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Abstract

Few-shot semantic segmentation focuses on improving the model’s generalization ability to pro-
vide pixel-level segmentation for unseen classes with limited samples. While existing methods
have made significant progress in segmentation performance, they are still constrained by certain
factors. For instance, when there are intra-class gaps due to significant variations in angles, sizes,
etc., within the same class, the model struggles to capture category semantics. Therefore, this pa-
per proposes a few-shot semantic segmentation module based on the fusion of multi-scale prior
information. By extracting multi-scale prior masks from high-level features, this module sup-
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plements category-related information for the model, reducing the impact of intra-class differ-
ences. To integrate multi-scale features and their prior information, the paper introduces a Weighted
Adaptive Feature Fusion module, adding information interaction across various scales and com-
bining features with weighted contributions. Ultimately, through ablation experiments and com-
parative experiments with baseline methods and other classical algorithms, the effectiveness of
this approach has been demonstrated.
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Figure 1. Overview of the few-shot semantic segmentation model proposed in this paper
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Figure 2. Convolutional classifier network structure
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Figure 3. Multi-scale prior mask generation module structure
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Figure 4. Multi-scale weighted adaptive feature fusion module structure.
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Table 3. Ablation experiments on each module
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