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Background
• Massive cancer-related deaths due to colorectal cancer

Lung cancer
Colorectal cancer
Liver cancer
Stomach cancer
Breast cancer
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Challenges
• Low-contrast (a-c)
• Dramatic frame-to-frame variations (d-f)

(a) (b) (c) (d) (e) (f)
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Method
• Semantic disentanglement adapter
• Spatio-temporal side network
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Method
• Resolve low-contrast distractions

Raw frames

Entanglement states

Raw frames

Entanglement states
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Method
• Supplement spatio-temporal information
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Datasets
• SUN-SEG、CVC-612、CVC-300

[1]. Ji G P, Xiao G, Chou Y C, et al. Video polyp segmentation: A deep learning perspective[J]. Machine Intelligence Research, 2022, 
19(6): 531-549.
[2]. Bernal J, Sánchez F J, Fernández-Esparrach G, et al. WM-DOVA maps for accurate polyp highlighting in colonoscopy: Validation vs. 
saliency maps from physicians[J]. Computerized medical imaging and graphics, 2015, 43: 99-111.
[3]. Bernal J, Sánchez J, Vilarino F. Towards automatic polyp detection with a polyp appearance model[J]. Pattern Recognition, 2012, 
45(9): 3166-3182.

SUN-SEG Dataset1 CVC-612 Dataset2 CVC-300 Dataset3
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Ablation Experiments
• Effectiveness of our modules
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Ablation Experiments
• Effectiveness of our modules
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Comparison
• Best performance
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Comparison
• Visualization results

True Positive

False Positive

False Negative
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Comparison
• Visualization results

True Positive False PositiveFalse Negative
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Conclusion
• A novel method adapted from SAM
• SDA and STSN modules
• State-of-the-art performance

Future Work
• More efficient spatio-temporal information
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