AUTOMATIC BRAIN MR IMAGE SEGMENTATION USING
QUANTUM-INSPIRED SELF-SUPERVISED NEURAL
NETWORK ARCHITECTURES

Debanjan Konar

DEPARTMENT OF ELECTRICAL ENGINEERING
INDIAN INSTITUTE OF TECHNOLOGY DELHI
FEBRUARY 2021



© Indian Institute of Technology Delhi (I1'TD), New Delhi, 2021



AUTOMATIC BRAIN MR IMAGE SEGMENTATION USING
QUANTUM-INSPIRED SELF-SUPERVISED NEURAL
NETWORK ARCHITECTURES

by

Debanjan Konar

Department of Electrical Engineering

Submitted

in fulfilment of the requirements of the degree of Doctor of Philosophy

to the

INDIAN INSTITUTE OF TECHNOLOGY DELHI
FEBRUARY 2021



THESIS CERTIFICATE

This is to certify that the thesis titled Automatic Brain MR Image Segmentation using Quantum-
Inspired Self-Supervised Neural Network Architectures, submitted by Debanjan Konar, to
the Indian Institute of Technology, Delhi, for the fulfilment of the requirements for the award of
degree of Doctorate of Philosophy, is a bonafide record of the research work done by the student
under our supervision. The contents of this thesis, in full or in parts, have not been submitted to

any other Institute or University for the award of any degree or diploma.

Prof. Bijaya Ketan Panigrahi

Professor

Dept. of Electrical Engineering

Indian Institute of Technology Delhi, New Delhi-600 036

(\A; handte Bhaghae /\4/7 -

Prof. Siddhartha Bhattacharyya

Professor

Dept. of Computer Science and Engineering

CHRIST (Deemed to be University), Bangalore-560029

Place: New Delhi
Date: March 2, 2021


SP-Lab2
Stamp


ACKNOWLEDGEMENTS

First of all, I would like to give sincere thanks and gratitude to my esteemed supervisors, Prof.
Bijaya K. Panigrahi (Professor, Department of Electrical Engineering, Indian Institute of Tech-
nology Delhi) and Prof. Siddhartha Bhattacharyya (Professor, Department of Computer Science
and Engineering, CHRIST University, Bangalore), for the invaluable guidance, and spending their
precious hours for my work. Their kind cooperation and suggestions throughout the work guided
me with an impetus to work and made the completion of work possible. I thank Dr. Tapan Kumar
Gandhi (Associate Professor, Department of Electrical Engineering, Indian Institute of Technol-
ogy Delhi), Dr. Anup Singh (Associate Professor, Centre for Biomedical Engineering, Indian
Institute of Technology Delhi) and Prof. Brejesh Lal (Professor, Department of Electrical Engi-
neering, Indian Institute of Technology Delhi) for their encouragement and polite support during

this period.

I also thank my friend Mr. Sidharth Gautam (Research Scholar, Department of Electrical
Engineering, Indian Institute of Technology Delhi) , who has helped during this period in various

ways.

Debanjan Konar (201SEEZ8421)  KJebaernjon Kamss

il


SP-Lab2
Stamp


ABSTRACT

The primary aim of the research is to develop novel pattern identification integrated self-supervised
frameworks for fully automated segmentation of brain Magnetic Resonance (MR) images for brain
tumor detection obviating supervision or training. Initially, we have proposed a Quantum Bi-
directional Self-organizing neural Network (QBDSONN) architecture for binary image segmenta-
tion and detection of complete brain tumor using TCIA data set collected from nature repository.
The QBDSONN architecture comprises a trinity of layered architecture viz. input, intermedi-
ate/hidden and output layers. Each one of the layers is composed of gubits or quantum neurons
and these quantum neurons are intra-connected through intra-layer connections. The input, inter-
mediate, and output layers of the network architecture are interconnected using an 8-connected
neighborhood-based fashion through forward, and counter-propagation precluding the complex
standard quantum back-propagation algorithms. The segmented outcome is obtained once the
network stabilizes or converges. The parallel version of the QBDSONN architecture for pure
color image segmentation is also proposed and it is named as Quantum Parallel Bi-directional
Self-Organizing Neural Network (QPBDSONN) architecture. The QBDSONN and QPBDOSNN
architectures employed standard Sigmoidal activation function in quantum-inspired computing
environment and found it suitable for bi-level segmentation while compared with the state of the
art techniques and its classical counterpart. However, owing to wide variations of gray levels of
brain MR images, a novel Quantum-Inspired Self-supervised Neural Network (QIS-Net) archi-
tecture characterized by Quantum-inspired Multi-level Sigmoidal (QMSig) activation function is
proposed for fully automatic segmentation of brain MR images from TCIA data set. An adap-
tive activation procedure is introduced in the QMSig activation function to address the spread of
intensity in underlying images. Four distinct adaptive thresholding schemes are incorporated in
the underlying architectures encompassing image context-sensitive thresholding in quantum for-
malism. An optimized version of the QIS-Net architecture referred to as Optimized Activation
for Quantum-Inspired Self-supervised Network (Opti-QISNet) is suggested advocating the hyper-
parameters in optimal settings and yields optimal segmentation of brain MR images. The improve-
ment in segmented outcome in terms of dice score is observed over QIS-Net on the same TCIA
data sets collected from nature repository. Despite respectable accuracy and dice score reported by
QIS-Net and Opti-QISNet, these qubits-based network architectures still suffer from slow conver-
gence problems. A novel Qutrit-inspired shallow Fully Self-supervised neural Network (QFS-Net)
model is proposed to enable faster convergence of the network architecture, thereby enabling bet-
ter segmentation results while compared with QIS-Net and Opti-QISNet and also reported similar
accuracy and dice similarity as U-Net and UResNet. The aforementioned network architectures
(QBDSONN, QPBDSONN, QIS-Net, Opti-QISNet, QFS-Net) are validated on 2D brain image
slices and hence they fall short in contextual semantic segmentation of Brain MR images. A 3D
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version of QIS-Net is developed incorporating 26-connected voxel-wise segmentation for volu-
metric brain tumor detection using Brats 2019 data sets and reported promising accuracy and dice
similarity while compared with 3D CNN-based architectures (3D-UNet, VoxResNet, DRINet,
3D-ESPNet).

KEYWORDS: Quantum Computing ; Brain MR Image; Deep Learning; Medical
Image Segmentation.
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Ri1EY

ITHUTA HT TUAE 3T ARASH & IR IHefolle (MR) BIATT & el TYA HT AT o=t AT
qddeTor a1 YRIGTOT & fov qft e @ Tauifad fQuree & fav 3u=ara Yo ygare vehipd &a-
JIAETOT G T [ARAT PG g1 IR FH, §H a5 AT Jeree & fov Faied N-fencas
-3 df¥ehr Acad (OBDSONN) 3MfdhedeR & yeaia fhar § 3N vpfa sk @ vafad
SHITST SeT AT T IYANT Feh YOI HARETSh TPFR T Il ST §] OBDSONN dREIohell H EARC
arEgehell & Uk PEfd aiAe g1 g, Fewelifsve / fese 3R 3M3eqe dd| Wl # ¥ gdw
qubits I FEEH w7l § §a1 § AR I FoieA 7qed FL-NW FoAoRlell & ATH § 3 §C
g1 dcad IR & 3eAqe, FewNfsre 3R I3y oW 1 9 H GRS & AIHA 4 8-
FoiFes TSIg-3TUTRT AT T IYIART e Seldaide a7 AT &, 3R e AS Faeq I+-
NIRRT TR H BIga HISI-AIGINENRET| Jeas R a1 yRafda g & a1 @wiza aRome
Tee Biel &1 Yy T ofd fasrsiel & fav oBDSONN Aol ST HAAICR FEROT o Teciiad &
3N 3/ FalcH FAWCR gfa-fGATcHs Fa-HAIST ATl Acdd (QPBDSONN) dRedehal & &7
ATfAd fRar arar §1 oBDsonN 3R QPBDOSNN 3Nfdhee=R & Fdicd & IR Hegfear ardraior #
ATh TaTHATSs Wihgor B @ faiford frar 3 3@ srcaryfae adelet 3R gaEd ey
THbET P JoIlT A gfa-Tlry el & fav 3ugesd qr|

grelifeh, ARTSH THIR Sfad & & TRT A A RAydr & $Ro1, Faed ¥ IR 5g-F10"
ferigse (FguATa3mSS) FfFI0T Haee ganT FAYAT T 3UATH FaicH-IRd FF-adafad dfer
dAcash (FYISTH-AC) dEehell HANE G e @ Fadiiod farsier & fow gearfad g1 &ehans
3T O & ARTSe THIR ofedl &1 idefed ofdal & dgar & 989R F §6ftd e & v
oMSig WRAUT haRled # Tk 3fefpell AfhIAOT Gfchar Y& HiT S g1 FaieA MuaiRercdr & ofd
Heal-FaeAeer IMes I AMAST FIA §U Afelfed IMheFR H TN 3eT-3edT efqell lfesT
AT AMHS §| FIIMSTH-AT AMheFR & Th IJhiad TR0 HI FaieA-IRa F-adafard
Acad (CE-FGIMETHAT) & TAIT Tl AhIRIOT & &9 # Hefdd fohar arar &, forasr gema
¢ fr sscas afdsw & gEu-ATICST AT qohreld FLeT AR ARTSH TANR Sfadl & gsead asTe=T
& YeTar | 9T FPR & Heol A wiza aRumA F gur, yefa #sR @ ved v v defnge Sa
el W FPIMETHE-AC W &N AT gl FPETE-Ac AR 3NE-Fg3mevaae gar R & a8
AT Telehal 3 UrET TR & drasle, ¥\ "UFF (FAC) ) -3MUIRd dead e 3ol
o el arfy @ ITAEROT FAEABT @ I §l U 3T Qutrit- URA Il T e & Fa-
gdaferd df¥er sicad (QFs-Net) ATSH sicdd 3MehedaR & doil ¥ IFTHEIT AT T&TH Il & [oT
SEdTiad &, 9@ 01s-Net 3R Opti-QIsNet & AIY Jofell H dgc fasilele IROMA Hafd gid
¢ 3N 8 A A WAl H o gEar & § AR FAC IR UResNet & ®T H UNET FHWACT
39dFd wcadh INMfHcFTR (OBDSONN, OPBDSONN, OIS-Net, Opti-QISNet, OQFS-Net) 2 31
AftTss ofd Tarsd W AT § 3R safor 7 99 AR ofddl & deot & 37 gadr fasmes &
FH 3T g1 QIS-Net HI Udh 3D HEROT AhiAd fhar rar § fo@s arsg 2019 Ser et &1 39Irer
A gU dieYARH S TIAT &1 IaT o9 & T 26-5[3 T-aR fas7reiet 1 emfdver fmam aram &
3R 3 3 cnn- 3meRa nfdFeFaR (3D-UNet, VoxResNet, DRINet) % Y T A U
T&Far 3R grEr gAATT S RAE & 78 g1, 3 A-svagdivaac)|
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