Deep Weakly-Supervised Learning Methods for Classification
and Localization in Histology Images: A Survey

ETS (#M004) « McGill

Le génie pour l'industrie

Jérébme Rony! & Soufiane Belharbi* & Jose Dolz? & Ismail Ben Ayed® eCatres Lot
& Luke McCaffrey3 & Eric Granger? The Goadman Cancer Resear SR %

LABORATOIRE
D'IMAGERIE, DE VISION
ET INTELLIGENCE

ARTIFICIELLE ILIVIA, Dept. of Systems Engineering, ETS Montreal, Canada
2LIVIA, Dept. of Software and IT Engineering, ETS, Montreal, Canada
SRosalind and Morris Goodman Cancer Research Centre, Department of Oncology, McGill University

Context Empirical Results

We explore weakly-supervised object localization methods In Datasets: c1as for colon cancer, and CAMELYON16 for breast cancer.
histology images and to what extent they are able to localize
regions of interest (ROls), i.e., cancerous regions, using only im-
age label supervision.
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Weak supervision: only global image class is available.
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Code: https://github.com/jeromerony/survey_wsl_histology Nashville 2023 souflane.belharbi.i@ens.etsmtl.ca
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