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Motivation: Mitosis

e Cell division, an important

marker in tumor diagnostics
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 Different phases in mitosis repication
and differences in staining
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grading

e Sparsely distributed in
histology slides
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Our Data Set

Sparsely annotated dataset of 10k cell
annotations per type

Full annotations drastically increase workload
in annotation task

Only mitotic cells with high certainty are

annotated.

But: How to use the data? cell types:
mitosis,
granulocyte,

normal cell
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Our Data Set

Sparsely annotated dataset of 10k cell
annotations per type

Full annotations drastically increase workload
in annotation task

Only mitotic cells with high certainty are

annotated.
But: How to use the data? cell types:
. mitosis,
Assumption: granulocyte,
No two mitotic cells within a certain distance of each other. normal cell
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A Classification Task

0.95 0.96 0.96
cell
0.94 0.94 0.94
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Idea: Create a localization task and a classification task

Let’s estimate the position
of the cell and the cell type.

Classification and
Localization task

Classes:
Mitotic cells | Granulocytes | Normal cells

negative class
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Spatial Transformer Networks [Jaderberg et al., 2015]

e Affine transtorm within the network
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e Transformation matrix is learned unsupervised within optimization
of the classification task.
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Spatial Transformer Network for Cell Detection

J— Localizer .......... ,‘ Standard CNN-approach
(+ inception layers)
for classification

Supervised training of
the STN

==> focus on the cell

wmesboncsanny
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Loss function [Localizer]

Affine transform
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approach name precision recall fl-score
CNN baseline | granulocytes (.847 ().898 0.872
mitotic figurcs 0.822 0.853 0.837
normal t. cells 0.916 0.859 0.887
mitosis mitosis B mitosis mitosis avg / total 0.870 0.868 0.869
A O ORI ORI RPN O SER | CNN-STN | granulocytes | 0912 0925 0918
F’Tl 0.00 F’Tl ri|_'41 f’rl ( _'.1;:; F(Tl ' (T) ' mitotic ﬂgurcs ().891 ().889 ().890

‘ normal L. cells 0.932 0.924 0.928

« avg / total 0.915 0915 0915

tions

tumor ceII tumor cell tumor cell
0.00 (G) 0.01 P(G) 0.00 P(G) 0.02

P M 0.00 (M) 0.0 P(M) 0.00 P(M) 0.12

P(T) .00 ( 0.99 P(T) .00 P(T) 0.87

hﬁﬁ*'

ﬁ .
O
. .
4
D O

6o

e

false clasge.ifications

=
7
7]
<
o
o
=
8

: . 3 .
gronulocyfe gronulocyfe gronulocyfe gronulocyfe grcnulocyfe
P(G 1.00 1.0¢( (G 0.97 (G 1.00 (G)
P H Q.00 F H 'If‘,fﬁllﬁ', F H 0.02 F H Q.00 (’I‘Mjl
P( Tl 0.00 r:;r‘,u 0.00 P( rl 0.01 P( ru 0.00 P(T) 0.97
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Summary

Supervised STNs can be exploited for sparsely
labeled image data

Outlook

Mitosis object detection in whole slide
images
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