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Outcome/disease prediction 2% 5 <
Computer Aided Diagnosis 11%
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Surgical Planning and Simulation 2%
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Microscopy 2%
Weakly Supervised Learning 2%
Interpretability / Explainability 3%
Image-Guided Interventions 3%

Neuroimaging 6%
Self-Supervised Learning 5%

Semi-Supervised Learning 4% ) Pathology 4%

Domain adaptation 4%

putational (I
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videos (6) Every time m Mahsa Ghorbani  Ahana Priyanka ~ Ricardo Gonzales
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Participate to Oral .
3 Every time m s
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s 4 a Andres Marafioti University of 135
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Mechanics to energy

Concentric HIFU around
central Doppler solves
registration problem

High Intensity Focused Ultrasound
for
Non-invasive Acoustic hemostasis

Courtesy Larry Crum, Univ Washington Applied Physics Lab
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Depth sensors installed above alcohol-gel dispensers L®

Singh*, Haque*, Alahi, Yeung, Guo, Glassman, Beninati, Platchek, Fei-Fei, Milstein. Journal of the A ican Medical jc iation (2020) 31
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(=) " Machine Learning in Medical Imaging (MLMI) | 2 &3 2 220l #k(C)Fon > (FE
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17 HE R EE Y 25 SR 4R 48 HH K g E 4R A E2 (Heidelberg University) |y Klaus Maier-Hein 2% 3=
Z% " Machine Learning in Medical Imaging—Current Challenges | - %% B BRI FEE
ELE RN e — (s h bt Fe &6 SR 1% - A B PR ER PR IE A I P R AU R - B& 021k
(Generalization) ~ 527 (Anomalies) ~ FHEEME (Uncertainty) ~ I ~ BLE (Reality) © %€
JEEEENEIRERS AL (Pipeline) SR - AR S IEIEHFEAY 2 BBt
REZESARA - A0fE 14 Frn-AESBGEMIAVIER T (WX Jese e ~ CT 528 ~ Bt
BB ~ G RE - B RTRIEEFEE « BRI EE - SRR EHEFE AR
RAB SRR SE SRR E HAE R - ZRFRNGHERHEE SR - &% LIk
BRAREE BT - BB BRI e AT - SEPMR 2 BGRB8 B B 82 8 128
TSRS S T IR EE - (HEfES IR - 5940 IR E T ATaE BRI & - e
&~ EZEERE R RS B RS B AR IR R BRI R > WlE 15 Ry — (R
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2 R NEHY Al J5 ARG RV S RE 1 48| SR R fee ELIE A -

Biomedical Domain: Imaging Properties Vary Drastically

o1 | 02 03 . 04 B 08 06 . or
. L] ° .
0é . 09 . DO on 012 D13 o1
. . .
. L
o 016 o D18 019 020 02
.
bz2 o023 L~ - .2 ':w"m' median number of voxels B number of training cases W modality
cr : size anisotropy W rarest class ratio
o
P B spacing anisotropy number of classes
D1 MSD - Brain Tumor (edema, necrosis, enhancing tumor) D9  MSD - Spleen (spleen) D17 KITS (kidneys, kidney tumor)
D2 MSD - Heart {left atrium) D10 MSD - Colon (colon cancer) D18 SegTHOR (heart, aorta, esophagus, trachea)
D3 MSD - Liver (iver, kver tumor) D11 BCV-Abdomen (13 abdominal organs) D19 CREMI (synaptic cleft)
D4 MSD - Hi s (anterior h., po h) D12 Promise12 (prostate) D20 CTC - Fluo-N2DH-SIM+ (HL60 nuclei)
D5 MSD - Prostate (peripheral zone, transition zone) D13 ACDC (left ventricle, right ventr., myocard) D21 CTC - Fluo-N3DH-SIM+ (HLE0 nuclei)
D6 MSD - Lung (lung nodules) D14 LiTS (liver, liver tumor) D22 CTC - Fluo-C3DH-AS549 (AS49 cell)
D7 MSD - Pancreas (pancreas, pancreas tumor) D15 MSLes (ms lesions) D23 CTC - Fluo-C3DH-A549-SIM (A549 cell)
D8 MSD - Hepathic Vessel (hepathic vessels, liver tumors) D16 CHAOS (liver, spleen, Vr kidney)

MSD = Medical Segmentation Decathlon; CTC = Cell Tracking Challenge

Isensee®, Jager", et al. Automated design of deep learning methods for biomedical image segmentation
Nature Methods 2020

Page 10 | Klaus Maler-Hein, Division of Medical Image Computing

14 ~ RTHBEERIE AR Z Befg M aE 2= SRR 4]
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Concept Medical - Outside
Center .~ World
r D |

JIP Server

(private cloud)

STORE

e dcmdche
& Transfer Restful
-] APl
META

Method
Repository
(e.g. DKF2)

O irscrony

- Exploration
- Cohort
Definition

TRl
NEIE
)

\Web Interface

§5 HARBOR
U

;I(anagemenl
(et
Sl )

D:'l www.kaapana.ai
Scherer J, ..., Maier-Hein K. JCO CCI 2020

Page 55 | Klaus Maier-Hein, Division of Medical Image Computing

& 15~ SR ER S ARG - B2 S e R M R 2 T 4]

(=) " The 4" Workshop on Machine Learning in Clinical Neuroimaging (MLCN) | i 2 €&rsgrh ok
o G G (I B R B BB BH N 4 BE T 22 Adrian Dalca BhEEZ#% £ 3% " Unsupervised
Learning of Image Correspondences in Neuroimaging - E#aJEE B HEE (FFEAELLEE
EFEAGE Al 238 B BRE UM ARNEEGE - SRR G R A

» A FIHIR G RE B EARLERA (template) ZGETTOOMTEESS > tEE(E R Tl AI1RHY
ERPREC R B MR i T AL B RIS - (8 16 B Al FEEIGIISRAGR m R
f WSR2 G P (HERNREE - REHEAEHABEEREESE
GHAIRAVEES - B 16 NIRRT EARSG > m BIEEZM (HEER) fyg - f A
HR R ZE MRS > 1T warped m RydE Al FEBIFR RO RZHRTHISE G 45 R IUER
i > A GPU SR RANZREE 2.5 /NEFHYE Rl 2 0.3 7 » Zodh—5 K g s 1 55
FA TN A EEFRAR B F1(S B BRI 7 Paul M. Thompson Bl £ 3-3% Al and Deep Learning

in Medical Imaging and Genomics: Lessons from ENIGMA’s Global Studies of Brain
Diseases ;- Thompson #5462 ENIGMA (Enhancing Neuro Imaging Genetics Through Meta

Analysis) B (416 17)- 352 45 {EEIS5/MHERY 2,000 fZFREE5RAH Ry 2 BRI
it 33 Tl - FERER P A T ARV ST - SREIEKF 2N ~ HIE - ZEhfE ~
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EEFETS RUE A58 05 - ENIGMA ¥fi#iE 100,000 ARy AHS IR 5L RAH BiEnY
FENAHEREE - USSR B NEGERE - oim b NI R i a8 (R B - I (B R
s REUR BV EER - B 18 BURMIZEA FEFEIG A FERE AT L45R - Thompson
%l Bk ENIGMA B SRR A ARMEATRHSE - FIRSEISS )8 R EHIERF YT - 18
=5 S — U R RE AR 33 1l RS BRI RS - (Hith = R ERTE Y - A RHEE
HI(EFATERY S BHE S Brain Age Wil TIFEF4H - (B EHEMHBIE DL TS G HBINE

BT - EZHUERSETA - HIFRMREH - HE SV AEmARE (University of
Pennsylvania) F 2 {4 B 22 [F [ 2% % T Unfolding the medial temporal lobe cortex to
characterize neurodegeneration due to Alzheimer's disease pathology using ex vivo imaging | -

Wik 19 AR 18 dHpEfEds (NIEIRiSaHEREEA) W78 i e TR 4RSS RT MRI
sAG NS TE AR R R I A (4 - 8 T o] 20 R B S B 2 b PO R S i F = A
TRERSEIRAVER (5 - JEE M DT 7 RE US55 s e ARE AV D) 1 A A BB AR T o B 38 B

A 270
Eueg o

Training
Moving image deformation
\ T f // Moved (m o ¢,)
™ R x| AL A
N[ K[ @ -
m_, Rt =0 -
X A spatial
i Tage / | Al ¥ ¥ transform
(f network gg ‘
parameters 6 moved image m © ¢
> | should becloseto f | <

* SGD based techniques
* Each image pair contributes slightly to 6
Classical optimization: slightly update ¢ for an image pair

16 ~ DIFREDE A E RS IR & S e A e B B PR [5]
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Map of ENIGMA Members
— Largest-Ever Worldwide Analysis of
Brain Scans and Genetic Data

(100,000+ people; 45 countries; 33 brain disorders)

K. 100,000+
- datasets:

(2
.C.QO

. :z.’.@

scientistz now involved in ENIGMA

countries - newest addition: Cyprus
(Charalambos Charalambous; ENIGMA-Stroke)

roup ‘ i . " o v RIGIN W e
W 22400 ——T B Br3nAGE arty Ot Pxy o Aty W oue .
| A W ow W owa foron a torage

17 ~ ENIGMA I ER Rl B e TAERRH 3 A2 BK[6]

Are there genetic variants that affect rates of '
brain growth and degeneration (‘speed of brain

aging’)?

o ~ N
N N v d
A1) o
. " § “
{b- \i LS“
& -
- 25yrs 35yrs
&
g
A lateral ventricles
thalames cerebral white matter
cerebral cortex
caudate
putamen
palidum
cerebetlum white matter L nucleus accumbens
cerebellum cortex -
hippocampus
stable decrease

18 ~ E{HEE RV BURA Rl A FHE Y A R EGR b Z RS L[6]
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Linking ex vivo MRI with serial histology

34TWR

19 ~ WHFERGEHAREC AR MR 2 G A RS R 2 IR AR 7]

(749) 4" Workshop on PRedictive Intelligence in MEdicine (PRIME) | #& 2 iV &g T e 5
+EHGHTHEFE T2 (Istanbul Technical University) Islem Rekik 2457 » 25 BH B (i 2l
BEEN FREE LARKRMENMAARNER @Rt e) RERAZERER - &
SRR ET - AR FREEAYEE? 2R DB HTENE % - 3 LRI E
FTAHEE - BBIAER - JM B AR S (ER R BOR - FEEI K T (forecast) 7
A SRR T (predict) 5 A m] DUA AR AF 48 (il B [ BE BV 808 - B i I e & K
(synthesize) AR RAITEM - FffI A ARSI ERHEE - AlRES 2R IER £
IrfE 4Ry &R - lE 20 P qfiFR 1 e e El i L FE0R] - JRRE R i e il B YRR (691
AHEARAT RS TR S AT R (8) - & FERER ISR (domain) #fi_ EFEMI (B0 CT
BTN MRIAR) o BRIV B Al BA il &3E K AP BIAIE ISR AL
FTRHVEFET Al JIISR > RIREFEIENEFEIRE = AV TR A - 0]
NZGNEEAMHEREY - I EE RIS A RAREE T4 - S EZBM
FRIREE (University of Sydney) BEHEEL(SE TAZEEMEmaka#AT Luping Zhou fd-f- ¥

" Exploring Fine-grained Image-text Description for Diagnostic Captioning | - 21 A 1{HIEN
E—MATERIVEBEREE - R 488 Al PSR ReE AR SO BT WA {E ]
IR . AR R SR Al PG REE ARy W
e B EiE S HEE A s - N EBE T FEP AR AP TEERE T 7 &2
TSRS FT PP AL R B Al LA — st (6 34 Phhs iy 2R TF 8 /]NF LU e A

BHEK - Wt - AJ5E0YERE HBhE A LR e iR LIFE AN TR < SR 0Pk
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bR 7 R B PR R > SRR E G HE - P H B A EE & w2 s
HiLFT#ES - Zhou T[T self-boosting ZEfEzcEE » i L Pure Transformer based
model ~ Image-text matching ~ Medical tag prediction ~ Term weighting Z43; fii 2< v Fi R
HEENRRHEY - S5—(EEEE M EIERE (Imperial College London) &% %
Ben Glocker Z% F&# " Deep Structural Causal Models for Counterfactual Inference | - fitff7
skamy e —(ERA B RV TNRE (R RZSFTHEIRETHERM: - 2RI T RN R
A REFR B A RRERY 5 H) - AR DS Sm ey 2 22 7 2URe B BN AR B (% - taEiRiEaE
BRZFLER T UE 22 OISR EGE (D) mReE <2 S8 s 20 H &

A% (X) 0 TR BN IS S A sS TR AT G AVEE SR - #2058 (X) Al AT H]
DI GRS R (AR) BUZamimE (AR) - DI EER (RIAR) -
RS R e B N iR A BB TR SR i R A R A I LR RS e
7 Al fERIEE S hifs B Causal Representation Learning e 23 2L MRI 2 & AR 32 E40
EARSEG TR BRA (R > il (a) ~ AEERPER] (s) ~ SEREHGHR (D) ~ FE=HEME (V) ~ 2D &
(X) » SEFHEBIGETHHIH M FE MR T 2B ARG TR B =BG ARrT & — AiZz Y
52 > Glocker 3% Fa#&H) Deep SCMs tEAIFE i e A [FIPE T HYIN SR EH % » I H 2 AT 80
MR SRS 4EE S (counterfactuals) °

Why predictive intelligence?

resolution

2ok Rt

PRIME workshop

-t
MICCAI2021

20 ~ HRpfifdh ~ b E A SRtad b iy S EAI8]
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Medical Report Generation Image Captioning
. »

Input image

Input image
™
b, | Comparieon \\i\\
@ | : :
Output repon ;‘::.l:lililéi‘l fouls out of 0utput report TWO Sma" Ch'ldren W'th
iyt umbrellas in a field near
the shore

21 ~ R BE R R B B B E A EE(9]

Data Generating Process

population shift (causal) train / test (D) acquisition shift
prevalence shift (anticausal)

annotation shift

patient
characteristics s annotation
acquisition
(Y2) q conditions

conditions

predict?
disease

- annotation (Ys)
image (X)

diagnosis (Y7)

referral (Ys3)

sample selection

selection (S)

7\ Ri Imperial College
MICCAI 2021 PRIME Workshop - Oct 1 @BioMedlA  [ondon

22 ~ BURAERUME L “IRIREER” [E[10]
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Original do(s = male) do(a=40y) do(a=80y) do(b=800ml) do(b=1600ml) do(v=11ml) do(v=110ml)

s =female

a=49y ' ‘ ’

b=1153ml | JER
v=26.62ml £ # <3, .

Original do(s =female) do(a=40y) do(a=80y) do(b=800ml) do(b=1600ml) do(v=11ml) do(v=110ml)

00000000

s=male
a=68y

b=1078ml b
v=19.89ml \‘

: Imperial College
MICCAI 2021 PRIME Workshop - Oct 1 @WA London

& 23 ~ FHHEM MR T2 MRI AR E10]

(71) RSNA-MICCAI 2021 & 3#/E ARG PR TAF &0/ S0y e o sk & S E | From

Lab to Clinic: What’s Needed to Bring Al into the Real World? ;- E.f13£[F MD Anderson
Cancer Center Jiz&F}Hy Carol C. Wu B2fif£ " Clinical Implementation of Al Applications |
SR AR ZE A - Al BE B EHIER AR B R 25~50%YZE G ~ 1E5s8 N 16 = 1y

RFERTA R 0o H AR R MR RO e e BB 2 e - SN B
RV EIE - ZRIMAE Al B AR Bea R RS R BB H S - Ba s EHE I
BRI ] UG T2 S B ~ SRS 2B F4R » DU ERTT 28t 2 B AR A
Byl o dlE 24 -RAEFTRAABBREA VRIS EE TFR2ETE - HAR
ZHkEL - B BRI ER AR - R - RAYEE - EHEREZEE 0 A
AR RAS (#REG ~ BEE) Foas (R BIREE ek - MR ER) WEE T I
A FHESEIY AR ERECEAE 24 A& » 5550 > MR RIS N TS 0
EFER R FHEEEE LR B RIY Matthew Lungren 22845 T Clinical Imaging Al
Translation: The Day 2 Problem | =3 Al 57 A BEIRAYERE DL R, (F 14 % EE 1Y
VBT - A APERERR AR BRI AT Al IR - BE R Al IR E SRR
W5 AT ~ AR RS~ (HEETT ST - RS Al I BT TARARAR ~ A0SR E R A

GHA BB S EIRFST - AR ~ SR EE IS - 12 Al IR &b R4
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25 PR o BATRZ /K NIRRT PR ST Fe B oL - IANIA R B R AV B
AT Al FISkEasEBoR e ARG =R > WA HEERBIRCHAZER - Al ERFE HE)
Fo e R R R > Al BRI B o AR R LAt ool P SE 48 - A — B &5 Ry
ZEfEIACEE R R A& H AR

b - b
i &%h Radno\og|s+s ““"’“" i
%L" g’ Day +Al %L_@

umlaupoefmo"\

R =) I Reian

24 ~ D-REEBUREAH Al BRI S BCR R R 2= 5 [11]

What
hospitals,
vendors, and 5 -
existing Al
marketplaces
can monitor

Service health

MODEL ACCURACY

Data health Model health

DATA DRIFT

CONCEPT DRIFT
BROKEN PIPELINES

What needs to
be monitored

N

SCHEMA CHANGE

MODEL BIAS

DATA OUTAGE

UNDERPERFORMING
SEGMENTS

Credit: Evidently.ai

25 ~ Al g B B BelE & e KRR FE B 2 [ [12]

21



(X)) BRI T HERFE (Tutorial on Open Science Tools) fr&H@UMNBRREORI 2 S & HRARYE
B TR BIBRHEATRZ LR A L fE 2. F RO AURIEEEER 3 AR AT 43Ry B
1EAE - TTENHY SIS EL S RHITHIRER ~ WF5E A B BEESit B s ~ #55)RHrH8E - COVID-19
R THIE R E B AR ER ZENAFHER > MRt ERES LI T COVID-19 FHEANT

o Bl IE R SR & T BN oy S #% WHO » —[E] 8 F B A HH R R Sy
S5 > R AT RERR LR R R - (8 26 JEEOMBARREEEE (European Open Science
Cloud, EOSC) _I= OpenAIRE HYARFS » Bk 1 REFESMIFEE TR B RSN - A HE=H
1%~ SUSBIEES - 5540 SRARIEA M amnesia EEEIZEX(LTENER - B
WEEERBL R Z2FE T - EEFNEEESRETZNEGE - B GEERTEE &

B FETENFEESE - “As open as possible, as closed as necessary” t7 3758 41y 75 1o B EUR 22

OpenAIRE services in EOSC

3 . ~Global sources
.

Guidelines =
Setting compliance of EOSC =
data s‘%u,cef B EOSC scientific product catalogue DEVELOP
PROVIDE ) . » EXPLORE
> A= RESEARCH .
Reglster GRAPH » AT
Validate
S e Funder - Institution — Community
’7 - a EUROPEAN OPEN \ OS Monitoring
oh = SI:IENCE cLoun |
/
Fue A R /
O % é‘o v.;
o SR .
e 1_' g
2 i | Research Community Gateways
= argos -
d OpenAIRE |l m MICCAI 24th | September 29, 2021

.................
s Pooeeron | amnesia

26 ~ BOMNBHIRIEEE L OpenAIRE HYfR#5[13]

() 1EEsE— Lo SRR b 7 tH R B2 B B AR AT AR 3 3% - ISR RGO T
1. F—EEHRE 27) k1 Balgrist KEEFEHIAFZE " A new Approach to Orthopedic
Surgery Planning using Deep Reinforcement Learning and Simulation | j& Al Z A 25§} F

22



firrAEAERE T - PRAI5R(EE2E (Reinforcement Learning) JEFUETCRA i 1ERS e SV
SREE ke T IERE ) FIRESCE RIS - B SRR T IR A oA L — I 5 B Tl
FEEBEREE > A E R EIRmEER -
E_EEH (B 28) AU AKEAIWFSE T Incorporating Isodose Lines and Gradient
Information via Multi-task Learning for Dose Prediction in Radiotherapy ;| £ Al & A 275
JERR TR S T & A oo fff > (5 FH BB U B ic = (8 5 4wf% (Auto-Encoder) HYE:H
4% (Backbone Network) » s Bl ELRELR ~ PR ERRIKIE AT - B E i —(EwmE]
Ui (End-to-End) AYSIIGRAAE » X5 0aa HRAR BB AU E HAP - 1255 E 5 [HIE
TIATHY EERLERS
F=RE (B 29) RREULRERNREZE LITLHIFISE ™ Learning Spatiotemporal
Probabilistic Atlas of Fetal Brain with Anatomically Constrained Registration Network ; ‘2%
IR MRI RS2 G - FHHIA [F) 05 [ RG HY B 52 2 840 - BRI DVAR O DU I8
(Generative Adversarial Network) #7701 Al f58Y - (S R4 R 4dlrg (G) TERIR AR (E
RF RG5> ERFII4EES (D) UGt - STRERAEE MERF R ZE A & -
MRI 2440 %35 (Multi-channel) J5z0IEg A - (F A [FEISH &R BT& B2 G BN e
AR - B DAV £ i 3 [ SRR ARS 5 A (RIS ARG R DR
FUUREER (B 30) & HASR BREBERG AT " 4D-Foot: A Fully Automated
Pipeline of 4-Dimensional Analysis of the Foot Bones Using Bi-Plane X-ray Video and CT |
TR —HAFRERY 3D CT 2R UK EIREHY X Jesifg: > FIIH Al TEHILL EhREA IR ER &
FEEN(E - 3D CT £RA—{ii 5 4mb5HY U-Net > #&7ic 5 st R EA A 1 fEjHY Latent Space
gt i - BEIRG BB ZE 4= H EAVAEECEL - BIRRHY X i Gid il Al fHAY
FRENZERA] T HRERCHS - M FHERECHRIRE 2D-3D iz » R I I —20 FUNI L Rl B R A S 7
&t o
EARHEEH (B 31) BEEAEH VoxelCloud NS &/EMFSE T SpineGEM: A

Hybrid-Supervised Model Generation Strategy Enabling Accurate Spine Disease
Classification with a Small Training Dataset | {f F§ 5 F B & 2% (Self-Supervised

Learning) {E R ERF4EESEY TGRS (Pre-trained Model) - AR SREHE B4V H iR
¥E ERFEAMERY MRI 8224 L - #5842 fF| ] Random Transformation {F & HERE (Data
Augmentation) R - KIEI5E ERFAEEHVEISECR - LR 2 — (8 B 4miB 2R
SERkH SRR > FIFESERE (Transfer Learning) #ERS4RIBAVIEE - WAEH/ D B HEVE

1 {F Fine-tuning 2R (75
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FEoNFEEE (B 32) BEErinig A*STAR A EHYRFZE T Few-Shot Domain Adaptation with
Polymorphic Transformers ;| FI|F] Transformer % fii4d & 4818 5 7 E (Domain Adaptation)
B Al FEETE R B S [F] BRI 8aE A —HYRTRE - JEFFORE PR (AR e & -
HGFAG PR B EE  (HERIR AR S E = 1B D EREE LIG/ R - —fik CNN
(Convolutional Neural Networks) HEYR] 73 By (02 HUAY EERAEES AU - DU AR 73451y
Top Layer » b5t E SUE R & H [ II A —1lE Polyformer HySE %] - Hy Transformer JT
PHERETRE - &t Transformer 2528 250 NEL TR IEL 2 PRIV REIGE I - 22421y Polyformer
A [F e as LA [E IS AU R Ko/ NBET - ELER Transformer HYREARE Al B T2 & S
FIFEAL 2 R A2 52 -

ELREEW (B 33) HEEHEAZAHIZ " Medical Image Registration Based on
Uncoupled Learning and Accumulative Enhancement | Fl]FIERGEEREHHY MRI #2{4:4E Al
TR IR GBI > 7 Moving Image $fJFAHY Fixed Image M7 > W22 [FIRFELHE H GRS
FERAETTHIISR - HPfEfSER Uncoupled Spatial Encoder T5#bHRE & Wi - 5% Fixed Image HY
Encoder #£5[2& Moving Image HYJ Encoder FII%g - M6 LURF Ly 7 2Ua B B g B U2
#7573 Moving Image BE{E{iL B /% L 81 Fixed Image HH[E -

F/migHh (B 34) RETRECREERESREN & FIUiSE  Contrastive Learning
of Relative Position Regression for One-Shot Object Localization in 3D Medical Images ;| {5
P& A (e 4% (Siamese Network) $£%E—& One-Shot Learning JEHE% » B 3D #254%
SE—( Latent Space - - Fi Latent Space {E{if&52 & (Offset) AYFFM - HARZHEIT
CT s2gHy=s EHVIEECRTEN] - BT TR LSS E VR ECRL - AR AR E A% IR 2= R IE
% AEECRR S S SRR HOE — DU SR ZE ENL - TERE I IEEIZS E 77
& - H.r1 Contrastive Learning §1f5 Contrastive Predictive Coding {E/AE N H FEGE =&
EIRE SRR -
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7 Microsoft Mixed Real\ty and

Introduction

Computer-assisted orthopedic interventions require surgery planning based on patient-specific
three-dimensional anatomical models [1]. Beside the status-quo, which is manual planning, the
tate-of-the-art has add) of this process either through mathematical
optimization [2,3] or supervised leaming [4], the former requiring a handcrafted objective function

Al Zurich Lab, Zunch Switzerland

Environment

The reward function was designed such that it reflects the 5 clinical criteria used for state-of-the-
art surgical planning: 1) spherical geometry of the reconstructed femoral head (Fig1-D), 2)
resection of the necrotic central part of the femoral head (Fig1-E), 3) intact blood supply (Fig1-F).
4) minimal intra-aricular step-off between the reattached fragments (Fig1-G) and 5) sufficiently
large femoral neck pillar (Fig1-C).

and the latter sufficient training data. We propose a completely autematic surgery planning
approach for femoral osteotomies based on Deep Reinforcement Leamning (DRL), which is
capable of generating clinical-grade surgical plans without needing patient data for training.

Methods

Our approach was applied to an orthopedic hip intervention called Femoral Head Resection
Osteotomy (FHRO). Its goal is the reconstruction of a spherical geometry of the pathological
femoral head achieved through two infra-articular osteotomies. An agent was trained based on
Proximal Policy Opimization (PPO) to solve the task of placing the osteotomy cutting planes.
Training was done on simulated (i.e., geometrical) data only, whereas inference was performed
on real patient data.

Results and Discussion

In direct comparison to the Gold Standard (manual) planning solution {GS), our DRL planning
solutions were classified as equally good or better in 80 percent (surgeon 1) and 100 percent

(surgeon 2) of the cases.

A B
B B

case

8

10

CJ

A
A

]

Si B
Sa

A
A

m =

Analytical Representation

For inference, the real patient data was , where the femoral

head was simulated with an ellipsoid (EP) and the healthy femoral head as a sphere (G). Two

elliptical areas (EN, ;) were defined where blood vessels are located (Fig 1)
A

EN,y

&3l

A
B E ;\

Fig 2: Qualitative evaluation by a world-recognized FHRO expert (S,) and a board-certified
orihopedlc hip surgeon (S,) on 11 patients by grading solution into ‘not acceptable’ (NA),
 (A), ‘equally good as GS' (E) or ‘befter as GS' (B).

of a

.»..s sctona

This work presents the tailored to orthopedic

Environment interventions based on an analytical representation of patient data that enabled the first
Reward  F G LT stepenr of DRL to orthopedic surgery planning.
m P fm .u, fgand o foge Fsmootn iy
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Introduction

O Motivation: Meth0d0|09y ) « Consistency losses:

Radiation therapy has been widely used in the treatment of cancer. Bz F...‘,.. o7 T

However, making a hlghquamy radlomempy plan is a quite time- P (e . Lo “,,,
and of this work is to = el Loss)c = i i
predlct dose i in oy nDec,,ulf Y-dialla  Decpse(F) < diy

O Challenges: e PO

1. Most previous methods dedicate to predicting the dose map e

through a single task, neglecting some influential defails of the dose Grmtiens comiseney Geound Truh 1 ow - .

distribution, such as isodose lines and gradient i . bossge:= m)_:‘::“||S(Dec,,N(F))‘ -So) "7

2. Traditional MTL methods always integrate different tasks by ety

sharing the shallow layers, neglecting the comrelations of the output Crdient map. vl

layers for different tasks. S

O Contributions:

. We propose a novel Multi-task model to predict acceptable dose
distribution in radiotherapy.
2. Isodose lines prediction task and gradient p task are
designed to provide coarse-grained dose range and capture subtle
texture information, respectw ly.
3. We
prediction accuracyA

a

oxsone

to increase the dose

col

(51 DPTIGITHIPT,

(6) Proposed
Ground sruth

| pssswons 00830017

Conclusion

We propose a dose p network to

predict the dose distribution for the radiotherapy of rectal cancer
patients. We explore an isodose lines prediction task and a gradient
prediction task as two auxiliary tasks to help improving the
performance of the main dose prediction task. We devise isodose
consistency loss and gradient consistency loss for further
performance improvement.

Hi-task di

© @ © © | !

o ) oPT-DPT-

O O O o
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INTRODUCTION RESULTS Dataset
+ B2 healthy fetuses

Construction of spatiotemporal probabilistic atlas of fetal brain + GA:22-32 weeks
« Challenges « Existing atlases ’ :::‘I)n:‘;:r‘:ﬁxﬁ 8x

« Size, appearance and - Built at discrete time points ogmm®

shape changing rapidly + Ambiguous appearances . T .
» Low tissue contrast - Time consuming for conventional Tissue map: Wi, GM.
othonn and CSF

Pre-affine alignment

AIM

To develop an ag

ional multi-h. | framework to
4D i fetal brain atlas.

« Incorporating tissue segmentation maps

« Multi-channel architecture for atlas construction network

- Anatomical constraint for loss

Fig. 3. Qualitative comparison of the 32-week atlases built with and
without AC. Top row: the atlas constructed with AC. Bottom row: the atlas
constructed without AC.

Table 1. The results of registration accuracy based on different atlases.

Mk T Buslive_ MCS/CN_Ouvwo pr O /o AC_ Gurs

7 G350 L0 E3TI RO L360
870 4321
901 4198

METHODS

DSC (%) C‘M N/A

W N

N CsF N/A

GA 23 21 ASD(um) GM AR
Wt

72 2472 89.0 £2.82
5 1 a4

L8100 143 102
NA 740433 216 +0.067
NjA 9615008 917 510 037 123 06 £0551 078 L0476

5
Fig. 2. Our 4D temporally-continuous fetal brain atlas at typical ime points BOHD ) GM
from 22 to 32 weeks of gestational age (GA), including intensity templates LS
and tissue probability maps.

. . The network architecture is shown in Fig. 1. let V=
Veocy Innircon Determation (P VRV W ] denote a fetal volumetric dataset
ﬁ=uv. fayers eld . containing n subjects (i = 1, ...n) with T2w image and three types of

tissue labels (= 0,1,2,3, representing T2w image, GM, WM, CSF,

respectively). a; indicates the age attributes of subject i We aim to
jointly train two sub-networks that can align the multi-channel atlas to
individual images

TOES

CONCLUSIONS
» An age-conditional atlas construction framework for fetal brain.
» An anatomical constraint for network loss.

»_A4D fetal atlas with lissue probabil

REFERENCES
1. Avants et al, * i mage regi with  cross-
correlation: evaluating automated \abe\lng of e\ueny and neumaegenerauve brain”
Medical image analysis, 2008, 12(1): 26-41

2. Dalca et al., “Leaming conditional deformable templates with convolutional
networks". In: Advances in neural information pracessing systems, 2019, pp. 806-
818,

G, represents the atlas synthesis module;
D, represents the registration network.

« Anatomical Constraint (AC)

[CRL)

Fig. 1. The proposed age-conditional atlas construction framewark.

In order to enforce the tissue correspondence among the multi-channel
i inputs, we concatenate the intensity image and the tissue
Zwmm.(v, 18,0 40) + AZ?: NCCoca (V). th, 090 + 2clall + Znum! TZHMF maps &8 input to the network and a

devised anatomical constraint (AC) into our loss function.
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3 4D-Foot: A Fully Automated Pipeline of 4-Dimensional Analysis el
st of the Foot Bones Using Bi-Plane X-ray Video and CT MICCAIZO2T
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INTRODUCTION
- We sim to elucidate the mechanism of the foet by in-vive Nomaamn Tmet L L (1) Phantom Study

measurement of the foot motion using bi-plage x-1ay video and @ g B + 13 metallic beads attached to the bone phantom

stationary 3D CT. el e - Simulated gait by manvally moviag the phantom nader the

« Clinical motivation inchides the diagnosis of the foot disease due bi-plane X-ray scan

to collapse of the medial arch, evaluation of the supportive i Porpe - Image inpainting to suppress the intensity g,,,d,m of the

devices, and pre-and post-operative evaluation of the total talar _ T"zﬂ:‘:;m metallic beads i)

replacement. ;‘fmw - Average absolute error £

= Previous work includes the skin-marker-based motion capture 1] » Translation: 0.40 = 0.28 mm

iln
£z
CT-Xray ion with manual i ion [2], and H ! » Rotation: 0.66 = 0.50 deg §S:
registration of the pelvis [3.4]. but none of them achieved fully mm i
: [2] H LmJ_am_l

automated accurate tracking of small bones like the foot. (2) Real Image Study
= GOAL: To implement a fully automated bi-plane 2D-3D } 5 volunteers. 2 bi-plane X-ray videos from each subject (with M“’“’e

¥ . bi-plane Yoray video oy o
ation pipeline appreciating robustness of CNNs and high arch support/without arch support) Wimous arch sugpor 01 3 Images
- All CTs and all X-ray video frames were mamvally annotated

accuracy of the optimization-based registration
- Registration obtained by fully mamual annotation was vsed as
the pround truth. and auto-segmentation/auto-landmark
ME DS detection were evaluated

The input CT and biplane x-ray videos are processed by CNNs, Bayesian U-net [3] for bone * 0.5 mum and <0.5 degree exvor for the proximal tarsal bones , ¥ Sy
segmentation and landmark extraction in CT, and DeepLabCut [6] for landmark extraction in x-ray - Large error in distal tarsal and metatarsal bones especially | R coione
videos. Thea the intensity-based 2D-3D registration [7] is performed frame-by-frame using the proposed when aufo-segmentation was ““‘1-@( of %R ediges and view
cost terms incorporating information of the landmark and intensity similarities. (3) Biplane x-r3y image (b) Registered DRR B models.
(code is available at | y [ o] ot e | e |
Segmentation Landmark gty seunicy: ! ; S e
2nd metatarsal [l 3rd mid. phal Muofheto 035 135 030 130 100 448 LA1 206 315 773 130 2a8
2rd metatareal |f ihmid. phal AustofMarsssl 015 080 077 G50 179 416 138 19 N0k AN 171 95
i metatarsa || St mi.phal
.-., o Jminn
totprox pra. [ znoastprat - | | IEE NP B B R B s oo - - - - - - - -
2nd grox. pha | 3rd gt phal I
31 prox onat [ it et phal
2 prox_ phal | et phal
Landmark th prox. phal

Lanamart ot R T e o
ceeven Topven Enabled by CNN-based insa forac based 2D-3D regi we
d a fully pipeline of 4D analysis thhE foot bones (which we call “4D-Foot™)
.& & =) b - and evaluated the accuracy using phantom and real images with fully mamal annotation.
pr—
= B e e i g s s o
Intensity-based 2D-30 registration [7] . conor - armon oane a3, 55755

using initialization by landmark fittin : s L e .
Image specifications: “ b “ irioi v s T ) 0
CT: 512 % 512 % 312881 [voxel, (0.63~0.95) * (0.63-0.95)  0.625 [mm] ﬁ f
X-ray video: 512 % 512 [pixel]. 0.558 ¥ 0.558 [mm?]. 15 [fps]

5] 1253

7 Ceate, . 25 (2002 i
@PL-sscseraion. (2 TM, 321, 248562

Funding: .
g Saciety for the Fromotion cf Seencs KAXENE I, 15HO1175, 20404250, 205255

30 - EVURS G T 4D-Foot: A Fully Automated Pipeline of 4-Dimensional Analysis of the Foot

Bones Using Bi-Plane X-ray Video and CT ; [17]
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1. Magnetic resonance imaging (MR} is widely used for assessing multiple spine pathologies.
2. Most deep-leaming based MRI analysis methods require large amounts of labelling.

We aim to develop a hybrid-supervised strategy, SpineGEM (G: Genesis, E: Economization, M: Model), to generate
deep learning models for the classification of spine pathologies with 2 small training dataset

Qur contributions include:
* Inspired by Model Genesis [1], we developed a hybrid-supervised generation strategy called SpineGENM.
* Ve validated the performance of SpineGEM on an MRI dataset with clinical annotation of multiple spine
pathologies.

Preprocessing:

2. Segmentation based on the
published MRI-SegFlow [2].

b. IVD region identification.

SpineGEM:

c. Random transformation to introduce the artefact with image features
d. Pretraining the encoder by recovering the original MRL.

e. Finetuning the model for the classification of  specific pathology.

Preprocessing

SpineGEM

VD Regiom: L1-L2

IVD Ropras L5-31
Random Transformation

A
MRl processed by picel valug
transformation

Segmentation processed by
random morphology closing

[

Image components processed
by average blur {C-, C-il) or
mean replacement (¢}

D:

Final random transformed MRI

SpineGEM: A Hybrid-Supervised Model Generation Strategy
Enabling Accurate Spine Disease Classification with a Small Training Dataset
Xihe Kuang?, Jason Pui Yin Cheung?, Xiaowei Ding?, and Teng Zhang?

1. The University of Hong Kong. Pok Fu Lam. HK 2. VioxelCloud Inc, Gayley Ave. 1085, 90024 Los Angeles CA, USA

Y A A

Dataset & Implementation Details

is sourced from the Hong Kong Disc Degeneration Cohort (HKDDC) [3]. It consisted of 1600 MRI cases and each of
them contained five [VDs from L1 10 51 i total 8000 IVDs in the dataset]. The MRls were obtained with different machines and
protocols. For each MRI, 4 spi Score, and Schmori's Node) were.
annotated by a single expert radiologist with ZD—yEars clinical experience.

Network Architecture:

The modified architecture of VGG-M [4] is adopted, which is improved to 3D version (3D convolution & max-pooling).

Conv Pooling Conv Pooling Comv  Conw
773 2%z S'Sta 2tz 2'3'3 '3

SpineGEM Configuration:

Pretraining: 100 epochs (1500 IVD regions/epoch). Mean squared error is adopted s loss function.

Finetuning: 150 epochs (320 MRI cases/epoch). Cross entropy is adopted 35 loss function.

For both stage, Stachastic Gradient Descent is adopted a5 optimizer. Mini-batch strategy is used with the batch size of 32

Conv  Fosling
3*3*3 22%2

FC
1024

FC
1024

Schnelderman Scure Dise Bulging

H PRl 5
ke S E E
gl i e H
- . .
B — P - ¥
[ R *1— -
A Scams o g - R S—— [t —

Schmorl's Node

Pfirrmann Grading

[ —

ks Scans e Tainieg s cams o Training

ey Sears b g

W Scams o Traing
—— cpineGEM
—a— Selfsupervised (jamatudin, A (51
—— supervised from Sratch

Meaical imaze E2
anovel

SpineGEM achieved improved performance with reduced training data than training
from scratch, and previously published seif-supervised method [5].

o s posine

s MSlimages In- 2020 1558 EMIBC, pp. 1£35-1838

131 Samarizis, 0. st ol The aszocation of kimar interverssaral isc degeneration on magnets resenance imaging with sady mess index in overweight and sbese aduits: 1
pulstian-nezes study Arnrits heum; 54{3): 145556 [2012).

4] Chafeid, K, et s Return af the evilin the Getails: Delving deeg inko Convalutionl nets. ariv preprint ariGy: 403, 3331 (2014,

[3].amiucin, A., 9t 8L Se-sup g VAR, In: CangceD, . £ 1 832 DLAIA 2217, M1-C05 017, UKCS. val 10573, 3. 284-302. S3ringer,Cram
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Accurate Spine Disease Classification with a Small Training Dataset | [18]

Few-Shot Domain Adaptation with Polymorphic Transformers
Shaohua Li, Xiuchao Sui, Jie Fu, Huazhu Fu, Xiangde Luo, Yangqin Feng, Xinxing Xu, Yong Liu, Daniel Ting, Rick Siow Mong Goh

31~ FEHEEH " SpineGEM: A Hybrid-Supervised Model Generation Strategy Enabling

Instituta of
Hi

igh Performance

ATSTAR

Performance with 5-shot

RIN-One
¢ Different devices > Different domains REFUGE Dise
* On target domain, DL performance could drop 20-30% Net(source) [17] 0.819
* Unsupervised DA has a significant gap with supervised training % ”‘C‘;“’{“‘:J’s ol :::7;: 1
& .‘., sonrce ge 7 .
. - o
Few-shot annotations could greatly boost DA . RIM.One (i 0715
Our Contributions (without DA) RevGrad (L. 0.860 .
ADDA (L,up + Laao) M] 0.874 0.812
* Anovel transformer-based DA method DA-ADV (tune whole model) [3,20] 0.885 0.813
« Fine-tuning the K projection is all you need e DA-ADV (tune last two layers) [3,20] 0.872 0.796
o Outsrh . ised baseli . (Rmroh formes DA) CellSegSSDA (£yup+Lady (mask)+L [10]] 0.869
utperforms common semi-supervised baselines y 5 Polyformer (Lay +K) 0900 0,752
Polyformer (Laup + Laaw +K) 0.913 | 0.758
ok e Leoup (50% Im'gl!) 7] 0.959 | 0.834
o Table 2: Dice scores on Fundus and Polyp target domains RIM-One and C!
x| g m [ Feaue Task Avs
5~ bead extractor [T (e Trained on Source Domain
U-Net 0819 | 0708 | 0728
. - Ablati Polyformer 0815 | 0717 | 0721
Gecholcal Detass Adapted to Target Domain
| u ade + K 0828 | 0731 0.779
h < h L, + K, Wjo BN 0823 | 0741 0760 |
* Prototypes Cy, -+, Cyy « L fu 2 Lop + K 0,000 0.530
{extracted from source f2 & f o+ Al v".ulm 0592 0826
. fs - — 7 anp + Lado(mask) + 0.900 n 763 0.836
domain) 3 3 Zoup t Lae bl\rhnmlnnl‘um ) [ oo1s 0831 |
toc H Table 1: The (-msunIumlu_\nndI«h]:nrh-nlom s RIM-One and CVC
« Feature adaptation: 7 by five ablated Polyformer models and the standard “Loy, + Loz +K7. The
fifw = fofu Transformer 2 i and Polyformer trained on the source-domain were mrlmlrv- as reforences,
« Fine-tune K projection:
| <]
REFUGE  RIM-One U-Net (source) hb/lvma Polyformer
T i HLaarB)
Transformer 2 |-+{{f} Visualization ol
3 E E E IZ‘

Gromd-tuth  CycleGAN+
Lpeplsource)

ADDA ({sp + £ass) CellSegSSDA

27

#F " Few-Shot Domain Adaptation with Polymorphic Transformers | [19]



Medical Immage Registration Based on Uncoupled Learning and Accumulative Enhancement

Yucheng Shu, Hao Wang, Bin Xiao, Xiuli Bi, and Weisheng Li
Chongqing University of Posts and Telecommunications, Chengging 400065, China
Chengqing Key Laboratory of Image Cognition, Chongqing 400065, China
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~ d \ 7 Framework N7 ; h
[ Introduction \ Pt e ) pr— o I Experimental Results 1
R e | I
role in the field of medical image analysis and The ablstion study results on: 1) Accumulative Warping
I i !
i diagnosis. ] | Eshancement (A WE}), 2) Uncoupled Spatial Encoder (USE), and i
| ® e el o lumng Sased poroacaes h 1 ) Multiwiadow Loss (ML) 1
| e I S .
+ However, the optimization algorithms msy I | Dol [ [« g w0 0w oot 0w |
| become time consuming, and be trapped into 1 1 [ AWE x| |08
| local minimum under large scale spatial I p— I | aveius [ ]v]x o : o [oris [ooss |
| dcma | | e T e e e e e
| = Recently, decp-learing-besed methods have i | 1 I
1 shown promising quality and speed in 3 varisty ] 1 I
of medical image registration tasks. 1] 1 (Compare to SOTA methods: In Mindbogzle101, FL: Fromal region, |
. Nevriess, s st caloge when I PL: Parien region, OL: Occipial region, TL: Temmporal region,
\ scans ave large diferences inappearznce. /| T | cL Cingulate region; In IXI: L Win: Left white matier, R Wan: |
e - | Right white matter, LGm: Left gray matter, RGm: Rightgray |
- 1 hse 5mp 1 1 matier. I
,/ Motivation \‘ : | T [wiinl[Sy% [V [vhi2 P |
[ comemrmprmmansmmy e ) | | v
| cenmin mmnons i I 0ar o |
|+ Fisty, the et brsuches i 1 st o6m oost |
| ey ndepeadent, which may direcy incrense | 0671 |8 orm |
i the netwrk complexity. I | sl |0 osw |
i + Harder to cumulate the lesning feature, and the | / . oot it 1 o081 ose0 |
spatial trensformations may not be contimously | Uncoupled Spatial Encoder - ALLE patl of moving Lmages e os |08z 0.682
| esbamcea | [ ? P separsted int two different data routines. ‘l I orz om0 o |
| = Whst ismore, the moving ead the Sxed images ave | Qer— Moy tniodes  » Apply the fypical siride comvolution on fixed image | orz (om0 s b
! s e =] e el bk I | bl |
vhich may not be suitsble for the iterative 1 | I
1 = . p ‘ sy Utilized the atrous spatial pyramid pooling (ASPE) as
| | e ondthe warping of he moving images. b -l Commacscn the basic building block in the moving image eacoding | | |
» order to address these isues, i his paper we | | {oc) module. 1
| propose anovel medical imsge registration I P -l b v I
|  Samework, namely ULAEnet, based on 1 [y o * APPIY mﬂmmnm; fusion module based on.
| umcoupled fearure lumm;:ndsplml | —— md convolution, to appe .
' _accmmslaive shancene RN coroding imation t e meving encoding rouine /o Conclusion \
e e e e e e e e e e e ———— e e e e e e e e e e T J— i
— — __\\ = N I image registration method, ULAE-net, for large-scale 1
Accumulative Warping Enhancement * . 2nd M are pasaad ! Multi-window Loss Vo I
Blocks will generatethe coarsest deformation field g1 b N N o by cxleare e | |+ Byboducing sn uncoupled spatil encoder, we resble o |
+ Then. o1 is up-sampled to the original shape. and Mis waped | |+ A muli-windoor locs is applied by = the weightad effectively build long-range visual comelations between the
- Mimimed | | SmerNCCwdifent mndow e || ecivey vild foug 1
e i e ey (Accl. Accd Acc)are e i e o o o s o pemaccHmlaE et [ 5. INCC (F M a0) I i = I
employed Proposed netmork. - Toecuoion of Accnd Accls sl Accl b eyl | i win( o= L (£ Mo | | © Dusngthespatl mmsformation stage, the proposed. |
wilize 002 and o more decode layers, especTvely 1 © warping enlar .

+ At bt the Snest flow 3 will be geverated at the final step. andthe | | :ﬁ‘ﬁm‘mﬁﬁfmmm“mi;:mgccpm i | perform addrive iterstions integrally within the nerwork :
nsarmation eld  So M 10 can e bt by | | inowesperiment we sery =05, md K= 3 according 1o the | |+ To provide stronges training guidance, we also proposeda
accmmlating the 1, 62, and g3 a5 | | mmberofaccumsiiton seps in ourmebod, and i | simple yet sffsctive multi-window sering for the local |

23/ (wLw2lw3) = (119.7) similarity messurement.
o b= S2(S12(6y) 0 gy + o) 0 g + I I i I o i et e st I
3] = Finally. with the repularization parameter 3. the loss of our - iments on two 3| . sets sl it our
**" % d Y - Wne- umgtarmngnpmnmhsedmmhnu{mwmms | I method i defined oo || maodel is oble o obeain superior results compared with other |
 JRE eate.of the-art mefhods, especially
it sy o e o . o\ FMog) M 0 )+ AL mount 6 /' Vet especally in the case of large-scale IJ
— [ [ S — v -

ER/FHE Medical Image Registration Based on Uncoupled Learning and Accumulative

Enhancement ;| [20]

in 3D Medical Images
Wenhui Lei'2, Wei Xu'", Ran Gu'Z, Hao Fu', Shaoting Zhang!Z, Shichuan Zhang?, Guotai Wang!?*

sensetime

"University of Electronic Science and Technalogy of China, SenseTime Research, *Sichuan Cancer Hospital and Institute (* indicates equal contribution)
‘Email: guotai wang@ueste.edu.cn

Problem Definition and Contribution
Goal: Loc: age
Key Contributions: A deep network for one-shet organ localization that

ze landmarks or organs only one annotated Multi-step localization: We train two models M /M ; for coarse and fine offset prediction respectively.

Suppart
- project the input patch into a 3D latent vector, representing its anatomical position. Patch
x5 Fine Relative
+ does not need any annotation in training and could locate any organ in inference. L——+ My » Position
— My .

Assumption: Organs from different human bodies own similar relative position and context.

Relative Position Equation: Let v denote a volumetric image in the unannotated training set,
and let x, and x, represent a query patch and a support patch with the same size in v c% — ‘g +dq",
respectively, we use a network to predict the 3D offset from x, to x;. Assuming the pixel

spacing of v is e € R® while Cqu€s € PR3, represent the centroid coordinates of x, and x,, the

ground truth offset d;;; from x,, to x, in the physical space is denoted as:

Dataset: 1) A mixed head and neck CT dataset: 165 volumes, labels: brain stem. mandible, left and
right parotid gland. 2) MICCAIL5 pancreas CT dataset: 82 volumes.
Performance of multi-step localization: loU(%, left) and AWD(mm, right)

dy,=(c,—€) o€

Main Idea: Our model directly learns the mapping from x to 3D vector by predicting dj. .

Method |Rrain stem Mandible L Parotid R Parotid ~ Mean | Pancreas

N . . y M, (one step) | 50.7, 5.3 63.7, 728 43.1, 848 388, 8.79 40.1, 748 | 48.1, 12.42

Network Architecture: convolution blocks to extract high-level features and fully connected M. (two steps) | 514, 5,30 68.0, 6.03 45.0, 8.23 35.7, .89 0.7, T.11 | 46.7, 1346
layers mapping the features to a 3D latent vector. M, (three steps)| 50.5, 5.52 68.7, 5.70 45.3, 8.30 389, 8.81 50.9, 7.10 | 46.0, 13.76

Pret M. + M; |61.5, 3.70 70.0, 5.39 44.8, 7.74 44.2, 7.65 55.1, 6.12/49.5, 12.22
w  Focoder FC Comparison with other methods: loU(%. left) and AWD (mun. right)
e e <1
b 4 g HEHES Method  |Brain stem Mandible L Parotid R Parotid ~ Mean | Pancreas |Time(s)
* : j Ours 01 5, 3.70 70.0, 5.39 44.8, 7.74 412, 7.65 5.1, 6.12/49.5, 12.22| 0.15
= —Pq) E 4” 1, 10.6° 9.00 | 1.8, 90.23 1052
10.30 44.1, 9.08 | 2.7, 118.14 l-!zl
20.14 38.5, 14.01 . 10177
10.6, B.79 48.1, 8.16
44.6, 8.22 52 792

L 6.17 605, 583 639, 4.75

Loss function:

Loss = |dgs —d;,Hz

0C

34

5 )\ " Contrastive Learning of Relative Position Regression for One-Shot Object
Localization in 3D Medical Images | [21]
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CANCELLED

0octl/9:00-
13:00 + 14:00-
18:00 (UTC)

0ct1/9:00-
13:00 + 14:00-
18:00 (UTC)

Sept27/
9:00-1300
{uTc)

0octl/14.00-
18:00 (UTC)

Sept 27/
9:00-1300 +
14:00-18:00
(uTC

Sept27/
14:00-18:00
{uTch

Sept27/
9:00-13:00 +
14:00-18:00
{uTc)

Oct1/14:00-
18200 {UTC)

Workshop Name

ASMUS 2021: The 2" Intenational ASMUS
Workshop on Advances in
Simplifying Medical UltraSound

Uncertainty for Safe Utilization of UNSURE
Machine Learning in Medical Imaging

2" MICCAI Workshop on "Distributed DCL
And Collaborative Learning” (DCL)

CVII-STENT (Computing and CVI-STENT
Visualisation for Intravascular
Imaging and Computer Assisted

Stenting)

Computational Biomechanics for CBM
Medicine XV

4" Workshop on PRedictive PRIME

Intelligence in MEdicine (PRIME)

OMIAB - 8™ Dphthalmic Medical OMIAB
Image Analysis Workshop (OMIAB)
and GAMMA Contest

Deep Generative Models for Medical DGMAMICCAI
Image Computing and Computer
Assisted Intervention (DGMAMICCAI

Joint Workshop on Augmented AE-CAI
Environments for Computer-

Assisted Interventions (AE-CAI),

Computer Assisted and Robotic

Endoscopy (CARE), and OR 2.0 Context

Aware Operating Theaters (OR2.0)

iMIMIC - Interpretability of Machine iMIMIC

Intelligence in Medical Image

Computing

Brain-lesion workshop (BrainLes) BrainLes
Machine Learning for Medical Image MLMIR

Reconstruction (MLMIR)

Yipeng Hu
{university College London)
vipenghulatlucl.ac.uk

Carole Sudre
({University College London)
csudrefatuclacuk

Nicola Rieke
[Nvidiap
nrieke[atinvidia.com

Simone Balocco
{university of Barcelona)
balocco simonefatlgmail.com

Poul M. F. Nielsen
{The University of Auckland)
ponielsen[at]auckland.acnz

Islem Rekik
{Istanbul Technical University)
irekik[atlitueduw.tr

Yanwu Xu
{Baidu inc
xuyanwulat]baiducom

Sandy Engelhardt
sandy.engelhardtatimed.uni-heidelberg.

Elvis Chen
(Robarts Research nstitute)
chenelatjrobarts.ca

Mauricio Reyes
(university of Bern)
mauricio.reyes[atimed.unibe.ch

Alessandro Crimi
a.crimilatlsanoscience.org

Toblas Wuerfl
[siemens Healthineers)
tobias.wuerfllatifau.de
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Adaptor H

RSMA-MICCAI Brain Tumar F
Segmentation (BraTs) (CHI



sept 27/
9:00-1300 +
14:00-18:00
urc)

Sept27/
14:00-18:00
rc)

0octl/9:00-
13:00 + 14:00-
18:00 (UTC)

oct1/9:00-
13:00 + 14:00-
18:00 (UTC)H

0ct1/9:00-
13:00 (UTC)

sepr27/
900-1300 +
14'00-18:00
urc)

Sept27/
9:00-1300 +
14:00-18:00
T

Sept27/
9:00-13.00
urc

sept 27/
9:00-13:00 =
14:00-18:00
urc

Sept 27/
9:00-13:00 =
14:00-18:00
urc

Sept 27/
14:00-18:00
T

0ct1/9:00-
13:00 + 14:00-
18:00 (UTCH

3 Worksh op on Computational

Pathology (COMPAY)

Secure and Privacy-Preserving
Machine Learning for Medical
Imaging

3" MICCAI workshop on “Domain
Adaptation and Representation
Transfer (DART): Learning
Transferable, Interpretable, and
Robust Representations®

Computational Diffusion Magnetic
Resonance Imaging (COMRI) 2021

MICCAI Workshop on Perinatal
Imaging, Placental and Preterm
Image analysis (PIPPI 2021)

6" International Workshop on
Simulation and Synthesis in Medical
Imaging (SASHIMI)

Machine Learning in Medical Imaging
(MLMI 2021)

aFfordable healthcare and Al for
Resource diverse global heaith (FAIR)

10™ MiCCAI Workshop on Clinical
Image-based Procedures (CLIP 2021):
Towards Holistic Patient Models for
Personalised Healthcare

Statistical Atlases and
Computational Modelling of the
Heart

Machine Learning in Clinical
Neuroimaging (MLCN 2021)

The First MICCAI Workshop on Data
Augmentation, Labeling, and
Imperfections (DALI)

COMPAY Francesco Clompl
({Radboud University Medical Center,
Netherlands)

francesco.ciompifatradboudumcnl

PPML Georglos Kalssis
(Tecnnische universitat Manchen)
g kaissis[atlium de

DART Konstantinos Kamnitsas
{Imperial College London)
konstantinos kamnitsasizlatlimperialac.uk

Tomasz Pleciak
(Universidad de valladolid, valladolid, Spain)
pieciaklatlipiteluvaes

COMRI

PIPPI Roxane Licandro
(Muw)
roxanelicandrofatimeduniwien.acat

David Svoboda
(Masaryk university)
svobodalatlfimunicz

SASHIMI

MLMI Pingkun Yan
[RENSSEIET POIYLECNIC INSTIELItE)
yanpzlatrpi.edu

FAIR Shadi Albargouni
[Helmnholtz Al | TU Munich)
shadi.aloargounifadtum.de

cLip Cristina Oyarzun Laura
(Fraunhofer I1GD)
cristina.oyarzun lauralatligd fraunhofer.de

STACOM Alistair Young
[King's College London}

alistairyounglatlkclac.uk

MLCN Seyed Mostafa Kia
(Donders Institute)

s.kialatldonders.runl
DALI Nicholas Heller

{University of Minnesota)
hellez46ladumn.edu
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secure and Privacy-

Preserving Machine

Learming for Medical
Imaging (TUT)

Diffusion-simulated
Connectivity Challenge
(DiscCol {CH)

Multi-Disease, Multi-View &
Multi-Center Right
entricular segmentation
in Cardiac MRI (M&Ms-2) (CH



0Oct1/9.00-

1300 + 14:00-

18:00 {UTC)

septa7 |
14:00-18:00
uTC)

0Oct1/9:00-

13700 + 14.00-

18:00 (UTC)

Day/Time

Ssept 27/
14:00-
18:00 {UTC)

Sept 27/
9:00-13:00
uTc)

Sep 27/
9:00-13:00
T

ocrlf
14:00-
18:00 {UTC)

Sept 27/
14:00-
18:00 (UTC)

octl/
9:00-13:00
+ 14:00-
18:00 {UTC)

octl/
9:00-13:00
+ 14:00-
18:00 {UTC)

octl/
9:00-13:00
{uTc)

Lessons Learned from the
development and application of
medical imaging-based Al
technologies for combating COVID-
19 (short name: LL-COVID19)

Topological Data Analysis and its
Applications for Medical Data

Multimodal Learning and Fusion
Across Scales for Clinical Decision
Support

Challenge Name Acronym

2021 Kidney and Kidney KiTs21
Tumor Segmentation
Challenge

Brain MRI RealNoiseMRI
reconstruction

challenge with realistic

noise

Cross-Modality Domain crossMoDa
Adaptation for Medical
Image Segmentation

Deep Generative Model AdaptoR
Challenge for Domain 2021
Adaptation in Surgery

2021

Diabetic Foot Ulcers DFUC 2021

Grand Challenge 2021

Diffusion-Simulated Disco
Connectivity Challenge

Endoscopic Vision Endovis
Challenge 2021

Fastand Low GPU FLAREZ21
Memory Abdominal
Organ Segmentation in

LL-COVID19 Michal Rosen-Zvi
(18m)
rosen[atlilibm.com

TDA Mustafa Haj
{Santa Clara Universityl
mustafahajijlatigmail.com

ML-CDS Xiang LI
{Massachusetts General Hospital and Harvard
Medical Schooll
xlisofatimgh.harvard.edu
Tanveer Syeda-Mahmood
stfatus.ibm.com

Nicholas Heller - H
hellez46latiumn edu

Melanie Ganz - H
mganzfatnru.dk
Reuben Dorent - H

reuben.dorentfatlkcl.ac.uk

Sandy Engelhardt DGMAMICCAI H
sandy.engelhardiatimed.uni-
heidelberg
Mol Hoon Yap - H

M.¥aplatimmuacuk

Gabriel Girard COMRI F
gabriel.girard[atlepfl.ch

Stefanle Speidel - F
stefanie.speidellatince-
dresden.de
Jun Ma - H

junmalatinjustedu.cn

http://doi.org/10.5261/zenodo.3714971

http://doi.org/10.5281/zenodo.4572639

http://doi.org/10.5281/zenodo.4573118

http://doi.org/10.52681/zenod0.4572678

http://doi.org/10.5281/zenodo.3715019

http://doi.org/10.5281/zenodo.4572682

http://doi.org/10.5281/zenodo.4572972

http//doi.org/10.5281/zenod0.4573114
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octlf
14:00-
18:00 {UTC)

oct1l/
14:00-
18:00 (UTC)

Sept27/
9:00-13:00
uTc)

Sept27/
9:00-13:00
+ 14:00-
18:00 (UTC)

oct1/
0:00-13:00
urc)

octl/
14:00-
18200 {UTC)

Sept 27

octl/
14:00-
18:00 (UTC)

Sept27/
9:00-13.00
+14:00-
18:00 (UTC)

Sept 27/
9:00-13:00
Tc)

octl/
0:00-13.00
uTC)

sept 27/
14:00-
18:00 (UTC)

oct1/
9:00-13:00
[(N)go]

Federated Tumor
Segmentation

Fetal Brain Tissue
Annotation and
Segmentation
Challenge

HEad and neCK TumOR
segmentation and
outcome prediction in
PET/CT images

LearnZReg - The
Challenge (2021)

Medical Out-of-
Distribution Analysis
Challenge 2021

Mitosis DOmain
Generalization
Challenge 2021

Multi-Disease, Multi-
View & Multi-Center
Right Ventricular
Segmentation in
Cardiac MRI (M&Ms-2)

Quantification of
Uncertainties in
Biomedical Image
Quantification 2021

RSNA-ASNR-MICCAI
Brain Tumor
Segmentation (BraTs)
Challenge 2021

SARAS challenge for
Multi-domain
Endoscopic Surgeon
Action Detection

Towards the
Automatization of
Cranial Implant Design
in Cranioplasty: 2nd
MICCAI Challenge on
Automatic Cranial
Implant Design

VAscular Lesions
DetectiOn

Foot Ulcer
Segmentation
Challenge 2021

FeTs

FeTA

HECKTOR

LEARNZREG

MOooD

MIDOG

MEMs-2

Quelo 2021

Brars2021

SARAS-
MESAD

Autoimplant
2021

where is
VALDO

FU-58Q

Spyridon Bakas
sbakasfatupenn.ed

Kelly Payette
kelly payette[atlkispiuzh.ch

Vincent Andrearczyk
vincentandrearczyklatlhevs.ch

Mattias Heinrich
heinrichiatlimi.uni-luebeck.de

David Zimmerer
dzimmerer[atldkfz.de

Marc Aubreville
marc.aubreville[atlthi.de

Carlos Martin-Isla

carlos.martinislalatjub.edu

qubigmiccailatgmail.com

Spyridon Bakas
bratszozilatlcbica.upenn.edu

Vivek Singh Bawa
vsinghlatlbrookes.acuk

Jianning Li
Jlanning lifatlicg.tugraz.at
Jan Egger
eggerfatltugraz.at

Carole Sudre
carole sudre[atlkclac.uk

Zeyun Yu
yuzlatluwm.edu
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0cL and/for
BrainLes
Workshap

pipe|

STACOM

BrainLes

http://doi.org/10.5281/zenodo.4573127

http://doi.org/10.5281/zenodo.4573143

http://doi.org/10.5281/zenodo.4573154

http://doi.org/10.5281/zenodo.4573967

http://doi.org/10.5281/zenodo. 4573947

http://doi.org/10.5281/zenodo.4573977

http://doi.org/10.5281/zenodo.4573983

http://doi.org/10.5281/zenodo.4575203

http://doi.org/10.5281/zenodo.4575161

http://doi.org/10.5281/zenodo.4575196

http://doi.org/10.5281/zenodo.4573985

http://doi.org/10.5281/zenodo.3715641

https://doi.org/10.5281/zenod0.4575313



octl/ PAIP2021: Perineural PAIP2021
900-1300 Invasion in Multiple
uTC) Organ Cancer (Colon,

Prostate, and

Pancreatobiliary tract)
octl/ Carotid Artery Vessel VWS
14.00- Wall Segmentation
18:00 (UTC) Challenge
Sept 27/ RSNA-ASNR-MICCAI Brars2021
9:00-13:00 Brain Tumor
+14:00- Segmentation (BraTs)
18:00 (UTC) Challenge 2021
sept 27/ SARAS challenge for SARAS-
900-13.00 Multi-domain MESAD
luTC Endoscopic Surgeon

Action Detection
octl/f Towards the Autolmplant
900-1300 Automatization of 2021
luTC Cranial Implant Design

in Cranioplasty: 2nd

MICCAI Challenge on

Automatic Cranial

Implant Design
Sept 27/ VAscular Lesions Where is
14:00- DetectiOn VALDO
18:00 (UTC)
ocrly Foot Ulcer FU-5eg
9:00-13:00 Segmentation
luTC Challenge 2021
octl/ PAIP2021: Perineural PAIP2021
900-13.00 Invasion in Multiple
uTC) Organ Cancer (Colon,

Prostate, and

Pancreatobiliary tract)
octl/ Carotid Artery Vessel VWS
14:00- Wall Segmentation
18:00 (UTC) Challenge

Tutorial Name

Sept 27 /9:00-13:00
{uTc)

Oct1/9:00-13:00
{uTc)

Sept 27 /14.00-18:00
(uTc)

Sept 27 /9:00-13:00 +
14:00-18:00 (UTC)

Sept 27 /14:00-18:00
(uTa

Jinwook Chol
Jinchoifatlsnuackr

Chun Yuan
cyuan[atjuw.edu

Spyridon Bakas

BrainLes F

bratsz0z1[at]cbica upenn.edu

Vivek Singh Bawa

vsinghlatlorookes.ac.uk

Jianning Li

Jlanming lifatlicg tugraz at

Jan Egger
eggerfatltugraz.ac

Carole Sudre

carole sudrefatlkclac.uk

Zeyun Yu
yuzlatluwm.edu

Jinwook Chol

Jinchoilatlsnu.ackr

Chun Yuan
cyuan[atjuw.edu

MICCAI Hackhaton: Bridging the gap to the clinics

SOFA: An open Source solution for physics simulation

Tutorial on Deep 20/3D modeling and learning in medical

image computing

Meta learning for medical image analysis

Secure and Privacy-Preserving Machine Learning for

Medical Imaging (PPML)

34

Fabial Balsiger
fabian.balsiger{atlinsel.ch

Hugo Talbot
hugo.talbot[at]sofa- framework.org

Cheng Peng
cpeng2elat]jh.edu

Hien V Ngyuen
hwnguy3slatlcentral.uh.edu

Georglos Kalssis
[Technische universitat manchen)
g.kaissis[atltum.de

https://doi.org/10.5281/zenodo.4575423

https://doi.org/10.5281/zenodo.4575300

http://doi.org/10.5281/zenodo.4575161

http://doi.org/10.5281/zenodo.4575196

http://doi.org/10.5281/zenodo.4573985

http://doi.org/10.5281/zenodo.3715641

https://doi.org/10.5281/zenodo.4575313

https://doi.org/10.5281/zenodo.4575423

https://doi.org/10.5281/zenodo.4575300

Duration (F=Full
day/H=Half day)

PPML H



0ct1/9:00-13.00 =
14:00-18:00 (UTC)

Sept 27 /14:00-18:00
utcl

0ct1/9:00-1300
14:00-18:00 (UTC)

SEpt 27 /1400-18:00
{uTch

0ct 1/14:00-18:00
uTo)

0ct1/14:00-18:00
{uTc)

Sept 27 / CANCELLED

Sept 27 /14:00-18:00
uTC)

0Ct1/900-13.00
luTc)

Disease progression modeling with cross-sectional and
longitudinal data

DREAM: Disentangled Representations for Efficient
Algorithms for Medical Data

Weakly Supervised CNN Segmentation: Models and
Optimization

NIH Cancer Imaging Data Repositories for Biomedical Data
Science Research

Multi-dimensional Anatomy for Computer Scientists (MD
Anatomy) the thoracoabdominal cavity presented by
clinicians

TOPGRAD - Tutorials on Publishing, Grant writing And career
development

PyRadiogenomics: A Python-based tutorial on Learning
Radiogenomics Signature

Best Practices for Research Funding Pursuit: What you
have not known yet

Simple Toolchain for Upscaled and Distributed Training and
Tuning of CNNs

35

Igor Koval
igorkovallatlinriafr

Soritios Tsaftarls
s.asaftarislatled.acuk

Jose Dolz
Josedolzlatletsmtl.ca

Keyvan Farahani
farahanilatinin.gov

Juan M Verde
Juanwverdelatlinu-strashourg.eu

Markus Schirmer
maillatlmarkus-schirmer.com

Hassan Mohy-ud-Din
[LUMS school of science and
Engineering)
hassan.mohyuddinfatliums.edupk

Shandong Wu
wus3atjupmc.edu

Mike Marsh
mmarshlatltheobjects.com
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Program of MLMI 2021

8:00 -18:15 (UTC), Sep. 27, 2021, Strasbourg, France

(4:00 AM - 14:15 PM EDT on Monday, 27 September)

Time (UTC) Events Session Chair
8:00 - 8:05 Smin Introduction to the MLMI workshop MLMI Chairs
8:05 - 8:50 45min Keynote #1 (Klaus Maier-Hein, PhD) Pingkun ¥an
8:50 - 9:30 40min Keynote #2 (Deyu Meng, PhD) Chunfeng Lian
) . . " - - - Qian Wang
9:30 - 10:30 &0min Oral Session # (Computer-Aided Diagnosis) (5 papers) Xizohuan Cao
. Explaring Gyro-Suleal Functional Connectivity Differences across Task
Minguin Jang Diormains via Anatormy-Guided Spatic-Temporal Graph Convolutional Metworks MLMI2021-0-1
YuLi Leann_n Infancy Brain Developmental Connectivity for the Cognitive Score MLMIZ021-0-2
Prediction
Diagnasis of Hippocampal Sclerosis from Clinical Routing Head MR Images
Zehong Cao using Structure-Constrained Super-Resaolution Metwork MLMI2021-0-3
Sheng Wang ADMeT: 3D Medical Image Transformer for Knee Cantilage Defect Assessment MLMI2021-0-4
. . Contrastive Leaming of Single-Cell Phenotvpic Representations for Treatrnent
Alexis M Perakis ClnssBeation MLMI2021-0-5
10:30 - 10:45 15min Break
10:45-11:45 | 6Omi Oral Session #2 (S tation) (5 Fo—
45 - 11:; min ra s5ion #2 (Segmen n} (5 papers) Xiaohuan Cac
Ling Huang Dieep PET/CT fusion with Dempster-Shafer theary for ymphoma segmentation MLMI2021-0-6
. GT U-Met: A U-Met Like Group Transformer Netwark for Tooth Rioot
Yunxiang Li Segm == MLMI2021-0-T
Jianping Li Morphology-guided Prostate MRI Segmentation with Multi-shce Association MLMI2021-0-8
Spine-rib Segmentation and Labeling via Hierarchical Matching and Rib-guided
Camen Jiang Registration MLMI2021-0-0
. CorLab-Met: Anatomical Dependency-Aware Point-Clowd Leaming for Pt
Xizo Zhang Autarnatic Labeling of Coronary Ameries MLMI2021-0-10
11:45 - 12:35 50min Paster Session #1 (23 papers)
Tapabrata Rohan Contrastive Representations for Continual Leaming of Fine-grained Histology MLMIZ021-P-1
Chakraborty Images e
Jurwui Liu Knee Cartlapes Segmentation Based on Mult-seale Cascaded Meural MLMIZ021-P-2
Metwarks
o ng Gu Mulnr?:;imnn Registration Network (MRN) Hierarchy with Prior Knowledge MLMIZ021-P-3

36




End-to-end lung noduls detection framework with model-based feature

Ivan Drokin section biock MLMIZD21-P-4
. s Transfer leaming with a layer dependent regularization for medical image
Nimrod Sagie segmentation MLMI2021-P-5
- . Statistical Dependency Guided Contrastive Leaming for Multiple Labeling in
Shuangechi He B 1 UBtrasound MLMI2021-P-8
Peng Liu gﬂm-:;;ﬁr:;;dlzﬂm Regularized by Adversanal Perturbation and MLMIZOZ1-P-T
Federica Proietto Salaniti | Hierarchical 30 Feature Leaming for Pancreas Segmentation MLMI2021-P-3
Heng Wang ;m:el-&:&eng:urgss-ﬁ.’mne Representation Leaming for 30 Meuron MLMIZ021-P-0
Yaoeong Zou E;Snuggu:]"lentatkm of Multi-Modality Spinal Images Using Channel and Spafia MLMIZ2021-B-10
. Hetero-Modal Leaming and Expansive Consistency Constraints for Semi-
Adam Hamison 5 ad Delecon § Muiti-5 nce Data MLMI2021-P-11
Suhyeon Jeong Biased Extrapolation in Latent Space for Imbalanced Deep Leaming MLMI2021-P-12
Eren Borg Yilmaz ;mnage:ted deep leaming-basad detection of ostecporotic fractures in CT MLMI2021-P-13
Stacked Hourglass Metwork with a Multi-level Attention Mechanism: Where to
Reza Azad Look for Intervertsbral Dise Labsling FeBlmisrekd
Fengbei Liu Seff-supenvised Mean Teacher for Semi-supenised Chest X-ray Classification MLMI2021-P-15
i Seif-Supervision Based Dual-Transformation Leaming for Stain Momalization,
Shiv Gehlot Classification and Seg ion MLMI2021-P-16
Wenzhao Wei Deep Representation Leaming for Image-Based Cell Profiling MLMI2021-P-17
Xiaoyang Han DEtect_anEq Extremely Small Lesions with Point Annotations via Multi-task MLMI202 1-P-18
_ _ Unsupenvised Cross-modality Cardiac Image Segmentation via Disentangled
Runze Wang Representation Leaming and Consistency Regularization FeiBlmisrel
Jiameng Liu ::il;—::ale Segmentation Metwork for Rib Fracture Classification from CT MLMIZ021-P-20
. _ 3D Temporomandibular Joint CBCT Image Segmentation via Multi-directional
Kai Zhang Resampling Ensemble Leaming Network el Elmikr]
. Extracting Sequential Features from Dynamic Connectivity Network with rs- Y
KaiLin fMRI Data for AD Classdication MLMIZ021-F-22
Integration of Handcrafted and Embedded Features from Functional
Peng Dang Connectiwity Network with rs-fMRI for Brain Disease Classification R
12:35 - 12:55 20min Breakfast/Lunchi/Dinner Break
12:55 - 13:45 S0min Keynote #3 (Ronald M. Summers, MD, PhD) Pingkun ¥an
j . . - . . - Chunfeng Lian
13:45 - 14:45 &0min Oral Session £3 (Registration/Reconstruction) (5 papers) ¥uanang Xu

37




\ariational Encoding and Decoding for Hybnd Supervision of Registation

Dongdong Gu Metwork MLMI2021-0-11
. Leaming to Synthesize 7T MRI from 3T MRI with Few Data by Deformable
Jie Wei Augm son MLMI2021-0-12
Wenjun Shen ag.lecurrﬁlt Two-stage Anatomy-guided Network for Registration of Liver DCE- |y waimnog o 43
Landmark-Guided Rigid Registration for Temporomandibular Joint MRI-CBCT
Jupeng L Images with Large Field-of-View Difference RINRCEE G
14:45 - 15:00 15min Ereak
. . . R . - - Minpxia Liu
15:00 - 16:00 &0min Oral Session #4 (Computer-Aided Diagnosis) (5 papers) Islem Rekik
- Leaming Transferable 3D-CMN for MRI-based Brain Disorder Classification
Hao Gua from S - An Empirical Study MLMI2021-0-18
S Leaming Structure from Visual Semantic Features and Radiology Ontology for
Yingying Zhu Lymph Nede Classification on MR MLMI2021-0-17
Diego Machado Reyes Cardiovascular disease risk improves COVID-10 patient cutcome prediction MLMI2021-0-18
Denis Pamma Clinically Comect Report Generation from Chest X-rays using Templates MLMI2021-0-19
Tejas Sudharshan Mathai | Detection of Lymph Nodes in T2 MRI using Meural Metwork Ensembles MLMI2021-0-20
16:00 - 16:50 S0min Poster Session #2 (23 papers)
Thuoyus Wy Interpretable Histopathology Imape Diagnesis via Whole Tissue Shde Level MLMIZ0Z1-P-24

Supservision

Zhanghexean Ji

Improving Joint Leaming of Chest X-Ray and Radiclogy Report by Word
Region Alignment

MLMI2021-P-25

Zuhui Wang Ceell Counting by a Location-Aware Network MLMI2021-P-26
- StairwayGraphMet for Inter- and Intra-miodality Multi-resolution Brain Graph
Islem Mhiri Alignment and Synthesis MLMI2021-P-27
. . Mult-Feature Semi-Supervised Leaming for COVID-18 Diagnosis from Chest
Xiao Qi X-ray Images MLMI2021-P-28
Yutong an Dieep active leaming for dual-view mammogram analysis MLMI2021-P-28

Ignacic Sarasua

TransforMesh: A Transformer Metwork for Longitudinal Modeling of Anatomical
Meshes

MLMI2021-P-30

Tal Tlusty

Pre-biopsy multi-dass classification of breast lesion pathology in mammograms

MLMI2021-P-31

Anne-Marie Rickmann

STRUDEL: Seif-Training with Uncertainty Dependent Label Refinement across
Diamains

MLMI2021-P-32

Cithmane Laousy

Deep Reinforcement Leaming for L3 Slice Localization in Sarcopenia
Aszessment

MLMI2021-P-33

Jaya Chandra Raju
Brahmandam

MIST GAN: Modality Imputation using Style Transfer for MRI

MLMI2021-P-34
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A Gaussian Process Model for Unsupervised Analysis of High Dimensional

Wenzheng Tao Shape Data MLMI2021-P-35
Pooneh Roshaniabrzi gwmdmmmmhmﬁma MLMIZ021-P-38
Ugur Demir WMMUVMWdMN MLMI2021-P-37
TED-net: Convolution-free T2T Vision Transformer-based Encoder-decoder

Dayang Wang Dilation network for Low-dose CT Denoising MLMI2021-P-33
Ayaan Haque Window-Level s a Strong Denoising Surrogate MLMI2021-P-30
San 160 WWWMMMLmh&me MLMIZ021-P40
Ramy Ashraf Zeineldin AWQ&prdMSwsbwmw MLMI2021-P41
Qin Liu SkM:A&WWWhWWW MLMI2021-P-42
Qin Liv Skull Segmentation from CBCT Images via Voxel-based Renderng MLMI2021-P43
Sebastian Polsterd Alzheimer's Disease Diagnosis via Deep Factonzation Machine Models MLMI2021-P44
Pew-Than Yap Vox2Surf: Implicit Surface Reconstruction from Volumetric Data MLMI2021-P45
Nahid Ul lstam Seeking an Optimal Approach for Computer-Aided Pulmonary Emboism MUMIZ021-P48

16:50 - 17:00 10min Break

17:00 - 18:00 | 60min Oral Session #5 (Segmentation/Classification) (5 papers) ol
J Liu :ar Puimonary Nodu’ Detection in Multi-view 3D CT Pomnt Cloud MLMIZ021-0-21
Yue Sun Ws%mwwnmumamwammm MLMI2021-0-22
Olivier Petit U-Net Transformer: Self and Cross Aftention for Medical image Segmentation MLMI2021-0-23
Mengyang Zhao mewammvwm MLMIZ021-0-24

N Segmentation of Peripancreatic Artenes in Multispectral Computed

Alina Dma Tomography Imaging MLMI2021-0-25

18:00 - 18:15 15min Closing Remark & Best Paper Award Announcement MLMI Chairs
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The 4th Workshop on Machine Learning in Clinical Neuroimaging

14:00-14:05

(September 27, 14:00-19:30 UTC)

Workshop Opening

Session 1: Machine Learning

14:05-14:50 Keynote 1: Unsupervised Learning of Image Correspondences in Neuroimaging (Adrian Dalca)
14:50-15:05 Oral Presentation 1: Dynamic Sub-graph Learning for Patch-based Cortical Folding Classification
(Zhiwei Deng)
15:05-15:20 Oral Presentation 2: PialNN: A Fast Deep Learning Framework for Cortical Pial Surface
Reconstruction (Qiang Ma)
15:20-15:35 Oral Presentation 3: Towards Self-Explainable Classifiers and Regressors in Neuroimaging with
Normalizing Flows (Matthias Wilms)
15:35-15:45 Coffee Break 1
- J c S 9 AUl U
15:45-16:30 Keynote 2: Al and Deep Learning in Medical Imaging and Genomics: Lessons from ENIGMA’s
Global Studies of Brain Diseases (Paul Thompson)
16:30-16:45 Oral Presentation 4: Distinguishing Healthy Ageing from Dementia: a Biomechanical Simulation of
Brain Atrophy using Deep Networks (Mariana da Silva)
16:45-17:00 Oral Presentation 5: H3K27M Mutations Prediction for Brainstem Gliomas Based on Diffusion
Radiomics Learning (Ne Yang)
17:00-17:15 Oral Presentation 6: Unfolding the medial temporal lobe cortex to characterize neurodegeneration
due to Alzheimer's disease pathology using ex vivo imaging (Sadhana Ravikumar)
17:15-17:25 Coffee Break 2
Session 3: Discussion, Posters, and Conclusion
17:25-18:10 Panel Discussion: Adrian Dalca, Christos Davatzikos, Emma Robinson, Paul Thompson
18:10-18:30 Poster Teasers 1-11
18:30-19:00 Poster Session
19:00-19:05 Best Paper Award and Closing Remarks
19:05-19:30 Virtual Drink
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P IM -MICCAI
workshop

P edictive Intelligence in M dicine will reshape our healthcare technologies

PRIME Program on October 1st. 2021

SESSION 1: 9:00-13:00 Asia/Europe (UTC)

09:00 - 09:15

Introduction and Welcome

09:15 - 9:45

COral Session 1

P1 (09:15 - 9:20); Liver Tumor Localization and Characterization from Multi-Phase MR
Volumes Using Key-Slice Parsing: A Physician-Inspired Approach

Boiin Lai (Ping An Technology [(Shanghai) Go. Lid.); Yuhsuan W (Fing An Technology (Shanghal) Go. Lid )* Xiaoyu Bai
{Northwestern Polyfechnical Universiy); Xiao-Yun Zhou (PAN INC); Feng Wang {Deparfment of Hepatobiliary Medicine, Eastem
Hepatobiiary Surgery Hospital, Naval Medical University, Shmgﬁaj Le Lu (PAIl inc.); Lingyun Huang (FingAn Technology); Jimg
Xiao (Fing An Insurance (Group) Company of Ghina); Heping Hu [Department of Hepafobiliary Medicine, Essfern Hepafobifiary
Surgery Hospital, Naval Medical Universily, Shanghai); Yong Xia (Nortiwestemn Folytechnical Universily, Research &
Develnpment Institute of Northwestern Foltechnical Unfversity in Shenzhen); Adsm F Hamison (PAI inc.)

P2 (09:20 - 9:25): Multi-Task Deep Segmentation and Radiomics for Automatic

Prognosis in Head and Neck Cancer
Vincent Andrearczyk (HES-50 Valais)*: Pierre Fondaine (HES-50 and Univ Rennes); Valenfin Oredler (HES-50 Valais ); Joel
Castelii (Rennes Universiy); Mario Jreige (GHUV); John O Prior {GHUV); Adrien Depeursinge (HES-50 Valais-Wailis)

P3(9:25 - 9:30): Low-dose CT Denoising using Pseudo-CT Image Pairs
Donglyu Won (DGIST); Eujin Jung (DGIST); Sion An (DGIST); Philip Chikontwe (DGIST {Daegu Gyeongbuk institute of
Science and Technology)); Sanghyun Park (DGIST)*

P4 (9:30 - 9:35); Self-guided Multi-attention Network for Periventricular Leukomalacia

Recognition

Zhuochen Wang (Shanghai Jiao Tong University]®; Tingiing Huang .:Departnem‘ of Radiology, The First Affiliated Hospital of
Henan University of Ghineses Medicine); Bin Xiao (School of Biomedical Emgin een.ﬁ Med-¥ Research Instifute Shanghai Jiso
Tong Universily Shanghai China); Sheng Wang (Shanghai Jizo Tong University); Jizyu Huo (Shanghai Jiao Tong Linversifyl;
Zhong Xue [Shanghai United imaging indeligence Co., Lid); Xiang 5 Zhow (United Imaging indeligence); Fan W [Deparfment of
Radiclogy, The First Affliated Hospilsl of Xfan J.Tammg University); Heng Liu (Depariment of Radiology, Affiisfed Hospital of
Zunyi Medical Universily, ); Haouiang JNang (Depariment of Radiology, The First Affiiafed Hospital of Xran Jiaofong Universily);
¥an Wang (Shanghai Siao Tong Uiniversity); Jian Yang (Hospial of Xi'an JNisotong Unhersity]”

P5 (9:35 - 9:40); FLAT-Net: Longitudinal Brain Graph Evolution Prediction from a Few

Training Representative Templates

Guris Ozen (Isanbul Technical University); Ahmed Nebii {Higher Insttufe of Applied Science and Technologies [ISSAT),
Uiniversite de Sousse]®; Isiem Rekik (Tstanbuwl Technical Uiniversity)

PG (9:40 - 9:45); Prediction of Pathological Complete Response to Neoadjuvant
Chemotherapy using Multi-scale Patch Learning with Mammography

Ho Kyung Shin (Kyungpook National University); Wonhwa Kim (Kyumgpook Nafional Umiversity Ghilgok Hospifal); Hyeung
Kim [Kyungpook P-"Ja:}ww'Lhnmﬁ]rGhigak Huospital); Ghanho Kim (Kyungpook National Universily); Jaeid Kim [Kyungpook

9:45 -10:00
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10:00 - 11:00

Keynote Speech 1 and Q&A session [live]
Speaker: Prof Luping £hu, University of Sydney

Title: Exploning Fine-grained Image-text Description
for Diagnostic Captioning

11:00 - 11:15

Virtual Coffee Break

11:15 - 11:50

COral Session 2

P7 (11:15 — 11:20); False Positive Suppression in Cervical Cell Screening via Attention-
Guided Semi-Supervised Learning

Xiaping Du {S‘hang.baj Jizo Tong Universiny]*; Jiayu Huo (Shanghai Jizo Tong University); Yuanfang Giao (Shanghai Jiso Tong
LUiniversity); Gian Wang (Shanghal Nao Tong Universily); Lichi Zhang {Shanghai Jizo Tong University]

P8 (11:20—-11:25): A Few-shot Learning Graph Multi-Trajectory Evolution Network for

Forecasting Multimodal Baby Connectivity Development from a Baseline Timepoint

Alaa Bessadok (University of Sousse, Tunisia)’; Ahmed Nebli (Higher insfitule of Applied Science and Technologies (155AT),
Universite de Sousse]; Mohamed Al Mahjoub fLA?TSﬂab National Engineering School of Sousse, ENIS0, Sousse, Tunisia);
Gang Li (University of North Garoling at Chape! HIl); Weili Lin (LING Ghapel Hil); Dinggamg Shen |Linided hlagngh'.lfej‘l‘genoe-}
lm'emﬁ'eﬁrk {Isfanbuwl Technical Universiy)

P9 (11:25—11:30): Mixing-AdaSIN: Constructing a De-biased Dataset using Adaptive
Structural Instance Normalization and Texture Mixing

Myeonghyun Kang (DGIST); Phiip Chikontee (DWGIST (Deegu Gyeongbuk Inshitute of Science and Technaology)); Mgue! Luns
(DGIET); Kyung Soo Hong (Yeungnam Universily Medical Center]; June Homg Ahn [ Uiniversiy Medical Genfer);
Zanghyun Park (DGIST)*

P10 {11:35 11:40): Anatomical Structure-aware Pulmonary Module Detection via
Parallel Multi-Task Rol Head

Haoyi Tao (Shanghai Jizo Tong Universiny) *; Yuanfang Giao (Shanghai Jiao Tong Universify); Lichi Zhang (Shanghai Jiao
Tong Universily); Yigiang Zhan (Unifed Imaging Intefigence, Shanghal, Ching); Zhong Xue (Shanghai Lintted imaging Infelligence
Co., Lid); Qian Wang (Shanghai Siao Tong Universily)

P11 (11:40— 11:45); Uncertainty-Based Dynamic Graph Neighborhoods For Medical

Segmentation
Uifulk Demir (Is@nbul Technical University)*; Afahan Czer (Istanbu! Technical Universiy, Yusuf Hiseyin Sahin (IT0); Gozde
LUina! (Isfanbw Technical Universiy)

P12 (11:45 11:50): A Multi-scale Capsule Network for Improving Diagnostic

Generalizability in Breast Cancer Diagnosis using Ultrasonography

Chanho Kim (Kyungpook National University); Wonhwa Kim (Kyungpook Nafional Universiy Chilgok Hospital); Hyejung Ham
(Kyumgpook Nafionsl Universiy Chilgok Hospital); Jaeid Kim (Kyungpook National Universify) *

11:50 - 12:05

12:05 - 13:05

Keynote Speech 3 and Q&A session
Speaker: Prof Aasa Feragen, Danish University of Technology

Title: Topology-aware image registration
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SESSION 2: 14:00-18:00 America/Europe (UTC)

14:00 - 14:30

Cral Session 3

P13 (14:00 - 14:05);: Improving Tuberculosis Recognition on Bone-Suppressed Chest X-

rays Guided by Task-Specific Features
Yunbi Liv {School of Biomedical Engineering. Southern Medical Uiniversity); Gmggmg&n (Nanfang Hospital); Yun Liv
(ETH Zurich); Mingwia Liv (Universily of North Carolina af Ghape! HIll); Wei Yang [Souwthemn Medical Universifyl ®

P14 (14:05 - 14:10): Probabilistic Deep Learning with Adversarial Training and Volume
Interval Estimation - Better Ways to Perform and Evaluate Predictive Models for White

Matter Hyperintensities Evolution
Febrian Rachmadi (RIKEN])*; Maria del G. Valdés Hemandez (University of Edinburgh); Rizal Maulana [Universitas Indonesia);
Jnanna Wardlaw (University of Edinburgh); Stephen Makin {Uinversity of Aberdeen); Henrik Skibbe (RIKEN)

P15 (14:10 - 14:15): Foreseeing Survival through "Fuzzy Intelligence”; A cognitively-
inspired incremental learning based de novo model for Breast Cancer Prognosis by

multi-omics data fusion
Aviral Chharia {Thapar Institure of Engineering & Technology)®; Neeraj Kumar (Thapar University, Indis)

P16 (14:15 - 14:20): Investigating and Quantifying the Reproducibility of Graph Neural
Networks in Predictive Medicine

Mohammed Amine Gharsallaowi (Ecole Polyrechnigue de Tunisie)*; Furkan Tomac (Isfanbuwl Technical Universily]; Islem
Rekik (istznbul Technizal University)

P17 (14:20 - 14:25); Improving Across Dataset Brain Age Predictions using Transfer

Learning
Lara Dular (University of Ljubljana, Faculy of Electrical Engineering, Laboratory of Imaging Technologies)® Ziga Spiciin

{Linfversity of Ljubiiana)

P18 (14:25 — 14:30): Adversarial Bayesian Optimization for Quantifying Motion Artifact
within MRI
Anastasiz Bufskova [Stanford University]; Rain Jubl [Sfanford Universify]; Daeanuﬁié (Kitware Ing); Asshish Chaudhary

{Kitware Inc.); Kiian Pohi {Stanford University); GQingyw Zhao (Stanford University)*
14:30 - 14:45
14:45 - 15:45 Keynote Speech 2 and Q&A session
i Speaker: Prof Ben Glocker, Imperial College London
':' G Title: Deep Structural Causal Models
e for Counterfactual Inference
15:45 - 16:00 Virtual Coffee Break
16:00 - 17:00 Keynote Speech 4 and Q&A session [live]

Speaker: Dr Gang Li, University of North Carolina
Title: Leaming-hased Pediatric Neuroimage Analysis
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17:00 - 17:30

COral Session 4

P19 (17:00— 17:05); Self Supervised Contrastive Learning on Multiple Breast Modalities

Boosts Classification Performance
Shaked Perek (IBM Research)”; Mika Amit (IBM Research); Efraf Hexter (IBM Research)

P20 (17:05— 17:10); Opportunistic Screening of Osteoporosis Using Plain Film Chest X-
ra

Farau' Wang (University of Maryland, College Park)*; Kang Zheng (FAN Inc.); Yiui Wang (PAN Inc.); Xiao-Yun Zhou (PAN
ING.); Le Lu (PAI inc.); Jing Xizo (Ping An Insurance (Group) Company of Ching); Min Wu (Universily of Mandand); Kuwo Ghang-
Fu {Chang Gung Memorial Hospital); Shun Miso (PAN)

P21 (17:10— 17:15); Integrating Multimodal MRIs for Adult ADHD ldentification with

Heterogeneous Graph Attention Convolutional Network
Dongren Yao (University of North Caroling at Chapel Hill); Edwn Yang (UNG-Ghape! Hill); Li Sun [Peking Universily Sixth

of Mental Health); Jing Sui (insfifute of Automation Chinese Academy of Sciences); Mingwis Liv (Universily of
North Caroling &t Ghapel Hillj*

P22 (17:15 17:20): Template-Based Inter-modality Super-resolution of Brain

Connectivity
Furkan Pala (lstanbul Technical University)*; Istern Mhiri (Université de Sousse); Isiem Reldk [Istanbul Technical University)

P23 (17:20- 17:25): The Pitfalls of Sample Selection: A Case Study on Lung Nodule

Classification

Vasileios Baltamis (King's College London)®; Kyriaki-Margarita Bintsi (imperial College London ); Loic Le Folgoe (imperial
College London): Ocfavio E Marfinez Manzaners (King's Gollege London); Sam Elis {King's College London); Arjun Nair
{Uiniversity College London Hospital); Swal Desai [The Royal Bromplon & Harefield NHS Foundation Trust); Ben Giocker
{Imperial College London); Jufia A Schnabel (King's College London)

P24 (17:25 17:30); Towards Cancer Patients Classification Using Liquid Biopsy
Sebastan Cygert (Gdansk University of Technology)®; Andrzej Czy2ewshi (Gdansk Uiniversity of Technology); Franciszek
Gorski (Gdansk University of Technology]; Piotr Juszczyk (Gdansk Universitly of Technology); Sebasfian Lewalsk (Gdansk
Uiniversity of Technology); Anna Supemat (Medical University of Gdansk); Hrzysziof Pastuszak (Gdansk University of
Technology)

17:30 - 17:45

17:45 - 18:00

Closing Remarks and Awards
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10.

11.

12.

13.

14.

15.

SHER

slide from Alyson J. Mcgregor " How Modern Health Technologies Often Perpetuate Gender

Bias in Medicine |

slide from Richard M. Satava " Tech transfer: Do we use the same processes for the next

generation of non-invasive surgery with Directed Energy?
slide from Fei-Fei Li " llluminating the Dark Space of Healthcare with Ambient Intelligence |
slide from Klaus Maier-Hein " Machine Learning in Medical Imaging—Current Challenges |

slide from Adrian Dalca " Unsupervised Learning of Image Correspondences in

Neuroimaging

slide from Paul M. Thompson " Al and Deep Learning in Medical Imaging and Genomics:

Lessons from ENIGMA’s Global Studies of Brain Diseases |

Sadhana Ravikumar, Laura Wisse, Sydney Lim et al., “Unfolding the Medial Temporal Lobe

Cortex to Characterize Neurodegeneration Due to Alzheimer’s Disease Pathology Using Ex

vivo Imaging”, Ahmed Abdulkadir et al. (Eds.): MLCN 2021, LNCS 13001, pp. 3-12, 2021.

slide from Islem Rekik " Introduction of Predictive Intelligence in Medicine (PRIME) |

slide from Luping Zhou " Exploring Fine-grained Image-text Description for Diagnostic

Captioning |

slide from Ben Glocker " Deep Structural Causal Models for Counterfactual Inference |
slide from Carol C, Wu " Clinical Implementation of Al Applications |

slide from Matthew Lungren " Clinical Imaging Al Translation: The Day 2 Problem |
slide from Elli Papadopoulou " Introduction to Open Science and OpenAlIRE |

Jo'elle Ackermann, Matthias Wieland, Armando Hoch et al., “A new Approach to Orthopedic
Surgery Planning using Deep Reinforcement Learning and Simulation”, M. de Bruijne et al.
(Eds.): MICCAI 2021, LNCS 12904, pp. 540-549, 2021.

Shuai Tan, Pin Tang, Xingchen Peng et al., “Incorporating Isodose Lines and Gradient

Information via Multi-task Learning for Dose Prediction in Radiotherapy”, M. de Bruijne et
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16.

17.

18.

19.

20.

21.

al. (Eds.): MICCAI 2021, LNCS 12907, pp. 753-763, 2021.

Yuchen Pei, Liangjun Chen, Fengiang Zhao et al., “Learning Spatiotemporal Probabilistic
Atlas of Fetal Brain with Anatomically Constrained Registration Network”, M. de Bruijne et
al. (Eds.): MICCAI 2021, LNCS 12907, pp. 239-248, 2021.

Shuntaro Mizoe, Yoshito Otake, Takuma Miyamoto et al., “4D-Foot: A Fully Automated
Pipeline of 4-Dimensional Analysis of the Foot Bones Using Bi-Plane X-ray Video and CT”,
M. de Bruijne et al. (Eds.): MICCAI 2021, LNCS 12904, pp. 182-192, 2021.

Xihe Kuang, Jason Pui Yin Cheung, Xiaowei Ding, Teng Zhang et al., “SpineGEM: A
Hybrid-Supervised Model Generation Strategy Enabling Accurate Spine Disease
Classification with a Small Training Dataset”, M. de Bruijne et al. (Eds.): MICCAI 2021,
LNCS 12902, pp. 145-154, 2021.

Shaohua Li, Xiuchao Sui, Jie Fu et al., “Few-Shot Domain Adaptation with Polymorphic
Transformers”, M. de Bruijne et al. (Eds.): MICCAI 2021, LNCS 12902, pp. 330-340, 2021.

Yucheng Shu, HaoWang, Bin Xiao et al., “Medical Image Registration Based on Uncoupled
Learning and Accumulative Enhancement”, M. de Bruijne et al. (Eds.): MICCAI 2021, LNCS
12904, pp. 3-13, 2021.

Wenhui Lei, Wei Xu, Ran Gu et al., “Contrastive Learning of Relative Position Regression
for One-Shot Object Localization in 3D Medical Images”, M. de Bruijne et al. (Eds.):
MICCAI 2021, LNCS 12902, pp. 155-165, 2021.
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