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array where the 5
channek are the 3D
mdge and 4 one-
hot-encoded

% segmentations, one
A for each of the classes: background, left-ventricuiar

| cauty,left-ventricular myocardom and right ventricur  + Random Forest
« | cavity Network: Ot normal ResNet50 Residual Network mentations Manua
¥ Output: (1, 5] array of predicted Dice Similarity R aualable
- | Coefficients (DSC) for each class and one for the gnoLauore
binary ‘whole heart’ case.
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Real-time Prediction of Segmentation Quality
Swapping Expert Annotations for Generated Labels
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out the
large manvally-annotated dataset?
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L5 T Desirable to perform qualty control on-thefly in real time
f abeled
. datasel These don' exist in practice. So whal can we do?
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RCA DSC {:ﬂ J
Prediction b’ '

Real DSC*

RCA could be used
lo generate
predictions of
quaity tor a large |
database of images. ¢
Only requirement is
a small set of

Fig, | Reverse Classification ground truth
Occuracy (RCO) labeled reference

Images.
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X
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max DSC

*Usually unavailable

Odvantages:

| No need for expensive, expert manua labeling

A Extend the training dataset by segmenting at
different quaities (e.g random forest depths)
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Experiment 1

Experiment 2

o Y kthe mage analyzable?

oot s Table (top) showing mean absolte error for the different
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[DSC > 05) and poor (DSC < 09) ranges shown to be of
| e e similar order True (TPR) and fake (FPR) posttive rates are

e shown below. Standard deviation in brackels.
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f‘* Fia 4: Exampe Predictions n=1,610 n = 817 n =793 n = 288

0<DSC<1 DSC<05 DSC>05]0<DSC<1 DSC<05

n=1160

DSC

n =128 3

205 | &8/ Reacqusttion with patient in- [

4 Precictions of retwork frspe | 0.008 (0.011) 0.012 (0.014) 0.004 (0.002) | 0.034 (0.042)

{A o ' .alned.m Experiment | 0.038 (0.040) 0.025 (0.024) 0.053 (0.047) | 0.120 (0.128)

8 SOWINg (top) the miasagittal slce from 2D stack of 0.055 (0.064) 0.027 (0.027) 0.083 (0.078) | 0.191 (0.218)

CMR, (middle) random forest generated segmentation ;\?f'” RVC| 0.039 (0.041) 0.021 (0.020) 0.058 (0.047) | 0.127 (0.126)
- ( ( (

0.048 (0.046)
0.069 (0.125)
0.042 (0.041)
0.076 (0.109)

(

0.074
0.213
0.473
0.223

oo o Situ? Reduced stress

(0.002)
(0.065)
(0.111)
(0.098)

TPR 0.975 FPR 0.060  Ace. 0.965 TPR 0.879

| EXampkes segmentations are ordered by increasing

FPR 0.000

.+ and (bottom) the. manual ground truth beinap . . WH]|0.031 (0.035) 0.018 (0.018) 0.043 (0.043)|0.139 (0.091) 0.112 (0.093) 0.188 (0.060)

Acc.

0.906

quality from left to right. Real and predicteq DSC
sown with mean absolste error (MOE)
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Experiment 1 Distributiqn of MAE . EX!oerlment 2 Distribution of MAE =
ENIEERE ': ' < Train the network on the, logt
b  tyansform of the DSC to give TOre
LT fine-gyain prediction at. igher DSU
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