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In order to fulfill their promise in regenerative medicine and drug
discovery, a steady supply of iPS cells obtained through harvesting of individual cell colonies is
needed. However, cultivating iPS cell colonies is a sensitive process, and even if care is taken
abnormalities can appear, which need to be detected. It is therefore important to automate the
process of detecting such abnormalities and in this research project we have designed a new deep
learning based semantic segmentation algorithm which is able to automatically detect and label at
pixel level differentiated vs. undifferentiated cells in iPS colonies images.
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bR NTTAEFHET D (Z0BEIT, 1® 7 Make target histograms” (Z%fhd % ; X T
X, B2 T AEBRLEATRRINTND). RIZ, EA N T LOKEEREZTNETNEF
DR AEOIICEHI LT (®1TIE, ” Normalization” IZXHST 2@, Honb 7
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T T ANKHEEEREH WIERE I L, KD patch 5 FHIZ & D F ik (patch
classification), =° Semantic Segmentation FADIEBEETILDOX—RA T A4 & L THWSLN
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WL OBRK 2 IZERENTND.
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FOEME Y 7 AEANEBTH D (BB TANRLAOTERINLTWS, 7272 LEADOE
SITHEMAETHXERTERWEEAZ L L TWD). ZFE NS AV EBNENEIIRETIE, 6k
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TWABZERLND. T, A RFNFEZ AV CGRIBEOEEN I bIT- 2. iz
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