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Semantic segmentation

¢ input: x € [0, 1]P*F*W image
¢ output: § € [0, 1]<*H*W prediction
¢ target: y € {0, 1} EXH*XW mask
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¢ average modified (95" percentile) Hausdorff distance

¢ area under ROC, PR curves

Hidy Gabor Organ segmentation using U-Net like models



Overview
Data
ults

1 64 64 646464 64 2 1

©o 0
wn wn
[N concatenate Iy o
& ” &
n wn
o~ ~

64‘ 128 128 128 128 128

@

~

ko] concatenate ~

o []

~ >

] I

m

256 256

concatenate

64x64
64x64

16X16 »n

Organ segmentation using U-Net like models




Synapse

¢ multi-organ CT dataset

¢ segmentation mask for eight organs
¢ 2D slices of 3D CT images

¢ train: 12 samples, 1800 slices

¢ validation: 4 samples, 300 slices
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Weight initialisation

Refe

Experiments with weight initialisation

weight init | acc | AUC | AP | DSC | loU | HD95
He (fan out) 0.990 | 0.969 | 0.785 | 0.735 | 0.619 | 0.003
He (fan in) 0.990 | 0.979 | 0.776 | 0.731 | 0.612 | 0.003
Glorot 0.990 | 0.976 | 0.762 | 0.718 | 0.601 | 0.003
orthogonal 0.991 | 0.976 | 0.789 | 0.737 | 0.614 | 0.003

pretrained encoder || 0.990 | 0.983 | 0.817 | 0.750 | 0.626 | 0.004
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Weight initialisation
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Results

Training on Imagenet
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Downsampling

Experiments with downsamplmg methods

downsampling | acc | AUC | AP | DSC | loU | HD95
maxpool 0.989 | 0.981 [ 0.796 | 0.773 | 0.659 | 0.004

conv (channel change) 0.989 | 0.945 | 0.710 | 0.709 | 0.595 | 0.005
conv (no channel change) || 0.988 | 0.945 | 0.710 | 0.709 | 0.599 | 0.004
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Results

Examples

Example prediction
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Validation confusion matrix at epoch 150

1.0
background 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
aorta 4 0.17 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.8
gallbladder 10.43 0.00 /0.40 0.00 0.00 0.14 0.00 0.00 0.03
left kidney 7O F 0.00 0.00 JO:SEF 0.00 0.00 0.00 0.01 0.02 0.6
4
g right kidney 1 0.28 0.00 0.00 0.00 0.00 0.00 0.00 0.00
=
5]
liver 1 0.08 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ro.4
pancreas 10.41 0.00 0.00 0.00 0.00 0.22 0.27 0.01 0.09
0.2
spleen 4 0.14 0.00 0.00 0.00 0.00 0.04 0.00 JeAk:H 0.05
stomach ﬂ 0.00 0.00 0.00 0.00 0.06 0.00 0.00 0.25
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