchCore(Roth 4§ ,2022) v 0/116 16.0 16.4 - -
f~AnoGAN(Schlegl %,2019) v 0/116 19.0 16.9 - -
VAE(Kingma % ,2013) v 0/116 24.6 236 - ~
Yao %5 (2021) v 0/116 32.8 31.3 - -
Zhang 57 (2023c) v 0/40 53.0 - - -
SynTumor( Hu % ,2023) v 0/116 59.8 61.3 - -
SynTumort (Hu%§,2023) v 0/116 60.1 61.3 16.9 46.5
DiffTumort (Chen %5 ,2024) v 0/116 59.3 60.1 - -
Pixel2Cancer(Lai %5 ,2024) v 0/116 58.9 63.7 17.9 524
il FH LS e U1 e x 118/0 59.4 60.0 17.1 44.1
Know2Seg(Z<3C) v 0/116 62.9 65.5 14.0 40.4
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Table 5 Ablation studies of synthetic tumor strategy

SD

WEERZ) ¥ %k sk DSC NSD () HD95
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- - v 372 375 327 711

v - - 443 442 260 632
- - v - 573 594 192 516
- - v v 59.1 604 17.2  48.0
v - v v 61.0 63.1 163 47.7
v v v v 615 637 152 444
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Table 6 Ablation studies on loss functions in training

architecture
EOEE L @t aml ]
- v v v 61.6 64.3 15.0 41.2
v - v v 62.2 65.5 14.2 42.3
v v v - 61.7 64.5 14.9 454
v v v v 62.9 65.5 14.0 40.4
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3.2.3 SIS AT
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Table 7 Sensitivity analysis of key hyperparameters

28 SR E DSC (%) NSD(%)1
5 61.5 63.7

7. 10 62.5 64.7
15 61.2 63.7

350 61.0 62.9

T 400 62.5 64.7
450 62.2 64.9

Uu[0.5,1.5] 62.3 64.3

o, U[1.02.0] 62.5 64.7
U1.5.2.5] 61.8 63.5

U[5595] 61.1 62.7

8 U[65,145] 62.5 64.7
U[90,160] 60.3 62.4
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