Towaras automated multiscale iImaging and analysis in [EM;
= Glomerulus detection by fusion of CNN and LBP maps

UNIVERSITET Elisabeth Wetzer!, Joakim Lindblad', Ida-Maria Sintorn'>, Kjell Hultenby=, Natasa Sladoje’
'Uppsala University, 2Karolinska Institute, *Vironova

A Ly

‘e 0+ Karolinska Introduction

e

329~ 7 Institutet ® Glomerulus detection is an essential initial step in many
41\11\’0 ‘%\Q ' ' . . .
nephropathological diagnoses, such as minimal change disease,
systemic lupus, and many others which can affect the kidney function

® Transmission Electron Microscopy (TEM) is the preferred imaging
technique, providing resolutions in nanometer scale for this task

® Images acquired using MiniTEM, a desktop, low-voltage (25keV) TEM

® Automated ROI detection in vast search space saves precious time
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® Delaying the fusion and reduction of |
* features to the very end leads to the best

L results for this application. : H l felz alm
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Fig. 5: ResNet50 Fig. 7: Misclassification Rate
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® 8x data augmentation
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