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2D RF: No 3D context 3D RF: A small field of view
1 Trade-off between inter-slice information and the field of view
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A big challenge in 3D m
mags
+ GPU memory limis
DL models

Meta-learner

1 Diverse base-learners: Each base-learner has a unique geometric
view of the 3D image data

1 Meta-learner: Learn how to combine the base-learners (instead of
simple averaging/voting)
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(z-axis) can be much larger
than that in the Xy-plane

May be processed as a | e
sequence (stack) of 2D 7
image slices i
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A new Model for 3

segmentati
Our mode| Combines:

Medical img

[
on

A 2D module (Fcny

- FCN-type networks

Extract intra-slice context

= A recurrent module (RNN)

-  Bi-directional convolutional LSTM (BDC-LSTM) network
- Exploit inter-slice context
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truth S— Combining inter-/intra-slice context
Ground tru
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Our goal: 3p instan
Without fy),

Our approach:

< Bol:mding box annotation for
all Instances, and

» Mask annotation for only a
small fraction of instances

Train a two-stage model|

C€ Segmentation
annotation

for object detection and
object segmentation,
separately

a)-(b) Examples of \rair'\ing data;
((c;-tdg examples of testing results
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Our 3
* AN overview
[ e |

object
detector

&
RolAlign
block

All box annotation contributes to the model in the first stage
By using a mask weights layer, only objects with mask annotation
contribute to the model in the second stage

RPN, Mask-RCNN, and RolAlign in 3D images

ble jearning a
penefits of multipie pase-learn
tne

1 Our base-ies
o 20 s (g fsd of view)
- Ove 30 ol (e sice wfcemation)
+ Our meta-Jeamer; Ensemble the results of the base-learners
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GTX 1000 Taanx Tow 100 s
Memory size of high-end GPUs

Memory requirement of
<=24GB (data from 2016 &
2017)

today's DNNs: tens of
glgabytes

i v savsuve i oh |
Creation on
-
manager

DATE 2018
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A new red
TN-friend|

for Medical image
gmentation (Cv
uced FCN from full Fen

PR 2018)
New Quantization tecty
y quantization method of FCNs (6.4X memory r

4.6X energy reduction on FPG
Score Increases from o 91t

(Full-Prec) |
FCN16 75,776

0.77 (0.83)
FCN24 109,568

0.84 (0.89)
Full FCN 309,248
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