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Abstract

Deep learning-driven image segmentation has achieved remarkable success in pathological image
analysis. However, existing studies predominantly focus on single-lesion identification while lacking
systematic quantitative evaluation of the holistic liver pathological microenvironment. To address this
gap, we propose a liver pathology image segmentation framework integrating self-supervised learning
with deformable convolutions. First, we construct a liver pathology segmentation dataset comprising
seven critical pathological structures based on hematoxylin-eosin (H&E) staining characteristics.
Methodologically, we innovatively employ the DINO self-supervised framework for pathological image
pre-training of ResNet-50, which alleviates model collapse through a teacher-student dynamic feature
alignment mechanism and enhances feature representation via multi-scale augmentation strategies.
Furthermore, we integrate deformable convolutions into the Atrous Spatial Pyramid Pooling (ASPP)
module of DeepLab v3+, enabling dynamic receptive field adjustment to capture irregular lesion de-
tails while preserving global semantic coherence. Experimental results demonstrate that our im-
proved model significantly outperforms U-Net and vanilla DeepLab v3+ in IoU and Dice metrics with
minimal annotation requirements, achieving segmentation accuracy of 0.84 (IoU) and 0.90 (Dice) for
hepatic parenchyma regions. This effectively resolves the robustness challenges in traditional methods
for complex boundaries and irregular lesions. Our study provides a mathematically interpretable and
clinically practical computational tool for systematic quantification of liver pathological microenviron-
ments, advancing Al-powered pathological diagnosis towards few-shot learning and multi-dimen-
sional feature co-modeling paradigms.
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Figure 1. DINO pre-training framework
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Figure 2. DeepLab v3+ model based on deformable convolution
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IEAIRL N .
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Figure 3. Annotation results of the liver microenvironment
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Table 2. Experimental details during model training
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Table 3. Comparison of segmentation IoU metrics across different models
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H 0.76 0.74 0.82
Jig Wiy A 0.57 0.54 0.66
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Figure 4. Prediction results of different models
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