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Abstract

Fl uorescence | ifetime i magiagyv anlitwaollse onp yd i (vFeL
di sciplines. Thi s t Hedda)sp rporaecsheenst st omnea dgod rl eesasr |
chal lienn gfelslsM ow and compl ex data analysis and
quantifying the DU'usoreaksicleintcgi the feit bt maetst. f e g h
data has revolutionized optical and $i omedi

sever al novel DL FLI'M algorithms that signif

Fi r sat lhya r-fdiwiae redwiys @i Dlelal gorithm is proposed
The algorithm has a simpl e ar cexpcerceergtaigaly ed

model s. The calcul ation speed and accuracy o

Seconadl L algorithm is proposed to i mprove F
higkesolution (HR) fl uor es ereenscod uRt)i Pimma(ghe s .i MA
computational framewor k-stC al dseysnethhbepteidc tFoL | gve nde
to address the chall engewaloift w hFeL Il M cdka tod s estusf .f

of fers a practiinmgR BbbMoiawkhlgye of agrbitFalilnM sy st el

Thirdly, a DL algorithm is developed to anal
pi xel , nRfhmetdo nFeRM uorescence Lifeti MBuFsllelmagi ng
spati al correlation and imaéepsitthe fhfuor maicie

i mages, pushing thi-somwhbetwvel bofigenhl yoaaf ewcp

Finabhl yjiengol ved fl ow cyt ometdreywe( DRE@A) byy sitnet
advanced CMO®St am ngV & SiAch)e adriroadye a n dl hae [BLIPADr o

arruasyi ng a parall el,lshowditanedrecd l homin tsg htelonteo un g

Aquantcioned!| uti onal neur al net wor k (QCNN) al ¢
ona f-predbgr ammablas geanmbee dadrerda pr ocessor. The p
fluorescence | ifetimes against di sturbing n

analysis speed, and | ow power consumpti on.
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within the dead ti me. Photons with a | onger
hi stogram sk-ews—-to a she+t+er | ifeti i®e.

Fig. 2.7. Schewmaaino chlf @y &)t etmheantdwrd bM t he MLS

system. The inserts shown in (a) and (b) are
the | ight emissi onTlpe ocxcsisteast iodn tpghlred fiséalnapd eecsn
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SSDMARs. (a) Intensity(dmapgleasdb)ppbjpsotri phoc
maps; white Piisxeley o*rre@ih{)n(hpa]t]a(nhdb(vlaia)gp)s

obt ai ne d-— b_y_ LSF an g -N-N . 89

Fig. 4.1. Original intensit-gyynmhegeisci ARLI WMe H
data. The 1st column is the RGB intensity im
four chhalnmrel | mage2nar € od uorwmn iermcthher ganel | e
one color. The 3rd and 4th columns show the
|l i fetime I mages. I n 3D point plots (3rd coluwu
colour indicates-—a-—high to I|-e-w phot®n densit

FFg. 4. 2. Net work arc-FLt &Moeur &i bhk=ahde.cpt opgs
SRFLI Mnet cont allNest ,t vabheds uSbRlles ponsi bl e for | i

evaluation and nonlinear transformation for
parameters of convolutional |l ayers are | abel
kerqiede, andNett rdadadret)ai mSsRlei ght resi dual dense
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size of 3 and a stride of 1 are densely conn
growtare ab4e.-Scalihg Pptt btheSRhrameters are
for both convolutionaFLI MpetsisTbhdl bapasdeédan
final output—dgdata Size—s5 2561256. 100
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sampl es us©Netf.orTheesltiifnegt i me iGompene&nt S,f am d
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Lifetime determination performance for diffe
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Fig..Spatdi al resolution improved FL i mages of
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truth HR (GT) FL i Yaogwe'st cawde, srheoswmne citni vtehley .1 T
dashed boxes in each subfstgROI dppfot fhethe

N e — _— - 180

Fig. 4.5. Zoomed ROls corresponding to the w
i mages | ose -madtflroefng uwehnec yniignhf or mat icon and s h
patterns. The reconstructed HR itnh@&jes are mo
i mages than t+he-—interpol-=at+ng met holdd.
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Fig. 5. 1. FLI'M i mages with high and | ow PPP
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hi st ogrraamsd oonfl ya sel ected pixel in the same pc
............................... — R - 17
Fig. 5.2 Illlustration of theymgtemetriadc i ®lnl Mdf s
i mages. (a) Thiengpdlogsssghthpenéeécadecays. (b)
gener atdymgt etmic FLI M i mages using cell i mag
i mmunofl uorescence microscopy systems in HPA
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process of generatingcbibetichmannmbhgesthsmogt
| djfmet i mMe s . S N 119

Fi g3 5Sampl-esuatf FawM i mages for network trai

the | eft side is the intensity images. The s
of the sampl es. Most pixeles ghoatt@an ncdersts has=
| arge range. The PPP of the samples ranges f
truths of the sawmplesd | ifet--me di slt2rli buti on

Fig. 5.4. Overviewask FPF&t mBéegoves hmheAback
pixels of the input 3D FLIM data-anAl | ocal |
poi ntcwinye | uti eandCoPooe B3 €Bti mates the | ocal I
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|l ifetime image is reconstructed through neur
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Fi 95 Detailed architectu+e of the Ilccal i fe

Fig6. 5Violin plots of MAE for LLE and MLE. MA

of (a) photon counts, (b)) Ilifetime, and (c)
and |ifetimegesmpoeaehsads40a, 1~4 ns, and 1-~3.
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solid Iine indicates the median value, and t
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Fig7Detailed architecture of the | ocal i fet)
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Str.j_.d.....e., ..... group)___. ............... J— 18

Fi $8.Sc h e mwa tewcmaigret-e-+~pol at i on. e 19

Fig. 5.9. FPFI L folri gmtal aylzp magb estyind ehlet Rk lcl M oiwm.
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Fig. FPFLO. f or asnyan tylzeltinigchdleaRiL | M i mage. The i
is 2561 256, and t hei+— average PPRPs 1la3re | ess
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102411024 pixels. (b) The computation time o
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Fig. 5.14. FPFLI for analyzing HelLa cells tr
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and (d) the analHedian g nmeCEEFtPy dfe LBEDFRBr MLE &
O e T i [ — e — 14 0

Xii



Fig. 6.1 Concepmubkptairya medlreamdtlioov cfytaomet er . A

optics component s: cL, collecting | ens; PD,
dichroic mirror,; PMT, photomultiplier. Color
popul ations. 't shoWwlPd flme mrmdtfddertemat PtMTes DM v
parameters that only allow | ight wildB a spec
Fig. 6.2. Forward and side scatter of a cell
organelles: C, c¢chloroplast; L, I|lipid body; L
nucl eolus. The green wavy I|-fheeresplddsent th

Fig. 6.3 (a) Flsumrrexedrts parstsi alhrough a conti

to a Galuasmpaedni ntensity profile of the modul a
intensities depend ohathe paanmichebébdeposietdi o
t®. (b)) Tmpobast-BRE&—4Pst ems. - 17

Fig. 6.4. Overview of the TRFC system. (a) T
peristaltic pump pumped the sample and sheat
respectively. (b)) The optical path and the s
coupled to multimode fibre (MF) to collimate
aspherli)c alnednd I (I umi natTehse tetmd tftleadw fd huaombeesrc.e nc
cblected at the 90A scattered Qi ,dea dfotngr pas
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| ntroducti on

1.1 Reseanno t hv atnido msi ms

I n t‘tRentWUriyeadnte@auweilV®e8K (ud6ed?2ss il i gglhéde mi cr ¢
to observe microstrufcarurtelse,afnadp emii cirgormtehgea nd & a
mi croscophmawé&ihd. f & nce then, the | ight mic
t oolcifent isf jcco nrt e sisdhagtcihig cantly to a wi,de r an
including biology, p h yasmocnsg, . cctAmeentl ssigrhwa 9 iawnal,o p
notestruct iivoeni zanndg,noan | i ght mMroubsecopei PVveES
mi croorgani sms and | iving cell s. Most of our

through observatjfl®&n from microscopies

One omosgthesitgrmihfal ¢t @amges in | ight microscopy
sampl es. ThetypmagtlIfgomone mehset er |, absor mtfi on, a
the i nc.Hbeveth €loi] gshyptiec a Ime rssp aairéeh €t rvainsi bl e | i ght
their refracttihvaewadtwddera rekeeswmildmgget oontrast is

|l eading tot@aoipeserratigomal( SNR) and hampering t
To addr eswartilbius im=elstehebpdse Ihamapreed t o I mprove i ma
as using phase cont rcaosntt,r adsitf,f earnedntsitad - niinntge rsf

contrast2l.material s



Fl uor escenchea smircervool ug p 0o nnibzgeidofglcuoogprye s cence e mi
from the sampl et ot pebaigeee §pod mmesdcedhweesnt i onal

light microscopiesf | uor escence microscopy has four dis

@It has a better SNR.prTdhvw ddwecdr esd awensgeel rie imn g

i better i mage @dodiiadtitiyctainadn af sthomartphe backgr

(b) It mosr e s Ppeecciiffiicc. cel | ul ars uocrhg aanse | nl vecsl eoir, cnoin

DNA/ RNA, and oah elowal ltsitsadiinfefder ent dydes for v

(o) It has excellent s-semolkséetcuivat yi mMgdegnf Buageé:
uses fluorescent markers to det eanalaynzdi ntgr a

singdleecul e activities without chalnhgdgingalt he

sysf5em

(it is multifunctional. FIl uorescent dyes <can

mol ecul ar dynamics and biophysi d&gd. par amet

Fl uorescence hasi nmd muyn trpgnesperyt,i epol ari zati o
absorption/ emhasi camns bectwsaed f or i hheseigat
properflesrescence | ifetime has attracted er
uni que features meFIi sondxec eantceerealgex eliitfeedt i fmeu o
(fluo

-

escent imaloectuHesyr awndir at at e. |t i s

mi cr oenviarndrhmdmaemttesr act i ons wi t h ot her mol ecul

| i fet hmexicieh diehat opcebliagar and subcellul ar
Fluorescence i feti me i cnoangbii nde s onmi ecsrcoesnccoep y | i (
measurement and microscopic techniques, offe

9.

There are two uni que advant a-basedf f [FudrMe s



@FLI M is more quantitative

The fluorescence I|ifetime is an intrinsic p
experi mefnatdaamsc awdi ng excitation power, optic
and detector gai n. It facilitates the dif
overl ampesdi on spectra. I n addi tiotmhe t he

di scriiommf ndd uorescent si gngaslusc hf racsm abuat cokf g rucour

from cells or tissues and surrounding 1|ig
fluormarclkets and a higher i mage quality. T
reliable way to quantitatively meas[8re the

1D FRET i s anf ompanradiped utlgpaorl dynami cs and
Howevwkea ,ta the experiment al arheasadt ERBNTdi
di fficulytT hteo FogRUEaTn tmefas ur e me nd bcyasne rb ee xecaistid t
power, spectral-blceaciditdadtk ohdred gphactecrt rat i o
donor and acceptor fluorophores are often
FLIAKF feermsore accurate amrREMolbys tmoway otrd nayn a

change of donor and acceptor fluorophores.
)FLI M provides more information

The fluorescencneucihnf et mameipppoesdkeboornbdb envi
By choosing fluorescent dyeess, wihteh fd iufofreersecnet
can be a function of ,vaciodsnbiophyd®hucad¢ntpae
K Mg0 PO temperature, [pH, Ftilddcrost aoyeeand
an arsenal to sense various par afmREE®B T s ar
techniques ceopmoteveali npreotaeitmons and prot

without approachdied smol ecul a
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Fig.FL1 M applications in various dis

Asi | | ustimiaglFeldl M has been successfully empl oy
showcasing Apgar tviefrssasii d nfitufyn.dcaanmecnet ailn bi omedi c
FLIaM so hol ds crucliiani casppdrnidnp d@isiemidd iffa.s .M

provides a f ecahsa rbd cetgensestmheosd usi ng both endoge
fl uor e@fc emaret.i cul arf rienet eFLelsM iamaeg elsa btenlat ut i |
from endogenous fluomemghogsiegni fwltiamh lmd v & n

applicAhatiodhs olresadt eBlalbfNMaesst i demedabol i ¢ chang

ti sesepe,cially in precancerous | esionbkis ai di
techhifgauvanpdp | | cdetiensgkiomal , cardi ovascandar and
candleAbk Il n adediatmiwddri,] uorescence i maging i s a
ophthal mBl agyescence | ifeti meneirmagi mgpoph ama

tooli nveis ntghgeatpat hophysi ol ogy of vEHrel pAns mac ul
advanced aubatbledo rréElLdlemBpmalshd elre vel opetdi rheor r e
analysis of FLIM images anaoogiufFgLilcMa la lgsuoi dhaonl c
significance in phauhenmreembnicadr resegdrrduégl i ver
uptake kinetideaug ard eh®dc lplribiorecsms di ¢ al field:
has found novel applications ¢ anhraercaecntte ryi ezaer s

mat e,;siualtsseans conductor s, photao vOL[ERihc sT-i ngeu an't



Resol ved Phot ohumnmiercéhand gruceh ais mibleaern tus ed@L If M,r

observing charge <c-aonversidomapheo soflannida nieph a @

compl[@s2p Mor €V @t ays a dmuceinavli rromiment al m
forensi ccosnbiuseisemar c h, and[2 8rLtWi ¢ b n & enrev act o notni
emergence of new FLI M applications, its sig

research fields

FLI'M techniques have achieved tremendous s
l i mitations and challenges. One of the most
of FLIM, stemming from two primary factors:

tiqmensumi ng d&tear eprad c d sadcio mg .siatti goand stti ome

Filryptt heCoTrirmed at ed Single Photosn tChandgoindgg tTa
for fluorescence | ifetime measurement due to
and [SKRB However, the iprhosttoann daertc cTtGRSNC rsayt set e

at a low | evel (less thpnu®ef fasetrsrepetitio

Secbywd| M necessitates a high photon budget,

amount of time to gather adequate photons f

chall engingeldluréernpgediiment s, where ®tGoeteatsi ng
within a Iimited time is often difficult 0
concentration o fu n ff 4 wmor@ottpilhaarle s proorper ti es I
excitation/ emission, | ow quantum ghalldengead.
Additionally, for some exogenous fluorophor.
transcription, or translation efficiency of
Thipti gresol uti on FLIM images areumeaebbavin(

them using the standard method requires a sm
scanning FDUM spstbmsabove reasons, current
me as usrtienagdy sampl es mount Eexotne mee @nliua rearsecnd p it d

inevitably causes photon damage and photon b



Thempl|l ex i m@dch sudatnhag prioncvecsisni endgLs Mad is@niaf i cant
chall efigmce FLI M i st eacnh ningdoi er erdetovuilduhatdrien gor o c e s
obtahaen fluoreskcdCSebQGlsiefde tH LiMeM,ortese esncar d i f e
calcul atede dyy fhiwdititongdrggrmesn e d model-sanslucbhi as
exponential decay moddeep esnntd sfrhaet ifviet tao pntgi npir zoacteid

such as the | east square fitting (LSF) metho

Q

nd BayeREB®8net Hodtelvenseet hods are computational
consumi ng, and only suitable for offline an:
proper ini,ainal sperdiatliiegres software is neede
Whi ¢0ene f-fitd e ngeitkhleoed spahpapsroara d hceeendiimass met hod
(CMM)ave phpopmdmadcst amall@&iNs al | existing FLIM

noiksseenei and r equfim eachciugrhatSeNRanal ysi s.

The sl| dwsgweoefd Fdd Welrienigwgspl i catCuonenangel M sys
aruen s aif lotei menstrai neduamp laisc datniveersg i gating ¢tr
phenomenalsilsyessi ng dionpefrifuodriing fnhge me o ughput f 1 |
i feti mEusehestimgreo mpllexsidsatianvaonlaved makes i
design portabl e -tHLmeM ndecavsiiocreesmefaotra rnrcehali n t hi s
address the abodamdrivemchdd e nigeathmisegigcDImput at i
appr,wadhfhanwt modi ftihceath aorndswatroe | mpl e meTnhteat i o n

speci foifc tahiimes t hesi s are as foll ows

1. T o e 4 e Dloggorithnms that can perform fast and robust FLIM analysis. These
algorithms will surpass all existing FLIM analysis methods in termasaidracy, speed

of computation, and noise tolerance.

2. To developDL algorithrs with novelfunctionalities such as significantly reducing
the measurement time in laser scanning FLIM systems and decreasing the large photon

budget required for existing FLIMgorithms.



3. To deasimmesol ved fl ow cytometry sys-tem t he
photon avalanche diode (SPAD)Tha&r rsayyst enn s

enalilgh thr ddaglhpwrtsceemdce. | i fetime sensing

1.2 Contributions to knowl edge

Theont r itboutkinooms seuwigtei ng from this thesis can

1.

We proposed a novewi Dd DDlet dalogiqr itthkem,pitxel ad
of compl ex FLI'M data analysis.advhing agkgo!
includi-efgf iacihemth architecture with fewer pé:
time, faster analysis spee@dpoareditd adt rdercq ye
Compared to conventional rfiitthmnigmpred\heod sg al
speed by mbokdtWwhnl 8081 so significantly i m
al | decay paramet erssui t@ur falrgovrairtihomusi sc owng
including embedded systemsgon,dulei gtho ciotnsp us

efficiency, and | ow consumption of hardwar

We developed a computational framework to
FLIM data for developing DL FLI M tseaHlHhrmri que
s efiy nttihce FLI M datasets with wvarious cell ul
|l i fetime range, and multiple decay compon

probl em, avoildarlhat ehm®ed neeceme U NOirng experi ment

WedevelDidped goreixtremsd tdhe capability of curr
modi fying the sy®teemnf weparfopgoudéadt a wgper i t hm f
i mproving the spat.i alagCueaslogourtiitohnns coafn FolLbltM
resoluti omnce(nktk) Ifilfredriese esmbgés ohr ¢ MR) owma
from FLI Mstyssvupms i or performance in recons
from | imited,ofpifeal pmractoilwdli omapproach to fa

i mages.



4. The pbaobpgen budget reqamnmalyztitmgegoantet ht f @
been a | ongstanding chal | eThog ea didmr eesxsi stthiinsg cl
weroposed a Dan all ygoir Mg ihma d @s wiOuh Béegophoth
pushes the photdtowblteget ©bbd6 antgcardew pho
robust evaluation of FLIM images with high
even when t hepeaveehgeosnptmbudcre tbheowl edge, th
first availarbdley znemgheosic drmae | i fetime i mage
condiOtuDban a p porfofaecrigsn iafdivcaannttages over traditioc

al goranphmenbisoader applicbali omsoli ogfaaldames

5. Wedevel opemesal ved f | owat ymefdanaatt rfyl wsyrse £anenc e
measur ©&mentdesi gn includes a parall el I i gh
advanced CMOS -pllOa2txoln2 8a vsa lnagn aeme agi ¢ de ovE@PAD)
l i miteedopmat oy t hroughput typhealSPAD aona
operag ea-l p&kientsensor, providing a | arge se
par al | ecloumhdtngn aleanaid liaxg eibficoenmt pmgt t hr oug
We also devplodgiedmmabl e gate array (FPGA)
based onwitshee bl xeblgofashmfl uorescence |ifef
wi se DL algorithm is furthee ismprpdnDlnteadt iaonr
processor shows the advantages in terms of
power consumpti on, and | ow Oefgluowemgnodometr
system can effectively meascuorre ufpltueodr edsact ean cw
singl eAdfdriatmeochnaasl Isynal it footprint and -paves |

r es odewidc e s .

1.3 Thesi s overview

Thi s hasse vie e rcsea pftifrasptt er i s introductory, pro
research motivations and ai ms, the contri buf

outlining the Tthree irg amrn garii aat iodn.t he remai ni
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cancer <cells to valcieclhheemait s eaptenbri pecChal
from the papemepubl i shed on

s D. Xi &o Cheny. ahid-DiDm&rmei on al Deep Learning

Fast FluorescenceEEEf édbumeall mafgi gl 'ected
El ectvohic@y,-100. 2021ppdol: 10.1109/jstqge.

Chaptéearmt 4otdhuecespati al resoheti - SIRMmeptr Plved F
algorithm that enhances the spatial resol uti
higkesolution ( HR)e s ordawteiso nSe (o 1 toiwe atgreasi ML | nMy

datsasreet e at eat ounpiun gt i drmalt médimbdbo dneshemati cal |
the forward TCSPC process andThHisima™M Badtasien
possess distinct s pAalteigaladamdg tmordpdr als fdeateud ro
transformation from HR to LR fluorescence |

SRFLI Mnet i s prestasdtppedr fi @vmdemadséydnt het i ¢ dat ¢



and experimentemhfadat adomobae rvaiw hmaa rfogchuasgy eo
reconstruction of fluorescleme emdiinf edd miee mtn di

4 is adapted frormitnkee paper published on

D. Xi &o Zang, W. , XiYe, CNenSapedm®apD. Uei L
i mproved fluorescence | i fOptti mmevpdrima ¢3,(h,g na .a

pp. AUANHADA, Mar 28 2022, doi : 10. 1364/ OE. 45

ChaptpreéseheP$SDL al gwhi t hmi st eddedsriegsnse dt he chal
anal fdiumg escence | ifetime i mages Wahedert hextr
photons are few,the lai detciame he sttipga@idho pr lodd¢ @m
The FPFLI algohybhimd abDbpabkbubnequecfalbs Bea f et i I
i nformhotcah abnfdf eitnitneenTsh itsy d hreapyteesr. provi des a

of the algorithm's Thee i gmerr famrdma mtpd earfe ntt lad i prn
quantitatiweisymgtehveatliuca Thheddl pIr djpod e d adli gat kdhm i
experimenbhal udlian@-t Agbgedo peradea Rand m&gil Mg of

celTlhe. main content in Chapter 5 is adapted f

D. Xi avo Chen, Lanbde é. |IRahdiidg@drescence |

i maging withbaoRewvphbtops://doi.org/10.11

Chaptfeoc bstelse oampp |DLc aali gsanroiotflhyétma mi ¢ fl uor esce
measurements. As tar eeskehneipsd e v e htbipmeoadlapydd f | o
cyt ometsrtybmmt can measure t he-molvimmge paande | leis
This chapptienrt riboeguicrws c yatndamé ¢ f yiencquave dgeg - t i me

resolved friyow ycy\Wanstutimeimnethe chall enges for f
me a s uraennde npttr ks echési gn of the flow cytometry s
curcédmi | B giempr ov ec alhret ipnhgo ttomr oughput and pr
ar ea, we configured the advanced k@MGS* nls2 x 1
paral l el l ight detecti owi ssec hBlmeal gMer igtulam t u Z i

preci nitarraguaon scheme and devel oped a DL pro

10



on an FPGA board fWe passehtfethemeabnblrgasioer
and evaluate the performance dfaglgiefdg bmE me somse a
Threesdémens$ htadttianes ol ved f bpwtemtomptagcur ate
t fel uor escence -clorfreupitneeds folfu onroei ssceevn ;ngg iagmndlcd

The main content in Chaptehebi:ae adapted fro

, D. Xi &o Zang, N. Sapermsap, Q. Wang, W Xi
fluorescence | ifeti npehaoctemrns iavga lwa nchh eC MIOSo ksé
l earni ng Biroomed s@puo |EX pIr2,s sr304.6J26,n pp2023450d

10. 1364/ BOE. 425663.

Chapt,ert h7e fi nal chapter, summari zes the key

' imitations and future WwWoaekresebhechmgiroeedij o
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Chap2er

| i1 terature review

2.1 Theundameht &1 uorescence

FFuorewaenterst Bdesceshbedi bntist Sir[4George
Sinktehltuorescencerhadvabedcomediamedi gal fimagitlh
advahndfeidedfdsbi ol ogy, phar mac[8 1] c hrd nuiositersyge nacnec
phenomenon of | ight emission from a fluoroph
by extra electromagneeigy edeagyamTheamad!| ah
Jabl porokii,des a vi sudfel ryerpgaecsemdcatpromc efs of
showrmrignpnheh a fluoropho(t bBe aljsaedbcstm pimiatgores i
enex gy he weakly bound el ectrons in thteo fl uor
hi gher el ectronicalg wi tehxooude e g Pismg g¢lgentne s$ iad «
femtosedsedosn@ds). The exmdtteaesdt arolEatdautl @b d sh am
ti me of pitoseacmdag), (tlDee $fd utohreo plhowes tr eV ialxr a:
l evel in the first Erloanthtetritesyi mall ¢sy wlea hree tgu rom n
st aofree liSnpgls ogti mm nos ectsnedcso n(dis) . Dutiheg fi Wios opho

can return to the ground €phaattheawavwiraa dti wd i pes g

which is responsi bl e Ther of hiaso r-neaadyeantciev ee nd esc
includtaegnal conversion and intersystem cros
Due to energy dissipation in the processes s

fluorescémasowegmpiemeér gy ort hladosgetri ova vieh etn@grt $
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phenomend&kmbbhve Gtokeadwahnffacgrapi@md &ior escence f

excitation |ight wusing optical filters.

Meanwhil e, dloendtorgd rhe ttrrd pdepthosphbeesanncel e
upon returning.Ctoanptahfeldgotroeaisnde mdea,t ephosphores
| onger wavel ength and l'ifetime.arBeot hypdsuoo

photol uminesaence phenomen

Excited State S,

“_ intersystem .
S Crossing k; Triplet State T,
| W,
g g
(]
o k./) 3k K :
< S S |on WA
< o
< = _§ oh
- o}
=
o
SO

Ground State S,

Fi g. Sizmpll.i f isekdi Jeanbelrogny di agr amftl e oirlelswcsetnrcaet @ rtolce
Sandr &8present the ground and first excited el e

represent different vibrational statks of the |
exciting l'ight, whi |l e t he green and yell ow
phosphorescence emission. The-rqarddyatve/ret idealaywa

The fluor eslienctehel iafveetriangee ti me a mobedwolre s
returning to thergdoandvetand. rBdihtnovns dec:

val ula nadf it is described as the inverse of ¢t}

=N P

whelkhankar e t-mh&adinathi ve and radi at ikvies rtahe <wm

of the interrkal aondn\ dres iiiom ge kB aytseokeArkhsakt s S S
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Assuming a group of fNbauroer oepxhcoitteesd, waittthhe i gndepuwlr a
decay foll ows the stochastic exponenti al dec
QirQo 0 QU oh &

wheMtei s the popul ation oft eRyitetdedgd adirmg htohi
Mexpresistest @d. Since fl uoliscemrep Nt iemtsd It yt

al so writes as:

" 0Q T h ®
whelpies the initial ftEudbreddcemhe wisnttehmai ttyh ea't
foll ows the exponenti al decay | aw. I f there
fluorescence emission, the totaltiméasecadgsin

0 6 Q7 h c8

wheka&nthre the intensdfitwoaonpghbiresti mespercti ve

a b
( ) A ( ) Excitation Emission
photon photon
= Donor m
= ono acceptor P
$ | emission absorption =}
2 !
= 3
-
<10 nm

lifetime

Fi.g 2Co2ndi ti ons of the occurrence of FRET. (a)
absorption spectra should overl ap. (b) The don
have correct orientations.

FPrster resonance energy tranaffelruorFdRERTOTr e si
excited state (donor) transfers energy to &

(acceptor)radiatgheapmogcess. FRET is named a

14



FPrster, who first obser ¥mmd, hRBer hanemewon !
conditions for the occurrence of FRET. First
should have a spatial over |l apa wift ht htleh ep cfcleupot
2.(2a)) . Second, the distance beowkesasttwwbahl @

and their orientatiking (sth)ou.l dDimrad acth wiasiha loit ha

mol ecul ar i nteractions within sever al nanoit
mi croscopy has a physical | imitation of spat
FRETTf eorfs an i ndirect rout e t o i nvestigate

monitoring the energy transfer between donor

Fl uorescence |l ifetime provides a distinct ro
above, thel ifffautoirmes cefnce fl uorophore depends

processes. FRET Il iefaeltsi meo dhamgesciemcleot h t he

energy transfer efficiency of FRET can i s:
-
(@) —nh )]
p T q
whetei s tohreesfcleunce | i fetime of the dbnor in t
the | ifetime of the donor al one.

2.2 Measurement principles of fluor:

The typical | i f e aninfgreosm opfi cfol sueocroonpdhso rteass nanos e
ul trafast electronics and photon detectors
fluorescence | ifetime can be i mplemented eit

in the frequUd8iDoy | dom&ie TD met hod, the fluor

by a pulsed | aser, and the fluorescence deca
met hod, the fl bhbprapbonei hsoegscimbed!| ated | ase
from the phase and amplitude difference bet

Al t hough both TD and FD methods are mathema

transf or m, mpglhemesnpteactiifonc fior both methods i s

15



and cons andofheéedspaattadal i mpl ementati ons.
el ectronics for distinguishing photon arrivi
edctronics can discriminate the tiny spectr e
domai n. The FD method generally requires | ¢
processing. Ités more common than the TD me
emergence of new -pHdtrarf addt d atsemrs,, andcd gd &t a
TD FLIM systems have attracted increased af

advantages, such as high accur axly,t eiampdr alh ort &

221 Frequdkeonmayi n met hod

(a) — Modulated light (b)
+ — Excited fluorescence signal Modulator [€== Laser
Mirror
A Modulation = A/B
Photon
= BS ] : = Pha.se
= diode Monitor
] Ad/w
< +
ob-L_¥L e N[\ _\ >
2
£
| Intensity
DM B ! | Modulator =¥ ¢D
filter
: I
> | Control
Time sample Computer

Fig. 2.3. (a) Pridomapihe met holde f{beggBéwck di agr a
domain |lifetimeBBleasunemabbreeiapi on for a bea
di chroic mirrher cftawnudp ¢ QD dfeovri cte .

The basic principle &fgt(ha®@.. B méetnhusdiidal s waw

| aser sour ce. The sample fluorescence emis
accordingly. However, the amplitude i s demod
due to fluorescence decay Kkinetics. The flu

demodul ameBhAfhadc podralkues iannggltehe f ol | owi ng:
0 ®ME %t h C#®

¥
P 1z 1 a
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wheha@ndare the modul ation and phase | ifeti me
setup of the FD methiogdl( bx. DAirddiyoi il eagtemt e
a |l aser slouwd ecdH §hel measur ement of different
modul ating frequenlciiveesd fQeunoerroapl hloyr,e sL ornegqui r
frequency, -lwihveede afsl uschrooopphor es require higher
measuremengy teodacowtattal y esti mate the phas

for higher frequency. Hence, FD systems need
222 Ti me domain method

Thanks to the vast advance in photaserdetec
technes bdyomai n FLI M measurements have become
high accuracy, photon eff-deoamaeinecy FLBEBNMdId mbdagtbr
techniques ar eqgadtied de TG onraroall taitgdestet e hmgloe nt i
(TCSPC) @mpiatzhlpbdsF¢é¢r the TG method, the arrive

one or several delayed time windows to estim
ti mé all photons is recorded and accumul at ec
the |ifetime is recovered from the histogram
(a) A (b) Start tri Gated trigger
Gl G2 G3 ar tieeer
— Pulse laser Laser Control ™)
g Fluorescence decay Computer
5 [ |
[«F]
E BS PD | Delay
Gen
Time >
DM f GO/L feep
Integrated intensity HRI
filter 1

H - sample

wl w2 w3

Fig..(2)4Princi-paeedf mehkbodi mAs ani@X)ampilteh t hr e
di fferent gateiwl3)dthBhargphatsed i(mwtlensity i s i nf
(b) Bl ock di agataerd onfie atshuer etmeme set ubpeanBS i s an
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splitter; DM foPDther dpbhbtodcoderr PDel ay Gen fo
CCD for +hbhepdrar gevice; GOl for gat-edteptical
i mager .
Fig.concdeptuastitye i TG uredgr.idag®. depi cts its prin
excitation | aser pulse, the emitted fluoresc

gat es. By optimizing the delay amounn sbend w

recovered by the recorded segknegd{ bld.of §t bet ha

the experiment setup. The pul se excitation s
bw besgpmitter. One beam excites the sampl e,
generTéhteordel ay generator can contr ol t he det

During -gahteed iwviendows, the emittteadd fd rud riemstcegqird
by the detector. Different segments of deca

fluorescence | i fetime can be reconstructed wu

start

%)
—

(b)
N JL
I | Laser

Fry filter

2 = Pulse laser

] - Fluorescence deca

E u v DM |-> Detector

w
8
Time Time electronics
A
1 A . |
> sample ; :
P . arrival time
[ \
o3 > -
4 A\ > Histogram
= A
55 =
=
o
=
[t
Il
N - - >
Time

Fig..(28)5Principle of TCSPCzmaa JELCSP@Be measulb e me ngt
The core timing electronics is TDC, which reco
All the photon events are stored in a histogral
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Fig.shows thefpitiheciTECIS®#C met hod. The sampl e

| aser source with a high reputation rate. Th
sample, |l eading to weak fluorescence emissio
photn i n each excitation period is much | ess

phot on &daqh( li.Mmehows the general experiment al
Apicosecond pulsed | aser works as the 1ight
(PMT) ophoetiomgla&val anche di ode (pShPRPADN sdeent seccrt o

collect the f[hor @bedamsecateimgjmagl el-edt gohats

converter (TDC) , which measures the arrival
principle of TDC is as follows. The | aser pu
detecting a photon, the detector will send a
digital code representing the photon arriva

accumul ating enough photon aectilvalr evemgdtsr, ude¢:

the envelope of the histogram to estimate th

% laser pulse

Z

v

. =

= (%) e Qo e

) Dead [Time J
Time

Fig. 2up6.efMielct in TCSPC system. The detected p
the dead ti me. Photons with a | ongergrlaimf eti me
skews to a shorter I ifetime.

In TC%hPeC idead tiuméod ad fe@d pif pimMag yascadandFamgns ated
[4A54P. The detector and TDC i n t hyef tTeOS PdCe tseycsttie
one photenpai reeywti vely | ong titmedt owhg edover
the system cannot detecti sotrheefactrpreeodd@ras. t T mies

common TCSPC systemsr,antghee? Sifytpointlad O dresa,d whimee
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bet ween excitation pullsfesone Rhotnesn fiosr cao WOtV

deve

chan

Bot h
adva
syst

Sinc

met h

comb

i nve
scre

dedi

n excitation cycle, the successive 3 to
eqguetnhtel-ypbaoatong rate-1i0% loif mittheed ltacs eX %r e
ur e t o inoene tr etshuilst psc @ mndl i thte, pwHer e onl y t he

ounted, and |l ater arriving photons are d
ons in the statistics. The hi st oghream di
al valpeeffThet piidmits the photon countin
Vi atuep telfd epitl, e advanced sensors and TDC:

|l opedhaomemulstyist ems <can b ehodteovnesl otpoe dd itfof

nel s.

TG and TCSPC methods are widely wused |
ntages and | imitations. Compared to the
ems onlygraeguigres ecishmenpil €es, amalfimog eéietp b w
e there are no TDC =electronics, the TG
epti bilugp ted ftelce . piThe frame acquisition r
od accordingly. dheoddwihdde hroadpiaddanl ildetusr
ination with the rapid |Iifetime deter min
worse time resolution than the TCSPC me

e photons talree-ga@nneed oo mmtoevd i n

main advantage of the TCSPC method is phi
rescence signals can be processed, and
esponding to Poi sEO8PGtmas shécaeme Fohhet it
FLI M. However, TCSPC also has | imitatioc
isition time required to obtain suffici
i ficantly hampeBS®PCt ha appl dcdtiifoent i me [}
stigating fast processes in biological s
ening. Another drawback of TCSPC is the

cated FLI M aclugloartiet htnh en eleidfse ttiomec aflr om t he
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2.3 FIl uorescence | ifetime i maging mi

There are two microscopy modal it iHdsel fdor( WFLD |
mi crosf[édPi.eHLI M systems-padapt sansbonglte scan
detect the f | u-dnpeisxceeln.c eAcdceocradyi npgi xteol t he fl uor
LSMFLI M can be dilvild® d( Gng)o acnodn frnouclat i phot on L
[5%5B. On the etltHawr shyasnde,msWRuse parall el i1 unm
Aposistenosniti ve sensor simultaneously detect ¢
reviews the experimental configurations of &

di sadvant ages.

2 3. 1Laser scanning FLIM systems

GSM Excited State S;

4 GSM  Excited State 5, (b)

Diode Laser L L — Ti:Sa Laser L f—
— e Y E _ 77 —
8 g Sz g
L F 5 |sed T
P g2 R 23 R
_ =9 | 3% —| pmT 5] | S°
VI H > - S B -
o0 )
> -
5] So—d g So
j = O = —
= F Ground State S, L F
a L L \J_E' % E T-.?_ Ground State S,
- = L nt J
P F 1 g ;
[}
TCSPC PMT x-z plane TCSPC PMT

Stage
& Excitation profile Stage x-z plane
Excitation profile

Fig. S2hématic ohapaepHLIEM Stt vean and-FLbM shet 8IS

The inserts shown in (a) and (b) are the si mpl
emi ssion processes of the sampllesn.e Tames eaxlcsiot astt
in the inserts. Abbreviations f ogralovpatniocnaelt eerl e me
scanning mirror; L: | ens; F: filter; P: Pin hol

LSFLI'M systems atroeoilngi 8 e bye diis€Eddlg. d €p idchtres h .
experiment a-t haenaeFlsi@bds MAWSI M sy st emsut iBloit he sy
ultrafd4otckmddéeéaser sources for fluorescence
choice -FlirMyGlL &anst o ut Isdmr t pul se duration (
femtoseconds) , durable repetition frequency
ultravi ol e@n ttoh ei nd {r hsgarg ¢obha I der el apsoel ISalrl M n

Systdeures t oubhakli e wavelength range from 720 t
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involves a pair dafhmgativaabmetontr miYr phasmove
whitlreei cr oscopi c stage and objectiveéhéeeiZs coc
direction. Photomultiplier ttwbgagse damhod ohCRR(C
showikign(a) /L E LI My sgtefme -pdnroeg on exci tiast Lusredpr i
whetrteentl idgi rect excites the sample within the
3D volume returns along the same path as the
before passing to threefdet deiteotdeers@banaent bpt Acpil |
i's placed in front ofofftoteasddeétl aotresceoceejaad

optical section.

I n colL&ddtM, ssadtogm-pmoat on excitation -princiop
threanghfooowom ekicg{bBl3.i hews an @hampHlellLMf t he

system. The fluorescence is excitwhee&@yhsi mu
photon contributes half the energy. Because
to its wavelength, the two absorbed photons

requirepdhdtoon omecitati on. Dpbeopbotewci hathen
million times | @hpadaront hdrsotripai oné. oRertunat
easily meet this condition as the excitation
The photon densithimsaeptulremelduyr atgbnwt o ge
phot on ewhcitlhea t-sutbahrrta dur ati on keeps the aver a
l evel (1l ess than tFWnlswisltleimsatwtii ¢)h. aUnlairige €@K $
effecti wne od xFddiltdh tsiyost ems only occurs around t
pinhole is no |Ilonger necessary, and the opti
after the objective |l ens to separanheophdcalkf
path is al sdoesccaanneidng hpeatnboon 't can coll ect mo

optical el ements, and reduce the path | ength

CLELISW stheamsse ver al di sadvantages, which can
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@Photon .daéehawgd he | arge excitation vol ume,

significant photobleaching and phototoxi

Low photonTlé féxdiematyi on | ight is strongl
the excit ateisaun tv mlgumen, only a small port
reaching the focal point to excite fluor
emi tted from the focal pl ane may scatter

|l eading t o sa fiunr tphheort odne cerfefai ci ency.

(o0Li mited peneThreatsitaom ndge mtblrs or pti on of exci
the penetration depth in thick-sffpecisnens.

pl ane also decreases the i mage SNR.

MLSLIM systema oprissoilindfti loen itosues menhni MiLe&d a
FLI'M systems, tissues cannot absorb the exci
fluorescence is only, grreieutdtniemhgadit npthioé obbeat
phot odaemagkseibe of-dpsoanhohiengndpnioaal path a
more scattered |light. The excitati-efhotught ¢
absorption. Additionally, a | ongerAl wahelsen gt
factors contribute to the-FekMelslysntempenetkad

more suitable for imaging thick tissues and
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2. 3. Ni dd el d FLI M systems

—
Q
~—

Diode Laser (b)

o
w
g - @
> L F ‘@
wv 7,
! g
DM 3
<<
SPAD l §

A1123[q0

»

| Parallel to Serial Converters
Stage ‘

Fig. 2.8. Schvmatilcestoodm(andthke) the SPAD arr

WF-FLI 8y st ems use a ©parall el Il i ght field to
fluorescence signal from the focal ©plane of

is no longer repatheds gnddriFLdsM ptmpmaf cad. ad
TG and TCSPC tedomagnesmetsdpéEimndgreBbows t he

schematic wHLlelwWesft etfhLedl MFEt ems regahesetpusi 6i o
photon detectors such as PMT arrapésptaomcro
aval anche di ode ArSrPAYS ragpragsdnitePiAlDe hmgbdhe st
det e&twiBo.n TThe SPAD works in Geiger mode, whic
breakdown voltage. Unl i ke -sPNsitsdpttaantdo nMCdPest, e cSF
wi t hout requiring high vol hdgesphgtdemasenomitk
and timestamping capability down to the pic
integrated into a miniaturized chip by stand
co$ti g.(b2. 8howss2 tShPAAD3 ZAar ray ar chit ebcBt.urkea conf N
pi xel <cont aiinsttdinggdd pbser tldr for ti mestamping

rate bH6ldictheame per Thecpader suppluyt, cconcturials,
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shared among the columns and rows. The SPAD

photon counting modes.

The advant-BgeB® 9ystWéEms i ncl ude da wii adit hd gtha fa
rates, | ess photodamage to samples, and si mp
integratedomwhip 4§S9C3t émr more compFekMfunct
systems also suffer somfe a@ipiandivalne aige st h&i s g
detected signals easi | y-odfoonctuasmipnlaatneed abnyd |tihgeh
environment . I n addition, t-teuidPADPDohseawgndhan

|l ow sensitivitlyt aiSme dFtLbhyM WhAnagesms ousually h:

compatlL®RLItM systems. Second, the axial resol
arrays have a |l ow filling factor due to the |
the sigpafrsaliantdempati al coor di natfes bcea uMede ni
either spati al or tempor al resolution.

2.4 FIl uorescence | i fetime imaging a
Data analysis plays a vital role in FLIM bec
accuexatiemati on of fluorescence | ifetimes is
functions. The fluorescence | ifetime analys

curfvietting metfiode aed hdbdsti Adpi s secedon re

met hods of both types.

241 Modkeased-fCQGurtveng met hods

Cur¥yéetting methods are the most widely wused

Curifvietti ng methods aim to find model paramet
decnaoydel , gdefeinned pdecay model. aM dnxnpebansewnrte dalF
decayPlwiftet i me components i s:
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"Q0 1’8 Ry

The measured fluorescencef(inodedd t et hastonowmel

functi &th, (WRFEh is:

w0 Ozwo -0h )

wher esttehdee sakt es t he conv-oliug itome op®irsad otrer m.nc

be rewritten in discrete form:

ANe) 0Q gQQ - ohQ phE R K P m

wheNMies t he number iafcrteit etf)mirimss .odfeTshcer idbed as:

Q0 1 Q T RQ plE 8 P p

In Eq. o0(i2s ttihme b iAs swime tthhe me=as|w, e®] dand i s
the model esyt=iyvifyat esd wddamnggai 8 t he measured an
phot on ietviemée sbiim, r esgddttiiwnel yp.r olcheesscursve o s
problem by minimizingofiilopgs(xhubatreiimeunsh ods goo
have been develnocpee dl iffoert i fmlke u oersetsicneat i on. Th

summari zed bel ow:
, Least Squares fl@dxting (LSF) method

The LSF is a common method for curve fittincg

function i s dediifnfeadr -eamsc eéh)h(elxBstmyheae re d

? ‘ P C
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wheres the standhidedbvinationTICBEPC measur e me
a Poisson djstami bet icath cach & tEegd 4 Lzal1 2 p nmic ain mb «

solved wusing iterative optinamagatrdh ahgdorTirt
RegiRerd | ective algorithms. It is worth notin
the data to be fitted have a Gaussian distri
Therefore, the LS methedutbana bDnt¢t auratb gdhd pdidteis
(e.g., photon counts > 1000) where tlid.Poiss

The LS method wild del ipvheort oinn &amaiwnrt st earvea ll wens

LeaSsqtuaredabkderdtliamuerre -eE)p®Fsi on (LSF

5

The L EF method expands t lee agpidedr €Rle 1 1) uonesc

ordered set of orthonb(rkidals:Laguerre basis fu

Q0 wo @ h ¢Po

Whetés the Lagudmiklils mehei s alleaguarr ame thears i
functiamme I'telkgpansi on clb@ifsccereat L LBFhies define

Q «

0 .,91 p | b MERS3 Cp T

oam 1 p 417 p

The Laguerre expan(dza.dl@)eciay Imordedr liyn [Ear amet

coef fcicient

AN @0Q Qb N - QRQ pE Rk P

Therefore, the optimizatnioornmagri zlkelde ns uims otf o smi
B w w fswsCompared with t helLBESiFs medrhe dr,o i thet L&

The convergence s peadtilLsa gfueditneermed £ rwe lalr.e lor t
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empirically. To overcome this disadvantage,

been devel opedUduor ionpgt itmhiez ed eLc @Pnvdo | ut i on pr oc
Maximum |l i keliho@@®&DPestimati on ( MLE)

Before discussing MLE, we briefly review the

a set of t©Dabnsderav esdetd aotfadBagelFhpar amet et §s us:

O 0P

6 8 P o

A| ca

0 Ps<

In Eq. X« il6)the posterior di stribution, me ¢
parameters given) €€hies meafsarreald dtad aas the | i
probability that each possibl®eP padaenatrer pr
referarsedt hteo pri or dist,re®aoatioerl gndTt hbat iendgdel
and the prior distributPse®n) ®rBhd i MleH, caltculsa
the model Ppyr almeteertd y maxi inz8 n&l G h&UDHE &bell A |

MLE asgxdméd ows a Poison distributien.the ven

probabilitxyi ©f observing
L WS E&Q h P X
The principle of MLE is to maximize the 1|ike!
4 if b oo SN
For the fitting procedure, it is convenient
normalize it by dividingL(X/Xe rmmaxeinmum nd ars szieb It
of the Il ogarithmic and..normalized I|Iikelihood
? it B @ & ¢B § w08 B w
MLE has a stable performance over acowirdte i nt
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conditions. |t can del i ver accuralt ehwmdued.

However, one significant drawback of MLE i s
Bayesian apiptbach (BA)

BA is closely related to MLE. l'ts key idea i
knowl edge OtPo. dTeos carpipd ezi B\ Flbr Madatlt §, the |ike
being detecteme abi m phoulidcubardaevel op-ed. Fort
exponential decay model i s cDmastdeneedi nAs s kEm
bin has an i chebnrteiperaafsbeimmts oot &i ni ng photons
MPQ o6 M The number of GQotald phet pfi'dé men ns mi

binC.i SThe | ikelihood function i s:
0 oP |r‘](‘)N(I)$ﬁTZ"O'Y’® p | TY h c8& 1

whePe|ht is the modé&l spaheméracsj on of t he f|I
neQ7is the pure fluorescence decay. The sec
the probability of noi se photon, WwhTkdé foll
posterior par @am®tiesr gdiivsetnr ibbyut i on

5 by OoPOP
D 0P P P

c& p

The prior PR starni blue i d@t er mi ned {7rlo.m Tnhaexni maum

optimization algorithm is us eldPDttoo makt ani e et |
esti mat edl gpaamr aarleseresv.al uate the | ikelihood f
on a gri ducsfi ngtitdet@irecaracrh met hods | i ke t he Mar

( MCMC) met ho® [TB. buil d
242 Modeteefnohéeéng met hods

Rapid Lifetime peterminati on (RLD)
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Fig. 2.9. Schgatae i & s dgoaftbel arjaupititvdio | i f et i me det er n

al gorithms.

The RLD is afpeplluaretscetnceglifeti-fnel Msti me

systrimp.( ad. S hows -g &htee bacshi&emd . woThe | i feti me i
0O O.
Z 2 5N 8 ¢
0

wheNKgeank;ar e the total phabnihm ecpenct $s gah ggahe:

scheme is sensitive to noise. To impreoeve the

gate scheme can alNgatexiNgd Rd& Othe menFaiag .5 h3o.v@nr y n
B o 0B 0o

Z N ‘ h g g
0B 00s& B 05

wheMes the phot dft i cnetmt s.)€+Ft OhN1ék Al t hough t
met hod is straightforward, itds not easy to

l ogari t hm-pandtfIldo astiisingn.
, Phasor an[@F3yBsi s ( PA)

The PA provides a graphical representation o
changed from a cl assical del ay histogram to

the decay curve. Thet hFeeattiremd fiomang ioffarfy umparets
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are the two coordinates of the phasor plot,
each pixel in the image is transf ogamad i nto

correspondi oglf)i @ d hei admresdper owli @ted by :

AN Q ODEE] @F Q 0Q0

h 8 T
XN Q ol VE] @F G 0Q0O

Vg

wher e iiamfiiecpersesent the pixelg(ypasnd(y)aocrexdfhet he
anycoordinatesy,i sr dhpedtaisweel y.epet nitd omaramagnil a.

I f the decay i s al s(itrfjbilt:ed\iexopbdmdmteidalt hdaet c. a y

P
||JQ;]‘|
. P P~
. pWTTT*th O 1 c ?h cg v
U,lhT o 1T
Eq. (2.25) implies that all/l single exponent.

ceeut 1/ 2, 0) and radius U/ 2prionpetritey ifasPAr isl

curves with different |ifetimes | ocate in a
position and |ifetime mapping have a recipr
basic segmentat iodbm.l RMedveloifvefrlsuoa eglcence de
analysis is done by observing the clustering
on cal cTuhlea teifofnesc.t of the | RF on fluorescence
the phasver a fixed angl e. The angle can be

phasor correspondiUng tbosedhtdst @h, | @F af{ phearsa
corresponding to a longerl=1 D) ettitome ditesd dcsl oosre d
semicircl e, it can be associated with a sir
semicircl e, the correspondikhgr fdubrescescend
curve superposed by two ds,cayl lcupoesi bMid hwdii
two |ifetimes gives a phasor distribution al

superposed by three decay curves with differ
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| i fetimes gi viwetsi ocan pihnasart rdiissnglido where the

|l ifetime. For FRET, the phasor has s specifi

Cenb#ass met h[B &4 O TNRM)

!

(t) f)=4de -~

Intensity

Measurement Window T

Fi g. S2c.hleOmat i ¢ -eoxXfp d rheen tsii amlgl @MM. The Mrgasaldr ement
bi méBs the width of t heeodndsmse walnwsetMesidse ttilcealcen
i feti me.
The main idea of E€EKM Imastoabr ¢dmpethBdeee mMbr a:
deviati on.FiAgs., s2h olwenxsd smrgd ret iQal d@dcaydhe centre

mass I s calcul ated as:

Co@ne | Yaeh g
— — t ——— 1

tewm c8 ¢

"QO QO p Qmn TY
whells the actidias thé enmée aneu r¥mde nt hei dndacw. tlefr n
(2.26) can be neendgl| ematsesd ,c Beho @ eetplr Biscant® mp ar ab |
wi Uhhe devi adivoomds hetiwdebe calibrated. Eq. (2

di screte form:

w
o
C:
N |0

t"th C& X

wheMeepresents the number of tT,Mesbthe photohob
counitima bin, Nc is the total number of p hc

Eq. (2.27), it is seefNritédad| yCMMe d dsu egsuiidie
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accumul ator to

record

t hieN teontdala acounmnvtadr tti omec

photon MJumb®Bo dcompensate fuopr ttahbel ed ecvainath eo nys
nor malyt e d
p B Q0 p ....

T 5 : c to e Y
wheqies t huep Itoaocbkl e. I n Eq. (2.28), the backgro
a second background measu-pamert zowneddaw vsiatn
background signal l evel The calibrated equa

B "0 B .
t £ — Y P g & w
Y
wheManlr epresent the total number of photons
the background sampling measurement window.
, I ntegral Extragt8pn Met hod (1 EM)
For a singlef(exAp,f‘&mleatﬁlaluodesagnce l'i feti me c

2.)13whNerset he

pXott fohgFol8 ltFotpfo i s t he

p h a'ttoinmec oduing sa mi@gn wi dt hd of

coefficient

t he

of Simpsonods

can also be replaced with thed cogldhffohafi ent o
of8 fr ¥ohp¥o .
B 00 .
T|E|\/| m h Cd M
0
From the viewpoint of hardware i mplementat:.
met hods | i ke RLD since it only requires an

can be

further dsamplédxpreaeds sheys uass :ng

TIEM
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wheMies the total number of photons. The sign
|l ess affected by wuncorrelated background no

position and tiemthimi zwiddtclal fcaud alhéton.

2.5 The basic concepts of deep | ear

251 Artificial intelligence, machine | earni ng

In recentDeepcdedeas nexipge r(iDanpc dadagrdommasr of ound

i mpamuman .Daciaathy eved great success in many
a revolutigacomomynduesntreretsai DPmemts, aarmsdibbealin
machi ne ( Méwhineam,gi snateovhfield of artificial

prova diersi ef bDhéumidaeweomicaelpt s and rel ationshig
DL siuscfhower f ul aapdpsonadé&sasdsing various probl
P Teiet) |

Vi \

/ \
p—— A
I “a 2 o |
( / Mach! ne \1
Learning /

Deep
Learning

Fig. .T2h.ellr el ationship between artifilceiaarIniinngt el | i

Fig. 2l 11l dthreatreed ati onship between Al , ML , anc
buzzword i nbumodetrsn dleiffien,i ti on remains wuncl eal
fuluihger stand how our brain works and generat
emotion, BrAdl memduying, the father of comput
Test t o dedreramimaec hwihneet he x Mil i tas marcthe Inlei gy ag ¢
in a conversation without getting in touch w

the human ddarmsnat nthecthecnte f o018 PaAdc,onwhidelm abt ecC
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machines or sy$ti dmd aswineddh imurmedn i gence, was
Dart mouth Summer Research Proj[BBAlreseAr tihf i

i ncsturdee si mul ati on of human peticeptual , | ear |

ML,crausubfiekcdmpfi ks a family of algorithms
from given data and ma&k. pMedbgceabhy obpntri
devel opiemds afypi edarlilfye ommmgthe lal gor i t hm desi gn.
heawinl ymanual f eawhi & h eelfiga anteterre ngxtracti on,

transformati obhheMke apbgeéadaiseldndhese engineer e
Theref ML ecansbfdsehreeldl ow | earningbo. Feature eni
experience and pl ays a -cconistuinciladdi aadnleddMainy eML ,
ML pr olbd ®ednmreeat ur e enlge miénggure aprowmlisac totnist ut e s

a good featur e rteopbrteasienntiatti on and how

The advent of DL offetbeaaef ¢8poinlsDle andaoyp ttso aa di
al gotiatuh m malte a&rad ltyhe f eature r etphcaisndretr &toiman
feature pngcerdbeirfiegf etrfse taldgo raibto H ratitytale v e |

abstract features through muékvepl Bnelaibkoet eMile ar
DL i s-daidamnatalpgad aob |l emst-@ndaheandHonwe wearn,ner
DL faces a critical probltenPrkorbd verm & sCAtPHh e @rh
contribution of different components8gor the
Deep neur al net wor ks (DNNs) areffebet amiinestr e

CAPs wusi nmr dpheaeg dtaickn training method.

Since the 2010s, pbEMsindimatvoeu olsehc cmeanventi onal

al gor it hdnsteo mahirneley key factors

@t he avaipdwadriflult yarmod cheap @PUE) hevkismaddsocessi

tr aiDININB® ssi bl e
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(b)t he explosive growth of | abeled datasets w

the training of very | arge DNNs with billi

(o0t he outstanding success of DL, which has at

technol ogy giants such as Google, Facebook.
resources to this -queli tayodo mwernv OILo paend khit g
TenH o8 7, Py[88r ciMANBEt and PJlippiTrrdeaadt eol ki
considerably | ower the requirement for de

researchers to DL areas.

252 Artificial neur al net wor k

Artificial neur al net wor ksng AINNesd khyetmathbe

f

n

u

e

(0]

nction of the nervous system in human br ai
tworks (NNs) or neur al model s. I n the huma
d the fundamentafrvawmpegenhemof Theywe aiteor e
mmuni cate with ot her cell s t hrough t hous
proximately 86 billion neurons, an[@Ltheir
g. (&) 1@epicts the conceptual structure of
dy (soma), dendrites, and a single axon.
ceptors and sieoec ecphtaonrnsel san Thhiend to the C
ur ot r awnhsincihtcttearnsg,e s i n i on permeability and
e i nner and out er me mbr anes. Thedishogma g ¢
citation and inhibition. The dendrites rec
gnal processinpgs §bbemtprbyxeadsend. si gnal
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(a)  celbody (b)

Axon Telodendria x
f rd ¥
A
X [
Nucleus \ ~—

Axon hillock Synaptic terminals

Golgi apparatus
Endoplasmic _
reticulum

Mlchhundrion?&Dendﬁla

/ \& Dendritic branches

Fig. (a)1Zypical neural strucbumput ¢bandrtafFcual a
the weighted average. The wei glwthed haver aghee ni s
processed by an facFigati2on 2 f gt iwas adopted
https://en. wikipedia.org/ wiki/ Neuron

The artificialFige@h)2mismioowsy t mei e raoafctar aean
Suppose theXhiaBpeatkeeaedpMBM . The neuron cal ci

wei ghtedasdmt mén processes thé& result by an

W Ve O QW » oh @ C

wheovoe 0O IMBMH ~Na i sD-chi mensi on weiagihs tlkeetlmiras v
The activation function is a nonlinear funct
capability and | earning ability. It shoul d
efficienseyyadome and derivativeds value shoul

stability.

Tabl eCothmdbn nonlinear activation funoca
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https://en.wikipedia.org/wiki/Neuron

Tabl epr2esteme sdefinitions,

sigmoid £ = £10) = ey
w o ge-f 2 re-fp o3
o oresfn 20 re=fp 5E
wso-feoniZe ro-f 5
Swish 0= T S ﬂﬁ“
GELU 1) = x6() F160) = () + +P(X = x)

e

x

05— — .
-4 -3 -2-1 01 2 3

Note: ¢ (x) is the Cumulative Distribution Function of a standard normal:

d(x) = P(X <x) = % (1+erf(x/V2)),X ~ N@O,1)

der i

ch. Tas h usa eTaundfrae mhis [Isaorme

vat

i ves

on

ng

probl em,

and

g

cfuuve

ear |l yi ANINI ¢ i matr a¢ mlahed osaileg npod odd

(

satur at ec

i near

act

functi onar d i Kree fpd rercee

\'

activation fUhetsbgmoid, ABNmat hemataipeal

was popular in

function is contidnwad pluy < @mddoatikisvnegi t hi nnt e
as probabilities, whi
activat i otho wewnetrhieorss gmoi d funct

gradients and a gradient vanishi
nowaturating activation

Onef the most popul ar piecewi se

[O9RP. RelLU has high computational
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and comparison operations. 't ,adch d&sasumiclast
i nhibition, wirdye, exrcd tagadaroni tbyo.unRleLU can al |

probl em. However, t-hecrcentpiut bécRessdhoReLUdoan

negative values. It will i ntroduce an offset
I n adidfi ttioem, wei ghts in some neurons are init
neurons have a slim chanceRetUbBepngbbaemi vane

some variants of RelLU are proposed to avoid

The LRBRak@yteampts toRELWOtpeobtemny introduci
sl ope when the i[NPp.utThvealnueeg aitsi mee gsaltoipvee can al
training. lan Itehd sP acraasmeet riitc iRBelcU ( PRelLU). To
Exponenti al Linear [UYhi tEKELWNas i appreouxi mpteall vy
out put . The Swi s-hatfetdh vdad 0 on i $§ umc tsi-koinh,eawhi ¢
interpolation function bebWeedhehpadimeales f L
the shape of the Swish functilolh). iTshealGsaousa i

controlled activa@bon functi on, l i ke Swi sh

Alt hough a single neuron has a stibmoprlne ANUNnsc,t i
reali zing ver yYANNemp@lr-&g ddareaylels ¢ lo jor boucteesdg § h g ms
in which ¢t¢heneaa@tuspiesgi fi c commumihea tAiINANn htasp a|

features:

@The representati onl ococfali nafnodr mait $ tomi biust erdont h

net wor k.

(o) Memory and knowledge are stored in the con

(cLearning is doenevedyyhcahsamdgi cgontnecti ons betw

A compl ete ANN algorithm contains three P
backpropagati on and | oss function, and net

foll owing sections wil| explain them in more
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2.6 Neur al net work architectures

The contents in this sedlf oatnBhrfe mai nly summ

261 Feedf orward Neur al Net wor ks

Thé&eedf orward FNNr als Neétewerak | i est devel oped

I't i s al s-hbapemepe MaiFti{(gMsRoWS8 an example of F

l ayer (input l ayer) receives the input sign.
|l ayers and is processed by neurons inside e
sending out the final signal . The whole net
propagates wunidirectionally from the input I

described by a directed acyclic graph (DAG).

Output layer

Hidden layers

Fig. 2.13. FeedNéowowak d( NNy aarchitecture

LeXbe he inputhsigoapppbhesi gygawt, hneu ntbeeuwr,on numb
t i'd ayrprya the wei ght Il'hatydeirks of hehB'il ay eaf,

anfd he acti vatlitary efruncithiecor NONf can be expresse

« B+ o oy =+ + + 1 8 & o
It i s easy to see that each | ayemonhmpheaen:
transformation on the signal from the previo
« PEaEnfn @ T
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wheWantkdenote the weight matrices and biases

According to the UniverFENNha®p@arldxoinpaeta boinl iTh
approximate any-skkdurfdienctdamd wipPdPed Hbivevary |
practice, such capability is prone to overf
underl ying mapping functions and how to fi
par ameters. | nsotreka cs,hotuHed mesurtalaimetdw t o | earr
mi ni mi zi ngeftitneedprleoss functions usi ng S 0me

regul ari zations.

262 Convolutional Neur al Net wor ks

In practical tasks, many dat a car esihlginghlIsy hsatvi
di mensi onal (1D) tempor al structures,- natur e
resol ved i magetsenpaowreal 3 tgpuattivuale s . FNN has s

when processing such st mwaacgtduroevcerdadtzae.d MPpiar atm,e
2D i mage as an exahhM e Ladteertehe wi dt h, hei g
channel , respectLilvagley.s lafn da erm&MNoOl fasy,® rt hhearse |

O w 6 0 0connections breafpat amet ahe inmamenor mo

dramatically increase as network size increa
overfitting probl ems. Second, in natur al i ma
Their semantsi mmoitnfadrfmeattieadn biy scal e, shift, a
capture the | ocal invariance features. The ¢

address these probl ems. CNN is inspired by

whch i s a specific FNN with a | ocal connect
features. CNN has been the dominant net wor |
outstanding successes in imaging t asjkesctsuch
detecti on, human face recognition, and so oI
net work architectures. It has also found var
reinforcement |l earning, and recommendation s

41



I n CNNatthe multiplication is replaced by a

bet ween two &% s canedited Vvesctderssri bed as:

() 0 @ h cC® L

« 7Ze8 o

The asterisk * denotes thewicsonofotleunt i wameodp ef

convolution kernel. Li kewi segoVNsgs heard a« ofmiviot a
o N g i s defined as:
&) O @  h ¢ X
or
A f2£8 d Y
It should be noted that in the deep |l earning

the cooisael ati on ecpoerrraetioart.i ofnh ei scrcolsossel y r el at

t he wWwdodetsernot need to flR2P toomssbbamubni pbki de

(%) 0 R 8 C® w

| t can be denoted as:

L 3548 8 m
Because in CNN, whhaebtpaarnaende ttemrsouignth | earni ng
equi val entor t®l atriocs. I't is unnecessary to ad
Thus, al | cownoolretbbnonsbygrdesaul t i n CNNs.
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Xy X X5
5w 1|01
1 0 Xy X5 Xg
w g X 0 1 1 | =
0 1 X Xg Xq
1 0 0

(b)

Fig..(a)l4chematic wviiewnolfie@Qaw@dnocnoantvroilc e s . (b)
The equival Dt cBNMoblLti bae.

Fig.

sBowd a simple examMpls $ofwhRNemdawrcel ut i o

¢ ¢and omatrices, Fridgs gledc)t i yredws convolution

me b d
pat c
use
t he
conn

From

for feature extraction. The filter wor k
hes. After the convolution, a feature me

many filters to €kgraRkR) l1dhodowerehe €gat va

convolution. The neurons are locally con
ections. I'n addition, the menhwerchk elde CNNea
this viewpoint, CNN is a highly regular
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Fig. .2cheématic view of the sliding window in a
stride = 1, (b) zero padding on the boundaries

Theonvolution | ayers have various configurat.
Fig. (2) 15hows an exampl e of3i lmBgeona2nddeatnzln |
with strodepeaetlmafhexi 4 st 2pe of convolution i
Fig. (B) 15hows the same convolution with fAO0O0
out put has the same size as the matrix. This
The value in the ppddehgnpmbkelsca&nagbpadgdiSngr
shows the convolution with stride = 2. The k
Fig.(@) 1shows the dilated convolution with di

the receptive field while keeping ra fewtplheasa

evelrwal ue in the input iuntaigen .wh@tnherergiox enli 3 gi
set to zero. Therefore, dilated convolution
2D convolution, i fp, thh e sp@,didien kiesmn(enibke s i @resd i( s

dilati andf aHeVdiimput i mage, the size of the o

O ¢ QQ p p
i

O p h 8 p
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® ¢ Q0 g
o N i PP o 8 ¢

wheo®denotes the rounding down operator.

1

2134 ‘6‘8\ 11234 ‘3.5‘5.5\

1|2 1(112]|2 1.25(1.75 2
111 (2|2 1.5/1.752.252.5

Fig. Roolli.ng |apepsiagdlayers: (a) max pooling,
upampling | ayer by r epesatmpdg nigngduty ewvalbwyed ,ntaenrd
selected areas.

Theonvolom | ayers often work, taogeitlhkiug twi Z2thed h
(a) and (b). The pooling |l ayers, al so calll e
seletheor are two commonly used Guandi awer ag
poolHAing..(2) 1$hows the max pooling, which use:
area as the output. The avetrlaegde cpud caltiemsg tihse a
values of the selected area as -$tampbubhgultaye
increase the featur esFibgy. (r@)ple6aotri nign ttehrep oil nap u ti
ar eRisg .(( @) 16

The batch normalization (BN) |l ayers are effe
menti boed, adeep networks are difficult to tr
exploding probl ems. BN | ayers provide an eff

make the training dasiter bluy i ®tha wdaol drieamimn gauntdip
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uni t variance in a minibatch. Assuma@antdhe out

is the batch size. BiNla $ affer | cwscul ates the o

a i .
a g
p .

i 7— ah 81

Mg S

a LA G H 8 cg& v
SIS

|l hhe above' faantcheé omsms ebmpg HdesnWli a he t he mean
variance of the obatnphurtes Ifeoar nalkel ani md rbaamecther s

T > 0 is a smal/l constant to keep numeri cal S

There are various network architectures for
| ayErg. sRowg the schematic views of four typ

The VGG16 Fsihgppwym)ili7fs a popul ar networkbnarchit

achieving 92.7% accuracy in classi fllyljong 100
VGG16 is considered a milestone in computer
thirtelewmt icomvloa yeorod,i nfgi Memaymax, and three den
16 trainable | ayers (convol uf2i4on naangde sd ewnisteh |3
channels as inputs. The basic bDuayledisn@wibilho cak
kernel si ze, one stride, a npdo ool nien gz elraoy epra d dTihi
connected | ayers folfThewouheutohayglkut has hagpe

outputs the possibilandesgopedDO6Omahaseset. VE
to the use of small convolution kernels, whi
size and significantFygreButeowanotdlee grac aimed
AutEon c o[d €]4. A nE nauad de r contains an encoder an

symmetric structure and form a bottloemnedk tate
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i nput and compresses and maps the input to |
t he originadAncodput. aAetopopul ar i n bot h s u
representati Ohenh &dtar nliFimgn (Byykdan be seen as a

auktoacdd@A here are skip connecti onss dmglwiereqn d

and-sampling | ayers, i mproving -hbde k&adSeathve
superior performance in biomedical i mage sedgd
vari outse nedh dtFasgk s(.8d) 1 3hows a gener al mo d el of

net wor K941 QIGARBANs bel ong etrattihvee frreomdiell ys , 0 fwhg ecrf
new data that resemble the training dat a.
di scriminative model. The generative model c

trainihmg dantar ast ,e tmedaeali stcriiand naodo i det er mi ne

generated by the generative model or from th
other until they reach Nash equil,i bciudingA
i mage generhtieoapopn8Drmodeon, and d{lalida ©Ongu me
chall enge for GANs is the diffi culotny eirng ennectew
problems often hapgmgn during model trai
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Generator Discriminator

)
True/False

(d)
tpu
Input E{)%@
™~

label

a Conv block (conv + activation function + BN)

a Pooling layer ﬂ Up sampling layer ' Fc layer

----- Concatenation

Fig. 2.17. Common DL ar citintceodtemree ¢ c @khdd) (MGG1 6,

263 Recurrent Neur al Net wor k ( RNN)

Both FNN and CNN are complex nested function

unidirectionally transfmdrtwarfddm

net worbki leiatsyy ato tthreaisna

informati on

architecture makes t he
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I n many tasks for sequences such as machine

classification, the output depends not only
I n addition, FNN-l atnlgy ICNNuthaamed foxtgut , bein
|l engahi asertiiesmiedata such as video, text, and
(a) (b)
output y
. Y1 Va2 Y3 Yr
Hidden
layer h hO hl hz h3 hT
Input X

Fig. RNNL8and its wunrolled form in time s

Recurrent NHRINBA) dNred wbaki gned for seqlience pi
above probl ems.-t &mm RIN&NmMmdhraysy arhadrlttologe ugstomu d thur
RNN can receive informat.itohnee i r onFibgo.s(®a)folt8h er
shows a siimpH eo rReN NhTivdbediedntl elpaeger rf. eedback conne
Assume t heeN s napnudt tihse hil}INdﬂenatstta'tmae Tisseempdat e
the hidden Ithgedebermi medsbgpthe input of th

the previous hidden state:

1 B+ +1 +38 8 o

In Eq. sr("a 46ang Na are the Weigchtan(lat,rixes
respec—HtNiﬂvélsy.the bias matrix. The aclO.vation

Fig.(b). 18 |l ustrates the computational | ogic
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(a) Vec2Seq (b) Seq2Vec

Vi Ya Yr y
h, h; h, hy hy h, h, h;
Xq X X5 Xr
(c) Seq2Seq (T=T) (d) Seq2Seq (T=T)
Y1 Y2 yr Vi e
hy hy h, hr ho hy v hp o Hgy o gy
Xl X.? " XT xl XT

FFg. 2.19 variants of RNNs

Di fferent variants &f gRNRBhE r\e cs2uBrenga.r(nézdeddd iinr
is used for seguence generation. THe nignghut |
sequence of wvectors. Vec2Seq models are usef
i mage captiomirnyg. t@re tSkegi2g/e@RMmMb@edeiivnes a se
vectors as i nput and outputs a vector. Seq
classifications. The Sé&mpae g nmpade lantda koeust psud g
cases for Seq2TFeaq.madell®ndsifawn iThe first is
in which the input and outpet mpedgelesnaee mave
for sequesuoehl-aBpeecth) tagging and name entit
i s unaligned Seg2Seq model s. The input and
Unaligned Segq2Seq moddletear enodkese. cahkgdhan

applications in machine transl ati on.

Theoretigiampl e RNNs team |ldegemadtthae egihge e s

t hat RNNs have suffici¢ertrm aeers.dekiouwe steaa,r eo
gr andti eexpl odi ng and vani s htitnegr np rdoebpl eenntse.n cTioe sa ¢
Gated RNNs wuse the gating mechanism to cont
typical gated architectur elsontgo -Béaoimrn tMeimor §

Net woeSKM and Gated Recurrent Unit (GRU).
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i1 " ':' ‘ir ™
L] tanh
| ¢
ol Gl i —d
o g tanh o l
— {} ;7 T ool

Fig. L2ST28n.d GRU architectures

In simple RNNs, the hiddeer it mémser yavas belresy e &
every ti me. I n contrast, in LSTMs, t he memor
time and keep it for a rel atiavreclhyi tleocntgu rpee riise

Long -Béaromt Me mor.y Ae tsvifdogkn( &)n2 0t he basic i dea

control an internal state ifdMalpcedm olsi ndet
i nput informatl@mﬁo tbeefmrges whae informati
and the oeuwtnputcomatrel the output information.
with values ranging from O to 1. They wupdate
K o fl -H-ﬁ c8 X
B <ve =1 +n <&y
s Ay o =] + h 8 w
where is the |l ogistic function with an outpu
as
F odasr o = | 4 8 ¢® T
The actual update of the state is:
F BsF s f8 c® p
The final out put i s:
I - s «+-ds @ ¢



The GRU is a simplerFiagchiR)t 28ht aaws tthea na rLcSHTiMse
The update of GRU i s:

1 s | p » s |8 C® o
In the above Tpquatitdhe, update gate, which is:
» A e = | 4 8 T
|l is the canditdawki ch ait®: at ti me
| odes ¢ = »s | + A ® v
whepnpe 1p is the reset gate, which i s:
» Ao = | + 8 ® ¢

Whez= O rrand, the GRU degrades Oomanlsi mpkbec B&NN
st abaly rel ates X o0 Whaee 0g u rt rhenhceujrurgdudt t shtea tpea e

st Adeend i s indepexndent to the input
264 Attention Mechmarsm and Transfor

The attention mechanism mimicking the cognit
process useful information and omit irreleve
computational efficiency [R03 Inreugaherneaelt,wot |
information can bB/alueprpadarst.edl hleyn Kvey i ntr oc
calculate the similarity between keylowmind qu

be used. I't is the basic i deNa nopfutValKeaiya tp eeinrts

Liy

the gquetlgevectenti on funct

0. 8 C® X
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In t he aboilgufiusndthieors,coTrhierrge faunrec ttiwoon .st eps i r
of attention functions. The firsjt usstienpg ias t
scoringiduihetsoeoond step is to calculate the
Two typical scoring funct,i atdldld Gmetiecse darfdrt

scal ed oddaitct faddi tripdntviedrh ei s :

7 0 3@F,.e T ,aD ¢ Y

wWhesregFe gmare | earnabl e parpamedtuecrts .f uTnhcet isocna |

. A
A \—,_h ® w
nQ

whedies the di mensi on odi st hlearigrmmwtd tivbeec tdoars. awh

variance, |l eading tmaa $mallh i gmaMiart e¢fehetmd &
all eviate thiasddp anibdv esnc aplBeadd hd bt f uncti ons h

computational comptitedutty.fUThetsoal ed thote pr

advantage of matrix multiplication well and

can be extkimdaed atotemtion, in whichlffwe use

AfEha to choose different: information from tt
GO dhr FE @0 dhr ha & FER @o dfr ha R @

whegsedenotes vector concatenati ohavé@hiempt beat
the performance of various neur al networ ks a

ot haer t model s.
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The -att &nti on

KeyYal ue pairs Hirgo.m Rion2edu tt hdea tcaa.l ¢ ul aattitoenn tpiroonc e

mo d e |l

generatesdt hd¢E oo utsaput

whei4reNa

V( NcQ eO) .

Gi ven a

, amdoEM by

f£”ﬂ h
?éNﬂ I:]
f£"ﬂ h

7 N A ,  agmda ar e

Then fagtrhea @uinmu te
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Firstly, t

mul tiplying

y
N Y
KT
N
softmax(f_)
vk
N
Q N K NG
D, D, D,
N X
D,
Fg. 2. 21. Cal cul ataitane nptri.oocne snso dienl t he sel f
model s automatically wutilize t

S eceqtfcfmcres of , i nfmatt sat f on mod

K nput 1
wei ght
C®p

wei ghtQKyatarnidx e s



«  ©06 dhy ha [ € Q0 aid o8 CH C
If t he sgpcaldauctddtuncti on i s used as the scori
L L
A Trié"de%%lB8 o

One prominent adéuvudretnadgeeonofmotdlee s el ft he gl obal
vector s. I n previous CNNs and RNNs, the 1inp
attention model Si mulptuda n evcewd loy sc admusii chegr st heel |
an efficient whgrmodespeéwvaden hieed omrgob | em. Me a
can be parallelized, and the madtrtintmudnimdd
can be usedayaess a osirmregplleace convolution and r
| ayer s .-atTtheentsieolnf model -lceaand eattteenrdt itoon amonduellt i

attention matrices to capture different feat

The transf or meat tnmeondtdilaoonu smeesc sel tonstruct bot

dec o[l @65 The transfor mer mo de | breaks the b:
applications, natur al |l anguage grooganegsimas
out perfor med RNNs -o# magr t a cfhe refveerdmastcaetse i n vV a
gener atjiomcltuadldsknyy machine transl ation, text
generation. |t al so achieved outktasdiim@agsu
recognition, i mage generati on, i mage Classi f
[1 0]6.
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Softmax

Linear

Add & Norm e

ks 4
== —_— —
Forward
[ m —
Add & Norm e T 4
Feed Attention L)
Forward L3 ?
Add & Norm - T 1
+(_AdaENom
Masked x
Multi-Head Multi-Head T | T T T
Attention Attention v K a Q K v
Positional ; Yy %Positicnal
Encoding T Encoding
Input Output
Embedding Embedding
Inputs Outputs (shifted right)
Fig. The22ransf ormer model architect

Fig. shoawxs the architecture of the Transf or me
bl ocks. Each bHeoadke dusaetst entinoint il ayer, resid
nor mal i zaetdoodher Thhaes dsi mi |l ar architecture. It
encoder and previously @qdrnemdtieod dwatyputss.ondi
similarity of input keys and queries pand neg

should be added withhpgo spiotsiiotn aokta ad nbbeendbdei dntigi 7 @ ¢

assigning a unigue positional vector to each
designeddooml data. The transfsomamemn mpod el vears
CNN. I n -@NNensebh can only attend in a fixed
The transformer extends this ability to | ear

can al so be vieRHEN. as a variant of an

2.7 DL training techniques

271 Backpropagation and |l oss function
Thleoss functi-defshedl| dobéerpre the neur al net
relies on t he backpropagati on (BP) al gorit

simpli FigasBo®8 a feedforwade modelar wicthlai a 1

the BP algorithm.
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AR RO

Fig. .Chai3n rule for backpropagation alg

Assume that the sai mputompalsidesd detfJjaed as:

B:B:0:0 ¢ wherpg © s B ©s P ©=n :

B ©°a First, the forward propagation calcul :
and output. The in-telrrpe,cbialeo ,varilabl,aalsdare

the olutfpet.Second, the backpropagagi bhecahauh

rule from the output to the input:

T To To o e lio'-io'-io'-ioﬁ CHT

whe#ieithahceobian matrix defined as:

TQ TQ
e ofw  Tox Qe 4. .1
° v e E & 5 é ——h h=— N 1 8 c¢H U
L P TR . Q. Qe o o
& T Foo Q

Once the gradient s -daersec eonbtt acipnte dni ztahtei ognr aad igeonr

upgrading parameters. The BP algorithm can |
computati onal graph and auto differbeentfiadt o
i mpl emented without manual <calcul ati on, in p
A proper |l oss function is critical for netwa
for network training. There arervaxiampd el o3
regression probl ems, t heznmeaam) 9 ¢gu awied edryr aurs e

defined as:

0 YO + ® ® h CH o
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wheNies the total number oifs dtahtea asaabnepllhe sapfde at c

valu&imilarly, thlanmgmhnsabdebl oed asror (
o on oo~ P o e
UOOE W « h C®H X
MAE does not penalize the outliers with squ

used instead of MAE and MSE. This | oss funct

b pTEw“w s?sgn oos‘]ﬁ @
190 @Ws pfg h & 0LQI Q
whelties a hyperparameter.
The emoeso®py | osbLearmd e Kuldli twdeicvgeerngceen ceKL ar e ¢

choices for cl assadgsg cfaun otni @m0 brheansur ol diw It |

di striobwt isdmi | ar t o theTh e@ermtreresmmyi sltorsisb uitsi odne

b G 03 QUEBQ p DAEM O 8 B w
The -dLvergence is defined as:
O wh msa)ﬂ g T
Of cour se, this section cannot exhaust al |

functions are developed for specifi-awaneks.
|l oss are proposed in imagsesostegment akiods bh
functions are designed to measure the simila

|l oss functions shoywl pabe ic@Pad omodn &Ims
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272 Optimization algorithms

The optimization of ANNs is considerably c¢omj
and their | osdi manst-oaoamtermnobuhcghons. The ch;
training can be summarized as foll ows:

a. For -diimegmsi ocom@anvewxonopti mization probl ems,
mi ni ma and saddle points makes the opti mi

stalls at | ocal mi ni ma, and the gradients

b. Deep ANNs sufferanifstinngr adideretxpl osi on, C

gradient descent algorithms.

c. There issi-nealsbnepti mi zati on algorithm con:

net work architectures.

d Due to the extensive paramet eret sof idte eips
i mpractical to use computabdvidenl opt empea

algorithms to train the neural net wor ks.

The -dridesnt gradient descent algorithms are t
primary opti mi BSdtoichrasal gorGrtaldmeinsg Descent (
netWIkaP , wohiesr et he net wor k parameters. Dur i

uni for mi Bt rsasgimnmpihhey e &t@Eheh from the training

each time. The dedaitl ateirvad i wint h srespect to
p 14 i oh— .
1 - 5 —il_ h & p
OFIN‘”
The updated parameter i s:
— 4n & ¢
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whed® s the | earini-ng .Watesually use minibatch

computational and statisticaBlcaef ffiugeiletnlcet. i ITi
hardware resource and significantly i mprove
l earninggradieematdeédthepl ay an i mportant rol e
researchers propose improved algorithms bas:e
efficient network training. According to dif
al gordammse divided into three catgaqdriieand: e
estimation, and combined met hods.

The commonly used optimization algorithms wi
AdaDel ta, §ndgi. RM&EpGoad adaptively adjusts t hi

at ever wei ferati eml cul ate theftdwemuwmltdtoinve squ

o  fsln & o
whege s thewiesemmat t]ipsaskiceheée ogr #ditemtataton. T
updated parameter i s:
— s |h C& T
=31 &

whedies the initidlslaasmahb T attee kéetegppitchael nlu

stabl e. For AdaGr ad, a parameter that has a
small er | earning rate and vi cree avseer saas. tThhee iot
epoch increases. However, this would |l ead tc
and the optimization wil/ stall. RMSprop cart
monotonically decreasd&dMSpeapnifng statcal icul At

average of gradient updates:

o 1o p i1 fs|h & v
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whefies t he decay rate. The updated parameter

further extension of AdaGradhkey dedapi hgg alve.

gradient updat es, instead of accumul ating al
A typical algorithm for optimizati oins hael gor i
Momenmamho#Momentum is a phbyshnhcobgtentekteepme:

moving t endoemernytmemTinedmimcs t hi s physics conc
accumul ated gradient to replace the current

as acceleration. Theeoptdased parameter at
_ ” _ |IF] c&(p
wheyies the momentum factdi sahtiei setypiogllnt s

The combined method combines both the adapt:i
For exampl e, The Adaptriivteh nMo(mfedha m)E sct d nrbait n eosn

and Momentsum met hod
273 Regul ari zations

Deep neur al net works have a strong fitting
and nonlinearity. However, it coul dr ncaanucsee oV
on trainingbdenasdabsaetheanotesting dat aset s.

of wvarious techniques that can restrict netw

used regularizations includedi rtard Jucitog pé o

The network opoienéozatnin @ainntws thhan be described

P Oi e
P

C+o

S o P Jb Ph C& X

whettis the | {JPstliaancednal, net wod b wihé pare
1-or-n@r m a@anhde regul ari z/tanodb c @0efbfei cacded t C

regul arization ter ms. It is known as el astic
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(a)  Before dropout (b)

— Train
— Validation

loss

Stop point

o

epoch

Fig. @2r.o2p4.out and early stopping techniques

The dropout method randomly drops out some 1
the input neurons, equi Fhbgehd®) 2dhavwsdi niyge nENN
and after dropout. The dropout method can ef
avoid oWweoftshmpi pgbut effective regularizatio
the earl etdqbagpi)y2il | ustrates the principle
training, we use an independent validation s

once the vsatlapsatdeonr d @ssisng.

In sumsmacyi-@nsIy s2t.ebmati cally review thelt fundan
should be emphasized that deep |l earnTmmg i s

effici eANNyY rtersaeianr chers conclude many trick

extensive trial and err arn.i tTihaelsiez anteitohno,d sd a tnac
argumentation, and hyperparameter optimizat.
reinforcement | earning are not presented bec
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2.8

DL

t h
t h

Th

t h

Deep |l earning i n microscopy
. 1a9°
.60\ \((\a
ov Physical process De‘ecxed

H(X,6)
, |

X Y

Fig. Leh®ral image .formation process

has revolutionized opti cdarli viema gh pnggr obadyc B bn t
l ustrates the image for maiteThe pbpeess moftlut
e propagating | ight. After undergoing a s
rough an optical path), the modul ated 1| i gh
i mage sensor. Tbheids apriocess can be descri

L g Lh-h & W
efXies the oHjecthembgansfer f unditsi oont hoefr tehfef
ctol¥iss t@ame detected i mage. For exampl e, t h
e point spread function (PSF) i n microscoc
sponse of the optical system to a pbaent |
tical Transfer Function (OTF). The mode an
nction (MPRapseandr arhsef er Functi on (PTF) ,
aracterizations in space and f reesgnenacnyd d om
e det e¥Xitse:d i mage

L §yxgh ¥ W
e PSF shoul d be Xcvaanl ubeet e de cfoivresrte,d abnyd dtehceomn v
e det ettt ddbwiemaege i n more advanced i maging
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t omogr aplhyholda goriad@hiua iiemadiamg ,nati on i maging,
i magHng, i nexplicit afnodr mud Bot nroencadotnasltiyittuicstla d u | c

introduce many approximations and assumpti on

press. XTihsenobtained by solving the nonlinea
optimization algorithms. Such reconstructi ol
scenarios, and the inverspopeodblems often be

DL br e apkhsy smiwickéid i veno paradigm. Due to DLO6s e

data, it can diree¢obly hmapkdetchecd emvgeeimdhigreg t h
of devel oping a forward model and solving t
success in a wide range of biomedical-optics
enhanced microscopy significantly i mproves
i mitations. It even devel ops noivoenl. fDuLn cali soc
provides a novel route to analyze FLIM image
281 | maging performance i mprovement

SNRObt aining sufficibatdbSNR viastaimprietsif ciatl o wieovre
us wakiguiirgens | i ght exposumwdiart eamalnothoh epahooat gon g ¢
phottooxi city, andsslIDolw tiencahgniinggu esspeperdovi de a ne
dil emma by training a neural netwookBeeemap
i mages. For exampgl. e ,d eWeeilgoepretd -nae tD La sa | ag olra a khhmo
achiSdN\\Re enhancement i n [lLIOJB8ohe srceetnvecer kmi vea so stcrog
i mage pvaitrh | ow and high | ight exposures, ar
i mages -SSNoR hoiugthpuT hiismagttsdy demonsefrfae @tdi vtehlay
recognize noise and reconstr phtothingh SNRiil ma

techniques al so fi-emdhamppdemermtt itomsk d oirn SNtRher

such as widefield, confocal , [I:®12 phot on, a
Resol Opit oo al mi croscopkk bétwaerhh aspatai dlr ades
ovi ew O©E@W)fhi el ddBPOEDP the need for oil i mme
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magni ficatibDdn tekjhenct haee. emerged as a sol uti
neur al net wor ks t o enharnecseo Ituhtei ocsipmaithéad @ sr eRsiou ¢
proposed a DL algorithm to imprové@llpheTspat

train the neur al net wor k, aamd erreogsdcl ouptiico ni mang

paipsepared using a 40x and 100x oil i mmersi
l earns t he nnsahp ppi nbge trweeleant itohe | mage pair. Onc
massive dat a, i tr ewiulelnclyedamrf otrimat hiogh of | mag
| owesol ution images obtained fr om-ae AdIxutoibg re
i mag QquAsaklresul t, the microscopy system can
resolution and | arge FOV. I n addition, the i
oil i mmersion is no |l onger required.
Similarly, GANs &aank Bakbsol usiednfemnhasmpadment
Wang et al . pracpasresds pe t GANN al gorithm for f
resoluti ohoiwmageof ubimon measurements, obtain

DOF simulliBifideuvkddlsyed resol ution enhancement

t o o prcircoaslcopi es. They are also widely app!
hol ographi ¢l 14#6i1]@.r oGwrorpgnt | vy, DL techniques ma
i mage processing. Further research should co

anmdeur al net works to reconstruct object info

Reconstrucforonmasnpye ekdi.nds of microscopy modali
a |l arge number of meapuoeeeRnit sg anad coemph Xr y
t ecihques <can significantly improve imaging
reducing measur ement -ptrionceess s aanajt. ibwaptaesdo i In @ c aplo
mi croscopy (PALM) and stochastic optical rec
of improving image reconstruction speed usin
supreersol uti on microscopies that can obtain i
di ffraction |l imit. They wuse speciafnides folru cerves

millions of acquisition times to form-the im
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consuming and rely on complex and expensive
new strategy to acceleratantdhPALBcohsthasth o
that resmémnuti on i mages can be reconstructed f
frames than conventional i maging processes,
ti Mel-719. Anot her example is phase imaging re
required to reconstruct gigapixel scal e phas

acquisdhdanmen t hflrOpQugh DL
282 Novel functionalities

Cromepdal ity imageTheanhyporcmat iagmddalaitti yo nismaog
transformation are VvThi sudli sstohiomgimcag!| amdal gbé
pl aywsndaanfent al role in clinical di sease di ac
samples is typically |l aborious, l engt hy, and

the sampl es stioué d @ mdnbmadndaefdi ifnFFPE}»10s &mt i on

thin slices, stained, molumriemdg s aa dv isretaud &ld tn
to circumvent these tedious steps, Ssubstant
reducing costs. The main iudeagofi maigret pal rst @
and histologically stained i mages. CNN <can

bet ween massive trai nesgthe mamget pianed iamputt hie
stained i mages. Re s etalr& hv ihratsu adlelnyo nsstt a iant eedd it r
performance, which has passed a rig[@d2l@Qus exa
The wunstained i npuwtofilmaogreess ceemwcled [Ipéhfaestei, mean
i mages. The targeted stained images could b
Trichrome an$i ndiongers®L sdan nal $oeéeraonatoamt § al

brightfi el d, apthiaossne, i naangde sp diladireil zefd[luBIeis € € n Cc €

Conventional physical fluorescent dmdédretl sofsuf
specialized reagent s, i nconsistency, a | imit
Virtual |l abeling techniques based on DL can
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|l abeling mul tiple subcel |l ul drimidorcshtointdu @ mat, s

me mbr ane, and cel |l states.

Classi ficati on Tahned psoewgemefnutlata oinl.i-t gvelf Dmhmade®
features can be used for image classificatio

under st anedripnrge tainndg itnhte e xbpaesreidmecr taasls irfeiscualttiso.n

for cancer screening, classifying disease ptr
exampl e, the DL combined with spatiat Il i ght
classifying cancer and benign colorectal tis

[1 2]5. The combinatil®¥neati Dt aond Dleepr escence
demonstclagaegi ftyo | ympH 2]®oafef ineiteansttlays.i SA [r ec e n
applying DL in imaging flow cytometry can be
[12]7. Results show that DL can precisely =cl 8
including Gl1/ S/ G2, prophase, metGdgIlsd G&, parad €

can reachl18®%. 73% N 0.

Dbased segmentation is also a powerful tool
The automatic segmeni saiuaenl of rceddasr dmer s t o
i nf or matcihoms cel l mo r pahnodl esgpyadiic e Ir i-bdlt e wln & no ¢
popul ations. The DL seg\mdntaatdi ont st edcehrniivgau e sv
have been applied to semantic segmentation t
organ, nucl eacpopnhodatsdndpyt@maonsai ¢ [1s2BBg mémt at i
addi t itboans,edDL nstance segmentation has been s

for obj eflt2l9det ecti on

283 DLkenhanced FLI M analysis

As discussed in section 2.4, &amswdantiiianalngFlml
such as LSF adifided®LiBtotmir n gnodett hods such as pha
The fitting methodenar eecmasngmit ddnié @mn sf uaistt a bal ne

r etail me FLI M anal ysi s. Phasor analysis and C
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iterative optimization. However, they only

(l arge SNR) and require care$ubpentdbthei po:
for fast and robust FLIM analysis without re
first applied DL in fast FLI Maaprdl| Weiep. | War
al gorithm, wHhfioclhd sfhaosvhsa na sl1p80e dh 3]0. o HolwelveF , t
algorithm suffers from di dadvamtgadgeap.prbiarcht 8
consider the I RF. Secondli due ttlhhe MLiP@dpBos$ e dhi &l
resol veex pppunleenti al decay models. One feasible
of MLP is to use the phasor coordinates of f
coordinates can fhee twireewedB|da sn Bdeesiimmp weor k can

the features of i nput data and can also sig
advanced DL algorithmshwenbodevdlepddanhbagdd
et al . pr-CNhsaessceda FEDM aNgitboi t hmsttFHdEA al yzi n
exponentialll32cdahhemodigplut i ef t Rted n3pgDo rdaptad i al b e
and the -exppuent sabi deldley pasr dmati@redenusai ad |
synthetic data without adding d4maeéexnterda a¢xgmoe i
was validated mypJvadrciad u senbsiboddaigrincasmlsEIREST. S an«
FLNet outperfor ms conventional FLI'M algorit
especiaphpgpton towditi ons.aslerd a&ddiM iad g,orti e nG

was also propfseddowewvent,| yt hese al gorithms

resulting in | arge hardware resource consump
di sadvant ages, it is no doubt Lt MatanBLys$ieshe
opened the possibility of more novel applica
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Chapler

PIi »wellse Deep Learning Al

FIl uorescence Lifeti me | m
31 I ntroducti on

Data processing is a critical aspect of FLI N
modal ity, and t he fluorescence |l i feti me S h «
hi stogr am. Conventionally, the dontiinamtarmet |

curfviet-hasegd al gorithms s-dehi aedL S Fexghod ebhkt B nau F
decay fMnothel sneasured decay histogram in each

i fetime. The maf int-idar saepdb aacl kgaosroift ohtnliso waer: e

1. The fitting pr oeheasssepds i mekwhioahi t er abmpet

i ntensi veo myuwmitn gne

2. Prior knowl edge of the lifetime paramet e

conditions.

3. Data analkypeics$xmtéewarsle, which is only suita

The advent of DL prodrdesnuspwi doacla the waddr
chall enges. DL features hierarchical repr es:
l earn compl eéx hfigmensdbobnsesalandat a, and eutshin

|l earning [8thechhi gpesns dreeorf afsor [fiiftetimg cal
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appl i cOagir ofwipr. st adopt téhrealPlddMedbnaqgbeg devel
MLPmased dense neurfABOnBNWoskowsgarirelmar kabl
fluorescence | ifetime estimation regarding a
analmuzetxipondatagal model s due to DNNO6s inadequ
more complextB®h, UBN)|alwvger pr oproasléeladeModeaapi Wl vy
mu letxiponent 182 Seocaapgs CNNs are mainly designe
their architectures itehar todi[lNBeBBER DB Dal e b e
foll ows this principle: fluorescence data ar
tempor al di mensi eNret @arss eaq U eamrtgley ,moRdLell si ze,
and sl ow inferencedisnpeenesd .o nlanl andedui fhadlto nnyes tunva dgrihky
require extensive hardware resoturemsdiaffdi d wlr

i mpl ement on embedded systems.

This chapter weégdltepgs amdi édhmdridynwsagn ieRe | al gor i t |
address the chall engesaialkowd. aWg ogh avh nt thaats d |
short traiinifngrdrinanee, s dasd, and a -exopmerdrutli aalb
decays accurately. The key innovation of 0 L
di mensi onal (1D)[1EYHNNLCDHBINEe husec tlDdr ecsonvol uti or
convolutional | ayers. Theymeh aeVv ee clitereonc awidd eolgyr ¢
and structur al[ll3dba8fBa gVe demoatsitomt-lea s ddrt pitheel
wi se DL algorithm is more suitable for FLIM

many aspects. Tsheemmethimt edk:asons ar e

1. For FLI M data anlaldesday fomdtyurntesmprmoagad t o
considering spatial positions during the
Sshould be treated as a 1D time series i@
because the I|ifettmefcal delk-aipiioxerlpeac gpsost
poisctan a#fMdeiwdd&ELI M measur ement s. I n som

required to i mprove the SNR, but the fit
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2. Applyi«dg meingh onal CNNs i ncretaiser ddmpltexl
significantly and requires hardware witHh

memor y. I n contrast, 1D CNNs have f ewer

hardware resources.

3. 1D CNNs are muchpbbartenddasi ophkei dadiacrcsa

replace the complex matrix operations

CNNs. Thus, it -tiisme rFolmiMN ianpgp Ifiocratriear s .

of the neur al net work have al so become

4. | mpl ementi ng 1ohiQNNMsarodnwaerlee csturch as FPGA

requiring simple adflidth4dnsSi mpHdemubpephtrc

guarantee simpler architectures and

they are morieemdlrydwanmde suitable for cheap
CPU computing podvepoweamemeupplies. Besi dc¢
architectures all ow the processing of

providing a fast and feasible way for

Th

m

| 0 we

pr

embedded processors compasi bl e with exis

32 Training Data Preparation

For the developmentf datadriven algorithms, the acquisition of a large amount of training
data is critical. In addition, the training data directly affect the performance of the trained

algorithms. One practical methoddsgenerate synthetic decay curves with known parameter

as the training dataset s ithesnathgmatidad modedsof@er | o s

fluorescence decay curves and noise characteristia v e welbdevelopedUn d er a

sufficieohtpbohdntion, the syntehkegtoine nnd ad urde

mode convolved with the | RF, and the noise ¢
AL ) 1 Q7 z0Y® xol pMBH oP
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where the UliEdcnéombeayas iao uni form marginal di :

0 to 1 wit h arhefconxolittbn resulinof tbef decay.curve dRdF(t) wa s

normalized to 1 and then multiplied by hpeakintensityK (maximum phan counts){{t) i s

t hRRoi smsomins e . For | arger photon counflits (gener

approximated by a nor mal di stribution and ex
X0 0 1 Q7 zoYy®t rip for

whetr alp represents a nor mal di stribution with

1 ,.the peak intensiti{ can be set as follows to generatgpecifiedSNR

O 327 AT z20Y® od

Our st uhdoymeusaedse code i n MATLAB (MathWor ks |1
generate the synthetic FLIM datasets. The si
the experi mengd830, TES®PIKCer( S CHi ¢ k| Gmb H, Ber | i

fitted wit@ah &duGaws$s ornOvYad dQ exﬁre%sedwlastase

i s the pdablpodwdi ome detail ed parameter set

Table 3.1 Parameters for Generating Training Datasets

Number of time binsN) 256
Bin width (h) [ns] 0.039
Total observation period} [ns] 10
The peak position of IRRoj U[13, 15]
FWHM of IRF [ps] 167.3
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In the above table, \d] denotes a uniform distribution. We use the random shifh td

simulatet he |

aser

——measured IRF

—
(=)
~—
o
w

it

er .

—
o
s

o
]

T Cavasian IR ' — v, (SNR=20) A —, (SNR=20)
= = : 1, (SNR=38) | ' ¥, (SNR=38)
% S o
L T Sy M B ?M’\Mw I l
O e e a0 a0 o o e 1m0 me 2o s S vamed

Time bin Time bin Time bin

Fig.(a). 1The measured | RF and the fitted | RF usi
of si melxptommke ntii al decay curves WLGHSMRfferent
ofyly2, wnéare (0.2, 2, 0.3, 26, 0083, 44)5, reésph.e
The dashed |l ine represents the @xponieanilaRF.
decay curves with differeh@pueB&8NR i Rnsities.
ang are (0.1, 0(9,21.8,10.2, 90.®, 4260, 2, 38),
44), respectively. The dashed I ine represents

Fig.(@hbdbwsymnmhdetic

t a

3.(1b)
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331 Neur al

he
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il in ot
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e avpeelrg wneinnttad n sliRtFy haansd

ahBFeppefuRrné Mt a ly sTtheem

Fhegrefore

$ haonwd-etxhped nsyarttahadstaivvd & ht

Al gami Devel opment

‘% Input data
(N = 256 % 1)

Net wor k
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Fig.TBe2architecture -wifset D m@rl gwa e dnenp ifboadl b

anal ysi s. The detailed hyperparameters in eact
number, the kernel size, and thal 3361idet ismee, |
seri esNi sszhamearbitrary intNefearrdafje. ofhputd®t ae

shows the architecture of the ResNet bl ock.

This section pbraesseedantipss eae DILD aC M r-wit hrendo ddmo the
that the eakbgesi ehmhprodependent PigehdivhAstea
the neur al net wor k ar cwiisge cDlureal gdr itthhem.p rFogro

we wuse CNN to -+4wsBei dDdt ealtgloe i phmelhereafter.

composed of 1D convolutional bl ocks. Il n eac-
nor mal (BH} i bayer, and a nonlinear aclthievati or
net wor k i s spebcdxagdrye dteisdlg nfeldudroescenee deca
exponenti al decay model ,i sk eviFEREITWM awpspd d cian i ol
consists of two parts: t hdei meansni dmraln cahb sftorra ce

the imgpwdsd adredr amehesbf or reconstructing diffe

design, the first two convolutional bl ocks h
a |l arge stride, so they are expecdayedcumnveapt
resi dual neur al net wor ks ( Res Net) foll ow tl
extracted feaasungsraeseduabadr hearning. A ResNe

adds a shortcut to reionfld8dt thaimast ocovtapul e
probl ems: 1) the vanishing gradients and 2)
trai Mhnge out put branches are fderseamtnatl ¢ d etf
parametexpohenthial decayhe(tl pe@aharftehlimee @ic m

rat)iwcthi ch are composed of three 1D CNN | ayer s

= 1) and a decP®xiarstiwmigs @meawomwnolsutzieon i s used t
thus effectively reconstructing the | ifetime
units (RelLU) function is wused in nonlinear
net wsowrckh as the feature si ze, convolution ke

optzeohi using the exhausti Wwé gsienBr.d@d].anigl met hod,
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332 Neur al Net work training

The proposed neural network was deiVhed olpesds us
function of our désigned neur al net wor k

" P o~ o i . ~

g T Owhg ® h o8

wh eHies j'tihé, Mg, damdnd mappi ngMifauntchée omurmaer of |
branMres8 ®apohientiYals deéeay )gouits stihgen aclo rarneds p o
groamdth tajwatt paof Nbhsantcthe batcandiigzet ma mbe
hyperparameter optitmisezraeret wer RMSphep al gorith
rate -5af Thee batch size is 128, and the tra

r e gul awih 25@dtiéenbepochs (5% oftotalepochsy appl aedi d over fitH
333 The Advant-wgee ©®t RBRigeflrithm for FLIM anal

Apart from the advantages of fast speed, eas

menti oned abw we, DtLheaimgioed!|f hmxizbkhge §obeoceal y

i mages. Unl i ke higher di mensi onal neur al ne
simultaneousl vy, 1D CNN can sort valid pixel:
Meanwhil e, multiple parall el sleorw easr bpirtorcaersysij
to be processed simultaneousl! y. Therefore, t
especially for FLIM images containing a | arg
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N
PZ Pn
Summation
PZ Pn

Pixelwise DL
algorithm

J 1 2 i
T = T7 | T T
L L R ! IReshape
J_ 1.2 i
1'2—0 Tz Tz .o Tz
j= 1 2 i
a’ =0 a |a“|,,. |«

Fig. 3. 3. Woo k¥ Resvbletf cilidat i ng 2D FLI M i mages o
sensor. The data readout of the sensor foll ows
fl ow i s a+dbnpainxgeeld afmpiixrellmaene®r s t o the pi xel in t
CNN can dir eantbleyd dveadr kpraosc essrs og t o process the d

addition, the data readout of sensors suf
Il ows a pipeline principl e-byii.xe.l tamgd rheaasme
ame. 1D CNNs gatnhaiowtcputy gatoax ewiFti ga wBt. 3e x t

ows the image processing procedure. The em

ith an intensity above tthiree sthhorleds haorled .c olrhsoisce

xel s, and their |ifetimes are ignored.
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34 Al gorithm Evaluati on
107 10!
t a _— b -
'( ) = = =a Validation ( ) = = =« Validation
T 100 T ]
o 1007 7, Validation | o 7, Validation
8 . g .
- | 2 a1 2 !
qu ; . - - -7, Validation % 107, - - -7, Validation |
= 4o = - st
- TR oo 102
102t . 1| 103
100 200 300 400 100 200 300 400
epoch epoch
04] ; : : 025 ; : : , .
(c) - (d) .
l—lr‘l 02 [—|T1
03] L__iA L
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Lozl <
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0
26~35 35-30 39~42  42~44 2e~35 35 39 39 42 42~44
SNR (dB) SNR (dB)
Fi g.Th3e. 4mean absolute error ( MAE)dodustimeg traini
training Datasets A (a) andprBed(iec)t.e dT hree scud rtrse sfpo
parameters when the netwoHk))saip)Biéd )by the |

Two

sampl PadaAamsBwesr,e

gener ated

Bathr datasetd wo r k

contain 40,000 decay samples, in which 20% os#mples wera s asdhe validation subset.

| Dat asE~tUOA 1,

1§~ Ufls,

a3n] @ antsa slehta sB a

relatively

rangke-U@s 1,

0.

5]1@rnesma iwhse ruenacsh anged .

The

SNR o

foll
Her e

t he

ows a
SNR (dB)Fi=g.ped8) og( 8iINlRd ) msbmwsquar e
training and validation db&abhas@&@m@BgAng
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respectively. All three parameters Fi.@nverged
(a) and (kH)s tbkatbsel pflarge if a dataset w
a result, tBweowlrcediavd omBli arf(ged . dsehvoi vast i toe. b o
the mean average error (MAE) of the predicte
net wor k aki gg.filaldvnd Mige daet asiet contains four d
SNR rangi ng dfBr.onkaz6h tdoatdds et contains 4000 n
range was kept the saFneg.&ds)t hehermeanniyAHEat ¢

l i fetime parameters tend to decrease signifi

results. A noisier dataset (with a smaller S
One approach is to narrreacsww timprloivfee ttihmree I ri d&reg
precision. | twei hhaapplpird @bl ek niofwl edge of t he

demonstRiag.ed3.j&Awsenestricted to 0.Qdanod 5t hnes,

corresponding error distribuFighc)ahdleahahel
the MAE di sB@andautei mads of aronfined within a sm
with the SNR from 26 to 44dB. Wanldcher obeai ea
a | ower MA E, showing that a narlhtewdr t oedalg
prediction precision for all three parameter
of testing gdtpsand (d) were al so roensotlhveed
Trust Regi on Refl ecti vecoalsd aormpit tnem zrdohb Icaon v e

(Il sqcurnv eMATILAB) . The c ddsatntdlaé me ds dto utnldes $ ame

ranges in theFitgsa(iend .ngn dd a(tfa)sedtsow the corre:c
testing Fd agt.(acs3etdsnd n( d) , respectively. I n the
of LSF irssanutcthanvot hat of CNN. The perfor manc
i s enhanced as the SNR increases. However, t

when SNR vari dBTHhirsonf u3rbt teor dddemonstrates t he
CNN.t is worth noting that the proposed heur :

the factlionaa wiade pi agsi ame rmpgetant role ir
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transfer efficiency in FBRRAalapgeElFi oat idems.e Inre

usually fail to[l8Qtract this parameter
(51)101E . (b) 0.25
! —a | [P
- = =« Validation 02! i,
71 1 -,
g 7, Validation | 015 | : )
3 72 | % .
w o |
» - - -7, Validation | = 01 |
= !'r-_:..--r.u:'.‘l__“ | ’
f 0.05 - & ﬁ ﬁH 1
107 — o !
100 200 300 400 26~35  35~39  39~42  42~44
epoch SNR

Fig.(a3). 5MSE |l oss of t helHaalunsiinngg anhde vtarlaiidna tnigo nc
wi tilan@in the range of 0.1~ 0.5 and 1~3 ns. (b)
f ok Q,andrespectively. TheU+Uifoetli, nidSU[EHr a3set ®s s ar

an@u[ o0, 17].
For the CNN algorithm, no deconvolution is n
estimations is automatically considered. Al
data, the CNN algorithm shows aangbusf PF&HMC
Fig.fu¥.tther investigates how the FWHM of the
the neur al net work. A new dataset whBs Bgudner a
the FWHM of the convolved I RF in each decay s
ps. This FWHM range is typicdli gi.hadmdbstthd aMAE
curves of et érshceeveagaemat sl i ghglyBhonilghare
predicted results for tRisg. dRitdasted s alr ¢ga tnietahr

i's robust for varied | RFs.
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Fig. 3.6. Thetinemnofaht@EtefvaghXIf) wunder differe
conditions. SNR U akxes 3he amduse® oB; 0.1, 0.5, a
Bis fixed d(c¢c@ng snd iixed( &) fQ0.3The dashed areas
t hei feti me ranges of training data.sofnté@ach sub
MAE of 5@emamddamd decays are represented by a
respectivel y.
Thguantitative an#ay@dunsdeorf dihfef eMAeEntf ocrondi t i
to understand further the CNN algorithm's 1
was traiDmecdsedh@gnew testing daetsaGdmdhen wi der
the ranilgnes odndsll respectively, to investigat

beyond the scopeFiqgf.sh3hws ttrlaeé nrnreagngddither afmo r2 0OS N R

4 4daBhdr anging from OWan@MAE .as Floar gbeort hmean a

deviation values for a smaller SNR, whi ch aq
capability of the neur al ndeat twao.r KT hhei gnhel uyr adle pne
a homogeneous resolving capability for the
However, the MAE of predicted results increa
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of train data. Tapeatlkeifloirtey dfhet hhee smod wrianlg et w
the chosen trmaani afgf dat at hdlapipvbeaot eder s bkt

component has predothilfhaPttwbaghbe(fer exam

Q

another has poor accuracy.
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Fi g.Th3ee 7mean absolute error (MAE)dodustimeg traini
training Datasets A (a) and B (e). The corresp:
parameters when tyhet hnee tDneotiakks)e)tssa i p()Bitbé d ) b

Thei swalse DL al gorithm cpemxpoa enamdadl gplideacthtyti e d
number of | ifeti mepicdomurbanraoh sy wiyt hawt nge Re s
archi tfe gtsuh®ews an exampl-exponeneisakFvdagawnt hir.
three differentl@iilf ei, m8)¢ommoneanides=sden®dnt f

and= 71101 b.As showmng.(ad., 7 each parameter is ass
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hyperparamet ers of -btrhaen crhaeisn rbermaanfoihg t.ahnddh saurte
training dataset contains 40,000 different s
ar@uo. 1, G004p, 1G-2[1.8 ad.andobey a uniform me
distribution in theubjatigie+ttd ofn ¢0.( bp. Ahaws ah
training and validation MAE for the five par
below 0.01 after 200 epochs. The testing re
training daFiag.dc®.. 8 hewoni shingly, the v has
al | parameters with SNR rangBigg838)7TomSE6del #)
poor results for alllangdmaemeter or maageciod| ILVSF

unchanged within the whole SNR range.

Tabld&id3t2ng Perfor ma

biexponenti al deca
Par amet €] ¢] U
F( CNN) 35. ! 5.0 79. 8
F(LSF) 82. | 19.7 640
Preci si

. 5.3 15. 2 25. 0
Gail n

t vreixponenti al deca
Paramet U G @ v} O
F( CNN) 35. 7. 3. 9051. 7!
F(LSF) 40:44.36.6.7 4.2

Prgm SI132 34.96.54. 5.8
Gai n

aver age /sspaemepd e()ms
CNN 0.12
LSF 37.5
Speed 2 300

Enhance

We further quantitatively investigate the ga
precision and computational speed. To systen

t hfei gafmerkval(ue) asFaal uadi sad®d8fi ned as
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O —YOW od
W
whexies a | ifetlWond paanidameéetsr s¢ airdamar Mdalviiagd o
val ue for assessing the sensitivity oF a |if
= 1, and >uslual Hgnc e, t he precisionOgain c a

'O ¥O .Tabl eotpadares the fitting/prediction pe
of CNN andabo&&Expomemtii al devwalyu erso dved rse dlthtea i
t he test i nganmnddaetxapsoentesn tfioarl ibdiehc a4y , Md0de Igxma .mMp B e 4
(d) and 3.7(c). |t shows that our CNN sigr
compelling precision gafinlsd @BrilsadeandarCtid Ni s htc

speed under the samedhi@a0d@RUPE. platform (Il nte

Unli ke 2D or 3D CNNspehfior manaé¢ | GPU qwi rle &i
of parall el processors or ¢ FCooundv ReecsniNgeu-it if nogr, bti
or evieemx pmunenti al decay models can be easily
is due to the highly ef fTiabld edotmpraa ersalt hree tpwoo
CNN withl pyreeor cllisgnensi onal CoMNMswamdd déesed n
net works. The total parameters are only abou
memory anmoifntoadpergat iTchhres taan nbhengs o eodc.edur e
mi nutes pnwiath aph®90d nCBU. i Fn -dcionmetnrsaisotn,al hi@N
architectures usually take several hour s, e\
time is beneficial because -tirtaiennesdureamnsd tdep!l c

di ftefFeh M applications.

Table 3.3 Architecture Comparison

DENS
NE 2
Tot al P 48,67 1,084,149,
Resol vi-n

1BCNN | FLI NBT]

exponen Yes Yes No
decay m
Training CPU GPU CPU
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Traini®thyl 0.5 4 4

Foa fair comparison, the time
The neur on nluanbeerr MENSHE eNHET i s
and 4 since the authors dld]0nc
The training p4r709cOe sGPoU fiosr lonutr
TI TAN Xp [BGRD admod | nt el ( R dP3k00 n

35 Evaluation of experi mental FLI M

The proposed 1D CNN waansaltfywwdt ditean eFfnpll My e tha g ¢
functi gomaldi zneachoprobes in | ividreg e alddedal.i z&NR s
surface plasmon resonance, |l eadi ngphoot othunab
| umeé s c ¢lndfde GNRs are efficient and stable f
fluor dipso rGosl d nanopfrwometsi oy &f IGANRAadbEH erde hai r g
ol hgol eoti des, which have found various biom
for cancer diagnosi sbhe hraevsieaanrdc hr eocfo genfilelybgoyn torfa
147 This studfydmrsctGNRypa khivethbeed ed t hstorl aan e dDNA N ¢
(CyssDMBARs) via |ligand exchange and salt agi
of endocytic gol dehasoprFdb dVs-sisnvaNgMeBs iolf g bCeyl 5e d
Hek293 cells and human prostatic cancer cel/l
provides the gold nanoprobes and cell sampl
Uni ver sgiotlyd nfehyeophedies sand cehbdbprapargptoirared)
[14]8

3.5.ALI M data acquisition

Briefly, the cells were treated with gold na
were washed -wufhepddsphhitpe (PBS) and fixed
samplse dwaspersed on a gl as6dialmidpehreafytltarndost &
( DAPIL) , and then the coverslips were mounte

soluti ophotAon wbLI M system acquired FLI' M im
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micros8dpe1Q@L Carl Zei ss, Ober kochen, Ger man
(Chamel eon, Coherent, Santa Cl ara, -830,), an
Becker & Hickl Gmb H, Berl in, Germany) . The |
| asesre pmildt h i s | ess than 200 fs with an 80MH
is 0.039ns, and each metaisnuer eldi nhsi.s t Tolgeg aenmicsos
collected bBynmeré0lonwatb¢grecti ve -3 20O sndipNbsian =1 . |

filter.
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3.

5.Result Analysis

Intensity 4

3500 (b) 20
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Phasor projectionimage Phasor clusters
P
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1
a(TRRA)
0.8
0.6
0.4
0.2
0
2
T,,.(TRRA)

1.5
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Fig. 3.8. FLIsM DMNeRge sl oafelCeycddb Hek293 cells. (a)
phasor plot, the red Iine is the fitted |line o
maxi mum phot on tciorug ttAh BBl rieredt.hfeo i nftietr secti on poi
the fitted Iline and the semicirec(ld). tTweo pllasshcerd

projection ¢lfUpsatpesr amiadpsfagn)¢ e al cul ated by LSF ar
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The dasestis the FkEbBUBMMGNRasgd abfel EYyriHg k(22938 c el

shows tsltealger €y uorescence intensity image. G
than <cell ti ssauregp dmeo nt ol utnhieniers cetnc e . Howev
precisely identify their |l ocations solely f
nanoprobes is quite small , staaawde tehel &1 queo rweasrcie

twphot on | umi nescexitcer tofl iIGINRt ihraess ud ft[L@©@ound t

The free state Cy5 has a | ifeti meosoefd ahraoiurnpd
oligonucleotide structure attached to a gold
| i feti menamostehceonsdubrange because of the inte

GNRs. Hence, gol d n an ephrdoibtfe es F isdesh3) .c s rmmplwesx t Lhl

corresponding phasor pl ot of the FLIM image
intensity pixels. Two clustersrcdn wbhe holh heer o
pi xels is the mapBorsttdwisngrt Hatc att leels enemirx el
Anot her cluster with a tail extending to thi
pixels in Cluster 2 isamacehoemtaed.erTheaenwhdlh

nearly shdw na dtirsdirdfbtut i eenx,p osnegng & satli ndge ctahya ti
anad ythe FLI M i mage. Before conducting CNN ¢
projection and cl uddatea wenmagesalodultatee dF L(I Ve e
Since there is no ground truth for experi mer
reference for compariFiigg.t @3e 8L I5d& w scnddlharNNs re aegsen
of the phasomimr avjhe cthi ®erachc prheasor pi xel is
bet weaenitiwi bthei ng t he rel atiBveTlhé st ARann®ao iemosn p
the intersectiont tpeod nltisn eb eftome etrihceh hpai gxeesl sf raonnd
to 1 as the proj BtwdedWheosithenprshjiddtsed rpaons i
segmiinst ,sdtt dtowl.d bebmad ea diefrfee Ubdermtta unseea nti hneg
pixels in the phasor pl ot f ol IFoow rtar emosnfloi rnne.a
Neverthiesl eswf,fi cient to distinguiBihg.ga3.d8 nan

Meanwhbhé¢dm,al so be used as a cr Ft gr(iddn 8&tho wse g
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the correspondi hg Ol HMetpirxelmagemiBhtuesetiet olt
autofluorescence of the cells whereas the pi
gol d narFo@rs@e(gfs). anhd) (sghow tbmapsal amud aamd! it
wegiht ed aver 8lgee maipfsetusmeng( LSF and CNN, res
threshold is 100 photon count s. Si deal ue,e pi
the redFipgs8)sand (f) indicate the | ocations
the r &3 uwl(tdg .,.i8mbot h LSF and CNN can obtain sim
of gold nanoprobes in the Unapsaenlclulsaterd driya
more accurately identifegtgmadedanmpgebesay ewh
| arger deviation range. Wu&Fibge(c ®3medshlwma stehd or
calculated by LSF; the Dbl uee ptihxeel Iso cwaittiho nsh
nanoprobes. ilde njtailfdyi m & h c @i ¢gb(egd .., Brsoumggesting
performs wor@we Iin cesddtaisgs eiNdps eagi ¢h t he

phasor cluster analysis, more accurately | oc
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a(TRRA)
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Fig. 3.9. FLI'M i mages of a singl e-stsibMaAn prost a
GNRs. (a) Intensity(dmaglkas¢b)ppbjasoriitpch oand (cl
pi xel s Wiesanb etyhoantq fUnG,p s1 Jatnhd)rddgp)s obt ai ned by LSF
CNN.

The second kKiag.e s hdenFLhM i mage of a single

with endescyDWMGARsSCYy5DI fferent fFriagm Helk&2 98 v ared d
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i ntensityeri samiucthhdroew are abundant endocytic
gol d nanoprobes are generally higher than 10

hundred average photon counts werFe gcoh3.e9ct ec

shows the corresponding phasor plot. The thr
Cluster 2 shows a significant i ncrease, att
nanoprolBesi des, the pixel distribution sprea

SNR leveFi gA@®). 9and (d) show the ©phasor pr
respedt sveby.to 0.4 to seg-mamt GitNHNe avdgsic| ust
are shbwag. (ieB). 9and (f) , respectivel y. Howeve
estimations i n xmalnyarpa @) edi.0 whuicthe ppixel s cor
area with high conceshpbpatedeGHNRs, ahdaldawng ub
in the deconvolutisnheéfamae dahewg . Tlh®. WEBo0 f ai
to identify gold nanoprobes ombaupsRilgy.( h3.nst ea
moag accurately identifying gold nanoprobes. T
al so resol veHi c.ogptaXiesd svhiotwhn t hat CN&Nouwst mor e

conditions.

36 Coaml usi on

I'n this chapter-CNNealpgorpiotstem tfheer 1FDLI M dat a

training, and quantitative evGNNi aali goar iatrhem pl
unparall el advantages includi-mgi ¢ @sisytar &ihn it re
and fast calcul ation speed. Our algorithm ca
di fferent l'ifetime ranges. The study shows

calculating the FLIM i magef wsitmulhatgdedakElcluMad
1BCNN algorithm has superior performance on |
l evel s. The trained aaladtohzeietehxnp eirsi ntelpehra i apilpaltiae
FLIM i mbgestiogobtdi nadoprobes in hek293 and h

The results confirm the outstanding perfor ma
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a | ater c hGNoN ea l, g arhiet hInDowi | huish exdgd rutniezed |

net wor kt mre handci mpl emented on FPGA to accele
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Chapder

Deep Learning for | mprovi
of Fluorescence Lifeti me

4.1 |l ntroducti on

Thchapt estehnet sdtevel opment of t Hd ullr easlcgeonrciet H m
i mages from LR images €bgpideenddfstomtield Mhays
wi se DL algorithm can fast and acaputran efl yr telse
extends the DL's functionality to improve
obtaining HR images from LR 3D FLI M dat a. I
rapidly i n current FLIM systems.nstChaméet al
configurations for obtaining FLIM i dsadgedd: I a
il 1l uminati on m[5lg.r oL,sscM pR/L I (MVFSIyM)t ems acquire i
focal poi nt across sampl es. Obtaining HR im
small er scanning step, |l eading toamd| oagsiamcg

phototoxicity. On the other side, WFIM syste

of fering a higher frame rate and causing | es
resolution is poor, and iurmafigecu sar eureracsundyi nc
Besides, t-bkefrebétswaenrtalde spati al and tempor
[15]0

New sensor and microscopy téempmolvegiFed Mhayes

performances-deiamdda li 4mddir do @ g hpahrtott soinn ggleem s or s and
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SC

DL

Sy

an

ac

anning6 2% $|&¥thems chapter proposed an alternat
techniques to rapidly obtain HR FLI M i mag
stem configuration-ba®ed mbubodscembénks f Of
d siggleesmhuti on-SéeREancemedmti qUBE . DL tec
w approach to delivering[l8as@25a8nahgygi vawe

hi eved unprecedented accuracy and fast spe

i mage directly from iotuss l-hyBsielduptrebpamt bettuis

mber of HR i mages correspond to a given LF
fers to 6Single I mage Super resdlbudtb)5o0nd (S
wevertresalpwtri on usually means achieving sp
mit in biomedical and microscopiyomsommshead
0 SDLHRBO .power f ul hierarchical replrkrEenod at i
const-of qaer tstthR ei mages by | earning-laveilngl e

atisti cadl REe ahtausr ebse.enDlwi geli yi osedriemotfacsee

i deo sull®béEi5)l7l antcehas become a research tre

solution of opti cal [ld,dlAf5BEldr edoavervee , mit or
owl edgleRE Dhas not yet been used in FLIM :
all engéder eFiissta, ack of massive FLIM data
tur al i mages, -BLmmdMnsmagaeb @aspathalkeand ten

rge number ofBHEktl ed sidmaeg ameuims ng. Secend, ac
solution FLIM imaging takes much | onger a

intaining the resolution.

e main contributions to addressing the abo

1. We proposed aamet bBsocdadteg gsgeenhiet i ¢ FLI M datt
training neur al net wor ks. The sampl es
mor phol ogi cal characteristics of subcell

decays with a wide ressnge of fluorescence
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4.2

2. A hybrid neural n e~tLwadwnke t g r ovaist epcrtouproes,e dS R

Deep

a

S

r

e

n

FLI'M data to corr eshklolnMn entg sHeR viensa gtewso. pSur

directly map a decay histogram to its
opti mi zaskeen apdodgs to nonlinearly trans
i mages. LR images can be fast obtained tt

SRFLI Mnet was evaslyumatheed iwsiFnig Ms enmmages ar
experiment al FLI M dat-RLI MRes 6kt ssupeni ol
reconstructingcFLHRINneEmagdeas .exPRIct ed to f as
i mages and find pot d@rhtrioaulg ha ptpil nmeenadf Lrodvesl

systems.

Senrsiynt hetic training dataset pr

l earni mg dhriahemn qagpr aaches. A | arge amo
ecessary for developing a robust DL algo

Il i mi t ed dastoausrectes .n alnulriakle ionpaegne dat aset s

ppbpp cati ons slWOch MfSs COICFARL&EADdMOSV2Kreviousl y

t

o

udies only considered specific tissues or

r

c

(0]

t

net wolt k314 %B86d sblod apply data argument at

ease the trainiin6g2 dat a dtda ttiroani,n itth d sn ecthve

iously reported DL talogor i tTthres |faacrk @dnetrr
rely handicaps the devel opment of DL FL
€ss many spatial and temporal features,

eve desirabl e iper froetnhaondc et o Omier ceuf miveecrtt

r atbeasmodd eslynt heti ¢ data to train networ k:
met hod to approximate realistic data al
essfullgnyapPli edsk®o, m ncluding | ight de
rescence |lifetirmsobati op[l Bndd, A&Podhmysaper

ion proposed a theoreti-scyadt hfertaince wrolr IkM t da
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forward TCSPC model was firsdtampede lphipadnt ae

process. miShenhhesec FLI M i mages wer e gen
i mmunofl uorescence intensity images from t hi
FLI'M data wusing the TCSPC model . I'n additi ol

i mages was al sondtRetl opiedi ng mmpaditras. We wi | |
synthetic data can be used for neur al net wo

experiment al dat a.

4,2, . MCSPC model

|l TCSPC, a train of | aser pulesaecsh ecxycciltee s atth em
photon i s detpehcotteodn bdyeteae cdq icu g It eof faevcoti.d Atchceo r pdii
photon countihmgnotgleem@®row,s &@oricsmwon pfloeL3e FDrgove

a pi,eli M(MALLFLI M i mage, t_yec arnatbee feuxnpcrteisosne d as

1 0pt@& 2z 1 Q7 fThIEM pd Y pfdh 185)

wheMes the |l ength ofli spaheahutbeenedpneaandde
the detected fl uor d,9)c,enwhei cahmprl @ It autdees atto pti hxes |
intensity and the deltRfictios 6shg@uiansumumdéfi cr e
| is the fraction ratitoaaoabDi sheé hei hembme odn
components. The asterisk * denot eXsr etphree sceonntvso
added noise frtomamsdirtrbbpaindemsgordsgghdar k count
signals are collected at t he focal pl ane fo
functi oSicy cAfetse,r t he detected ,)plifodlolnowsunmbePo

di stribution:

O0rD0E& Qi "3y 0Q08 18
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The&dphoton arri vi nd ¢tviphmes ad e mpigjixedr yi ndepende

identically distributed rdemddmyv d&ruinachkli eon wdiets
1h0
Qo0 —8 &
1,00Q0

Eqs. -(4. B) define the TCSPC forward model

parameters, we can simul at d&Natrhe viaéucspindge @ nsi n
acceprntajneect i on met hod. As sleodw nRodisses osne Nnsooirsse |
in modern TCSPC measurements. We have compar .
not included), showing that the TCSPC model

arbitrary SNR |l evel s.

It shoul d beChnagptteedwet3hiage ithhe additive noi se

simulation to generate training datasets. Th
efficilewmaever, the additive noise model i's a
suitable for high photon conditions. Due to
feature of noise, this method cannot simul at
contrast, the TCSPC model i's more precise. |
photon count . But it also has disadvantages
statistical behavi ori ntmarkd ingeoirsgdmitrieme o mput a

96



4. 2.2emiynt hetic FLIM i mages

RGB Color channel Point cloud Lifetime

FFg. 4.1. Original i ntensityyinmagds ci rFLt Me dRA .
I column is the RGB intensity images -0of three
channel i mages"Y@oleummowsmadm drmhearrRel | €9i s | abel e

andtél umns show the synthetic 3D MLIpMichata cl o
plot®oll Bmn) , the dark blue to bright yellow poi
densi ty.

The HPA dataset provides a comprehensive su

tissues, [h6)4d lotr gaoast ai ns more than 80,000

mor phol ogical diversity obtained by confocal
i mages in HPA dataset cover a wide magege of
classification dataset, including m@deé& t han
Each sample contains four col or channel s, s
organelle. The blue, red, yellow, and green
reticul ums, andd g omes ,n sl sascdmdass,g .eodo.wisi t 0 ¢ h
some original i mage samples in the HPA datas
shows RGB i mages of threcoldsthet Batrsampfltesp
colcdhrannel i mages. We can see that the cellu

97



including more refined details, complex spat

than-acgerrss natmosatll yi maged Ky comput er Vi sioc

—
-

aining). Curreatktgsstiret ™ dantasenbwprroaedde
analysis tool s. To generate FLIM data with
mor phol ogi es, Al hdea tsaasneptl se sa ries yahdPrhved ri tce d- Ltl dM e
pi xel values of i nt ensi-4tya mpneadg efsh oatroen ccoonuvnetr
forward TCSPC mod.ed) .i nTHEg spi Xetl. 1Val ues from
from O teo pohlo0tOo.n Tchount range corresponds to

experiments and offers a sufficient SNR for

to specified fluorophore I|lifetimeg, eeddl eddln
from 0.5 to 5.5 ns to i nscylnutdhee tmocr eF LgleM edraatla cv
by combining al/l the considered col or channe

intensities and spati alowasv ecrolmppl se,x edaeccha ymsi xwel

l' i feti me compymtemdtsi d nFlsleviii mages. Meanwhil e
shapes. The tot al photon count in a pixel of
i mage, whil e the uteimpror bl Ipdhwd oan desponeéent.i

|l i fetime parameM=er=s 2BBnlsi madat hens$ ot al reco
The I RF is model ed byaFkulGQa uWisdtahn adtF $Hiaifb uMai xoi
= 167.3 ps. wobpthomaotnc hFeLsl M hsey stt em we used for
Secti)on T4h.e5 added noise can be reasonably ne
in TCSPC measuriemantly., Add FLI M anal ysi s, a |
exclude pixels with | ow phoRiommsbhbwhtbBe dFbeeB

data cloud and the corresponding f |l-sugouraersec enc

fitting method, respectivel y. Each point CC
tempor al positions in thewdataoaotl eandite nESh N |
i mages in revealing cell structures. Many de
this is because fluorescence | ifetime is ind
only one, twopmponéhteeadecalyso generated toc
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contains 30,000 FLIM samples for training p

training.
4 2. Pegrading model

An accurate degradi ng moHRIi mMagiescpoariurest tall y f @ e
SI RE6s performaits¢ RE Formamgevoe ksl RIB|®E degradin

O O 0 z0 RN 8

wheltfanli®"deot e the LR and HRdéemages,thespkeoat i
ankki s thesampWwhng oper at ork -wiist ha dad esdc an dinsge .r aTt
interpolation is wusually applied i n[lt5dpi cal

The Gaussian bl urri ng -rkeesronleult iiosn wijld;@& 5% cuospeyd t
However, t e fdietrieantti dm iFLI M syst ems. I n LSM
measured using coarser scan'fwintgh sttlee sks,c &lhiem @
is obtained by kbskpmmiedng a npatheh coff'f e d go mdismog
applies-FLbd MWBIl MBIt e msr,e swhleurtkiioanl bwo edad8meA Da alrirkaey

is [M6]6dLR i mages are egqubivradnBthemdgletso. sTphautsi,al t
degrading operation damebei adreaslcrcbedolawst iao nt.

degrading model i s expressed as:

O alh  p § fp O OMMAK 8

wh e rpe denodkkd matrix with Sal}p 0%1et eé emént:
di mensi omar r eclraotsison opes=atfidp awiotnhg tthhee sstpraitdie
temporal di menlshi simbLwi Titke medidg) e ofor si mpl i fi c:
i ntensi tiyrL Rphiaxnegless ar e not considered becaus

independent of the intensity, given the SNR |

| oomnd -thigdquency information is |l ost through
tempor al i nformation among neighboring pixel
in the lifetime distribution. Achieving HR
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en
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SR

t udtni ecagamit het i ¢ FLI M data pr o)cetsosiHR,i mahgeens
reshold of 100 photon counts was-i steénsiorye

xel s.

Net wor k design and training

3.Metwork architecture

7-Net SRI-Net

RDMN
o
@

64x64x256

e

“ZE) Au03-aT

(T'1'91) Auoo-at
(T'T'1) AuoD-at
(T'T'pg)1eouoy
T'E'F3Au0d az

=
g
O
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3
=
W
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N
&
n

(T'5'¥9)M0d az
Suieasdn
(C'eT)wuen az

Auoy gt
Ng
n=y

agnysiaxd

AUOD A7
aynysiexid P

Fi gti2Net wor k architecttLé Mokett wéetpk=apdssetiRIBBI r at
FLI Mnet cont aWlNest ,t wadheds ydDRIlesponsi bl e for 1 ifeti
nonlinear transformation for i mprowviinognadpati al
|l ayers are | abeled in the parenthes-Het as (feat
contains eight residual dense blocks (RDB) wit
eight 2D convolutional | ay efr s1 wairteh dae nkseerl nye |c osnin:
Both the input feature numbeal iamg -fatowtthhhe aRle
parameters are (1024, 3, 1) for HFdattmMneanvael uti
641641256, and the256h2ab56output data size is

has been a great challenge to simultaneo!
I M @ata.ntuitionistict larhgpaneaenhreaiirall t metdweri
chitecture to map 3D FLI M dalt aando tHRmpioma
formation could interfere, |l eading to diff
ormous computation burden and a -FplloMmnoentged
opts a tempor al and s patthiiasl pdreocbolfuépih M mEgh ea pSpF
shbBivg,uistes2 a hybrid network ame@Netecadrud e

NeThe former aims to estimatatftluvoiasstceoengpe
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spatéeablution improved |ifetime images so th

di mensions calNelhe uesleismianastiemp.l i fi ed 1DCNN ne
pi xwdlse fluorescence | i Chapmed DENN demerddtirca
har dWwarendl y, suitable for fast -aanad ymulst,i a

exponential Udetcagyomoaiens . five 1D convoluti ot
convolution | ayer, a @&@anecml|l inmeaval acztaitv @atni dmay
hyperparamet etUNetof araé | aFri gy te afee2damionpt t he r es |
net work (RDN) with hybrid dirl aStggadé].7c@BDNotanhi o
fully exploit | ocal and gl obal hi erarchical
the shall ow feature extraction (SFE) | ayers,

(GFF) | ayerpixalndcidrneougui b ng ( SCUS) bl ock. S

higevel features of input RRBsmages fbor | kar
fusing | ocal features with different l evel s
densely comruec tfeeda.t uTrhee oifn t he first | ayer is
number in the folAowidmagatlaryatrison sl éyer tioo.pu
foll owed by a residual connection acregss t he

RDN requires a deeper architecture with many
nonlinearity. The receptive field is a criti
decides how much contextualghH néoguemtyooaompon
However, a deeper architecture consumes mor
sl ower in training and inference. To overcom
by introducing the hybRD&8sdi Thtedi tahed!| wtoin
di |l atliosn erxappreessed as:

RO AVEN! "Oi U o0 h ®

whei@®©°Yis a discrugp@eYisnthieomoonvolmti on kel

ih & By inserting zeros in the convolutio

exponentially expand the receptive field wit
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rate for 8 convolutional | ayers i s -t[olot h2ed 5,
dilation rates for different |l ayers to expar
avoiding the gridding effect and J[lgBolTmati on
GF block is for global feature fusion and gl
uppampl es images to the size of correspondi ng
archite&ktuMet ¢ otkk@at2 faommd 3, t heroemvardatominyl or
and on$8hwfi fxled | aSeal ii mgpothgtaea itthg ng t he desirab
out put images. The corresponding feaanodet heam

kernel size and striyde remain 3 and 1, respe
4. 3. Ross function

FotUNet, t-BgquBeanErr orfd,n(oMSE) olssss sorused for n

o 1H 03 ot R 8

wherfbs the prediUNMdteddrsd t éitei et loyaNesti,z ea |l tAmso U (o
t hhel oss tends t o obttoadins ea rhatgiho p(eRXNR)i,gntaHhe r
are -soovoeart hed and unappealinlgalt o hiumaer entsluy l
that noise dml| diowtsr iab Gtaiuers.i |t is hard to co
Therefore, we adopted ther oppuerepyt uadba s orstss t

possible. The percelpdibedil sl ocmpohedeaf ttewo ntaen

structural simil &r1SiltMy illpideasxsamaewisiuc e[l §lMSexpr e
0 ‘O hO 0 ‘0 Ho 0 'O RO h )

wheiOedenotes the reconstr udihsesdimsHRI eifmangeed bays :t
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whe ® RO ¢ o T ‘ 0 is the | uminance ¢

functien hei tme@no rdf .©i"O HO Co  » 6 T,
i 0 is thestcomttraséeé compariissarhef usncatnidoarr da ndc
O an® .C_.anGarestctants to ensure stability when

Msdenotes the resolutiorSSlebl,etBrpdndEBSHEBMoc To es
Ms= 5 |Jarfd it T orp nti® o rp o 080A 111 11 Gaussi an
wi ndowi=wiitsb used ltamcd€alt cdi at er enbtypsxal esmannean
The oblueskiaulsl t he average val6e Tifleotslse swhaoles ia
contenehbonsesese thbhe reconbtmwedthed g uinMdagesut h H

0.2 is a apgtubseme welilgdhsds eos .
433 Network training

We i mpl emEbt Blde BERAIytidhripbt ey in Pfohmead3n8t avp
training and inference on a-1900kXt &€PUoatc8nt
and an Nvidia Quadro RTX5000 GPU card with 1
independt&heatly.t Foertraining dataset contains

from EG§64(8) 1) For each histogram, the total

and the number of I|ifetime components ranges
5.5 ns. Al random variables follow wuniform
| earni ngd4,r agared otfh el efSeetca hi dai Rer7i.Lg 26 Bs st r ainni I
early stop with 20 patiedti teaganghs Twnaes tad ddd
about 5UNweitn.s Fhoert ,S R$hyen tsheemii ¢ dat aset menti one
training. The sizes of LR 2/KL6l, M achalt & Kd r6a,1 12581
3, and 4, respectively, which are obtained wu
l earni negd,r adtreopipsi nlge 0. 9 times every 20 epochs

sizes for the Kkl25 2a,nd3,24and edspacei el y. The

o

i fferent scaling ratios is 200, ankl= tzkh,e tr a
3, and 4. Once the networks were well trai ne

typycabbk sever al seconds to map the 3D LR F
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4.4 Characterization of t he neur al
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SNR (dB) A
Fi g. 4. 3. Fl uorescence | ifet-FméeMrdett er (hah a tDiecray

sampl es usBNetf.orTheesltiifnegtDenceay@® mp @n&nt 8, f amd 4 ;
lifetimesi3oar ®ecarys®, 12.5], [0.8, 2, 2.6], and
counts are 400, 2000, and 5000. The red dashe

determination péefenmaddN® wodadei t dbhs. Each groc
from 0.5 to 5.5 ns and the |lifetime components
from 20 ~ 40dB, corresponding to 100 ~ 10,000

performance vfeorragei flfiefreetnitmesa . I n each group,

randomly vary from 1 to 4, and SNR ranges from
were considered in each group.

Af ter the trai#«Lh@¢npt ovadureer,al 8Bt edt wi Thea

perfor ma+#dd Mnfet SRIn | i feti mguaetlieyw ad dnBaeg soend .w a
4.(3a) shows three normal i zel@ede c alyh eh issatnmopg reasms
as des3l have different SNR, i feti mes, and d
the decay components may vary in different p

exact number of decay cempomemts al Cadwic®myu enot
can cauméesmadeh problems and wron@d?7]i0nt aepr e

ampl mei geht ed av@wageusedeasme | ifetime indi

104



FRET measUlismartfi nBd| AswvheDPies the number of
componUNretts .di r ecedtdlfyor priencbiut hi stograms. The
determination i n tFargmshddhfe SavRledsabbownt hm, C
modledsed LSF wer e aHLsloMncedtr8p aF oerée xtpamn&llt i al mo
is used fldof ewneaxlpwanteintgBalc adseeaP®i sson noi se
noise source, the SNR fwiaNtdhees atyo tha Is Tolga taom e
SNR( dBgalicud saiie@on 1 i@ Theneaambsokuter ( MAE)
determines theFiadgddlbysiisnddiat eshy . wWatt he best
much better than traditiondaNeCMMsa@dl68SFfofh
30 dB (100 ~ 1000 photon counts). As a compa
38 ~ 40 dB (6400 ~ 10, OO0lephdébon|l owuBNR) i sT

than that of LSH i ff @edte timeengaht i SMR.peTrifeor mance o

dynamic | ifetime rFamggEecdw.a83sGe mereasltliyg,atgeidveam a
with | arger | ifetimes are nosier because pho
fewer photons in a single time bin. Therefo
| i feti mes.UNMdvV &retelpesl asd,o0w MAE and small c¢han
traditional methods overFitghiend.i#Mettdime mamygets

accurate to cadddiltaitoen,| itfhee iGNedc uillent meme stplea

fold faster than LSF.
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Fig..Spadial resolution improved FL images of f
and |ifetime distributiaqnS. TheelsawipiReen ar e de
bicubic ineenmoptod adti o, HRAndbygr sSRhdt h HR (GT) FL
i mages ar e S¥hoowntr @ wé ,t hreeslpecti vel y. The white
subfigure depict the regions of interest (ROI s

Ther fper mance of spatial +ddMneti ovasi mproheme:r
The testing FLIM dataset contains 1,000 samp
HR i maglk=s 4wi tlhn t hi s case, suppogestbptisheéeioc
and the image acquisitio#lLdpMeasdsitmprsav ds 1he
LR i mages undergo severe degradati onFiag. much
4 . sdhows the input LELIIMneeopst aued edHRHRSRIland
(GT) FLI'M i mages of four samples chosen fro
better. The f outrosis®aanpu ks diafbfed re@dntS mor phol og
sizeable cellul ar popul ation and compl ex ¢ce¢€
di stributi ofisg, ABhé h®4win6ded iRciNed geg ep shown i

*row, with a poor spatial resolution and a
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i mages ‘" owt hehd boundaries are wunclear, and
The 1ifetime didtgmiilddtciaons d&lvavea tshheonves. srTehfee r 2
interpolated 2561256 HR images using the bic
direct interpolation fails to i mpif ackost he s
exampl e,darhiee sboiunn al | sampl es areFlsleMratel y
reconstructed "HR wi mages sihmrtpleeTByendh | Smo o telc®v

more refined textures compared to LR images.

Fig. 4.5, Zoomed ROl e dashedpbodesgi hoFthge ®hi
| ose most-ant -ftrbeeq uheingchy i nf or mati on and show str
reconstructed HR i mages ar et m@lr & maigewsa ltlhya np It eha
interpolating method.

Fi.g 4hdws t hien zroeogneadns of interest (RBiIg) mar
4 t40 better il 1l ustr-RitleMtthe Ther r @s mabtLd eMnoefd | SR It
can generate shapes, boundaries, and gener al
mi ni mal informati o+ LI MneltR NS tmawetsed SiRmages

outperform thoser psli antgi otnr arde tt i-®@thdaMn Hooweea et s
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reconst#ewvtel pirdlined structuresi,angdudhragulba
boundasei dsn jamdd3 ti on, it cannot recover rando
the spomtet patlikaerteis bilrur$ed and siHhddtMmed. hhise r
solid ability to generate visually <c¢lear sh

reconst-wuste dekxalls and variations.
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Fig. Néreali zed abso-d(ut)e aenrdr dri freapane( a)i stri but.i
SRFLI Mnet reconstrucht)edf @8HRTShmages maée) zed absol
maps have an arbitrary wunit.

The precidgiiomnetoBRt ructed HR i nkaigge.s hdwats al s
absolute errov(dna)psandilgi.f et. i6nieF)idg .6 684.héh it i on
ofiiTSSshowhi g.n4dTHe absolute error maps are the
i mages and GT i mages. Since differentr sampl e
mamagner mali zed to 0 ~ 1 for a betRieg.(adP.mpari s
(d), the | argest errors always occur at oute
diefrfenti ati on reaches its maximum value. The
on reconstruction precision. An area with s
apparent absolutki go(re9hd aslddowi lcief eeirma. di str

ofi11 Sy, respectivel y. THd I tMwme tbinstogcamd ahdSH

have primarily overl apped distri-But Moesanf or
correctly restore the | ifetime distribution
di fference in |lifetime distribution between
i mages have more pixels wiutels.!| ilfne taidde td eomt, e rf

|l i fetime distributions are relatively narrow

We further -ElvlaMmuatt eadn StRhe whol e testing dat e
resukst s2,0f3, and 4. Two imdhdgiemaggal MAF MmeNMMWMAIE)

used f or equuad nutaifftihaetniSvSel M qu-Rblt Mhéte sc dmwwr SRdnst

LR images to corresponding GT i mages. I n c
deviation of the | ifetimageasd stromuthan of G
| MMAE for an imaglk ©Ossfb cwhetOeadriatl daswote the

reconstructed and MTsi maoged.,enmgée s ipedt itvheel ys p s
dynamic | ifetime range fdéodmabdletahati rrgussisM
average values of 10, GRELNMmph misf i Barn thl ymed u 1
those of bicubic interpolatiloncamgari sloms T

of -BRI Mnet i s approximately twice that of th

109



| MMAE oFLISNRAet i s aTke meshl be-FLéwMeal pbkafob
better in reconstructing morphol ogies and ||
testing samples we considered have compl ex
range. Bot h -FméMnetctschar b8RFurther i mproved i

cell types and narrow the I|Iifetime range.

Table 4.1 Quantitative Evaluation of Different
Scaling Ratios on Testing Dataset

Scaling| Bicubic interpolation| SRIFLIMnet
Ratio | g IMMAE | SSIM IMMAE
(K
2 0.33 1.41 0.73 | 0.20
3 0.32 1.43 0.64 | 0.26
4 0.31 1.44 0.58 | 0.31
GT 1 0 1 0

4.5 Experi mental wvalidations

4. 5.3ampl e preparation

We val hdatadSiR&t | Mne't usi ng FlaicMfed@ttamd mouse
macrophage cells cultured in DMEM (Dul beccoé
FCS (fetal <calf serwinm ,a nhaudmitdaiifnieedd wi h ahmibeds C
seeded onto gl as-swek bwd# fulriefr apcl vadt hedet.8hH ilhes] | a

Sonbacteria were used in FLI M exmpeareisme nat sg.r e
fluorescent protein harvested at an early e
mul tiplicity Afftemfaelduitonomd HOWr. of infecti
times with PBS to remove extracellul ar bact
DMEM cont & /nmhggé&mMt ami cin. The DMEM with gen
chosen tiwmereawdshetl shre€rtetiem@8Swi Ckilthist wker
3.7% paraformal dehyde for 15 mi nult®0s famrd He
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mi hutes after being washed three times with
Fl oumf546 being washed three times with PBS

a ProLongolantiéadkeor microscopic examination
4. 5. Bxperimental data acquisition and analys

A t-whhoton FLIM system was usedntai olst ai rc oflf I
mi croscope (LSM 510, Car | Zei ss), a femtosec
with an 850 nm wavelength as the excit4+ation
830, Becker & HitcakdgiGmnp HJ e tflebct etidia spehro t roense t it
80 MHz, and the | aser pul se duration is | es:¢
collected usimmerai ®@hl owgteert i ve | ensS50NnMm. =
bandpialsser. The TCSRE€,rasdleachnmeasQr-689hi si
ti me bins. FLI'M data (with a di mensiHRn of 2
i mages. As the scanning resolution cannot be
FLI'M data t hr ougshec rpiibxeedl Wéni unBige.ch g@ba)s. dmi g¢.x a mp |
47shows the results of 4t @i TS peeracknetn ssiampelse so fd

sampl es range fr on 04u,n00s0, tpoar olv6i,dOiOnOg pah ostuofnf i c i

|l i fetimes. The bacteria have a smaller [|ifet
cell s. Therefor e, FLI'M i mages can better i d
bacter P@aolndrnseloRv | i feti me i mage%amdtalhiemmss mpl
are reconstructed HR i magBEkl Mpebicubbspecht ge
column is GT i magklsl Mmoat rcedrergearcer. atSeRIcl ear
bicubecpbobhated HR images show distinct jagg

sampl es. shagdh &Speodd bacteria structures were we
i mages fromhleR biomaageasi es between cterltheabB
and interpol atse dReHRo n sntarguecst eodf HSR i mage s, how
boundaries cl|l &GRELt MNEST amagebas good perfor
correct lifeTheel distirmbudi sshilbatitowaradfs AR

|l i fetime due to the pixel bi nning of decay h
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is resolved in reconstructed HR i mages, whi
More apparently, the routiefre thionuen daarrei easl swi trhe ca
demonstratFd | Mhat ERh reconstruct more usef

counterparts without prior knowl edge.

LR Bicubic SRI-FLIMnet GT

Fig. 4.7. Spatial resolution improvedacmages of
mouse raw macr ofi vabgel wnens sdenfchtee 1f our di fferent
byit®s. SThfeowl shows the normalized intensity i mag
i mages ar e "srhoown ' Tilmev t3htkeo v2s t h e irmeacgoenss-tbryu c3Reld H
FLI Mnet. The | ast row is the GT HR images for |
Fig.sMows the normalized absolute errFoirg.maps
4. TThe results arfki ¢g.iLmr.lger dtis ctrle@aaeciyn onl y oc
The | ifetime distributiPingsaadleiBrnad iscoa tcel otshea tt
FLI Mnet tr asiymddelly csamitasets can be well aprg

The -sgmt hetic dat asetFLIavnde tt haer ep reoxppoeseetde dS R1lo

based FLIM applications. aHo#wdRI&Mnet i ti ssthdounli d
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4.6 Concl usi on

I n this work, we first devel opee yantthheetarce tFiLd
data. It is challenging to use traditional F
and various fluorophor es meist mnan cexmtpéd exi e cra
there are nescavVvei FalbMe dlaamagets in scientific
feasible way to fildlelthtedapeamd| adavreil ogp tFdd
model was al soLRHAR piomagle tmaiorbhd awint h di fferen
for spatial resolution enhancement tasks. We
of the trainiwmgnddatedadet . FLTHe dsad miset can be
to sipectiafsks by considering cell types, fluc
perform better. Our method is expected to s

FLI'M applications.

I n additi osyntohetthiec sFelmMiM d a¢ faf ipaieepmtr ané wmal

archite€étuMaegt SRIWwas designed to map LR FLI M

for FLI'M is more challenging and complicated
the | ifetime should behievtad ggradragd. f Meann wleials e r
has significant information | oss in spatial

SRFLI Mnet adopts a combined strategy to esti

for LR images $beaglNentt iacNldltyS RaTtwo rseusponsi bl e f

respectively. This configuration is flexible
exampl e, it has been demonstrated that a na
estiomaticc UNat§R i nf the samplesod | i flNeitme r a

can bet faistred ewithin a minute to perform bet
i ndi catworr ki iNdttuntican be furteapoaeeinémndeéddfeecmyn
The correshlindnetgy SRin i mprove the spatial roe
par ameter s, whi ch-FERT uasppd|@loctaHt essyendkib e Mi ¢ an

expetiamedr LI M dat asets weRLlel Mmpeptl i ceadn tsoh csvh oo rt
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boundaries and closer | ifetime distributions
SRFLI Mnet cannot precisely reconstrpptngmage
LR to HR i npogseesd ipsr cabnl eemh,l as LR i mages do no
Deep |l earning approaches can |l earn statistic

Even when we use generativd medeMosr kisi kkeGAN®G |

net wor k wouled|l am$syblgenandtartificial detai |l s
i mages. Therefore, a more dedicated i mage sa
more information to pmoviimeDLlsttraosnkgse.r regul ar
|l summarwe proposebasaddeppateiaaini mgsol uti on i m

The pr opPlsleMneStRIt r aisyed hley i @ sE8amiaset shows s
in reconstructing HR i mages rdfaem 4 Ral3dDo FwuLd M
experiment al -idmfteac tfeod moawcsteerricaw macr ophage ¢
practical computational met hod t o fast obt
experiments and modif¥LhyYnehehagtstpmt st i &ln

FLI-rMel ated applications.
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Chapher

FIl uorescence L iwfi & thi m& H g
Phot ons

51 Introducti on

Thich a ptreersaelt sal gohat hmob usftllwo reesstciemmactee sl i f et
extre+se glhawc onwdiethigd resv -ppelro X @ ha n & PdPVYTahirelea |l e

foa high photaoccncubadgeéty quanti fy | folngo rbeesecne na

chall enge in fluoreskkcdncewhidlet i hmse itmagibhe@
community for some ti me. Al t hough wvarious
fluorescence | i ffettitmen,g smecthhoas, cphasor met |

approaches, existing abhbbei tkekmsal tanwotFloyspf b
i nsttande wi dslqwaunseed ilteaasntgy met hod requires

accurate | if[ebi mMaesmumatliikrel i hood esti mat.
exhbbtter perforsmaroatfiorn phethar i os [W t h s e\
7Rbuat t heprcaolsdonpgbefdmi z &t iogva nsdp eceadmp |l ex i mpl e me
RecadvanciemebDLsapprmpracrhiesism@abal y oiwnght FLI M
with several [1h3unS2r e Howbwvwéonhsas the detected
al | existing F&l MeaomélMhien ¢ e lmisdihEady sdi5.pl ay s

FLI'M i mages with high an€uroenPPBnmégsusedeb
the convenwiisoen loiff eptiixneble ppenrad e/rstilsy, @ v eael.yatiinng

l'ifetime in a single pixel. I f the pixel i n
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can be evaluated wusing a specific method. H
photons i n ttheedFipg med), laansd dedpi,c al t hough the i
good SKN&®&the <cell mor phol ogy (shape and str.
per manenmthluyys iltosts. mat hematically i mpossi bl e
within the-imitals.i tiorFLIIdMw i mages, pi xel bi nni
sufficient photonsSBuftor sespafti amk Addsteomgttii ovre.
gl obal analysis can also be used for Iifeti:i
photons in the FLIM image are accumul ated i

I i felt7jdn72] 1t i s not suitable for FLI M images

(=] 1
- 4000 (lP) 80
47 H
H
3000 !
2000
4000
.
0 50 100 150 200 250
O N Timebin________________
10
1)
8
®» 6
=
3
O 4
2
oAl 1 1l I
0 50 100 150 200 250
Time bin

Fig. 5. 1. FLI'M i mages with high and | ow PPP mea
with several ahbewaRBPandeomégti vely. (b) and
randomly selected pixel in the same position i

Obt aining suddndcifeefnitc uphtotoornseven i mpossi bl e i

attributed to one or both factors bel ow:

The available photDhe cfolumdarsomhaear dd moft eidnt

|l ow concentration, ,andehmablsenghbiarnvumyy
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exci

fluo

fluo

Many

i nt e
wi nd
cyto

me as

Despite

tation and e minoyitdnoirwatwihee eflglt M ss yasrtee
sfer or transporting efficiency bec
rophores introduced by transferring

r eosl ceecnutl ens .

FLI'M measuremewtonnsd Fei scteilvMetHLl M,i ntel

itation | aser pul ses can cause destr

oduction. |t can also | ead to photoc
ogical vi abidpieryuabdt agpnicbiecgmphat dne
urement time should be as short as p
For the investigation of dynami c

ractions of interest may havetvery f.
ow. | n adduirtaica efr i feoaghtotner oughput cel |
metry, the samples move through the

ur ement window is also narrow due to

t hé&Lyevhsatisl applaofcati on range is | ar

Il n htckapter, we -wbirseea ka ntahley spisxeplar adi gm and p

approach

dmalfydoeo s elsy ence | if-et gmes condietxitore

al ghomi ¢ &eRbddt on Fl uor escence,tlaikfeest iandev al nntaaggi en

fact s:

@ The fluorescence |lifetimesghbexemgti ally c

(b) I n TCSPC measurement, intensity images hayv
spgd al informati on.

We hypzet

tiBhaet i nf or mati on in the intensity i me

in a FLI M image. FPFLI adopts a hybrid deep
dedicated to | ocal I i frekt iinse uesseed ntaa ifouns, e atnhde
|l i fetimes and the spatial di stribution of p

118



budget of FLIM to a recorded | ow |l evel with

is thecbunstotfdew tsawmch a robust performance.

52 Training dataset preparation

We adceptf rtaompevioe kat-dymgt lseetmic FLI M Chd ptsert s4 pr

crelacdeeount FLIfM rdhattmapsiet s

Fig.l2l lustration of the genegynt loent iod KBlylnN hiemha ¢
(a) The proceslsi glit geynrtriaet ing deaways.- (b) The p
synthetic FLI'M i mages using cell i mages obt ali
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