Unsupervised Surgical Instrument Segmentation
via Anchor Generation and Semantic Diffusion
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How to provide training supervision without human annotation?
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How to supervise the remaining ambiguous pixels outside the anchors?
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Diffusion loss
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Diffusion loss

Ldzf(xtaxt-l-l) — max(¢(ffg fbg) T Cb( it1s 1 bg T1) — zﬁb(ftfga ftffl) +m?9, 0)

Maximize inter-frame instrument-instrument similarity
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Minimize intra-frame instrument-background similarities
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Diffusion loss

Lg;ff(xt, x11) = max((f/ 9, £9) + o(£/2,,£77,) — 26(£/9,£19,) + m79,0)

Ll (X, xo41) = max($(E]7, ) + $(EL01, £11) — 26(£7, £111) +m",0)
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Similarly, maximize the inter-frame background-background similarity
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Diffusion loss

Lg;ff(xt, x11) = max((f/ 9, £9) + o(£/2,,£77,) — 26(£/9,£19,) + m79,0)

Ll (X, xo41) = max($(E]7, ) + $(EL01, £11) — 26(£7, £111) +m",0)

Full loss = Anchor loss + Diffusion loss

ﬁfull(xta xt—l—l) — Eanc(xt) + Eanc(xt—|—1) + ﬁgff (Xta Xt—l—l) + Ezgf (Xta xt-l-l)



Results on EndoVis 2017
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Extend to Semi-Supervised and Fully Supervised Settings

. Dice
Ours (Unsupervised) 79.42
Ours (Semi-supervised) 87.94
MF-TAPNet [1] (Semi-supervised) 88.07
Ours (Fully supervised) 88.83
75 /8 81 84 87 20

We only use vanilla U-Net

[1] Jin, Y., Cheng, K., Dou, Q., Heng, PA.: Incorporating temporal prior from motion flow for instrument segmentation in minimally invasive surgery video. In: MICCAI (2019)



Extend to Skin Lesion Segmentation on ISIC 2016

| Dice
Ours (Unsupervised) 74.9
Ours (Semi-supervised) 88.6
Ours (Fully supervised) 90.3
Challenge Winner [2] (Fully supervised) 91
60 68.75 77.5 86.25 95

We only use vanilla U-Net

[2] Gutman, D., Codella, N.C., Celebi, E., Helba, B., Marchetti, M., Mishra, N., Halpern, A.: Skin lesion analysis toward melanoma detection: A challenge at the international
symposium on biomedical imaging (ISBI) 2016, hosted by the inter- national skin imaging collaboration (ISIC). arXiv:1605.01397 (2016)



Video Demo

Image Color Objectness Location

Positive Anchor Negative Anchor Prediction Mask Ground Truth



Conclusion

® Unsupervised Surgical Instrument Segmentation
® No human annotation needed

® Anchor generation to supervise confident pixels
® Semantic diffusion to supervise ambiguous pixels

® Promising results on EndoVis 2017 and ISIC 2016

® Codes at https://github.com/Finspire13/AGSD-Surgical-Instrument-Segmentation



https://github.com/Finspire13/AGSD-Surgical-Instrument-Segmentation
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