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Abstract

Diffuse correlation spectroscopy (DCS) iI's a
dynamics in deep tissueavasivehbdbsobdemn!| owe @ s
bedside. This study first proviupps (ac amtoirmwa

wave, f-demaenc ydaonda i tni)meand derive correspond
then present an innovat i-NET,dewhp clhe arsnienags yala
train, fast, and insensitew®ei ngp. mehe ualesaelnut

index (BFi) at different depths with/ without
rel ative blood flow calcul ati on. | then cal

with varied opgsgdalag/ pk wlplertthiesk mengddses final l

Compared winhitnhe dsaeyaeird ftihtrteaeng met WN&Ed's,i sl s
approximately 17,000 ti melsayfeas tneordetl h aann dt h3e2
t han t-ihref isreimie model , respectiewnel ysenistt t pvovi
tissues compared N&Tfdemongt matbedsemBCEabl e
is minimally affegcacntded Agdivairomal lons -NBT have
can extract rel ati ve ablsowhkds tfalnotw ail nd/e xI o(wreB F i
comparisonnfthet dagired tthrtde ng model s produc
rBFi, amounting to 43.76% and 19.66%, respec

Additionall vy, a DCS prototype is deprotoprd b
aval anche diode array, which employing a par
photomnting throughput. The systS&NR tgasthe dvi @ |
the entire sensorfolsd icrmopmpoavreedd nweiatnhl Yal ©s6idn g | e
occlusion test was al so performed. Il n concl u

of fer peers effective gaoahdance to embark on
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Li st of Abbreviations
DCS Diffuse correlation spectroscopy
DCT Diffuse correlation tomography
SPAD Singlephoton avalanche diode
APD Avalanche photon diode
PMT Photomultiplier
SNSPD Superconducting nanowire singdaoton detector
DL Deep learning
BF Blood flow
BFi Blood flow index
CBF Cerebral blood flow
PET Positron emission tomograph
SPECT Single photon emission computed tomograph
XeCT Xenonenhanced computed tomography
MRI Magnetic resonance imaging
DSCGMRI Dynamic susceptibility contrast magnetic resonance imaging
LDF Laser Doppler flowmetry
NIR Nearinfrared
NIRS Nearinfrared spectroscopy
DOS Diffuse optical spectroscopy
CBV cerebral blood volume
FCS Fluorescence correlation spectroscopy
DLS Dynamic light scattering
QELS Quastelastic light
DWS Diffusing wave spectroscopy
CHS Coherenhemodynamics spectroscopy
RBC Red blood cells
Al Artificial intelligence
CMOS Complementary metaixide-semiconductor
CwW Continuous wave
TD Time domain
FD Frequency domain
RTE Radiative transfer equation
PDE Photon detection efficienayf detectors
CTE Correlation transport equation
CDE Correlation diffusion equation
MRI-ASL MRI-based arterial spin labelling
RF Radio-frequency
ANSI American National Standards Institute
MPE Maximal permissible exposure
PDE Photondetection efficiency
LSCA Laser Speckle Contrast Analysis
LSCI Laser Speckle Contrast Imaging
DSCA Diffuse speckle contrast analysis
DWS Diffusing wave spectroscopy
DUS Doppler ultrasound
PDT Photodynamic therapy
TCD Transcranial Dopplesltrasound
pO, Oxygen partial pressure
CMRGO;, Cerebral metabolic rate of oxygen
FPGA Field Programmable Gate Arrays

X Vi




SNR Signal to noise ratio
SVR Support vector regression
EEG electroencephalogram
ECG electrocardiogram
2DCNN 2-dimentional convolution neural networks




Li sMapbpF mbol s

D Core diameter of multimode fiber
d Speckle diameter
SNR Signal to noise ratio
g Anisotropy factor
‘ Scattering coefficient
‘ Reduced scattering coefficient
M t0O meansquare displacement of moving scatterers
0 Effective diffusion coefficient for moving particles
W mean square velocity
i Distance between the detector and an approximated positive isa
imaging source for a senrifinite geometry
i Distance between the detector and an approximated negative isg
imaging source for a seffinite geometry
‘ara Unnormalized/normalized electric field autocorrelation function
Qe Unnormalized/normalized intensity autocorrelation function
_ Wavelength
0 Wavenumber in the medium
n Refraction index
| Fraction of scattering events due to dynamic
I Coherent factor
T Correlation delay time
Y Effective reflection coefficient
" Distance between source and detection fibers
0 The zeros order Bessel function of the first kind
i Pointlike monochromatic light source
a Coherence length
3_ The optical bandwidth
w frequency corresponding to time in Fourier domain
N The radial spatial frequency
p Layer number of tissues
1 The source modulation frequency
T The correlator bin time interval
Y Integration time (measurement duration) or the measurement time wi
T Decay constant
hiXe] Averagenumber of photons within bin time T
I Detected photon count
a Bin index
S Photon pathlength
ToF Time-of-flight
0 Photon timeof-flight
NL N"™-order
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Chaptlenrt rloducti on

1 . Motivati on

Bl ofoldow (BF) in a healthy person ensures st a
(such as glucose) to and timely r enolv]al of
Speci fi eaelgluy,atvedl Icer ebr al bl ood fl ow2,(&BF)

brain mdtdagaimddl insemt abol i ¢ r es po[n6s,e7s] hteo afvuenrcatgieo
for an adult human i[s8amdowmdd0mn@nl mIiQ/1(0100 0y gmim
newbfo9nl nsufficient CBF, even for a brief pe
i schemic stf @ReOn atnlde detaidar hand, excessive
the braod barrier, |l eading to sei zurlelyg, he
Therefore, monitoring CBF is cruci al i n unco

measurements can also be employed to differe

hyperperfusion i njury, characteurimphysanil og:
specifically neurovascul ar coupling, i n hea
Ulti matel vy, CBF monitoring al scoonipiuntdesr aipnptleirc
[ 12, 13]

I n fact, the motivation to assess |l ocal micr
brain. Bl ood flow abnormalities are seen in

various tissues and organs withiaoawtheaevaumhaw

be beneficial from paediatrics to adults in
di seases, as well as 1in monitoring muscle
physiology. Exampl e applications ar e:

T Perinatikhd4, k3alr e

T Neonat ec ecraerbdiad v a[slceu,llann] di seases

T Neonate braifnli8devel opment

T Children braifhl®éalth evaluati on

T Cardeoebrovas¢Dar di seases

T Skel et al muscl e an2dl]l]exercise physiology

T Tumor diagnosis and therapy[ 2%]alrpaBiBiaane (i

head, and[ D&kk tumor



Among these applications, breast cancer sta
| eadi ng c aruesleatodd chhenpcler5Asi na woenseunl t , even sl
detecting breast cancer could significantly
research indicates that bl ood flow in cance]
[ 26, 2 7]

1. Project Al ms

Usual l vy, pul se oxi meters, baselr aull triasowedo
empl oyed I n modern medi cal di agnaeisntviacssi,v e al
monitoring of patientsdo vital paramenér f an

potentitadrleyatl@ain@xigmet Br e primarily daxygegmed
saturation | d@wmeltse aidn otf heb | wloa@dod | o w. Ultrasou
trained and skill ed operator aanta etshteh ebseidas.i dHo
the toxicity of anaesthetic drugs canspost t
CBF meastueempnguwel uding positron [&mijsnsgiloen t
photon emission compu2,eidxendmdomgcagd hyo HBPEELT )t
(XedMW)O]dynami ¢c cauastcmagh étiild tryesonavwRdp3,1 magi n
and arterial spi-MRI[)8d8Bé¢Howgv euwRI t(MPASYL onl y pr
observations and cannot provide continuous n
short gold -perhodr svxifthom the first attack th
treat ment . slen i andadii tnigomo dtahe ti es are often |
hurdl es. For exampl e, while intended for us
devices are costly and not portabl e. Furthe
supsnan and cannot of fer continuous BF meas
Not abl vy, PET and SPECT &entail additional r
fl owmet ([ B8GbDBNlYy oObserve superficial tissue
to be thin topewsur éesetlet €otahl ¢horough <col

readers are encour ag3edd , t304]refer to the revie

Hence, there i s a need for an affordabl e,

noni onzing 1imaging/sensing modality tailore
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agraph, |1 present a detailed description

surement . |l deally this measurement shoul d
T Providing a centi meter penetration to
variations across the entire brain.

T The measurement woul d ome za-mmgy a sneodhe U s a i

portable instrument that complies with

1T Resilient to motion artifacts and ambi

conti nutcairsmlmeomi toring in a clinical e

T I'nstrument amheaqnnurameniperexpenses shoul

measurement techniqgue should be suitahb

Hi gh sensitivity on the small est physi

Operatiffg men wiedl a tempor al resolutio
vivo sample dynamics measurement .

fuse correlation spectroscopy (DCS), al sc

tially piednieadr.teldid BB BSOsaads noni nfvoars-taivme t e c h

meas | B&hBMavert hfealceesss ,s eDvGS1g | t dhtealed fafrsg eas :t
ween SNR and ,t hes detepetri dretcedgtildat ¢ etqaun r
aration, reducingtSNR ared | pkotoowm détaect he
roxi mahiembglerahe of -diehtecdour’dseepayiangloa gour
ector pai-r cannot discriminate photon p:
racer eb;7all3)t iTysadead i ohal eBFaeaenhgompuhatso
e n slievses aaadlc U $olke e v[ed.8s]

overcome the above | imitations, sever al
ti speckl e d e[t le2c,t 3 90, 4dOopeari ant e B-DE S J(4T1D, 4 2 ]

erferomet[rd&5]apmpoacedes anall 46,i4£4alhd mbdepe
el apeptrid B Mot i vated by stuhmensady | & et hted@g icd $
mewor k and conducted an extensive |literat
hni que for analyzing DCS data and assemb|

sor.
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i nvestigate the viabiNIEITt wmnan®dClotpe mtt ioaly ple

SPAD arrays, the following primary resea
1.Devetlhbg@« NET model ;

2.Deramd vadontaitweavaas slit shyrere anal yti cal mo d e
3. CompahDeCHNET model -i wif tamtdt skeaey er anas yti cal
in terms of BFi estimation ti me, rel at.
optical properties and geometry paramet
BFi esti mat i edretveacrtyiionng sseopuarrcaet i o n ;

4 . Demonetthremat ri nsiande8NRtbeneéfyits of wusi ncg

<

1. Man Achievement s

The

1.

thesis yields the following summary of ¢
I conducted a thorough Iiterature review
initiating research in DCS. Given that
over whel med by its complex theoretical fr
and sgstleimtectures, this review servers
thesis prdegpdamt ovaemnm viirew of DCS, c ewaevrei,ng s

freguwemay n, -domthitd)enrearnwvd ng corresponding
Additionsail dgrinong the widespread use of de
anal ysis, we review both recent advanceme
DCS. The exploration concludes by highli

di agnosi s.

N hademht si mple DL method to address the

anal ysi s. This algorithm offers wunparald/l
architecture with reduced parameters, qu
speeds, andbid itybust acdapaess noi sy DCS da
fitting approaches, the proposed algorith
17,000 times and a3y2rt iamedsi soevirder nhohdreeles | r e
al so i mproevgsot heBEcs@ms aCmapt em 4)



3.1 have devel oped a prototype DCS with the

incorporates a parallel | iegdhgte dCeMQeSc t1i9o2n Is
SPAD array. The system was validated on a
t SeNR gain of the entire sensor i S | mprovVe

pi Xeslee Chapter 5)

1. MAhesi s Outline

| n"Chaptelr @2rovided the | it ecerteubrrealr eG/Bpeond pfelr
measur éemehnsgqouleadgmpygiaocadpti cal,wmehhads emphasi
DCS. DCS i s ideal f or cdenep, ntunoaussiurev agstiaunge,s i &1
CBF measurement, but its depth penetration a
of di ffUse ewpteiwcst.he variousuedpptrmachwherscdrmeart

Il i mitations.

| Chapt,éepr 8S8sémeed hbawdsiDCSl and deri viedeminal y i
i nfinttea,ndt awyherre emo d®OICS) -DICBr, @WAS FPonly for
i nfinitThiotoadpetldmcaduslaelsyt i caslbasienhislelatritdv@t i on s

and a summary of the noise DCS model with co

| Chaptelr plroposed a del@3NHETEaoanahygpzCBogdelt a

addr essi ng lide shehairsc hc hgeopatbest . p eTrhfecarsrad n deat ed wus
si mul™&ttifornrom Monte Carl o diyBbi atiisonder i Vreaddi
nonlinsgualreagdgt tting of the measur ed whntcen s
i somput ademamadil yg annde asseurr seinteinwe ntio@ 0igot ra It il n

properties (absgsaonmdtrieodhu cedck fda‘acH teanntd ngcalbpf &N
thickheasesssed the I mpactbesft itmhad s @ ANsEBTuisa mige
and traditional fitting methods acdesscvari

di st an@a¢so describe potenti al barriers and |

Chaptfeorc usstehse orne s e, a rwhitegemallst5 at ed tamedePC8dpr ¢
ion a mil.lQu amtaint @atms Wewadahbhwys agpréeahiamatearneynts5 i

the SNR gain over a previously reported 32 1



|l n Chaptlercoencl ude my research by providing
contribution to knowledge it contains. Addit
in comparison to similar work byeotdeeganmrels,ea

sugdaeistture avenues for extending the investiocg



Chaptleirt er ature Review

2. Averview of Bl oo dMdd aolwi tMeeaass u

Thied e all bheoadu fwomelndt accur at el y maaqatouwr eni cca toa
vascul atures with millisecond tempor al resol
noni nvaandeswbdjeedtoeal | y extend®Remggetnhtbdl|l deepl
currently no exi stafnhge smo diad e4a@lyT d rhiat & eneast esv arl ¢
techniqgues are available to assess CBF, eac
These modalities cancbedihrgatby edlathAlparnt il 2 ence



Tab2ldlain properties of current technidq®Bg to measu
_ _ : : Snapshot or
Method Technique Invasivenesg Spatial extent| Absolute orrelative _
continuous
Intravascular N2O inhalation \% Global Absolute Snapshot
measurement;  Thermodilution \Y, Global Absolute Continuous
133x e, 85Kr \Y; Regional Absolute Snapshot
Minimally .
Nuclear SPECT . ) Local Relative Snapshot
o invasive
medicine
Minimally
PET _ ) Local Absolute Snapshot
invasive
Xe-CT U Local Absolute Snapshot
X-ray —
) i ) Minimally Absolute
imaging Perfusion CT _ ) Local ) Snapshot
invasive Or Relative
) Minimally Absolute
Magnetic DSGMRI . ) Local ] Snapshot
invasive Or Relative
resonance
] ] Snapshot
imaging ASL U Local Absolute
(repeatable)
TCD U Regional Relative Continuous
Ultrasound Transittime ) . .
. \Y Regional Relative Continuous
ultrasonic flowmetry
Thermal ) )
o TDF \Y, Regional/local Absolute Continuous
diffusion
LDF \Y, Regional/local Relative Continuous
DCS U Regional/local Relative Continuous
) ) Qualitative NIRS U Regional/local Relative Continuous
Biomedical
. o Minimally )
optics Quantitative NIRS _ ) Regional/local Absolute Snapshot
invasive
CHS ] Regional/local Absolute Continuous
I n this chapter, there is a brief overview a
The chapter i's divideepitntcal senet honds , diopd u £
hybrid approaches. We then focts umantD&LSi, on n
applicatipdans.alNamet hods are reviewed at the ©b
typically do not excel in providing continuo



2 . No®Optical Met hods

Exceptr afnosrcr ani al Doppl er -aupttircasslo ummedt h ofdCsD ) o u t:

section have certain |imitations. These dr ayv
i mpracticality for-pbretdahlde @cei pdnueen titeoahrdo nt t
transportation, single measurements instead
costs involving both the instrument and the

2. Zher mal Di ffusi on

Ther mal di ffusion fl owmetry (TDF), also kno
guantifies the absolute blood fI ow5.0]nThtihse ¢

met hod has the capability to assess a spheri
mmsurrounding the probe. TDF offers continuc
excellent temporal resolution, but in a nota
of t her mal transfer facilitatedilBysuebe andn
convective influences of BF. Temperature mea
detects changes i n D&l e@atorbiec a&lo mpe 3 icaetsp @ svoi v @it
one for monitoring brain temperature, kept

active one maintained at a slightly elevate
safety, TDfFfrom wuedériamneati ents with a high f
the tissue. Additional l vy, the reliability o
positioned ne[a31l]lldr gteheveprsede 1 s uinmeargroedcst |
di spl gcetnheentval i dity of t-cdhcen dauscst ui nmpgt i porno ptehratti
remain constanft8]becomes invalid

2. Xiray Techniques

Xenon computedCTipmogchptgs (&Xktaining an init

scan of the patientés brain, inhaling a st al
scans, and subtracting teméamaxedglei€me nwmal weg ufe
manner. This process results in a series of

calculating of cerebral bC o oids fr owtwa {ICVBFPr d e
caused by patient moiwvenanbDeopiftei bgi mg @mbSI
the instrument and the necessfgBYy Agastfonalh



capacity to measure CBF is confined to obta
poi[ng.Z]Dynamic perfusion computed to@Gbdbgrlatphy
begins with obtaining a baseline CT scan of
an i-bdsmrd contrast agent i s admisreirdtersatodd riarn
acquired CT s ecaonnsc ecna prtaurieosn tciumeves of the co
inference of CBF. Althoughimki acompet Botdi does.
a relatively short pediadsphté#@l seesontdsti BET
mm, making it competitive with ma@gB¢etSiaidaso
t o -XTe, PCT is susceptible to artifacts due

continuous monitoring.
2.2 n3ravascul ar Measurement s

The ®ethwi dt arteri oven[obusmedrigfefderaeasnceheanewhdd
met hod for measuring gl obal cerebr al bl ood
includes the patien®) ahalthgnnutirbugi ogi de
intravascular tracer that can freely diffuse
to achieve a st ablwesiclh ang esntdreadteiram nefd M rom b
taken from the femor al artery and right, re
with TBF. yields an i mmedi ate[ §bamt ist gtrioxce dm
somewhatntteinnde ve, takilhy miprputoxs mad erlegacllD a s

Throughout this period, CBF is presumed to r

making it i mpracti cagl afnar ial iinsi clail miatpepd itcat
Continuous jugular thermodilution operates s
but it empl oys a cold miscible tracer as t
cat heteri zi nwgl aarn vienitnertnaal enaulgl e the i njectioc
process also includes measuring the temperat
Calculating jugular BF is then achieved by c
injection, the densities of blood and the tr
the brain by the |l eft and right internal jug

be deduced from jugul a¥f omlbdaimd nfeltchw.d A nn vaol ltveirn
indicator dilution technique has also been s
(1CG) dye dmdd]i ced water

10



2. Nu& |l ear Medi ci ne

The Kehwywi dt method can be adapted t¥Reuwirl i ze

8Kr. These gases can be i-atrediualkd totrnapahbde
routes, and once administered, they become d
N20, a significant benefit of employing thes
met abol i sm. The concentration clearance cur
regional | ocati omnsp haearess s Ftrtoen Wrhdaisn dhad mi, CB
modelling the observed clearance curve as al

has a cl ear drawback of subjecting the patie
provides nmsaowregamea duration of minutes uti/l
met hod is also prone to overlooking regions
adequately perfused region might be superim

phemenon knownt harso utghhed fp hoeonko me no n .

SPECT and PET are two additional met haondds t ha
require arterial bl ood[ 4%]mPEITI nogf ffears culan ttiifo
i nsights, including cerebral bl ood vol ume (C
met ablo88ostnie chni ques are associated with signi
the administration of a radioactive nucl eot
certain clinical settings), have cloimhiotréed a@alni
are unsui ttaebrine niodubd,2ljoerapgnegci al l'y i n pop8)] ati or
lt'"s noteworthy that SPECT increases the ove

radioactive -magxy$eotide and X
2. Magynetic Resonance | maging

MR | measurements of CBF can be conducted th
(DSMRI ), al so knwevinglatsegpeirmugsaoépi ag M&I us Thi
invol veasrtakhenous injbdatsieadnconta agdd algiemitum| n
Schmidt technique, this contrast agent remai
the braod barrier. The retentidmeofvatsica |l par a
creates a magnetic field gradient bet ween t

serving as the b-BMMRI sméasucemenast whi DB8Ci s I

11



The wuse of a bolus injection makes this te
technigqgues that are noninvasive, as they dep
the use of an externadspcontit absMRI d ggreth,a®iLn o/leu
alternating invd&R$)onandc bV edoegp etnikdielgn@ iR 1( BeOvLeDl
BOL-MRI , which exemplifies a functional MR I
contrast I|Iinked to the magn@bb¢Trihariarcfter matt
be employed to deduce brain -sascul ay basedct
flow) ¢ 3&y.bI6ASR] operates on the principle of

the arterial infl ow of the brain within a | :
by quantifying the reduction in magneti zat:i i
arteri al bl ood, which possesséRIndagatcitveeonmag
and anot hesrl isv@dét ehc tai meoni nver si on pul se. The s
two images is directly associated with CBF.
TlesMRI t esdhan quapture i mages of the entire h
as 2[ 4Om 5Bdwever, the utilization of MRI mach
which might | imit their application in certa
i mpl ants, such as pacemakers. Cl| deswead ptheabi c
for this iIimaging modality, and the | atter mi
asleep to minimilf[z®7]pAadtdiiegnteviRad Yryaye MMéSXper i enc
i ssues during | ow perfusion readings, a situ
Mor eover, MR | technol ogy is costly, requir es

l ow pati ant. tMarmmoughap i ents typically undergo
their hospital stay, and this examination of
a canning time that[ 5alBueht medswup emend se aheu

in conjunction with[ d49%pecify research proto

2. 21 &r a3eoaumdi ques

Transcrani al Doppler (TCD) wultrasound offers
(units: cm/s) in the basal brain arteries, I
anterior cerebral arterieall gndmpastteement se

either the 1[e5.8]Tdre rfiugnhdta MéQA sa | concept is t|

12



freguandgrgoes a Doppde rupforne grueefnlceyc tsihoinf tbhy( r

motion ath.a Twel oriltay V amgfhs pabef wkkows:

(9]

yQ (2.2)

herCerx,epresents the speeddiaf thlet raanggd ten b eit nwvetein
of ultrasound propagation and the direction
uncertainty assoadimakidngwipgrhe cti see vemeigisfeu rceunhetn.
Additionall vy, the variation in blood vessel
translating the blood flow speed (measured I
units of ml/s) within trhaet ebleosotdi nvaetses eolf. vQbltuar
woul d al so necessitate knowledge of the bra

absolute CBF. Due to these factors, TCD prov
2.GBptical Met hods

Light possesses a notable advantage as its
vi brational energy |l evels of numerous biolog
for detecting evelcicha mpd £,c ud dard a tnigo nt ehle alatl a
in physiological parameters. Hence, | i ght he
intricatemadle¢ ai lt hs abbubdl ogi cal ti ssue. Il n co
met hods such as MRIg arl | ©OWs-tdmptei cedalal iune@agion o
using relativeeéfyf potrit\vad) 5d Bmpmeptsdaut our wor

only on optical methods applied to biomedica
Bi omedi cal optics pertains to the interplay
this interactoomnsemsni g, uvuitmagizregl, fand t herap
Al ighto encompasses Vvigbbl eamavalsenngetlHs a(s3 8¢
(ultraviolet) and | onger (NIR) wavelengths.
gener alriyzecdatiegtoo i ncoherent and coherent afy
met hods is to measure and characterize the o

from which oxygen sat-undtraoerdcapebéerdscepgd/(

an incoherent met hod; however, we wi || not
objective of coherent met hods 1s to direct
spati otempor al fluctuations of stciantgt ead elde rceor
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met hods for blood flow measurement,[6@Q@gcbUPiInN
exposymRltEpeek| Popphegd Aplfd wmet lyaser
contrasf6,8h[CHFsiigsl.xsehows t HWeasepmt ibdalod fl ow n

modal i ties

Mul ti pl e

with representative affiliations.

Laser speckle contrast imaging (LSCI)J

Laser doppler flowmetry (LDF) ]

Continuous-wave DCS

Optical-based blood

flow monitoring

modalities

Diffuse correlation spectroscopy (DCS)

Fi g2a'Op t-based

doppl er fl owmetry (LDF) , di f fuse correlation spect

Long wavelength DCS (e.g., 1064 nrﬂ)

Diffuse speckle contrast Hoaiboe
analysis (DSCA) Temporal DSCA

Speckle contrast optical
spectroscopy (SCOS)

bl ood flow monitoring modalities, incl u

(DSCA)/ speckl e contrast optical spectroscopy (SCOS).

2.l ffuse Correlation Spectros

Neamfrar ed

di f fuse correlation spectroscop

spectr osclo6pdy, (BDWD)MmMp| ement ary opticadatteehad:c

|l ight 6s f

|l uctuations to underlying dynamics

from Yodhos[ 6l]Jalbas ng &i0eld popul arity as it p

signal processing principle (the correlatio

correlati
meida was

framewor k

on theory of diffuse speckle fields

fi

rst i ntroducle@6 ,b6/T hBosa st haenodr yY oadfhf e
for investigation49] Bb€8ecdygnapmiovs

noni nwmas ihwesls ttionat e deep tissue microvascul ar

provenbe

a

g ooidn sHvoaB glam et herl ast t wo decade

have been|[ 3eyvebtealensi vely validated,- and
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invasive BF measurements in deep tissue vasc
mus c[l3e2iI7 69 br eas[t2 6t BMMch t h¢ 6 18381 hn 2001, t
combination DCS with NIRS/DOS was f[ig]sandntr
then in adull[t8.3]rTahiimks ciomb2 &4 i on all ows meas

measurement consumption rate simultaneousl! y.

A diagram of the historyiof206%5 gaz eBil soppl meynst
the number of publications in the DCS fielc
publications to date (we onFiyg&xdpedyetpae &t t &r tDiCcSI

measurements obtained from human by aé&dxi $) ssu

and the sampling -arxaitse) .ofl tblsohoodwsf l[aowt r(eynd t o
mul ti speckle and interferomattrei ci sDGS*: gwhereda
Additionall vy, it marks how deep the measurem

Figaxe)) and the different regimes of speed
sampling rate); 2)Y10puHzs)atord eevwdmotdadt ew, (pdo

detection of rapid events (>10 Hz).
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(a)

History of development of DCS

A ’OO(\ (o
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307187 o S e O AFE g e & o
X i & P ::6\00 '\‘}z{’ «? xe o (,(‘eo‘o
N N | ]
IQIOS 1995 20T01 2013 20152016 2018 2020 2022
S
© l o) o© y
. @ ° & 0(:’\ 4
&0 RS
- N
\,0(\ e’
&
(C) @ DCS
P @ PDCS
A Scalp Cortical @ iDCS
102 Xu (‘020) .Roblnson(2023) Neural firing

@ Liu (2021) events

(2007) (2021) KTEISS(ZOZA)* signal
10°

Blood flow
sampling rate (Hz)

10t o )
Dietsche Z l[ Blood pulsatile
‘ Extended brain

v

101 ® activation or
Durduran Zhou physiological
(2004) (2021) changes
1
; T T T T Estimated penetratlon
0 10 20 30 40 50 P
depth as = (cm)
Number of publications z
Fi gh2(ea) The roadmap of DCS historical devel opment ; (

PUBMED (*value for 2024 extrapolated as of the date c
dept hs. PDCS: parallelizedCBCS, i DCS: interferomet

Fi gB3iel l ustrates the pri ncalpdreenocfe OGSs.erBreineif
through an opti dalgi(ieged thethecordsede]| i ght
temporal FlgaX ®atTiherse, fluctuations are attr.i
scatterers, such as red blood cells (RBC)

software correlator calcul at efUtsh es hibavgmd lai z e
23(c) Typically, DCS systems are implemented i
a detector are pljaPcheodt oants at rfaivreiltle ndyi sftraonnt et,h
foll ow #shialpada@anastochasti c skcagtd(eer)i whye me off h d
penetration depth of thesg /BCIS5/FIhgau3¥ eenalnt s |
(e) show(Grhuartv etshedegcay f ast grT hwei tshl oiprec roera stehd
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rate provides information about the optical
Jin the cafr haerntt isst adt ec m, corres2pogn@dlng to a c

(€) 15

.
fox

(a) source  Detector

t t+T
P
b 141
oo . ® e 4 o 13} __Slow flow
. . >3 >
o %y o - S 42}
o o ° £ '
L ) . Fast flow
® Absorber ;
1 s
e Scatterer Time (s) 10°® 10 10 10°
7(s)
(d) (e) 15
Source Detector Source Detector Detected Photons
—.Small £ Largep Max 1.4
More shallow E
Greater depth 13
; =
3 ™
1)
Fewer scattering events i 1.1
™ Min
More scattering events 1
10 10 10 10 1072

7(s)
Fi ga3Tdhe DCS princimpdes droeambdbintond fd)owlThe schematic of
infinite geometry. Hi ghly coherent | aser |light is us
detector fibers are placed] bon( stdhaet ttéersesd el isgphtf aicret avi g il
to moving scatterers (e.g., red Dbl gudhowihg)ditEtprewt
rates. (d) Photons scattered f-sanp ertbdvi mat bpscreth édcnvde & n

detection fibers; (e) Aujtocorrelation functions for ¢
2. HDCBnstrumentati on

Typically, a DCS system consists of Fa gluaser

24shows representat iJvDekF Bayrsd ekhsbifgorid de®\Sand ( b))
depict p-amntdaDCx LWt ems, respectively. The p.
of a pul se500a)s eirn (tVhFeb QTRA( es)hh s we mms eBC 3 hsey sFtDe m,
representing the | atest DCS tErC g4 gdrgeys einnt st h
a typical Hybrid DCS system. However, very f
of DCS systems, i naltuwdiindg wembpmopandod i SEs .1

(https://iss.com/ biomedical/ met aox
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Representative DCS instruments

c:) Source Opto-Electronics ! : Detection Electronics :
|
1 | Constant RF Signal L P 1| Digital Counter & Control Module | 1
I | Current ! MM | | (NI FPGA) !
I | controller Bias-Tee geherator | 92(p, 7, w) in software ! '
: | T T : : tttt Count :
: \./ . : TTL pulses Photons '
I I 1 1
I " — /—_—F'\ & !
1 Laser diode A NIR Isolator | 1 Source etector| Photon Counting 1
\ Temp. stabilized | Fiber Fiber | APD !
1 ! !

I Sample/Tissue

<
FD - NIRS

Fig2a4(a) SenvobCB®S system; the f[§Qbe ddepde S om Ref
system; the figp9&€caddBpoed dieatmhdaBifSofsySaemy the figu
from Re;2] (d) Zeatv roisafl @ 8Hy br i d DCS system, t he figu

https://iss.com/biomedical/ metaox

2. 4.axker s

There are three | aser types commonly wused i
modul at ed, and pul sed-, | H®RranDGc8fDegpbamhs ngAs
have mentioned above, the estimated BFI i's O
pattern of back scattered |ight from the ti:

because photons elmerlgawng tftrawellhed salmpng di f
constructively and destrufBji 8.2|@Godrhage u € ftelrye,n
the main chall engea lianlgeor esnefl éesc|te dag slhagsneerd wbiyt
(2.2) assuming that the measured[ pdHWwer spect

a — (2.2)

wheaies t he centr ab swatvheed emmpgttihc aalndbandwi dt h.
Monte Carlo simulations of Iight transport ¢
| onger than the Wiechtgh ho fd[i 35 Jet iydphi dctiagh rh ly@ gatg o ,u n d
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100 mm=1amm) 9.6 ]Al s o, considering the photons
detection fiberow,lflusesal bgoanmBadedswi mbst pra
systems J uXim[i3ze&,8, 8n&lani ng t hat t he mi ni mun
ap no-~-1y5namely 35~50 cm accounting for the v
di st pa.¢ks

For clinic applications, the | aser power shq
for Safe Use [OfBllEserfsor( ANMSle) ski n extphoasnur e \
20M@W/ éfmor -7O®0 nm and?f300r0 NMVR.cnBph©8r 896@d@pilD6F
often between source fibre and sample to 11/
power (more photons) to maintain the same m
intensity. Typically, l[as@ 66N WOLTSadell 68Ht h
or 10648ifhen empl oyed. Al though NIR wavel engt hs
for the same out paufE ipsowehrot(dPn =erEdrtgy) h & Hi gl
and a deeper penetration depth, t he sphiost on
typically reduced for | onger wavelengths. A:
choice for mo st DCsfteblkenweeas.t hEhilaster adce d
di scussed in detail bel ow.

Regar diD€d, Tlve can pinpoint the phodomesl gtea d
sinmhet on bt hag exhibit a similar path |I|e

resolved information. This allows relaxing
compared with the scenario that all the phot
coherleemaga h for a pulse | aser is I imited by
pul se 1 s pref erraebs el feod mpeascu rseemedretpst,h howeve
I

ower meanrcugvea gs closer to the nofifsebdtl ween
dand the pwlldenwisdtmaxigmum amplai t wiréahndgei pnegn d s
from O for incoherence | ight to maximum 1 f
l i ghtd)l owmigter t han the | ongest photon path. T
of -DOS is the availability of an ideal pul se
coherence, stability, adheptrlbusyvestdiesgatGaonph
Ref[s9.1, 10117 41022ve ext ended t he cmaeit Jslifolns ma
Ozawva,dlOadn]d Tamhdm®@itlmi show the relevant paranmn
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Tab22ar ameters of | aBb@S, saduopctee de $ferdblPnlnS zEabDaladi Dadn]d
Tamb oerti[ndil ]

Central Temporal . Average
Spectrum Pulsewidth
wavelength | Coherenece length ; output
Laser (nm) (mm) bandwidth [nm] (ps) power (mw)
VIRIS-500[91] 767 38 NA 550 50
LDH-P-C-N-
760[101] 760.4 6.1 0.095 106 12
Ti: Sapphire
[101] 763.8 6.3 0.093 185 50
VisIR-765HP
i S T E[Da] 765.7 1.6 0.359 535 50
PicoQuant
GMBH [104] 1064 60 N.A 600 100

2. 503 r cPOetacmckl boms

I n DCS experi ments, arpaare sour a ke etghred atldlests eyoe

surface, wi tyjhr @an gsienpga rfarto no nmiolfl i met ers 4 0 cenil
coherence | ight etshnhrtoou gthi stshuee ss,o uarncde tfhiebrscat t
detectkeonafsbnsor. The diagram in FHiggwieh2.5

di stinct mo d enso,d en-enpideewy andglmaeil t i modmodevo st

fregcore diameter = €E@2)) A4 /AMF d466d 6O60,t HLe6e09
Her e, it should be noted that a | arger dianm
all owing a higher | aser power (more photons)
2.4.2). For thepulelie<x hséydsnt DeCGrigsr mgdebdl s (an.) g . 5
[ 38 )111027] fmeovd[e8 4, 86 FT-mmd ket f 1B d9,.1 1S3rpmigllde] f i br es
are usually directly coupled to the respectdi

mu kntoide f i bres are usedmddag fdiedreed iloinmi tUs itnhy
intensity, because atlhemoedei sofonliyghtth ec pfiu rbdea me
dynamic range. Unl i kneo dceo nfvielnrtd so naall | dw bmrrcets, o rf
mode but al so a soerldeecrt mmoudrebse ro fo fl ihg hgth.erEx p an
and numer i cAa)l iampedewfriebr(eNs t o encompass mult
detected signal intensity, consequently enh
detected -rhodet hfei bfreews exhibit uncorrelbated b
effectively counteracts the SNR enhancement.
curve, potentially diminishingl &@5h,el 1$®lnsuti ke
increase the detected |light intensity, mul ti

used to accommodate | arger sensors (e.g., b5
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this |l eads to a greater number of speckles o
and r ebd dHleag [ dllcéojmp ar e-tho d € pngof deew a nmo dreu | ftiibr e s
in det ectDIC&n csimdd uafemotdheata nfrdwheu ldet ect i on f i
i mprove SNR compadedf wbnersbsimgtl eit reduces

(a) Single mode (b) Few mode (c) Multi mode

Ray 1
Ray 2
Ray 3

Ray

Sectional view of single mode Sectional view of few and multi mode

Fi gabdd f ferent mode omade afli farb em8 MK )af)i Egrogileéedf) i bnaur .t i

2. Hehsor s

Selecting an appropriate detector poses anc
systems for accurateadFameasubemegtsnt wic¢at d
adoption odf fneweméygh massively parall el det
photomultipliers (PMTs) were commohnd3y, earpl o
However, PMTs are bul ky, and therefore ear

Addi tionall vy, driving these PMTs requires a

start the electron multiplicati dnorprdoecvees so.pi-
compact and portable devices. Typically, av
SPCM series, Hxlc0esl,iltias 4 1Gdrealda)early excl usi v
These detectors offer sever al benefits comp
operations, and a smaller size. While APDs
hi gher dark d¢urd ®@gvht a gc[dInld8A & dintsi onal | vy, t hes
typi calclhyansnienngldeevi ces. Il n DCS, each speckl e
about the dynamic scattering process. By ave
speckl es, randommpobseng sthhredsd&d, However,

manufacturing technol ogies have enabled the

of fering hi ghplhyotpmanr adlelteelctsiomgl| eThe use of SF
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approach directly enhances SNR, with the im
number of independent speckle measur ements.
straightforward without i ncred alsallv@g] etidh et hsi est u
met hod by groupi ng@nh& nicn d g UiS dNIRa Hoayr S P8 |r s t

devel op2dSRAD DCS system to demonstrate an i1
in Biwvod occlusi on B¢gslt2s ,4 0f, 0112119 22D ]gn 2500
50[089,.11T3hjlese systems significntwiNesenpheve
number of individual pi xel s, as shown in Fi
systems wdrndorSSPADf rso m-oMPHaer t ol ahgesS®ABD array
with an enhanced SNR gain from 1 to ~500.

PDCS — SNR gain of modern SPAD arrays

QuantiCAM: 156X

100 200 300 400 500
)1/2

PDCS-5: 5X _
(Number of Pixels

Standard DCS: 1-4X

Fi gRhGSeNR i xel s pl ot ae&optEdldd Wirtohm dwWafyfneer ent SPAD senso
systems.

Besides SNR and PDE, the exposure time of SF
it defines the distance Updt weheen a utoo caod jrad er
Especially for f ast ddeectaeyc troart eesse i @r. aghii, gmastf Il @
the relatively sl ow framef orraf3e2 o4 032e® @feo SPAL

500 I[ 139Gk an be a | imiting factor in real i n
SPAD arrays, t hough, iI's the difficiutlhhws iaan | i
el ement of the SPAD array has a s&PADLI vit
Nevertheless, the |l arge number of el ements a
SPADs. Figure 2.7 shows the basic processing
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Parallelized DCS (PDCS) — basic processing

Array with M SPADs M single photon data M Autocorrelations Average M curves to boost SNR by VM
‘ ‘ o 3\ 100ms data
SPAD 1data — ! | [ — | .
P ‘ i mm {ulitea VIltv\ L 1024 pixels
i i
. . o
: : K115
o
| - | | Auto-corr. 1.05
SPAD Mdata — M m“ | M“{W — | S |— 1
I Il “LI ‘ iAW J 105 10
Lag Time 7 (s)
Figa@rTAeschematic | ayout of the SPAD array with repre

fluctuations from single pixels and the correspondin

the rightmost figure capveseof &aheiagtecprxel aand the

respectivel y. Data apd.[pdaOblt s are adopted from Liu
Commer ci al CMOS cameras are also used in DC
factor, and | ower cost. -phowewers,entshdy vdd yno

Zheu [d#dimpl oyed a heterodyne detection met ho
MMF s t o capture mul tiple speckl e patterns,
successfully conducted pulsatileebl[@bdadd]f ]| ow

integrated a CMOS detferceteorprionbteo, ae nwaebal rianbgl et,h

neonatal pigs. Of note, the heterodymasedet ec
DCS systems where it offers athleadtcaddesebs
to dark counts an4d5Jenvironment al Il i ght

Very recentl vy, superpxhotdaunc td entge entaonroswi (r N $RH Dhsg
clasphotfodet dbatvver sheemCoSsesdygl @B MEBMNSPD has ma

advant ages, including a high PDE of >80% at
dead time (<50 ns), an@ afgsb)26 INewvettmehgssges
detectors come with a high cost, substanti al

an operationad3. 1 eknpeMartauawerof t2heir acti vati c
presently constam@mplniaagbitlhiety ipmacltiimciadal set
exi sting DCS systems with SHAMD sseemssoorrss . a nSdo nre
and SPAD arrays afxcoregliapeed Swingh eTiPlhe®t on C
TDDCS systemagcamrtecmed photons to ebbGSain ¢t}
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all ows distinguishing early and | ate arrivi

respectively, t-hesebyeenabal mwgt deptdf BFi wi
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Tab2A3Exi sting DCS systems using S®A®omsrays and other repres:
Approaches Detector BEMEI T 0 Applications PDE Fill APl " ear Ref
PP (nm) pp factor (kHz/kfps) (cm) y :
cw SPAD 785 5x5 Phantom, blood | g0, | 4 504, 1000 2.5 | 2019 | [120]
perfusion
cw SPAD 785 32x32 Food, skin 8% | 1.5% 333 11 | 2020 | [12]
cw SPAD 670 32x32 Plt‘]a\z\t/%m 16% | 1.5% 333 2.1 | 2021 | [40]
cw SPAD 785 500 x 500 Milk phantom, |y 50, | 10 o4 92.2 3.3 | 2023 | [113]
rotating diffuser
Cw SPAD 785 192 x 128 rotating diffuser 8% 13% 26 N.A. | 2023 | [123]
500 x 500 | Human forearm anq¢ . -, on| 100 forarm, 4
cw SPAD 785 128 x 500 brain, in vivo 15% | 10.6% 300 for brain 2024 | [89]
iDCS SPAD 785 1x1 Intralipid phantom | 61% | N.A. N.A. 3.6 2020 [45]
. InGaAsLinescan Human brain, in
LW-IDCS camera 1064 2048x 1 Vivo N.A. N.A. 300 3.5 2023 | [127]
iDWS CMOS 852 512 x 2 H”m"’:/ri‘vgra'”’ N NA | NA 333 25 | 2018 | [44]
fiDWS | LinescanCMOS | 852 512x 2 H“mi?vgra'”’ N1 53506 N.A. 333 4 | 2021 | [37]
" NI RS CMOS 785 1024x1024 Forﬁarm' forehead) gaoy | N A, 16 25 | 2022 | [114]
uman brain
D SNSPD 785 N.A. Phantomjn vivo 99% | N.A. N. A 1 2023 | [125]
Note: i DCS stands for interferometric diffuse correlfaitDWSh prpesdamrtoss cfoprygt ii dONS
di ffusing waVNd RsSp e cst racbshcroepvyi;at i on omfear apleglt sosd@®@tpetr oometsepgamnatairon; SNSPD st
nanowi rehsticmrgl ket ect or s ; PDE is photon detection efficiency.
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2. £05 neollesc [(-<FP&GBor rel at or s)

To dat e, most DCS instruments|[émgBaPwle @&dipe rdc
the arrivaTlr afsiTstamrsilsagirc (TTL) digital pul
a photon counting detector. The correlator wu
tempor al fluctuati on alfl yd e tceocrtreed alUmot resn esa mhye d
[ 1280 pompute the autocorrelation functions
~1lseupedg); ~t2hi s design was derived from ear/|l:
(DLBPB&Nd diffusing wavé¢ lsphpatimasddpyy eObhIW)ct

bi ol ogi cal sampl es.

There are two kinds of hardware digithl cor
correlator. -Usmaméwor k hies rhilbohgtagerdi tohnmi a& ssemic i n
shows a mtaisme vean@eg with a smallreswinlbemgof
Ssubstanti al sampling els ohesme Agdlidgni oinaahtyl vy
computational |l oad compared with |l inear cor
operate at a fastertignmnemxloimpatsmeedvli adf ft @ mer
range, they are relatively costly (as shown
of bits per channel results in a fiXx2d, 13&23] t
(e. g., Fourier transfdI)mavef awaone beenr dleated
correlators show comparable performances wit
notable advantages, speci feifcfaelcltyi,veinresser ma (
adaptability to cewiodivtiinggn PtCe mamrdo Idmg iae a.c For |
SPAD array, the autopoorcelsatidoms oar e aws dal lay

T a b2l4 Existing commercial correlator

Company Correlator Ref.

LSI Instruments LSI Correlator [134]
Becker & Hickl GmbH SPGQC-004 [135]
ALV ALV -5000/EPP [136]
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nventionally, enhan®iCiltg médaptumesmens st i nivioy
rge-deecerctce on separations. This all ows f ot
thlengths within these separati ensr.edArnc eidn|
tecti on of}) whhioctho nnse gaatt il vaerl-gy®m o impe crt ast it d e( SNK
asured tempor al aut ocet 1 dl3am]e wino d ulnyc td emao n
e viabi Hietnyg tohf rtehseo lpaeach DCS approach, their
ting and necessitated hi gh nl aasperioipcocawe rosn,s .r
[dI2fS5]r st reported a-domoaeln & pprregapd hvlefeo g tDIC Sn
antoms and in a ratdomaiannDC®hriedi mpeinntbdlei

mpar ed-DVWCiSt,h tGWr e are mBbE%: advantages i n TI

irstly,damainrg me aneur e-iNé RS, @kiam|l e TMhe meas

me point spread function (TPSF) of the tis
eories deMERSped fdoredDly estifmdthe tthe saupt
e TPSF. Thus, we eliminate a | arge portior
at is caused by i mprle2csi]lse opti cal property

ondly, the time domain approach added one
l ect photon with i[nk3I&Jagpingaldleyp,t ht seenphdt c
hl ength travelled deeper into the medium
orter pathlength took a more direct path
ue | ayeFrisgd8(sd )sByy wmt ii-dnfi zi glgt t § M@F) measur

s
effectively achieve depth resolution, as th

rough the medium at the speed of | ight. Cc
|l el y wihtatvi mlgotaonfo F bel ow a specific thres

operties of the superficial |l ayers, whil e
irdly, the pul seRCS asygt eunh idarz elde ANihnRSenger artl

tup. This integration enables simultaneou:

mprehensi ve understanding of bl oodr afl | ow
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resol ution of approxi mately one second and

measurement s[| wa%] vali dated
However, the primary obstacl®Cpr ewvwentaibmg at lo«
applicabl e environments, i ncluding preclinic

| aser source processing suitiadtlle, chbahacermce s

and the cost of pulse | aser (around 6 ti me e
factors has been evaluated in different stud
introduced to otvieveomeflihendesofr uthe i nstrul
[ 14®&npd i mi ted coherence |l engt h eof [alhle] e mi

demonstrated themoosnngmscatitensobnnohe TPSF
|l aser util-D€8dt € @ hmahepitt [AIOIBlalve conducted the
di scussi on. Anot her downsi de i s t hat t he L
autocorrelation 't mits the SNR due to the
Consequdarntdlsy apmpl sggleri meptsoon humaph48489fi ssu
Al t hougkt QaltlDiMave debugotrtiddRCS| syBPtem that C O
optimized pulsed | aseshapadcugtu-bmmilOoédnsmnmmpini

|l aser source), it is still costly, primarily

Unl i ke-DitCise t@Whni gued,-DFRiI® & h Ty namve optical (
and static opt‘ aa'l) ,prwipieah ieerse (teymi.gal ly ass
CWDCS measur br@éSntesl.i mtbhates the requirement
phassensi tive detector s, r-eefsfuel cttiinvge isny sa emo r tT
acqui sitijombDEd eaf fse mitgil el y mini mi zes parti al
eliminates the need for extensive calibratio
from i-nbemalt yeDdCSd aetnaa.blFel>s hi gher speeds of d
oxgenation information are inherently preser
of -FAS i s simplified by replacing a t+aditi:
modul ated coherent | aser. The detectredumedh

build time and cost.

Typically, to separate deep f rDoOn®, s uapdedrifnigc i nac
detector sjtad aohbtfdie emualntcieplneeasur ements 1 s n

Figa8& @) which however i-D€CBgeats-gatt hmeapptoath
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need to choose the interested phdtiag8& eb)y gat
Fi gad8esshows th-B€CSt hehiF®Oh canamdasmukt &8fFequs.l
Table 2.5 summari zes-D€C8psgsteemati Genexabktling
have been -G dddtoa fCWomdenué ¢ti @i gsisqo arreaderi ONS
the effect of superbPCsi st @kpwesSbhbdrabyal aing
of superficial bl ojpgEndltolwe (dneaisnueRidddpesmastmad d
that was borrpwéd]l hremnt NaR$S to f NIRS, howe
vol ume, DCS direct measures the BFi, which

di ffers significantly over different vessel
bet weenasupBé&rfaod deep BFI is not actwually |
integrate additional data on vasculature st

fl ow estimati ordifsrtoanm cseu cDhC Smunietaispulree ment s .

(@)

Intensity
modulated
laser Detector

Detector #1 » Photon #1 with TOF 1
|| Detector #2 —» Photon #2 with TOF 2

Detector #3 * Photon #3 with TOF 3

Fi gh8&(ea) DCS data copldeicmpdoae depfrRreensi tivi-ty, (b)
DCS, (c) measuxCsSment wusing FD
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Tab25Represent at i-dd@maixn sDC 3 gs yt 9§ tmems

Wavelength Average power| Repetition rate Detection L
Year Laser (nm) (mW) (MH2) technique IRF FWHM (ps) Applications Ref.
Redenhanced Homogenous liquid
2016 DBR 852 50 150 SPAD 150 phantom and small animal [41]
Two-layer liquid phantoms
2017 Ti: Sapphire 785 NA 100 SPAD 100 forearm muscle, and adull [139]
human forehead
VisIR STED, Redenhanced Homogenous liquid
2018 PicoQuant 767 50 NA SPAD 500 phantoms [144]
Gated single
2018 Ti:Sapphire 785 NA 100 photon 350 Forearm muscle [145]
avalanche diode
Homogenous liquid
2019 VisIR-500 767 puLTT YT SPAD 550 phantomsforearm muscle,| [91]
and adult human foreheac
2019 | Ti:Sapphire 785 NA 100 SPAD 400 Homogenous liquid |+ 4,
phantoms
Homogenous liquid
2020 Ti:Sapphire 1000 30 100 INnGaAs PMT NA phantoms and forearm | [146]
muscle
Two-layer liquid phantoms
2021 LDE.'P'C'76O' 760 12 80 SPAD 90 forearm muscle, and adul{ [42]
icquant h
uman forehead
Custommade -
two-stage fiber Two-layer liquid phantoms
2022 e 1064 100 1-100 SNSPD 150600 and adult human forehead [104]
amplified pulsed
laser
Homogenous liquid
2023 Ti:Sapphire 785 NA 100 SNSPD 100-200 phantoms and adult huma| [125]
forehead
Not e: SPAD stPhmdonf Av aSiamghe Diode, and SNSPD -Bhanhds DereSuprerconducting
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2. batPaocessing

The accuracy and performance of mul til ayer e
eval uated i n 4p2r,iddir4 dlPiliTneaddut e®n to the analy
Chap¥ emther data processing methods have be
extracerebral datnfalbidtn wdhuc eBdakarpressure meé

combined with -t d@dmbeotdi If add GatBdnemu Inteiasur ement

extracerebral contamination from the signal
Samaei[al@kxt endeedx ptohnee nbtii a l mo d el ut ki Inif zead eidn
spectroscpPpphpptlof idelsRS)IDOGE® d$ihgndlDs i nfluenced b
at different speeds. They also conducted exc¢g

i n gXperiments.

Traditionally,btbeemeaBbtedFg Bwhd anal ytica

~

corrediaftfiwosni on equation by..mBn®mi zifg the co

Qp i Nonl ilneeaasrt square ef,gtlt e ndyla brepugt ri dnte s
[ 84 ,,152ni nsleh4a&]ebmudual |y used to quantify BF
are iterative, and sensitive to eatderndqiNdLe.

al goriltsi8m 1 batlhsdl ut e mini mization (L1 norm),
(SVR) wer e lonot]Meotd,ucweidt h t he NL framewor k, the
by the chosen |inear regression approach. Wi
for processing DCS dat a, t hegyl5&iMorseeveirt, i v
computation time for BFILS5bussi ng. 7h eande no.09 3T
M8600t deskGldp @WPWGBad8Mm@&@ry) when empl oying

respectively, -stmkl appbishowoher real

I n 1986, Dechter introduced the term fAideep |
[ 157Pue to the recent surge in big data, dee
areas of scientific research. DL falls wunder
With rapid advances i n compuganmepangehnolnogna
traditional resear ch[ 1f58¢¢ asmi S onjoyi p il 6adpd p ho't
medi cal di agnosi s [(Ils@ul)hl 6absp tE EEIG amodt EyCeQ br o:
Recentl et [ZAlh6a3nlgposed the first recurrent ne
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mod el to DCS, foll owed by 2D [c3g8nV @indteisdmo r 1t e
memory ((U®S®BVW ConfuGRUYU STM, as a typical RNN
stable and robust for quantifying rehawive b
exper i mé&diazsDCNN, on the other hand, tends to
compl ex structures, demanding memory resour
met hod introduced to DCS, has also exhibite
Al t houghmitnhheng of DL takes a |l ong time, once
fitting met hods, -tmomee apnraolnyi s$iiisy Gdraedonncharsepaklay t h
current deep |l earning architecture applied t
| earning methods applied t-NEDE&S teaihmi gaeiss
t h anCNN) appr oxfiomadt efl ays tlede0. r AmMahaoauglh model s,
and ConvGRU have fewer tot al ] Xyetr Jall22hey
introduced a different approach of DL and t
temporal speckle fluctuations from 12 fibers
of flow dynamics 8 mm beneath nastdeaodrerde li anaigre

a mil isicméter spati al resol utien d4and a tempor al
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DCS-NET

£ Output 1 (1x1)

8
E
3
©!

%1)]) Cnvi x16!1|

BFi Output 2 (1x1)

@ BatchNorm1d

LSTM # ReLU
@ 9
g 8
\\\ ' 8 j8 2
input \—— 8 8
{ies) ®0 |0 (O [ ebrcsm

) Relu
» Fc

N\ | s
Convin2 Conv1D-1 [IIIIJ
1 00 000
& JJ Yo
n'url lRtI.L P
| | == 'an—»:
MnxpmHn uanol-l
g 7 e |2
|_m‘_: ReLll :
E g = Duuble GRU
" Convin-3 H ??:Lu
ConvGRU 2DCNN
Fi ga9Téhe exi sting deep |l earning mbge2RPDERBILETEAMI4Hd DCS,
Conv RWWamt]d -RE®.Itlhe graphsnaed feom the published Ilite
Tab26€ompari son of Existing Al methods for B
Model Training Parameters Training time Total layer | z (mm) Year
DCSNET 25506 ~ 13 (minute) 18 5~30 2023
RNN 174080 N/A 20 25 2019
CNN(2D) 75552 ~30.5 (hour) 161 275 2020
LSTM 1161 N/A 2 15 2021
ConvGRU 11557 N/A 10 20 2022
LSTM N/A N/A 5 30 2023
Note: the training parameters of RNN and CNN(2D) are
to the structure shown in the iterature.
2 . @t hAprpr oalsleeds i n DCS
2. olWwavel Apgt baches
Since DCS relies on |Ilight scattering, recent
at |l onger wavelengths, specifically within t
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and 1100 nm. Practically at 1064 nm, wher e
i ncl udiprogvehi dlmser sources initially develop
avail abl e, substanti al [b4e&]elfni tBCSh asvyes theene,n ed
wavelength of 1064 nm provides a SNR advant
wavelength of 785 nm. By eval eatiidigustthreatceo mp
1064 nm, the detection of pholt 48 ]swhwocuhl dr ebseu |
an increase in photon availability to incre
detector technology at 1064 nm hinders the v
DCS. For example, the compmonlion ueeedcSPAD rd\Vv
of 5A%6but which drop4.8ft@ne3% fatt hleO 6s40 Inum i o n ¢
superconduct i nmh omtanm wd @ tee cstiingglh e( SNSPD), whi c
1064 nm. However, SNSPD detectors are cost]ly
operating témpeéeKaserctateb 2ryostats, amd t he:
ti me of several hour s, currently Il imiting t

can be seen in Section 2.4. 4.

2. 6He2 er drdtyenref/e rApme toraicth e s

Traditionally, the DCS systemanteaernd elraesnede oorf

' ight) that related to the motion of the sam

DCS, employs a reference armcttaaefi fonst icvaallsye
motion of scatterers within the tissue. Cor
spectroscopy (i DCS) system involves modifyir

couplers to -2estimdbddr sihn tadnfiiicayo mee ecomput ed as

Qf prQt 1 Qf

p T p—"0FT g —p —QF (23

whe®Dies the referensethaetenactiyonah®r &f erence

Ois the tot aldi si ntthreenssampl eendr m i ntensity. I

advantages as they can offset detector | mpe.l
noif[se9]They are resilient to environment al n c
settings. Additionally, they facilitate accu
| ow signal l evel s, enabl i ng t hne taisnseess sumrechdr
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Il i ght c[olnéd7ithiosnsmeans the i mportant advantag:
the use of | ower cost , noi si er-pdlevboegsouand
detectors, such oxislemptemaend oy MEALE) alc.a me
recently pr opawasveed pGaoamnatlilnedodisnt eaf edomeperctcoas
‘NI RS), which makes use of a fast 2D djetect o
of 30 mm and an i ntlelggrlati on ti me of O0.01 s

2. 6.mpr Avad yModal s

Since DCS is a diffuse optical met hod, it f a
di scrimination within t-detetltomipated €@oersaenq
signal i's susceptible to cuocenst atnmhrnoau g ho nwhbiyc ht
travel s. To minimize these extracerebral ti
generally categorized into one of two group
anal ytical model |l ing. eOachhevédrtdiwaoegbidieth
approaches, or using |l aser with | onger wavel

shown promise and may represent the future

speed, accessideditheimantdreadadt i mplhement ati o
anal ytical model |l i ng techniques ar e access
extracerebral hemodynami cl. ayfar momdstl anceq mptr
extracerebr al t hged asacpmpaasipng skul |, and
addition to a cerebral | ayer encompassing gr
|l ayer model involving the scal pyeskahh| yanda

wilbe di scussed in Chapter 3.
2 . Applications

DCS has a broad range of applicat-iahsar dd e
spectrosc[oop7y] DoOMIpRE)Y ul ¢ 3 @lswerhf dneerdaidmetNelcR)Ni q u «
[ 168, 1689pquency ndomaiend s@&tLtRBED Fa0rpep yp o(weD f ul
collecting abundant information. This integr
bl ood oxygen metabolism and hemodynamics. Co
and skeletal muscl e blgmasifd oavn dnotnh d roeepgyn ga n d

cerebrovascul ar heal th evaluation.
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The hypothesis proposed by Roy and Sherringt

to increased neurpbal]Thet abelxiict actai vsittryong
changes in CBF and psychol ogi cal conditions.
and cerebral perfusion hafp lE&eils dee nroenssu lrta,t esdt
regi onal CBF all ows for observidingaglhamsdils, ne
devel oping treatment procedures. Many articl
on DCS in the | ast decade. I nteregtB3ed7r,dadgr
Il n this section, we categorize DCS applicat
pediatrics, and human adults. The structur e
comprehensive overview of DCS apsddrrcartiiosnsar
preclinical trials. Next, we delve into DCS
car-demwmebr al di seases in neonates, neonat al b
Finally, we explore D&Be qaprpilaicrag i bhemi hntad
neur osci eneree brcoavradsicoul ar di seases, skel et al
well as tumor diagnosis and therapies.

2. Anlil mal s

DCS has been applied to animals since the el
pi §85]as sHiogvr ®br) After that, a hybrid instr
NI'RS was applied to probimrg imamatd MBI ]|Catt parl .dy n
used DCS to examine -ihBdRu cceuwr icnegr ety pevracsa i iaa
MRIbased arteri al spin |l abeling (ASL)17%64dr vin
Furthermore, the first DCS applicatiedan ailn 1t

[ 131]They assessed t umor OXYyge8nawd ekns )i nb eatr

hypervascul ar human mel anoma xenografts, ac
factor ( VEGEF) transfection. They combi ned
i nvest iogvaetses enhi cdkensi ty ( MVD) , BF, bl ood vol L
ti ssi)leap® oxygen consumption rates. Mor eover
tumor blood fl ow changes in ani mal studies r

etl[[d77&u[dl7ad]d Bus[cdih%B]lve empl oyed DCS t o moni
before, during, and aefttedl8h@®DPE. uAsddi tDCeSn atlol ya

vascular and ionizing radiation therapies. T

36



for human cancer research and clinical appl i
ani mal s.

| schemia monitoring assesses potenti al d a ma ¢
wel | as paraparesi s. Experi ments have been
hemodyaati cerebr al bl ood metabolism l[i82duced

pi gl a68nd ghleteOpFegar @ Not abety deldiedmped a me
i ntegr aNtliRnganlddR DCS to quantify the absolute
( CMR)O.
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Tab2a7égabl e of <classification of DCS
Application Subject Overview System Reference
rCBF and blood oxygen
Rodent ) ) DCS & NIRS [6]
. information
Hypercapnia
DCS: rCBF; DCS & MRI
Rodent o [181]
MRI: validation (ASL)
Tumor oxygen status
Rodent o DCS & DUS [182]
monitoring
Tumor blood flow
monitoring before, during DCS [1771179]
Tumor
_ ) and after PDT
diagnosis/therapy
Rodent Anti-vascular therapy ang
ionizing radiation of Contrast enhance [180]
malignant mouse DUS & DCS
melanoma tumor models
DOT & DPDW &
Rodent rCMRO2 [82]
DCS
Ischemia ] Absolute CMRO2 and
Piglet DCS & TRNIRS [169,183]
CBF
Sheep Spinal cord ischemia DCS & DOS [184]
Effects of the secondary
Neurovascular and late corticecortical EEG & DOI &
) Rodent o [185]
coupling transmission in DCS
neurovascular coupling
Hemodynamic changes
Head injury Piglet monitoring after a head DRS & DCS [186]
injury
) Cerebral blood flow
Intracranial o o
Monkey monitoring as an indicato DCS [187]
pressure . .
of intracranial pressure
Diffuse optical )
) Measuring blood flow
correlation Rodent DCT [85,188]
contrast
tomography
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DCS applications in animals
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Figlra) Detailed schemati teabfirmegsuheminssr omesthea

probe, i mages [aldBodp|tle)d The ms &Rtedp for pig experi ments.
burns of various depths. [B5¢@uc ) sTowme racotm e pracdp afegadrsfyrsd r
mice. (black |Iines: outline of the bones; r[eld88]i nes:
(d) Experiment setup with the placement of optical fi
skul | of monkey. The traces at the right show an exa

Figures were ef§par8d/dquced from R

To further iIimemcedy,gyadiefcfwesseseclor rel ati on tomo
devel oped by measuring blood flow perturbat
provide blood flow contr gs8th,iln8@8gT nigs od- ¢ &fee r
effective i maging technique,-tipmeovinanmintgo rd eneg
functional hiemfoadrymabl&®ncah compl ement ot her |
as MRI , CT, or PET scans, by providing addit
This can enhance the overall understanding o

2. Pedi atrics

The cortex of newborns is more easily detec
newborns and more | ight reaches the cerebral

an attractive population for bedsi GenPC8I| mg¢
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is often combined -MiIiRS& &NhARStrassweadhi als B®Opp
of fers a synergistic approach to obtaining
bl ood fl ow and bl ood oxygen mé7abolism in ne

2. 7P2ricat al

Premature infants, born before 37 weeks of p
such as inadequate prenat al car ¢, lidmBeermatl a
health refers to health from 22 completed we
However, premature babies are more |i-kely t
i schemi a, stroke, and per iavsesnotcriiactuelda rwiltehu knoe
def i[clibt]sTo st heywotymami col ood oxygen metabol
neonated4ab&otcbdaelv.el oped a hybrid instrument
measuring CBF wiNt RSgumarmtsiuraimigve efFBbpalantdi ss
cerebr al bl ood volume (CBVXBVTRRerresd altti oni nc
in premat 18 9fi o madtda s i oA ,ntGearvmeinntali crmdtarri xh e m
| VH) i n premature neonates can be monitore
met abol i ggmt(oCMRIGntify the vulnerabil[ilOY]of g
Buckdteyasled DCS to continuously monitor CBF i
birthweight premature infants during a post
correlation between T8D]@BE mMECHI MmMeraisug ememit 1$
after birth has been used to assess the ri sl

infph®8PCS holds a promising potential for p
2. 7TN2oPG@atredceoelDi s8keases

DCS is also a promising tool for the monitc
Durdet ausledd a hyCrSi d nStRS ment to study the ¢
deoxyhemogl obi n, tot al hemogndbCBF codwmrciemg r Ay
Measurements validawearoem odn dBFA&WD da LLiMREPOh BRI e
showed a goodD@Y rmeashRefvea Mths PFOB O &k I[ ei6 ]

and ®hawllmpasured changes of <cerebral hemod)
during neonates cardiac surgery using DCS an
the risk of surgery duration and surgical pr
i schemic encephal opathy (HI E)NIhRS and d oD®XR e[n2
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searchers revealed the effects presented
modynamics and bl ood oxygen medtuarbionlgi samm db ya f
e TH for neonate HI E. Furthermore, another
nths after TH of neonate 2:HBEEa gesdai aldeéerc sl
aluation and can be mefakd2@fdesepsbtuddey de
e feasibility of wusing NIR diffuse optical
onate€eca&mbdiad di seases and effect therapeut

7TNeod Bt @Beavel opment

modynamics and cerebral met abolic rate of
ain health|[ a8® 5dHOLCSI @mwmd nhleRIS wailtsha sFeDA s t b e e
nitor the newborns brain devel opment, whi

gions aAamd fCMmRQ al region bet ween -lmaflte barnadi
nctional] 1la6Bmsmetdeyg, activities in somatose
wé so been studied using DCY 1t9o/]eval uate br

7Chi 4 BreHemalE Bl uati on

seth[ aPe81fpl oyed DCS to observe CBF filbctuat:i
ars) di agnosed with obstructive sleep ap
periencing hypeNoctaponiya dcwriildg el emap.h OSAS
bitual snoring displayed attenuated CBF r
althy control group. These observations p
sponse mec hanngmst hendpehrypsiinopat hol ogy of

mogrBeéi de s, Neot u[r dhBeSjhméomined el ectr oencepha
RS, and DCS to simultaneously capture che
il drehO(pngaedsp affected by absence seizur e
rrelation among WEEEGesstININRYS tahnadt DDOCSS hsol ds

modynamic changes of pediatric brain diso

reail me CBF measurements during the chronic t

ce

'l dil9edFeY@DEhows representative applicat
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DCS application in babies

detector  Is-detector N High-density

¢ ¢ EEG cap
s SrhmI

source

Optical probe
(fNIRS-DCS)

Elysles 3cm

2cm ® Common detection
@ DCS source
@ NIRS source
7
/

Fi galrlea) DCS sensor was attached to the infantés head
[ 9;0](b) -dbeshi ywhEEG cap aih€CS)ptindalschremae i cNFRPresent
of the EEG and optical probes on a chet déa.9feca)d.Threi g
hybrid DCS system for neonatal bl oofd20ld]Jow monitoring,

2. Adal t s

I n this section, we focus on DCS applicatio
sections: neur osceireerlaoeovasaodyar cdrdiease st ut
exercise physiology study, anHdi gn®hows atglme s
use of DCS in adults.

2. 7N8utl os Btiuednyc e

Measuring CBF facilitates the investigation
and neurol ogical di sorders. Neurovascul ar cc
neural activity and subsequentl alposeri aiiooneagi
flow fluctuations are intricately connected
sequence of coordinated processes I n2®&I2yi ng
DCS can quantify changes in human <cerebr al
including but not Il i mi t ed[ 830 vismadr icnoorttoerx

4 2



[ 86,,203]Janscrani al mag@ 2 uian ds tviamwlad®t @ re e (ST M In
studies presented noninvasive and straightf
activity in human brains. Ol der adults with
hi gher CBF increments$adgdgdkir acg i wiolt e £ cawihle ¢deyas
di splaying nor mdl2 0ccdAgnnoitthievre ifnuvnecsttiiognast i on hi ¢
of CBF with the posture changes wi Ahbdhea he:
role of DCS during hypothermic circulatory a
ol der people (mean 983ddheses8fNndPngsybald)si:
reference points for -rfeudtaureed rael stlecar@a6th nof nasd di sne oC
DCS has been effectively applied for assess
[ 207 obstructiv18&8flnade@adalp2t®8&]omat os e

2. 7CargiedaebrobDaselmday

Several Sstudies have been undertaken to ass:¢
out comes. Carotid endarterect omy (CEA) , f
hypoperfusion syndrome in the interrmalalcaro
i schemi a. Evaluating and monitoring cerebral
critical measures to at cokduads ®dc iaa tceodmprair ak
bet ween DCS and EERBeasevedl| CBF ekipitbh DE&d omaosre
to I CA clamping t hHa2n0 9BFEUG tnheearsmuorreeme ntthse i nt e ¢
NI RS has demonstr atiemde frnmeoandithoirliintgy oifn creaealbr ¢
oxygen metabolism dquri®ndle€g it paddce desteasbl| i s|
physiological connection between CBF and ox
di seaxslelsCBF during the cardiac cycle has bee
ventricular afRrlyb@&i has nalasol been|[ 8%ed120r
and critical clox1o3f]lg i prchesnuirce st Cro®RR) pati ent
evaluation [262]. Notabl vy, i n neurocritical
bedside monitoring tool for individodleidzed C
treat ment iftohr cpraittiiecnafld 8w. Db 4]i n i njuries

2. 7SBeBMusadl exan@®hysei & wdy

DCS has found applications in the investigat

a val uabl e approach for assessing ti ssue
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understanding of muscl e exeercalmpampddsinos olgy .
fl ow and oxygenation between healthy i1 ndivioc
during cuff occlusion @MNbGumplsemuamtilyexit breyex
splabell ed perfusion MRI with DCS to] 3ndnitor
Shaetg cédhlaracterized muscle blood fIl ow, oxyge
fibromyalgia during |l eg fatiguipgl®pPenothese
investigation evaluated | ocal skel et al mu s c |
suggesting that MT can enhance blood fl ow v
f unclt2 lo6n]

Neverthel ess, conventional technol ogies sucl
encounter chall enges when meastdrnidnugec epdh yasrita |Ifc
These artifacts can |l ead to inaccurated bl ot
superiority in providing more reliable meas
vari gtildrfqsowever, It is noteworthy that musc
in an overestimation of the change in BFI a

accurat e bl ood flow mea®gli ememt $ ,0n i[@¢ll]uddyi nnag
Additionally, alternativet ¢ grcatfe2dlBga2ildI9d a c h
random wal k correMItR[IS¥Y1b] madel bwethhi RDroduced

motion artifacts in DCS measurements.
2. 7T8m®r agnosTherampag!| uati on

DCS has been employed in the diagnosis of h

neck tumouert.cabud Wdautreach an i nitial comparative
bet ween tumor and nor mal ti ssues in human b
increase in blood fl@w] Whitdhi abdeamoaitri othi spsail\

noninvasive tumeutr ruastkida gDnCoSs iisn. hQhmaen p7.8ast ¢
And the findings align with.ttwhircdéds uwintdersep
increased blood flow within tumour regions.
t hrdeemensi-b)navi s(wBal i zi ng of bl ood flow distr
showing that DCS is a prhamasi njg7/moleictsni que f o
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For tumor theratpgaolmbahedt D&€ES, wYa h NI RS to m
fl ow and oxygenationg 2@ffhamamanheadds/azadt|dAheakce
DCS has been used t o evallateexy | t@xe et iy
devinyl pyr og h(lopnPeddri lait eed HPIDIT)( HEBEM we-BDT hat F
could induce a significant drug photobl each
oxygen2tR2i0]l n addition, DCS [caho&Wladdiadti @meitmhk
[ 284h human tumour s.

However, there is a Iimitation in terms of p
di agnosis and therapy. Currently, the major.i
7 to 11 Pp2ajtsieegnniesnt ed i nto two or three resftg
complicated by the varying edefoindiitnigo s oafp sr ¢
each research team. As a result,  ongi tudi nce
moni toring period, to provide more precise
Besi des, more precise DCS theoretical model

neeff@ad0, 221]
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DCS application in adults
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Figl¥rZa) Hybrid DCS system applied to3lhgmanEkpeehmad
configuration with cont act[l2e2s2s )r odceh e ma tgiua ecsf ahdylprtied
| magent/ DCS instrument for simultaneous measur ement
chemoradiation theragy223i)m)geBdr aavdiorpg eadf fa osnu lRedct <cyc
wi th a THoequenc(yD)st amo-t @ f rnaeraerd spect-doktopeg ¢ EFDNe R&
spectroscopy (DCS) probe attached to thmem RE®JIL(esuperf
Hybrid DCS/ NIRS device for muscle me489rfemednta.grRimg wrf

working on a breast[79]gures adopted from Ref .

Il n addition to theFiagllp, c atCiSo rmsa sl iasl tseod baebeonv €
caf22dn]d anaedJt2RegD®S oigsy a rel atively new ant
its applications conti nue tion veaxspiavned aansd rpeosr et a:
of DCS makes it particularly attracitni vvei vfoor

To get more precise measur ement-isnf itrhietea yt anon
|l ayer model andDES ptammd@BEBr oBe€Wdes, DCT vi s

fl ow contrast deep I n tissues maekaes eist gmoargen ou
and therapy. However, restrictions for DCT,
ti me consumption, hinders its further clini

further propel the devel opnmeCSt wifl ID®S,f eand ni
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reliabl e BFI measurements and wil | find expaé

in the future.
2.8 mul dotoHmlnat ed t o DCS

To assist researchers in performing and det a
sophisticatiopur peesveer ahalgysies apl atforms and
specific applicati onost hDaCs3eeallbateend ctre@lt e dar € hs
Table 2. 8.

Tab28&xi sting software tools related to C

Name Language Website

MCML Standalone https://omlc.org/software/mc/
MMC Standalone/Matlab http://mcx.space/#mmc
MCX Standalone/Matlab http://mcx.space/

2. Qummar y

This chapter aims to outline the -ervasing,
portabl e, bieamrsiidieng ainmdagiomg/ sensing modal ity
S umma railtahreed-orpd n ¢ a | met hods and discussed the
Having provided a brief introduction to bic
di fferent Il ncoherent and coherent optical m
optical met hods are necdédgsaamy fhoweivmmagi ndede
the Il ow SNR |Iinkedededt hersdbsepentiamlging. /

DCS stands out as a promising method for BF

enhance the SNR inchb€S,semplayimgl apppeakl!| e
of |l asers with | onger wavelengths, i nterfero
model s | n-dtagramsprofcegaes ing, the introduction
promise,iana ¢gheat potenti al for thetiirme nt ec

measur ement s.
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Chapter 3 Hmhaenemwetriksa l

3.llnt roducti on

Il n this chapter, I present uhdedamantdahgi hhe
aspects of photon propagation in tissues. Th
only the necessary information required to
physical model s e nsploofy etdh ef odra ttah ep raensaelnytse d i n
outline the basic theory of dynamic model s

based on exnifsitnii,ntga,sdtmiyherreemodel s and frequenc
conducteal amalmuttiati ons accordingly. Sever al
Systematically derived the-i mmianiyt élcaayaeyrenrogdned v

t hrlemagger models for diffuse correlation and (

3.RasiThbabr eBac&kaglr ound

3. 5chtterAbsgra@nd on

The movement of photons within tissue can be

Light exhibits a I|ikelihood of interacting w
range, ranging from ~j (e. g.ome+t etardsj, feogruihveanoe
di ameter of | ar[g2e2 6mMRAmontad n ainntcerld st i on can |
energy through absorption or &2R2&domexetnitamtd
on an individual photon trajectory: the |ike
is directly related to the reciprocal of t he

vol ume of tissue ciodnetdaiy ntgised ated twaelnodredoddh v
This establishes a charac/hepli sti Asdemagt hhat

interaction occurrences are both independent

Il n the case where scattering and absorptior
transport®)coecdrdnilce eaxpr(essed conveniently as
(‘) and s‘clatdaeefifnigci(ents. An advantageous f ea
is that, typisasignihi ¢a.stshuree d wevretr dlhasnt i ¢ s

ti ssue has the consequence of wunpredictably
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rapidly | ose details about their original di
such as microscopy, especially in samples wi
specific thickness of tissue rafgfubueadetionoto
scattering)cbetfatsenby(theemirediean eaf ds a etctt
These microscopic properties exhibit signifi
mean scattering angle corresponds bboemahbshbDt §
di ffusi ve bediamemgi dmala rtehmdeem wal k. Anot her
as ttrhenmpant free path (TMFP), Jba,n shiegniinftyriondg
average distance a photon must cover to tra
reduced scattering coefficient c¢aon, bas cshhaovarc
in Eq. (3.1),

- p (3.1)

wherDdc afdr epresents the anis-bttopy faasctdhre raare

cosine of the scattering ainngflrear eldn (tNIsR)u ewa tp
the typical range for g is approxcynatewsgr @.
predomi nandilrye cftoerdy@&rxdajt t er i ng

3. BpacHKkluet uatliognBstaah &y mami c s

3.2l Aaterference

't i-snoveh | tWatmeamsomemal scalar description ca
odd OATQa]1 6 0 YOQ g YO ao h (3.2
where Eulerds formula (Eq. 3.3) has been use

AT Qa1 o n ' ~ (33)
Usual |l vy, it is |l eft out from the notation a

commonly denote an electromagnetic wave by,

odad 0Q " (3.4)
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Il n fact, it i's not feasible to directly meec¢
detector s, including our eyes, can only meas
unit area per wunit time. The intensity is co

rel ati on:
o @ h TR —, (3.5)

whefe ‘Tis the i mpedance. E* reprok@Glepresehes

the time average.

Now, | et us consider two mamdq &isr pmat Eq. w8v dy

the same wavelength, propagating along a con

where their intensity can be observed. Accor

field at any spatial point is merely the sur

specific |l ocation on tkessedraen, the el ectri
Ogd OVad O dad 0OQ 0 Q : (3.6)

As we mentioned above, we only detect the in

Eq. (3.6) into Egq. (3.5),

~ z ~ z - z

z ~ ~

6 h hd o6 h hdo h hdo h hdo ~ h h O
Oa
O O OO0 AT % %
C—
‘© 0 O. (3.7)
I n Eq.21(s3.r7ef,erred to as the interference t e

relative phase of ti-he=2@l(fecrt racy fi el eéger Whmen

exceeds the sum of the two ito-da=wmi (dW&2@ I, itrhteen <

i ntensitthyani ¢ hleesssasm of the individual i ntensi
3.2Spekl e

Speckl e, also known as speckle pattern or sp
di mini shes the quality of images due to int
system. Exampl es of such systaears (3ARu,deme @
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ultrasound, and optjez2Bldoheisncempbomagtapiloy

i's not an external source of noi se, i nstea:
refl ections. This occurs because the scatte
coherent il | ugnhinyts ems iwtaiviee itso hs mg 213 2Whreinat i ¢
|l aser Iight reflects off a textured surface
on the reflecting surface. This nAspeckl eo p
beams with slightly vasiddrédghnh patdbsirabl ¢
| aser l i ght . To mitigate this speckle patte
di ffusers. However, speckles inherently <car
surface and/ oentpookenscattewoeem beneath the
stationary scatterers remain constant, whi |

—+

emporal fluctuations. Leverage the dynamic

of t heeh&rlaoom eri sti cs of scatterers.
3.2D9gnad&micSclaitgretri ng (DLS)

Dynamic | ight scattering €DhlS}Yjckhogmtalstcat t
or photon correlation spectroscopy (PCS), b
and experimental effort ¢ 2RR&BWe] Ahed¢inedddcige amtne d

employed to assess particle sizes in a solu

di ffusi oms c drogt ainnts,t ance ,-Eiuntsitleiizni rfMdge Haktel 0B ts d|

all ows the cal csulraatdiiouns o(fR)t.h eDeppaerntdicnge on t he

and application, this principle may go by al
(LDV) , el ectrophoretic |ight scattering (ELS
ot hdhss technique might be known as | aser

applicabl e for [ez336]Jmatti migs bs@otdi 6 h owwe speci
aspects of the theory and applications of DI
on DWS and DCS.
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(b) Inci i
Incident Ilfht Betactor

Scattered light

0
Incident light ] Particla Kout _
7 Scattered medium
kin

Fi g8lr(ea) Experi ment schematic for [OLbS(, B ptehr itnneen td estcehc
for DWS, with the detector positioned in reflectance
The fundament al experi ment al arrangement for
|l ight wave strikes a volume, scattering in v
drel ative to the path of the source | ight an
of particles, the scattered |ight undergoes

the direction and velocitmgatoifvet hen dpearrsttiacnlde
phenomenon ari fhes i ditreencstilty farudmcorrel ati on
particle motion (in contrast to static | ight
woul d exhibit a phase credtied dan ciommoemfl gr & rec
aspeckl e pattern. Suppose that the particles

di fferences cause either destructive or con

cause variations in the intermgreihceheatntetem
of the speckle over time, it is possible to
tand the i nttethsiitnyg atthet icnoemmonly accepted n
unnormalized field autoco®teldadtd onf Qwhreastei on
E(it9 the complex amplitude. The normalized f
as:

Q t — -8 (3.8)

Similarly, we calculated the unnO¥mat@y@E ed+i n

and the normalized intensity autocorrelation
“ 0 Q.
Q T 5 59 (3.9)

By ther I awgpee ochaan obt ai n:

Qt p 1sQtsh (31D
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whefhaedj usts for the spatial and tempor al coh

and ranges from 0O to 1.

The most straightforward method for gaugi ng

recording the scattered | ight, with the dete
to the incident | ightos |1 ntsesnstiitnye <clehre kga aerm
compute the intensity autocoasiemplta o@x aunsp Ineg,
showcase the autocorr el aitntoenr aocft ian gs ocloultli ooind ac
spherical particles iexmp,eraenden3gov8dhewrsiclre tt e
fields result from combining the scattered
interacted with the I ight is given by:

06 B 00Q g (311}

wher=doutki denotes as the scjat) er swmag@rhywiawg meacdiotri
t hebgrticle. Substituting Eq. (3.11) into Eq
then we obtain,

Rt 0 Q -~ h (31 %

whelt el|zks id/)Rs the magnitude of the22deattbaein
wavenumber of the | ight in the medium. The ¢

in section 3.2. 3.

3. Di3 Wav8ectroscopy ( DWS)

Similar to DLS, di ffuse wave spectroscopy (
particle motion and sizing. However, its app
cont[ex3%&]l n 1987, Maret and Wolf pioneered an
Brownian dynamics of l i ght scafbélas sshwvowmi i
Figure 3.1(b). Quantitative analysis of the

|l eading to the nomencl ature of the technique
it assumes t e adttrean o gannddi tniiigk eo TNIIRSg, htl i ght p
can be modelled as a diffusion process. To b
of the distance travelled by a photon, denot

be calcul ated to be,
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~ P —

Qift  Q "8 (31 B

I n Contrast to Eq. (3.02)¢Qi '™ haasn bkee nn studd tt
with a simpler ¢c@xpnBeé8didor, omameélyy, take note

which represents the chhathdan odndearnglooams wall &kn gt

s. This term suggests that, on aeraget heact
autocorrelation. Most often, we are unabl e
phot Dmer ef or e, w e mu st account for al | CC
autocorrelation function of the total fiel
pat hl engt hs, can be written as:

Qt | 0iQiktQh (3.1 %
wheP®i s the probability of dediercti mg sampmhlod
comparabl e representation -céhitgsh/iwbtasredwheg
the refraicsi vemogeexus. Two notabl e enhancem
in addition to operating in the multiple sce
of scatterers on |l engt h asacnadl ead sulgsnt dmtciaalt |

dependence on the si-zecatvitanrg apté.4ofM/hcalmeosa gnt e enpl

extended paths with a substanti al number of
of numerous scattering occurrences, each par
overall path |l engthgtno fvamaynwtbyud cwanee lodn gntuh .t
Il i ght r elliiltnsqg up cslheersi zati on characteristics as
medium. I f we consider the source |ight to b
l i gheéxwibit equal amplitudes in both paralle
pol arization direction. As the two polarizat
i's equival ent to measuring | agbatadgirmgn ¢ wio

intensity fluctuations. Consequently, when

achievabl &i yalbué. faddi tionally, owing to mt
Th
Ot
l ength ratherf tshaat ttéhrei ngnpacts o

t
h

traversed by photons wlyhgneaher medmpmries $0D
erefore, It becomes i mperative that the |
h

er wi s e, the decrease in the autocorrel at
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3.38i ffCoseelSeconoscopy

Typically, bl ood fl ow measurements obtainedo
correlation difful3gegb66ffhectCDEscespy of GDE)t ed ba

transfer equation (CTE) assuming that the |

the | ikelihood of " Ili'ghtThab sColrEp teinoanb,| ensa mehley c
electric field da@tpcomded ahi @addédmuncanadinti(ons
is analogous to the traditional radiative tr
of light intensity through scattering media.
(seimifia; atyvea dmdetrhr, dead D a@WHCEFD Figure 3.2 s
anal ytical models | will discuss.

( b) Ex\(apc\a\ed pounda™y

~ Detector

l z=0
-z, _ _,(./fz-_f)—_‘f_io
% . (HEIES
Isotropic source m
(0:2=2) 0 . -
%, "

(‘&Vﬂ:l)

Semi-infinite model Two-layer model Three-layer model
FigB2(ea) The homomgfinmiutse samal y-t agal modéelyti ¢lhdy elrvdel ,
anal ytical model . Al of the geometric schemes incl u
its own mhamknelsar acterized bygyitred absduped onnc atoted fii ©

€0 1,2, 3)
3. TWL Semif i Onidtaey efto)d e |
I n traditional DCS systems, it is commonly

infinite medi um, as shown in Figure 3.2(a).

can obtain CDE as:
—Zn Q% G0 Wt Y, (315

whefodft k @it 0 il tGis the electric fiD(led aut o
viegd s the photon di sf udiieoms peeaf foifcolesngth th ei n
wavenumber i Wr etphree sneendtisum,he probability that

moving scatterer (e.g. b @@Orfdpmrwd snegn trse dt hbel ormoed
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di spl acement of moving scatterers, and is ¢
including the Brownian motion and random ba
Browni anVimb®igor] 105] ,Deiwhéafé eddt f fasi on coef fi
moving particles. B®brtOr @ntdo nwhbearkel it itei enefalno w,
velocity of the scatterer in the vascul ature

Consadeemiinite homogenous Y¥pstYyem ,wiwlkerae p®

represents the amplitu®éhtaofo IEigght( 3sd®nce.s DH

an image source approach239%9] owing Kienle and
"0 eht , (31
where o | Q¥ tOnandame the distances betwe
the source/image source, rdspeéectd aweidy, as s
" & ¢ ;& pI is the depth at which a coll i ma

can be approxi mat ex a?é) \ga (pod'n\} aondr ce;

p8 T&m T P T™eYmteeeitshe effective reflectio
—— p®& o Typlbgiad lyeferred to as the blood fl ov

[ 240])] n practice, the Brownian model can fit
a wide range of ti s gue 8t2y Beys,i 1g8ifleltd I6ly Rdidmgnamn a t
br 4i8, 203, 2@u 2d[3] 1Mo LB @inan s kled®Bl,aZ2Muimasnc | e
tumpk8, 24 F24ure 3.4 shows sets ofy,bpauntde.chr rr el
The curves decay Dgasit.ea. wiindr &anscegdd afeli asw, 0 paen c
and/ or the decay rate provides information &

scatters. Figure 3.4(c) shows thiancntéaeseautoc
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Imaging source

Extrapolated

Boundary 777777
Source

N

Detector

Fi g83ldl ustratnbhnofesgeamometry with boundary ¢
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Fi gB4As sumi=ngd. 034 @6=mm . 86 amm Aut ocorrel gtlilof@nt/sfroati ons
di ffle,but ocorrel atjoahnmuhot i deéhb{ E&EPeMutDcorreg=ati on
11T B@ntis ,

[ i =
N w I

Analytical g, (T)

=
=

=
o

1 — p=20 mm

p=10 mm

—— p=30 mm

(b)

1016 16+ 167 167 10~

lag time T (s)

1.5{—

Analytical g, (T)
ol e
N w D

-
=

1 —— BFi=7e-9 mm?/s

=
o

(c)

1.8

Analytical g, (T)
= = .
N > o

=
o

Ja=n3ahm

BFi=2e-8 mm?/s

—— BFi=1e-9 mm?/s

106 105 10~% 103 10°2 107!

lag time T (s)

R=0.1
— B=0.3
—— B=05
B=0.7
B=0.9

10% 16 16 167 167 1o~

lag time T (s)

for Obifferent
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3. TWIwolay o d e |

We have stated above that the DCE6BHEhEdDBYy 246]

which can be app[rdoxX,i 2BdBye dassyw mCbBbE t haat I i gh
homogenous medi um, the solution of Eq. (3. 1°
commun[i2z4dClslowever, bi ol ogi cal tissues (e.g. .
bl adadnedr ,h24djJare | ayered with each | ayer enco

optical [RABp@adgr|drglert] falr.st pr dppoyseead aan atlwad i c al
based oemt Kalemad cel for refl ect anaxyersgpdkcdgammeto
Figure 3.2(b).

We assume an infinitely t-hagebedmmedcudenThe
of t hlissyedarwomedi um idaansd a hteh isicegceomnisd$ il amiyteea. Wi t h
first | ayer, the beam undemgowiserpgdsot f opi c sc
Her‘e,and represent the absorption and reducec
respectively. We also assume that the Browni
means that the particles can not movetfrom o
|l ight is perpendicular to the pluarnaclei ® a@omr
(3.15) becomes:

on -0 & t00 aufRt CYam o fim g Y (31
on Q0 Mt 00 ofufoft Ty 4 (313
wheODe pfo' ‘ (S t he di ffusion C 0 n sstqaumatr ed f

di spl adie m®ngdO ff or Layer i

Al t houghetKdbhlder [ 2df7i,&med® ] ori ginally for di
spectroscopyde(bR8®) t heen fer DCS foll owing the
solution7ofarmmdystadP(Bayler 1) in the Fourier do

n T r r ry r r
O anht - -

r ry r r

K| e
-

h (319

wher e Oa ¢ QO ¥O,j =1 gamsd thhe radial spatia
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a ——cO, (32D

An® zhd mht at={y z=0} on the surface of the medi.

invepsaei al Fourier transform as,
'Ozl mht — O An it Al Az 'Qa (321
whelst ands for the zeroth order Bessel functi

f unche sasne | |

3. TW3hr ¢ @ yMord e |

Al so, i A atyleeg tDICiGdl@iiodan , be model |l ed by CDE.
consisting of 3 slabs was consideredY as sho\
O 0 ,p =1,To2, 0%k, Eq. (3.15) can-lhgerembded

as .
n o Q" O t "oint IR (322

whepies sa-l phenmonochr omati ci | ' ghttx isnosuirdcee L aoycea
l;represents for the transverse coordiinate.
(J,came obtained by solving Eq. (3.21) in the

oAttt | QO iRt AGEAD (32 B

where q i s the rTahduisa,l isnp atthieal|F ofurreigeure ndcoymai n [
— I At O At i1 a &, (32 %

whelr e st ¢ Q" O t a.

We divided the top | 4wnge<izget ¢ 0tiwloe nstQi,bfliaayds rbsy:
Subayerxz#i)(z'identified by p in thMep fosiodoinkt
Layer=1gg30pcan be written as:

'O At 6 Agb a 6 Agbl &, (32 5%

whermangaBe constant factors for Layer p dete
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O gt o —"O Afpht  nho m
"O Rt O Afoft fx &
—0 ARt —O ARt o R d
"0 phght O Afoft ha O Y plt
0O —0 pit O —"0

O fifdt & —0 Rt T D, @2

wheaxepl andplr are the extrapmdiadatomngalngr dfsl e
at the ektaembhyaibquwundari es.

Substitute) ngniEq. E3. 23.RrabnNd( Bve2 £)Ja.n Dlbde aFouiA
transd(oplineGasur=0d tdate murface of the slab) is
Acandi BE®. 5( 3ul&rt o obtain:

O At ——, (32
where Num wherDeadd s e :
064 o & [OQER[ = & JOAI g [OOEI(B
[O [OAT Q> [OOEI[B> OET[(E3x & (32 B
0Qt ¢ G OAT g [ O [Oa Al gmB© [ O
[O0d& OEI[EO [ JOO [Od&a Al gD [ O
[JOO& OEIfEO OEI[B 8 (329

By performing the inverSsewiFohri e@mzdd@antsdeq m

obtained as:

O iht % Q A0 A mit AgPAYy

— QA0 A Tht RO ” A, (33D

whelbhdkenotesont ther zBe s e | function of the firs
Thi s -ltalyreeeed sol ution has been tested with M
in vivo mgd3uddtents
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Fi g3isehows numer i Q& lr loyn-isnefmun 4atteeddt avyerre eanal yt |
mo d eHisg B.5(e) , (b)), ™odr ¢Ye$ -ibnbfoiwsietnea n H atgherre e
anal ytical model s, respectively. Typically,

autocorrel atwaosn ffiutn ctto oonnse gof t he myhdalss ngho

the Siegé&rft o élQaftiiomCommonl y, Ri onnf oi gnei ntoeu s a nsael n
mo d e | was used in data analysi s, whi ch assu
decorrelation, gave rather poor agreement w

homogeneous fistmaogepseonseduree to the dynami
|l ayer s. Co mpiamfeidn iwti é-lamaodceanb, y etevead model all ow:
bet ween <changes i n superficial | ayers and
di screpabhweelsayemre model and real i stliayerEspe
anal ytical model [Mayv S8dlhd@drljitnv ess tmog &t eacc cur at
|l ayered models provide a superior fit t o me

sensitive to measur eBrfeenstt innoaitsieo nantd mmeu cihs |noeney
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CW-DCS

D, decrease: 10°—>10*

T =T o
-~

I

N " Semi-infinite
N AN n=1.4

——p=10mm,D_= 10"° mm?/s

— () = = 6 2 \ \
04k P 30mm,DB 10 mm“/s

10 10 107 1073 102 > 10
7(s)

D, Layer 2 decrease: 10°—>10°

. 10
= 06 |—=10mm, D, =10 mm?s| AR mm
U‘j_ B = 6 2 N A
04F p =30 mm, DBz 10” mm°“/s . -
\ \
0.2F \ N i
\ A S
0 [ § \I S ~ -]
10°® 10°® 104 1073 1072 107"
7 (s)
; D, Layer 3 decrease: 10°—>10°
0.8 —p=10 mm, DE‘_,'=6X10'6 mm?/s i 3-layer
' ——p=30mm, D_, =6x10° mm?s n=1.4
E 0.6 - | 15 mm
> 0.4} : 7 mm
0.2} ] Layer3
0 | Fe=
107 107 10 1073 1072

T (s)

Fi g 85 (& Representativg:(() simulated from a sample wigh= 10 mm(blue solid line) andn= 30 mm
(green solid ling)varyingDg from 1 x 10% mm?/sto 1 x 10® mm?/s (blue and green dot lineg)a= 0.013 mrt,

HG= 0.86 mm', &= 785 nm (b) Representativg,(J simulated from a samplgith } = 10 mm(blue solid line)
andm= 30 mm(green solid ling)characterized witpia® = 0.013 mm, 8 = 0.86 mmt, o = 10 mm, M= 1
x 10® mm¥/s, (parameters fothetop layer);us? = 0.018 mmt, ud? = 1.11 mmt, varying Dg® from 1 x 10

mmn?/s to 1x 108 mn¥/s (parametergor thebottom layerblue and green dot linggc) Representative:(( data
simulated from a samplsith } = 10 mm(blue solid line) andr= 30 mm(green solid linexharacterize with

Y = 0.013 mmt, psBY = 0.86 mmt, cp = 5 mm, M = 1 x 108 mn?/s (Parameters fahefirst layer);
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Ua? = 0.018 mmt, pd? = 1.11 mm', q@ = 7 mm, @ = 1 x 10° mm?/s (Parameters fahe second layer)pa®

= 0.03 mmt, ud® = 1.19 mm, varying Dg® from 1 x 10® mm?/s to 1x 108 mné/s (Parameters for thenird
layen, the spatial frequenay™ (0 30)mm™. All graphs are plt¢d using homemade software using MATLAB
(Mathworks, Inc.).

3. 3.D8& mi nf i Onidtaey ekto)d e |
For TD DCS sys#.,4lm3, obiepidledpbklayen@mecorrel ati on
—Zn 0 QM TGE_ O MOt YD, (331

For a nsfeebmite medium, it is straightforward
under the bojg8aiThuchndibmisamde ti ssO)d¢ #hdr f ace

ORIt Hd— A@DC ¢ 0OQtHOHAPD— APD—
Ao — . (3372

ThugUs)g for a photon pathlength s can be wri

g "0 " hoft
“Q H o~
f O "hont T
Agbg 07i t (33 B
However, It i s not easy to measure the pathl

the total sfciad It e r @ Wt eed eeraftes!) atiiso no bftuani cnteido nb yg
summing the contributions[ 6%en 3MENUS)sgitsakihrem

wei ght ed avpeorsasgiebloev epratanllengt hs, expressed a
Rt . 0inQ Tt Qi
Vi A@bc¢ 07Qi Qi (33 %
where P(s) represents the probability that
emerging from the medi2usng] it can be cal cul at
0 i ﬁA@D‘i Aob— Aob— | (335
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where the variabl es ar=vit lse t & meohfok iognh tt E @mleo F
vis the speed of I|ight in the medi um.
According to teate[@biielodl, Beedlhasn: cal cul at e

Qt p A DiOi Qth Qth Q — QiiQ (33 B
her e, s and s’ represent the phetaomepaztohlee i
|l ength of the I ight source.

3. I.Dbwal a yMord e |

For the second | ayey amamdelbbe tdwr iEtgeaat i on ( 3.
n o eQ* O t —— "Oihth o171 1106. (3Y

Similarly, we can derGifwg orhe hfoupr)agr astpramebs f(«
ti me and then7)solnve heqFew3y.i®r space (q,

onf it Qo Q&f 0 Qz Ozhhht A Ay, (33 B

yi el ding

~

— o Q" O 1t ¢ O— A "Onho ht o1 a a.(B33Yp
The soluti%9ncah Beg. w(BtBen as:

nont 1 Agea - Agbuwa, (34D

wh e we o Q" O t ¢ - A,/ and are constant

Laypdp=12), which can be determined by the bol

it & —O0 gl it )
O g AF . O AR AF RO &

—0 AR it —o Al it o R &
oAt O MR O M plt



O gt @ —0 A At T O (34 1
Thus, we obtained the solution of Eq. (3.38)

y

e

O Afa 7D it —  (34p

&

Then the inverse JFotudpitedz t sansform for G
'O 'hy moht — QUA@PQOé— QA0 moht AgpQy

—., Q0 Q0 Ahx oA A0 " NA BB QO O (34 B
3. 3.D6hr ¢ @ yMord e |

We start f®r,onbuEtg.de(r3i.vde simil &Y,y twi tolbt &é ot id
GfztUjorthHeaeger mhaels adgl . wivdh,&'oqhx nfhr

——,, where Num and Demo are shown below respe

606 o ¢ WOAT QEY & wOAT FO w O OE Iweo
wo woAl QFO wOOETuFO OEITuWEY a (34 %

0Qaé¢wWOAl WY w O woa Al Ay w 'O
w 04 OE Wy W woo w$ a Al W $
W wooa OETuEY OETugy . (34 %
Theof g0t Umeasured on t h=0)t oopf otfh es usrlfaabc ei s( zt h
trans fGd raam 0 wfU) |,

'Ol moit —— Q0 QO R moR A C RAGDQO O (34

F i g 86&desplays the numerical simulation fpr time-domain DCS from the senmfinite,
two-, and thredayer analytical models. Figuf6(a) is"Q 1 for the early gate and late gate;
Figure 3.6(b) is correspondin® 1 for the early gate and late gate and Figau&c) is the
"‘Q t at different gate and lag time. Figu®6(d) is performed for’ p mmm, two
pathlengths are selected, t = 4.67%48 and t = 9.34x1¥ s. Similarly, figure3.6(e) is
performed forr  p tTmm, two pathlengths are selected, t = 4.67%80and t = 1.40x1®s.
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ID-DCS

Early time-gate
Late time-gate

Early time-gate
Late time-gate

115}

g,(7)
g,(7)

1.05F

108 10° 107 10 10 1c.-'5 1c.r“ 11;G
7(s) T(s)
(d) . . . (e) 1 . .
\ —t=467x10"s
0.8} 0.8r —t=1.40x10° s []
o 06} T 06}
o 0.4 D 04f
—t=467x10""s
0.2—1=09.34x10""s 0.2
0 " " 0 L
107 10 102 10°° 10 1072
7 (s) 7(s)
Fi g &6Sanulatedg:( Wjth Eq. .34 andgx( Wvjth (3.36, withy = 1 0p =rh.08 x 1@ mn¥/s, =

0.013mm,ub6= 0.8 +s:mM785 nm, s =135 mm (ToF ;%b)Qimultedps, dat
g:( Grdm Egs. (342) and (343) with u = 0.013 mrt, pd? = 0.86 mmt, 110 mm, BW =1 x 10° mn¥/s;

U2 = 0.018 mmt, pd? = 1.11 mmt, Dg@® = 1 x 10° mmé/s, N (0 30), w¥ (0 20 Hz and t = 4.67 x 16°s

and t = 9.34 x 1% s. We adopted these parameters from Re2 5(4) Bimulatedgy( Wvjth p® = 0.013 mrr,

HdY = 0.86 mm', Dg®W =1 x 105 mm?# s 3 = 2aqm; @ = 0.018 mm%, pb? = 1.11mm?, Dg@ =1 x 107

mm?/s, gz = 5 mm?; P = 0.03 mmt, psd® = 1.19 mmt, Dg® =1 x 10° mm¥/s, gN (0 30)mm?, wn (0 20) Hz,

and t =4.67 x 101%s and t = 1.40 x 19¥s. The settings are the same with Hef2 5 4 ]

3. F.r & qullonntaybenmii n f iMoidte e

We al soijophen Gmodul at ed i kgl wihj olat ows & ssluis
di fferent CDE as:

n o ‘ ¢ Qot — "O’Anht oiQ | (34Y

whevies the source modQl atsi otnh ef rneogduuel nactye da nsdo u 1

seminfinite homogeneous tissue, the solution

O ”ﬁ Fﬂ_ o h h , (34 B

67



whet e ht g ¢ QOt QN is the frequency depenc
The remaining parameters remain unctfipnfgbed fr
the FDndemiite model . By fi tTthbDE€E® Bhsest menas toel
37, we can retri e€van'dptaincdalb | proadp erltoivessi(mul t a
the traditional DCS system only for blood fI
sourceDE€C®ri #$Dmuch cDhe€apamndCtShn CW

2.5cm

1.3

g:(tw)@p

400

Fi g8#Neumer i cal siy mrul pajt=@ nnF Ovig h vari ous modul ation fr e
from[RBRéf .

3. N.o8 Moed e |

Il n practicalmuagtpt!l odei anprower noi se model
photon <correlation measurements was previ ou
[ 255 ,12a5t6elt he noi se m&Koel tbttogle|l dpe@dr egcence
spectroscopy (FCS) in the single scattering
i mit [i85]20®CS, the noise come[s255brjammd pihtot loe
been de8t5i]Thd standaQd plgviiast iesnt iafat(ed as:

, T — &0 p 1Q

@01 p Q : (349
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wheTies the frame exposure time (whicThntiss equ
the integration time (measur emenli sdurhaet isgre)c k
correl ain@@ad! Tiwlees et he detected photon count
of photons within bin tiUpe@iTsuml|lyg apprbknma
a single expon“@rhtipaﬂAﬁfDuancuhder ashe Browni ar

modgB5] OncHd, gwe can Ujbtai moise model then
[12,13,.155, 257]

Fi g88séhows noise (orange | dthehe amai sr@imedels sp
standard dfUditatehaecrhe appl ged by randomly samp
wher & llse and t hpe pdreil aty pt pmé( 128 data points)
Considering realistic photon budgets, the ph

kcpd.8]l n8Wd gca#883n see that the DCSUmearsaeaasams.nt

Dp =30 mm

1.6
——Noise free
| T =1s
1 int
1.4 _Tint=1os |
=~
N
(@))
1.2}
NMAA L A A LAl i“: |
10-6 10-4 10'2

Fi g 3&Seulatedgy(J curves wih} = 30 mmon a homogeneous sample with= 0.01 mmt, pd= 1.2 mm
L a=785nmp=0.5 and T = 1 s(green line) andin: = 10 s(blue line) andDg = 2 x 10° mn¥/s, noise free

(red solid line) and with Eq. (89) considered added assuming a 8.05 kcps at 785 nm.
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3.l ummar y

Il n this chapter | have described the basic |
devel opment of the prderoisveedd DaCSd ssyismmanr.i 4 e dl ¢

DCS model s, -4 ntl ondtit eggn df etylierre emoWe |l $D,f oand FI
domains. This is an essenti al step to all ow
DCS met hod. Meanwhi | e, I have performed anal
Figs. 3.5, 3.6, 3.7. Ueephkenaextnghaptéeartekt
contrasting it with conventional fitting met
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Chapter LedarDeierpg ( DL) i1 n DC

4 . IIntroducti on

Il n thetphrewevi dhsdptserussed the history of DCS c
background for DCS and relevant knowl edge of
l i neagsguUeaeraestf i tt i Regs tnaebtl hiosdh eids aap pweolalch t o e xt
DCS adaanal ysi s. And the fitting pMaoacgedanmrdaat

opti mi z atrieoga edrl etcrtu fvBe4d melt Mjow=8 hi s chapter |

a deep | earning approach can also be used to
i n. This technique is <called nAfeature extr
di mensionality offrdamagai meghs daoedni nmem siato nd alw
representation. -Aif memrsviacrdg !l tdheaet a,e dafcteadn r ef e
employed in the development of | earning al goc
machine | eathmeag whgoein feature extraction
or pr ol amwilfliytpiiecsal 'y, «c¢cl assification and reg
from i mages (e. g., shape, textur e, col or f ec
specific wavenumbers in Raman spectrpopsEbbpwWm),
DCS data) are extracted to construct a predi

The introduction of deep | earning into DCS {
Zhaetg[dlgp¥]Joposed the first recurrent neural n
foll owed by 2D convol uf 8,8 hl onneguersam o meentoyw oyr k(sL §
[ 16a4nfd ConfviGRBRUThese met hods are proved stabl

bl ood flow or relative blood flow in phanton
I n section 4.2 | give an overview of deep |
bi omedical field. The advantage of the deep

i s the ease with which predi otsiades acamnbeanmo

i nference process. I'n the final section of
demonstrate the accuracy and fast of BFi ext
present an Al fr amowaer lbsf @rerdwalmaatcien gueAlpr op

4.1 summarizes the main concept of our work

71



Step 2: Deep learning method Step 1: Simulation data from MCX Step 3: Fitting methods

Training fja'f_aﬁet ffom Fhe homogef}eous Known optical properties (., %) and Homogeneous semi-infinite diffusion model
Sem"'"f'""te d'ffus'm.‘ model with thicknesses of scalp, skull and brain with assumed optical properties (uq, p1.);
assumed optical properties, (1, € (0.01, Three-layer analytical model with

1] mm™t, pg € (0.5,1.6] mm™), B € : true/assumed optical properties, scalp/skull
(0,1] and BFi € [1078,10~5|mm?/s Three-layer effective model thickness (A, A,)

Simulated g, (7) generated from MCXLAB
atp =5,10,15,20,25,& 30 mm, varied Homogeneous semi-infinite and

optical properties, scalp/skull thickness three-layer fitting models
and noise levels

True f =0.5and BFi=6 x 107°
mm? /s Fitting-Method-Estimated
Bs, BFig and rBFig
B, BFiy and rBFi;

DCS-NET

By, BFiy, rBFi,

Error analysis for /3, BFi, rBfi and

intrinsic sensitivity

F i g 4lrFew chart of the proposed analysis. Step 1 generatesitheorrelation functiogz(J from MCX at

different sourceletection distances (5mm, 10mm, 15mm, 20mm, 25mm and 30mm), optical projperties

MG 29, scalp/skull thicknessdsp, ), and different noise levels using the thtager brain effective model.

Step 2 obtains training datasets containing noise. The datasets are generated usimgimiteediffusion model
with g™ (0.01, 1) mmt, pd (0.5, 1.6) mrr, bN (0, 1], and BF [10%, 10°] mm?/s. Then, the simulated data
from Step 1 is analyzed by the grained model to predi€t and BFi. Step 3 fits the simulated data from Step 1

with semiinfinite and thredayer models with known/assumed optical properties/thicknesses to &dratBFi.

Step 4 assesses BFi dndstimations and concludes the intrinsic sensitivity and errors in terms of the variations

4 . Reedparning Overview

4. 2Mhkis¢ Deep Learning

Deep | earning (DL) can be considered

a

Subsc¢

study of algorithms and statistical model s t

their performang260fha $epewmi fidee pt Ahekrni ngo
the machine | earning conmmum7Pye btyo Rti ma Dercdd
it has effectively permeated al most every si

within the representation | earning category
neur al net worksedwbfcmubhtepkcempayers of inte
neur ons. These networks can automatically |
abstraction of features. Typically, a DL al

opti mi gatrieammal a cost function

optimization algorithm is an iterative
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unt il an opti mal solution is achieved. A co0Ss

to assess the performance of a deep |l earning
deep |l earning models and camgbhbevadaividaeéedoinnt @
dat aset s. The training dataset i's empl oyed
datasets i1istunelithed hypefpaeameters of t he

i ndependent test dataedat tor alscsledsutt hee tmoids |
unbiasefi2maneaené¢ final essential el ement i s
|l ayers and hyperparameters, which vary depet
feneédndo data driven optimization (or Al earni
pedi ctions, as shown in Figure 4.2. This is

computational model known as a deep neural n

—
( }‘ Black box - C]

Deep Neural Network

Fi g@2Deeep |l earning uses | earmecidde hdatdeep mnedr plredet

4. Hoav i s DL | mpl emented?

DNNs consist of multiple | ayers interconnect
' inear weights and nonlinear activation func
representation of the input rdatesn.abTlkes itmeo
capture-lekeoteh Hhewehi gepresentations. Let me
| olwe v el representations mi ght I ncl uldeev etl e x t |
representations watwkled coonpsoisatt metd od6bpectt hose
simultaneous optimization of feature repres:

parameters of the predictive model i's what i

There are three strategies f 26 dpseyppfelresa rsreidn
[ 26 3 ne uspeemfjv2ibsdeMo st currently available deep
optics are developed using the s tpeenrdv idsecedp |
|l earning model, t he model architecture est a
hi er arncfhoircnealt iion is transmitted between each
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architecttaeapendsesnt aakhd is typically deter mi ne

sttt daer t architectures.

With recent achievements of deep | earning, r
facilitate the simplified creation and opti

companies have actively contributédédsta@antdhiost

as | eansogr coepenr amewor ks, mai ntained by Go
[ 265, 2861t h frameworks facilitate the straigl
model s, with efficient parall-peéifzat mamco®f g mbDa
computing units (GPUs). These tools haveeemp
to train and deploy DNNs, significantly cont
into diverse applications, including the don

4 . BBXxi1 st iMeg hiwdlesd 1 n DCS

4. Reurrent Neur al Net wor k ( RNN)

Il n 1997, Hochreiter and Scéammdmemeryi Q& T Mped
a variant of a recufeémdiLSAMumelt woetkwornkicORI
connections, all owing handling complete senq
gradient probl em. RNNs can accumul ate memor)
t heir wi despread s-8eecsessr oicne stsd mmlkgs Isiukcer  taisme
signal s. More specificalelty,alR.NN aacrccohridtaenccteu r w
categorized i ntte ntehraerec htiytgpeash:y rrag Ttyoineect ur e,
t-onany ar dhRi6t8eRNNusr ehave t he potential to const
exploration may include their applications

intensity cali bration, spectrum <classificat

spttcoscopi c dat-apeditermappoirmdg ¢ pgpativales for spe

retrieval of nonlinear optical spectroscopi c
' imitations. Firstly, they demagédri hcamaeasad
compar edcotnov alyutiicoan a | neur al net wor k (CNN) . /
at each time step, relying solely on the pas
of spectroscopic dat a, the past, pr esemt |, a

influence the output at a given time step,
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Bidirectional RNNs utilize hidden states fro
at a specific time step. Anot her drawback o
consequence of the deep structurtermfat RWNa&ls R

variations stuermmamermhomy GSh®TM) and gated rec

ar e empl oyed, demonstrafR6g]Fi gprevedd 3papf os

architecture of RNN used in DCS, in which tfF

noi se as | abels and use the Tensorflow fr ame

Figure 4.3(b) shows tited ,la3 TM wehri cchhi iUehcet tuaneea sful

with the size of 1 I 64 as the input. The mc

of the size is 1 1T 1. More par ameade]rs for th
(a) Layer Layer

Output

1

1

(b) o O
| Qo O
R | o O
\.‘ E"> O I:: O output
\ omde (1%1)
_fﬁ ol O
In
(1 xp64) O O => Reshape
O Q => Double LSTM
1x8 X E:/\ RelLu
(1x8) (1<) |18
Fi ga3(eae) RNN traininfd 6r3dgichree snseitowo rnko dreold e | is a |inear
of 1, output dimension of 1,8amidnimmum moena rgrAfdi amd erfr

the training epochs are 5000. (b) Tehe[dd@dn]leci magesf op

model s are reused permifss6dnlé4le taken from the aut hc

4. L ohvol NeuoNelilwor k ( CNN)

A convolutional newrng! a nmo dviof ked CNNp m of a |
(MLP) designed to process grid dat a, such a
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LeCeth iaal . 2989 for handwritten zip code recog

its convolutional | ayer, complemented by bat
connected | ayers. The input under gooneasl cloanyveorl,
generating input for the subsequent | ayer. \
in each | ayer are | earned, | eading to the wup
Mor eover, pooling ldeyerasara@daempldoyedsions
complexity through subsampling. The two most
pooling and average pooling. Typically, a f
of a CNN, | iomkifm@gmeadcls peemcedi ng | ayer to th
t hat CNNs incorporate two distinctive conce

These principles decrease t he par ameter co
Commobhhege, activation function, i[rRcIldtfann@ ] r e c i
and sigmoifde6dnemcutsedst o introduce nonlinear.|

MLPs, CNNs directly incorporate the spatial

information of a signal. Figure 4.4 displays
Input
v (128,1)
Reshape
: (32,4,1)
2D CNN
v (32,1,32)
2D CNN Trans
! (32,32,1)
MobileNetV2
. (2,1)
Output
Fi g44The structure of the deep learning 2D fJdmval uti o
with the size of 1 I 128 as the input, then reshape
used to map the matrix into a 32 I 32pbamagBFbewibtrlk @i
of 2 1T 1 atsr wattwprud .o fT hteh s nfo3d&e]l reprinted from Ref.

4 . 3B.ald3 Redc ur Ueintt Conv GRU

On-di mensional convol ut-GMNM)alarNe uhriag h Inye t smpoirtkasb
anal[y2s7i3s, 2@Adving to be particularly effectiwv

a fdeedth dadasmmensi bnalbneonvoluti on, t he ke
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sequence |l ength, facilitating convolution op

(RNN), the gated recurrent unit (RGU) stands
ti me series, as demonstrateRBGUnmaodiener pusp @s
Fereg [adleélbolr DCS as shown in Figure 4.5, in w
The combination of CNN and RNN can better e
model , theUmetasurieel i ze of 1 drreedat sveheeran
blood flow (rCBF) with size of 1 T 1.
input output
(1) rCBF
Q
FC
©00 - 000]
Cony ]ll)-l Conv1D-1 U ReLU
OO0~ O00]
g H Double GRU
RcLUﬂ ﬂReLU '
I I I I axpool-2
Maxpoul-lﬂ HMMPOOI-I IM " 1x16 convolution, stride=1
:I ~  1x8 convolution, stride=2
% % => 1x8 max pooling, stride=4
‘—1(——| URCLU => 1x4 convolution, stride=1
: g ; L:l:::\(:;:lt;llng, stride=2
=> ReLU
“ ConviD-3 ﬂ ; FC
Fi gabTehe structure of the CRepGRY] model . Repri
4 . MADCNN Design
|l nspired by a reicmensiyopabl cemed| ohieonal neu

fluorescence | ifetime imaging (FLI MNET)we pr
based on 1D CNN for gbamdiBFi .ngTh d eldHEcTohied &me
shown in Fi-§yETet dlt)6c @SB nmla t BF i i nde-NETdent |
consi sts of 1) a shared branch for tempor g
i ndependent br abarmde sBFRio,r wistth matsimai ¢dr bisama
The two CNN | ayers in the shared branch hav
size of 13 and a giant stride of 5. They ar

autorrelation decay cur Wesl[aZy=®] bmpkcbyadr ama t

convolutional |l ayer. 1t reduces the shift of
when processing normalized data. To i mpl emen
and BFi, we use a ypai mtiwihs ea ckoenrvnoellu tsiiozne |oaf
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neur al net work, foll owed by the activation f

the measured (here, o fuswhi admttahd roimz eMCixX9
esti mane@ dBFi have a size of 11 1.

(Nx 127 x 1)

Input DCS-NET

B Output 1 (1x1)

[Cov (160%32%1)))
[Cov (3gx16x1)]

Cov (32x32x13))

BFi Qutput 2 (1x1)

3 1DCNN
@ BatchNorm1d

@ ReLU

+ *

[ Cov (160x32x1))

o

[Cov (32xT6x1)))

Fi gdTehe propdNEdd DCSames! bt i on neur al net wor k (CNN)

sigmoid activation | ayers. The convolution | ayer par:

4 .T5r ai ning Dataset Preparation

The training datasets can be easily obtaine
seminfinite analytical model , as shown in Fi
training datasets (200,000 I hPApy w80OE&) gand

validation (20%) groups. The training batch
early stopping callback with 20 patient epo
experiments, i nU¢6elopgiat adsed., 5miél @0, 1], BFI
UuU 1[6, 15omnf/s agdd 5[, 130mmwhere U stands fe@)a uni

training datasets contain noisy and noisel es
autocorrelation functionsyeha®womsihaoverd iln nkisg.r
noi §§amd the bl ue | i n@)Wee urseesde nthse rEits anli ey
the training process, wpPitm the ¢ tpanodpaanyds th adk
We used the mean square error (MSE) | oss ful

the foll owing probl em:

ls -B &Rk & (4.1)

~

where X is the net wolr)a,n¥iust ptuhte (ceosrtriensadtioendd i BhFgi
ob)n it hetraihmiisngt hpeaimasppiMigs ftume tn wmb e ranadf tr
Fig. 4.7(a) shows that the training and val.i
after 85 epochs. The training processodos best
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t hat the net wor k i s bvaeldl BtFriaiamead cd so steh & oe s thi
model was conducted in Python u-$8DABQORKFtGPUN
@3. 7T0GHz .

(a) (b)
0.08 T T T . . 16 i .
A train ) Hol
0.07 B = Noise free
§ validation 15 Noise with T, =1s |1
0.06 | ——BFi train i ( ) ) int
! = = BFi validation i Noise with T, = 10s ]
» 0.051 : ——Noise with T, =30s
17}
3 0.04 = 13}
% >
= 0.03 1.2}
0.02 11}
0.01f
1 -
0 - —
a ; * . ’ ' 0.9 * ! *
0 20 40 60 80 100 108 107 104 1073 1072
Epochs s

Fi ga*Eeval uati on of the coffvalioingnamduwval-NEH®B.t womk | p6€a
(Wi t h-frroeiese bl ue), and with realistic noise added, as

wi Tikg110and 30 s.

4 Monte SLawrullati ons

We utilized a simplified model comprising tfF
mm) , and brain (50 mm, | arge enougmfsai téhpt
resped¢izeéall | ayers were assumed h®Bmogerdeou
their corresponding optical properties are s

Tabdlehysi ol ogical ahd7a@pt7i8cha ln np a rna mehtee rhsu man hea

Layer Thickness (mm) ¢ (@ a ) @ a ) Blood flow index ¢t & i)

Scalp ¥ ) 5 0.019 0.660 p pT

Skull (Y ) 7 0.014 0.860 0

Brain 50 0.019 1.110 ¢ pT
MCXutilized an @nicfotl.op9 carfhma onfd fRU7ZERnt i arlel 1 |
| ayers. We °phohohsedfRbfiOa source with a diam
radii to 0.13, 0.28) ©6.585, 10an7dl 5310, 2n@nm,d 2rbe, sbp e

recording data from multiple distances si mu

deector was arranged as shown in Fig. 4. 8.
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transfer from the detected photons for obta
O T [ 6:8]

"0t —B A@DP-0OB o tOABPB ¢ 0;h (4.2)

whet é s the number oifi detleet admlpdiot ofisti ssue
simul at ibparsid;st and for the total momentum tr e
of Photon s in‘laget hie, abespetiom® sy & fhfei anieeam
square di splacement of theéeVistt® t@Odr ewh eprger tO c |
the effective dif fiiusThoen sEoheufkfa tice dem@ Imi@medL atyoe r
then wbt@®amsing the Sieger0. b5el abhi 0hsbi pi wu

del ay d4di me 110 ,s0Qq0 27 data p®itnts) was used fo

100 4
50 e
(mm) 0 5mm

Fi g#48Ae | arge sl ab from MCX representing a mmmansbkbulal n
(7 mm), and brain (50 mm).

4. I7Tntrinsic Sensitivity Esti ma

To evaluate the sensitivity to changes in bl
di ffusi onD cpepfif da@fiemt Layer 1 Oainnd ilnacybebra s3 das

= [1 w10).]d 1 Gmnf/swi s an iwtlegexélalnd The physio
optical parameters | isted in Tabl e[ 152 ket ak

intrinsi ov)serssidteif vinteyd @s:

_ p T ThP (4.3)
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whed @@ n@dOQepresent the estimated BWET,(H h= D
seminfinite- ayaenrd ftihtrteieng met hods) for t he pe
respectovo@lngd @ritced N Layer 3 for the perturbe

respectivel y.

4 RBesults

4. Abkol ute BFIi Recovery vs. Det ec

To investigate holwehaee aigm mtbayNEBGT-isefmdni t e,
and thyee fitting appreoaaeahdMCX Mengen€raal ed s i
} = 5, 10and 530 2nmm, 2&bs, described in Section
parameters wused in MCX simulations. The abs
Brownian diffacasanlUsiedidn ci iNFEQD®™&s fed int
thetpaened modelnf i moprodedsavmig fi tted to EQ.
we ass$umsiep wa ,° p8&twwda , for the brain | ayer (
in Table 4. 1.

We also fittedt wheh st inaly @& the dne Bl , ahkEq . 3.

p pmaafi O maafiho @ pmaaid T8 p dd ‘

T 0O & N T8 p ad ) ™®ouean | T3t p @ N

P81 W WA Y = 5mm,Y and . Mmanwhil eb= @e8ndet

¢ pmadTias itnhieti al guesses. For t-hgudi ¢étmagho

( NL SM, | $A¢ui wne MATLAB wWMdarhguaredtL evmtnibmirgat i o

the unweighted | east squares objective funct
AJCEB Qf MWt hO ™"Yh (4.4

whetres the numb®t, o&nfd ampfedm Eq. 393. 16) or

Table 4.2 premenBBi tdhrednduF maidiN&dn gisf@ibni t e,

and thyee fitting methods. AlIl input par amet
a nfd ™. We dOH@@n@dOQal sfoanfd)f or -DETS, t-Hhe sem
i nfinite-l aaynedr tfhirtetei ng mwed hdeée-$ j;né&%)spect|iBve |Dy
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BFeil / BiFi 10WHe-r ¢ i s the BFi -NeETr.o0 rSiwniizbha+d /S
are the BFi estimanédnettagmdwiftih ¢ meg gnemih o c

Tabdz2BFi in the brai fNEETst ihmanto e i nnefoiiunsigt se@spred  hit ¢ & ng mc
BFi estimated by fitting methods (ndfs)
Layer - I 5  (mn¥is)
(mm) (mn#/s) lay laq
1 p pTm
) 0 T =0.521 I =0.501 I =0.493
5 3 60845 pm 60@715 pm 60715 pm
1 p pT
) 0 T =0.509 T =0.499 I =0.493
10 s 6'0@7.36 pm 6 0O®547 pm 60217 pm
1 p pT
) 0 T =0.501 I =0.498 I =0.504
15 3 60'0Q1.03 pm 6'0@479 pm 00143 pm
1 p pm I =0.499
. I =0.495 T =0.506
2 0 00@20 pm . .
20 3 0 0@&457 prTt 00817 pm
1 p pTt
) 0 T =0.499 I =0.493 T =0.505
25 . 609482 pm 6 0@®4.63 p 60563 pm
1 p pT
) 0 T =0.499 I =0.491 T =0.505
30 s 6°0@571 pm 6 0@®4.88 p T 60497 pm
Table 4.2 ssowisaf ivhenet medel i's used, the est

(Dbh= 1 Simnfls) , eyeamBO®rsuggesting that a homog
i's more sensitive to the supredingiiat ¢tangerst
the results retpdalidgddusbynwgbadgirean hreeing model
6 0Qxpuv pmT mnt/s, cl os®mnf/o veh=2n5 mm. This i s beca

|l ight penetrati on/3d&pb5.h]Whsiesa psprrad xl i, mantoeslty det e
predominantly traveilc rtehatb@&usgnimh) L aydre EBstAsnat ed
reachi Mmdmbtsé =t 25 mm, povfi téh. 17 %. Thiisncirse abseecsa L

t he dehtoetcotnesd ppenetr at elDibnsi®e mmhre sulk ulilngl dye
contribution of Layer 2. Thi s -lpahyeenro meondoenl liisn

8 2



remove the contribufdbd d6bomi supectii at al BFiay
usi NgNBT,S t he esti majfiemic rBFads d :,crrefambstsi wagt h5 . 7
- pof 4.83%M@BAO@ These results saggesttiod hdaaptth.e

Regarbegishg mati on, there is no significant dif
4. Abz ol ute BFI Recovery with Noi s

Figure 4. 7(b)-idiispil @agsahn )y tsteenraV e £ xwaimph en @i s
mo d e | pr op oeste d8BIBH.lyT hZehocuur ves weB€O omnt ait nad f Wwie

noi se Tirelvled3,® ‘6) mrpom, a&h=d 1.m0dWi th an assumed
= 210mnf/ls. To adNESsspeDTSDr manseenar ipgsa,ctwe amo d

Monte Carl o ceade viee geameénat eaggeatosasle.onseomddas

[ 85]We genersatted fDDO6 eqlcahv el (i ncluding noi se
Eq.49)(using tiMarpgeaedbergti mi zation routine.
anal ysis to assess-inlie net Hiagjireetn dgordaefd st. h eWes &
resitdmal Resnor m-nlotrhne osfqutdrmee dr e2si dual )

| oo Rt

where q is the lag time indefoBFapndi  ibethi
val ue at Ut hantaghei merr es(@onfdionng MOXue Tvhael ue t
using 4iméisemicd agred tamae¢egti cal model s are pr ¢
noi fYr wgr ves fr om -sMCaXp  d)l usthphutrfaired st e(dr egd | i nes)
noi se |l evels ar-e)(séhw)wns h dcwgeimer MCROdaasnidn gf i t t
t he -isrefmini te epdebkhi bnd &ah UGmamegiarsgni@®ro®Rm e h d
0.002®) 5t00¢(¢5), i ndii cfait nintge tmeat hddhdebesecames i
noi se | evel i ncrreasdse.s Ad@DPt isemea8ilnyi,| ar behe

observed -liay @rhef itthtriereg, gis)y(dhvogwn i n Figure 4

8 3



Fi gagMCXgener at ed
ayer fitt-i-aigv ,mertehomect i(vael y)

evel s

Semi-infinite

1.6 : . .
x gz(T) from MCX
14 —Fitted g,(7)
o =
o I,
= :
[}
2 1
() 0.5
< £=0.0074
< 0
0.5
106 1078 10 107 102
. 7(s)
(a-ii)
1.6 . . :
<+ « g,(7) from MCX
_ i —Fitted g,(7)
%
m ~—
o ° 1.2
™
]|
E 1 Y e
= 0.5
£=0.1712
< 0 mN\f"\AMMM
0.5
106 10° 10 1073 1072
7 (s)
(a-iii)
1.6 — . . .
. = gz(‘r)from MCX
_ 1_4‘ B2 ——Fitted g,(7)
=
0w <
o o
= 1.2
]
£ . N
o 0.5
£=0.2318
< 0
0.5
107 107° 10 1073 1072
. 7(s)
(a-iv)
1.6 e ; ;
x 92(1—) from MCX
— Fitted 92(7')
bt ik % i

£=3.0200

1072

1072

10
7(s)

10°°

-tdyere fitting
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Three-layer

(b-i)
1.6 ; . ;
« gz(T) from MCX
14 —Fitted g,(7)
(%
>
1.2
1
0.5
£=0.0014
< 0
0.5
1078 1078 10" 107 102
v T(s)
(b-ii)
1.6 T T T
Lo + g,(7) from MCX
14l Fitted g,(7)
=
ol
o

-0.5

106

£=0.1596

10 107 1072

7(s)

107°

(b-iii)

1.6

g,(n)

1.2

(scattered

1.4}

* * gz(r)from MCX
R o ——Fitted g,(7)

€=0.2370

107 1073 1072

()

x 92(1—) from MCX
——Fitted g,(7)

1073 1072

107

sbau sy e s neisnffaignti g eemi(arnedd t

noi sy -sMGp esdi)mualta tdei df fdearte
f it tierdf iwiitthe tthemaoiedni & P u 8 0 AgsegheeM @ X (ebdvi d aht a hfei tf toer ¢
procedutend Thaegsmovme spoadalingo Riesc lduw



We also calcul atédvemhel@ahnbrvwBekli ararniAise fatr t h
conclusion8 ds t%eadt iadn 4.hree methods exhibit
l evel . A hiTigidl nso)i slee aldesv etlo (a signi ficant stan
4. 10(a). Figure 4.10(b) shows thendéstimat end d
deviates significantly from aynwer giriotutnilng r me th
is 82.30% at the=30ower WAsi &5 hBel awveables(ol e vneclr eians
wi thsreaching 390. 10% latltée. hFght heri sier eegvel
|l eads to a more significant standard devi at.
to noi se whayert hfei ttthirregge met hod i s applied, [
[ 46]1I n contusisn-lEDLCSat a hiligdhl nso)i sies |1le2v.e8 7 %,
at a | ow Tnm3 Ges) ,evietl i(s only -NED®3i% nntdi xwsdd
to noi se. Figure 4. 10( bl)ayadrs of isthtoiwsg tnmeatth owdh

precision can be enThanced through increasing
a
( )o.s
0.5 =g == === e J e g e e F o e
£3
0.4+ :
203} T, s |
T, =10s
0.2 T, =30s
====Ground truth
0.1+

9 : : -
DCS-NET Semi-infinite Three-layer DCS-NET Semi-infinite Three-layer

FigarG®a) The bbbyt iDEST e disrefmini t el,ayaenrd ftihtrteieng met hods a
| evé&IlgrslL 03,0 s). The bar height means bthe a@avewmagdavalmee
standar dbey iTahtei ®ersd i mat ed BFI by the three methods atf
for the ground truwdre (Abtl aithmed aveergtOQ® atl uiea!l s) .

We al so comawcAN@VAnenal ysiban@dl Bjt.hSeF&HEN e f or
were 22.-8B%) (DLCSBAHAI rfisteen) ,-| alyS5e.r5 80 witthhr eceor r e
values of <0.001, 0.250, and <05001Thiespegy
t hat tNET DS atylered i tting model s are relati v
compared toftheteemitting moalehes Regrae dl 495 &
NET), 3.-40f8i fisteen) , -aagei.tdh0 7c o(rtrddragpeosn dif n g< Op
0. 032, and <0.001, respectively (significanc

|l ayer fitting model is significantly influen
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4. Reld ati ve Bl ood FI ow

Il n practice, we doofO¢asiumemenbbdt aimstbad) ut
in bloodi 6TOGWAEIC2 g.s, of tener udN&Ed. fba ewdlrwa
160 the br aildw we [ak sv Qhle@bSmbnt/l{wils0 an i nteg
w= 1, 2¢é21 in LayelUDbi3n (obtrhaern ylddagped essi et @EQl

cal cul ated o mwmaoidgcsel ess data at

Ground Truth
+ DCS-NET |
1.8} | ¢ Three-layer ¥
¢ Semi-infinite % -
*
- 1.6' * * N ¥ ]
L. g " > *
m x & ¢
[ - *x ° &
1.4' A * o S .
¢
4
3
. .
12f .27 :
% . e 0 0000 eo o000 0?
¢ o © © o ©
1—! ki 1 1 1
0 5 10 15 20
w
Fi garBFIi cal cuNBETedtthef D&Mt & ,a yaerrd ftihtrteeeng met hods on
;] o =mBOofmirw) = [1-14) ]0Chon®s0l wWw= 1,=RRFBXj. weBBiefine the e:
BFi BRshen w = 1.

To compare the accuracy of t hied ®kr ae fdinfefde rt e
erromB@en ; |r Bkiir B&iv/B&I 108 % (D, ) ndg a mirm @Fit he
estimati on HNEMMohre dsseifmigpni D@Xged fhitéeéeng met hod
We can ohbhsi@rediilsatalr psel 0@kt bhe $oluied; dfi ne) v
l ess than 8. 3t5®e -iBgmionon ek aagneéd; tnherteheods r esu
significanty=erd4r3or7sé %gfand9. 66 %, respectively.
sefminfinite homogenous soluti 6i0Qi @s wlgtr ec miem t
Ref154]
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4. 8n4rinsic Sensitivity

As descri bedhée niOSpencttlaoyne r4 . 87BF=cte6n Bimnéldd ,asser ves
as the base point, anBFii g sd emnbfiedSpiammidianrgl yr, €
assidped 1 +wid)]l T 4@nt/d wild an integer; w = 1,
referred as theCBEWd vualbesad dddefoiome & C#Be+ t ur b at
CBHCBH 100%. We cal cul BEfedbnt haen d otr r @enBpwsald nk

obtaj-nand. We considered physiological noi se
i n Se38t.BogdYXggas)hows the noiseless intrinsic
DCHNET ex-hPbvils34%. Il n c elnmapyaerri sfoint,t itnhge=ntehtrheoed
61. 96%, wheirrfaisnitthe fsietmt-ionfg ommel tyh old4 .yli2e% doend n c
Figalrge) i1l lustrate sensitivity curves at va
the instamrceldy anprEar™ o1m. Conversely,nfwintih et |

and thyee fi tpirregdomo dealng |l y assumes negati ve
considerabl e I mpact of meFausrutr heenrtemmar en o i tshee o
measurement noise on the sensiltaweart yf iotvteirrgg ol
as apphki galtiedi)n

87



(a) Noiseless

300 : .
—— Semi-infinite model
250 ——Three-layer model
——DCS-NET
< 200}
&
~ 150
2
=
L2 100f
50 . =200 ¢ ——Semi-infinite model
——Three-layer model
——DCS-NET
0 : - - -300 : : ;
20 40 60 80 100 20 40 60 80 100
¢ (%) ¢ (%)
(C) T,.,=10s (d) T =1s
T T T 200 T T
100
0 L
-100 f
-200
-300
—— Semi-infinite model —— Semi-infinite model
——Three-layer model -400 ——Three-layer model
——DCS-NET ——DCS-NET
-400 ; : : -500 : - :
20 40 60 80 100 20 40 60 80 100
¢ (%) ¢ (%)
Figalr26a) Intrinsic sensd)iarid yt lben qeon siethBR®GisstAdedA® af. o r( bn
S,imls, resgiesc ttitveeliyntri nsic sensi teiwi ttyhet tpaetr tdiefbian & @
Layer 3 (brain). Reddp,dbalndde , raspdedtir kel ynes present

4. BF&ExtractiVaniOpd t Malperties and
Sc abkpuThi cknesses

I n practical applications, a patientodés head
scenario is to measure them before conductin
straightforward, and we usual | yv aalsusautnee tahvee riar

of assumedBFestiom&it nooen‘dare typical Imusdsienknown
measured separately or takémnfdodrmyleirt 6&r g tbhu rae
i mpadxtraction. Changing theo®Qalwhisckhul d a nt
observed wuslianyge rtelde mouwletli fi tting -mayaodfi Her
met hod) |l wB&Fe obmaamemd Addi ti onal dEdaBe s ar e
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Tabd3®¥arying optical iprapdr)s ktalbil akiree scad p ( e

-40% -20% 0% +20% +40%
{ (mm) 0.011 0.015 0.019 0.023 0.027
t (mm? 0.659 0.879 1.099 1.319 1.539
Y (mm) 3.000 4.000 5.000 6.000 7.000
Y (mm) 4.200 5.600 7.000 8.400 9.800

Hy variation: To study how impactsBFi, we set = 0.011, 0.015, 0.019, 0.023, 0.027 and

‘ P8t WA in MCX. The baseline is at = 0.019 mmt, with ¢ mkand 1 b
variation. In this case, twBFi groups were calculated. The first group was calculated assuming
a constant matp wa  (0%), defined aé |, , and the calculateFiis defined a8Fim.

The second group was calculated using the krfowset in MCX, which we considered as true

, and the corresponding calcula®¥li is considered aBFicr.

HyVariation: Similarly, we conducted simulations with = 0.666 0.888, 1.110, 1.332, and
1.554 mm' and a fixed T3 p A  to investigate how impacts BFi estimation. We
define the estimate®Fi as BFim when p8t w@wda  (at 0%, defined as ).

Additionally, BFicT was calculated using the knownset in MCX, considered as true.

The mean and standard deviation of the estimated BFi (vever 100 trials are shown in

Fi g4l ®&). We also compar@FimandBFicr. The blue BFict) and greenBFim) dashed

lines are for the semnfinite model, whereas the reBKict) and purpleBFim) dashed line are

for the thredayer model. The red soliBBFict) and black dashed lines are for DEET.
Similarly, TheBFi6 s mean and st anaverd0d trimseaxeisteownia g u(r e s

41 ®).
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5 -6
x10 . . : 710" : : .
9 r I\‘ 1 @
b 6 > Ground truth
8t . N T I
\‘\‘ N -
Y Y
7 *, 1 5r PRt R §---___ 5]
Y _41’"-
N B P
@6 Groundjil_.l_th N — = P w o
NE i ‘\\ L - NE 4r 1
E5( PN 1 £
= L et =4l —I- DCS-NET 1
4L, - s . 5 3 -1 Semi-infinite
T - & - Three-layer
3l “I-DCSNET | ol Semi-infinite (‘."'Is,m=1'10 mm™) |
--1-- Semi-infinite --I-- Three-layer (. _=1.10 mm™")
- & - Three-layer sm
2t Semi-infinite (s, _=0.019 mm™) i
il ~F- Three-layer (i, _=0.019 mm™") ] B I
0 1 L 1 0 L 1 L L -
0.01 0.015 0.02 0.025 0.03 0.6 0.8 1 1.2 1.4 1.6
1 ' -1
p, (mm) pg (Mm)

Fi g4l F &Estimated BFi vsu,, the green and purple dashed line are fogBlEjla = 0.019 mmt in Layer 3
(brain), the red solid line and the black dashed line are ther BRd BFb, respectively, and the red and blue
dashed lines are for By using the thredayer and serminfinite fitting methods. (b) Estimated BFi vss§ the
green angburple dashed line are for the BRit 6= 1.10 mmt in Layer 3 (brain), the red solid line and the black
dashed line are the Bfiand BFb, respectively, and the red and blue dashed lines are fer B$ihg the three

layer and seminfinite fitting methods.

Figure4.14 shows thaBFi variation (in %) vs. thé and‘ variations (in %). The percentage

h

error for* is defined asO p Tt Tt Bimilarly, we define the percentage error

0%

for* asO p 1t 1L PheBFi error (in %) caused by assumed erro®in or O

is defined a®© — pTTLP
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70 T e T T 70
\ o A TR o
60 |- \ S PR N " 460
50 x e 50
\ "“ ' \:\\-_‘,,’ “""‘

40 \ % I {40

30 | Vo : {30
:\; \ “- l ””‘ )
(-] - P Q\
— e 20f » N 1 120 =
Lu‘“ ~: / 37 —— DCS-NET i

10 | EN 5 > = = Semi-infinite| 10

S A R Three-layer
0r l‘ N ——— DCS-Net 10
L = = Semi-infinite
10| o 1 1-10
P N . |[Teee Three-layer
-20 / P 41 -20
1 "’ I ;1 1 ~ 1
-30 =30
-100 -50 0 50 100 150
0,
Eg; (%)

Figure4.14 BFi error (in %) vs. errors in thg, and pdvariation (in %) among DGSIET, semiinfinite, and

threelayer fitting methods.

Fi g4l 3andFigure4.14 show thatO is positively related t®© and negatively related
to O for semiinfinite and thredayer fitting models, in good agreement with previous
findings[ 4 7 ,. Oritfe]other hand® curves obtained from DCRET are close and are
not sensitive t®® andO . This result is expected, as from Eqg. (3.16)should yield a more

pronounced impact compared‘to, primarily due to the secormtder contribution from
and' | * observed in biological tissudsxtremeO examples are shown Figure4.14,
namely, a more extensi@ * +62% results ir0O x +25% andO * -30% results irO

x -10%. WherO reaches62%,0 reaches -50% andO * -30% givesO X +70%.

The results from the thrdayer fitting model show similar behaviors. Namely,
O EDI OE @AOGADIA AT IAA ¢ A OEAADAA An Layer Jithis result aligns
well with the conclusions from Zhaot cariclusidri 4.Tn]contrast, DCSNET only shows

-1%x +5% inO caused byO andO (blue solid and brown solid lines for and*®

respectively irFigure4.14), indicating that the variations in and* have negligible impact

on BFi estimation.
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Scalp thickness variation: To investigate/ 6 s i m BRi,ave vaedy (=3, 4, 5, 6, and
7 mm) and fixed x & @& in MCX. We define the estimated BFi BEimwhenY =5 mm

(0%, defined a¥ f, ). Additionally, BFict was calculated using the known set in MCX,

considered as truig .

Skull thickness variation: Similarly, to investigat¢/ 6 s i m [BEi,ave vadedy (= 4.2,
5.6, 7.0,8.4,and 9.8 mm) and fix¥éd v & & in MCX. We define the estimated BFiBEim

calculated whelY = 7.0 mm (0%, defined a6 ). Additionally, BFict was calculated using

the knownY set in MCX, considered as triYe.

Fi g8 ) presentBFibs mean value (represented by ba
(depicted by error bars) over 100 trials ¥s. The rightmost bar group represents the results
obtained withY =5 mm.Fi g 4l B) showsBFi6 s mean value and stanoc¢
Y , the rightmost bar group represents the results obtained/witly & @. Still, we can see

that the seminfinite model cannot provide accurdd€i at a deeper layer. Whéh changed,

asrip falls into 1.17% 8.33% (the bar group 1 iRigure 4.1%a)) when using DCSIET,
whereasasriTfalls into 4.30% 14.66% (the bar group 3 figure 4.1%a)) using the three

layer fitting model, slightly larger than that using DRET. However gsrit increases to 11.67%

x 16.05% wherY estimation error occurs using the thtager fitting method (shown in the

rightmost bar group iffigure 4.1%a)). Whereas for the variation ¥, arip falls into 0.33%

x10.33% when DCSIET is used (the bar group 1kni g 411r B8)), whereasrit falls into

1.50% 13.33% when the thrdayer fitting method is used (the bar group 3Fn gur e

4.1 ®)). Both present similar accuracies. However, wheis not accurateasrir becomes

more pronounced and reaches 41.89%93.40% (the rightmost bar groupkni g 41r B)).
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BFivs. A 1

Ground truth

DCS-NET Semi-infinite Three-layer Three-layer with constant A i 5 mm
( )1 . %1078 BFi vs. A2 ‘
1.6 B2, =42mm
g = -Az=5.6mm i
[a,=7mm
—"71‘2 Bl 2,=84mm
N\ A,=9.8mm
£ 1- .
~=0.8
L
o 06 Ground truth __ s |
0.4 -
0.2 =
0 B A T mew =

DCS-NET Semi-infinite Three-layer Three-layer with constant Az =7 mm

Fi garfea) BFi 6s mean valuej,amddstéaredali ¢ hd enoisat ib@am Ys oL
obtai ned Wi tnihm.a (b) BFi 6s mean val uandndhetrminglfar mo dte
represents the pesTImm. oBaahnkbdr wi hht bkee pl ot represe
calculated using three different methods, whereas th

trials.

F i g4I &hows theBFi variation (in %) vs. th& and¥ variations (in %). The percentage

error forY is defined a&y, Y ﬁy Y p 1 1L ISimilarly, we define the percentage error
forY asGQ LA p 1t 1L FheBFi error (in %) caused by assumed erroQin and
Q is defined a®© —— pTTLP
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60 117 -1 60

50 - 150

40 140

—DCS-NET
. 30 F == = Three-layer 41130
32 = DCS-NET 3
=~ _ 20t == = Three-layer 4120 T«
< uf]

L

10 P 110

7’
0 s {0
3
-10 [ e * 1-10
a ~
-20 - s ’ -1 -20
- - 7/
_30 ‘ 1 1 1 1 _30
-200 -150 -100 -50 50 100
0
EBFi (%)

F i g 4 @Fierror (in %) vs. errors igp andge (in %) between DCHIET and thredayer fitting methods.

As it i's com@man®yc akursewna, ®Gi grFrnigfditdeant (dnd

demonstrate a posiQiavndd Camyd el atuirarm elrantoween a
i ki gaxX@e resul tiQnrgangesh7fér.odni % t o +43068 %. I n
caus&dr bygest4f. 2o to +53.47%. This error ran
that caused by the skull thi[cdkin&e® sNED&&r eei ng

caused Ybayn¥bfoatlhl s wi t hi n #68e tloi mi8ted range of

4 . B.F6 | nfTieme nc e

The inference time is al so athi meanpmeada awnrt e e te
Table 4.4 compares the three extraction met
decays and batch decays (e.gs ,cllO®Dr-NED atl sDPC S

promi si ntgi nieora prpelailcat i ons.
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Tabdldehe inference time for BFi -iexftirraictt-& @agned wii fit the &Mag | =&

1 trial 100 trials
Noise level DCSNET Semiinfinite Threelayer DCSNET Semtinfinite  Threelayer

(s) (s) () (s) (s) (s)

Tint=30s 0.001 0.026 15.177 0.002 0.137 184.441
Tint=10s 0.001 0.029 17.021 0.004 0.161 199.758
Tint=1s 0.004 0.065 50.397 0.005 0.133 292.910
Noiseless data 0.001 0.048 15.391 0.004 0.121 169.679

4 . Bummary

Il n this chaptbPCNEWecahowobhsatlbaysegduamltodyg D
measurement s -NEWe tus eadn aDGX e t he gaeunteorcaotrerde | fart
MCX. The proposed net[wobf&kwhisc b aise ds toma ildh tCNd\
train, and -diameé s i drha@NMg gthor ti me sequence
[ 274, 2TO] evalNEBRt ewdCSompar e-dni it nint a&yhe rit linfreie testei |
met hods by changing' Bn‘d)s;uedeoptthgathdels @pdgp ttsd
t hi ckYeasndd@ 8Fé st i mat edNEDbysDCs a smd@ +5%rr or
i nduc‘edn'iysEegdlr® and a sl ight-b% +n8i% eirn deurcreodr
by an¥ ( sEiegalrfe. rFBaFrit he er rr-MET fr&O.MB %S i s much
t hat of-i nfhienisteemagred thndee ng met hods (43.76%
Mor eoveMNET DYiSel ds more than 71.34% sensitivi
seminf i nit dayaenrd ftihtrteieng met hods yi el Bi ddr & 2%

41@a) ) . We <considered measurement noi se usi
experi ment al r-dBETagirtici ®s12 W8T HICSaAY hipgh ,noi s
whereas it increases tloay3er0.fliot% iwhg nmeutsh ondy. t/
Y o) , t hleaytenrr efei tt iagroomo @821 39 el thech wor se

obtaineeNEOlTy BOQggesNEAgishdtesBCSersigtlrxe t o
(DFi garea) and (b) slhaoywe rt haanta Ityhtei ctahlr eneet h o d

. e., scal p, skul I, brain) can minimize the
signal s. However, this model requi resnda pri
thicknesses. Therefore, accurately estimatin

CBEstimati on wHearyeusiam@al g ttiltrad e model
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Besides accuracy and robustness, t he comput
practical appl i cattiinmen smo Measbgizeece vag a lys ftohra tr eiatl
seconds-NEdrtbCu@anun vegs 1WiIOth 127 data points
seconds and 211.697 seciomfdisni resfplecytewvegflgndif
procedures. For quantifying a single autocor
for -NECS I n contrast, it took 0.042 seconds a
infinite fdayiemg fandi h BNrE@le d cse dtuhree sf. a s S t ar
around-fdp2d00@dst ed atyleran mot e Il tdfa nh @ieshPeg disrefnriian t e

mo d el

Al t houeNlETDCS more robomksinitthdagmdett Bedené ng me
study has seWFerat DEBT st attriaoinnsi.ng dat asets we
seminfinite diffusion [BAB8d&kvast halvasse,d timi sR
consider scalp and skull thicknesses;6%vhi ch
X +8%) caYeaedi By much broalder5%hacathad by

(Fi garenki ga4lrfeThe complexity of including trai

| ayered model i s beyond the scope of Il bhhis s
future, we wi | | train new networks wusing d
alternatively, obtaiimimegasédurad md mtgs ,d aa sa sced rso rf
[ 1 6adn]d1 65 wi | | al sSecondeyrsB @@t edl ati ons do n
variations in optical properties ‘bath'deen t he
the brain can vary according to intervention
t o i mpact perfusi on. Failing t o account fc
uncert aiBnfhid aessu ri éirhe mtddwye di d not i nclude a cotl
| ayered analytical model i n thilsasrtepbourtt ;noitt |

our study was solely conducted wusing simul at

i n gxperi ments togsv.ali date our findin
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ChapterProth@S pe

5.1lnt roducti on

Il n this chapter, I introduce the 192 1T 128 S
with a | arge 192 I 128 SPADs array, al ong wi
analysis tool s. We tested the egstemmonhat

mul ti speckl e appr oaethn oiiss ee frfaegdtoi v(eSNRTh eg asiing
sensor i mproved By | @pproonpiameatde ltyo 1la6 0si ngl e

system demonstfrod tde £ nah arnccleggtaelnyh SOmet ha PFNE&vVI o U
32 1 32 multispeckle DCS system.

5. 2PA® nsor

5. 292 1 12a18r &yPAD

Il n my investigati-oornr evlea-pmptl @eiyregibenttiimg ( TCS
based on SPAD technonmggMO$S mpeemerat edy, nf eld:
compacttdi gimeal converter EMIDPCEN) 2P0 teidtlR2o d
TDC achieves the most precise timing resolut

TCSPC pixel s. This comes with an energy ef
exhibiting |less than 1 | @aasantl isne@mi ftiycdMINLD I t
6 LSB integral nonlinearity (1 NL). Enhanceme
the array involve cylindrical mi crolenses, p

an effective fsbehsbacenhi bftdg28n EkReepti onal
( DCR) of 25 Hz unWeaxcceosnsdiltiisosnsamd rladm t e my
SPADs in the array achieve a peak photon det
1.V exceats boam temperat ur e [a&m8dl [Tah eq uSEPAcDh atrirnae
packaged into a camera mpad80phs saédabenréed Foga
sensor chip comprises d4dadckmrasadi rcg nwierrd wirtsr,y ,a
measuring 192 1 128, with I s8l. ¥XEawh|pipXx elel so
a TDC coupled to a SPAD.
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Figohulilea) SPAD sensor module, front view of Quantl CAM w
modul e, back view of Quantl CAM, including the Opal K ¢
TabSll€ompari son between PF32 and SPAD 192 1
PF32 x 32 SPAD 192 x 128
Pixel pitch (um) 50 um 18.4 x 9.2
SPAD dia. (um) NA 5.4
Active area 6.95um @ NA
Fill factor 1.5% (optical fill factor) 13%
Photodetection efficiency Peak 28% @ 500 nm Peak 34% @ 560m
SPAD shape NA Square, rounded corners
Sensor wavelength range NA 400 to 900 nm
5.TBCSPC Phot@n ntMondge
There are two modes of the Quantl CAM, TCSPC
5. I.CsPM del
Frequency, TCSPC can be |l ikened to a fast S
emi ssion of pulsed |Iight and the terminati or
Nevertheless, similar to numer ouss ulr@3kRe tsse tiu
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rever seé¢ opt dmtshi on: the start of the TDC is t

and the subsequent synchronization pulse sto

Sync Cable

Laser |_
0

|

time
Photon arrival % % time
Forward start-stop time
0 tb’r
Reverse start-stop tpy

time

Fighzidl ustratesstthpep preivreaisel sawmgitmg & el api.c Al passesed |
through a diffuser, illuminates surfaces A and B. The
depi cptr otcteess timing:, taed| pserompseraond dsststopedphaten.
timestamps frnomaserfawer At a.n Qohnovseer sferl oyt @@Pnt rpehvoet rosne
detection initiates timiapg,hiwgihtth t ihgdes ttTdame nifea rh oddly refr
counting electronics are active only upon photon dete€
stop where timing starts with tredetysencthirom.i zTahii 0 nmisn i

dead ti me, | owers power consumption, and reduces heat

The Quantl CAM can receive a synchronizatio
alternatively, use the FPGA within the camer

and output it to the |Iight source via the tr
5. .hd tCo o n t Mondge

When operating in photon counting mode, the
photons received within each frame duration.
synchroni zati on, rendering phomiomarcyousiet mg
alignment of the system before conducting T
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photon counting mode. Il n this mode, i ndi vi di

photons per frame, as illustrate in Figure 5
Fi gbh3id l ustrates photon counting mode, whesrheo wihneg far a m
single pixel for simplicity. Each frame begins with
photons are not counted. After this deadti me, each pi

photon (b)) ,he nccoruenmeenrt i(ncg) ,t and resetting the SPAD rep
clock pulse transfers data toathendeaadosuf fsit@aigentIldy . s
necessary. The camer a'ss f"ofrr admeg ittoala dsdu"mnsad ti toinn go fa | muol w

maxi mum count value as needed.

5.BICS®S stlésmng a 192 I 128 SPAD

5. 4ak@rupling

I n our setup, the simulation of fiber coupl
out put is coupled toema croulet irmad as sf ialmadr NwAi toH
Fresnel (refl ecdliamng il mitsesrefsafcfielsem .ianTcH eu df inlger
model ed emsr adilDO circul ar aperture on the I m

type controlled by-Di aemet mageFsgufacé&dod( 8¢ midi
using Opticalstdedi csholWwi g hree hBp4(db-amas ¢ ie@m t

out put beam profiles, respectivel y. These
significantly influences the output b-eam pr
Gaussian s hape a(nki g(uer)e) ,5.a4n(d i ncreased angl e

100


































































