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Abstract

In recent yearsdeep neural network based medical image analysisdemme quite powerful
and achieved similar results performanwase as expertsConsequentlythe integration of
these tools intehe clinical routineas clinical decision support systemsighly desired. The
benefits ofautomatic image analysi®r clinicians are massiyganging fromimproved
diagnostic as well as treatment quality itwreasedtime-efficiency throughautomated
structured reportinglowever,implementations in the literature revealed a significack lof
standardization ipipeline buildingresulting in low reproducibility, high complexity through
extensive knowledge requiremsrior building stateof-the-art pipelines, and difficulties for
application in clinical research.

The main objective of tkiwork isthe standardization opipeline building in deep neural
network based medical image segmentation and classification. ighady the Python
frameworksMIScnn for medical image segmentatiaand AUCMEDI for medical image
classificationare proposedvhich simplify the implementation process througftuitive
building blockseliminatingthe needor time-consumingand errofprone implementationof
common components from scratciithe proposed frameworksnclude stateof-the-art
methodology, followoutstandingopensource principleike extensive documentation as well
as stability offer rapid as well as simple applicatioapabilitiesfor deep learning experts as
well asclinical researchersaandprovide cutting-edge highperformancecompetitive with the
strongest implementations in the literature

As secondary objectives, this work presents more than a dodeuse studies as well as
discusses various external studies utilizing the prop&sedeworksin order b prove the
capabilities of standardizedthedical image analysisThe presented studies demonstrate
excellent predictive capabilities in applicatioasging from COVID19detection in computed
tomography scans tthe integration into a clinical study workflow for Gleason grading of
prostate cancanicroscopy sectionandadvancehe stateof-the-art in medical image analysis
by simplifying experimentation setup®r reseach. Furthermore,studies forincreasing
reproducibility in performance assessment miedical image segmentaticere presented
includingan opemrsource metric librarjor standardized evaluation aadommunityguideline

on proper metric usage

The proposé contributions in this workmprove the knowledge representation of the field,
enable rapid as well as higierforming applicationdacilitate further research, and strengthen
the reproducibility of future studies.
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Zusammenfassung

In den letzten Jahren ist die auf tiefen neuronalen Netzwerken basierende medizinische
Bildanalysebesondergeistungsfahig geworden ukanntedhnlicheVorhersagegenauigkeit

wie Expertererzielen Daherist dieIntegration diesewWerkzeugen die klinische Routine als
Entscheidungsunterstiitzungssystemesonderserhofft Die Vorteile der automatischen
Bildanalyse fur Kliniker sind enorm und reichen von verbesserter Diagnosd
Behandlungsqualitat bis hin zu erhohter Zeiteffizienz durch automatisiertktusierte
BefundungDie Implementierungen in der Literatur zeigten jedoch einen erheblichen Mangel
an Standardisierungei der Erstellung von Pipelinesias zu geringer Reproduzierbarkeit,
hoher Komplexitat durch umfangreiche WissensanforderungeneitirBdu vonmoderren
Pipelines und Schwierigkeiten bei der Anwendung in der klinischen Forschung fuhrte.

Das Hauptziel dieser Arbeit ist die Standardisierung des Pipgnsfir die Segmentierung
und Klassifizierung medizinischer Bildenittels tiefe neuonale Netze Aus diesem Grund
werden die Pythofrrameworks MIScnn fur die Segmentierung medizinischer Bilder und
AUCMEDI fur die Klassifizierung medizinischer Bildervorgestellf die den
Implementierungsprozess durch intuitive Bausteine vereinfaghdmlie zeitaufwéandige als
auch fehleranfallige Implementierunggdngiger Komponenten Uuberflissig machemie
vorgeschlagenen Frameworks beinhalten modernste Methodik, folgen herausragenden Open
Source Prinzipien wie ausfihrliche Dokumentation sowie Stabilitdt, bieten schnelle und
einfache Anwendungsmaglichkeiten fir DdegarningExperten sowie klinische Forscher und
bieten wegbereitende Hochleistung Sachen Genauigkeityelche sich mit den starksten
Implementierungen in der taraturmessen kann

Als sekundare Zielaverden indiese Arbeit mehr als ein Dutzend intem8tudienvorgestellt
sowieverschiedene externe Studidiskutiert die die vorgeschlagenen Framewonkgzen

um das Potenzialder standardisierten medizinischdBildanalyse zu beweisen. Die
vorgestellten Studiedemonstrierernervorragende Vorhersagefahigkeiten in Anwendungen,
die von der COVIB19-Erkennung in Computertomograptseans bis zur Integration in einen
klinischen StudienWorkflow zur GleasorEinstufurg von Prostatakreblikroskopie
Schnitterreichen, und bringen den Stand der Technik in der medizinischen Bildamatieds
Vereinfachungler Durchfuhrung voiexperimenterfur die Forschungoran Darlber hinaus
werden Studien zuWerbesserungler Reproduzierbarkeit bei der Leistungsbewertung der
medizinischen Bildsegmentierung vorgestellt, einschlie3lich einer -Sparce Metrik-
Bibliothek zur standardisierten Auswertung und Commufitghtlinien zur korrekten
Verwendung von Metriken.

Diein dieser ArbeierbrachtemBeitrage verbessern die Wissensreprasentation des Fachgebiets,
ermoglichen schnelle und leistungsstarke Anwendungen, erleichtern die weitere Forschung und
starken die Reproduzierbarkeuktnftiger Studien.

Dominik Muller - Frameworks in Medical Image Analysis with Deep Neural Networks



Pagelll ACKNOWLEDGMENTS TY N

Acknowledgments

Many peoplehavecontributedto makingit possiblefor me to be where | am todaydbeing
able to do something that | not only believe in but also hareat interest in

First of all, | would like tothank my supevisor Prof. Dr. Frank Kramefor supporting mes

well asmy work, for giving me freedom in research as well as educatmmpushingme

forward to pursuemy ideas for the ambitiongo acquirethe broadresourcesieeded for my
researchand forgiving me the opportunity tavork at the MISIT labThank you for providing
the best andanostopen working environment thane could wish for a dissertatioh would

alsolike to thank Prof. DrBernhard Bauefor the general supporfior providingus shéer at

the start before we moved to our own,laffering me hardware resources to staytjourney
in deep neural network based medical image anafgsisjtroducing me to Frankhich made
all this evenpossible and for being my advisdor this dissertationfFurthermore, | would like
to thank Prof. Dr. Tim Bei3barthand Prof. Dr. Elisabeth Andréfor the review of this
dissertationConsequently, | want to thank the many people who helpead thes dissertation
through proofreading: DennisHartmann,Dennis Klonnek Nadja Bramkampand Remo

Griesbaum

| would also like to thankny colleagues at the MISIT lab, other labs at the Univerdity
Augsburg, andat the University Hospital Augsbur@he wonderful hilarious and relaxed
atmospherédas made my workplaca placethat | am happy to go to every dady.particular, |
would like to thankDennisH., Dr. Florian Auer Dr. Ifiaki Soto ReyJohann Freiand Peter
Parysfor supporting mehroughgiving excellent advice on problemsnduring fundamental
discussions proofreading publicationsand the manyjoyful momentsduring my PID.
journey In particular, thank you Peter and Joh&onkeeping altthe big machines runningd
want to thankhestudentst the MISIT ladike AdrianPfleiderer, Philip Meyer, Simone Mayer
and formerlyDennisH. for thdr outstanding contributions tine projectspresented in this
dissertationl amalso thankfufor the great collaboratiowith Silvan Mertes, Niklas Schroter,
Fabio HellmannandMiriam Elia. Furthermorel want to thankfiaki, Dr. Johannes Raffleas
well asProf. Dr. Ralf Hussfor giving mea secondoothold at theMeDIZ at the University
Hospital Augsburg anaffering me insifpts into conducting clinical application studies.
Moreover, | want to thank my formprofessor$rof. Dr. Dmitrij FrishmarandProf. Dr. Hans
Werner Mewest theTechnical University of Municlfor starting my interest in research.

| would also like to thank my friendand close one$:lorian, Johann, Remo, Simorfngela

Beer, Stephan Brandl, Christoph Wdkelix Weiand,and KatharinaGrunau. Thank you for
your supporty listening to my worries, motivating meheering me up in tgh times, and
havingso many great activities as well as moments togdtinaally, | want to thank my famity
My brother André Rogozik foalways being there for mendmy parentsEdmund Mdlleras

well as Birgit MullerRogozikfor backing me up andonsantly supporting men anything |

can imagineThank you for everything!

Frameworks in Medicdimage Analysis with Deep Neural Networks Dominik Miller



INMA TABLE OF CONTENTS PagelV

Table of Contents

Abstract I
Zusammenfassung Il
Acknowledgments 1]
Table of Contents v
List of Figures VIlI
List of Tables Xl
List of Code Snippets XIl
Nomenclature Xl
1 Introduction 1
Yo 1 117> o SOOI 2
I O g = =T Vo =SSPt 5
1.3 Research Objectives and CoNtribULIQNS...........coiiiiiiiiieaeiiie et e s e e 7
1.3.1 Objective I: Development of Frameworks for standardized Pipeline BUilding.............coocveeevceeiiiinennnnen. 7
1.3.2 Objective II: Application Studietemonstrating the Capabilities of the proposed Frameworks.................. 1.
1.3.3 Objective IlI: Research Studies utilizing the proposed Frametwaklvance the stat#-the-art of Medical Image
ALY SIS, .ttt ettt e et e et e h e et e e et bt e e e e Rt eaaet e e e aRhe et e e aREte e e e anneenateeeatbeeeeeaneneeeeneeenaneeeeane 8
1.3.4 Objective IV: Improvement of Reproducibility in Medical Image Segmentation..............ccceoveervveeeennnnen. 8
1.3.5 Grouping of Contributions into Research FIeldS.............ooiiiiiiciii e e 8
R g T Y Y SR @ T U 11 = 10
1.5 PUBNCALIONS ...ttt e 12
2 Background 15
b R \V 1= T [ Tox= L [y g =T 11 o R 16
P2 0 4 F=To [T To TR Lo T o = O PP P PP P PP PR PP 16
2.1.2 Digital IMAGING DALA. .......ceiiiiiiiiiiit ettt e et e e e e e e et e et e e e e e e ammee e s s e s nbbbeeeeeeeeeeaannenessaannnee 20
2.2 Artificial NeUral NEIWOTIKS.........uuiiiiiiiiiiii et rne e 22
PN R 41T o oY A OO PO PP P PPPPPPPP 22
2.2.2 SUPEIVISEA LEAIMNING. ...ttt ittt ettt ettt oo et e e e e e et b bt ettt e e e e e e s ammee e e e e s nbbb e b e eeeeeeeaannnnessannnnees 23
2.2.3 DEEP LBAIMING. ..cee i iteeee ittt et ettt etttk e et e ekttt e e s b bt e e e s b eer e e e e ek b et e e e n bt e e e n b e ne e e e nr e es 24
2.24 Convolutional Neural NEtWOTIKS ...........uiiiiiiee ettt ee s e e e e e e e s st be e e s ntbnseeaeaaeeeeanas 25
b T 0o 1 0] 011 (=1 gV 1= (o o ST 28
2.3.1 IMAGE ClaSSIfICALION. .....eeeiitiiieiiiie e icee sttt ettt e e st e e s rme e s e e e e e st et e e et et e e s seeentneeeeane 28
2.3.2 IMAGE SEOMENTALION. ....eeiiitiiieiiitie e e icee ittt e ettt e st e e ame e e st e e s b b et e e sk b et e e s ameesse e e e e bbbt e e nnbeeeessimenntreeeeanes 31
2.3.3 Hardware REQUITEIMENTS ... c..ciiiiiiiiiei ettt e e e ettt e e e eeame e e e e e e e s et b et e e e e e e e e s ammme e e e saasnbbbeeeeaaeeesanannneaan 34
2.4 Medical IMage ANAIYSIS......ooi ittt eeeaea bbbt e et e e ee et e e e e e eeab b e e ae e e e e aeaaaaaaaaaaas 36
P R = T T o] T =1 o PP EPRTRT 37
2.4.2 CliNiCal DECISION SUPPQLL. .....ceiiieiiiiiiiie it eeeete et e et et e e eeert et e e e e e e s st bbbt e e e e e e s samme e e e e e aannbbeneaaeaeesaaannnas 39
3 Workflow in Medical Image Analysis 41
3.1 Data ManNageMEINL.......ccoiiiiiiiiiitieee e e e e r e e e e e e s eeensnnrnnrrnnrenreeeeeeeeeeeennnree s O
3.1.1 Imaging FOrmMAatS iN MEOICIIIE .......ceiiiiiiiiii ettt e e e e e ettt e e e e e e s rmmne e e e e s e nbnrbeeeeaaeeeaas 43
3.1.2 IMAGE DIMENSIONS ....eiiiiiitiieeiiiiie e eite ettt e sttt e ettt e e see e e e e ettt e e snbeeeessienestneeesnnnnneesnnnneeessnsennnneeennnes A0
3.1.3 Image Information: Represemat Annotation, and Metadata................oecvviriereiiiiiiiiee e reeereeeeees 45
3.2 IMAge AUGMENTALIALL. .....uueiieeiiieii ettt ettt e e e e e e e e e e s eaar ettt e e e e aaaaaaaaaasasaaaammeaaaeaeaeaaeesaaaaaannnnsanas 49
3.2.1 Types Of IMage AUGMENTALIONL........ccciiiiiiiiiieee ettt e et s e e st e e s s b b eser e e e s br e e e e abbeeeennnee 50
3.2.2 APPIICAION TECRNIQUES. ... eeeeeiiiiii ettt ettt e e e h b eeee e e s bbb e e e s anb bt e e s enbeeenmeeean 51

Dominik Muller - Frameworks in Medical Image Analysis with Deep Neural Networks



TABLE OF CONTENTS WM

R [ p o To [l o (=T o] oot =TT a o A PP PPPURUPPPPR 52
3.3.1 ONE HOt ENCOUING....ceiiiiiiiiiiiiii ettt e e e e e e e e e e ettt e e e e e e s s ammae e e s e s sabbbeeeeaeeeessassnnesssasnnrnes 52
3.3.2 NOIM@IIZALION. ...ttt ettt ekt e e ettt em et e s bt e e b et et e e e st e emeesne e e beeennnee e 53
RS e B [ =T [N 11 (=TT o Vo T SRR S USRS 54
3.3.4 Bias Correction in MediCal IMAQGING........cuviiiiieieeiieeeiii e re e e e e e e e e e e snreeeeas 54
IR ST O 1 0] ] o P PR PSPPI 55
IR G 31 == o o 113 o HO PP UPPUPPR 55
1R B A O 0] o] o] 1 o SN USSP PERRTR 56
RS B = =T 4 Vo T RO TSP 56
IR I = T YT 0T o] 1T OO PUPTRN 57
IR I 0 I == (o] 111 o OO PPEUPRPORt 57

3.4 Neural NetWOrK MOEL. .........e e 59
B o o V=T o L= 1= g L] (oY PSS N 59
3.4.2 Training and PrediClion PrOCESS.........ccuuiiiiiie ettt e e e e e e e e s e meee s s taarr e e e eaeeeeaaas 61
B e B =10 1Y o] = PP URURR R 64

3.5 PerfOrmManCe ASSESSMENL.......uuiiiiiiiiiiiieeceeeiiee ettt e e e e e e e e e et saateeetaaaaeeaeaeesassaaaamnneeeeeeeseessaaannnnnns 67
3.5.1 EVAIUALION IMELIICS. ....eeettieiiee et se ettt ettt e et h et ekt eb e smena e et bt e na e e be s eme et e e nene s 67
TS o Y3 U Tox 1T 1 PP SRRSP 70

3.6 Sampling and Validation Strat@gieS........cuuureiiiiiiiieeeie et s e e e 73
3.6.1 SAMPIING SEAGIES.....c.uveeiitiiitiie ittt eeeet ettt ettt eeb et eea et ot et e bt e amees et e ss bt e e be e e s b e e e nan e s amnesteeenreas 73
R I =1 To F= La T a1 o] a1 (o) 1 o ORI 75

4 Medical Image Segmentation 77

4.1 History and CUITENT STALE..........cocveiiiiiiiiieieiiis e e e e e e e e e e e vreee e s s e e e aerern e s e e e s emensseseeeeeseeesssssrnsn D
g O Y = 4 o T [ PO PPUPRURPIN 78
2 @1 = [ 1= Vo 1= PP RRPOTPRN 81

4.2 MIScnn: a Framework for Medical Image Segmentation with Convolutional Neural Netwarks....82
o N [ 0T o1 =T 4 g T=T g1 = Lo o APPSR PPP PPN 83
4.2.2 OperSource Development and DEPIOYMENL.........coiiiiiiiiiiieeeiiie et et e e eeeaee e e s naee e e s srreeeessneennseeas 88
4.2.3 APTUSAQE. ....cciiiiiiiiieieee ettt ettt e et a e e ae e 96
4.2.4 Community Contributions, Support, and POPUIALILY. .........ccueveiiiiiieere e 101

4.3 Study: Kidney TumMOr SEgMENTALION. ..........uiiiiiiiiiiiieeeie e beeeeeeee 103
G Tt B I = = ] (PP PP PP PP PPPPPPPPPPPRE 103
R A Y o o] [Tor= 11 (o] o PP OO P P PPP PR PP 104
4.3.3 RESUIS @NA DISCUSSION......cciiiiitieieiie et e ettt e e e e e s emee e e e e s ettt et e e e e e e s s meaeessansbseaeeaaaaeeeaansbnnesann 107
R o [od 11 £ [ 1< ST POPPPPPPPPP 108

4.4 Study: Nucleus Segmentation and Analysis in Breast Cancer............ccovvveeeeeeeeieeeeevviiiiceee e 110
O R == = (OO PP U PP PP PP PPPPPPPPPPPRE 110
Y o] o] [ To%= Vi o] o W PP PO PPPPPPPPP 111
4.4.3 RESUILS N0 DISCUSSION.....cciiiieieiei ettt e et e e oottt e e e e e e s neee e s sabbbe e e e e e e e e e s annbeenean 113
O @ o o411 ] T o 1< O PPPRR 116

4.5 Study: Segmentation of COVAI® Lung Infection based on limited Data................cocoeevceeeeeeennn. 117
T B = = ] (PP PP P P PP PPPPPPPPPPPRE 117
N =T F= (=T IV o o PRSP ST 119
TG I Y o] o] [Tor= 11 (o] o OO TP PO PPP PP PP 120
4.5.4 RESUIS N0 DISCUSSION. ...ttt ettt e e mte e e e e bbbttt e e e e e e e s neee e s snbbbe e e e e e aeeeesannnaennean 124
N O o [od [ ][] 1< S TP 130

5 Medical Image Classification 131

5.1 History and CUITENT STALE........iii i e e e e e abeeb et eeeee e 132
L0 I 1V =1 1 T Yo = PSP SRR 132
L B O g - 1 T= g T [ OO PPPPPRRSPNE 135

5.2 AUCMEDI: a Framework for Automated Classification of Medical Images..............cccccvveeeeennn. 136
5.2. 1 IMPIEMENTALION. ....ceeiiiiit ettt e ea e ekt e e st bt e e ek e et bt e e s aabe e e e e e n b e e e e e st eete e e e nnnneee s 137
5.2.2 OperSource Development and DeplOYMENL..........o.uuiiiiiiiieeiei ettt e e emnnaas 143
B2 .3 AP USBE. .. oo e e b et e e e e erenenrrnrnnnes 151

Frameworks in Medicdimage Analysis with Deep Neural Networks Dominik Miller



INMA TABLE OF CONTENTS PageVI

5.2.4 Community Contributions, Support, and POPUIALILY..............ocueiiiiieiieie e 157
5.3 Study: Standardized Image Classification across Medical DiscCiplines.............ooooeivceeeeeeenennnnn. 159
T TN I B =1 = L £ TP PP PPUPRO 159
LR I Y o] o] [T 1T o OSSO EPPTROY 161
5.3.3 RESUILS AN DISCUSSION. .......uieiiiiieeieiieees ettt e e e e e e e et e e es et beeeeeaeeeeaaasnsteeenaasssbeeeeaeaeesaaannssseeeanansnes 161
5,304 CONCIUSIONS ...ttt ettt ettt ettt ekt e bt ea e et et em e et e e b bt e ettt e e b bt e ne bt eme et et b nar e e 165
5.4 Study: MultiDisease Detection in Retinal IMaging.........ccvvvviieiieiiiceciiieeieeeeeeeee e 166
L R D T = 1= S PO PP P PP PP PP PPPPPPPPPPPIRE 166
L N o] o] | o7 11 o o OSSO UPPRROY 167
5.4.3 RESUILS ANU DISCUSSION. ......ceiiiiieiiiieitieee etttk et st e et et ek et st e e bt e nbe e e se e e s reenee s 170
L A o] o (U= o] =SSO EPPRRY 173
5.5 Study: COVID19 Infection and SeveritlrediClion.............oouieiiieiiemriieee e 174
T R = - 1= SO O T PO T PP PPRTOPRTPPRO 174
LRSIV Y o] o] [T 1T o OSSO EPPTRY 176
5.5.3 RESUILS AN DISCUSSION. .......utiiiiiieeieiieeet ettt e e e e e e ettt e ea et beeeeeaaaeeaaasnstaeenaasssbseeeaaaeesaaasnssseeeanansnes 179
55,4 CONCIUSIONS ...ttt ettt ettt ettt et ea ekt e bt ea et et et em et e s et e ettt e s b e e e ea bt eme b et b aan e 182
5.6 Study: Informative Value of EXplainable Al.............ouuueiiiiieeciieie e 183
5.6.1 ClINICAI STUAY DESIOM.....ceeiitiieeiiiti e eseeei ettt e ettt e e e eet bt e e st e e s s b e e e e e as b beeet et e s anbe e e e e antb e e e e anneenereeean 184
5.8.2 DAIASEL......ceiieiiiiie ittt Ree e et n et e sR et e e e e e e 185
L TR 2Y o] o 1o 140 W RPN 187
5.6.4 Current OUtCOMES aNd INSIGALS......coiiuiiiiiiiieie ettt eme e e et smme s e e e s anbre e e s e 188
5.6.5 FULUIE OULIOOK. ... .eeieiiiiii ettt ettt e et emee ket e e e hb e e st e e smne et e e e e s nnnnees 192
6 Ensemble Learning 193
LS00 T LT PP EPRPRRPRR 194
B.2IMEENOUS.....ceeee et ra e e st e e e e e e e s e e e e e s e et e e e e e s ane 195
6.2.1 Ensemble Learning Strat@gIES ........uuiii i iieeeiiei ettt e ettt e ek e et e e e s snee e e nanneeeeas 195
6.2.2 POOING FUNCHONS ......eiiiiitiiee ettt e e st esme et e e as bt e e s st e e e s rmne et b eeeeeaen 197
L T ¢ =11 1= g o =SSP 199
6.4 Study: Performance Impact in Image Segmentation.............cuviiiiiecceeiriiiiee e 200
O R D = = LT S PSP PP PPPPPPPPPPPPPRY 200
Lo Y o] o] [ o= 1T o DSOS P PPPPPPPPPRTN 201
6.4.3 RESUILS QN0 DISCUSSION. ......ciutiiieiiiiie e ecee ettt ettt rmee st e e ettt e e s asb et e e s rmeeas bt e e e anbneeesnnnneeeeanenne 201
L @] o Tod [0 1T L TP PP PP PP PPPPPPPPPPPI 203
6.5 Study: Performance Impact in ImagesSSIACAtiON................oiviiiiiiiieer e eeee e e 204
ORI R D T = LS =] < ST PRPPUPPPPPRTPTRTTON 204
LRSI Y o] o [[ox= L1 o W TSP PP RP O PPPPPPPPPPP 206
B.5.3 RESUILS......eeeeeiieei ittt ettt e e e oo st h b ettt e e e eemt et e e e e e e e h bbb bttt e e e e e e amne e e e e e e nbnereeeeeee e e nae 209
B.5.4 DISCUSSION. ... ..ettteeeeee e e ettt ettt ettt e e e o4 e e bt e e e s eb ettt e e e e e e e oo s eh bt e e eaaab bt b e et e a2 e e e anbb bbbttt eeenbeeeeeeeeeeeaannnnrnee 214
B.5.5 CONCIUSIONS ...ttt etttk ettt ekt e e ekttt e s st e e e eamee e st et e e e s b et e e e bbbt e e smmeessnn e e e e anbneeenan 217
7 Reproducibility of Performance Assessment 218
7.1 MISeval: a Metric Library for Medical Image Segmentation Evaluation................cccceeeeeeeeennenns 219
4 % R [ o1 =T 4 1= gL e= i o] o A SO P PP EPP PR PPPRPPPPRON 219
7.1.2 Quantitative EVAlUALIQIL............cooi e a e arra e nrnrnnan i n———— 222
7.1.3 QUANIALIVE EVAIUGLION. ... . uieiiiiiiiiie ettt meme e e e e e e e e e eseeessseesessstmnneeeeeaeaaeaeeaseeeseeesesannnnanas 222
7. 0.2 DISCUSSION. ...ttt ittt ettt ettt e e ettt e ettt eamee e h e et e oo skttt e 4o h b et e e eme e sas b et e o4 a b b e e e e aa bbbt e e smme e shbn e e e e antbeeeeanne 223
7.2 Towards a Guideline for Evaluation ME$ ..............uuuiiiiiiiiiiiicceiiiiiiieiere e e e e r e e e e e e e e e e e 224
7.2.1 BiaS: ClasS IMDAIANCE. .....cccoi ittt e e ettt et e e e e s aammt e e e s s e abbb bt e e e e e e e e e annnaeeeaan 224
7.2.2 Bias: I nfluence..af..t.he.. .Reg.i.on..of..l.nt.er.esit2255i ze
7.2.3Bias: Influence of the SegmeNntation TASK.............coiii et e e 226
7.2.4 Bias: Mu l.t.i...cil.as.s... Exv.al.u.at i 0.0 e 227
7.2.5 PropoSed GUIAEIIE ........eeiiiiiiii ittt ettt e e b eret e s st e e e e e e e e an b b e reene e e s nnes 227
7.2.6EXperiments 0N MetriC BENAVIAL............ooiiiiiiiiieeeii et 228
7.3 Performance Assessment in Presence of Control Samples...........oooocceee, 230
7.3.1 PropoSed MEtHC: MISIN......uuiiiiiiiiiee ettt ettt e e st eeer e e e st e e e st b e e e e anse e enneas 230

Dominik Muller - Frameworks in Medical Image Analysis with Deep Neural Networks



PageVll TABLE OF CONTENTS WM

7.3.2 TREOIEUABANGIYSIS. ... eeeeeee ettt ettt e e e e e e e mee e e e e e e ke ate e et e e e e e e s s mmee e s ansbaeeeeeaaeesaaannsbnnnaannnees 232

7.3.3 Weighting CoeffiCient ANAIYSIS........ooiiiiiiiiie ettt e e e e e e s srmene e e e neneneeeaaeeas 232

7.3.4 EXperimental ALITALION. .......o.uiii ittt e ettt e et b e e e ene e e e sans 233

7. 3.5 DISCUSSION. .....eei ettt ettt ettt ettt oottt e eamee e e hbe e e e e a bttt e oo Rttt e e smeesas b et e e ea kb e e e e anbbe e e e smmesssbeeeeeantbeeesanne 234

8 Discussion 235
8.1 Advancements in Medical Image Segmentatian...............oooiiiicceeeee oo ee e e e 236
8.1.1 The proposed Framework: MISCIIL........occuiiiiiiiee ettt emee e e e s smre e nanneas 237

8.1.2 Scientific Impact and CONIDULIANS .........cuviiiiiiiee e smre e 241

8.1.3 Limitations and further ChallENQES..........cooiiiiiiii e et e e e e e e e e e srar e e e e e e s e aaneees 247

8.2 Advancements in Medical Image ClassifiCation................oooiiiice e e s 249
8.2.1 The proposed Framework: AUCMEDIL..........cuiiiiiiiiiie e smee e smees e 250
8.2.2Scientific Impact and CoNtrBULIONS ..o e e e e e et eee s 256

8.2.3 Limitations and further ChallENQES...........ooi it ieeeiee e e e e e e e e e e e ernr e e e e e e s e eaneees 258

8.3 Advancementgiifurther Research FieldS..........oooo e 260
ST I8 B = 1= T00] o] SR T g T o o USRS 260

8.3.2 Reproducibility of Performance ASSESSMENL..........cccuiiiiiiieeeiee et eeree e eeaee e et ee e sneeeneneas 261

8.4 Software Integration Process: From University Research to Clinical Application....................... 264
8.4.1 Challenges Of INTEGIALIAN. ........uuieiiutieeeieeetiee ettt e e et e e e st e et e e e e tbe e e e ssaeeeessbeeanseeesnseeeesnbeeeeansssenns 264

8.4.2 Chances by Interoperability in Medical IMagIng ...........cooiiiiiiiiece e seee e seeee e 265

8.4.3 Design of a Clinical APPIICAtION STUAY......cccoivriiiiiiiii et smee et rmees e 266

8.5 Future WOork and OULIOOK. ..........coeeeii it ee et e e e s n e eeeees 269

9 Conclusions 271
References 274

Frameworks in Medicdimage Analysis with Deep Neural Networks Dominik Miller



WD LIST OF FIGURES PageVill

List of Figures

Figure 1.1: Literature search for publications in relevant fields for medical image analysis via PubMed..3
Figure 1.2: Overview of the objectives and contributions presented in this dissertatian...................ce..... 9

Figure 2.1: Example visualizations of radiography based imaging modalities and corresponding devic#s.

Figure 2.2: Example visualization of magnetic resonance imaging and an MRI scanner...................... 18
Figure 2.3: Example visualization of ultrasound iMaging-...........cccccurriiimeeris i eeeseere e 19
Figure 2.4: Example visualization dbur modalities based on visible light imaging...............cccccoeevieennee 19
Figure 2.5: Representation of a digital image by an image and volume matriX...........ccccvvvieeeineennnnnn 21
Figure 2.6: Structure of an artifiCial NeUION............cuiiii e 22
Figure 2.7: Overview of different neural network tOPOIOgIES.........cvvviiiiiiiiiree e 24
Figure 2.8: Illustration of the convolutional transfer fUNCHON.............ccoiiiiiiiieer e 25
Figure 2.9: lllustration of a maximum pooling operation on a tdimensional input matrix........................ 26
Figure 2.10: Architecture of a convolutional neural NEIWOIK.............ccoeiiiiiiiiiieee s 27
Figure 2.11:lllustration of image classification and segmentation in computer ViSion..................ceeeeeenn. 28

Figure 2.12:Imageclassification architecture overview (selection) and comparison by number of parad@@ters.
Figure 2.13:Setup of an image classification model including backbone and classification head struct8te.

Figure 2.14:Image segmentation architecture overview (selection) and comparison by number of par&teters.

Figure 2.15:lllustration of the UNet arChiteCture.......... oot 33
Figure 3.1:Illustration of a typical workflow in deep learning based medical image analysis................. 41
Figure 3.2:Illustration of quality flaws in annotations for medical image analysiS............ccvveeiieeceennns a7
Figure 3.3: Overview on common image augmentation teChNIGUES.............eeieeiiiereriiieeee e 50
Figure 3.4:Visualization of the one hot encoding ProCeAUIE. ...........eeiiiiiiiiiieeiee e 53
Figure 3.5: Application overview of multiple image preproecssing techniqUes............ooocvvvvievenee e, 56
Figure 3.6: lllustration of a simple patching application on a CT SCaN.............coovvvviviemmreeiiiiiiiiee e, 58
Figure 3.7: Overview of important hyperparameters in a MIA pipeline............ccccoeeeiiiiiceciiiiie e, 59
Figure 3.8: Fitting curve visualizing of a typical loss function trend during a training process................ 64
Figure 3.9: lllustration of SAMPliNG StratEQIES......uuiiiii it ereer e e e e e e e e e e 74
Figure 4.1: Thresholding approach for vessel segtagan in retinal imaging.............ccccceeeeieiiiecceeciieieeeeee, 79
Figure 4.2: Logo of the proposed framework MISCON............ciiiiiiii e 82
Figure 4.3 Flowchart diagram of the MISCNN PIPeliNe........cooiiiiiiiii e 83
Figure 4.4: Flowchart visualization of the deep learning model selection pracess...........ccccovvvveeeeuvneee.. 36
Figure 4.5: Starting page of the MIScnn repository on GitHUBL.............cooiiiin e, 90
Figure 4.6: Extract of the task managemexystem on GitHuUb for MISCNN.........ccccoiiiiiiiiiic i 91
Figure 4.7: Extract of the MIScnn wiki starting page on GitHUD............ccccoiiiiieci 92
Figure 4.8: Extract of the CI pipeline logs for MIScnn on GitHUD............ciiiiiinee, 94
Figure 4.9: Workflow of the four corelasses in the MISCNN APRL..........cciiiiiiiiiiimeee e 97
Figure 4.10: Extract of the documentation entry for the Data I/@sslfrom the MIScnn wiki...................... 97
Figure 4.11:Docstring of the Data Augmentation class from the MIScnn wiKi...............coooicce . 98

Dominik Muller - Frameworks in Medical Image Analysis with Deep Neural Networks



PagelX LIST OF FIGURES WM

Figure 4.12: Documented arguemt descriptions of the Data Augmentation class from the MIScnn.wiki.98
Figure 4.13: Extract ofthe documentation entry for the Preprocessor class from the MIScnn.wiki......... 99
Figure 4.14:Example initialization of the Preprocessor class from the MIScnn WiKi..............ccoocvieeeeee 99

Figure 4.15: Extract of the documentation entry for the Neural Network class from the MIScnn.wiki...100

Figure 4.16: Community contribution estimation for the MIScnn framework.............cccccci e, 101
Figure 4.17:Popularity estimation for the MIScnn framewWork. ..., 102
Figure 4.18: Computed tomography image from the KiTS19 dataset............ccccccvvvimeersieiscccnnnnnninennn, 103

Figure 4.19:Fitting curves angerformance assessment for the kidney tumor segmentation pipeline...107

Figure 4.20: Visualization of annotated and predicted segmentation masks for kidney tumor segmenidt&n.

Figure 4.21: Annotation of the same sample represented through different masks...........cccccovvveecnnnns 110
Figure 4.22: Overview of the class categories in the NUCLS dataset............cccuveeriieeceniniiiiiee e 111
Figure 4.23: Class distribution of the super class annotations in the NUCLS dataset.............cccceeeeueee. 111
Figure 4.24:Box plots showing the result distribution for the sintiéer dataset.............ccccveeiiiieeeninnen, 113
Figure 4.25:Box plots showing the result distribution for the mudtier dataset.............cccveveeiiiicennnnne, 114
Figure 4.26:Visualization of COVID19 infected regions in a thorax CT..........c.ccoviiiiiiiieeniie i 118
Figure 4.27:Flowchart diagram of the COVH29 lung infection segmentation pipeline.......................... 120
Figure 4.28: Structure diagram of the standard 3ENdt architecture............cccoeeeeeiiiiieeee e, 122
Figure 4.29:Boxplots showing validation and testing performance for CO¥fsegmentation................ 125
Figure 4.30:Fitting curves of the COVIEL9 segmentation pipeling..............veeiiiiiicceciiiiie e eeeeeeeeeeinnns 126
Figure 4.31:Visual comparison between radiologist annotations and the proposed segmentation pip&Bie.
Figure 5.1: Workflow overview in comparison of traditional and modern MIC................ccccceeivecvvnnnnnnn. 132
Figure 5.2: Logo of the proposed framework AUCMEDL..........cc.ooooiiiiiiiiieee e 136
Figure 5.3: Flowchart diagranof the AUCMEDI PIPEIINE.........ccoiiiiiiiiiiiiiiieiee e 137
Figure 5.4: Overview of application environments in AUCMEDL...........cccuiiiiiiiiiemniii e 142
Figure 5.5: Starting page of the AUCMEDI p®sitory on GitHUD..............ooiiiiiiiiiieeeece s 145
Figure 5.6: Website of the AUCMEDI framework hosted on GitHub Pages...........cccccooiiieciinnne 146
Figure 5.7: Extract of the AUCMEDI wiki on the project Website...........ccvviiiiiiiieeie e 147
Figure 5.8: Extract of the CI pipelinéogs for AUCMEDI on GitHUD..............cooiiiiiiiiiiieneee e 148
Figure 5.9: Extract of a release changelog of AUCMEDI on GitHUD..............ociiiiiiiiccciiiiiie e, 150
Figure 5.10: Workflow of the three pillars in AUCMEDL..........cccooiiiiiiiiiiiieeee e 152

Figure 5.11:Extract of the documentation entmyrfthe data interface pillar from the AUCMEDI wiki....... 152
Figure 5.12: Extract of the documentatiantry for the neural network pillar from the AUCMEDI wiki....153
Figure 5.13: Extract of the documentation entry for the data generator pillar from the AUCMEDI. wiki.154

Figure 5.14:Workflow of the AutoML module in AUCMEDL............cccoiiiiie e 156
Figure 5.15: Community contribution estiation for the AUCMEDI framework..............occocveeiiiiennninne. 157
Figure 5.16: Popularity estimation for the AUCMEDI framewWork...........ccuuviieiiiimemiiieiiee e 158
Figure 5.17:Exemplary samples of the anagd datasets in this Study.-..........ccociiiiiiiecci i, 160
Figure 5.18:Summary of the achieved performance in the condwtpdriments by mean and standard de\éi;ltion.
............................................................................................................................................................. 1
Figure 5.19: XAl visualization of samples from the radiology-¢dy) and dermatology dataset................ 164

Frameworks in Medicdimage Analysis with Deep Neural Networks Dominik Miller



WA LIST OF FIGURES

Figure 5.2Q Flowchart diagram of the implemented MIC pipeline for mdiease detection in retinal imaging.

Figure 5.21:Fitting curves showing the training and validation loss during the training pracess.......... 171
Figure 5.22:Receiver operating characteristic curves for each model type applied in the proposed pipeline.
Figure 5.23:Visualization of CT scans categorized by COVID classification from the STOIC dataset. 175

Figure 5.24: Workflow diagram of the implemented pipeline for COVID presence and severity prediction.

............................................................................................................................................................. 176
Figure 5.25:Results of the performance evaluation for COMI®infection and severe outcome predictia80
Figure 5.26: Flowchart diagram of the EKIPRO PrOJECL......uuuviiiiiiieiii ettt 184
Figure 5.27:Visualization of tiles fom histological sections generated in the EKIPRO praject.............. 186

Figure 5.28:Receiver operating characteristic curves for each architecture validated in the EKIPRQ %88ly.
Figure 5.29:Fitting curve and confusion matrix of the EKIPRO ResNeXt model.............cccccovveemnnnnen. 190
Figure 5.3Q Generated XAl heatmaps based on the ResNeXt model for prostate carcinoma classifich@ibn.

Figure 5.31: Prototype of the EKIPRO browser application for visualizing microscopy and XAl imagiri2

Figure 6.1 Overview of strategies in the field of ensemble learning............cccoocviiieeeiiiinii e, 194
Figure 6.2: Workflow illustration of deep ensemble learning Strategies.............cveevviiiermiiieeeeeiniiiieeen 195
Figure 6.3: Computed tomography scan of the thorax from a-Eang-2 positive patient.......................... 200
Figure 6.4: Box plot showing the performance distribution of all experiments..........ccccoevviviieceeieeneeenen. 202

Figure 6.5: Average performance increase by ensemble learning compared to the baseline perform&az.

Figure 6.6: Exemplary samples of the four used datasets used in the analysis...........cccccvvveeeeeeiiinnnnnns 205
Figure 6.7: Visualization of performance results for the Baseline pipeline............cccciiceccceieneeenn. 210
Figure 6.8: Visualization of performance results for the Augmenting pipeline.........cccccoevviiiiiceeiiinnnenn. 211
Figure 6.9: Visualization of performance results for the Stacking pipeling............ccccooiieniieeiininnn, 212
Figure 6.10: Visualization of performance results for the Bagging pipeline............ccoveeeiiiceeiiiiiieenenns 214

Figure 6.11: Summary of all experiments on performance impact of ensemble learning techniques il2WBC.

Figure 7.1: lllustration of various selected metrics from the library of MiISeval to evaluate model performance on

the use case COVHDI infected region SEgMENtAtiQN...........uvviiiiiiieii e 222

Figure 7.2: Metric behavior demonstration in the context of differeimed ROIs compared to the total image.
............................................................................................................................................................. 225

Figure 7.3: Demonstration of metric behavior for a trained segmentation model in the context of different medical
IMAGING MOGAITIES. ...t ettt e oo s bbbt e e e e eaaab s b bbb bt s s e e e et et e e e e e e e e eeemssneeeeeas 226

Figure 7.4: Comparison of the performance metrics considered with the presented MISm in terms of the ratio of
false positives to actual negatives if the class observed is not present in the.image...............cceee....... 232

Figure 7.5: Scoring comparison between MISm and multiple common MIS metrics by application on normal as
(e e R =T [ o= 1 PSPPSRSO 233

Figure 8.1: Popularity estimation for the MISeval framework.............cceveeiiiiiienni e 262

Figure 8.2: Chances (green) and challenges (red) of the software integration process for Al in medical imaging.
............................................................................................................................................................. 265

Figure 8.3: Major steps in a clinical application study illustrated with a schematic timeline.................. 266

Dominik Muller - Frameworks in Medical Image Analysis with Deep Neural Networks



PagexI LIST OF TABLES WM

List of Tables

Table 3.1:Overview of Hounsfield unit ranges for selected tisSue tyPesS..........coooviiiiiiice e 46

Table 3.2:Overview of preprocessing techniques including their types, uses, and application referencga.

Table 3.3:Overview of available medical image analysis frameworks for research...........ccccceevveeennnns 65
Table 4.1:Overview of available examples for MISCON.............oooiiiiiiciiee e e 93
Table 4.2:Distribution of unit tests for the MIScnn framework..............ococviiiiieee e 95
Table 4.3: Performance results of thef@ld crossvalidation for tumor and kidney segmentation............. 107
Table 4.4: Achieved macreaveraged results on the singéger dataset...........cccoovvviiieiiicce e, 114
Table 4.5: Achieved macreaveraged results of the muttiter dataset..............coeeeeiiiiiiiecciiiees 114

Table 4.6: Comparison of nuclei segmentation performance between NuCLS, M@h\Rand MIScnn.. 115

Table 4.7: Achieved results of the sensitivity analysis for COVIBD segmentation..............ccccceevvvvvieenne. 124
Table 4.8:Performance impact of data augmentation and preprocessing on CI3\dEgmentation.......... 125
Table 4.9:Related work overview and comparison for COVIB segmentation..............ccccvvvvviveccevnnnnnn. 129
Table 5.1: Overview of implemented deep learning architectures in AUCMEDIL................cccoovveeevnnnnnnn. 140
Table 5.2:Distribution of unit tests for the AUCMEDI framework..............ccoooiiiimieeeiinee e 149
Table 5.3: Arguments of the data interface pillar in AUCMEDL..............ccoooriiiiiiee e, 152
Table 5.4: Arguments of the neural network pillar in AUCMEDL...............ooviiiiicccccree e 153
Table 5.5: Arguments of the data generator pillar in AUCMEDLASA.............cooiiiiiiieee e 154
Table 5.6:Overview of the datasets utilized in the broad application experiments.............cccoccveeevnnen. 159
Table 5.7: Annotation frequency for each class in the RFMID dataset...............ooooivicceee e 166
Table 5.8: Achieved results of the internal performance evaluation.............ccocuvvieeeiiieeinniiiieee e, 171

Table 5.9:Ranking of the tofy participants for the final evaluation phase of the RIADD challenge....... 173

Table 5.10:Summary of the STOIC dataset characteristics and proposed sampling..........cccccoevveeeene 175
Table 5.11:Spearman correlation coefficients between patient features and target variables............. 179
Table 5.12:Computed performance results of the COMID Classifier and Severity Detector................. 180
Table 5.13:Top-10 ranking of the STOIC challenge including achieved prediction results (AUC)........ 181
Table 5.14:Summary of the EKIPRO dataset annotation and proposed sampling.................ovveeeeeeees 186
Table 5.15:Achieved results of the proposed image classification for prostate cancer........................ 189
Table 6.1: Overview of pooling functions for ensemble learNing..........ccccoeveiiiiiieeeiie e, 197
Table 6.2: Achieved results of all experiments on ensemble learning based.MIS..............ccvvieeeineeen. 202
Table 6.3:Overview of utilized datasets with descriptive details and sampling distributions................ 204
Table 6.4:Configuration overview of implemented MIC pipelings..........ccocvveiiiiieeniiee e 206
Table 6.5: Achieved results of the Baseline approach grouped by architecture and dataset................ 210
Table 6.6: Achieved results of the Augmenting approach grouped by architecture and dataset........... 211
Table 6.7:Achieved results of the Stacking approach grouped by architecture and dataset................ 212
Table 6.8: Achieved results of the Bagging approach grouped by architecture and dataset................ 213
Table 7.1:Overview and comparison of currently implemented metrics in MISeval.................cccceeeee. 221

Frameworks in Medicdimage Analysis with Deep Neural Networks Dominik Miller



[N.k LIST OF CODE SNIPPETS PageXill

List of Code Snippets

Code Snippet 4.11nstallation process of the proposed MIScnn framework............cccccciieeen e cccccinnnd 96
Code Snippet 4.2 Setup of a medical image segmentation pipeline with MIScnn..............ccccccveeeenennn. 100
Code Snippet 4.3MIScnn pipeline utilization for training and prediction proCesses........ccvvvvveervrerieeenns 101
Code Snippet 4.4KiTS19 dataset 10ading iN MISCNL......uuiviiiiiiiieccc e 104
Code Snippé 4.5: Initialization of the Preprocessor class for kidney tumor segmentation.................... 105
Code Snippet4.6: Initialization of the Neural_Network class for kidney tumor segmentation................ 106
Code Snippet 4.7:Performing a old crossvalidation on the KiTS19 dataset with MIScnn.................... 106
Code Srippet 5.1: Installation process of the proposed AUCMEDI framework..............cccoovviivcceeeeeenn. 151
Code Snippet 5.2Foundaibn setup of a medical image classification pipeline with AUCMEDI............ 155
Code Snippet 5.3 AUCMEDI pipeline utilization for training and prediCtion................cccvvevieieeeriiccnnnnns 155
Code Snippet 5.4AUCMEDI AutoML utilization through the command line interface......................... 156
Code Snippet 5.5AUCMEDI AutoML utilization through the Docker interface...........cccoeevveieeivieeennnn.n. 157
Code Snippet 7.1Usage example of the MISeval package..........ccccooviiiiiiiceeii s 219
Code Snippet 7.2MISeval core functiorevaluate()with docstring documentation.............cccceeeeveeeeeeeennn. 220

Dominik Muller - Frameworks in Medical Image Analysis with Deep Neural Networks



PageXIil

NOMENCLATURE UNDM
Nomenclature
1 F
ID i OneDimensional FN False Negative
2 FPueieee e FalsePositive
oD Two-Dimensional FPR. ..o False Positive Rate
3 G
3D s ThreeDimensional GAN covvvcrrsssenn Generative Adversarial Network
(] C1 0 groundglass opacity
A Gl gastrointestinal
ACC..oiiiiii e, Accuracy GIF i Graphics Interchange Format
AdaM.....coveeennn. adaptive moment estimation GPL-3.0 License......GNU General Public License
AHD ..oovvviiriiein, Average Hausdorff Distance Version 3
Al oo Artificial Intelligence CPU. Graphics Processing Unit
AK e actinic keratosis H
APIl......ovvenn. Application Programming Interface .
AUC.. Area Under the ROC Curve HD oo Hausdorff Plstange
AUOML .. Automated Machine Learning HU o Hounsfield Unit
AVG ... Average I
B O.....ccoceed Input and Outpytinput and Output
Base EM.. . Base Eramework ICU e Intensive Care Unit
BCC. . basal cell carcinoma ILR oo, Infection Lung Ratio
BKL oo benign keratos 10U IntersectioroverUnion
ISIC. The International Skin Imaging Collaboration
C
J
CDueeeeee e, Continuous Delivery ) .
(615 1S S Clinical Decision Support PGB Joint Photographic Experts Group
CE o, crossentropy K
CNN-.oovvvvivv.ooo... CONVolUtional Neural Network = | o O URRY Cohends
CorrFABR.......! Correlated Feature Aggregation by
Region L
COVID-19.......cceeevee coronavirus disease 2019 LRP.... Layerwise Relevance Propagation
CPU.coiiiiiieeeeeeee Central Processing Unit
CT e Computed Tomography M
D MEL ..ottt melanoma
) MHA e Metalmage
DAAAUG. ... Data Augmentation MIA e Medical Image Analysis
DF e dermatofibroma MIC.o Medical Image Classification
DICOM....Digital Imaging and Communications in MIR ..ot Medical Image Registration
Medicine MIS .o Medical Image Segmentation
DKFZ.....ccccceennns German Cancer Research Center MIScnn....... Medical Image Segmentation with
DR diabetic retinopathy Convolutional NeuraNetworks
DRD....cooevviiiiiienend diabetic retinopathy detection MiSeval.......... metric library for Medical Image
DSC.oiiiiiiiiiiiiiiiiiieee, Dice Similarity Coefficient

Segmentation EVALuation

Frameworks in Medicdimage Analysis with Deep Neural Networks Dominik Miller



UNM NOMENCLATURE
MISM............. Medical Image Segmentation metric ROI ..o Region of Interest
ML e Machine Learning RT-PCR..Reverse Transcription Polymerase Chain
MONAI ......oeveernnd Medical Open Network for Al Reaction
1| Magnetic Resonance Imaging S
N SARSCoV-2............. severe respiratory syndrome
NIfTI .......... Neuroimaging Informatics Technology coronavirus 2
Initiative SCCiiiiiiii e squamous cell carcinoma
nMCC............... normalized Matthews Correlation SENS.iiiiiiiiie e Sensitivity
Coefficient SGD..cooiiiiiis Stochastic gradientascent
No-NeWU-N€t.......ooovveeeiiiiiiiceeee e, nnU-Net SIRM ltalian Society of Medical and Interventional
NPY oo NumPYy file format Radiology
NV e melanocytic nevus SPEC ..ottt Specificity
o SPECT............. SinglePhoton Emission Computed
Tomography
OCT ..o Optical Coherence Tomography sTILs.......... stromal tumotinfiltrating lymphocytes
OD....coiiiinimnininis Object Detection SV e Splenic Volume
P T
PACS......... Picture Archiving and Communication TROTAX ..ot Chest
System TIFF i, Tagged Image File Format
PET....oovininnn Positron EmissioiTomography LI PO TrueNegative
PIXEl oo Picture Element LI =PTSRS True Positive
PNG..ootiii, Rortable Network Graphics TPR. e True Positive Rate
POl Percentage of Infection TSV oo Tab Separated Vector
PreProc........cccviviiiinn Preprocessing
PyPL..ooi e Python Package Index v
0 VASC.....cccciiiriiiiieieeesee e s eeeeeeeneeenc MASCUlAr lesion
VGG ......ooeeevvvvvvveveeeennnnVisual Geometry Group
QIA s Quantitative Image Analysis 1Y/ S Vision Transformer
R VRAM ................... Video Random Access Memory
RCC..ooiiiiieee, renal cell carcinoma W
ReLU....ccoooiiiiiiiiicee Rectified Linear Unit WHO. i, World Health Organization
RGB...oo oo, RedGreenBlue WSPEG .. veeveereeceeeie e eeieaeas] weighted Specificity
ROC.......covuene. Receiver Operating Characteristic

Dominik Miller -

Frameworks in Medical Image Analysis with Deep Neural Networks

PageXIV



CHAPTERL - INTRODUCTION WA

Introduction

AAN expert is a man who has made all the mistakes which can be made in a very narrow field

Niels Bohr Danishphysicist 18851962 [1].

In this chapter, the Author presents the motivatarthis dissertation and points out multiple
challengs in the field of deep neural network based medical image analysis. To solve these
challenges, four objectives are defined and corresponding contributions by the Axghor
highlighted. Furthermore, this chapter provides an outline of the content in thiss anel an
overview of the achieved publications.
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WA CHAPTER1 - INTRODUCTION

1.1 Motivation

In the last decade, artificial intelligenf&l) has become a powerful tool that is involved in our
everyday live§2i5]. The Oxford Dictionar yasfalevE[lnes O art

AThe theory and devel opment of computer syst
human intelligence, such as visual perception, speech recognition, demglong, and
transl ation between | anguages. 0

The most widely utilized concept behind Al aighms is machine learning (ML3, 7].
Hereby, an Al model is trained on sample data, which is also called training data, in order to
generate artificial data or predictions. The difference betweerbddled Al to traditional
algorithms is that the moddséelf learns the required knowledge from the training ohestead

of being explicitly implemented as programde in order to conduct the tg8k. A core feature

of ML is the generalization that allows the definition of an entity by its characteristics resulting
in the capability of handling variance in sampEganalyzing large quantities of complex data,

Al demonstrated to be capable of solving tasks that were thought to could be done only by
humans[8i 10]. To achieve such capabilities, ML algorithms are often based on statistical
models ending the representation of complex setting$. Today, the most popular ML
algorithm for Als is the deep neunaétwork[8, 9, 11, 12] A deep neural network is inspired

by the human brainn which linked neurons form a large network capable of solving
challenging taskf8, 10]. Dueto deep neural networks being one of the major methods used in
this dissertation, the theory of this ML algorithm is introduced further in detail in Ctagter

AFol |l owing t he t rlevel dendrab AN areseaschera pradiat rthatnAl will
automate many tasks, including translating languages, writing-dedng books and
performingsurgeryg al |  wi t hi n t h(losocyetrali8)).g decadeso

In the lastyears research oAl has seen rapid growth with deegural networkmodels[8, 13,

14]. The progress of the digital era with a largeatity of devices in any household and
industry enabled the collection of massive amounts of [Btaln combiration with the
advancements in computational hardware, Al models can utilize the increasingly available data
for training. This allowed researchers to develop Al models which demonptaterful
prediction capabilities and achieve similar performancer & en surpass humafg 11, 13,

15]. Consequently, Al methods have been used in a wide variety of applications ranging from
autonomousglriving to natural language processif® 16]. One of the most popular fields of

Al application is computer vien in which the objective is to teach a computer the ability of
visual understandin{, 13, 17] The breakthrough whicimakesthis objective possible was
enabled by the convolutional architecture for deep neural network n8dé€ls11, 13, 17]

Due tocomputer vision in medicine being onéthe central topics inhis dissertation, the
research fields introduced further in detail in Chap@B.

AWith the emergence of big data, advanced deaming algorithms and powerful hardware
accelerators, modern computer vision systems have dramatically ev¢katpet al.[14]).
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Popularity of relevant Fields for Medical Image Analysis
Source: PubMed  Date of Measurement: 04.11.2022

Research Field

9500 | === clinical decision support

computer vision

—
== deep neural network

== medical image analysis
—

medical imaging

Number of Publications

Figure 1.1: LiteraturesearcHor publicationdn relevant fieldfor medical image analysisga PubMed.

In the year 1895, Roentgen discovered the characteristicg@fsxto generate nanvasive
visualizations of the insides of a human body and created thereby the first medical imaging
modality [9, 18]. Since then, medical imaging became a standard in diagnosis and medical
intervention for the visual representation of the functionality of organs and §j$6ué8 21].

Even thougltheincreasingavailability of high-resolution imaging anddvancedD imaging
techniques like mgnetic resonance imagingsulted in higher sensitivity and accuracy, these
improvements also increased the workload. Additionally, annotations of medical images are
highly influenced by clinical experiend22, 23] Currently, medical image asssment is a
manual and tedious process. Sfwrten the time&onsuming inspection and evaluation process,
computerassistedinalysis methods for medical images strived by medical expe[4, 25]

~

Al n recent year s t he n wcaompuer visiornf tecimigued to static i on s
medi cal i magery has gr owhsteMaata.[®). hundreds to t

The field of automated medical image analysis shownmmmensegrowth in recent yeargl3,

26, 27] Medical image analysis describes the compassisted procesginand analysis of
medical images in order to generate further insights or support for medical ¢xpeit3, 28]

The field can be categorized according to the task into medical image classification, which
describes the recognition as well as interpretation of an image, and medical image
segmentation, which describes the detection as well as lotaiizaft structures within an
image. Whereas the subfield of medical image classification aims to automatically label a
complete image to a predefined class, the subfield of medical image segmentation aims to
automatically label one or multiple regions oferest within an imaggL0]. In recent studies,
medical imageanalysismodels based odeepneural networks proved powelfprediction
capabilities and achieved similar results as radiologists regarding perforfBas¢cel3, 15]

Due tomedical image analysis being the core tagfichis dissertation, theesearch fields
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introduced further in detail in Chapt2rd. Estevaet al.[9] described the potential of Al in
medical imaging as follows:

AAs medical Al advances into the clinic, it will simultaneously have the powegreatogood
for society, and to potentially exacerbate lesignding inequalities and perpetuate errors in
medicineo

The integration of deepeural networkbased medical image analysiso the clinical routine

is currently a highly popular research tofd¢11, 13, 25, 29]The idea is to use theegowerful

models as clinical decision support to improve diagnosis reliability or automate time
consuming processgb3, 30] Whereas the majority of methods for medical image analysis are
currently only applied in research labs, the concept behind clinical decision support is-the real
world application in clinical workflows. While clinians like radiologists visually assess
medical images to characterize the condition of a patient based on education and experience
resulting in a qualitative assessment, Al models are able to provide a quantitive assessment by
automated detection and argfy of medically relevant conditiorj8]. The benefits of deep

neural network based medical image analysis amhfor physicians are massive through
potential improved diagnostic as well as treatment quality, higher decision reliability by
additional information, increased reproducibility, transparency, and-dffieeency by
automated structured reportifg) 9, 11, 13, 25, 29]The progress of utilizing the capabilities

of Al methods has just begun in the field of medical imaging and signals a new era of digital
medicine.

The ultimate goal of a medical image analysis pipeline is the itii@gras clinical decision
support in a clinical routing.0]. This is why the central topic of this dissertation is tdiGoate

to deep neural network based medical image analysis in order to advance the progress of
utilizing Al models for medical imaging in clinical workflows.
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1.2 Challenges

In this chapter, four major challengese presented that impact the implementatior an
integration of medical image analysis pipelines based on deep neural networks in clinical
workflows. In the following, these challenges are briefly introduced to provide an overview of
the objectives of this dissertation. The challenges are furthersdsgun the corresponding
chapters.

U Knowledge of stateof-the-art Medical Image Analysis

The setup of a modern medical image analysis pipeline utilizing addtdte-art deep neural
network to be capable of accurate as well as reliable prediction ¢apsalsla challenging task

[8]. The design and implementation of such pipelines require extensive knowledgédiahds

of medical imaging and deep learnif3d]. Whereas deep learning experts lack the knowledge

in adequate preprocessing of medical images, clinicians lack the computer science background
in implementing deep neural netwofR4i 33]. Therefore, the interdisciplinary field of modern
medical image analysis demands highly skilled experts experienced in multiplehémddsc

To solve this issue and enable clinical applications, enhanced and comprehensive knowledge
representations for the implementation of medical image analysis pipelines are[B&ed88{

U Lack of Reproducibility

Applications for medical image analysis are widely prevalent in the literature and demonstrated
excellent performancg8, 13, 34 37]. However, clinicians regrted immense issues with the
reusability of these published models making it impossible for practical usage in clinical
research{32, 35, 38, 39] The causes for this lack of reproductlyilcould be identified in
inferior generalizability through overfitting and intentional optimization on a single df4@set

41]. In particular, custom implementations without any standardization are a huge contributor
to the deficiency of reproducibility42, 43] Another critical cause that was identified in
multiple studies is the statistical bias in performance assessment includingpiblkimy,
incorrect metric implementation, and flawed validation proced{B8s44 48]. These serious
issues in reproducibility present a major threat to the value of medical image analysis pipelines
for clinicians and have to be solved to be integrable irthrsahsitive workflows.

U Lack of Standardization in Implementation

| mpl ementations in the I|iterature commonly
optimized for a single datag@?, 35, 39, 43, 45, 49Eventhoughthese pipelines are capable

of achieving strong performances, the implementations were not designed for reusability in
other environments or on other datag@gs 43, 45] Such a pipeline often consists of custom
implemented data loaders and optimized preprocessing as well asciucbgdor a specific
dataset. This issue revealed a significant lack of standardization for pipeline implementations
in the field which drastically hampers reproducibility, generalization, and reusdBityd5,

39]. Furthermore, custom implementations also unnecessarily increase the required knowledge
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for application due to mandatory modifications for utilizing the pipeline on new data. The
current lack of standardization has a critical imacthe research progress in the field through

the constant need of r ei mp-buddngprdcas#d]. Astlhee O wh e
previously introduced challenges are closely linked to or even a direct consequence of the
lacking standardization in the field, this major challenge is the foaus of this dissertation.

U Clinical Application

Regardless of the achieved strong prediction capabilities of modern medical image analysis
model s, r ec eHurdreds offAlitools leage bdem Huik to €atch covid. None of them
helped [50] and studies revealed that clinicians are not able to integrate such pipelines into
clinical workflows[32, 38, 39]representing a major challenge in the field. Through the direct
impact on diagnosis and treatment decisions, the correctness and reliability of clinical
applications are crucial. In addition, the IT infrastructure in hospitals or other medical
institutions is critical for modern healthcd@#, 25, 51, 52jvhich is why novel tools have to

be capable of secure integration into such sensitive infrastructures. As a consequence of the
required interdisciplinary knowledge resulting in complexity for setup, apuicats well as
maintenance, the lack of reproducibility as well as reusability, and the missing standardization
in pipeline implementations, clinicians currently face an insuperable obstacle for utilizing deep
neural network based medical image analysisou as clinical decision support. In order to
make reliable clinical application possible, it is essential to solve the presented challenges.
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1.3 ResearchObjectivesand Contributions

In the previous chapter, four major challengpethe field of deep neural network based medical
image analysisvere identified The Author addressethesechallengesby presentingiour
objectivedn this dissertatiofior which multiple contributions were developed

1.3.10bjective |I: Development of Framewaoks for standardized Pipeline
Building

Themain objectiveof this dissertation is the development of frameworksHfestandardization

of deep neural network based medical imagalysispipelinesfocusing on medical image
segmentation and classificatiasthemost widely applied taskSuch frameworks would allow
rapid and statef-the-art pipeline building without the neddr continuousreimplementation

of common componentés all presented @llenges are linked to the lacking standardization
in the field, solutions for this objective would contribut® an improved knowledge
representation of the fieldjmplify application as well asxperimentatiorby standardization,
and strengthen the regucibility of studies Consequently, achieving this objective would
solve the presented challenges pade the way for reliable clinical applications.

To enable standardized pipeline builditigs dissertation presents the followicgntributions:

0 A comprehensive mefanalysis for defining the statd-the-artin deep neural network
based medical image analypipelines

U The development of mamework forstateof-the-art medical image segmentation utilizing
deep neural networks

U The cevelopment of &ramework forstateof-the-art medical image classification utilizing
deep neural networks

1.3.20bjective Il : Application Studies demonstrating the Capabilities of the
proposed Frameworks

In order tostandardizgoipeline building andeducecusbm implementations, created pipeline
applications have to demonstrate excellent capabilities tmivpetitivein the field. For the
reliableapplicationof pipelines created by the propodeaimeworksin clinical workflows it
is essential to prove adaptability, stafethe-art methods, robustness, and high performance.

To demonstrate the capabilities of the proposed frameworks, this dissertation presents the
following contributions:

Kidney tumor segmentation utilizing tipeoposed segmentation framework
Standardizednedicalimage classification utilizing the proposed classification framework
Multi-disease detection in retinal imaging utilizing the proposed classification framework
COVID-19 infection and severity predictionilizing the proposed classification framework
Analyzing theinformative value of explainableAl utilizing the proposed classification
framework

o C
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1.3.30bjective Il : Research Studies utilizing the proposed Frameworks to
advance the stateof-the-art of Medical Image Analysis

Besides the advantages of applicatiora frameworks standardized pipeline building has the
potential tosubstantiallysupportresearchFrameworks are capableraipidly integratingnovel
methodsfor experimentationor comparison withexisting methodswithout the effortsof
reimplementing a complete staiéthe-art pipeline Thus, standardization of medical image
analysidirectly contributes to progressing the fiddg facilitating further research.

To further advance thetateof-the-art in medical image analysis utilizing the proposed
frameworks this dissertation presents the following contributions:

U Nucleus segmentation based on nameoduced annotatian utilizing the proposed
segmentation framework

U COVID-19 lung irfection segmentation based on limited training data utilizing the
proposed segmentation framework

U Analyzing the performance impact of ensemble learnindizing the proposed
segmentation and classification framework

1.3.40bjective 1IV: Improvement of Reproducibility in Medical Image
Segmentation

Next to thesubstantialimpact of standardizatioby frameworks for pipeline buildingo
reproducibilityin the field medical imagesegmentatiomevealedsignificant statistical biases
in the performance assessmaenithin studies For increasing the reproducibilitihn medical
imagesegmentatioras well as the reusability afiodelsin clinical applications, its essential
to strengthermperformance assessment for robust evaluation.

To improve the reproducibilitypf medical image segmentatiothis dissertation presents the
following contributions:

U The development of metric framework for medical image segmentateoaluation
U A guideline for evaluation metrics discussing pitfalls ad a®inetric behavior
U A novel metric for performance assessment in the presence of control samples

1.3.5Grouping of Contributions into Research Fields

Due to the large number obnducted studieand to provide &etteroverview the contributions

were groupedhccording to the utilized framework amdo the corresponding research fields
Studies in the context of ensemble learning research and reproducibility improvement were
summari zed in the oO0further research fieldsbo

U Medical imagesegmentation
U Medical image classification
U Further research fieldEnsemble learning and reproducibility of performance assessment
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Therespectiveategorizatiomf contributions into research fieldsastlined in the next chapter.
In order toprovide an overview of the objectives and contribmithat are presented in this
dissertation,Figure 1.2 illustratesa summary ofthe conducted studiesategorized tahe
corresponding objectives.
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‘ ’Challenges' ‘ ‘ IChaIIengesl 1
Ve ) Ve

Standardization o
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Figure 1.2: Overview of theobjectives an@ontributions presented in this dissertation.
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1.4 Thesis Outline

This chapteroutlines the structure of theéissertation The overall structureconsists ofan
introduction,abackgroundcchapteras well asa literature reviewfwo core chapterpresenting
theAut hor 6 s dnonedical imbgeegmentat®n as well as classifioat two chapters
presenting theontributions in further research fieldse discussio, andtheconclusiors.

The individual chapters can be summarized as follows:

U Chapter 1: The Introductionchapter describethe motivation, challenges, and objectives
of the dissertationFurthermore, the thesis outline aamthievedoublications are provided

U Chapter 2: The Background chapter summarizes the foundation of this work in a brief
literature review.

U Chapter 3: TheWorkflow in Medical Image Analysis chaptprovides a metanalysis to
define the statef-the-art of deep neural network based medical image analysis pipelines.

i Chapter 4. The Medical Image Segmentation chaptone of thecore pars of this
dissertatio presenting a short introductidmthe current state of the research figlthapter
4.1), the proposed framework MIScnn for standardizeddical image segmentat
(Chapte#t.2), andthree studies utilizing the framewo®neapplicationstudyaboutkidney
tumor segmentatior{Chapter 4.3) and two research studiembout noisentroduced
annotationgChapterd.4) as well as limited traing data(Chapterd.5).

U Chapter 5. The Medical Image Classification chapisrone of the core parisf this
dissertatiorpresenting a short introductitmthe curent state of the research field (Chapter
5.1), the proposed framewokUCMEDI for standardized medical imagtassification
(Chapter5.2), andfour applicationstudies utilizing the frameworlStandardized image
classification acrossnedical disciplinegChapter5.3), the first challenge participation
study about multdisease detection in retinal imag€hapter5.4), the seconahallenge
participation study about COVHR9 infection and severity predictiqhapter5.5), and
the clinical study abouhe informative valuanalysis of explainable Al (Chapt&r6).

U Chapter 6: The Ensemble Learning chaptaglongsto the further research field section
and presents a short introductitm the field includingthe idea, methods, as well as
challengegChapters.1-6.3), and tworesearch studies analyzing the performance impact
of ensemble learninigg medical image segmentation (Chaged as well as classification
(Chapter6.5) utilizing the proposed frameworks.

U Chapter 7: The Reproducibility of Performance Assessment chdgalengs to the further
research field section and presents three studies about increasing reproducibility in medical
image segmentatioby providing a metric frameworkChapter7.1), a giideline for
evaluation metric€Chaptei7.2), and a novel metric fgrerformance assessment in presence
of control samples (Chaptér3).

U Chapter 8: The Discussion chapteliscussesndividually the advancements of medical
image segmentatiofChapter8.1) and classificatiorfChapter8.2) with a focus on general
changes in the field, the proposed fravoek, contributionsof the Author to the field, and
limitations as well as further challengé&oreover, the advancemernisandcontributions
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to further research fields are discusg§€tiapter8.3). In addition thesoftware integration
process from the universitgsearchnto clinical applicationis addressedChapter8.4).
Finally, a future outlookon deep neural network based medical image analygisovided
(Chapter8.5).

Chapter 9: The Conclusions chapter summarizesableievedcontributionsin the context
of the defined objectivas this dissertation.
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1.5 Publications

Fromthis dissertationmultiple parts and results have been already publisheeereviewed
scientific journalsand conferencegSJR listed[53]) or summarized in preprints, which are
currently inthesubmissiorprocessThereforethis dissertation contairselective text passages
from these publication3 he publications are listed and summarizetthimsubchapterin which
the Authords contributionis also highlightedThe contributionby the Authorto all presented
publicationsvaseither as first authgrepresenting thenajority contribution to the work, or as
team leader indicatatirough the role of corresponding autlfarthework. Exceptiorsto this
are the two STOIC studiesas well asthe EKIPRO study, which were created inequal
collaborative teanefforts, and theRFMiD review, whichwasdrafted by thdRIADD challenge
organizersThe chaptersontaining text passages from these publications are also highlighted
in this sectionThe publication®f the Authorarenot cited agairn the associated chapters.

Workflow in Medical Image Analysis

a Title: A comprehensive RevieWhe Basics of Semantic Medical Image Segmentation DsagConvolutional Neural
Networks
Authors: Dominik Miiller, Adrian Pfeiderer, Ifiaki Sot@ey, Frank Kramer
Role: First Author- Project leadliteraturereview, metaanalysis andmanuscript drafting
Journal: Unpublishedcurrentlystill in drafting process)
DOI: /
Chapter: 3

Medical Image Segmentation

a Title: MIScnn: a framework for medical image segmentation with convolutional neural networks and deep learnin
Authors: Dominik Mdiller, Frank Kramer
Role: First Author- Project lead, study design, implementation, data analysis, interpretation, and manuscript drafti
Journal: BMC Medical Imaging Volume21, Article 12, 2021
DOl https://doi.org/10.1186/s1288120-005437
Note: Awarded as Hitor Highlightsfor the yeai2021in the journaBMC Medical Imaging
Chapter: 4.2 and 4.3
a Title: Nucleus Segmentation and Analysis in Breast Cancer with the MIScnn Framework
Authors: Adrian Pfleiderer, Dominik Mdller, Frank Kramer
Role: Corresponding AuthorProject lead, interpretation, and manuscript review
Journal: Submittedas fullarticleto the ISBI 2023 conference.
Available as preprint in arXiv (Cornell University)022.
DOLl: https://doi.org/10.48550/arXiv.2206.08182
Chapter: 4.4
a Title: Robust chest CT image segmentation of CO1ADung infection based on limited data
Authors: Dominik Muller, Ifaki SoteRey, Frank Kramer
Role: First Author- Project lead, study design, implementation, data analysis, interpretation, and manuscript drafti
Journal: Elsevier- Informatics in medicine unlocke&¥/olume 252021.
DOI: https://doi.org/10.1016/j.imu.2021.100681
Chapter: 45
u Title: Assessing the Role of Random Forests in Medical Image Segmentation
Authors: DennisHartmann, Dominik Miiller, Ifiaki SotRey, Frank Kramer
Role: Corresponding AuthorProject lead, study design, interpretation, and manuscript review
Journal: German Medical Data Sciences 2021: Digital Medicine: RecogdizderstantiHeal

Poster at the6" conference of the German Association for Medical Informatics, Biometry and Epidemi
(GMDS). 2021 in Kiel, Germany

DOI: https://doi.org/10.3205/21gmds015

Chaper: Not mentioned
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Medical Image Classification

v} Title:

Authors:

Role:
Journal:

DOI:

Chapter:

v} Title:

Authors:

Role:
Journal:
DOI:

Chapter:

a Title:

Authors:

Role:
Journal:

DOI:

Chapter:

a Title:

Authors:

Role:
Journal:
DOI:

Chapter:

a Title:

Authors:

Role:
Journal:
DOI:

Chapter:

a Title:

Authors:

Role:
Journal:

DOI:

Chapter:

a Title:

Authors:

Role:
Journal:

DOI:

Chapter:

v} Title:

Authors:

Role:
Journal:
DOI:

Chapter:

AUCMEDI: a Framework for Automated Classification of Medical Images

Dominik Mdiller, Simone Mayer, Dennis Hartmann, Inaki S&ey, Frank Kramer

First Author- Project leadimplementatiopandpresenter

German Medical Data Sciences 20B@ture Medicine: More Precise, More Integrative, More Sustainable!
Presentation ahe 67" conference of the German Association for Medical Informatics, Biometry and Epidemi
(GMDS). 202 in Kiel, Germany

Conference Talkhttps://doi.org/10.3205/22gmds051

Repositoy: https://doi.org/10.5281/zenodo.6633540

5.2

Standardized Medical Image Classification across Medical Disciplines

Simone Mayer, Dominik Muller, Frank Kramer

Corresponding AuthorProject leadstudy design, data analysisterpretationmanuscript draftingandreviewing
Available as preprint in arXiv (Cornell University022.

httpsi/doi.org/10.48550/arXiv.2210.11091

5.3

Multi-Disease Detection in Retinal Imaging Based on Ensembling Heterogeneous Deep Learning Models
Dominik Muller, Ifiaki SoteRey, Frankkramer

First Author- Project lead, study design, implementation, data analysis, interpretation, and manuscript drafti
I0S Press German Medical Data Sciences 2021: Digital Medicine: RecogdizgerstantdHeal

Published aull article in theproceedings of the &onference of the German Association for Medical Informat
Biometry and Epidemiology (GMDS). 2021 in Kiel, Germany

https://doi.org/10.3233/shti210537

54

RFMIiD: Retinal Image Analysis for mulliseaseDetection Challenge

Samiksha Pachade, Prasanna Porwal, Manesh Kokare, Girish Deshmukt§ahaskabuddhe, Zhengbo Luo, Fe
Han, Zitang Sun, Li Qihan, S@hiro Kamata, Edward Ho, Edward Wang, Asaanth Sivajohan, Saerom Youn, |
Lane, Jin Chun, Xinliang Wang, Yunchao Gu, Sixu Lu, Yotamk Oh, Hyunjin Park, Hung Yeh, k&Ven Cheng,
Chia'YenLee, Haoyu Wang, Jin Ye, Junjun He, Lixu Gu, Dominik Muller, Inaki Sy, Frank Kramer, Hidehisi
Arai, Yuma Ochi, Takami Okada, Luca Giancardo, Gwé@nlellec, Fabrice Miaudeau

Drafting a subchaptemndreviewing

Submittedto Elsever - Medical Image Analysi2022.

/

Mentioned in 8.2.2 Application Research

COVID-19 Severity Prediction with Transfer Learning based S@idge Classification Networks, Infectibang
Ratio, and MeteData

Dominik Miiller, Silvan Mertes, Niklas Schier, Fabio Hellmann, Miriam Elia

All authors contributed equallp the project Focus on implementation

Submittedto the MICCAI challenge STOIC2022022.

/

5.5

Towards Automated COVHDO Presence and Severity Classification with Ensembles, Transfer Learning anc
Learning

Dominik Mller, Silvan Mertes, Niklas Scbter, Fabio Hellmann, Miriam Elia

All authors contributed equally the project Focus on implementaticend manuscript drafting
Submitted to Medical I nf or mat ExplatingB/alueorp@ata B0 He8lth ani
Il nnovationo (EFMI Ml E -25(M2y32DP23.2@2.t ebor g, Sweden 2
/

55

Klinische Entscheidungshilfen dank erklarbarer Kiinstlicher Intelligenz am Beispiel des Pidatalaoms
(AEKI PRO#)

Ifaki Soto Rey, Johannes Raffler, Ralf Huss, Lukas Rentschler, Dominik Mdller, Rihéyer, Christoph
WengenmayrRobin Manz Samantha Craemelonas Backer

All authors contributed equally to the projed@evelopment lead for Al and XAl

Unpublished.

Accepted as pragsal bythe ethics committee of the Ludwig MaximiliamiJersity of Munich and funding progranm
Al ntramur atuen dF oNascchhwuuncghss f ©r derung der 208di zi ni sc
/

5.6

Classification of Viral Pneumonia-#ay Images with the Aucmedi Framework
Pia Schneider, Dominik Mdller, Frank Kramer

Corresponding AuthorProject lead, interpretation, and manuscript review
Available as preprint in arXiv (Cornell Universityd021.
https://doi.org/10.48550/arXiv.2110.01017

Not mentioned
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Ensemble Learning

v} Title:

Authors:

Role:
Journal:

DOl

Chapter:

v} Title:

Authors:

Role:
Journal:
DOI:

Chapter:

COVID-19 Image Segmentation Based on Deep Learning=aisémble Learning

Philip Meyer, Dominik Miiller, Ifiaki Sot&rey, Frank Kramer

Corresponding AuthorProject lead, study design, data analysis, interpretation, manuscript drfighgeviewing
I0S Press Studies ifHealth Technology and Informatics: Public Health and Informatics

Published ashort communication articlie the proceedings of the 3Medical Informatics in Europe Conferenc
(MIE) organizedby the European Federation for Medical Informatics (EFMI). 20RAthens, Greece, but virtue
hosted due to the corona pandemic.

https://doi.org/10.3233/shti210223

6.4

An Analysis on Ensembleearning optimized Medical Image Classification with Deep Convolutional Ne
Networks

Dominik Muller, Ifaki SoteRey, Frank Kramer

First Author- Project lead, study design, implementation, data analysis, interpretatianaandcript drafting
IEEE AccessVolume 102022

https://doi.org/10.1109/ACCESS.2022.3182399

6.1, 62,and 65

Reproducibility of Performance Assessment

v} Title:

Authors:

Role:
Journal:

DOL:

Chapter:

v} Title:

Authors:

Role:
Journal:
DOI:

Chapter:

a Title:

Authors:

Role:
Journal:

DOI:

Chapter:

MISeval: A Metric Library for Medical Image Segmentation Evaluation

Dominik Miller, Dennis Hartmann, Philip Meydtlorian Auer, Ifiaki Sotdrey, Frank Kramer

First Author- Project lead, study design, implementation, data analysis, interpretation, and manuscript drafti
10S Press Studies in Health Technology and Informatics: Challeng@sustable Al and Added/alue on Health
Published as full article in the proceedings of th& BRedical Informatics in Europe Conference (MIE) organiz
by the European Federation for Medical Informatics (EFMI). 2022 in Nice, France.
https://doi.org/10.3233/shti220391

7.1

Towards a guideline for evaluation metrics in medical image segmentation

Dominik Muller, IfakiSotoRey, Frank Kramer

First Author- Project lead, study design, implementation, data analysis, interpretation, and manuscript drafti
BMC Research Note®/olume 15, Article 210, 2022.

https://doi.org/10.1186/s131@2206096y

3.5 and7.2

MISm: A medical image segmentation metric for evaluation of weak labeled data

Dennis Hartmann, Verena Schmid, Philip Meyer, Ifiaki S&¢y, Dominik Mller, Frank Kramer
Corresponding AuthorProject lead, study design, data analysis, interpretation, manuscript diafithgeviewing
German Medical Data Sciences 20B8ture Medicine: More Precise, More Integrative, More Sustainable!
Poster at the @7conference of the German Association for Medical Informatics, Biometry and Epidemi
(GMDS). 2022 in Kiel, Germany

Submitted as fularticleto MDPI - Imaging- Special Issu@Current Methods in Medical Image Segmentaiion
Available as preprint in arXiv (Cornell University)022.

Conferencehttps://doi.org/10.325/22gmds031

Preprint:https://doi.org/10.48550/arXiv.2210.13642
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Background

In thischapter, the Author provides an overview ofithportant fundamentals that are relevant
for this thesisThe development of frameworks for medical image analysis with deep neural
networks is ahighly interdisciplinarytopic thatcombines thdroadfields of medical imaging
andcomputer visionThis review focusesn methodsconceptsand domainghatareessential

for understanthg andcontextualimg thedescribecthallenges as well as proposed solutions

this work

The overviewconsists ofan introduction to medical imagingcludingimaging modalities as

well asdigital imaging dataartificial neural networkscludingthetheory, supervised learning,

deep leaming, as well as convolutional neural netwgrkemputer vision including image
classification, segmentation, as well as hardware requirements, and medical image analysis
includingmajor research fields as well as clinical decision support.
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2.1 Medical Imaging

Medical imagings defined aprocedurs and technique®r generatingrzisual representations
of the body as well asf biological functiong18, 19, 28] These visual representations are
referred toas medical images.Tecmiques for nedical maging are utilized by health
professiona from a large number dlifferent medical field$or assessinghformation about
the human body18, 19] This information provides essentialinsights for supportingthe
diagnosisand treatment of diseasd40, 18, 19, 28]Isaac Bankmarirom Johns Hopkins
Universitydescribe medical imaging in his work as folloy&83]:

AThe discoveries of seminal physical phenomena suchragsXultrasound, radioactivity, and
magnetic resonare, and the development of imaging instruments that harness them have
provided some ofthemastf f ect i ve diagnostic tools in med

Medical imagingis presentin all phases of patient treatmerstarting frompossibleprior
documented conditionBy the patientto diagnosis as well as treatment by a physician and
ending with possible documentatiofiO, 18, 19] There are various purposes for medical
imaging applicationFromproviding insights intanternal structures hidden by skin and bones,
visual representation dhe functionality of organs or tissues, visualization ofedise and
progressiopandmagnifyingbody features for detailed analysis ugltwumentatioras well as
archiving medical conditionflO, 18, 19, 21, 28, 54JTherefore, medical imagingasfour
objects for supporting medical decisioraking:

U Gain informaton for the diagnosis, clinical analysis, and medical intervention for disease
treatment.

U Enable monitoring and visualization of disease progression.

U Allow collecting samples of abnormal conditions for research and education
Enable detailed documentatiohvisualfeatures as well gsrior conditions

Whereas a large number of medical fields utilize medical imaging procedurksgestfield

of processing medical images is radioldd9, 19, 21, 28]Since thediscovery of Xrays in
1895 which marks the start of medical imagingyltiple distinctive techniques for medical
image generation have been develod€d 18] Theseechniques can be categorized according
to the following features: Representm of internal or externatructures, imaging of the full
body or a specific organ, invasive or nemvasive proceduretwo- or threedimensional
imaging, and the requirement of prior body modificatibroughe.g.contrast or radioactive
agents.

2.1.1Imaging Modalities

Theindividual types of techniquder medical imagingre called medical imaging modalities.
This subchapter provides a brief overvieithemajorimaging modalities in medicine. Further
details on the fundamentals of medical imaging can be found in the w&au@ueteng21]

or in the work byRoger Bourne[19]. The figures demonstrating the imaging modalities
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originate fom multiple datasets which were utilized in this thesis and the devices fromicense
free image databasfsbi 63].

Radiography

The field of radiography is defined as utilizingrXys, gamma ray,or similar ionizing radiation

for viewing the internal form ofn object. The Xay imaging technique was discovered first
by Wilhelm Conrad Réntgen in the year 188bich also dates the start of medical imaging
field [10, 18] By measuring the absorption rate of sendingzimg radiation through an object,

it is possible to visualizes well ascompute thedensity of the object and its structural
composition[10, 21, 54] Whereas the simple-Ky projection of an object returningtao-
dimensionalrepresentation is a standard procedure in medical diagn@sticcommonly
referredtoas6 X ay 6, the further advanced )tinevbithni que
multiple X-ray projections from different angles are combined intthr@edimensional
representation of the object by computer algoritifit@s 21, 54] However, repeated exposure
to ionizing radiation can lead to DNA damage resulting in cafit@y 21] Nevertheless,
radiography methods lik&-ray andCT are widely used for imaging today due to the low costs
and highresolution[10, 21].

X-Ray Computed Tomography CT Scanner
LN

Figure 2.1: Example visualizations of radiography based imaging modalities and corresponding devi

Magnetic Resonance Imaging

The technique of magnetic resonance ima@Wwgl) utilizes powerful magnets to polarize and
align hydrogenprotons with the magnetic fie[dO, 21, 54] Through a radiofrequency current
pulse, tle protons are stimulated and spin out of their equilibfildh Afterward, the protons
realign back to the magnetic fieldading to the protons producing detectable sigfid§
Theseproton signals can be used to distinguish between ditf@gemical environments of
their molecules, which can be used to determine the specific human tissue and envitdhment
21, 54] Additionally, the frequency of thmagneticdipole changewhich is also called MRI
sequence, allows also highlightired different chemical environmen{d0, 21] The most
popular sequences for MRI scans are T1 andID? 21, 54] Through computeassisted
processing, the signals are utilized to genetateedimensionalvisualizations[10, 21, 54]
Magnetic resonance imaging isiarrinvasive and painless proage thatcan producdigh
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resolutionimaging of organs, tissugand disease staf?1]. However, MRI scans require that
the patient is capable of layirgiill for a couple of minutes which is ineffective for quick
imaging assessment for patients suffering from high pain like in an emergency department
[21].

Magnetic Resonance Imaging MRI Scanner

)

\\‘.\ y
=S

Figure 2.2: Example visualization ahagnetic resonance imagiagdan MRI scanner

Nuclear Medicine

The strategyof nuclear medicine is to utilize isotopes and energetic particles emitted from
radioactive material to diagnose abtaininsight irto patholajies[10, 21, 64] By injecting
radioactive material aa contrast agent in a patient, the detectable isotopes can be used in
metabolism and its activity observétld, 21, 64] The three major techniques in nuclear
medicine are scintigraphy, SPECT, and PET. Scintigraphy describes the general ahethod
generating images by measuring radioactive substances in a body through cameras sensitive to
gamma ray$10]. The remainig two methodsiagle-photon emission computed tomography
(short SPECYand positron emission tomography (short PEE based on scintigrapf0].
Whereas SPECT measargamma rays for visualization, the PET technique is based on
measuring positrons which are emitteddahort time from an injected radiotracer and allows
visualization offunctional activityas well asprocesse$10, 64] Besides the static imaging
approacheso visualizean object in momentum, functional imaging approaches allow object
visualization transitioningpetweendifferent statesCommonly,PET scans areombined with

MRI or CT imaging[54].
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Ultrasound

The techniquein ultrasound imaging is to utilize
high-frequency broadband sound waves (ime
megahertz range) which are reflected by the tisst & —— ——
[10, 19, 21] The different tissue reflectigrcan be : | -
then used togeneratereattime two-dimensional
visualization Because ultrasound imaging is in real §
time, withoutadverseeffects, inexpensive, quicks
well assimple to perform, it is widely spreatidused
[21]. Commonly known for pregnancy examinations
ultrasound can also be used for abdominal @ga
heart, breast, nagle, tendons, arteriegnd vein
imaging[21]. However,images based on ultrasound

Ultrasound Imaging

\ . ) ) Figure 2.3: Example visualization of
lack noticealy image resolutionand penetration ultrasoundmaging.

strength which is why it is not effective for detailea
visualization[10, 19, 21]

Visible Light Imaging

Theutilization ofcamera®ased on the optics of photography is defined as visible light imaging
in medicine[10, 19] The causes of using visible light imaging alieerse ranging from
invasive insights into the body and magnification to documentation as wasithising[10,

19, 65] Furthermore, the visible light camera can also be represented through a large variety of
devices ranging from regular digital cameras to microscdfdsDue to visible light imaging
having a wide landscape of applications in medical imaging, image quality and resolution also
heavily varies depending on the procedure and devic§l@gd9] Common applications are
endoscopyor internal as well as invasive visualization of organgroscopyfor magnifying
biological samplesoptical coherence tomograpf@CT) for visualization of internal dermal
layers through light wavesophthalmoscopy for detailed visualization of the retina, and
dermatology for documentation as well as detailed visualization through regular photography
[10, 19, 65]

Ophthalmoscopy Microscopy Dermatology Endoscopy

Figure 2.4: Example visualization of four modalities based on visible light imaging.
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2.1.2Digital Imaging Data

In contrastto analogous medical imaging in the last centilmpugh visualization on film
negativesgenerated through chemical processes, an image is stored in a digital data array,
nowaday419]. RogerBournedefines a digital image in his work as folloyi9]:

fi € daital image is an encoding of an image amdeadb electronic storage, manipulation
and transmissioré  No matter how a digital image is stored or handled inside a computer it
is displayed as a rectangular array (or matrix) of independent pixels.

Theimage isdefinedthrough adigital dataarraywhich is represented in a twbmensional
(2D) or threedimensional(3D) matrix [10, 19] Therefore agraysde image matrix can be
defined as follow$10]:

0D 18 Y 8 R ©° mBhvep (2.1)

Here,thevariables N and N representhe number of rows and colummespectively, as well
asalsodetermine the image spatial resoluti@®, 19] Each element of the image mati#x
assigned &aluein the provided value rang#0]. The elementand the value rangd an image
matrix are called pixslshortf or m o f 0 p i andpinetirgensity ranges, respéclively
[10, 19] The pixelshold and encode the image information throtiggdistributedintensity
values In medical imaging, the pixel intensities atetamined by themaging modality. For
example, the pixel intensities of an image from an MRI scan represent the measured MR signal
intensitieg[10]. Whereas thenaximumamount of information which is stored in an image
defined by thesumberof pixels as well as th&ize of the intensity range, the actual information
content is variablgl0]. Furthermore, to iderfti information content it isommonlynecessary
to analyzenot onlyindividual pixelsbut also complete regionséluding neighboring pixels
[10]. In medical imagingdligital images can also be representegDmatrices which are caid
volumeg[10, 19] A volume matrix $ definedequivalentlyto the image matrias follows[10]:

~

"D 8 R T8 hj 8 ) © (2.2)

Here, the matrix is extended through the additionabis and thentensity value range is
represented throughteges [10, 19]. N; is often referred to as the number of slices in medical
imaging[10]. In a volumean element is calledvoxel (shortform of &rolume elemerd instead

of apixel [10, 19] However, the terms image and volume as well as the terms pixel and voxel
areusedequivalently in this thesis. More details on medical image analysis relevant differences
betweer2D and3D matrices can be found in Chapgt.2
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Figure 2.5: Representation of a digital image by an image and volume matrix.

Furtherimportantfeatures of digital imagingrethe resolution, dots per inch (DPI), and bit
depth[10, 19] Theimage resolution islefinedby the number of pixeland determines the
spatial distinctiveness of an object in an imffY. Whereas a higanoughimage resolution
allowsaclear separation between objects as wedl fise visualizatiorof object features, a low
image resolutiorcan leado not distinctively detectable objeatsth blurry featureg19]. The
associated metavariable for recommended visualization of the image matrix is defihed by
optional DPI whichadvocats the number of pixels per inch for printing or visualization on a
monitor[19]. Next to heimage resolution aa measurement fapatialimage quality, the bit
depth which defines the size of the intensity value rarigealso a measurement for image
quality[19]. A high enough bit depth is requiremlmeasure the differenbetweerobjects with
closeintensity valueswvhich is why a smalbit depth can lead tmdistincive and blurred
regionsin which objects as well abebackground havsimilarintensity value$19].

More about image representation as well as file fornmataedical imaging is described in
Chapter3.1
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2.2 Artificial Neural Networks

Neural néworks arethe most popular artificial intelligence or machine learning algorgfon
solving complex problemsike natural language processingcomputer visiorf10, 16, 30]
This chapter describes the basic functionality, structamel conceptsof a neural network
model. The aim is to gain a rough understanding of neural networks in otolelit¢o assess
their importancen medical image analysis.

2.2.1Theory

Artificial neural networks were originally inspired by biologically selarning systems such

as the strongly networked nerve cells in the human pt@in.3, 66] A neuron forms the basic

unit of the network, which produces a single output signal, also called activation, from several
incoming signals. An artificial neurda defined by four propertigd 0, 13, 16, 30, 67, 68]

U The weightingW of the individual inputs of the neuron deibesthe extent of the influence
of the respective inputs.

U The transfer functiom*x (alsoexpressed &g) bundles and weights the inpubf the neuron
in layerL and transfers it to the activation function as a network input.

U The activation functionl calculates the activation using the network input and a threshold
value.

U The threshold valuk (also called bias value) controlsthensitivity of the neuron and thus
its action potential.

Transfer Activation
Function Function

Inputs Weights

[ b | Threshold
x. —> Wy "
n
\_ /

Figure 2.6: Structure of an artificial neuron.

Figure2.6 shows howthe previously discussed internal components of a neuron are arranged.
The neuron can accept any number of ingatswhich each is multiplied by a weight. The
transfer function then creates a network input from the individual results. The activation
function, which differs depending on the architecture, now calculates tikat@n (output).

The activation of a neuron can now be summarized as follows:
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~
5

w ,0 0 (2.3

A neuron can be sensitized to certain inputs by adjusting the weights or the threshold value. If
many neurons are linked to form a network, a behavior pattern for complex problems can be
achieved10, 16, 67, 68]In the followingsulchaptersit is discussed how neural networks are
able to learn anchore complex network topologiese introducedike deep neural networks

as well axonvolutional neural networks.

2.2.2Supervised Learning

The concept ofearning is defined as a process of obtaining a routine for a neural network that
solves a problerf68, 69] Patterns and features are worked owxamples and later applied

to unknown data. The aim is to use a learning algorithm to find a mapping that changes the
network in such a way th#éte input is followed by the correct output. These changes in the
network can theoretically affect the ents&ucture, such as adding, deleting or changing
connections and neurofif0, 16, 68, 69]In practice, however, mostly only the weighting of
the neuroninputs and slight modification of the activation and output functions are changed
during learning69, 70] Supervisedearningutilizes annotatettaining data with the associated
desired outputs of the network. These training datpassednto theneural network modeb
belearned after whichhie resulting outputrom the modeis compared with the desired output.
This is doneutilization anerror function which is called the loss function andlculates the
quality of the outpufl0, 16, 68, 69]An example of an error function is the quadratic eE.or

o) o O (2.4)

In this formulayy is defined as thpredictedoutput,t theactualoutput,n the number of sampde
in thedataset,andE thecorrespondingneasure of the err@88]. Based on therrorestimation
necessary changésat have to be made to the network camléxéved in order to generate the
desired outpuftL0, 16, 68, 69]Commonly,the method of backpropagation is u§@d 16, 68,
69]. This is done by propagating backward through the netwark adjusting e neuron
weightsaccordingto the size of the influence on the erf@0, 68] The algorithm tries to
optimizethecalculated error of the neurtmaglobal minimun [10, 68} However,as common
in gradient based techniqueke algorithm may approximate local minimum[10, 68, 69]
The update of a neuron weight can be represented in the ifedidarmula[68]:

(2.5)

Here,w is the respective weight,a constant learning rateatdetermineghe impact strength
of thelearning process on the network, @dorrespondso the current errof68]. Through
repeated traininghe modelgradually get closer to the desired ressli0, 16, 68, 69]
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2.2.3Deep Learning

A neuralnetwork usually consists of many neurons that are connected emotieerand the
success of training is determined iigyw the neurons are linked to each offeé&]. The layer
concept, which arrangethe individual neurons in layerss typical for neural netwdt
architecture representation, nowadg@, 67, 69, 71, 72]in addition to the input and output
layers, there are hidden lay@nswhichthe outputs bneuronsareoften not directly visible or
interpretabld10, 69] Neural netwek architecturesvith multiple hidden layerareconsidered
a deep neural network, which is also calledeep learning mod@]30, 67, 69, 71, 72]

e ™
Input Layer Hidden Layer \ Output Layer |
D
U -
)
N
Fully Connected Short-Cut Recurrent Connected
N J

Figure 2.7: Overview of differenheural networkopologies.

A fundamental deep neural network is the milalfier perceptron. As input, the muldiyer
perceptron receives two sets of parameters & M , in which B is aset of threshold values
andW is a set of weights of the individual neurdt®, 13, 69] Layers in between the input
and output ar e Galagesgo, 13¢3D, 67, 8]. Teesetwdrk cad ok alefined
as follows[13]:

~

VI ,0,0 8BoLd O O &) (2.6)

In a feedforward architecture,aeh output of a layer is ongponnected to the inputs of the next
layer[30, 69, 7(Q. An extension of this would be the fully connected topology, which links all
neurons of one layer with all inputs of the next |aj€), 69, 70] Short cuts are connections
skipping at leasbne layerin front of them[30, 69, 70] The feedbacKayers which are also
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called recurrent connectiong)]low neurons to connect to previous layers as wellta
themselve$30, 69, 70] In Figure2.7, theindividual topology types are highlighted asimple

multi-layer perceptrom whicha feedforward concept was assumied simplification

2.2.4Convolutional Neural Networks

Convolutionalnetworks are a special typeddep neural networRhedifference to the muki
layer perceptron is the arrangement of the individual neuncexddition to the divided weights
as well as local connectivifi30, 69, 70] These are not aligned edeanensionally but usually
in two to three dimensions within a layer, which is thus referred te@aswlutionalayer [30,
69, 70] Thisstructure isdealfor problems of image processing as an image is oferesented
by a3D shapeconsistingof pixels withone ormultiple channelgheight width, andchanne)

v
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Figure 2.8: lllustration ofthe convolutional transfer function.

Frameworks in Medical Image Analysis with Deep Neural Network®ominik Miller



[N.k CHAPTERZ2 - BACKGROUND Page26

[30, 67, 69, 70] In a convolutional layer, iter, which is a stack of multiple kernels,placed
over the input matrixn a sliding window strategf80, 69, 70] The filteris a two or three
dimensional matrix (alsgalleda convolution matrix), which dimension is smaller than the
input andcontains the weights of the neurf@®, 69, 70] The network input is generated by
commonlymultiplication through the filter and the area of the input matrix th@igeredby

it [69, 70] Through this technique gnrons that arlcated next to each othexact to a similar
image sectionFinally, the activation functions used to calculate the activationtput based
on the etwork inputas previously definedn convolutionalnetworks, the rectified linear unit
(ReLV) is usuallyutilized as activation functiof80, 67, 69, 7Q]

Qo G 0 (2.7)

The RelU function passes ty positive values and maps all negative values to [ 073]

In contrast to theother commonly utilized activation functions likeigmoid [69, 73] the
utilization of the ReLU functiorreduces theprocessing effort anénables more&omplex
architecture$69, 73] The output of the Rdll section also forms the activation of the neuron,
which is usually also called a feature nj@®, 70] Figure2.8 demonstratethe operations of a
convolutional transfer functiorFor each movement of the filter kernel, the results of each
dimension are added up and the sum of the individual results of the dimensions is formed again.
The resulting values form the network mafiox the activation function

/ Max
" Pooling

9 10 1" 12 14 16

13 14 15 16

Figure 2.9: lllustration ofa maximum pooling operation on a twldmensional inpumatrix.

Between the individuatonwlutional layers pooling layersare commonly utilizedL3, 30, 69,
70]. Pooling layergeducethe information to stabilize the networkl3, 30, 69, 7Q]Due to
convoltional layersbeingcomputationally and datatensive, more complex tasks would not
be possible in practice withodbwnsampling througpooling.As a pooling functionmaxor
averageoperatiors are commonly utilizedfor which the maximum pooling is illustrated
Figure2.9 [13, 30, 69] Similar toconvolutional layers,maximum pooling consides partial
section of the output matrix of the previous layer and only the largest inputffeprocessed
area igeturned
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Input Convolution + ReLU Pooling Convolution + ReLU Pooling

Figure 2.10: Architecture of a convolutional neural network.

Convolutional newal networks, which are also called ChlNwre deep neural netwoiksd their
architectureconsists of one or multiple layers of convoluabas well agpooling operations
[13, 30, 69] There are variousrchitecture designs for convolutional neural netwavkgh
are highly taskspecific and utilizéurther complex strategi¢l3, 30, 69] For example,n order

to solve a classification problenmostly multi-layer perceptrons with a fully connected
topologyare utilized at the end ohé¢ network in whicithe number of neurons for the last
perceptron layecorrespond$o the number of class¢30, 67] Nevertheless, convolutional
neural networks are the most effective and widely used architecturesniguter visiorj13,
27, 30, 34, 67, 74, 75]

Throughout thighesis the terns cconvolutional neuralnetwoédk 6 deep n e uroale erpet
convolutional neur al net wor k 6, and 6neur al n
model based onmoden convolutional neural network architecture.
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2.3 Computer Vision

In the lastyears computer visior(CV) has seen rapid growth in popularigpplication,and
researchCV is an interdisciplinary fieldhatdeals with how to automatically process, analyze
and understand image3he general aim behind computer vision is to build artificial
intelligence systeswhich are able to automate visual tasks with a performance siondar
better than humanGoodfellowet al.[69] described CV in thework as follows:

AComputer Vi si on emncempassing a wige vadrietyooh waysfoi peotedsing
i mages, and an amazing diversity of applicat

Use cases @@V tasks are widespread starting from robot navigation to clinical decision support
for medical imaging[17]. Also, the application tasks of computer vision range from
reproducing humanisual abilitieslike object recognitiorito new forms of visuaprocessig

like sound wave diagram analy§®]. Since the breakthrough of convolutional neural network
architectures, neural networks became one of the most accurate and popular machine learning
algorthms for automated image analydk3, 26, 27] Prevalent subfields ofCV are
classification, registration, object detectiand segmentation this thesis, the focus et on

image classification and segmentation whictvig these two subfields are further introduced

in the following sulchaptersFigure 2.11 illustrates the two differendubfieldsof computer

vision on dermatoscopy imagdwy thelnternational Skin Imaging Collaboration (ISI{58].

Computer Vision

Image Classification Image Segmentation

%9 S

s
(s

L & A -77 wf m g
s A "

Bt k. A
y ¢ 2
o 3 L

i, TRl

Melanoma Actinic keratosis Segmentation: Skin Lesion

Figure 2.11: lllustration ofimage classification and segmentation in computer vision.

2.3.1Image Classification

In the subfield ofiage classification, coplete images are classifiedapredefined categories

or classes according to their visual cont&éhe key characteristic of image classification is that

the assertions are made @mtire images instead of only parts or pixels within an image. This

is why the field focuses orgeneralimage understanding anahtérpretation task$17].
Therefore, image classification methods present a solution for tasks about detecting the content
of an image. Image classification is a major and one of the most groundigreakfields in

deep learning based CV with a large number of applications and an active research community
[17, 76, 77] Modern image classification models consist of an architecture combined with
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0classification heado alr8i80].hvhereasttlie acliitecturais u s e
often referred to as Obackboned of the model
an image, the classification head is responsible for the classification task based on the identified
features provided by thieackbon€g78]. More information orthe classification head can be

found in the last subchapter. Popular image classification architectures can also be utilized as
backbone for other CV tasks like segmentation. The classification task can be categtwized in

three types. In a typical scem@ran image is annotated with a single class resulting in a binary

or multi-class classification task depending on the number of predefined classes. A special task

is multi-label classification in which a single image is annotated with multiple classes.

Scope ofArchitectures

Since the publication of AlexNet in 20§21], which revealed surprisingly accurate results with

a wnvolutionalneuralnetwork the research community has been focused on developing novel
deep learning architectures based on CNB®. The subfield of imge classification in
computer vision yielded a large variety of deep convolutional neural networks without a clear
single best architecture. Instead, multiple strategies represented through architectures were
simultaneouslyeveloped and further improveliven today, the community is not centralized

on a single architecture but rather each researcher selects individually their favorite from the
current list of topperforming architectures based on the ImageNet daf@éet83] The
following paragraph gives a brief overview of architectuhegwere developed in the last 10

yeas.

Simonyan et al[84] further advanced the AlexNet architecture by increasing its depth as well
as improvng filter configurations[82, 85] The resulting architecture was proposed by the
authors in 2014 as visual geometry gro{yiGG) [84]. The GoogLelt or also called
InceptionV1 was developed I8zegedyet al.[86] in 2014andintroduced the inception module
(hetwork in networB. The inception module allowed an improved acquisition of the image
content as well as also continuettreasingthe depth of the moddB2]. Since then, the
inceptionbased architectueas been continuously updated and further versions released like
InceptionV3 [87]. In the process of continuously increagithe depth of architectures,
researchers observed significant vanishing of gradients by normalized initializations resulting
in decreasing performance. To solve this issudegfradationHe et al.[80] proposed deep
residual learning in 2@Lin which residual learning blocks consisting of shortcut connections
for identity mapping allow model depths of more the®00 layerd82]. The authors named
their novel architecture utilizing residual learning blocks Res]86]. For the ResNet
architet¢ure, multiple updated versions were proposed like the ResNetV2 also by H82} al.

or the ResNeXt by Xie et di88] which introduces cardinality into the ResNet (the size of the
set of transformations). After the success of ResNet, the Inception architectbzedsdyet

al. also included residual blocks resulting in the InceptionRg8Ngin 2016. Bren sg strong
improvements to avoid degradatibadbeen made, large as well as depth architectures still
suffered performance due to Regardingthat, Huanget al. [90] proposed the DenseNet in
2017 which introduced dense blocks allowthg reusingof features of previous layers and
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Parameter Comparison of Image Classification Architectures
Based on AUCMEDI (Tensorflow)
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Figure 2.12: Imageclassificationarchitectureoverview(selection)and comparison by number of paramete

improving feature propagation resulting in a significant reduction of gradient vani2ng

85]. This allowed the DenseNet not only to outperform Redidsed architectures but also
needed notapl less parameter$82, 85] In contrast to achieving the highest possible
performance withdeal computing resourcesjowardet al.[91] developed an architecture for
mobile and embedded computer vision application2017 The MobileNet[91] and its
success@ [92, 93] utilize depthwise separable convolutions to build the light weighted
architectureq91]. In 2019, Tan et al[79] further studied increasing the depth, width, and
resolution of CNNs with a fixed resource buddéte authors proposed thesalled compound
coefficient which allowed scaling architectures resulting in top performance with less number
of parameters thapther architecturelg9]. Tan et al[79] released their series of architectures
as EfficientNetUntil then, architectures based on CNNs were unchallenged in computer vision.
However, in late 2020, Dosovitskiy et al. [94] published the vision transformer (VT
architecture which usgsure transformerapplied directlyon image patchesThis approach
revealedunsurpasseperformance results and a new era of architectures for CV next te CNN
based architecturg94]. Still, the current best architecture design is highly contesteal a

al. [95] demonstrated ith the ConvNeXtarchitecture in 2022 that CNbiased architectures

are still able to surpass ViFurther architectures which are presente#ligure2.12 but not
introduced are NASNet byophet al.[96], Xception byCholletet al.[97], and Vanilla which

is a minimalistic architectudey the AUCMEDIframework[98] for testing

Imaging data is commonly represented in 2D which is why the majority of architectures in CV
focus on 2D input data. However, architectures specifically degitpr 3D imaging data like

in medical imaging are limitef99]. Thus,variantsof popular2D deep convolutional neural
network architectuewere developed to handle the 3D input data. Especially bfise
frameworks for neural network building introduced corresponding 3D $afgereach type of
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2D layer (like a 3D convolutional layer with identical usage as the 2D convolutional layer),
architecturecould be easily transformed to bppliableto 3D data,as well[71, 72] These
architectures demonstrated higher performance than their 2D counterparts due to the increased
information availake from theadditional zaxis[36, 99 101].

Classification Head

As previously introduced, an image classification model consists of a backbone and a
classification head. The backbone outpugdifees encoded in a muttimensional matrix78].

The task of the classification head is to predict the correct classification based on the identified
feature matrix from the backbone architect{#&]. In conclusionthe classification head is a
neural network part that takes a feature matrix and outputs class prolsabilitie

Input Image Backbone (Architecture) Classification Head

0
LI
SR
LR,
KIS

salligeqold sseln

Figure 2.13: Setupof an image classification model including backbone and classification head struct

The designs of classification heads in computer vision are diverse but commonly defined as a
simple fully connected network. The required properties of a classification head are a dimension
reduction operation to reduce the mulitmensional feature nyax into a single dimension, and

a final fully connected hidden layer (dense layer) consisting of the same number of neurons as
classes combined with a O0sof t[ffa AROdimensiond si gm
reduction operation, global average pooling or flattening layers are dtilizeese two
operations represent the minimal as well as the most widely used classification head for image
classification. More advanced designs add dense and dropout layers between the dimension
reduction and final classification layer. Through the d&sgion head, it is also possible to
integrate metadata apart from the image into the classification modile literature, the
classification head is often not described in detail but is still an important part of an image
classification model. Anlistration of a classification model setugsigown inFigure2.13in
whichthe input CT image originates from Ma et[aD2].

2.3.2lmage Segmentation

Another popular subfield of image processing within the computer vision field is image
segmentation. Image segmentation is the process of automated partiibamgmage into
multiple segments (clusters of pixels) based on shared features and clshicciaa].
Thereby, each pixel in an image is classified to a label by which the same classified pixels
assemble into aegment. In total, the aim of image segmentation is to simplify an image into a
more expressive or convenient representation. There are two types of image segmentation:
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Instance segmentation and semantic segmentdtigri03] Instance segmentation is defined
similarly to object detection. Whereas object detection only outputs an approximated bounding
box around an objecthstance segmentation identifies the exact borders and edges of an object
instancg17]. This is possible by performing a decision for each pixel to assign it as part of the
object instance or not. Identical to object detection, an image can contain nubijgdts of

the same class for example the segmentation of eyes in a face image. By comparison, semantic
segmentation only assigns each pixel to a class without the need for objectifit@lidrhus,
semantic segmentation does not need to differentideeba instances of a class. In contrast

to image classification, image segmentation focuses on understanding the entities within an
image by training models to differentiate between objects or class types withpagie
accuracy.

Scope ofArchitectures

The range of deep convolutional neural network architectures for image segmedmtation
focuses on fully connected networkis3]. In the beginning, deep learning approaches for
segmentation utilized popular classification architectures like Alex8i8t VGG [84], or
ResNe{80] asabasg17]. The idea was to utilize these architecturestackbone and change
only the classification head, which consist at leastwo fully connected layers at the eofi
classification architectures. Instead of the classification heagsampling layers were
introduced to map the convolutional feature maps back to the original input shape of the image
[17, 103 105]. This frontend CNN architecturalso callecanencoder, combined with a back
end upsampling approach tthe original input shape, also calleddecoder, results in the
encoderdecoder architectuif@7, 103 105]. The general idea of this structure is to identify and
extract image features by encoding thege smaller lowresolution feature mag47, 103,

Parameter Comparison of Image Segmentation Architectures
Based on MIScnn (Tensorflow)

2D 3D
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Figure 2.14: Image segmentation architecture overview (selection) and comparison by number of para
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104]. Afterward, these lowesolution discriminative feature maps from the encoder are mapped
back to highrelution to perform a classification for each pixg¥, 103, 104] The encoder
decoder structure is the basis ahy stateof-the-art architecture for semantic image
segmentation, todajl7, 103, 104] The startingfully connected networlarchitectures were
purely based on the common classification architectures combined with deconvolutional layers
for up-sampling[17, 103, 104] However, novel architectures based on the enedelesder
structure like SegNet (2016y Badrinarayanan et dlLl06] and DeeplLab (201&)y Chen et al.

[107] were quickly developed. Whereas SegNetoaticed a symmetric structure for etoe

end pixel segmentation utilizing improved pooling operations fesarppling[106], DeepLab
focused on not only improving the fuzzy and insensitivasaimpling operation in the decoder,

but also on the pixel relationship and spatial consistgr@s]. At the same time, Ronneberger

et al. [108] published the kNet architecture (2015), which is still the stowidely used
architecture in biomedical image segmentation and present in the majority of deep
convolutional neural network pipeliagl3, 103, 109]

U-Net Architecture

With more than 50,000 citations so far, Ronneberger §t@8] presented the original-Met
architecture at the 2015 MICCAI conference. The architecture demonstrated excellent
performance on various imageegmentation datasets and challend®3, 108, 109]
Furthermore, it showed that it is capable of image segmentation tasks in which only a low
number of training images is availabded strong class imbalance is comnjaa0]. An
illustration of the UNet structure is showm Figure2.15 in which the CT images originate
from Ma et al]102].

;- -

Input: Image L |:| 256x256 x 60 |:| |:| Output: Mask

Y
( ) 128x128 x 120
D Convolution —
(ReLU) Standard
Pooling
|:||:| 84x64 x 240

Connection

I:I Upsampling
L DJ Skip
Softmax Encoder 39x32 x 320 Decoder Connection
Figure 2.15: lllustration of the UNet achitecture
TheUNet is built as a symmet rsanplingdndwsantpling ct ur e

levels, representing the encodalcoder structure. In the original implementaf®s], the U

Net is based on four levels, alustrated inFigure 2.15. Eachencoder block contains tw
convolutional layers with 3x3 ReLu activations and a max pooling layer with a 2x2 kernel size
for downsampling. The decoder blocks contain a singleamvolutional layer with a 2x2
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kernel size for uampling and also two convolutional layers with 3x8LR activations.
Additionally, skipconnections link together the dovsampling and wysampling blocks on the

same level. This allows transferring feature information from endegets to decodelevels

with the same resolutiofi03, 104] Through its structure, the-Net extracts lowresolution

and highresolution informatia for which the lowresolution inbrmation is utilized for
improving accuracywhereasthe highresolution information is utilizedor improving the
extraction of complex featurg404]. Through this functionality, tNet architecture allows
individual predictions for each pikeith high performance. In recent years, a large number of
novel architectures were developed which are heavily based onNet [W3, 17, 103, 104,

111] The new designs try improving theNkt with layer changes, slight modifications, or
additional modul es, but still[l12leahy Kol a 82k pe
[113] introduced further connections inside the convolutional blocks for allowing more
complex pattern findings resulting in the RéNet[112] and DensdJNet[113]. Ibtehaz et al.

[114]r epl aced t he two conyv bultiiResd omlad c K ,ayeao n il Dtci
convolutional layers in which one layer is a residual path, and chamges#ipconnections to

socal l ed o6res pathdéd connecti ons, [l1dJoAnatherst i ng
variant is the integration of attention mechanisms into tiéetUby Oktay et al[115]. The

auhors introduced attention gatéisat enhance skhzonnections by weighting activation
functions for irrelevant regions reducing the number of redundant fedfuirgls Similar to

image classification, 3D variants of segmentation architectures weedoded by simply
transforming the corresponding layeffwus, 3D variants of the-Net werequickly published

like the \-Net by Milletari et al.[116] or the 3D UNetby Cicek et al[117]. Further variants

which are presentad Figure2.14 butnotintroduced are the @apact UNet, which is a denser

version of the Denstl N e t by K o[113],%adkthe elain tNdt, which is a stricter
configured variant compardd the more dynamic standard implementafit®s, 109, 118]

2.3.3Hardware Requirements

Modern CV pipelines utilizing the latest architectures for optimal performance e€ujgin
hardware specificationgl4, 119, 120] Parallelized dense computation and large memory
bandwidth are crucial for modern computatiotensive deep neural networis4]. Central
processing ungt (CPWs) do not fulfill these rising hardware requirements wingolhy neural
network computations are relocated to graphics processing unitssj@ERU GPUs provide

next to powerful graphics engines also highly parallel@dpuation and memory bandwidth
capabilities which are ideal for higierformance computing as required in deep neural
networks[14]. Next to the ore clock speed the available videoandomaccessmemory
(VRAM) of a GPU determines its capabilities to store a deep learning architecture in its memory
[14, 119] Stateof-the-art deep learning architecturetenrequire the usage of current high

end GPUs and, therefore, the available GPUlware is an essential factor to consider for
assessing the research capabilities of a[ldb 119] This is why larger labs or industries
maintain expensive computing infrastructures or even clusters in order tcoffgetitive
research capabilities. However, it is important to note that for application, drastically less
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computation resources are commonly available which is why there is a certain balance to
consider between applicability and bestssible performance.

Nevertheéss, CPUs are still strongly incorporated for preprocessing in CV pipElifhek19]
Modern pipelines utilize redime image processing as well as augmentation (see Chagiters

and 3.3) leading to high CPU usage during training, as well. During the development of a CV
pipeline, it is often required to deal with bottlenecks originating eftben the CPU, for which

the GPU is waiting to obtain the next processed images, or from the GPU, for which the CPU
is waiting to pass the already processed next images.
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2.4 Medical Image Analysis

Through the increased availability and usage of medical irgalgie magnetic resonance
imaging or computed tomography, the need for automated processing of scanned imaging data
is quite strondg10, 19, 121] Currently, the evaluation of medical images is a manual process
performedby physiciang19]. Larger numbers of slices require the inspection of even more
image material by doctors, esjadly regarding the increased usage of kigbolution medical
imaging[10, 19, 121]

The field of medical image analysis (MJAdescribes the computassisted processing,
analyss, or visualization of medical images to support medical staff in diagnostic, therapy, and
documentationil0, 19, 28] The general idea of MIA is to assist physicians in processing the
continuougy increasing quantity of medical images dagbrovide additional informatiofiLO,

28]. An important key concept in MIA is the automatedlgsia of medical images in order to
provide clinical decision support (further introduced in Chap#12. This can be achieved by
integrating image processing algorithms, statistical models, or computer vision methods into
clinical workflows [10, 28, 122] Common application fields of MIA toolare medical
disciplinesthatheavily utilize medical imaging in routine like radiology, pathology, oncology,
neurology, and surgeift0, 28, 122] Through the usage of MlAlinicians strive to achieve
improved healthcare quality as well as a reduction of-toresuming process¢s0, 122]

The irstideas for MIA emerged in the yeE369with workshops abouhformationprocessing
in medicalimaging and peak today with the utilization of artificial intelligence mod@&l?].
Thehistory of MIA can be summarized in four eras accordinQuacanet al.[122]:

A

c:

1. pre1980 to 1984, that one could term the era ofi2iage analysis,

2. 19851991, when knowledgeased strategies cane the forefront and the advent of

MagneticResonance Imaging (MRI) changed the landscape,

0 3. 19921998, when the analysis of fully 3D imagescame a key goal and more
mathematicamodetdriven approaches became computationésible, and

U 4.1999 and beyond, where now advanced imagingamguting technology is facilitating

work in imageguided procedures and more realistic visualizations.

c:

~

n

There are variougpplicdions in MIA as well as associated objectivéspending on the
imaging modality, disciplinenedical condition of the patiergndtheparticulartask[10, 122]
Nevertheless, the applications in the field can be grouped in the followiveysalobjectives:
Consolidaion as well as centralizatioof information from diverse sourcesformation gain
by analysis, evaluation, as well as interpolation, and information reductisarbgnarizing as
well asrelevant selection.
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2.4.1Research Fields

Through the wide definition of MIAnultiple subfields focusing on different tasks in medicine
emerged. These subfields differ in individual tasks, objectives, and processing methods. In this
subchapter, the five major subfields in MIA are introduced to provide adwestiew d the

field.

Visualization

The subfield visualizatiofiocuses on the efficient presentation of medical informgtl@.

The objective in this field is to improve diagnostic, treatment planning as well as execution,
and monitoring of patients through supportive information displayir@}]. This can be
achieved by an efficient display of the medical image and optional integration of further
anatomical or pathology knowledge into the representation. The domain is fundamental in
clinical routine asvell as research and is present in any aspect of medical ima§ing9]
Efficient and smart overview through image viewer and illustrations of relevant medical
information, specifically 3D visualization, is an important key domain in MI& 19, 28] The
spatial display of an object like a tumor can provide crucial insights andsbegery and
radiotherapytreatment procedurg$0]. Another more recent domain is virtual reality in which
clinicians canvisualize objects ir8D neareye displayfor immersive insights which can be
helpful for surgery as well as educatid®, 28, 120]

Medical Image Registration

The subfield medicalhnage rgistration (MIR focuses on the translation of different imaging
matrices into a single and uniform coordinate syqtedh The objective of this domain is to
combine multiple images into a single one in order to obtain a comprehensive visualization that
allows displaying information from both imagg®, 123] A processed image consisting of
multiple aligned images is called a muttodal image while the process of registration is also
often called image fusiofiLl0, 123] This procedure allows the direct comparison of images
from either single or even multiple patients. Furthermore, the combination of different imaging
modalities is also possible and commonly applied for CT or MRI with &&&hg10, 123]

Another important application domain ike registration of a segmentation atlas in which
annotated regions are overlayed on a patient image to incorporate knowledge like the different
human brai regionqd10, 123] The general idea behiradegistration operation is to transform

one image to be optimally aligned with another imddmes process can be summarized in four

core step$10]. In the first step, disctive spots in both images are identified. In the second
step, these points are matched between the images. thirthestep, the transformation for
optimal consensus based on the distance between matching points is computed, and, finally, the
computed transformation is applied in which the images are aligned.
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Medical Image Segmentatiorand Object Detection

The subfeld medical image segmentati§MIS) and object detectn (OD) focus on the
identification and partition of objects within a medical im@b@ 124, 125] The objective of

this domain is to detect and highlight anatomical or pathological structures in an[itBage
124, 125] Such a structure or object is also called a region of interes) (R@)I The benefits

of MIS and OD range from decision support in diagnosis or treatment, integration of
knowledge, and automation up to documentatidn 124, 125]Furthermore, there is also a
wide range of applications like brain region partition, organ segmentation, tumctiiatetand

cell counting in histopathologfl0, 124, 125] In gereral, MIS and OD methods are often
implemented for the automated processing of medical images and are commonly the first step
in an image interpretation pipeline to define objects within an image na@jx124] The
domain can be grouped into four types of segment§tion124] The manual annation by
clinicians or radiologists, the atkmsed segmentation with MIR, the automated object
detection of ROIs, and the automated semantic segmentation in which each pixel is classified.

As the field of medical image segmentation is one of the apied in this thesis, an-detail
introduction is presented in Chaptef.

Quantitative Image Analysis

The subfield quantitative image analy$@IA) focuses on measuring objects and features
within medical imageq10]. The objective of this domain is to determineaqtitative
descriptions of relevant image objects in order to assess medical inforfa@iidrurthermore,

the field of QIA allows the quantitative assessment of object characteristics which can be
utilized asexplicit norms for treatment instructiof$0, 28] Thus, QIA provides essential
information for diagnostic, treatment planning, and progression control of medical conditions
[10]. Popular applications of QIA are in oncology for tumor analysis and sufb@fyQIA
methods often require a prior MIS for object acquisition and can provide features that are further
used in medical image classificatid®, 28] The domain can be grouped into four major types
[10, 54} Elemental image analysis operations like the computation of the diameter, angle, or
volume of an object, texture analysis of surfaces for tissue detection, fractal image analysis for
contour detection, andarphologicalimage analysis for assessing the form as well as structure
of an object. Overall, QIA processes are widespread in all kinds of medical imaging software
and corresponding methods can be found in any modern medical imaging [\liewtet]

Medical Image Classification

The subfield medicahnage classification (MITfocuses on the classification and detection of
images on the basis of visual contgl, 13] The objective of this domain is to structure and
categorize the image into predefined medical classes based on diseases or other atadisal fe
[10, 13] Especially for diagnostics, the field of MIC offers essential information by intergretin
medical images. MIC methods are commonly thst partof traditional MIA pipelines by
combining all prior computed features likpiantitativeinformation based omn MIS to
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prognose severity or detect disea$#8]. Typical applications of MIC are tumor type
classification, Gleason score grading of prostate carcinoma, fracture risk detection, and
medanoma detectior]10]. In general, MIC can be utilized for assigning images to any
classification system which providesmerous application capabilities in the medical context

[10, 13] The domain can be grouped into threeetypf classification: Binary classification in
which images are grouped into two classes like healthy or diseased, ordinal classification in
which the classes have a relative order in an arbitrary scale like the Gleason grading system,
and nominal in whiclelassification systems consist of distinct labels like types of brain tumors
(glioblastoma, acoustic neuroma, astrocytoms,

As the field of medical image classification is one of the core topics in this thesisdataih
introduction is presentad Chaptels.1

2.4.2Clinical DecisionSupport

The practical application of medical image analysis algorithms for compased and
automatic analysis of medical imageslefined as clinical decision support (QD8), 24, 25]
These systemassist ahical decisioamaking in diagnostic and therapy by providing analysis
reports and additional informatighO, 24, 25] Suttonet al.[24] defined CDS systema their
work as follows:

AA clinical decision support system (CDSS) is intended to improve healthcare delivery by
enhancing medical decisions with targeted clinical knowledge, patient information, and other
healthinformationfi

The range of CDS applications can be categorizedkimbavledgebased and neknowledge

based systeni24, 25] A knowledgebased system utilizes explicit as well as predefined rules,
which can al so -PEEN@pseaeemedt sn a¢c¢€&ording
literature or experiencf4]. In contrast, a necknowledgebased system utilizes a machine
learning algorithm or statistical model which gains knowledge on its own commonly through a
training process insteawf using explicit knowledge definitions by expej2g]. Furthermore,
Sutton et al[24] described the types of CDS throughout history as follows:

AA traditional CDSS is comprised of software designed to be a direct aid to clilecesion
making, in which the characteristics of an individual patient are matched to a computerized
clinical knowvledge base and patiespecific assessments or recommendations are then
presented to the clinician for a decision. CDSSs today are primarily used at thepcane,

for the clinician to combine their knowledge with information or suggestions providgteb
CDSS. Increasingly however, there are CDSS being developed with the capability to leverage
data and observations otherwise unobtainable or uninterpretable by humans.

The integration of a CDS system can yield multiple benefits for clinidi2s25] A CDS
system caincrease decision reliability by providing further insights or additional information,
improve the quality of healthace in terms of diagnosis as well as treatment, prevention of
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potential errors or adverse effects, and increase time and cost efficiency through structured
reporting or automated documentat[@d, 25}

Establishing a medical image analysis method as {@Smedical workflow is the ultimate

goal in the field10]. However, the integration of a tool in such a sensitive enmient reveals

the following crucial challenges: Through the medical context, the applied software must be
validated for being functional, fadafe, and reliable in any possible scendféd, 25]
Moreover, clinicians need to trust the computed reséittseatool forworthwhileincorporation

in their decisiormaking [24, 25] To achieve this, model transparency and concept
understanding are important aspects to factor in next to providing specific training lessons for
users in order to enhance user eipee[24, 25, 126] Finally, it is essential to ensure the
maintenanceof the software for multiple years whialequires a standardized and robust
implementatiorf24, 25] Standardized solutions, which are easier to maintain and are utilized
in multiple locations, provide a natural advantage compared to custom implementations based
on the larger community and thgailable knowledge in user experience.
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Workflow in Medical Image
Analysis

The field of medical image analysis is a broad spectnatnding subfieldslike visualization,
classification, segmentation, registratiand reconstructiarstill, many aspectand principles
of medical image analysis methods can be summaazextracting information from medical
images to suppordr automate medical processEarthermorethe subfields ofleep learning
basedmedical image classification and segmentation sher@gamental partand method#
workflows.

A deep learnig based medical image analysis workfloan be defined to contain fivere
steps: Data loadingr managemenwhich handles the input as well as output processes of the
pipeling data (image) augmentation whistan essential technique in any mediedéteddeep

On-the-fly Sampling
Augment Train/Test
. : : Hyper )
Image Normalization parameters
Formats. A Beforehand . Dic
Imaging Augment H H F1 H Validation
Modalities \ : i H ) Lerrs i score i ' Strategies
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Data > Data Neural Network
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q H H OHE Frameworks H . H
Information i i X Toolskits Architecture Class
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Hardware Accuracy
. Y Bias
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Figure 3.1: lllustration of a typical workflow in deep learning based medical image analysis.
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learning approach due to the often limited dataset spreprocessing which describes the
appliedmethodsbetweenimageloading andpassing to the model, the neural network model
consisting of a statef-the-art convolutional neuraletwork architecture for computer vision,
and the evaluation process for performance assessment.

As the core topic of this thesis is deep learning based medical image analysis with a focus on
image classification and segmentation, the following chaptesepts a broad review of the
field of medical i mage analysis based on th
wel | as tatgeiredinowvlddge framsan extensive metaalysis of the research field

including morethan250 publicationsover he last four years.
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3.1 Data Management

The data and information in medical imaging are represented in a wide landscape of different
formats and structures. Even though the core of every medical image is a projection of some
object or state, the represematiof this projection, the storage, the creation technique, the
circumstances during creation, the technical artifacts ordnasnaturally the information itself

can widely differ. The first step in a medical imagelysigipeline is data loading anpérsing

out all relevant information. Thus, this chapter summarizes the common and popular data types
for medical image analysisore information about medical imaging modalities can be found

in Chapter2.1.1

3.1.1Imaging Formatsin Medicine

There are various methods and formats to encode imaging information which are highly
depenénton the specific use cadeor medical information exchange between physicians and
telemedical approaches, as additional information for the paterfor publication within
teaching or research scof#l]. Also, the source of a medical image vafresn high-quality
imagingoriginatingfrom clinical devices to lovguality imagingmade withsmartphones for-e
health. In general, imageorimats differ in the following criteria: Patient information or
anonymization, medical imaging metadatad image quality.

DICOM

The most used format for medical imaging is the DIC@inat which is short for Digital
Imaging and Communications in Medicifi0, 54, 127] It is a worldwide standard for the
communication and management of medical imaging information and relatefb4fatahe
format allows interoperability between all kinds of devices from medical scanners,
workstatiors, and printers to communication serverand PACS(Picture Archiving and
Communication Systenf)0, 54} The international uniform format supports fast and effective
information exchange for healthcare between hospitals and across hp2dgrBistinctively,

the DICOM format contains much more than just the image. It also includes all kinds of medical
metadata: Patient infmation (like id, name, sex, diagnosis) provenance information (like
treating physician, time, clinic), modality information (like CT, MR&doscopy) and
equipment information (like scanner model, scanning configuration, capturing parameters,
image metanformation)[10, 127] DICOM images are the typical format to work with in a
clinical environment, but are rarely used for public datasets due to the higimtcohpatient
identifying information.

NIfTI

The Neuroimaging Informatics Technology Initiativel{N) file format was initially created

to speed up the development amihancement of informatics tools in neuroimagi2g]. The
format allows the storage odnonymous3D imaging data likeMRI and CT scans including
important metadata like slice thickness, but without the patient identifying data like the DICOM
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format. Thus, it is now commonly used for sharing pulatiovell asanonymous MRI and CT
scansinstead obnly for brain imaging, but alsofall kinds of human 3D imagingd 29 131].

Regular Image Formats

Mainly for sharing 2D medical images with patients as well as for publicatigulareimage
formats aside from medicine are often utilif&éd, 54} Shortly summarized, there are three
important image formatg4]: Joint Photographic Experts Gro@@PQ is one of the most
commonly used imaging formats which utilizes lossy compression to achieve small file sizes
for easier exchange. The more modern Paetaldtwork Graphic$PNG) rastergraphics file
format supports lossless data compression and sitawe color depths with qualitative better
visualization than JPG. Professional medical 2D imaging datasets often use the Tagged Image
File Format (TIFF). TIFF offers the best image quality without information lassd is
commonly used in professional photography and printdve of theexceptiongo the usage

of DICOM in medical imaging is the field of histopathology. Microscopes prouiuages with

a resolution oftypically 80,000x60,000 pixelsvhich are storedni the bigTFF format @n
extendedversion of TIFF forimages with more than 4GB)120, 132, 133] Nevertheless,
regular image formats do not contain any medical metadata and are higahdee on the

use case as well as on the image sowtdeh can be an advantage in terms of anonymization
anda disadvantage in terms of appropriate preprocessing methods requiring metadata.

Other Formats

Besides commonly acceptéformatsespeciallyfor medical imagesthee is a variety of other
imaging or data storage fornsah which medical imagesanbe stored. Especially in research,
datasets can be encoded inusumalor customformats.In theresearcHield of medical image
procesgig, SimplelTKis atoolkit library for multiple programming languages like R and
Python [134, 135] It also providesdata loading and writing operations for tihdHA
(Metalmage)format whichcan be utilized for storingnetadata alongraphical information
[136]. Through the poparity of the SimplelTK framework, more organizatiamsize MHA

for encodingcomplex medical imaging data like CT scans based on the format capability to
dynamically store angnnotationas well agnandatory meta information like voxel spacing
[137]. An alternativeto imaging formatss any type of data storage formaispecially already
preprocessed datasare presenn populardata formats like HDFBEL36] or NPY (NumPyfile
formai) [138]. Working with thesgreprocessed imagesdta be done with caution dueton
revertablealready applied methodghich are often not sufficiently documented.

3.1.2Image Dimensions

The dimension of an image defines the number @& and therefore, the mathematical
representation of the imaging data. In contrast to regular imaging like photography, medical
imaging consigof common2D images as well as more compl&R images.
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2D Imaging

The majority of computer vision research is basedrdinary 2D imagin{p, 10, 75, 77]Thus,

various frameworks for 2D image processing as well as 2D deep learning libraries and deep
convolutional pipeline APIéapplicationprogrammingnterfaceg are available, which can also

be utilizedfor medical imagind13, 75, 139, 140]The resolutios of 2D medical imageare

quite diverse. Whereas ultrasounds ladower resolution like 0.2 to 1.0 megapiz€b,122,

7,682 or 10242 pixels), visible light imaging approaches like endoscopy around 1 to 8
megapixes or X-ray imaging like mammography around 20 megagii, 120] However, it

is common to dowsscale such highesolution images to more common resolutions li&&2,

5,122 or 10242 pixelsin medical image analysis pipelings!, 118]

3D Imaging

In contrast to regular 2D images, medical imaging also censisB8D images. However,
through the rare occurrence of 3D imaging in regular imaging, there are only a handful of
computer vision frameworks available for 3D image proces$ir8gt, 135, 141, 142]
Additionally, specific medical imaginframeworksand deep convolutional neural network
architecturesare needed for handling 3D imaging datéich is explained in more detail in
Chapter2.3. 3D imagingis commonly based on tomography approaches like CT, ®EMRI.

The tomography technique creates 2D cisssions, also called slices, of a body with the
utilized method like Xrays[10, 54] Afterward, the multiple created 2[ices are assembled

into a single 3D imagEL0]. The slice resolution for such approaches ranges normally between
2,562ard 5,122 pixels with around 200 sliceper 3D image (e.g. 512x512x2dJap, 120].

2.5D Imaging

Various medical imaganalysisstudies integratednaintermediatealternative byutilizing
popular2D frameworks as well as architectures for 3D imagiidch is defined as 2.5D
imaging[11, 13] 2.5D pipelines split the 3D imagedarslices and process these 2D slices
individually [11, 100, D1]. Afterward, the slices with their individual predictions are collected
and assembled baghto the 3D matrix[11, 100, 101] This approach allows not only the
application of 2D imaging methods but akmids the required extensive hardware resources
for processing 3D dafd00]. However, processing each slice of a 3D scan individuallyslead
to inevitable information loss. The presence of an interesting pattern in anothandiardy
crosssectionaROl visibility could be missing doenot enoughinformation for efficient model
learning, whichcouldhave a drastically negative impact on model performance.

3.1.3Image Information: Representation, Annotation, and Metadata

Medical imaging generates data gnibat consist of multiple different information types
besides the actual image. In a medical imagelysispipeline, there are three important
information categoriedefiningeach individual image:
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Representation

The actual image can be stored and represengedifferent techniques whichre highly
depenént on the modality In general, thepixel intensity also calledpixel information is
encoded via one or multiple integers. The number of integers per pixel is also defined as the
number of channels for thimage. For pixel intensity encoding, there are diverse fortmaits

are different in their number of channels and possible integer ranges. The most commonly
known encodings in regular 2D imaging are grayscale and fR&BGreenBlue) [10, 54]
Whereas grayscale is a singleannel encoding describing the gray intensity with an integer
range between 0 to 255, the RGB encoding is defined by three channels describing the red,
green and blue intensity ith each channel using an integer range between 0 t¢1R554]
Nevertheless, medical imaging techniques, whichatoely on visible light imaging, compute
different measurements as their intensity values. However, bssiae exceptions, often these
intensity values are automatically converted to graysdabeexception to this rulés CT
intensity values which are often represented through the Hounsfield scale. Houdsftsld

(HU) are units on a quantitative scale for describing the radiodensity and have fixed value
ranges for specific human tissuessa®wn inTable 3.1 [10, 54, 148145]. Such intensity
encodings can be exploited flgHA detectionof specific tissugswhich is commonly applied

in clipping kased preprocessinddscribed in detail in Chaptgr3.5 [10, 146]

Table 3.1: Overview of Hounsfield unit ranges for selected tissue types.

Tissue Type Hounsfield Value Interval
Air 11,000

Lung tissue 1900 to 1170
Fat tissue 1120t 0501

Water (HO) 0

White matter 20 to 30

Kidney 20 to 45

Grey matter 37 to 45

Muscle 35to 55

Liver 45 to 65

Bone 700 to 3000

Furthermore, multmodalencodingbasedarchitecturesre prevalent imanyMIA pipelines
[13, 147 149]. Multi-modal image representations are the pwise combination of multiple
modalities by registration of multiple modality images in the same imagelioate system.
Thus, a single pixel can have a channel for each modality. Commonly;maaél encodings
are often utilized in pipelines based BET-CT imaging data or multiple MRI sequence
imaging data like T4T2 [13, 147 149]. Instead of analyzing modality images individually by
separate models, multhodal encodings allow utilizing and learning from multiple modality
information at the same tim&his can result isignificantlyincreased performangespecidly

in the detectionof false positivesvhich appear asneabnormality inonemodality but can be
differentiated inanother modality147, 150]
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Annotation

Next to the image,raMIA pipeline requires an annotation or mask for the image in order to

train a model for identifying theorrect classification annotated pixebf the ROI For image
classification, annotatiorsre textbasedclasses, lao calledlabels which are assignefbr a
complete image. For multabel classificationa singleimage can alshavemultiple classes
assignedin contrasta maskKor image segmentatidmsanidentical shape as the actual image
but the pixel valuesansist of a class integmstead of an intensity value. Therefore, each pixel
is labeled to commonly one specific cladserall, there are three types of annotations: Binary,

in which each pixebr imagecan only belong to one of 2 classes (normal ocegn multi

class, in which each pixer imagecan belong to one adlien classes (background or lungs or
cancer € )labal,nndvhichedch pixelr imagecan belong to multiple classes (0 or

1+3or223 ¢é) . Most of t laes as a baakground orenorrf@ntrad)dlassc | a s s

in contrast tahetargetclasseskurther informatioron classification theory can be found in the
excellent works oZhouet al.[151] andSorower[152].

Besides thalifferent typesof annotationfor MIA, the quality of annotation can highly vary

depending on several factors. The first one is the expertise of the annotator, which can range

Quality Flaws in Annotations - Segmentation

Bounding Box Rough Mask Accurate Mask

High Noise in Model Training Moderate Noise in Model Training Low Noise in Model Training

Quality Flaws in Annotations - Classification

Labels: Labels: Labels:
abnormal diabetic, diabetes, diabetic retinopathy
vision impairment tessellation
Unspecific Duplicates / inaccurate Classes Accurate Set of Classes

Figure 3.2: Illustration of quality flaws in annotations for medical image analysis.
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from student research assistants to experts like radiologists for CT ifh&a8e$54] However,

not only the field but alsthe experience from years of practice can have a large impact on the
annotation quality as studies revea[8¢d 155] The second factor is annotation processing.
Common techniques are applyinigeirs or other refinement techniques for smoothing manually
drawn ROIs with possible sloppy lings29, 153, 156] The lastone of the three important
factorsis theannotatiorgeneratiomprocess For image segmentation asks can be either drawn
per hand, automatically generated via thresholding from R@Idy just cutting out the
complete area of RO[453, 156] For image classification, annotation labels can be manually
assignedby a predefined set of classasitomatically identifiedby usingstructured reports with
standardized terminologigsr predictedoy natural language processing techniquemedical
notes[156]. All methods result in valid annotatisbut can drastically differ in qualij156].

In total, manually drawn and afterward refined annotations mask®manually assigned
annotation labelfom a skilled expert in the corresponding field can be seegals-atandard

for MIA annotdion.

Common quality flaws ithe annotation of medical inggng areillustrated inFigure3.2. The
figure demonstrates thannotation quality based on noise presence in masksmage
segmentation and labels for image classification. As databRI brain scans for tumor
segmentatiorirom Cheng et al[60, 157]andfundus photographjor disease classification
from Padadeet al.[158] wereused.

Metadata

In addition to the two core information aof MIA pipeline, the image representati@nd the
annotation, medical images often include metadata. Metadataformation describing
supplementary details on the patient, the disease status, the image generation @rocess
technical details. As already statedChapter3.1.1, DICOM files regularly contain various
patientrelated information, however also anonymized datasets can contain descriptive
information about thepatient like age, sexr disease status and sevellibg, 127] This
information can be utilized in an advanced pipeline build like cascaipadines based on
multiple modeld132, 159, 16Q]Another importanpiece ofinformation is the pixel spacing,

also called slice thickness, which defines the size of a pixel in 3D images and is required for
the resammphg method during the preprocessifi?7, 161] For multtmodal approaches,
registrdion of images from different modalities is needed. This requires the origin of the image
coordinate system (final image with the patient in the center) in order to convert the image back
into a world coordinate system (coordinates showing scanner aedtgatisition which highly

varies depending on setup and devid®3, 162] Furthermore, technical details like device
information and configuration can be used for advanced image preprocessing and refinement.
In order to avoid unnecessary bias, it is always recommendgueck for information about
image generation and already or automatically applied preprocessing methods.
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3.2Image Augmentation

The process of data augmentateam bedefined as the techniqwé artificially increasng the
dataset by creating modified @imulated images based on the available information. Typically,
images of the dataset are transformed or utilized to create new ifh&8e$64] The medical
image analysis field often laskdequatesized datasets because of the labor anditmeasive
annotation process by physicigf8, 110] Therefore, data augmentation is present in any-state
of-the-artMIA pipeline and has a huge impact on the model perfornja68e166]. There are
several advantags the utilization of data augmentation.

The training of a model has always the riskdweerfitbon the training data, which means that
nonrelevant information orcomplete memorizatiorof training samples isised for the
prediction[163]. This scenario is called overfitting and leads to increased or even optimal
performance on the training data. However, through overfjtiivegmodel is not able to perform
reasonable predictions on unseen or new datagchwsignificantly reduces the model
usefulnes$163]. Increasing the dataset size by data augmentation lowers the risk of overfitting
[163i 166]. It follows the assumption that through image transformations, the data usage
efficiency can be increased by extracting more information from the datasethek
perspective of data augmentation is the variance enlargement in the dataset. The model
performance is determined by its detection and generalization 4b8i8f. Medical imaging
datasets are known to have a small sample size and similarsinvége low variance which

leads to low generalizabilitjt 10, 118] Especially in medical images in which a high number

of features is shared, da@gmentation is able to introduce reasonable variance by creating
spatial transformation of abnormalities or noise addition. In addition, data augmentation is able
to tackle classmbalanced datasets by either augmenting complete samples with an overall
underrepresented class or by cropping or zooming specifically in segmentation areas with the
underrepresented clajd$3, 164, 167]

Still, performing data augmentation in BIIA pipeline also revealchallenges. In contrast to
common augmentation methods for image classification, image segmentation also requires the
corresponding augmeéation of the segmentation mask as well. Transformations have to be
applied equallyo the representation image itself as well as the segmentation mask to be valid.
Particularly in 3D imaging, this can be a challenging tasiis only supported by a riie of

data augmentation frameworlist1]. Also, not all commonly used data augmentation methods

on regular imagingrereasonable for medical images in which introducedrdancies are

either nonlogical or misleading in the medical context. Popular data augmentation frameworks
for medical image segmentation dvatchgeneratorby Isensee et a[142] and torchio by
PérezGarcia et al[141]. Furthemore, it is important to note that data augmentation is purely
based on increasing the information usage efficiency of images. It is not possible to create new
information through data augmentation (data processing inequality) which is why it can,
correcty applied, significantly decrease the risk of overfitting, but also significantly increase
the risk if applied thoughtlelys
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3.2.1Types of Image Augmentation

Artificial images from image augmentation can be generated with diverse methods. These
methods can be categorized as regular image augmentation and more complex generative
adversarial netwds. A demonstration aimage augmentation techniques can be seEigure

3.3. In the figure, thetechniquesare categorized ito spatial augmentations, color
augmentations, noise augmentaticasd generative adversarial networksr the generative
adversarial network, a supegsolution generativedaersarial network (SRGAN) architecture

by Ledig et al[90] was utilized The example images originate from the RFMiD datfi<s).

Regular Image Augmentation

The majority of applied image augmentation methods can be defined as functions which are
modifying a single and specific feature. These augmentation methods are based on simple
image operationsr mathematical functions which are usually not computatipnatensive

and do not require preprocessing. The aim of regular image augmentation is to generate valid
new images in a medical context as well as alter irtagéuring perspectives or simulate
technical variance like Rician noise in MRI sc@b@3]. This kind of image augmentation is a

wide and established scientific figldwhich methods are utilized in the vast majority of state
of-the-art MIA pipelines[163]. The augmentation functions can be groupéd tinree types:

Spatial augmentationsyhich modify positiordependent information like image translations

or rotations; color augmentations, which alter the intensity values of the image like contrast or
brightness; and noise augmentations, which introduce artifacts in an image like Gaogsan N

or Rician Noisg142, 168, 169]

Generative Adversarial Networks

In contrast to regular image augmentation, generative adversarial networks, shorh@#dNs
beena popular alternativéor several year§l63, 167, 170, 171JGANs aimto generate new

/ Spatial Color Noise Generative \

Augmentations Augmentations Augmentations g Adversarial Networks

Translation Rotation : Contrast

Original : Brightness Compression Random Sample #1
Flipping Scaling Cropping Gamma Saturation Gaussian Noise Random Sample #2

Gaussian Blur Random Sample #3

Elastic Transform Grid Distortion Hue
a

Figure 3.3: Overview on common image augmentation techniques.
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images which are reasonable and not distinguishable as artificial. Instead of image creation by
modifying specific features, GANs are separate neural network models whichléarn and

then generate similar probability distributions for specific regions of intgk®3t 167] This

allows thegenerabn of augmented images with more complex random variable modification.
However, in medical imagelassification and segmentati@hallenges, which allow direct
comparison of methods dhe same dataset, pipelines based on GAN augmentation are often
inferior to he other data augmentation techniq[iéxl, 129, 163, 141173]. Thus, GANS in
moderncompetitive MIApipelines have b@&me raren recent years.

3.2.2Application Techniques

Besides the transformation types, data augmentat@an be applied with two different
techniques.

On-the-fly Augmentation

The majority othigh-performingMIA pipelines are utilizing othe-fly augmentation, which is

also called online or regime augmentatiofl09, 110, 118, 159, 174The principle of this
technique is to take the original dataset as templates and compute randomly transformed
variants of it during rwtime. Simplified, instead of using the original image for the training, a
novel augmented image is created and fed into the model. The aim-tbéin data
augmentation is that a model never sees the same image twice in thetedrapling process.

In the lastfew years, this technique became the most favored data augmentation technique in
medical imageanalysis[49, 109, 118, 142, 175Ftill, applying reatime data augmentation
besides the actual training process is a computalyoegbensive task. If no sufficient hardware

is available, ofthefly data augmentation can become a computatidbottleneckthat
drastically increases training time.

Prior Augmentation

The traditional approach for utilizing data augmentation is to apply transformations a single
time as preprocessing technidaé3]. The aim is to artificially increase the alhdataset size

to theindividualy preferreddistributionand then start the training process on the new larger
dataset. Thus, the new dataset consists of the original and the augmented images. Whereas this
approach is still popular fanp-sampling purposes in datasets with strong class imbalance,
experiments showed that the efficiency and performance gain of prior augmentation is inferior
compared to otthefly augmentation[118, 163, 176] This can be explained by the larger
variance which is introduced by augmenting an imeaysh time the image is used
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3.3Image Preprocessing

The preprocessing of medical images is a broad but imprecise definedlyyeaéd data
conversion and refinement before feeding it to the computer vision algorithm. The two main
proposes of preprocessing in machine learning pipelines are making the data ‘resatabée

and simplifying the task. Therefore, preprocessing is goitant step in a machine learning
pipeline as the quality of data and the useful information that can be derived from it, directly
affects the learning ability of the modé&b1, 177] Identical to a machine learning pipeline, a
deep learnig basedIA pipeline also requires comprehensive preprocessing to gain machine
readability and task simplification. Because the application of preprocessing techisiques
highly dataset and tasdpecific, there is no strict guideline on which to (8. Insteadthe

wide landscape of preprocessing methods can be distinguished into two types depending on
each individual usease: Necessary methods to be fed into a deep convolutional neural network
model. Recommended methods to possibly improve performance, reduce bias, lower required
hardware resourceer training time.In the following, a short description, relevan@nd se

case of thd.0 most important and popular preprocessing techniques for medicalamalgsis

are presented\s anoverview, Table3.2 summarizes all presented preprocessing techniques.

Table 3.2: Overview of preprocessing techniques including their types, asdsapplicatiomeferences.

Preprocessing Technique Type Influence on Used in
One Hot Encoding Possibly Necessal Machine Readability [105, 160, 178]
Normalization Recommende TaskSimplification  [49, 109, 161, 179]
Image Filtering Recommende Bias Reductior& Task Simplification [129, 177, 180, 181]
Bias Correction in Medical Imagir Recommende Bias Reductior [169, 182, 183]
Clipping Recommende: Task Simplification [109, 110, 184, 185]
Padding Possibly Necessal Architecture Compatibility [146, 186 189]
Resizing Possibly Necessal Lowering Hardware Requiremer  [49, 109, 110, 190]

Lowering Hardware Requirements

Resampling Possibly Necessal Task Simplification [49, 109, 110, 118]
Patching Possibly Necessal Lowering Hardware Requiremer  [49, 109, 110, 141]
Cropping Recommende: Task Simplification [109, 160, 191, 192]

For demonstration purposeshe presented image preprocessing methods (except bias
correction) arevisualized inFigure3.5 andFigure 3.6. Theutilized image is a thora®T scan
with a diagnose@€OVID-19 pneuroniafrom the STOIC project (Revel et a])37].

3.3.10ne Hot Encoding

The one hot encoding technique describes the process of converting a single categerical
machinereadablevariableinto multiple binarymachinereadablevariableq193]. This kind of
conversion is also called creating dummy variabtethe field of statisticEL61]. The training
of a model for semantic segmentation taskslires a mask in which each pixel in the image is
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Figure 3.4: Visualization of the one hot encoding procedure.

annotated with one or multiple classes. In a binary segmentation task like a simplistic cancer
segmentation (normal/cancer), a neural network model requires a quite simple mask by using a
single variable with two states, zero and one. As output, a single probability score is predicted
for each pixel ranging from O (normal) to 1 (cancer). Howeaemulticlass segmentation
model (e.g. normal/lurigancer) requires a binary mask for each class as well as outputs a
probability score for each class. Therefore, a pixel in a rolalis mask requires the same
amount of binary channels as the number ass#s. This scenario gets even more complicated

in a multiHlabel segmentation task, in which a single pixel can be assigned with not only a single
class but also multiple at onc&hese scenarios and proceedirgge analogicalin image
classification.In order to solvethe multi-class issue, it is necessary to apply the one hot
encoding technique to create binary dummy variables for each class.

3.3.2Normalization

The normalization process of images describes a technique that changes the range of pixel
intensityvalues[168, 177] Especially in biomedical imaging, pixel intensity value ranges are
highly inconsistent and vary due to different hardware (scanners), technical discrepancies,
biomedical variation ¢gn color), or image formats (compressiof)0]. Inconsistent pixel
intensity ranges in an imaging dataset can have a drastic impact on the model learning ability
and, therefore, classification as well as segmentation performpifs 161, 177]
Furthermore, machine learning algorithms like deep convolutional neural networks usually
perform better on normigl distributed feature vectof$93]. In order to achieve pixel intensity

range consistency, there are two popular normalization teclmifjne MinMax normalization

which scales the original value range to a predefined range usually between 0 and 1, whereas
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the ZScore normalization standardsaibe values to a normal distribution by computing their
zeromean and variandd93].
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Besidesthe normalization method, medical images can have multiple feature vectors according
to their modality and representation like grayscale or RGB. Thus, it has to be noted that
normalization should be appliealeach feature vector channel individudllyt8]. Furthermore,

image normalization can be appliedeach image individually or computed on the basis of the
complete dataset. Specificallthe ZScore normalization can drastically vary between the
individual image corputation and the dataseide computation. Whereas individual image
normalization highlights the focus of each image by allowing intensity value variance, uniform
dataset normalization highlights value consistency between images.

3.3.3Image Filtering

The field of image filtering, also knowasimage processings a collection ofmethod with

the general ainof image enhancemeftO, 146, 177, 194]Image filtering methods try to
counter or remove undesirable characteristics of images like blur, noise, poor camtrast
variation in irtensity and illuminatiorf10]. Particularly non deep learning based biomedical
analysisapproaches like thresholding, clustering edge detection are based on image filter
utilization [10]. Popular image fiering techniques are smoothing linear and-iagar filters

like Gaussian and Median filtersharpening filters like Laplacian and Gradient filteos
histogrambased filters like Histogram Equalizatifi0, 146, 168169, 177] However, image
filtering as preprocessing method edonot find use in the majority of modern deep
convolutional neural network pipeling$18]. Interestingly image filtering approaches are
beforehand appleein many publicly available dataséts overall image qualitgnhancement
variance bias reductigoand task simplificatiofl29]. Because the majority of medical image
analysisresearch is built on these public datasets, this introduces a possible bias in these
pipdines, which has to be noted when applyinglassification or segmentatigripeline on
clinical raw data. In generahe utilization of image filtering has to be under careful balance
between enhancement or simplification of contextual information asdilge information
loss.

3.3.4Bias Correction in Medical Imaging

Aside from image filtering techniques for standard imaging, often medical modalities require
specific filters for medical images. Theoretically, medical imaging like MRI, GfayXor
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OCT shouldhave constant intensity values for the same tissue without big vairarlce
location of the tissue in the imaffig16, 183] However, in realitytechnical wise and artifacts
distort the signals and result in a smooth variance in intendifie$46, 183]This phenomemn

is referredo asthebias field. Even if this issue is hard to notice by the human eye, it drastically
impacts the learning ability dlIA models[146]. Thus, specific medical image filtering
methods are requiredh@re exist various kinds of approaches to solve this issue: Histogram
based methods (Intensity Distribution based, Gradient Distribution based), Segmentation based
methods (EMbased, Fuzzy ®eans based), Surface Fitting based methods (Intelnaggd,
Gradientbased) and Filtering based methods (Homomorphic Filtering, Homomorphic
Unsharp Masking]10, 146, 183, 194]Nevertheless, in the scientific communitige most
popular technique for MRI bias correction is the N4 Bias Field Correction ssaliBe
approximation by Tustison et §1.83].

3.3.5Clipping

As already stated, ideally, medical imagifggaturesconstant intensity values for the same
tissue. This feature can be exploited to simplify the ROI detection and segmentation task. For
example, computed tomograploass using Hounsfield units as intensity vajd€s 121, 146]

These have fixed and known value ranges for organs or other regions of interest, e.g. lymph
nodes with a HU range of +10 to +pI®, 54, 21, 146] Clipping the intensity values outside

of a defined minimum and maximum range close to the desired ROI rangs iresaifteling

every pixel aghe background which is not close to this desired ROI range. This technique of
focusing on only a gEific value range associatedth the ROI drastically redusghe model

search space and increases the performance by avoiding false positives. However, cautious
usage is highly recommended because clipping images to an incorrect minimum or maximum
leads automatically to undetectable ROIs and a maladaptive model.

3.3.6Padding

The method of padding an image describes the techniques for increasing a smaller image to a
fixed larger shapgl18]. In contrast to resizing which stebies an image tihe desired shape,
padding creates new artificial pixel intensity values along an axis until the image reaches the
desired size. In deep convolutional neural networks, the convolutional and pooling layers of an
architecture reduce the fea¢ maps of an image which results in decreased image si&e by
factorof commonly2 [108, 118] This concludes that an image shapgtbae dividable one

or multiple times byafactorof 2 depending othe pooling depth of the used architecture. For
ensuring this divisibility, smaller images can be padded to the minimum size to be successfully
fed into such models. There are various techniques to pad an image like cloning the last axis
row, mirroring or using a specific value, the mean, median, minitnoimmaximum of an
image. Selecting the right padding technique has to be done carefully LBhgaal of padding

is to synthetically expand the image background. Still, the riskeafnintentional creation of
artificial features or@aROI has to be acknowledged and avoided.
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Figure 3.5: Application overview of multiple image preprssing techniques.

3.3.7Cropping

The removal of unwanted outer areas in an image is defiseropping. IlMIA pipelines,
cropping is a popular technique to remove backgroundreimeresting regiong!9, 118, 159,

177]. The idea behind cropping ie remove unnecessary information for task simplification.
Excluding information from amrmageby cropping, is a sersupervised preprocessing which
requires prior knowledgef the task in order to differentiate between important and unimportant
image areaslhis technique automatically causes the maoolébcusmore on the desired ROI

via search space reduction. The benefits of cropping conulitdéhe avoidance of possible
false positives and the model parameter number reduction which, thus, lowers thee@Bty
requirements. In practice, cropping is performed either with fixed bounding box coordinates or
with a binary mask specifio each image. For example, in lung cancer segmentation, cropping
of the lung regions, which can be based on a previous segioa model or an atlas
registration, is commonly performed as preprocessing for the lung cancer segmentation model
[191, 12, 195, 196]

3.3.8Resizing

Similar to padding, the resizing technique increases the size of an image to a predefined value
but instead by stretching or shrinking the image to its desired shape. This stretching and
shrinking process can be computed via wssimterpolation algorithms like nearestighbor,

bilinear, pixel area relation, bicubic and Lanczos interpolati@@7, 197] Next to
normalization, resizing is one of the most popular preprocessing methods in image analysis and
is integrated ito the majority of imaging data augmetid@ frameworks[49, 140 142].
However, resizing an image always Isad an artificial bias and variance compared to the
original data. Therefore, this technique resealdoubleedged dagger mentality between
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resizing the image too small, which can result in informationdosisblurriness, and resizing

the image too big, which resslin an unnecessdsy large number of model parameters and
excessive training time. Because medical images are usually in high resolution nowadays, the
most common reason for resizing is desading the image until it is possible to feed the image
into the GPU[110, 197] Overall in practice, ugcaling is quite rare, but ensuring a shape,
which is dividable by factor 2 accordingly to the used model architecture, is also often solved
via resizing. In direct comparisorittv padding, resizing interpolates the missing pixel whereas
padding commonly fills the missing pixel with predefined dummy data (in practice with the
background or minimum value)rémthe neural network model perspective, both methods are
valid and commnply utilized. The model has to either learn from a stretched imageioage

with larger background and a transformed ROI position.

3.3.9Resampling

The resampling technique can be defined as a normalization attempt to obtain uniform pixel
(voxel) sizes via zing the images in a dataset. Regularly, magnetic resonance or computer
tomography scans can have different pixel sizes wdwmieballed pixel spacing (for all axis) or

also slice thickness (fahe z-axis) [54, 146, 177] A 3D model of a méical scan is computed

by joining multiple 2D slices togeth§t0, 54] The zaxis size of a single 2D slice is represented
through the slice thickness. Comparing two images, one with low slice thickness and one with
high slice thickness but both with identical pixel resolution e.g. 512x512rR@ds, the
following conclusions can be drawn: The image with higher slice thickness is computed with
fewer 2D slices and therefore has a worse spatial resolution or image quality. The image with
lower slice thickness is computed with more 2D slices and therefore hatea patial
resolution or image quality. The pixel and slice thickness of a medical image, which value range
is commonly presented millimeters, results from the configuration of the individual medical
scanner devicfb4]. However, inhomogeneous voxel spacings between images in a da¢aset

a challenging task for deep neural network mofiEl8]. Therefore, volumes in an imaging
dataset are resampled to homogeneous voxel spacing (also called target spacing) which
drastically reducethe complexityof the task This can be achieved by resizing each image
according to thendividual ratio between their current pixel spaciaglf, 9 and their desired
target pixel spacingp(6 , )b 6, <c O
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In conclusionresampling directly affects the image sizes and the contextual information, which
the neural network model is able to capture. This highly influences the required GPU memory
of the model and has a huge impact on the final performance.

3.3.10Patching

The resolubn of a medical image can heavily determine the n®tEdrning ability and
performance[197]. Nevertheless, it is not possible to fully fit a complete higgolution
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Patching
Original

Figure 3.6: lllustration of a simple patching application on a CT scan.

medical 3D volume in statef-the-art deepconvolutional neural network models with current

GPU hardware. An alternative to resizing or cropping methods in order to reduce the enormous
GPU memory requirements due to the large data size is a patching approach. Patching describes
the technique of gding a large volume into multiple smaller commonly cuboid patf#@s

118, 146, 175, 198TThese smaller patches are able to fit and be processed in the neural network
model. This allows the processing of highesolution images without information kdike

through resizing. Thus, patching became popular in the scientific community and widely
utilized in recentMIA pipelines[27, 118, 198] Popular patch sizes are36Gand 128 pixel

cuboids or 160x160x8pixel patches depending on the available GPU hard{4&el18] For

model training, there are two common approaches for patching: Fitting on all patches from a
volume or fiting only on a single randomly selected patch (similar to a random cropping
approach) from the volumpt9, 109, 175] This random selean of a single patch/crop
technique for each epoch introduces another layer of data augmentation and, additionally,
decreases the risk of overfitting. For inference, all sliced patches are processedrimdel

and, afterwards, ensembled back to the original volume shape. Recent pipelines also introduced
an overlap between patches, because predictions for pixel close to the patch center seemed more
reliable than predictions for pixel at the edge oftalp9, 109, 175]By overlapping patches,
multiple predictions for a single pikare computed and can be combined to a single prediction

by simply averaging or weighting according to their position in the patch.
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3.4 Neural Network Model

After preprocessing and formattitige datanto suitable chunks, the images can be passed into
a maclme learning model. Neural networks are one of the most popular artificial intelligence
or machine learning algorithm, which are use@utomaticallysolve complex problems like
computer vision taskg 3]. This chapteassumeshat amodel is a deep neural networkan
medical image analysis pipeline and describgmrtanthyperparametersisaggechniquess

well asrelated topicgor application The theory and further information tme principles of a
deep learning based neural network model can be found in CRapter

3.4.1Hyperparameters

A hyperparameter is defined @parameter for a machine learning model which has to be
selectedprior to training start[16, 199] In practice a model shouldideally approximatea
similar predictor providing thesame datand architecture In recent years, aural network
modek get more similaas well astandardizeth terms ofapplication[200]. Thus, next to the
data itself, the hyperparametefsaneural networkmodelare one of the mosignificantparts

of an MIA pipeline. An overview of thehyperparametsmwhich will be discussed in the next
sectiongs illustrated inFigure3.7.

Number of
Iterations Number of
. Epochs

Learning
Rate

Loss
Function

Optimizer

Input Shape Activation

Function

Model Output

Hyperparameters

Batch Size : Model
Architecture i Architecture

Figure 3.7: Overview of important hyperparameters in a MIA pipeline.

Training related Hyperparameters

For the training process afneural network model, various hyperparameters are esséhaal.
training proces®f a modelis substantiallyframed by its learning rateptimizer and loss
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function [67]. Whereas hie learning ratas responsiblefor how much the neural network
weights are adjusted in response to Ithes function (see Chapt@r2 for more information
about neural network theorgnd is thereby one of the most important hyperparameters for
training success, the optimiz&fines this process of weight updatidgtoo high learning rate
yields more drastic weight updates which can res@tmpingdacrosshe globabperformance
optimum, while a too low learning ratgelds smaller weight updates which can resuliang
stalled at a local optimunihe usage obptimizess like SGD (Stochastic gradient descgot
Adam (adaptive moment estimatipfR01] with a learning rate ofE* to 1E® arepopularin
modern MIA pipelined67, 118, 202] The provided loss function of model is utilized for
error estimation in order to decid® necessary weight adjustmenBurther details on loss
functions can be found in Chap&b.2

Another important hyperparameter is the trainiimge itself. In a taditional neural network
training process, the training time is fatefined ashenumber ofepoch& An epoch is defined
asthe completeprocessingof all samplesn the datasefl6, 199] An epoch can further be
dividedinoéi t er at i on s 6as thépioaessing of sindlebatchfi& ©99] Thus,
thenumber of iteationsof an epoch is determined by the number of samples and the batch size,
which is shown in Equatio(8.4).

d Oanx Qi
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However,various modern MIA pipelines utilize a fixed iteration number per epustiead of
the traditional epoch definitioff18]. By randomly drawing only a fixed number of batches
during an epoch, it is possibile allow improved model convergen@specially for limited
sized datasets whidrecommon in medical imagind\ rule of thumb recommendation would
be to ensure an epoch to have at leastitgs@tions for a weltonverging training process.
However, thisecommendationequires further researeimd experimentation.

Model Input

After prepreprocessing the imaging dat#s required to packnage samgs together in a so

c a | batckd A batch is a data unthatcan be processed by the neural network model and
consists of one or multiple sampl@fie number of samples@ab at ch i s defined a:
anddetermines how many samples are procebgdtleneural networkmodel in a single step.
The batch size can affegtultiple modelcapabilities.Kandelet al.[203], Radiuk[204], and
Golmant et al[205] concluded in theiexperimentghatthe batch size has a significant impact
on model performanand effectiveness in optimization steps for convergdisgecially with

a high learning rate, lge batch sizes yield strong performance results compganeddels with
smaller learning rateR203]. However, Golmantet al. [205] stated thathe impact onthe
performancewith an increasing batch sizés highly dependet on the neural network
architectureand computer vision taskas well as onlypossible to a certain poinDue to
hardware requiremen{&PU VRAM), highresolution images or even 3D images, which are
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common in medical imaging, drasticallynit the maximum batch size for stabé-the-art
neural network architectuseThus, batch ges of 16 td4 2D images andf 2 to 4 3D images
are common in modern MIA pipelingkl8, 203, 206]

Another hardware limited anthaximumbatch sizedetermininghyperparameter is the input
shape of the imageDuring the preprocessing, an imdgpesto be resized, resampled, cropped
or padded to a uniform input shafoe all samples. These fixadput shapes for an image are
often determined by thetilized neural network architectura the MIA pipeline[74]. In the
medical context with a prevalence lufjh-resolution and 3D imaging, this often lsad the
need forimage size reduction in order to fill the fixed input shapegredetermined by the
architecture or hardware linaitiors [118].

Model Output

The output of a neural network model is always defined by the applied activation function at

the end ofthe architecture.Whereasthe majority of neural network nodes utilize ridge
activation functions likelinear activation or ReLU73], the output activation function is
determined by th classification task75]. Binary as well as multiabel classification and
segmentation tasksequire a 6 s i g naotivatiol function as output while muttlass
classification and segmentation tagkegiuiread s of t max 6 a c t Mowaabouton f u
activation function theory can be found in Cha@ex.1

Architecture

The structure of aeural network mode$ defined by its architectusad is the most important
choice in MIA pipeline buildingThe architecture represents the netwaekign by neuran
and their edges to each othilore about neural network architecture theory can be found in
Chapter2.2 and Chapter2.3. Due to the standardization amndde usage ofestablished
architecturesn image classification and segmentatjt8, 74, 75] custom implementation or
designing of novel architecturtends to beome aseparate research field. For application, it is
common to utilize already implemented architedlike the U-Net for segmentation or ResNet
for classification[13, 74, 75] Thereby the architecture of a neural network model can be
defined more like a hyperparameitemodern MIA pipelinesSelectinga suited architecture is
highly taskdependst. Important decision factors are the available hardwareirtetided
application. Large and complex architectulée EfficientNet [79] require modern high
performant GPUs like an NVIDIA TITAN RTX, whereas smaller architectures like MobileNet
[91] are designed to run anobile devices like smartphones or tablets.

3.4.2Training and Prediction Process

After the setupof a neural network model including data loading, imaggmentationand
preprocessingt is possible to stathe training process of the modkl.a training process, the
neural network model is fittey minimization of itserror (loss) functiorresulting in an
increasein its predictive capabilitiesln supervised learningmedical images as well as
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annotations are required for the training prodeswhich the model repeatedbttemps to
predict the annotation of the imagesd evaluates its performanédter a predefined number

of epochs, the trainingrocess stops and yields a fitted modééxt to the internamodel
evaluation for the training based on a loss function, it is also possible to provide thewittodel
additional validation data for whiametric scores can be computed at the end of eamthep
This validation allow not only afiner interpretation of the training procesmiality for
hyperparameter tuninigut alsothe application of advanced validation monitoring techniques
which are explained in detail in Chap86.2

A fitted neural network model can be used oedicting an annotation of unknown and new
images.These images have to peeprocessed identically as the images for training in order
for the model to make reasonaliéerencesThe prediction processan be categorizedtm
two usage casesEither by predictinglarge batchedrom a testing setfor performance
assessment inr@s of an experimenbr by predicting a single sample in terms of a service
point foran application.The prediction for a testing set is a key pErainy MIA pipeline to
robustly evaluatenodelperformancend predictive capabilitieé finalized MIA pipeline can

be utilized in a production environmeim which new samples can be passedatu
automatically processed by théVlIA pipeline resulting in apredicted classification or
segmentation. Theange of applicatianhighly varies from deployment in anobile App to
integration in a clinical workflow.

Transfer Learning

Therepeating of the training process of a neural network model is defined as transfeglearnin
[11, 74, 207]The idea of transfer learning is to utiliormation from another dataset, which
can be related as well as unrelated to the ataséll in order tacompensatéor insufficient
training data or reduce generalizatmmplexity[34]. In deep learnig based computer vision,
there are three types of transfer learning:

U Priormodeltrainingfrom scratch onrother dataset
0 Utilizing weights from a prditted modeland staiihg a usual training process
U Utilizing weights from a prditted model and startg a transfer learning training process

The most intuitive transfer learning technique is the beforehand training from soraticich

a prior training process applied with a separatiataset. Oftethe separate dataset is a similar

taskon the samenedical imaging modality208]. Instead ofindividually training theneural

network modelon a separate datas#tjs time- as well as hardwasgaving(if no accesss

availableto large GPU clusters) to simply reuse theights of a equivalent neural network

model withcomparable preprocessing. Afterward, the training process on the target data is
applied as usuaKer et al.[34] defined this typeft r ans f er | etaurnniTheggdt.as 6 d
type oftransfer learning is to optimize the training prodessed on reused weights from a-pre

fitted model. This type of transfer learniogn be dvided intot he &6 4 huali Ingw- and 6
t uni n gs§34].prbrahe shallowuning phase, the neural network modelrts a initial

training process based areights from a prditted model For this initial training procesall
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layers except for the classifier d&rezen a high learning rates selected (for example P8,
and the model is fitting for a small number of epochs (commaily epochs)11, 207, 209]
The conceptof shallowtuning isthat the modetlassifiercan adapt the fixed architecture
weights to theéask. After this initial adaption phase, taechitecture weights get unfrozand
the second training proceissstartedwith regular hyperparametebsit a smaller learning rate
than for the shallovtuning phaséfor example 1E°) [11, 207, 209]In this phasehe complete
neural network model fintunes all weightor the task to obtain optimal performance.

Compaed to general computer visiomedical image analysis lacks large annotated datasets
due to the increased required experfmethe annotation proce$34]. Thus, MIA pipelnes
commonly appf transfer learning strategiesth unrelated data to medical imagimgorder to
overcome this obstaclg4]. The significant performance benebf the usage of transfer
learning has been proved Isgveral authorsike Krizhevsky et al. [81] in one of the key
publications of computer visioB8hin et alfor interstitial lung disease classificationCT scans
[207], Ravishankaet al.[210] for kidney localization in ultrasound imagirend Tajbakhsh et

al. [211] in a specific study about transfer learning effectivenessuitipte medical imaging
modalities.

Eventhoughtransfer learning is hedy utilized in MIA pipelines there is a large difference in
transfer learning typereferencan the MIA subfields In medical image classificatioihe
shallow and finetuning transfer learningtrategyis heavily utilized as well asis theacceptd
gold-standardn the research fidl[210]. The prefitted weightsareuniversally based on the
ImageNet datasetwhich consists of nommedicatrelated15 million labeled higfresolution
imagescategorized irover 22,000classeg76, 210] However, medical image segmentation
heavily releson prior model trainingrom scratchon a similar datasg208]. Even sgthe field

of image segmaeation is widely based on the-Net architectureén recent yearsthe main
reason for the preferred transfer learning type is that there is no large annotated image
segmentation dataset in computer visibinus, transfelearning strategies in MIS pipelines are
often neglected in favor ofbther performance improvement strategies due to the-time
consuning process ofrior modeltraining from scratch Neverthelessthe transfer learning
stratey of utilizing weights from prefitted modelss a popular échniquen general MIAfor
initiali zing weights in novel architecturdige 3D variants ofpopular2D architecture$34].

Fitting Process Monitoring

Apart from theperformance assessment, evaluation of the training process is crucial for robust
model building. In order to identify optimizatiopotential and overfittingpresence the
effectiveness of the model fittirftas tobe validated A powerful but simplenethod for fitting
effectiveness analysis is the visualizatiooih t h e 0 f Duting thentrgining process, the

loss function score is logged after each epoch for the training and a validatibheséting

curve is a line plot comparing the loss function (or additional mgicgression against the
epocls andis showing the crve for the training as well as validation terms of training
effectiveness, the fitting curvean present multiple indicatordn overall nordecreasingr
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Fitting Curve during Training Process
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Figure 3.8: Fitting curve visualizing of a pical loss function trend during a training process.

wavelooking curveindicates that the model is not able to learn any featuregefaralization
and yield a model without any or only low predictive capabilif@s2]. The interpretation of
aplateauin a fitting curvedepends oiits position. Aplateau at the beginning of the training
procesgeveas nolearning effect of the modahdis anindicatorof variouspossibleissues in
the pipelineranging froma too small learning rate to faulty preprocessing techniquas.
contrast, a plateau at the erdhe fitting curvewith aprior loss decrease is expectent! shows
successful learning dfeature generalization until an optimurm predictive capabilityis
achieved212]. Whether tle optimum is a local or globdbss minimumis evaluated in the
performance assessmeRbr overfitting presence analysis, ttistance of thditting curves
between the training and validation set has to be evaluatddcreasing discrepancy between
the training and validation loss reveals that the mgdadiually overfitson the trainingdata
whereas its predictive capabilities decrease on the unseen data from the validg#@@]set
Usually, the discrepancy is small at the beginning and grows with an increase in gdjhs
When reaching a learning plateau, inareasedliscrepancy between training and validation
loss can be typically observgil 2).

A fitting curve example is illustratein Figure 3.8 which shows a transfer learnirephanced
(indicated by the horizontal black line at epoch 10) training process for a skin lesion classifier
based on thénternational Skin Imaging Collaboratiatatase{57i 59] and fitted with a class
weighted focal loss functiof213].

3.4.3Frameworks

In computer science, softwareframework is aconstruct, platformor APl which provide
genericfunctionality for the developmenbr deployment okpecificsoftware application As
key feature, a framewordlowsuniversal and standardized developm&he building process
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of an MIA pipeline involves expertise invarious scientific fields. Low-level hardware
communication for complex computation, machine learnidgep learning based neural
networks image processin@gnd medical imagingl3]. For building a MIA pipeline from
scratch it would be necessary to be an expert in all mentidrebds which would result in a
excessivly time-consuming developing proced=or this reasonMIA pipelines are created
with different types of frameworkthat allow an effectivebuilding and application prcess.
There are three types of frameworlket are relevantfor building MIA pipelines Base
frameworkstoolkits, and frameworks for automated machine learrifgtoML ).

Table 3.3: Overview of available medical image analysis frameworks for research.

Software Name Type Features Publication Popularity  Activity
Tensorflow[72] Base FW Statie dﬁg&"fiﬁiﬂon’ 2015 167,474 | 2022
Pytorch[71] Base FW Dy”aé“;geiiiﬁz‘ézesa“o”* 2016 58,384 = 2022
JAX [214] Base FW High-performanceML research 2018 20,048 2022
NiftyNet [43] Toolkit Segmentation & Classification 2017 1,314 2020
MONAI [175] Toolkit Segmentation & Classification 2020 3,303 2022
MedicalTorch[215] Toolkit Segmentation 2018 788 2019
EISEN[216] Toolkit Segmentation 2020 42 2020
DeepNeurd215] Toolkit Segmentation 2018 111 2020
nnU-Net[109] AutoML Segmentation 2019 2,889 2022
nnDetectior{217] AutoML Object Detection 2021 324 2022
Nobrainer[218] AutoML Segmentation & Classification 2020 118 2022
ivadomed218] AutoML Segmegé?ggt”bgt':;sigfaﬁon & 2020 139 202
MIScnn(own) [49] Toolkit Segmentation 2019 325 2022
AUCMEDI (own) [98]  Toolkit & AutoML Classification 2022 10 2022

In order togive an overview bframeworks fordeep learning basddlA, relevant software
packages are summarized and presemedable 3.3. The frameworks are categorized
according to their framework typfsatures o computer vision task, publication date (official
release yeadf availableor manuscript publication), popularity measured by Gitf2i9] stars
of the official Git repository, and activity measured by the date of the last camrtie
associated Git repositofyneasurement date: 01.09.202R)e activity coloring also indicade
if the project is stillmaintainedgreen)or deprecateforange)

BaseFrameworks

According to Litjens et a[13], one of the main contributions therise of deep learning based
solutions in MIA are the GPU computing libraries as well a®giessource software packages
for building deep learningnodels Well-maintained GPU computing libraries like CUDZ20]

or OpenCL[221] allow utilizing GPUs for highperformance computing with complex neural
network modelsAccordingly, base frameworksvhich are based c8PU computing libraries,
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areessentiafor building modern neural network modelsdarewidely popularin the fieldsof
general deep learning based machine learning, computer vision, ZnBkBe frameworks
(Base FN) provideefficient implementationgor robust andrapid building of neural network
models Theseimplementations include model management in terms of weagat structure
as well asnodel storagefunctions fortraining as well as predictiggrocessesanda library of
neural network layerfor architecture buildingike convolutions, poolingor namalization.
Furthermore Base FMs includemplementations forpopular optimizer and activation
functions. These higHevel frameworksallow researchers to focus @xperimentation and
application rather than worrying abothe efficient implementationof neural network
foundationg13].

Toolkits

For building MIA pipelines,various methods for processing medical images have to be
implemented However, instead of fimmplementingthe same processing methamtssimilar
MIA pipelineseach timeresearchers have started to establish community prgjemtaling
efficient implementations of populanethodsand essentiaparts of MIA pipdines. These
community projects cwhichateefterdeghevehAPld andbgiltodt o o | K i
top of Base FMsToolkits commonlyconsist ofimageloadingfunctions formedicalformats

like DICOM or NIfTI, libraries forpreprocessing methodand neural network architectures
for computer visionj43, 175, 222, 223]n recent yearghe usage of toolkits for building MIA
pipelines drastically increas¢®00, 224] This can be explained duettee higher availability

of such toolkits as well athe growing interest in thepplicationof deep learningbased
computer visiormodelsoutside ofthe computer science research fiedd. toolkits offerthe
possibility to quickly setup a functional MIA pipelingithout time-consuming foundation
implementationsdeployments andpplications in clinical environmentsecame easier to
manage and, thus, more popular.

Automated Machine Learning

Eventhough toolkits provide powerful capabilitiefor efficient MIA pipeline building, the
developmentand applicatiorprocessfor such pipelinesstill needs deep learning experts to
setup robust and higiperforming pipelines.Nevertheless, the majority of moderniM
pipelines share a high similarity with only marginal differences depending on the task and
imaging modalityFor the prpose ofusability and simplification, automated machine learning
frameworksprovidea high degree of automation fine deployment ad application of modern
MIA pipelines[98, 109, 217, 223]An AutoML framework manages all relevant stépsnm
loading medical imaging data to the neural network maddeteover,adequate preprocessing
and hyperparameters are ofmmomatically selected or adjustadcording to the input data
[109, 217] This allows also noexperts in the field of deep learningluild, apply as well as
maintain deep learning based MIA pipelines.
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3.5 Performance Assessment

Evaluation of the model performance and predictive power is an essential step in every machine
learning pipeline. IImedical image analysigith deep convolutional neural networks, there are

two types of performance scores. The evaluation nsetwbich are used for external model
scoring after the inferenaes well adollow in generathe principleGf higher than bettér and

the loss functions, which are used for internal model scoring during the tramiogssand

follow the principleof Gf smaller than bettér

3.5.1Evaluation Metrics

Evaluation ofMIA can be quite complex because it is required to measure classification
accuracy as well emdditionallocalization correctnedsr segmentation task®ver the last 30
years, a large variety ofaluation metrics can be found in thigA literature[225]. However,

only a handful of scoshaveproven to be appropriate and are used in a standardizg@2&

226].

In the following subchapterseach metric will be defined and discussed in terms of possible
issues. Nearly all prested metrics, except Hausdorff distance, are based on the computation

of a confusion matrix for a binagfassificatiortask, which contains the number of true positive

(TP), false positive (FR true negative (TIN and false negative (FNbredictions. Except for
Cohenés Kappa and Hausdorff distance, t he v
zero (worst) to one (best).

F-measure lmasedMetrics

F-measure, also called-geore, based metrics are one of the most widespread scores for
performance measuring in computer vision as well as iMtAescientific field[105, 125, 225,

227, 228] It is calculated from th8ensitivityandPrecision of a prediction, by whichfibcuses

on scoringhe overlap betweegpredictionand ground truth. Still, by including the precision, it
also penalizes false positives, which is a common factor in highly-ioledanced datasets

like MIA [225, 227, 228]Based on the-feasure, there are two popular utilized metrics in
MIA : The IntersectiomoverUnion (loU), also known atheJaccard index or Jaaa similarity
coefficient, and the Dic&imilarity Coefficient (DS, also known as F&core or Sgrensen

Dice index(in the MIC field mostly called Fiscoreand inMIS field DSC)

. "YO
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Besides that, the DSC is defined as the harmonic mean beBgesitivityandPrecision, the
difference between the two metrics is that the loU penalizes-ustEpverclassificatiormore
than the DSC. Even so, both scores are appropriate metrics, this Bf® most used metric in
the large majority of scientific publications for MIS evaluatjbg5, 225, 227]

Sensitivity and Specificity

Especially in medicine Specificity and Sensitivity are established standard metrics for
performance evaluatiof225, 227] For classification, th&ensitivity (Sen$, also known as
Recall orTrue Positive Rate, focuses on the true positive detection capabilities, whereas the
Speificity (Speg, also known agrue NegativeRate, evaluates the capabilities for correctly
identifying true negative classda MIA evaluation Sensitivityis a valid and popular metric,

but still less sensitive to-6core based metrics for exact evaluation and comparison of methods
[225, 227] However, the&Specificitycan resultm an impropeevaluatiomrmetric if not correctly
understood. IMIA tasks, theSpecificityofteni ndi cat es the model 6s <ca
nonROI or controlclass in an imagdn segmentation, wk to the large fraction of pixels
annotated as backgnad compared to the RO$pecificity ranges close to 1 are standard and
expected. ThusSpecificity is a suited metric for ensuring model functionality, but less for
model performancestimation
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Accuracy

Accuracy (Acg, also known as Rand index or pixel accuracy, is one or even the most known
evaluation metric in statistid225, 228] It is defined as the number of correct predictions,
consisting of correct positive and negative predictions, compared to the total number of
predictions. However, it is strongly discouraged to Aseuracy due to the strong class
imbalance inMIA . Because of the true negative inclusion, Aveuracymetric will always

result in an illegitimate high scoringspecially in image segmentatigmedicting themaskof

an entire image as background class;uracy scores are often higher than 90% or even close
to 100%. Therefore, the misleadiAgcuracymetric is not suited favllA evaluation and using

it is highly discouraged in scientific evaluatiom$is issue is discussed in detailChapter7.2
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ReceiverOperating Characteristic

The ROCcurve, short for Receiver Operating Characteristic, is a line plot of the diagnostic
ability of a classifier by visualizing its performance with different discrimination thresholds
[225, 229] The performance is shown through Tiree Positive Rate (TPR against thd-alse
Positive Rate (FPR. In particular, ROC curves are widely established as a standard metric for
comparing multiple classifiers and in the medical field for evaluating diagriests as well as
clinical trials[230]. As a singlevalue performance metric, the area under the ROC curve JAUC
was first introduced by Hanley and McN#il1982 for diagnstic radiology{231]. Nowadays,

the AUC metric is a common method for the validation of machine learning classifiers. It has
to be noted that an AUC value of 0.5 can be interpreted as a random classifier. The following
AUC formula is defined as the area of the trapezoid doogto David Powerpi7]:
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C o h e Kappa

Themet r i ¢ Co h e, ihsoduc€a pypCaherf ilkK1D60 in the field of psychology, is a
changecorrected measure of agreement between annotated and predicted classifR2Bions

232, 233] For interpretation, Kap measures the agreement caused by chance like the AUC score
and ranges froml (worst) to +1 (best), wheas a Kap of O indicates a random classifier.
Through its capability of application on imbalanced datasets, it has gained popularity in the
field of machine learning233]. However, a recent study demonstrated that it still correlates
strongly to higher values on balanced dataf2®8, 234] Additionally, it does not allow
comparability on different sampled datasets or interpretafipnealiction accuracy.
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Average Hausdorff Distance

In contrast to other confusion matidased metrics, the Hausdobistance (HD is a spatial
distancebased metri¢chat can be utilized for MIS evaluatiof225]. The HD measures the
distance between two sets of points, like ground truth and predicted segmentatiahowas
scoring localization similarity by focusing on boundary delineation (con{@@p, 235, 236]
Especially in more complex and granular segmentation tasks, exact contour prediction is highly
important which is whyHD based evaluations have become popular in the field of RAS).
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However, because the HB sensitive to outliers, the symmetric Average Hausdorff Distance
(AHD) is utilized in the majority of applications insteg@25, 235, 237] The symmetric AHD

is defined by the maximum between the directed average HauSdstdihced(A,B)and its
reverse directiond(B,A) in which A and B represent the ground truth and predicted
segmentatio, respectively, anfla-b|| represents a distance function like Euclidean distance
[225]:

e P
Qo = a0 e (3.13

O OB d OwQom K6 (3.14)

Other Metrics

In the field ofMIA, various other metrics exist and can be applied depending on the research
qguestion and interpretation focus of the study. featherdetailson the theory of previously
presented metricthe Authorrefersto the excellent studider general classificatioavaluation

by Lever et al.[228] and for MIS evaluatiorby Taha et al[225]. Additionally, Nai et al.
provided a higlquality demonstration of various metrics on a prostate MRI dd@2&&f

3.5.2Loss Functions

The fitting process of a neural network model is an optimization problem in which the
adjustment of model weights has to be scored for each iteration. Th@zapiton aim of the
training process is to find the model weight combination which results in the best scoring. By
running an internal prediction on the training data with the adjusted weights, the current
performance can be evaluated and scored. In &ntvaregular evaluation metrics, neural
networks requia decreasing metric in which high performance results in a low value whereas
low performance in a high value. Such kind of metric for optimization minimization is defined
asaloss functior[238i 240].

F-measure based.oss

An intuitive approach for choosing a loss function is to utilize a favored evaluation metric. For
this reason, f5core basebbss functions like the DSC are also highly populaviiA [240]. In

order to obtain a loss function, it is required to create the antipode of the desired metric. This
can ke simply achieved by subtracting the metric from the value 1, which is how the majority
of DSC loss functions are implemen{@®9, 240]
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Another popular implementation ofg€ore based loss functions is fheersky index, also
called Tversky losf241].

40
ol t&. 1t&0

4 0A00F 1,‘2 (3.16)
Here,Uandb are defined as free parameters. The Tversky loss acts as a generalization for all
F-score based loss functiof239 241]. For example, if definind) andb as 1, the resulting
Tversky loss will be equal to the loU. If definitgandb as 0.5, the loss will be equal the

DSC. Furthermore, the parameters can be used for custom weighting of the false negative and
false positve impact on the score.

Cross-Entropy

For training deep convolutional neural networks, ciessopy(CE) is the most popular loss
function in general computer visigR38i 240, 242, 243]Thus, it is also widely used MIA

with performance commensurate tes€ore based loss functiofg39, 240, 242]In general,

the crossentropy measures tltbfference between two probability distributions for a random
variable (a sample) and events (class labels). The predicted class probability is compared to the
ground truth and a score is computed based on penalizing how far it is from the actual class.

8 O R0 (3.17)

In this formula,pri s defined as the model 6s predicte
observation (sampld€) The loss minimization is achieved by thegativity of the entropy
estimation.

Focal Loss

Originaing from the object detection field in computer visitimefocal losshasbemme more
and more popular iMIA [239, 240] Lin et al. introduced the focal loss as a reshape or
enhancement of the standard cresfropy loss function, in which wetlassified examples are
downweighted for the saring [213]. Especially inMIS, the focal loss is particularly useful for
extreme foregroundbackground class imbalance ar ROl consisting of only a few pixels in
an image. This challenge is widely presenalinkinds ofmedical maging which is why the
focal loss showed significant effectiveness for trairig models[213, 239, 24Q]

~
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In this formula,pri s defined as the model 6s predicte
observation (samplélandois defined as a tunable focusing parameter. The focusing parameter
determines the extemf downweighting easy samples. Adjusting théo O, results in ta
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standard crosentropy loss function, whereas adjustoig 2 showed higiperforming model
training capabilities on hidgy imbalanced datf213].

ClassWeighting

Weighting evaluation metrics and especially loss functions for mwdaling became a
standardized method for staiéthe-artMIA pipelineg244]. Next tospecifically designed loss
functions with tunable focusing parameters like the focal loss, it is often possible to multiply a
loss for a single sample with an associated weight based on its class frequency. Commonly, this
approach is appliet the crossentropy loss function in which the assdetclass weights are

prior calculated through the total number of samples divided by the multiplication of the number
of classes and the occurrences of each {2&8s 240]
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3.6 Sampling andValidation Strategies

In statistical application and machine learning, models are evaluated by an untouched dataset
separated from the training set which is used for model bui[d®@ 245, 246] This type of

dataset is also callemitesting set or holdut set. The testing set is commonly used to give an
unbiased estimate of the fitted model performance and its prediction capaldiB®e246]

This testing evaluation igsually performed after model training. However, for measuring
model performance on unseen data for hyperparameter tuning aiel selection, another
subset separated from the training data is recordedeiThis set is called validation set, is

usually utilized during or at the end of the model training and supports the-moldizhg
procesg245, 246]

The usage of a validation set rewessdveral advantages. In general, performance evaluation of
a model on data, which was us éytheimodel, resdts e |
always in a bias towards seemingly better performance than itlges{d99, 245, 246]Such
overfitting can lead tahe model ¢ésing usability on its actual task resulting in low up to
catastrophic performancenanseen dat@45, 246] The difference between the performance
on training and unseen data or generalization capabilities of a modeldsthalgeneralization
error[16]. The process of counteracting and minimizing the generalizationresuling from
overfitting is defined as regularization in the mathematical and statistica]f@ldn general,

any data which influensghe modelbuilding process is biased toward higher performance. For
exampe, selecting model hyperparameters based on the best performance on the testing set still
contains the risk that the rejected models are better for new unse¢b6gddid9, 245] This is

why, it is highly recommended to hetdit an untouched testing set for evaluation, a separate
set specifically for hyperpameter tuning or model selectiaand any remaining data for the
model training. In conclusion, utilizing validation and testing sets gllerfiormingmore robust

and reliable evaluations by avoiding possible overfitting and reducing variance bias.

3.6.1Sampling Strategies

When dividing a datasettmsubsets, like training, validatipand testing, it is recommended

to consider the class frequency and difficulty variafg#b, 246] For handling multiclass
classification or segmentatiaasks, it is required to ensure that all classes are present at least
in the training dataselt is a general rule of thumb that the overall class frequency abmss t
dataset is properly represented in the resulting subsets, hswiigh is called stratified
sampling Similar to class frequency, the task difficulty of images can be varying, which also
should be considered and equaled across subsets.

PercentageSplit

The minimal approach for performance evaluatiomd¥i®A model on a dataset is the train/test
split. By randomly selecting and excluding samples from the dataset, a testing set can be
created. Whereas the modlilding process uses the training datee tesulting model is
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4 Sampling Strategies N
Full Dataset
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100%
Percentage Split
16/ 4 .
80 /20 % Training Test
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60 /20 /20 % Training Val. Test
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18/2 _—
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Training Training Val. Test
6/6/6/2
Training Val. Training Test
30/30/30 /10 %
Val. Training Training Test
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17/1/2
Test
85/5/10%
Test

o /

Figure 3.9: lllustration of sampling strategies.

evaluated on the testing 4809, 246] Commonly, split ratios of 960% training and 10%
40% testing are favorefR46]. However, the suited splitting ratio is highly dependent on the
datagt and task.

The utilization of an additional validation set beside the testing set is the classical and most
popular approach in machine learning as well as medical iarag@gsis[199, 246] The split

ratios are often distributeid that the training dataset is the largest while the validation and
testing set is smaller as well as equally si2&b].
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K -fold Cross-Validation

In contrast tahe classical percentage ratio splits like the train/val/test split, Huddkcross
validation technique is more complex by multiple dataset partitioBpgplitting the dataset

into k equally sized folds, it is possible to use each toid time as validation set and the
remaining folds as training.99, 246] Therefore, the crosglidation resukiin k models and

is able to utilize the complete dataset for training as well as validation. Commonly, the cross
validation approach is appliew the training set after dividing the dataset via a train/test
percentage split. Crosalidation is a powerfulechnique to significantly reduce the risk of
overfitting and selection bid$10, 246] A popular number of folds} in MIA are 35, and 10

[157, 247249] These numbers result from finding a suitable balance between variance
reduction and training time by increasing the number of folds.

Leave-One-Out Validation

The leaveoneout technique is a special subgroup of cnealgdation, in which k equals the
number of samplefl99, 246] Therefore, the validation set contains only a single sample
whereas the remaining are used for training. Mostly, this approach is utilized during the
developing process afpipeline in order to obtain fast reswdtghe startEven if this approach

is practical to validate pipeline functionality, it is highly inadvisable due to the high subset
variance of a single sample and the extreme training time for computing N models

3.6.2Validation Monitoring

There are multiple advanced techniques for utijznformation from a validation set during

the training process. These methods automatically adjust the corresponding model training
hyperparameters based on regularly evaluating the model performance with current
configurations. Commonly, this hyperparaeretdjustment is based either on the loss or
another metric computddr each epoch for the validation set.

Early Stopping

The Early Stopping technique has the goal to stop the training process at the moment when no
more loss reduction aninimization is possibl§250]. Usually, the model performance dhe
validation set is monitored every epoch. If a model validation loss is no longer decreasing for a
predefined number of epochs, the training process will be terminated. Early Stopping not only
helps to eliminate unnecessary training time but also redbeegisk of overfitting by stopping

the training when there is no more performance gain on the validation set (even when the
training loss would be still decreasing).

Dynamic Learning Rate

A fixed learning rate of a deep convolutional neural networkdadtther slows down the fitting
process by being too small or is not able to achieve precise weight adjustments by being too
high[250]. The dynamic learning rate method reduces the learning rate by a faciormabnly
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2 up to 10 if no improvement is monitored on the validation set for a predefined number of
epochs. Ths allows utilizing a high learning rate at the begging of the fitting process to find
suited weight distributions, whereas also allows weight-tiimeng to achieve optimal
performance.

Model Checkpoints

Even if the risk of overfitting can be minimizedgetie could be still generalization errors due

to general variance between the training set and unseefi@htahis concludes that a model,
which is the bestesulting model on the training set, is not necessarily thegeestralized
model from the fitting process. By saving the model after each epoch, all models can
theoretically be utilized insteanf just the final model with the lowest training loss. Commonly,
the model with the lowest loss on the validation set is selected for further processing.
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Medical Image Segmentation

Image segmentation has an essential role in medical image prodéssihg4, 125] The aim

of medical image segmentation (MIS) is tngomated detection, labelingnd extraction of
regiors of interest. Thusan MISpipeline is able to divide medical imagesoisegmentshat
correspond to different tissue classes, organs, pathologies or abnormaliiesther
biologically relevant stictures[10, 124, 125] These resulting segments can be utilibgd
clinicians or additional Al approaches to obtain easier or further diagnostic indight¥he
automatic highlightig of abnormal features and ROIs allow image segmentation to aid
radiologists in various tasks like diagnosis, treatment monitoring, andctmsiming
inspection processg$0, 124] Popular applications today are cell counting, organ or tumor
measurements, lesion tracking, and -sedfion identification like brain atlaglO, 124]
Nevertheless, more complex tasks like clinical decision support systems for abnormality
detection as well as identification are currently highly popular research topics for clinical trials
and get slowly integrated intbe clinical workflow of modern hospitalsl, 62}

In this chapterthe Author proposeghe framework MIScnn whicls asoftware packagéor
theeffectiveas well as standardizeétup of stat®f-the-art convolutional neural network and
deep learning models fdIS. Furthermorethree studieby the Authorutilizing the MIScnn
frameworkare preseted. The studies not only demonstrate thiele applicability of MIScnn
but also contributevith their outcomego the field of MIS pathology, radiologyas well as
COVID-19 research
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4.1 History and Current State

Sinceabout 1980, automatic image segmentation methods are av§iableThroughout this
time, a wide range of algorithmsa# proposedfor segmentation in medical imaging.
Neverthelessbecause ofthe complexity of medical imagesthe application ofclassic
approaches auboptimabs well adimited on specific imaging modalities and tg4K]. This
subchapter provides a short overviewnoéthods for MIS throughout the last decades and
current challenges in the field.

4.1.1Methods

Thresholding

The binarypartitioningof an image based on the image intensity valuealisd thresholding
and is one of the basic operations in standard image procgs6in@j24] Thresholding is
performed byclassifying each pixebased onwhetherthe pixel intensity isnside a defined
limit (minimum and maximum intensity value) or nétthresholding approach is often simple
but effective for imaging modalities whichmedicaly relevant structures have different pixel
intensity ragedike in CT imaging124]. A demonstration of thresholdidgased segmentation
in combination withSobelfiltering [252] on retinal imaginglata acquired frorStaal et al[55]

is illustratedin Figure 4.1. In recent years, thresholdindeclined to be present only in
preprocessing metls for automated MI&@nd iscommonlydefinedas clipping $ee Chapter
3.3.5. MIS pipelines exclusively based on a thresholdmgthod are rare and limitefdr
special caseqd10, 124] Neverthelessinteractivethresholding is astandardizedperation in
radiologyandis available in any modern PACS viewer

Region Growing

The region growingechniqueis a semiautomatic method for MISThe algorithm requires a
manually selected seed point which is useddmmtively analyzeneighboring pixeld124].
Starting from the seed pointa neighbaing pixel compieswith predefined criterigalso called
homogeneitycriteria), it is added to the segmentation aatlall its bordering pixelsarealso
gueued for criteria analysigl0, 124] This process is repeated until there are no more
neighboring pixels queuedlypically, homogeneity criteria are based on pixel intensity
information, but caralso define more compleeatureg124]. Nowadays, region growing
rarely appliedexclusivelyin MIS pipelines butis similar to thresholdingftenintegratedasa
preprocessingnethod [124]. However, the application of region growing for annotation
refinement isstill a popular techniquetincrease annotation qualif$56].

Atlas-basedSegmentation

The concept oatlasbasedsegmentation approachissto exploit prior knowledge by reusing
already createdegmentationfrom similar patientcases or tasi{40, 124] An atlas acts as a
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Figure 4.1: Threstolding approach for vessel segmentation in retinal imaging.

templatefor the searcheabjectwhich is created manuallyy an experbased on its anatomy
and spatial formThe resulting atlas can mwerlaidon a new imagén which the template
provides the segmentatidor the objectThis overlay process is a medical image registration
problem and, thus, algorithms for image registration are app{aften nonlinear, non
parametric registratiorf)L0, 253] Because of thenethod requirement of similar caseslas
based segmentation can only be appledniform ROIswith a consistent form and location
[124]. This excludes all types of MIS for abnormal feature detection likeecam lesions. Still,
atlasbased segmentation is typically applied for orgamvell asrain region segmentati@nd

is widely used irclinical workflows[10, 124]

Feature Classifier

The field of feature classifieis derived from machine learning methoBsaure classifiers
aregeneral pattern recognitidachniques based on supervised learfili24]. This means that
annotated data is requirat training afeature classifier moderhe feature space of a classifier
can be a represetitan of any information obtaineflom a medical imagewhereashe most
commonfeature spacis the pixel intensity values of an imafje4]. A typical implementation
is the represdation of an image as pixel intensity histogram in which the classifieained
to identify pixel intensitypatterns for specifistructuredo segmenf124]. Due to the neetbr
distinct quantifiable featureendthe disregardor spatialinformation feature classifiersften
perform inferior to other MIS method254].

Clustering

Similar to feature classifier€lustering algorithmare patterrrecognition techniquethat try
to differentiatea provided feature spade generate a segmentatif0, 124] However, in
contrast to featurelassifiers clustering algorithms are unsupervised which means that the
methods do not require priannotations for trainingAccording toHandels[10] and Pham
[124], one of the most popular clusteriatporithmsfor MIS is k-meand255, 256] Dueto the
feature space representation of an image, clustering algsrlismdo not incorporatgpatial
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information Neverthelesshased on the neddr fast anduncomplicatedsegmentatiorn the
presence of no availabBnnotation data, unsupervised clustering approaches arm sk
field of research, todg257i 259].

Deformable Models

For accurate segmentation of structures in images, the utilization of spatial information is
crucial. The concept of eformable models toapplyphysicaly inspiredalgorithmsfor object
boundary detection bgpproximatingdynamic and plain ring® an object perimetauntil the

rings represent an optimal object boundflr§, 124, 26]. The approximation proces=n
incorporatenot only spatial image information but also prior knowledge ath@structure and

form of an objecf10]. Still, deformable models are a semitomatic segmentation method due

to the need ofnitializing the model with a starting contoustudies demonstrated that the
resulting segmentatigrerformance of deformable modaéighly accuratend robust to noise
[124, 260] Before deep learning based MI8eformable modsl werea highly popular
segmentation method amad active research field 0, 124, 260Q]

Neural Networks and the Stateof-the-Art

Despite the larg@aumberof methods for MIS gateof-the-art accuracyis accomplished by
convolutional neural networks and deep learning mdd&ls26, 27, 36, 105, 26,1\vhich are
used extensively toda¥he theory of neural netwaskan be found in Chapt@r2 Thenewest
convolutional neural networks are able to expkpatial as well as pixel intensity value
information[13, 74] local as well agglobal features in imagg408, 109, 262]andcan be
trained to use 3D image informatigh09, 113, 117] Instead of developingiovel neural
network architecture specifically fora malical imaging modalityit is common in MIA to
reutilize popular general computer vision architecturdse to predictive capabilities
implementation availabilityas well as their higladaptability to different taskg/5, 261]
Nevertheless,spresentedn Chapter2.3.2 the central architectufer modern general as well
as medicalimage segmentation ighe UNet from Ronneberger et gl108], which was
introducedin the context of biomedical image segmentatiime U-Net has becoméhe most
widely usedandbestperforming architecture in MISwvhich is present in any stabé-the-art
MIS pipeline,today[13, 74, 105, 109, 125RIthough the majority of applications of deep
learning based MI&restill focused on researcthe field ofsegmentatiomwith neural networks
provedremarkable adaptability in terms BIOI type and imaging modalityn recent years,
various studiesusing deep learning based pipelindsmonstrated accurate segmentation
capabilitiedor uniform structures like organs as wellfasabnormatieslike cancer or lesions
[13, 103, 105, 125, 263]Furthemore, applications in all kinds of medical imaging
demonstrated its adaptability regardless of imagmeglality[13, 103, 105, 125, 263]

Deep learning based MIS the ore methodn all discussed studies of this thesifie terms
0 anvolutional neural networksdeep learning based Md8swella® neur al net wor k
will be usedasequivalent terrmandbe referred t@as themain methodor MIS in this work
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4.1.2Challenges

The complexity of medical imagegpresents aignificant challenge for automatic image
processing method$he field of medical image segmentation is a paldidy difficult task.

In terms of imaging complexitynedical images often have ambiguous image quality with a
high amountof distortion and low contrast compared to regular ima@ir@p]. This is also
augmentedy the inconsistency and diffusion of pixel values in medical imfba$ 182]
Furthermoretechnical noiseas well as arfactscan be present in imagésat handicapROI
detection[182]. Medical images also have high variability. This includes not only the human
anatomy itself or the variance between individuals, but also the different modalities like
microscopy, Xray, or MRI[129].

Another challenge is thdlifficulty of distinguishing between benign and malignant
abnormalities. Even faglinicians it is a hard taskhatrequires years of experience to develop
highly accurate expertisé he associated challenge tinician experience is the available
annotéed data to train a neunaétworkmodel.Creating annotated data for supervised learning
algorithms is a tediouand timeconsuming taskl3, 105] Especially in MIS, the annotation
processmust be done manually bydrawing exact mask®n ROIs This has to be donley
experienced clinicianghich haveto detract their timdrom treatingpatients[13]. Moreoveg

low performance is not acceptalethe context oMIS. There is a&onstanheed to minimize
errors inanyfield, still, in the medical field, incorrect conjectures can directly lead to a life
quality reduction ofatal consequencdsr patientg264].

Withal, implementation®f MIS pipelines are usually independent software specialized on a
singletask and datas¢®5, 265] Consequently, MIS pipelines lac&producibility in terms of
replicating the pipeline with the same datusabilityin terms of utilizing the pipeline for
another dataseh an equal contexandgeneralizabilityin terms of utilizing the pipeline for
another contexi32, 45] Even so, the foundations ah MIS pipelineareequivalent building

such pipelines from scratch requires extensive knenmd ge i n t he field of
w h e eBedayse of thathechallenge ohonreproducible andonstandardizeIS pipelines
drasticallyhampes practical usabilityandslows dowrprogress irclinical research
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4.2MIScnn:  a Framework for Medical Image
Segmentationwith Convolutional Neural Networks

In recent years, medical image segmentation models with a convolutional neural network
architecture have become quite powerful and achieved similar results perfonwvisacas
radidogists [13, 15] Nevertheless, these models have been standalone applications with
optimized architectures, preprocessing procedures, data augmentatmnsetrics specifito

their dataset and corresponding segmentation profe8]. Also, the performance of such
optimized pipelines varies drastically between different medicalitons. However, even for

the same medical condition, evaluation and comparisons of these models are a persistent
challenge due to the variety of the size, shimpalization,and distinctness of differedatased.

In order to objectively compare twogsaentation model architectures from the sea ofumee
standalone pipelines, each specific for a single pdiliasetit would be required to implement

a complete custom pipeline with preprocessing, data augmentaiibatch creation.

Frameworks for general image segmentation pipeline buildammotbe fully utilized. The
reason for thiss their missingnterfacedor medical imagng, their preprocessing methods, as
well as their lack of handling highly unbalanced class distributions, which is standard in medical
imaging. Recently developed medical image segmentation platforms, like Nifg8]etre
powerful tools and an excellent first step for standardized medical imageersdgion
pipelines. However, they are designed more like configurable software instead of frameworks.
They lack modular pipeline blocks to offer researchers the opportunity for easy customization
and to help develop their own software for their specifigrsantation problems.

Medical Image Segmentation
with Convolutional Neural Networks

Figure 4.2: Logo of the proposed framework MIScnn.

In this chapter, the Author proposes intuitive and easto-use framework for fast setup of
stateof-the-art convolutional neural network and deep learning models for medical image
segmentation. The aim tfe proposedramework MIScnnpronunciation MIZC-N-N), short

for Medical Image Segmentation withConvolutional Neural Networks is to provide a
complete pipeline for preprocessing, data augmentation, patch séomhdpatch creation steps

to start staightforward with training and predicting on diverse medical imaging data. Instead
of being fixated on one model architecture, MIScnn allows not only fast switching between
multiple modern convolutional neural network models, but also provides the possil
easily add custom model architectures. Additionally, it facilitates a simple deployment and fast
usage of new deep learning models for medical image segmentation. Still, MIScnn is highly
configurabledue toadjustablehyperparameters, general traigi parameters, preprocessing
procedures, includg or excludng data augmentationand evaluation techniques.
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4.2.1Implementation

The openrsource Python library MIScnn is a framewdok setup medical image segmentation
pipelines with convolutional neural metrks and deep learning models. MIScnn is providing
several core features, which are alksstrated inFigure4.3:

i
i
i
i
i
i
i

2D/3D medical imageegmentation for binary and mudfiass problems
Data I/O, preprocessingndimageaugmentation for biomedical images
Patchwise and full image analysis

Stateof-the-art deep learning model and metric library

Intuitive and fast model utilization (trainingrediction)

Multiple automatic evaluation techniques (e.g. crealgdation)

Custom model, data I/O, pfpostprocessingnd metric support

- -
Cross-Validation Plots
m Parceniage
TestTrain Split Visualization
Framework for Medical Image Segmentation with
Convolutional Neural Networks and Deep Learning Cross-Validation [

1
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Figure 4.3: Flowchart diagram of the MIScnn pipeline.

Data Loading

An MIS pipeline performs several types afatainput and output(l/O) operations In a
minimalistic pipeline the loading of imageas well as annotations as model input and the
storage of predicted segmentation maaiesneededIn more efficient pipelines processing
large datasets, temporary dik& preprocesseiinages, model weightand evaluation results

are also stored. The mpletedata flow and storage handling is done by the Data 1O class in
MIScnn.The Data 10 class is the gateway into the MIScnn pipeline and therefore the first of
four core classes to define a pipeline in MIScnn.

Furthermore,tte Data 10 module enables Mi$ to handle a wide variety of imaging formats
by integrating a switchabléQ interfaceandoffersthe possibility to integrate any usexquired
image format or data structure into the MIScnn pipeliie aim ofanl/O Interface is to handle
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the loadirg and saving process of images in their specific formats and file struthaeiser

is only required to create an instance of the Data 1O class with the desired specifications and
I/O interface for the correct forma¥liScnn provides already implemented I/O interfaces for

the following data formatsRegularimageformats(PNG, JPG, TIFF) based on the Pillow
packag€g266], NIfTI based on the nibabel packaf67], DICOM based on th&implelTK

[134, 135]and pydicom[268] packages, antmagesencoded adlumPy[138] matrices in a
Python dictionary to support native usability.

Next to the implemented I/O interface, MIScnn allows the usage of custom data I/O interfaces
for noncommonimaging data formats. This open interface enalllE¥cnn to handle specific
biomedical imaging features (e.g. MRI slice thickness), and therefore it avoids losing these
feature information by a format conversion requirement. A custom 1/O interface must be
committed to the preprocessifighction,and it kas to return the medical image as a 2D or 3D
matrix (in a NumPydata structur¢l38]) for integration in the workflow. It is advised to add
formatspecific preprocessing procedures (e.g. MRI slice thickmesmalization) in the
formatspecific I/O interface, before returning the image matrix into the pipeline.

Preprocessing

The aim of preprocessing methods is to extensively increase performance due to simplification
of informationas well as to reduce imaggormationin order to be passable into the neural
network modelThus it is commonlyrequired to perform extensive preprocessingnedical
images.To providea wide variety of preprocessing methods, MIScnn offarkfunction
modularity. The user is abto create a list of desired preprocessing functions (in MIScnn called
Subfunctions) and pass them to the Preprocessor class,is/biod of the four core classes in

a MIScnn pipelineMIScnn provides the followingreprocessing techniques: Pixel inténsi
normalization(Z-Score, MinMax, and grayscalelipping, resizing, resamplingndpadding

For more details about preprocessing methsels,Chaptes.3.

MIScnn is able to handle binary (background/cancess well as multi-class
(background/kidneyl/liver/lungs) segmentation problems. The representation of a binary
segmentation is made quite simple by using a variable with two states, zero and one. But for
the proessing of multiple categorical segmentation labels in machine learning algorithms, like
deep learning models, it is required to convert the classes into a more mathematical
representation. This can be achieved with the OneEHobding method by creatingsangle

binary variable for each segmentation class. MIScnn automatically Oneehtmtds
segmentation labels with more than two classes.

Patch-wise and Full Image Analysis

Depending on the resolution of medical images, the available GPU hardware $iayfcant

role in 3D segmentation analysis. Currently, it is not possible to fully fitregblution MRIs

with an example size of 400x512x5aelsinto stateof-the-art convolutional neural network
models due to the enormous GPU memory requirements. Therefore, the 3D medical imaging
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data can be either sliced into smaller cuboid patches or analyzetysktiee, similar to a set

of 2D imageg13, 27, 269] In order to fully use the information of all threeesxMIScnn slices

3D medical images into patches with a configurable size (e.g. 128x128xERS by ddault.
Depending on the model architecture, these patches can fit into GPUs with RAM sizes of 4GB
to 24GB, which are commonlysedin research. Nevertheless, the slgeslice 2D analysis as

well as the 3D patch analysisesupported in MIScnn. It is algossible to configure the usage

of full 3D images in case of analyzing uncommonly small medical images or having a large
GPU cluster. By default, 2D medical images are fitted completely into convolutional neural
network models. Still, a 2D patehise appoach forhigh-resolution images can be also applied
which is essential for pathology imaging

Image Augmentation

In the machine learning field, data augmentation covers the artificial increase of training data.
Especially in medical imaging, commonly ordysmall number of samples or images of a
studied medical conditioareavailable for training13, 164 166, 181] Thus, an image can be
modified with multiple techniques, like shifting, to expand the number of plausible examples
for training. The aim is to create reasonable variations of the desired pattern in ord®dto a
overfitting in smalldataset[165]. For stateof-the-artimageaugmentation, MIScnn integrated

the batchgenerators package from the Division of M#dmage Computing at the German
Cancer Research Center (DKFR42]. It offers variousonthefly image augmentation
techniquesfor model trainingand was used by the winners of the latest medical image
processing challeng¢s09, 200, 27Q]It supports spatial translations, rotations, scaling, elastic
deformations, brightness, contrast, gamaral noise augmentations like Gaussian ndike.

Data Augmentation class represents an optional corefolalssilding a MIScnn pipeline.

Sampling and Batch Generation

The large unbalance between the relevant segments and the backgrooedical images
results in an extensive amount of pantsn imagepurely labeled as background and without
any learning informatiofil3, 181] Especially aftermageaugmentation, there is no benefit to
multiplying these blank parts or patch@31]. Therefore, in the patelwise model training, all
patches, which are completely labeled as background, can be extalerd wasting time
on unnecessary fitting.

After the data preprocessing and the optiamageaugmentation for training, sets of images

or patches are bundled into batches. One batatains a number of prepared images which

are processed in a single step by the model and GPU. Sequential for each batch or processing
step, the neural network updates its internal weights accordingly with the predefined learning
rate. The possible numbefimages inside a single batch highly depends on the available GPU
memory and has to be configured properly in MIScnn. Every batch is saved to disk in order to
allow fast repeated access during the training process. This approach drastically reduces the
computing time due to the avoidance of unnecessary repeated preprocessing of the batches.
Nevertheless, this approach is not ideal for extremely Batgeses or researchers without the
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required disk spacé&o bypass this problem, MIScnn also supportsharfly generation of the
next batch in memory during runtime.

During model training, the order of batches, which are going to be fitted and processed, is
shuffled at the end of each epoch. This method reduces the variance of the neural network
during fiting over an epoch and lowers the risk of overfitting. Still, it must be noted, that only
the processing sequence of the batches is shuffled and the data itself is not sorted into a new
batch order.

MIScnn also supports the usage of multiple GPUs and pa@#HU batch loading next to the

GPU computing. Particularly, the storage of already prepared batches on disk enables fast and
parallelizable processing with CPU as well as GPU clusters by eliminating the risk of batch
preprocessing bottlenecks.

Neural Network Model

The selection of a deep learning or convolutional neural network model is the most important
step inan MISpipelineand represents thast core class in MIScnBut thereis alargevariety

of modelarchitecturesand each has different strengths andkmease$13, 27, 36, 118, 200,
261, 269] MIScnn features an open model interface to loabsavitch between provided state
of-the-art convolutional neural network models like the populaxél model[108]. Models
are epresented with the opeaourcebase frameworRensorFlow[72] which provides a user
friendly APl via Keras[272] for commonly used neuraletwork building blocks. The already
implemented models are highly configurableaoyefinable number of neurons, custom input
sizes, optional dropowr batch normalization layerandenhanced architecture versions like
the Optimized HigkResolution DensU-Net model [113]. Additionally, MIScm offers
architectures for 3D as well as 2B0IS. This model selection process is visualizedrigure
4.4. Besideghe flexibility in switching between already implementacthitecturesthe open
architecturenterface enables the ability for custom deep learambitecturemplementations
and simple integratin of these custom models into the MIScnn pipeline.

2D U-Net Standard
Encoder Decoder

Architecture Dimension NN IR NININN

| 2
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nanaling it > > > > >

64 64 64 64
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Figure 4.4: Flowchart visualization of the deep learning model selection process.
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Loss Functions and Metrics

MIScnn offers a large quantity of various metrics which can be used as loss function for training
or evaluation in figures and performance analysis. The Sirdarity Coefficientis one of the

most popular metrics for medical image segmentation. Depgrah the segmentatidask
(binary or multiclass), there is a simple and ckasise DSC implementationin MIScnn
Whereas the simple implementation only accumulates the overall number of correct and false
predictions, the classise implementation accountsr the prediction performance for each
segmentation class which is strongly recommended for commonlywiasknced medical
images.Still, to compensatdor the class biasn versatile situationshe sum of the Tversky
index and the categorical cresstropyis utilizedasaloss function for model fittingpy default

in MIScnn For more detail®on the individua loss functions, see Chaptdrs.2 Thus, the
defaultloss function ensures good performance on binary, as well asataski segmentation

i‘)t ot a |0TV ers kQ/Cr 0-ElsOOT P U (4.1)

Furthermore, alktandard metrics which are includedTiansorFlow like accuracy or cross
entropy, can be used in MIScnn. Next to the already implemented metrics or loss functions,
MIScnn offers the integration of custom metrics for training aadiation A custom metric

can be implemented as defined TiensorFlow (Keas) and simply be passed to the deep
learning model.

Model Utilization

With the initialized deep learning model and the fully preprocessed data, the model can now be
used for training on the data to fit model weights or for prediction by using an afrtady
model. Alternatively, the model can perform amomaticevaluation, as well, by running
crossvalidation for example, with multiple training and prediction calls. The model API allows
saving and loading models in order to subsequently reusalglfited models for prediction

or for sharing prdrained models.

In the process of training a convolutional neural network or deep learning model, diverse
settings have to be configured. At this point in the pipelineinthgeaugmentation options of
thedatasetwhich have &tronginfluence on the training in medical image segmentation, must
be already defined. Sequentially, the batch management configuration covered the settings for
the batch size, and also the batch shuffling at the end of eadh &pecefore, only the learning

rate and the number of epodrerequired to be adjusted before running the training process.
The learning rate of a neural network model is defined as thet ¢atehich the old weights

of the neural network model are wgted in each iteration or epoch. In contrast, the number of
epochs defines how many times the completasewill be fitted into the model. Sequentially,

the resulting fitted model can be saved to diBuring the trainingprocess the underlying
Tensorffow baseframeworkprovidesinsights into the current model performance with the
predefined metrics, as well as the remaining fitting time. Additionally, MIScnn offers the usage
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of a fitting curveevaluation functionality in which the fitting scores andnis are stored in a
tab-separated file or directly plotted as a figure.

For the segmentation prediction, an already fitted neural network model can be directly used
after training or it can be loaded frafile. For every pixel,lie model predicts &oftmaxvalue

for each class. Th8oftmaxvalue represents a probability estimation of this pixel for the
associated label. Sequentially, the argmax of the One Hot encoderd dasdified for multi

class segmentation problems and then converted badkrigla result variable containing the
class with the highesSoftmaxvalue.If using the overlapping patekise analysis approach
during the training, MIScnn supports two methods for patches in the prediction. Either the
prediction process creates distinct patches and treats the overlapping patches during the training
as purelyimage augmentation, or overlapping patches are created for prediction. Due to the
lack of prediction power at patch edges, computing a second prediction for edge pixels in
patches, by using an overlap, is a commonly used approach. In the following mergdes pat
back to the original medical image shape, a merging strategy for the pixels is required, in the
overlapping part of two patches and with multiple predictions. By default, MIScnn calculates
the mean between the predictaoftmaxvalues for each class every overlapping pixel he
resulting image matrix with the segmentation prediction, whichahadentical shapasthe
original medical image, is saved into a file structure according to the provided data I/O interface.

MIScnn supports multiple autorti@evaluation techniques to investighiéS performancek-

fold crossvalidation, leaveone-out crossvalidation, percentageplit validation, holeout sets

for testing atasesplit into test and train set with a given percentaged detailed validatin

in which it can be specified which images should be used for training and testing. Except for
the detailed validation, all other evaluation techniques use random sampling to create training
and testingdataset. During the evaluation, the predefined mestand loss function for the
model are automatically plotted in figures and savetiS\ (Tab Separated/ector)files for
possible further analysis. Next to the performance metrics, the pixel value range and
segmentabn class frequency of medical images can be analyzed in the MIScnn evaluation.
Also, the resulting prediction can be compared directly next to the ground tratiediing

image visualizations with segmentation overlays. For 3D images, like MRIs, e \slit the
segmentation overlays are automatically visualized in the Graphics Interchange Format (GIF

4.2.20pen-Source Development and Deployment

To establish a standardized and commuadgepted framework, it Bsssential to utilize state

of-the-art development and deployment technigioeopenrsource projectsThe main idea of
opensource projects is to encourage useisuitd a community around the software package.

An adequat®pensourceprojectcommunith as a strong interest in Kk
resulting in a community effort tprovide consistent software updates and sud@a@f]. To

achieve this, it is vital to create@bust foundation in whichew users caoontribute without
obstacleq273]. Furthermore, there argeveral featurethat can significantly help aopen

source project flourisirhe development process should be natuoglgnrsourceeither already
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at the start or after@ertain release to the public. Next to tleelopment, the software package
shouldalready providénigh usability in terms of API simplicity, functionality in termsesfor

free execution, and stability in terms of robustness in multiple environments as well as simple
installation processd273]. Moreover, APIs with open interfaces for custom contributions are
particularly useful in research.

The following subchapter points out tledforts of the Author to establish MIScnn as a
standardized and communiigcepted framework.

Philosophy of MIScnn

Based on thepensource principles, MIScnmasbeen developed womply withthe following
philosophies:

U User friendliness

MIScnn is an intuitive API designed for human beings, not machines. With a stronger growing
interest in medical imaging processing, buildMtS pipelinesshould notbe like dnventing

the wheebfor every new user. MIScnn offers consistantisimple APIsfor minimizing the
number of user actions required for common use cases.

U Modularity

The general steps i@n MIA pipeline are identical inthe majority ofprojects. Nevertheless,
switching to another neural network architecturedatasetformat break mog publicly
available medical image processing software, today. MI&tiempts tahange this situation
In particular,data 1/0O, pre/postprocessing functionsnetrics and model architectures are
standalone interfaces thatiould be easily switchable for customization

U Easy extensibility

New interfaceshould besimple to integrate into the MIScnn pipeline. Existing interfaoes
documented and robugAdditionally, MIScnn provide abstract base class@dass templates
in Python) for all interfaces which help defnthe structure and setup of custom
implementationsThe aim is to ensureasy integration of useontributionsor adapt MIScnn
to newdata structure

U Working with Python

MIScnn can be used in Python, which is compact, easier to debugs abswer deployment
and integration into workflowgue to its high popularity in deep learning based computer vision
[273]. The utilization of an intuitive framework guisleto better understamy and
customization instead afstandalonéblackboxdsoftware.
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Open-Source Development

The Git softwareas a version control system and the gstdndardfor any stateof-the-art
development obmall as well as large programming projd@84, 275] Git allows not only
high-quality data assuran@ndto setupstaging areas (multiple programming environments)
but alsoefficient collaborated programmirtgrough branching and mergistyategie§275].
These features make Git the backbone of any-sperce projeci274].

For hosting a Git repository (which is a programming project in Git), there are multiple
platforms that offer distributed version control for programming development and other
featuresThe most popular @hwidely used platform is GitHul219] in whichMIScnn is also
hosted.Other popular Git based platforms &élLab [276] and BitBuckef277]. Next to Git
based version control, GitHub also offers variintegratedfeatures likean issueand pull
request system as well as further infrastructardnosting development operationsefBDps),

& frankkramer-lab / MIScnn | Public L0 Notifications % Fork 108 Y7 Star 326 |~

<> Code (&) Issues 52 {1 Pull requests 4 ) Discussions () Actions [ Projects 1 M wiki e

¥ master ~ Go to file About

A framework for Medical Image

e muellerdo Updated to version 1.4.0 .. v on11Feb {)568 Segmentation with Convolutional
Neural Networks and Deep
Jgithub/workflows Added verbose mode to pytest GitHub Ac... 14 months ago Learning
docs Fixed Travis-Cl build-badge to the master ... 2 years ago framework computer-vision
examples Added multimodal simplistic model for Bra.. 11 months ago deep-leaming  neural-network
) ) ) o ) _ tensorflow medical-imaging pip
miscnn Modification to dictionary_io.py to allow a.. 7 months ago
segmentation
tests Implemented passing of activation_output... 9 months ago convolutional-neural-networks
tutorials Fixed a small file reference bug in the NIfT... 2 years ago medical-image-processing
. ) clinical-decision-support
[ .gitignore Added Jupyter Notebook checkpoints to .. 2 years ago
medical-image-analysis
L) 1) Pl -2 1; = Y7
[ LICENSEmd Updated to GNU GPL-3 License 3 years ago e e A
[ READMEmd Updated paper reference of MIScnn paper... 2 years ago healthcare-imaging
[ requirements.txt Updated to Tensorflow 2.7.0 10 menths ago 00 Readme
[ setuppy Updated to version 1.4.0 7 months ago 88 GPL-3.0 license
v 326 stars
‘= READMEmd © 13 watching
¥ 108 forks
m Medical Image Segmentation
with Convolutional Neural Networks Releases 5
© miscnn.v14 (L)
m on 11 Feb

Figure 4.5: Starting page of the MIScnn repositany GitHuh
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project management techniques, and structured package relessesially for opersource

projects, the optiofior a user to directly communicate to the developersgisestions, bug
reporting or feature requests is essential. Furthermorgyaverful interfaceof GitHub for

reviewing community contributions (pull requests strongly improves efficiency in

collaboration.

The proposed framework MIScimcentralized in &itHub repository. The completand still
ongoingdevelopmenprocesdas beewonein aprivateGit repository sincéheproject stard

in May 2019 The repository was publicly available wittetfirst releaséversion 0.1published

in July 2019.Thedevelopment of thevlIScnn codeis sortedinto three types of branchéghe

master brancls the main code stage which is reserved for stable releases. The development
branch contains the current working state of MIScnn buthoarsenonfunctional features

which arestill a work in progress. The remaining branches are for individual feature
development untilite implementation is ready to be merged in the development branch with a
pull request.

Besides the version control system, GitHub also offers a full issne pull requessystem
Whereas the issue system allows s&@report bugs, feature requests as aglbpen questions
contributorscan utilize pull requests enhance MIScnn featuréghe repository is still actively
maintained through this communication systémother feature for the development process
is thetask organization by the integrated jeit management systesn GitHubwhich is called

the aevelopment trackérin the MIScnnproject The management system is based on an
intuitive canvas boardlustrating active issues and notes whante sortedinto the custom
defined groups: Support/Bugs, Development, In Progiasse,ldeas, and Future Directions.
This publictask managemenénsures a transpareradmap of the proje@ndinforms the
community on whicHeatures are going to be workedin the future

Development of MiScnn —

19 Support/Bugs + o 28 Development + oo 5 In progress + e 52 Done + e

(© How to run with multi-GPU? [E) XAl Experiments -> https;//github.com  *** (=) Experiment with MiScnn for classification *** (2 UnknownError: Failed to get
ned ¢ 9 friraving/SeqGradCAM with Use Case COVID-19 quantitative convolution algorithm. This is prabably

#44 apened 9
because cuDNN failed to initialize
@ cnancement ® assessment
Added by muellerdo #146 opened by Qatbot

by muellerdo @ e

oban/Smoothly = Sample Object Restructuring.

() Model loading requires custom objects **
since TF 2.3.12 .

(© New patching in dev branch not
functional with y installation

muellerdo by Deathlymad

&) Relocate the wiki to readthedocs and ~ *** a =
() Integrate architecture and loss functions *** upload markdown pages in repository
from: https//github.con er1799 under fdocs (@ Attention to covid19.MIScnn author!

= Overlap size too small for grid inference ***
-> error

Added by muellerdo

Amazing-Semantic-Segmentation ened by innat

by muellerdo
(® Training with patch-wise crop Added by muellerdo information ®

#17 opened by MLRadfys = Deploy MIScnn wiki via MkDocs on

- o N
o 3] (=) Function for automatic perfect voxel " GitHub pages or readthedocs I+ Multi-Path architecture proposal
+ #131 opened by jumutc

spacing identification

v Added by muellerdo

by muellerdo

20 Awwmiin brimn AnnbE A ~fban mimmin

Figure 4.6: Extractof thetask management system GitHubfor MIScnn.

Still, the repositorydoes not onlyprovide functionality for the development process but also
acts as a hub for the complete MIScnn projéxt to formal information like software
licensing, referencéo the published articleand the addressf the correspoding author for

Frameworks in Medical Image Analysis with Deep Neural Network®ominik Miller



INMA CHAPTER4 - MEDICAL IMAGE SEGMENTATION

Pageo2

further collaboration studieghe repository also provides important resources gj&ting
started information, documentation, examples as well as tutokiee details about the
documentation resources of MIScnn can be found in thiesuéchapter.

Documentation

Next to developmentelated features, the MIScnn repositoayso provides extensive
documentationWell-written documentations fundamentalfor any opersource projecby
allowing usersto quickly understand the softweapplianceutilize functionswithout reading

the source codeand provide further informationon pitfalls as well astarting points dr
problemsolving [274]. There are different types of software documentation ranging from
manuals technicalinformation about functionsr interfaces, andoftware requirements, to
provenance information like changelogs. Whereaasersion control system automatically
provides the majority of provenance information in software developro@mmon forms of
documentatiomn machine learning are wikfer APIs and example applicatiofa78].

All core features of MIScnn are documented wiki. The wiki is hosted also daitHub and

is directly associatedvith the Git repository. It is represented through another hidden Git
repository containing the wiki pages encoded inrtfakdownfile format. An example page

of the MIScnn wiki isillustrated inFigure 4.7. The API functions like core classes and
interfaces are all documentigatiuding thefunction parameters, a short usage example, as well

Home

muellerdo edited this page on 30 Jul 2020 + 8 revisions

Medical Image Segmentation
with Convolutional Neural Networks
The open-source Python library MIScnn is an intuitive API allowing fast setup of medical

image segmentation pipelines with state-of-the-art convolutional neural network and deep
learning models in just a few lines of code.

MIScnn provides several core features:

« 20/3D medical image segmentation for binary and multi-class problems
» Data |/O, preprocessing and data augmentation for biomedical images
» Patch-wise and full image analysis

» State-of-the-art deep learning model and metric library

» Intuitive and fast model utilization (training, prediction)

s Multiple automatic evaluation technigues (e.g. cross-validation)

« Custom model, data I/O, pre-/postprocessing and metric support

« Based on Keras with Tensorflow as backend

Philosophy of MIScnn

User friendliness:
MIScnin is an intuitive APl designed for human beings, not machines. With a stronger growing
interest in medical imaging processing, building medical image segmentation pipelines

» Pages a

Getting Started

» What is MIScnn?
» Install

» Basic Usage

» Tutorials

» Examples

Documentation - Core

» Data /O

» Preprocessar

+ Data Augmentation

» Meural Metwork Model

+ Walidation Technigues
Documentation - Interfaces

» Architectures
» Metrics

» Subfunctions
» |/ Interfaces

Documentation - Extras

* Sample

Figure 4.7: Extract of the MIScnn wiki starting page on GitHub.
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asfurther details or warnings. ARlocumentatiorexamplesare illustrated irthe subchapter
Core Classefom Chapter4.2.3

Table 4.1: Overview of available examples for MIScnn.

Example Name  Clinic Department

Description

KiTS19 Radiology
ISBI-CTC15 Pathology
COVID-19 Radiology
LCTSC Radiology
RetinalSeg Ophthalmology
BraTS2020 Neurology

3-fold crossvalidation on 3DCT scans for kidney tumor segmentatic

LeaveOneOutvalidation on 2Dmicroscopy imaging for cell segmentation and tracki
5-fold crossvalidation withlimited 3D CT scans for COVIEL9 segmentation
Percentag&plit validation withlung CTscans in DICOM fopbrgan segmentation
Segmentation of blood vessétstinal vascular tréen retinalimages.

Segmentation of brain tum®(dioma) in multi-modalMRI scans

Alongside the wiki, complete pipelines of MIScnn gmesented and explained in separate
examples.Studying & implementation example a@pensourceproject which appliesthe
proposed software isften the first stegfor new users or researchd2¥8]. An examplecan
providevarious types of informatignvhether it ishow to apply the softwaror in what context

the software can be uséethus,to offer quick familiarization with the APMIScnn provides
multiple documented examples which can be seéralrie4.1. The examples areitherlarger
projects with separate Git repositoriex smaller studie®n simple datasets as well as
implemented inJupyter Notebook$278] with explanatory sectiongzurthermore, MIScnn
provides three tutorials which are short examples demonstrating only a single feature instead

of a complete MIS pipeline.

Continuous Integration

Another fundamentatoncept of modern opesource projectss continuous integratiofCl)
strategies. The concept of continuous integration describes principkastéonatic as well as
permanentebuilding, testingand evaluatioof the softward¢o ensure functionality and quality
[279]. In a Git environment, this process is often triggextecertain release stages or ideally
each commit push (uploading of new programming tde@emarily, immediate deteain of
errors when introducing new code is highly important for code stalahity robustness,
especiallyfor medical softwareThe testing process @bftware is called regression and unit
testing.Karl Fogeldescribes the terms his workas follows[274]:

ARegressi on

testi

ng

means

t e st iumpgseisthr@ducewo r ki

the chances that code changes will break the software, particularly in ways the software has
been broken before. Many projects have a regression test suite, a separate program that invokes
the project's software with the expectatiomafticular inputs causing particular behaviors. If

the test suite succeeds in causing a different behavior to happen, this is known as a regression,
meaning that someone's change unexpectedly broke something else.
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Unit testing means testing the softwamesdule boundaries using their documented APIs. Its
purpose is both to reduce the chance that modifications will break existing functionality, and
to prove that the intended functionality exists as claimed. If regression testing is retrospective
("What hasbroken in the past?"), unit testing is prospective ("What do we need to ensure
continues to work into the future?"). As with regression tests, many projects have a unit test
suite.o

In thisthesis regression and unit testing will heed simultaneouslyy t he term &6uni
MIScnn integrates extensive unit testiogprovideconsistent functionality ankigh software

guality. This allows not only a more efficient reviewing and integration of community
contributions, but also significantly improwverall development qualityThe unit testing

consistf general pipelingestingwith multiple typesas well agormats of imaging dataore

classtesting withvariousparametepptions, individual function testin@nd overall edge case

testing for the complete MIScnn ARh total, 152 unit tests were implementéah overview

of unit tests grouped by submodules in MISdansummarizedn Table 4.2. The server

build (3.8) ~

Set up job

Run actions,/checkout@vz
Set up Python 3.8

Install dependencies

Test with pytest

s :architectureTEST: itest_
t_architecture ::architectureTEST: (tes

architec s:architec
_archit 1y s rarchit
archit 1y s rarchit
_archit 1y s rarchit
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t
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Figure 4.8: Extract d the ClI pipeline logs for MIScnn on GitHub.
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infrastructure for automatically running the unit testing was initially hostéteacommercial
platform TravisC[[280] and integrated into the GitHub environment of the MIScnn repository
However, due tgervice changesf TravisCl(ending special support for opgource projects)

in November 2020the majority ofCl workflows of MIScnn were relocated tbe GitHub
infrastructure. Thusall resources of MIScnn were centralizada single infrastructure host
which drastically reduced integration complexity.

Table 4.2: Distribution of unit tests for the MIScnn framework.

Submodule Unit Tests
Command Line Interface 9
Data I/O 13
IO Interfaces 16
Data Augmentation 16
Patch Operations 4
Subfunctions 19
Preprocessor 15
DataGenerator (interface between Preprocessor and Neural Network) 9
Neural Network 15
Deep Learning Architectures 8
Loss Functions and Metrics 17

Multi-Model Module (Ensemble Learning)
Evaluation 4

In order to further evaluate the code quality, the software metric unit testing coverage was
computed with th&€€odecowplatform[281]. The code coverage can be defined as tmeleu

of code lins thatare coved irthe unit tesing. A low coverage indicates that only individual
parts of an API or frameworaretestedindicatingthat a large percentage of the software is
vulnerableto undetectecerrors whereas a high coverage indicasedtwarerobustness and
functionality. For MIScnn,3,753code linedrom a total o#4,166lines(without documentation

and formatting linesare unit testedsfate 13.09.2022) which results in coverage of@a

Package Availability

The source codand further resources like documentatasravailable in the Git repository:
https://github.com/frankkraméab/MIScnn MIScnn is liensed under the opeource GNU
General Public License Version 3

For deployment in a Python environment, MIScnn is also availathe Python Package Index
(PyP1) which is the official package stdi@ Python.The Python Package Index allowst
only installing already builtdvheel® allowing faster installation)out also the automatic
building from the source code of the packaljeerefore,lie MIScnn framework can be directly
installed as a Python libransingpip install miscnn
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4.2.3API Usage

The framework MIScnn is a toolkit for medical image segmentationtand,can be utilized
as an APin a Python environmerior building MIS pipelinesThis subchapter describes the
installation processthe documentation of the fowore classes of Micnn and a simple
exampleof how to use MIScnn

Installation

There are twoptionsto install MIScnnin a newPythonenvironmentThe recommetied way

of installation isusing PyP[more information on PyPI can be found in Beckage Availability
section of Chaptet.22). The coresponding installation manager for PyPI is pigpackage.

It is the official preferred installer programwf the Python language (since version 3282].

The strongest advantage ofilizing pip for installationis thefully automatic andimplistic
installation of package dependencidhe alternative installation option is the manual
installation from the source code. This can be achieved by downloading MIScnn from the Git
repository(GitHub) and installig it by calling the installation scriggetup.py Similar to pip,

the manual installation script also supports simplistic dependency installation, but can not
handle more complex dependency issuEsirthermore, pip offers additional virtual
environment suport compared téhe manualsetup.pyinstallation[283] and d@snot require
manual source code download beforehd&wth installation options are demonstratecCode
Snippet4.1.

pip install miscnn

git clone https://github.com/frankkramer - lab/MIScnn
cd MiScnn/
python setup.py install

N o g b WDN PR

Code Snippet4.1: Installationprocesf the proposed MIScnn framework.

Despitethe automatic dependency installation, it is stommendedo setup a TensorFlow
distribution on the systeprior MIScnn installationn order to ensure full library functionalit
The reason for ik isthat TensorFlowelieson a large amount afperationakystems drivers
like CUDA [220]. After the installation process, the MIScnn API can be utilize@nn
associated Python environment.

Core Classes

The MIScnn pipeline is representedfoyr core classeasalready described in Chap#R.1

Data I/O

Data Augmentation (optional)
Preprocessor

Neural Network Model

cC:
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These classes handle all required steps for medical image segmentation and can be extensively
customized. All classes, except the Data Augmentation class, use switchable interfaces which
results in high configurability andustomizability offeringsimple integration of usedefined

Data
Augmentation

Figure 4.9: Workflow of the four core classes in the MIScARI.

solutiors.
Architecture
m m
: m_l

The firstcoreclassof the MIScnn API is the Data I@ass. This class provides functionality

for handling all input and output processes of the imaging data, as well as the temporary backup
of batches to the disld user is only required to createsingleinstance of the Data 10 class

with the desired sp#fications and 10 interface for the correct format. It is possible to create a
custom 10 interface for handling special data structures or forfifa¢sdocstring and argument
descriptions areummarized irFigure4.10.

Data_IO(interface, input_path, output_path="predictions",
batch_path="batches", delete_batchDir=True)

Initialization function for creating an object of the Data 10 class.
Arguments:

« interface: Data I/O interface object.

« input_path: Path to the input image data directory (passed to Data I/O interface object).

+ output_path: Path to the output directory for predictions (passed to Data I/O interface object).

+ batch_path: Path to the directory for temporary files like batches or preprocessing files.

+ delete_batchDir: Boolean, whether the temporary batch directory should be deleted, afterwards.

Returns:
A Data_IO class object. Have to be passed to the Preprocessor class and can be used to access the sample list.

Example:

# Create a Data I/0 interface for kidney tumor CT scans in NIfTI format
from miscnn.data_loading.interfaces import NIFTI_interface
interface = NIFTI_interface(pattern="case_808[@-9]*", channels=1, classes=3)

# Initialize data path and create the Data I/0 instance

data_path = "/home/mudomini/projects/KITS_challenge2019/kits19/data.original/"
data_io = miscnn.Data_IO(interface, data_path)

Figure 4.10: Extract ofthe documentation entry for the Data 10 class from the MIScnn wiki.
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Data_Augmentation{cycles=1, scaling=True, rotations=True,
elastic_deform=False, mirror=False, brightness=True,
contrast=True, gamma=True, gaussian_nolise=True)

Initialization function for creating an Data Augmentation object.

Figure 4.11: Docstring of the Data Augmentation class from the MIScnn wiki.

Dataaugmentatiomn imagess a technique that can be used to artificially expand the size of a
training dataset by creating modifiegrsions of images in the dataset. The point of data
augmentation is, that the model will learn meaningful patterns instead of meaningless
characteristics due to smdktasesize.The Data Augmentation classMIScnn is thesecond

as well as an optioh&ore class. Théollowing Preprocessor, which is the third calass
automatically initialize a Data Augmentatiortlass with default valuesout by manually
initializing the optional class, it is possible to adpsiich augmentation techniques shohéd
applied tathe dataseflhe docstring and argument descriptions of the Data Augmentation class
are summarized iRigure4.11 andFigure4.12.

Arguments:

o cycles: Number of augmentated image copies that should be created.

 scaling: Boolean, whether scaling should be performed as data augmentation.

s+ rotations: Boolean, whether rotations should be performed as data augmentation.

+ elastic_deform: Boolean, whether elastic deformation should be performed as data augmentation.
« mirror: Boolean, whether mirroring should be performed as data augmentation.

« brightness: Boolean, whether brightness changes should be added as data augmentation.

« contrast: Boolean, whether contrast changes should be added as data augmentation.

+ gamma: Boolean, whether gamma changes should be added as data augmentation.

+ gaussian_noise: Boolean, whether Gaussian noise should be added as data augmentation.

Returns:

A Data_Augmentation class object. Have to be passed to the Preprocessor class.

Example:

# Initialize

data_aug = Data_Augmentation(cycles=2,
scaling=False, rotations=False,
elastic_deform=False, mirror=False,
brightness=False, contrast=False,
gamma=True, gaussian_noise=True)

# Further configurations

data_aug.config_p_per_sample = 8.35

data_aug.config_contrast_range = (1, 2)

# Pass to Processor
pp = Preprocessor(data_io, data_aug=data_aug)

Figure 4.12: Documented argument descriptions of the Data Augmentation class from the MIScnn v

Thethird core class in the MIScnn API is tReeprocessaclasswhich provides functionality
for handling all preprocessing methods the pipeline This includes diverse optional
processing subfunctions like resampling, clipping, normalizatiooustonsubfunctionsThis

Dominik Muller - Frameworks in Medical Image Analysis with Deep Neural Networks



Page99 CHAPTER4 - MEDICAL IMAGE SEGMENTATION [N.k

Preprocessor(data_io, batch_size, subfunctions=[],
data_aug=Data_~Augmentation(), prepare_subfunctions=False,
prepare_batches=False, analysis="patchwise-crop”,
patch_shape=None, use_multiprocessing=False)

Initialization function for creating a Preprocessor object.
Arguments:

+ data_io: Data 10 class instance which handles all /O operations.
» batch_size: Number of samples inside a single batch.
» subfunctions: List of Subfunctions classes which will be SEQUENTIALLY executed on the data set.

« data_aug: Data Augmentation class instance which performs diverse data augmentation techniques. If no Data Augmentation

is provided, an instance with default settings will be created. Use data_aug=Mone, if you want no data augmentation at all.

« prepare_subfunctions: Boolean, whether all subfunctions should be prepared and backup to disk before starting the batch

generation (True), or should the subfunctions preprocessing be performed during runtime? (False).

+ prepare_batches: Boolean, whether all batches should be prepared and backup to disk before starting the training (True), or
should the batches be created during runtime? (False).

« analysis: String. Modus selection of analysis type. Options: ["fullimage”, "patchwise-crop”, "patchwise-grid"]
s patch_shape: Integer tuple. Size and shape of a patch.

+ use_multiprocessing: Boolean. Uses multi-threading to prepare subfunctions if True (parallelized).

Returns:
A Preprocessor class object. Have to be passed to the Neural Network Model class.

Figure 4.13: Extract of the documentation entry for tAeeprocessaslass from the MIScnn wiki.

class processes the data into batdhesare ready to be used for training, predictiand
validation. The user is only required to create an instance of the Preprocessor class with the
desired specifications and Data 10 instance (optionalaaBata Augmentation instancd)he
docstring and argument descriptions of Breprocessotlass aressummarized irFigure4.13

and arexample inFigure4.14.

Example:

from processing.preprocessor import Preprocessor
from processing.subfunctions import Clipping, Mormalization, Resampling

sF [Clipping(min=-1@8, max=588), MNormalization(z_score=True), Resampling((3.22, 1.62, 1.62))]

pp = Preprocessor{data_io, data_aug=None, batch_size=2, subfunctions=sf,
prepare_subfunctions=True, prepare_batches=Falsze,
analysis="patchwise-crop", patch_shape=(882,16@8,168))

pp.patchwise_owverlap = (48, 38, 28)
Figure 4.14: Exampleinitialization of the Preprocessor clagem the MIScnn wiki.

The Neural Network class is the last core class of MIScnrfarations asa hub to run the
complete pipeline. Iprovides functionality for handling all model methodich includes
running training, prediction,and evaluatiorprocessesThis core class inherits and uses all
previously defined core classefhe docstring and argument descriptions of Mweural
Networkclass aresummarized irFigure4.15.
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Meural_Network({preprocessor, architecture=Architecture()},
loss=tversky_loss, metrics=[dice_soft],
learninig_rate=8.88081, batch_queue_size=2,
workers=1, multi_gpu=False)

Initialization function for creating a Neural Network (model) object.
Arguments:

= preprocessor: Preprocessor class instance which provides the Neural Network with batches.

architecture: Instance of a neural network model Architecture class instance, By default, a standard U-Met is used as
Architecture.

loss: The Metric function which is used as loss for training.

metrics: List of one or multiple Metric Functions, which will be shown during training.

learninig_rate: Learning rate in which weights of the neural network will be updated.

batch_queue_size: The batch queue size is the number of previously prepared batches in the cache during runtime.

workers: Number of workers/threads which preprocess batches during runtime.

multi_gpu: Parameter which decides, if multiple gpus will be used for training (Distributed training).

Returns:
A Neural Network Model class object.

Example:

model = miscnn.Neural_Network(preprocessor=pp) [_—|
model.train(sample_list[@:188], epochs=58)

Figure 4.15: Extract of the documentation entry for tNeural Networkclass from the MIScnn wiki.

Basic Usage

In the following subchapter, a simpgampledemonstratebow to use MIScnn for building
modern deep learning based MIS pipddimeless thar0 lines of code. As introduced the
subchapteCore Classesf Chapte.2.3 a MIScnn pipeline is built witthethree mandatory

1 |# Import the MIScnn module
2 |import miscnn
3
4 # Create a Data I/O interface for kidney tumor CT scans in NIfTI format
5 |from miscnn.data_loading.interfaces import  NIFTI_interface
6 |interface = NIFTI_ interface(pattern ="case_000[0 -9]*" ,channels =1, classes =3)
7
8 |# Initialize data path and create the Data I/O instance
9 |data_path = "/home/mudomini/projects/KITS_challenge2019/kits19/data.original/"
10 [data_io = miscnn. Data_lO(interface, data_path)
11
12 # Create a Preprocessor instance to configure how to preprocess the data into batches
13 |pp = miscnn. Preprocessor(data_io, batch_size =4, analysi s="patchwise -crop" ,
14 patch_shape =(128, 128, 128))
15
16 [# Create a deep learning neural network model with a standard U - Net architecture
17 |from miscnn.neural_network.architecture.unet.standard import  Architecture
18 |unet_standard = Architecture()
19 |model = miscnn. Neural_Network(preprocessor  =pp, architecture =unet_standard)

Code Snippet4.2: Setup of a medical image segmentation pipekite MIScnn.
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core classedata 10, Preprocessor, and Neural Nate(Data Augmentation aan optional
core class)As demonstrated i€ode Snipped.2, each core clags initialized and then passed
to the next clas. After initializing all core classes, the returning model olbggresents a fully
functional MIS pipeline.

1

2 |sample_list = data_io . get_indiceslist()

3 |model. train(sample_list[ 0: 80], epochs  =50)

4

5

6 |preds = model. predict(sample_list[ 80: 100], return_output =True)

Code Snippet4.3: MIScnn pipeline utilization for training and prediction processes.

With aMIScnn model, which represents a complete MIS pipeline, it is possible to run training
and prediction processe&s shown inCode Snippet.3, the model is usetbr training on the

first 80 samples from the dataset and, afterward, usqutédictingthe segmentation mask of
theremainng 20 samplesThis exampleaevealshe simplicity of building and using a staté-
the-art MIS pipelinewith MIScnn

4.2.4Community Contribution s, Support, and Popularity

As previously statedhe proposedMiScnnframeworkwas released July 2019as an open
source project for standardized medical image segment&tizze then, ihas been maintained,
supported, and further developed. AlstiIScnnhas beemot onlyutilized in in-house studies
which are discussed in the next chapterdiasalsobemmepopular in the community of MIS.
In order to empirically quantifythe prevalence of the proposed framewdtle GitHub
repository metadata as well e PyPl download statistics were evaluated

In terms of further project development and community contributiblesnumber of issugm
which users reported erro@sked questions, or suggested feategeestsand the number of

Contribution Estimation for the Framework: MIScnn
Date of Measurement: 13.09.2022  Total Issues: 158 Total Pull Requests: 50

164 I

Issues per Month (green - bar plot)
<«
(10]d Ausuap - pa1) yiuop Jad sisanbay |Ind

Figure 4.16: Community contribution estimation for the MIScnn framework.
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pull requestsin which users directly contributed to the projecére analyzed and visualized

in Figure4.16. The data resaled a constant number of issues and pull requests per month
implying the presence of an active community around the project. A peak of contributions
occured between February to April 2022. The highest numbearreatedissues was in June
2020 with 16 isues per monthlhis indicates not only the required effort wfaintainingan
opensource project but also shows the community interesieiMMIScnn project.

Popularity Estimation for the Framework: MIScnn
Date of Measurement: 13.09.2022  Total GitHub Stars: 327 Total PyPI Downloads: 159,552
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Figure 4.17: Popularityestimation for the MIScnn framework.

For popularity estimation of the frameworknd to approximate the number of user
(community size)the GitHubStars, which act abookmarks in GitHub, and the number of
packagedownloads from the PyPI statistics datab@dso called inehaul project]284] was
analyzed and visualizeid Figure4.17. In contrast to the analyzed community contribution
featuresthe number of downloads and GitHub Stans a more direct indicator of community
prevalenceand quantity Overall constant popalrity with noticeable standard deviationthe
monitored time periodvas observedHowever,the last observed month indicata slight
reduction intraffic which correlate with the last published releasa February 2022.
Furthermore, th&entified peakof issue creations June2020also correlates with a peak
package downloadadicating a community growth of actid contributingisers
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4.3 Study: Kidney Tumor Segmentation

In this subchapterdata from the Kidney Tumor Segmentation Challenge 20d<$analyze

and evaluat@ using MIScnn. The main idea for this experimevdas to demonstrate the
functionality and 6 o-aftheb o x 6 performance of MI Schan wit
consuming optimiz#on on the dataset or on the medical abnormality.

4.3.1Dataset

With more than 40000 kidney cancer diagnoses worldwide in 2018, kidney caneenasig

the top 10 most common cancer types in men and under the top 15 en\&88]. The
development of advanced tumor visualization techniques is highly important for efficient
surgical planning. Due to the variety in kidney and kidney tumor morphology, automatic image
segmentation is challengingitoof great intereqtL29].

The goal of the KiTS1%idney tumor segmentation 201&)allengewasthe development of
reliable and unbiased kidney and kidney tumor semantic segmentation m¢iReds
Therefore, the challenge built a dataset for arterial phase abdominal Glo6880 kidney
cancer patientgl29]. The original scans have an image resolution of 512xbdéls and on
average 216 slices (highest slice number is 1059). For all CT scans, a ground truth semantic
annotationwas created by experts. This semaatinotationlabeled eaclpixel with one of
three classes: Background, kidney tumor. An example CT scan includiitg annotation is
shownin Figure4.18 in which the ground truth segmentation is visualized for both kidneys
(red) and tumor (blug)L29]. 210 ofthe CT scansncluding annotationsere published during
the training phase of the challenge, vdas 90 CT scans withoptiblishedground truth were
released afterward in the submission phase. The CT scans were protadiml file format

in original resolution and also in interpolated resolution with slice thickness normalization.

Figure 4.18 Computed tomography image from the KiTS19 dataset.
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4.3.2Application

In this subchapter, the MIScnn aitd pipeline configuratioraredescribedFor the evaluation

of the MIScnn framework usability, a subset of 120 CT scans with slice thickness normalization
were retrieved from the KiTS1®aining datase{210 samples in totalAn automatic Jold
crossvalidation was run on this KiTS19 subsetiwiMIScnn. In order to reduce the overfitting
risk, the croswalidation testing sewid not influencehe fitting process and were not used for
any automatic hyperparameter tuning.

MIScnn Configurations

The MIScnn pipeline was configured to perform a mciliss, patclwise analysis with
80x160x160pixel patches and a batch size ofP2xel value normalizatiorwas appliedy Z-

Score, clipping to the rang&9 and +304 HU, as well as resampling to the voxel spacing
3.22x1.62x1.62nm. For image augmentatioa)l implemented augmenting techniques were
used. This includes creating patches through random cropping, scaling, rotations, elastic
deformations, mirroring, brightness, contrast, gamand Gaussian noise augmentations.

The standard 3D Wet[108, 117]with batch normalization lars wasused as deep learning

and convolutional neural network model. The training was performed using the Tversky loss
[241]for 1,000epochs with a starting learning rate of“dhd batch shuffling after each epoch.
Additionally, early stopping and learning rate reduction techniques were utilized based on
training loss monitoring-or prediction, overlapping patches were created witbverlap size

of 40x80x80 pixels in xy, andz-axes.

CodeDemonstration

In this subchapter, the required code to setupli&cnn pipeline for model trainings
demonstratedrhe first step in the MIScnn pipeline is to establislai 1/0. MIScnn offers the
utilization of custom Data 10 interfaces for fastegration of specific data structsnato the
pipeline. The KiTS19 CT scansneencoded in the NIfTI file format, therefore a Data 10 class
with the NIfTI interface for handling the NIfTI file format wagployed.

1

2 |from miscnn.data_loading.interfaces.nifti_io \

3 import NIFTI_interface

4 |from miscnn.data_loading.data_io import Data_IO

5

6

7

8 |interface = NIFTI_interface(pattern ="case_00[0 -9]*" ,

©

channels =1, classes =3)

B oR e
N R O

data_path = "/storage/kits19/data/"

B
now

data_io = Data_lO(interface, data_path)

Code Snippet4.4: KiTS19 dataset loading in MIScnn.
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After the Data 10 Interface initializian, the Data Augmentation and Preprocessor class can be
configured.A Preprocessor object with default parameters automatically inisadizBata
Augmentation class with default values, buthis study; it was initializedby hand to illustrate

the exat workflow of the MIScnn pipelinelhe Data Augmentatiois configuredor using all
possible augmentation techniques in order to run extemsiage augmentation and avoid
overfitting. Furthermorea list of subfunctionswasselectedhatwere appliedo the datasett

is possible to add already providedibfunctions from MIScnn ofmplement custom
subfunctions and pass these to the MIScnn pipelm#his study, the following subfunctions
were usedPixel value normalization, clippin@nd resampling.

Finally, the Data 10, the Data Augmentatipandthe list of Subfunctionscan be passetb
create thePreprocessorAdditionally, the Preprocessowas configuredo create batches by
randonty cropping patches wita shape 080x160x16Qoixelsout of the imagandanoverlap
between patches

1

2 |from miscnn.processing.data_augmentation import Data_Augmentation

3

4

5 |data_aug = Data_Augmentation(cycles =2, scaling =True, rotations  =True, elastic_deform  =True,
6 mirror =True, brightness  =True, contrast =True, gamma=True,
7 gaussian_noise =True)

8

9

10 [from miscnn.processing.subfunctions.normalization import  Normalization
11 [from miscnn.processing.subfunctions.clipping import  Clipping

12 |from miscnn.processing.subfunctions.resampling import Resampling

13

14

15 |sf_normalize = Normalization(mode ="z -score" )

16

17 |sf_clipping = Clipping( min=-79, max304)

18

19 [sf_resample = Resampling(( 3.22, 1.62, 1.62))

20

21

22

23 [subfunctions = [sf_resample, sf_clipping, sf_normalize]

24

25

26 |from miscnn.processing.preprocessor import  Preprocessor

27

28

29 [pp = Preprocessor(data_io, data_aug =data_aug, batch_size = =2, subfunctions  =subfunctions,
30 prepare_subfunctions =True, prepare_batches =False,

31 analysis ="patchwise -crop" , patch_shape =(80, 160, 160),
32 use_multiprocessing  =True)

33

34

35 |pp. patchwise_overlap = (40, 80, 80)

Code Snippet4.5: Initialization of the Preprocessor class kisthey tumor segmentation

Frameworks in Medical Image Analysis with Deep Neural Network®ominik Miller



[N.k CHAPTER4 - MEDICAL IMAGE SEGMENTATION Pagel06

The Neural Network classs thehub of the MIScnn pipeline and allows runnitngining and
prediction operation Toshow the simplicity andffectivenes®f MIScnn,asimple 3D UNet
architecture was selectedas neural networkwithout integrating any further manual
optimizations As loss functiondr training, theTversky loss was used

1

2 |from miscnn.neural_network.model import  Neural_Network

3 |from miscnn.neural_network.metrics import dice_soft, tversky_loss

4

5

6 |model = Neural_Network(preprocessor  =pp, loss =tversky_loss, metrics =[dice_soft],
7 batch_queue_size =3, workers =3, learninig_rate =0.0001)

Code Snippet4.6: Initialization of the Neural_Network class for kidney tumor segmentation.

After the setup of the MIScnn pipeline by initializing the core clastes,MIA pipeline is

functional, and its modedanbe fitted in a training procesBue to MIScnnbeingbased on
TensorFlowf72], it 1 s possible to integrate powerfu
Here, the learning rate reduction schedule and early stoppirpdadre utilized. For the

training process, the automatic crasdidationby MIScnn was performed with 3 tsenumber

of k-folds.

1

2 [from tensorflow.keras.callbacks import ReduceLROnPIlateau

3 [cb_Ir = ReduceLROnPlateau(monitor ='loss' ,factor =0.1, patience =20, verbose =1,

4 mode='min’ , min_delta =0.0001, cooldown =1, min_Ir =0.00001)
5 [from tensorflow.keras.callbacks import  EarlyStopping

6 |cb_es = EarlyStopping(monitor  =loss’ , min_delta =0, patience =150, verbose =1, mode ='min’ )
7

8

9 |validation_samples = data_io . get_indiceslist()[ 0: 120]

10

11

12 {from miscnn.evaluation.cross_validation import  cross_validation

13

14 |cross_validation(validation_samples, model, k_fold =3, epochs =1000, draw_figures =True,
15 callbacks =[cb_Ir, cb_es])

Code Snippet4.7: Performing a dold crossvalidationon the KiTS19 dataset with MIScnn.

The crossvalidationfunctionality of MIScnnruns the training and prediction procéssmes
on with different combinatios ofsubsets from the provided data

Code Reproducibility

To ensure full reproducibility, the complete code of gtiglyis publicly available

The originalGit repository:https://github.com/muellerdo/kits19.MIScnn

The reworked and more effective Notebdukich was illustrateth Subchapted.3.2Code
Demonstratiof
https://github.com/frankkraméab/MIScnn/blob/master/examples/KiTS19.ipynb
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All data generated and analyzed during this study is available Zetiwo repository
https://doi.org/10.5281/zen0do.3962097

4.3.3Results and Discussion

The crossvalidation was run on two Nvidia Quadro P6000 (24GB VRAM) and took 58 hours.
With the MIScnn pipeline, it was possible to successfully set up a complete, working medical
image multiclass segmentation pipelinEhe evaluation of th8-fold crossvalidation of 120

CT scans for kidney and tumor segmentatices basedn the classwvise Dice Similarity
Coefficient and thenormalized DSC (soft DSC) in which all clasgsse DSCs are macto
averagedThe scores were computed during tinaining processas well asn the prediction
processwith thefinal fitted model.

The fitted model achieved strong performance for kidney segmentation. It was possible to
achieve a DSC medianf around 0.9544or kidney segmentationThe tumor segmentation
prediction showed a considerably high but weaker performance than the kidney with a median
of around 0.7912.

Table 4.3: Performance results of thef8ld crossvalidationfor tumor and kidney segmentation.

Metric Training Validation
Tversky loss 0.3672 0.4609
Soft DiceSimilarity Coefficient (soft DSC) 0.8776 0.8235
Categorical crosentropy -0.8584 -0.7899
Dice Similarity Coefficient Background X 0.9994
Dice Similarity Coefficient Kidney X 0.9319
Dice Similarity Coefficient Tumor X 0.6750

For each croswalidation fold, the training and prediction scores are visualizédgure4.19
and sutmedup in Table4.3. In Table4.3, eachmetric was computed between the provided
ground truth mask and the proposed mauteldiction. Afterward, the scores weaeeraged
between the three foldBigure4.19is grouped into three subplots. The |dfit shows a fitting

Figure 4.19: Fitting curves and performance assessrfarhe kidney tumor segmentation pipeline.
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