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Abstract

With the aging of contemporary society, C C
el demraliynl 'y Al z he(i Avdg)rvhega e cdo nsee aisrecr easi ngly se

mul tifactorandmelltiindgtcade syndr ome with conc

cognitive I mpaagper angme s swi t @ irreversible de
symptoms appégr)] eadenhpbudeath. Al zheimer's ¢
effective treatments | ack in clsithamtcuasl pr ac:

go thsevuethalgeso deamgliysessissent i aht erBEvaegrdtyi on ¢
Al zhei mer' s di sedvetintandiesd @®@sce i pyrektyhm esd ®iwo n

burden on pat oaeaesnacsi'etfyami | i es and

Thi feisntsroduces a method based on deep |
screening AD. sThH3™Dna¢gwmledi a resonance i mage
SO taos generdatme nasi o@levey strega&n object detecti
Fast-ENNRto detect the atrophy of the hipp
real i ze t he Ade vaegt moossiksd i dfi eAdD.and optimi zed b
as the basic faNtNwdrok exft rRast dreaR ur- maps a
precision detection of AD samples. At the

accuracy i s vabti asiette.dd nf or t he

KeywaAldashei merears| i gktagrobehjaeachgldastenr i on,
R-CNN
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Chapter 1

| nt roduct i

This chapter consists of five pe
current stat ai o étalsdEex leenisidd ry' s

i mportance of , secarreleyn i dOe & gursa snigs
lLearning methods will.a2m&. 8ntrodu
will list the main resteheshsissu
and make meaningful camepi buti o
learningl.vwielclt i expl ain the signi
resear chimaglne meinttsatiinan | vy, t he d
contemt hednd ht he core content of

wi | | be iSsttbodomced in



1.1 Background and Motivati on

Al zhei mer ' s ddiisseeaassee (uAsDualilsy aoccuesd oevd yi n ol
progr.egemneti cally compl ex, deteriorating
neurodegenerati veHampelaake. Te20h$) by mphoms
this disease are mild memory Blraak &nd@dr mak
1995)t he clini ¢iad ,tawafaisfye sttoa tfioorngset , i rritahb
speamwalloy, l-tosrsmorme hhomyg, |l oss of motivation
taking care of cdoreehsaevli pr adda lalbyn olr naé physi
eventually (Badiogesp Deméehri a,AMoisst anlolwer o,

t he rfeiafestbhndeat h amond Aslsderi aA meorni, c &r0sl 7 )

't has been more thraecdpateigeenatr swisti hn clel zthhe
di sease, but humans h(aAsses oncoita thilvdern ,c optlel & b me d
medi cane del ay the pr ogrneestsidylnp aorft aA DB, rsewceh
antagonists and acettyhleameonleictn e€satnereafsfee citn lvieb

revehrisse ptif Wgnessw, Onysko, Stob, & Hazl ewoo

Al zhei memos dinsgadbei ngs girmeme!| héasitn A bsbdh:i
makgseat pai noftaomsBeophinepgms gn-Gr Zham| ek
ArrighiThe2yO0Olgagve to bear the pain of t hei
communi cate with themselves normally, and e
have to pay a | ot of ti mséAcaxmd demegr gy tsda atta
2016, more thanasi®d ot hén omnpaimdl caregi vers
al gmreovi ded more than 230 billion US doll ar
of care for patients witAlBsAlczlei mar ' 2047 ) o

At the same time, the twie¢edt Adzthebsnercar e
consume a | arge amount ofUSs o&hiearl agmee dmedilca
i nsupanceapita for patients over 65 years
patients. I n adMeadiicairck tihde ampoa 2 thetthiteme & | Il n

2



pay metnhle. iBomr over 65 year s lodal tAlDctgpeadm elnd rsg
care, and hospice werEAappcioxtiiman,el 08B7)259

Statistics in recent years indicate that
with an esti A®dDpedi &nts mihlibe Unasetdh&tate
baby boom generation adf\®@ss ¢hpeauenheroodr @
miohiin | ar gcee npt@nrtyabgr amge, deneAB pesvercynbb

seconds, the rate is accelerating. By 2050
million new casdd®aAsebciAdt) Glashha Bidylamu mber of
patients with AD reached 24 million in 201

years pRe2020 Brayne, & Mayeux, 2011)

Al though ARBucednat pegesent pcriemal wgamad
di agnosis are stild]l meani ngful, Dbecause ac
thereby reducing the harm cause@dWbygstbow di s
et al.ln 2Gklpast, the interpretation of mec
but due to the differences, shbhbmaosi hiatv g,

l i mited interpref{ &t i e,n s\fannniidni nceakl e n ,ma&g eSsu mm

Il n recent greaats , » nwdadprheds $de ovfeal cohdemaeennti n g
espedea@gdryni nogmputer vision has also pl ayec
of medi cabhemagWag Amadnuk ,delRgdm|7gar ni ng i s be
more and more widely used in medical i mage
data set to compl etdeatTme ctirfaidci tt @alag one d in
recognition met maots i fak ees ubpaasdemde tchm d s , sing

decomposition and wavelet transform method:

and | imited informati oneftfoe dte MGSaredt Siadaalt |
2013)Compva tod dhterra d i e doincad | I maget hroadessgni ti on
lear ndanrg mi ne potenti al nonlinear rel ati on
extracnucadrd fieBemdgi o, 122009%)censciyedtaset smany

applde elgar niongnedi c al Il mage r ecagmptoiradm,ntt he

3



basis for furt hse(rYaml iXrui ceatl Ralpplaistdanld gotne ct i
cl assidripeeatfiooramseedd a group of sampl e popul a
whet her a sampl e i s,t teesseadsne d eocroaghnbiw iboans €igs i
on the identification of a | esion and oth

(Razzak, Naz.,, & Zaib, 2018)

Convolutional ne)urian tnhéeteVgarrekisdn(@CINPNr o v e n
to be powerful tools f@Irsivami & uzdBecaoagupsuet BT 7 )\
deep CNNs can automatically | earn inter med
humamscagepot recagndaéaf (smch( ase med.i @lal, i E
Mediicmdge analysis teams around the world
applying CHNdelmanrdmerdheds to va(iGoesnapphiet
al ., .12n01&6ddi ti on, the application of convo
classification of digital i mMages Nas, a&hYar
201 &pmpared wi tnac b iregae inthentgim @ellesig ar niisn ga
revolutiofbheyRmex h&dBehgsbea@ 00B9usseipnagr at i n ¢
classifier, it can | easdn rtelca |Ipyarfamen d€rhe ad fm:

human i ndliyvermemnt Yan, & Klette, 2019)

Il n thisdeplpaj ebcatsgeda met hod i s I mpl emented t
t he i mages wmdg meetsiaam ammrgainmg)t O MReEduce the wor
of doctors and obta(Batbeheélor. TéeagmbsdgdjicabD®one
Il malwe@sed diagnosis task can be regarded as
the processed Mmédmed!| etlmadteh,i s2 @RBRIr i ment ,

Il magesel i ced-dimemsti wmal 1 mages for classifioc

With the devel opment of AD, atrophic chan
human brain, these c¢ha(nkgielsl icaanny. Tiheet r radl @ s, @ r2e0d0
this experiment uses deep | earning met hods
to achieve the di agnfad ts€ Na\nRIn est omoea &n ifnogr oo |

detectased in this experiment, so tihsat unne



firlgde out , the classificaReigoodmpe¢&®©s 3 f ocu
whi ch traelfeerlBi ppocampus r edgihoerr eibnye dtiiméps o e x p ¢
detecti oAnawhNe rRacspti@NN Rnet wo/IGliépr oposed

i n tthhe siwehh | mppoeeeB bwiet hout significantly

amount of cal cul ati on.

1. 2 Research Question

Based Dere pt LHen&it miomlgt o di agnose MRI I mages,

hypot hetshiessaiishhysr ai ses the following resea
Question:

AWh i déhelg ar nalnggorc a mmg et a more accurate res

Al zhei mer's di sease?090

Theundamemifalt heiss de o edno pal gboarsietde eopn
lear rmion ga ahaicecvuer at e di agnosi Byesihnughaznh eb rneeirn s

MRI i mages

1. 3 Contri butions

The main pyprpgsetof dtelpiagy biassged di agnostic r
f odi agmAylszhei mer' s cdoiugledsdasctttamwkesdealc e wor kIl oat
whil e i stghhdeiesne as e fborraMm®Ix i § mAlgigss . exper i ment

achi evseudp etraeoul t s of i mp rpawveicrbgy | AaDd j duisa g mags ias
optimizing t heCNex ibsatsii c@ hnéea enkopieldiiRmedneed i nt o
five:lpaowndt h@dor i gi nal MRprdptacosemgnm@Nhe

data (sl icamd |l i=stege) egeethatrgn t@xtdr ai ni ng t he exi
net wododBt i mi zati on ewdl adjusgmehe training 1

Af ter optimization and adnfewNentdmmdsrtketrh e mi

RCNN netwoskO0O®@%hprepedecf oo AD s arnepalscehse an d
5



relatively hightohetcaaantacy of 97. 67 %

1. 4 Objectives of This Thesis

Al t hough Al zhei mer's disease cannot be cur
f ouenadr | vy, imucbhe hef bt sngFirst of all, early
the symptoms and signs that pati eges have
timely medi €laéwedrftrag e@sstulp plohrett el atTh&s Bar on,
seeking assistance hbhadcighgis® itrhge a rdeiaa gmeosti, s
related information they need. Second, ear

of tr d@ume btes et badeanuesn2 0 Ca9riosnea ws y hd mul t i |

etiolemmgliyysdi agnosis can identify those that
rapidly deteriorating, as well as examine
guality of treatment. Thierlday tthhee ecalrilnyi cdail a

t aki ndge naennttii a drugs early can effectively d
abi(Leyfer,l RO&BJi ti on, aar layw odida o sriesd uafe
costs. According to thei i2c000lnde GCcl ocowbnatl r iAeDs ,R etph
social cost ofiwsd t3nh2 ,d86énte np(edre ppeargstoyr@a¥er hey,

The purpo heisdicmp lhetdeentear |y di agnosi s of
the workload of doctors by wusixngtdegp MReéar
il mages can be quickly screened to predict

advance.

1. 5 The Structure of Thi s Thesi s

The strudthwissg saf$: t ol sows

I n the seddred paheaptoairs, rlevitieervaetdu r an dwi d il s cbi
i ncludadgti onal di agnosis methods of AD. I
rebvandnt ent of deepcormaohunigonalnchedn alg n

functions, opti,mil aatsi ean calngrod tiuvt,danolahbajl e cnte ur al
6



detection networ ks.

Il t he thhiprtder¢ the r esetahresshi Ismetbleodisntaofodu
i ncl wdeisrede s hgn, n e tvwaol ri kdnadl té l®and) 1, adj ust men

optimization met hods.

Il n he fcroauptteér , the experi ment akwiplsloclkees s a
stated, including the collection of raw da:
and software ens@inbnges@dmptrdfocene®sigar attri ve ana

experi mental results.

I n Chapter 5, the ¢€hkpwirlslmebnet aaln arleyszuel dt sa nodf

bwsing the test sample comparison method.

I n Chatphssurmm@,f y t hiandt hpels@uwss ffwtrure wor k w

presented.



Chapter 2

Li terature F

Through a comprehensive review of
reasonabl e review of prtelveissins r esea
the early diagnosis andbyssregning
object detecdeelparnengor ks this chay
review and summarize the past few

medi cal | magelgambmraisreg. on



2.

Si

na

1 I ntroducti on

nce t he GPelrznhaeni ndeor ¢ tpaurhifl iisredatse @ case report

me in 1906, t he di agdiosséiasce chheadererc¢antfiomu

I mpr o{vSienlgk o eF,r 020 OAID) whi ch was considered to

adul t dementia for mohset Noaft i toma@a |l 20-tnflst ceot e
Al zhei mer ' s AASAs)o i0atli WM r KNInd Gr oup and t he
Group (I WG) Guidelines for (Kiaagrharwk esrhs asa ck
Rocca, Snyder , W&kt Cathel contk@@udpuys devel opm
human technology in the fields of computer
computers for medical i mage analysis has b
means for clinicadaldicseassar dii Mgmkheti & a Bhmeawn
2018)

I n recedatlpgemarsgpecially deep convoluti ol
rapi dly deav aglespad cihim¢hoftimsemadc alfn | mMahreemnal y s
et al. ,l 204dn automatically extract hidden
human eye from bi g didsaetaas ei nd i naegdni ocgaQir ¢iinzahgaer sa «
Munil | a, Gorri z, & Ramirez, 2016)

This chaptergewmemnkadliidlrodmages and c¢commo
met hods of Al zhei mebDeedpe an siermg ewi ITlhebd aism IS
Il ncluding thecocovobktneucned wor log | oss funct
optimizewshtgpkicmad!l convolutional neur al net\
net warkbk be .introduced
2. ZommMe di lenalg e s
2. Manetic ResdM&®hnge | maging
MRI i1 immaga&sur ement based on the principle ¢ttt

ge

nerated by hydrogen nuclei ini hulmaentess:
9



of external strong magne€lthiec i fnifeolrdmsataroen diefcf
ext eMRisailgnal detector is 3D i ma@gad, by ea&,con
Kay, & Tankt Ta»O0O)provide very <clear human

i magMosoe/reri r epamsentate i mages of brain an

i oni zi ng Giadidagt i2d0r0 4)

2.2Zomputer T@Mogr aphy

CTuses a precirsagy doeoelalm maot esdcaxh a section of
part of the human body, a detectearayrsot atin
transmitted through 6thei kXerzcatyn gsnieccnBailmatd | hy
the deteeothertruct a 3D i magseofiabmmmaftorres
bodyCi erni k .etl tathialsle2s0a@hd3e | regal uali on, can p
clear human bone tissue anatomy and | esi on
variety of clinical di s eas(eSeenxoahmiandastkiio,n sK aarr

& Miric, 2001)

2. 2ZX-R8 yma g e

Medi crady Ximmggg gearmratectronic density meas
di fferent tissues anfdMalrediecn 11 origat tblads.ehdu B D 10
i maging i ncludes 2D compayverphoadgogphphy,
subtraction angiography and mammography, 3]
been widely usedbriemsor amap edirgawdlackcgrd iacald
d seases detection andrawxiilmaagreys pdBidavgindoes i s .

i nforomAuman tissues afdhamganstanrd .|, e2I0®B9

2. 2l 4ralmaghndg

Ultrasound 1 malguman rlked ey swittoh scrmanul tr asound
processing reflected signal §6Jeé&ms eonb,t aNink o lno

Gammel mar k, & .Peldne rrseecne nt2 Oy0e6a)r s , ul trasound

10



cont iberuddgv eldomew ul trasound i maging techno
ultrasound, ultrasowndr bhebaogdapghna,gi ngt r acho
i magi ng, amd ol bgr a s bhuamde c ragfspoecnpset @ r Downey
Cardinal, 2001)

2. Positron EmisePBImpdgemogr aphy

PET wuses positron informaedowirtami mtaed i wh e
el ement such dGCambdhirsTiROO@RHong, PET i mage
of the radioactivity of the corresponding
inf or mati on ore.g@haircaoctee rmeptbtaxbicod ,i (spnr,o lhiyf er at i
the standard intake can be used to clinic:
(Gambhi rPRET20c0a2n) provide more intuitive and
vi sual bi ol ogi cMRan@®T Daatrar iegstiacs ,t 1®B6)

2. P.aG hollnnagg ec a |

Pat hol ogsredleri maogd he r emoval of a size of
tissue is made into pathological sections
and then microscopic imaging techniqgques ar
gl apgBei z et.BwlanalkRYydirng pathol ogi cal i mage:
cCaus eog epnaetshi s, and pathogenesis of the | esi
(Luo et.al ., 2017)

2.8 agndMethods forDAsSedse mer' s

2. Derxechamgds&lienct rophyHsmaBh agy of

Studies havAd zdhileo wire rat fefaettit sse aesleect r omagneti c

brain. Compared with healthy ol der peopl e,
significant changes i n( Re&#bwareelze ct Anmemaegdoe,!

CadaveiraThenonée#dore, in the i agnoeswst @c¢h il g

11



cobm ning transcrani al magnetic stimulation
measures is used in disease detection. The
directlynaadi nelhy perturb the human cerebr

subjecatic®epeeri .et al ., 2003)

2. Nohnvalechei dcureBd omar KTe ®Diss @ed s e

Al zhei mer S detecti on -lneevteh o disi obnmaasrekde r s n ame

widely studied. Many biaonmd rok e@r s4,2 , s unteha sais e
cerebrospinal fluid (CSF), the fluid surro
t o tsheea scei. A major challenge with these bi
coll ecting samples from CSF is an invasive
early diagnosis. As blood sample testing w

It winl lexteld ent source for detecting Al zhe
and protein compounds in Al zheimer's disea

t ht dmest hesd al so( eeki yangge, Jicha, Nel son,

2. ppocampus

The hippocampus is an important (paatt of th
al ., . 2Dth@)gs &af the | i mbwlti icsdy sltoecna toefd tbhed olm
cerebral cortexl|l eanrdmepnigsWws ead s r,mlag u isgtaitd m |
navi gatoiharsmama l&, TA2e0 OMi)ppocampus i s named be
asea hwhinaggpears i n pavirmtdhei mp @adadmdawsa mal s
the I eft and ri(@bbhnbnaeannebhemi sphéneée4)

Il n Al zheimer's disease, the h({iDypoetamplu.s, i
2004)Wi th the devel opment of the disease, t

clinical mani festations are memory | oss an:t

The hippocampus is the only tissue I n the

words, it has the ability to repair itself

12



St udhia’se shown that the rate of neur on gene
slightly with age. I n the brain tissue of

production in the HRiTepBaaatmp u¥sa ndyr, o p&s Psatlwd ry Kl,

25Deep Learning

Dedegpar nisn@ s uwmha¢ hlekd nDoehdgpar miarsg more hidden |
whigehes multiple grascasidngomnhimneafor ffeat
transf ¢ Nmadatimoanl .C,o md @ keNta cvhiitnhe ,deesBpram inn g g

has the foll owideglpad vhaamtyaag evser Wwigtstgng | ea
From the resudelgarordpientigear mg s dhemitdehru.ber , 20
Secodeélpar rmiassg wi de coverage (€&€andi go&d Padaph
2018)

Deelpar ninewr al net wor ks have many | ayers
theoretically be mapped to arbitrary funct.i
(R. Wu, Yamg,SkRamumhe @l@asbliisngdat aen and has:s
great p(rYa s pSehcetns eDe ebpla.r niish ghLi7gdh ¢ p e roichig eat
r el eewxapnetr i ments show that the | arger the a
Some tasks such as i mage rmdagrmiltiloan g ufaa
protcehgasve even sur pas s(eManm,unvaons hpuear,f o& nGaenocfef |
Fourdeadgar nhiansg good (pM.rt Wi Ei tCyhDeune, t200 1t5hH e
out standing performance of deep | earning, c
depl oy deep | earning, such as MATLAT, Ten:c

framewor ks are compatible with many platfor

26ConvonaNeuoNelt wor k

A convolutional neur al network is a networ
| ayer and a fully connected | ayer for net we
poolingKbhhgbbsenner, GrefedbiNecha, e&f Btuns

13



reduce the di mensionality of a | arge amoun
a small amount of dat af evhbdreeeéf emmpaeceyg r
with doelgher momdg!| sonvol uti on alm aneeutrtad r nred smolr tk

i n 1 mage anedc ocglnai gt Kirofinizdh aetviskry, Sutskever, & F
26. Convolutional Layer

The fioé$t CANa&lyeerr t he i nput | ayer(Basyausu&l |y
St amm,. 20he& )i mage of the input | ayer can be
oWl HIC, wMamiare the width and sheihghtchafn ntel
of t heFoamaGpBe .i Ba@es,ual ly. The convadalution |
Nmatrix as aNifsi I3t,er5 (ousu7a)l Ityo perf orm t he ¢
the upper |l eft corner of the i mage, that i :
correspondi ngnaga!l cov eir ¢ dtelimgy stume ufpi latt ér t he

form the convolution value at the | ocati on

After that, the filter wildl perform a co
from top to bottom dacdcaredimsgutsawathg dO)ri de
array as the i Amohgofheme hhrtsiagenf conv
number of filters S manually set. Dur i n
parameters wigleinebtanteeydlnld obmd yconti nuously op

Ssubsequent training process to achieve the

The convolution prostessonsi noowseé yt margd & i\
val ues of stohtemssee wti schzatitae $ nf be Ganm i & nBengi o, 1
The convolutional | ayer not only ®txhter act s

effect of di mehBuamag, iltiyu,r edaunctDeorn Maat en,
26. 2 ActlLayation

An activation | apwénterseashalclomtvapgboiusedl I
I ntroduce nonlsiynsetaerm ftematrufriveassidjduesar comput a

14



operation in a( Kowya, uWi exnta,l Ihayleer., Laubac
Previowmslny i near equations such as hyperbol
were usedemdbustfsound that RectNdiire d& LHIinretaa
201l0ayer performs much better and can i mpro
net wor ks gcaatredtlenet rwd g rmiofug c aftc c a.hh alcty e

can also help alleviate thebpueblaglineofy gr
di sappears exponentially in the | ayer, t he
(Zeil er .etThhd .Re2W 1lI3dyerd(Xapm@x)éesw t hse fapati
That i s, al | negati ve aco ulndctrieocansse btehceo nmeo nzl
characteristics of the model and the entir

field of the (coaivrol & tHiomtadn ,|l az0GIO0)
26. 3 Pooling Layer

Il n genetrhRee L Uafpppkeleg@hi ch i s adloswn csaa mpeldi ntgh
| aynvary be selected to reduce the (cGomputigtio
Cirexkan, Masci , Gambar.delld at, hi&s Saahtma gidruyb,e r1
sever al |l ayersudl ashomasx poolmandgnhbaamer age
poolth@egmost popul aprooofiGniwghs tcih @ tsl tanlawxs e 2 04 319 i
(usud2) yard a stride of the sampatl eamgt h.hel
maxi mum number in each subregion (ofu,t he ou

Wang, Chen,. & Wei, 2014)
26. 4 Dropout Layer

To contr ol t hdd oplagtefri ti taipmd,iGatdi,ey Hr on, & Ken
2017)It dimd@amdactai viaat i on par ameter set, t
par asted e®@ in theofteoswarsdurpastshat the neur al
affect the ovreaimaitrcdhisngmplwehs ch wi(Baa&l evi a
Frey,. 2013)
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265 Fully Connected Layer

After feature extraction frorultGow ngrcd\widous
Layer to -mapehigbteirvati on mappings to the ¢
whmber of out

and geneaedamensainonal nviesct bhe

clsai fi(c»Xu, ohnlsang, Gu  Inkd& sifeanns,i o2nlall9 )vect or r e
probability of Ndhlea sdsit{efdlcteetd hoamsyg e Lium, Wei |,

2017)
26 6 Transposed Convolution Layer

The conwveplutatomn can be regarded as a do
transposed convolution on the sampling can
convolution operation, whi(cShu,i sSugnenelriaul,l yZh
Jing,.l201%) becoming more common in recentl
net wor ks, gespeealtvaevresyatriwm@iGRA L edi g et al ., 2 (
transposed convol ut tscamepll ilnagy epraratp poefa rt sh ei g et

to restore the (&SdocedudnmeWangna&idiy, 201¢

The transposed convol uSummosies tdeer i vyiedle a

convolutiond4opedat heneil €£mént matrix is
[z oz w3 my4 |
Iy g L7 i
X =
g L0 T11  T12
| 13 T14 T15 T16
2.1

The size of

wp,o Wo,1 Wp2
W= lwi,o w11 W12
w20 W21 W22

1

b

16
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the I8onvbkeuti emekér matri
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whea ei thespmadodi nlyg &t 30 ==sls = =
According toopkbkerabeéensbraetobnt Bl&. out put i

i+2p—k
o=
g 2.3

Expand the input el emeXt matrix into a ¢

_ T
X—[ﬂﬁ Ty X3 T4 X5 Tg Ly Ty Ty T L1 Tz T3 Tia L1 3?16]

2. 4)

Expand the el ement matrix ofY,the output I

Y= ly1 v u3 yﬂT 2.5)

For the i npuXaned etnheen to untaptrti Xeth € mmat r imat r

operatsed te describe this process:

Y=0x 2.6)

By derivationCcahebepgoseematr i x

woo wo1 woz 0w wiy w0 wyp wey wyp 0 0 0 0 0
c 0wy woy woz 0 wip wip wiz 0 wep way waz 0 0 0 0
0 0 0 0 woe wop wez 0wy win wiz 00wy wey wey 0

0 0 0 0 0wy woy w2 0 wip wiy w0 wap wyy wap

2.7)

The operation of transposed convolution i

t hat i sXt htroCaeogbitAxicor di ng to the size of weact

process can be easily obtained,i amich is t|

_ T
X=0Y 2. 8)
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However, i f it iI's substituted iIinto the
transposed convolution oXbuyuittcrammsntodr erse stthoa es

val ue of eXch el ement of

2 .Cll aLeneol uNMeiuaohedtlwor k s

2. ABPX Net

Il 2012, tshcea | learcgoenv ol uti onal neur al net wor k
Kri z hdJsykay S,uatns@eeovfefrr e ywohi ntthoen champi onship
| mageNet LSVRCtacacmpeatciyt ircan,e sur plhaisedz t he

Habaebi, 2Z2O0E8¥heiskict,aused a great a@sredsation
opened dehedp aerrna Aogftnhaonyg §t er and mor e accur at

neur al net work structures have subsequent |
| earning asdarefienerce It sets the tone for

net wor ks-Cadf{cMu haasmmad, Ab Nasir,. I'brahim, &

Al exNet <contains a total of 5 convolutio
(Minhas, Javed, Ilrtaz&dacMakmood,| u&i doa, 2 @&:
activati oelL Uf uanncdioi dodRées B oMosrema |l i zatl ager( LRN)
performs downs ampd» aignigtaly(eRai§idnua enceo - Rostrc
Gonzal ez, & .Conoardeeducked 1B8Yyer fitting in ful
Al exNet has adopted a dropout (HByezrhwhskwn -
et al., 2012)

Bef &at exNet , the activation function 1in |
sign@drd (;GankHowever, ALUYx Nbnad@huickhas Rer t han
traditional neur al net worflodiayEx p eroinnaen tug i k
nerwesgeestin t he-l@laFAafheat the training set er
25 %, the speed using theitxRened datsiteat itochnar
(Kri zhedv saky , 2012)
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http://papers.nips.cc/author/ilya-sutskever-3959
http://papers.nips.cc/author/geoffrey-e-hinton-121

I n addition to the RelLU acloicdsponséunct
Nor mal i (zHao-m eonng , Di-bi n& .X2uOElh7 )s nor mali zati on
achithMeogsofl at er al i nhibition, which is al s

neur onesqg.uaftoleR N s

min(N—-1,i4+n/2) o
1):__!1 = u_'r.”/ k + a Z (uj{w)!

j=max(0,i—n/2)

2.9)
wher”"wrepresent s the wmwambeopvoduyd,gaayndbptt he

then the result of applypiaeagreéedentRelLYenvaertalv

convol ut iNore pkersreealtss, t he tot al number of <co
k, Unabe hyperparameters, the vhvauleisdaatrieonob
set .

Il n order to prevent oV e afaefttteirn gt, h eA |l feix Nt
second fully, wtoinlaiezbedstd pFrapabsl ity to make

neumad®n which breaks the fixed dependency «L

|l earned pnar a mea tmebrussdadi t i on, it doubl es t he
conver(@dmare et. al ., 2018)
2. VGG

The V@& woarsk propbhveesdiady Geometry GrBoyup Oxf o
Hor zi nek, Schul tz,Co&p&8gedr evst h-8ft h@)tpr evi o
net work structure, the eratcthridteiveet sekbasddpoap|
i n the I LSVRC 2014 zosmpledncdti bme propecpl ac
positioni(bgt paoj&ecdi se6Gmas, d20e09pped base
Al Bxtvhiltadhs done@emoheriesearch on the depth a
net wohidé BNxt{ Sengupt a, Ye, Wa nlgt, Ls uan &i Radys
genkval i edeepbrnt networks have stronger exp

complete mor € Sconoplyax KRadksser man, 2014

Compared Neitt, h VGIGexhas the following 1 mpr

19



removes t he h&Kkdawesteperendnat t he role of LRI
networks is not rehbnwiveews Setclheyl, s VBIEB yuses a
convolution kHNethelsesvhal é anber. gdbinlvol uti o
convolution kernel, VGGNeta.s Thleiwed o lptam @ mlee rem
used by VGG becomes small elr2.,, Tththee pdaliidreg iks
the Nefteypool in@,kewindél ai st@p size of 2.

VGG is vewhiishadermdreal i zed when it is mig
At the same tWNemeandhowngkekpResn networks ha
simpler net twasoend sfterautcu rirCGe@xatl wagtsoras good ¢ h
(Al'i ppi, Disabato, & Roveri, 2018)

2. Re8Net

After VGG, as the networthesgradiente wiohtig
di sappear during the backpropagation proce
adjust the weights odedawmbsegprneciugrnagunehbiver k
sat draatde decr ewlsiec r aiplsedytrsaldlaegt d, o nb uptr otbhiesm i s
caused by ovetrhfd tddagrgehchypeiatsreait miamg t het

val i g&ttda.onWu, V&meben &He.Wgeh, t B0 18g=xirdgeallce o
net wo(rRke s)Nent 2tOhpes obl ems have been alleviated
net wor k trai ndansgi layh dwehoipcthe mmi ae hi eved higher

deepening the(mMetwdhlngtr Rehur & Sun, 2016)

Res Net cernepaltaisnMselryt c u't connection to provi
(Aki ba, Suzuki., WheMhu kuwd&,p ro®Pla’g)ati ng during
gradient of the next | ayer to the previous
vani smi d@gep networ ks. TheEoipskisnhdawneienof t he
(Chen, Xie, Zhang, & Xu, 2017)
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Convolution Layer

}

X

F(x) Relu Layer
| Identity
Convolution Layer
F(x)+x
|
Fig2atResildwalk
't i s assumedc tthrad dthtep utn paft FEMse ictonivsol u

addexh sthoe mapping | mamaut et diE) + hies rpeassusleed t o

t he nextThliassyeirs much easier than matching e

nonlinear |l ayers, it wil!/ not add extra par
same ti me, it can greatly itrheer dasae ntimeg terfd
the mbderl the number of | ayers deepens, thi
problem ofangrgddikingnt . al ., 2016)

Res Net has twoblt ¢g.@lees foifr srte stiydpueadii i sgi t a
shall ow net wor ks, eirnforttethaen n%ed wla keri ss) ,d etelpe

(bottleneck) Mios enlwe otmmehensk e dnii Imeer compl exi ty.

2. De tesd t

The emergence of ResNet Iladdleowddonp hae dheee pveorr K
directi on.i sThhee Ipirnoibtlaetm on of ,am&emohyg ovet wodl
deepens, the parameters that( alewed& tNevweamp,r
201l0¢enseldat effectinvempdrcpat amet ehse whil e de

net wdmlki ke DReenssNeeNe,t Iis a speci al type of coc
with dense connections. I n such a networ k,
t wo netwdrhlatl ayser s,he i nput of each | ayer i
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previous | ayers. At the same ti me, the fea

be passed as i nput di(rZehcatnlgy, tLau,alLli ,s Kb sme q W&e

I f the transfor mald ijoor fesponoinrhafttcthagree ¢
nor mali zaandnCoRebUution oyperabheanwe tha a
very sgmatteeohescri be each | ayer of DenseNet

xi=Hi(x 0x 1, ..,x {i-1}]) 2.10)

DenseNet di ffers from ot her net wor ks in t

i n the network to be dir escottlays a&cammmineevwcd etdh @ or

of f e(@ftaurtesal ., S@06anj, it designs each | ay
particularly nawyr dw,w tfleatt uire, mamplsy avre | ear
case is that each | ayer only |l earns one fe
redundancy. The first point, iwhoitte ¢e me
connections, it time imptowaosrikl|teod onarersawg,n ot |
will occur (dQortitnagp ut r& iDnaignlgi , 2018)

DenseNet has the FHiorldto,withlyge aplavraammeatgerss o
great | yEx pdruiceaima wn htalvet st he samebascsedr acy
on the | magbées$ eoMditteaqus etes loeftslse tharma nneatl efr s
(Hugentg al .Thi301%8) of great significance to t
can signiefducantsityrasngeavev eoraltBedavdb dd h DenseNe
requires | ess computedduiowmal eWwhte nt ot hRe saNcectu r
DenseNet requires only hal flf Hufaenttghal .c,al ZQl @A)
Nowadayrse,quti feeme ctomput ati onal efficiency 11

deelparnisnygery strong, mUdteanemtgf mdédelos t wiel |

Third, DenseNet -olwveg fveéerypyegbod mamde ¢, whi
suitable for applications with relatively
i nsuffiicmgndataasets can easily |l ead to o0\

DenseNet reduces the error rate of the bes
22



baserd the d&t BvAIRtentou t dat Heahgneemahs , 201
achievement <can bdeaatcunrieesv eax threaccatuesde ftrhoem e
convolutional neur al net work can be equiva
i nputAsdatha&® depth increases, the complexity

i ncreases (mbieeaompluextnons) .

Compared to gene®trhaat ndeiurreaclt Inye tdneopreknd on t

| ast l ayer (the higheséns<seoNgptl exanyfompr &he
utilize features with | ow complexity in the
model with better gdeonesabnzaunohiparfor man:

2 .l B0ofFsncti on

The | oss function deslpam nimmaodftl eernctt sc a rheee pdte gi
which the model fits the dat a. Il n general,
mo d e | fits the data. At the same time, whe
expetchatd t he corresponrdelnagt igwealdyi elnar gnei |slo atl
will be faster wh8epsikheésboadi Enhctieonepbkaygs
role in model training. The training procé¢
t hr obuagchk pr opagateirmer sugigmgerdatced olmy sampl es
sample | abels to obheslk thectoipamsnaltsenddieh.

probaees!|l i sted as foll ows.
2. Zerdone Loss

Zetomless is a relativéKphavimpBle WobpBr fjuato
predicted vaol uteh el st anrodte t® qvine rDeli, s & at i iss

. 1 v #y;
g 1) = z?‘ﬂ:
(i, ¥:) {0 " — 3t
2.11)
The significance oifff htehipsr el doiscst ifounn citsi owr o ns
23



the | osslfiftthetpoedistion is correcot, t he v
However, the |l oss functionbeotaeemot heops iedEé
value and the true value, that is, i1f the g
assamse #&ahe difference. I n addition, the |

i nformation, ibtapkapag®oime ngoesd &t ®#azzani , 1
2. &radss Enfuopyilboss

The | abels of real samples inOamleg Wwhnahy cl
represent negati,vespadt posl y.i vRtsctymes sa@rsd of
function is wusually wused prooboatiputt ya rerfdle
probability that (tHet paledihe2 @& )ressposi and

of ssgmoi d fshowmon ar e

1
g9(s) =
1+e ¢
2.12)
1= —
0.5+
l ! I & L 1 J
-6 -4 -2 0 2 4 6

Fi gu2Teh é@2gsnéuindct i on
whesies the output of the grgenwiiaousf ulnacytdronofh
foll owing dHiata(spt@risss t€>(Fhl;i § O¢ hg®a
00 ObvpgeOmaspy,the | inear output of the previc
bet wleaendd Hgfsfies t he model predieat irkipgywrud p ut

2.2 shows a graph. of the sigmoid function
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The prediction out®iugmo(itdh ef uonucttpwtn) ofc htalm

probability that the current sample | abel |

§y=Ply=1z) 2. 13)

Obviously, ,the pupbpbabtiseaxynprles deadbeds i s

19 =Py=0x)

2. 14)
From the pmrasipmrcmilviek®lfi hood, the two ca
together
—aY (1 oyl
P(ylz) =¢" - (1—-9) 2. 15)
For a model, it is desiRM@Dbt bt flre t ehe |

|l og f uictiymejcaxgyse the | og operation does n

the function itself. There are

log P(y|z) = log(ii* - (1 = 9)"*) =ylog § + (1 ~w)log(l =9) , ¢,

| t exipe ctoByy )|t ox be as | airng eotahse rp owsosridosl ,e i t s
vallueeg Pi ¢$¢ya$ small ,vaes @ars sii btl rea d ulld@esns he | o
=-l ody B|th & e x pr eisksoisosn foufn ctthi on i s

L= —[ylog4 + (1 —v)log (1 — 4
lylog § + (1 — y)log ( wy 2. 17)

This i s aanpdiendloées tahculaning the total
sampwesiper iNhpesse ss h oewgn. (p,2n.tlBeabk s fiwsncti on

N
L==Y 399" + (1-y?)log (1 -§")
= 2.18)
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2. Opbti sl zer
2.1t ochastic Gradient Descent

Stochastic gradient descentap(pStGde)do gtsi nainz ei t
di fferenti al Objsecmetvdotiumecteirans vely wupdat
terms by <calcul ating tbaeasogu atdhi-beanthc moif StGDe |
surpasses the simple gradient descémcemeth
Thi s simpl e mount ain climbing -temwhexque

optimizati on.

6[_1=€E_avE( 9{)

2.19)
wh e&ies ntuhneb eirt eor§dJt s oh he | dias nihg patameter
angEld) s the | dsns tfhencsttioocrh.ast i ¢ @mdd/i eonnte d e

sampl e i s dfseerd daoc hadypudsat e. Therefor e, St o«

brifrug phebl ems, because the calculated resu
optimizatitdowughoblheml| oss function obtained
direction of gl obal optimization, the dire
optimization solution, and the final resul
(Loshchil,ova2®l &Hutter

2.2t ochastic Gradient Descent with Moment u

I n practical applications, stochastic grad
smal | est gradbewotnhde!l tmi maywumoval ue, and a
consequences of t oo much c a( | Meuur | pahtyi, o n2 0almi20
Thergfeoretochastic gradient idepdktod wi t h mc

B,.,=0,—aVE(B,)+(8,—b;_,)
£+1 £ £ £ -1 (2 20)
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wheared erhe contri bution of ctuhrer epnrtel vhitoeursa tgirec
this way, during the tr adaeacdersign par at &ases,t iiofn,t
| etupdcsepeend t hi s direction be faster. | f the

i n a certailat dutphdebstpetiend ,t htihsendi rrect i on be sl

2 .3AdaGr ad

Adaptive gradient, or AdaGrad is proposed
(KlIein, Pluim, Starinhgcaidk ¥epugetwnwadr frfad @80 ¥ c
di fferent parameter, update frequently cha
parameters are updaenkdthrentlheaarrgneirn gs treaptse. c o
dividing the I earni g wlhitdk bigsus mhleatsiguar um
current and paé6buskhuarddzgnad&eB8isger, 201:

w w o oL
t+1 = Wt — :
VS te Ow 2.21)
wher e
oL 1’
St:St_]+|:a}
We 2.22)
ansi nitialised to 0.
2.4Root Mean Square Propagation
Root mean square propagation (RMSProp) i s

Unl i kSeGDishlegor i t hm, which uses a single | ear
aver age ofwitshee seglueameenst of t he parameter gr a

VB H1-B)VE(8))]? (2 .32

wheret-i s t he attenuatwlosawalauwees oar et hOe. I[9mv elr.a9%%,
addition, the corresponding average | ength
b))t he updates are 10, Th®O ,LRMSEPd oleOnipd @ gnse & i anc

this moving average to normalize the updat:



aVE(d,)
Opp1 =0 ——F———
v Ve + E
(2 .4)2
whew @ s a small constant and Uss ngd RMSProepayv
algorithm can effectivéelrgpiochaggeéeotkbeéi mMeaar

gradient descent.
2 .5Adam

Adam i s anot her adapvti itrieet el eocap teii gzl aadrli oo i t
RMSProp. |t adds a momentum term when the

el enneinste movi ntghseqwelr eege avidadk upgar amet er gr adi €
me= fme_; + (1 - IVE(D,)

Ve =Paver + (1 = ) [VE(O,)]
(2 5)2

Adam updates the network parameters by empl

amy
ﬂ.f+| = ﬂ.f — —
v Ve

2 .6)2

whereH>0is a small constant and is added to avoid division by ¥#eosedrom the
expression that the calculation of the updated step size can be adaptively adjusted from
the two angles of gradient mean and gradient square, instead of being directly

determined by the current gradignKi ngma &. Ba, 2014)

2. ROgi on of I nterest

Theaee prientgr matchoni magesc almadb s ¢ omlgiud s h

i nformation iregiwmadrd enmptoaitimmda i nfstromati on
be pramagsdeded in machine ;vnstbep &odmi mage
circl es, el l i pses, i rregul ar polReginosn et c
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ofnt e( BBslUs nRYO| to defmapeddhaekrdabagttitonsr ease
accufRelydrack, 2007)

2. Odj ect Detecti on

Obj dedtection is an i mportant field in compu
which only cares @hjoettecheorntfocaesemageae, sy
targets bhodaaonmd misrss fi catofont hebtpami@aée h e n
same CGliasesi ¢ detection moedalasgec anetlkkee tdioni dr
(e. BBCNN, FGNN, Rand-CRAt asdRgree det eetg.o,n mod
YOLO and SSD)

2. 1Re.gli ons We athu CANBN ) ( R

RCNN algoritpmowasetwhisiad2 @lhde, pi oneering w
t wot age detectnorn habkgarigtohm.t hm, CNN can b
segment objects based on regionsparwheen su
pretrained model s cmi aeddi tgiooma |l rtewsrauitl mgs c ar t
oper atdioansshi ¢k, Donahue, Darrell, & Malik,

RCNNplitgdeodkrjce ¢ Opr d md dbuOneesbei asl rtegt bns
thati malpbbge ct s biasadgdleh@an tlse t he ilnoacgael crop
known as the Region Proposal ). Thwei tshecond
the best performance clha@gedsi tiheatciadregoetywolrf

each ar ea.

| n-CRN al gorit hm, l oU i s usegidobpoealal amade
gr outndt h. l oU calcul ates the ratio of the &
their sum tcoidesdreinte tolfi@é hehowoerefgi bold t
has a significant i mpact onttreegippapabtabk. Wh
i's considered as a positive dampuagsh,ta when
backgr ouPrdoespedl eatsveeen t hes,e 1t amefidyyradis Wal ds
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be ignor eadn dempaospshessi t i ve sampl e and backgr

Area of Overlap

IoU =

Area of Union

227

RCNN algorithm Wel lusadjnutsotn u oHureol pfoesgail o nt o
mat c lGrtoluen dwhiir b hibs u i dbb kr@gdr essi on during th

process. As a resul tt,hrtotulgehrelpeae edr @iathicod
(Proposal, Cl asswiflilc abteiaddnupdrtaRlaolgne e sl @y er t
RCNN still widely influences the depth mode
algoriahme armed at i mproving this work.

2 . 1Ha.s2C NN

The reas-ONN wihsc ofRismmemi ng 1 s that CNN is per
ea®Phoposal, without (UGS i rsd i sFhkesrCA@LdSepmMput i ng
basic sne®t wamrkutl e | oanl iomagdaeadentr an€N&Nrs it t
S ubet wor k, € forsde byofs htare cal cul aesdres and
traini(ipntgi, m&shrivast.ava, & Gupta, 2017)

Fass€ENR al gorfedthemt @daetsor t o obtain a featu
I mag e mpn tbhgesl ecsdaarveh al gorithm topmaph®ol to
Ropooliisngueeder form a bpacsoehd egcbpBophatitonobt al
vectors of equal l engt h. These feature vec
sampbhad then batche@NNDONPBebworpkar awhied h Rper
classification and regre¢sSioshcdksdal&RIBEONS
CNN al gori tphompdesantbax he agob| elcgssi fi mattan on, and
Il nto a wunified overall structur e, and | mp

shared convol Ui bahcaXice| aFanaosq, & Sun, 2
2. 1Ra S8t-GENN R

Fast@NNRi s the foundsatagae Wwet &cbfi obhhmet tvod.
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use reagiiepgnapaosetwor ks ( RPN) n e tseMoer clsk atvee hr ep | a
algorithm so that ftiheiedhdd dtuisgytnhgée askurcaln |
network. Due to the characteristics of <con
amount of <calculation introduced-CBhNW RPN i s
achieves high @acchuer arceyp efeting, e Hens & r shi ¢k,
2015)

RPN network modepsessaheas ashkeoprobl em of
(whether i t{Jian@gné&obdechehCl )i gethestae@ i S
anchor boxes of dt#widté@dnt asi pes ptalndare Sté ngdi h
positive and negative of these anchor boXxe
threshold anNdcTChewuwafdio M@ttt ah ¢ h aitn tios tphaes sRePdN
net work is sorted into anchor boxes (coord

obj ectd a(stswd abel s) .

RPN network maps each sampl e siiZthang, prob
Lin, Liang, &hdélepr @0dBoppdryt reetftl felcd san dleor
has anamthgtefcaur saoer dismat d o define the pos
Finally, thesib6tssavofobhiaadycobadinate regr.
as thettraitgikkedd neAfvbek .t he RPN network trai
the geregrppbpds al is filteredpassoeddi hgough
similédepd o gtghsesn t r an s fCaNrNr ende btwa fr tkle ¢th R h a t
mul titas&pplliobeesdcombi ne the two | osses for

coordinate r eg(rReesnsieotn aclal,c u2l0altbi)o n

Compar edwadtoagededet ect i et amgoed dale,t etchhd omni Ml
not have an intermediate region detection.

pictures and i s -farleseo nkentohwond .as a r egi on

2. 1Mouw Only Look Once (YOLO)

YOLO is thoé pihentessigeelyée enteit dhvo dvheixcphr esses t he
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detection atseaduniefired3hendpgrvablames of Y
fast, relatively few error s(,Reambngodd vygeatmh e
Girshick, & Farhadi, 2016)

Thwor kfolfowWOIsObriefly described as foll ow
and divide the picture into equally divid:é
sampl e t o be predi ct edr oauctrcdotrid.i n ¢ e d mn dtl lye
convolutional neurGologrieetNvedr ki smoudsiefdi etdo bcya | ¢
preghi cctondi ti onal probabilistsevfeoral edbok ecsathe
on the grid. Each box predictsitiovcatneqr es:
and the rMfagdrtehs evratlsuet he probability of the
accuracy of t he posiFtiinoan | (yr, e por@daCeinuseeds by
suppression (NMS) filterThe ocalectultahtee d iencad a

Pr(Class; |Object) * Pr(Object) * Iougl%‘c‘g = Pr(Class;) * Ioug}‘c‘(‘; by g

The 1l oss function used by CoOrLdi nast edievrirdo
object error, and category error. I n order

| arge and small objects, weights are added

YOLO proposeéeda aodteagengdcempat ednwtth the
stage det ectthh@odnv amefagegpgsedobvi ous -t i aed I ts
characteristics are I mprelaentveo nsidtghise vaesr ,t h¥
coarse meshi ng baonxde st hgee nrewr mlt eerd dfy each mes

det ecti esnc aolfe sonbagjlelct s and similar objects.
2. 19 nygl e Shot Multibox Detector (SSD)

SSD is anot hen agegpidedle cwhodh®fl grosr i ft manm Y Ol
mai nly i n t woSDasupseecst sa niuilrtsits,t a9dde Z § 2ateuntt e

convolutional segments based on VGG and ou
i mprove the detect i oSne caocncdu,r ascSyD oufs essmamolr eo baj
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whigdner ates boxes of -tdmifdftehr ernatt isoisz east aenadc h

and then prediaded tdre tpheasaers t (HEQLgD® i d

The SSD detection modelhbaicsk bgeetreeorrakl |ayn dc o n
detectadn As a febeockkeeerwbr Rcéewtracts repre
di fferenmubkilzewkelasn do f abstracdeiemeamng he i
category and | ocation associations based
i nformafithentwo tasks of category prediction
det echeiadn are often performed in parallel,

constitute@GLimulet.talsk, nzy016)

SSD is an earl-gt amgdetepbévhaitads ngpbe®lr der
magni tude f assttearg et haowehathhee eabchhei eavc ctuwoacy of
stage model , sosi mgd e&ges ums @ g u e nwto r k i s b a:

I mprovement s.

2. 1RPe | aWoer dk

Amet hed pubbrsbeaedly diagnosis of Al zhei mer "' s
(Ji, Liu, YanThemKIlIl eyhece MRO19Mages of human
original data,dismegmeinag eal t MRI tihm&aege,s during
selected the gray and white Imatttheer naest htolde
eResNet 50, e NAS Newe, rielmmlide neeNha lieidlsa Meawdtl as si f i
trained btye nuds ipngd teensds t he training process i
results of the t hrwereeh s s mtlod gnet thvea r kt ot riampnrion
cl assi ficaThieonmed chouwr acclyaasefgoedes hef t hheed:é
pairacladedvee accuracy of 97.65% fdheAD/ MCI
approiadbthat sciaftye gaohrlit ésse tadresdt e n dnet he pr epr oc e

of the original data was relatively compl i
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Chapter 3

Met hodol og

This chapter manieri lhyodd dgnogo s bes t
Al zhei mer ' s di se@NNN byad ®jseadntg F a s
recognition. I n addition, this ¢

me t hdoedpsi icrt dtdhe si s
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3.Rlesearch Design

Si ntchee or i gi oac¢ismslianlhge aprpe wiscthxe |l ati vely comp
this experiment designed a metxhaodgeftomgdeep

matter and white maitmemsiadnalr MRI ci mggea. t h

Data collection

v

Dataset preprocessing (MRI
slicing,Screening and
Labeling)

v

Training Faster R-CNN
models

v

Evaluating the models

v

Test

Figuit@eusre aesipgomcess

Foamedi cal di agnosi s, ac ctuhrea csyp leiesd amsree ai |
wrong diagnosi s can have serious consequc¢
consequennceoridsientabrayh Bs mi sdi agnosed as si c
psychol ogishbr s mges s ah n(dSecsho vardctees Schnei der ,
Tremel. THellsferi ous consequence is to diagn

wi || del ay t heTlpertdfemrte ,s tthree amhantemdd chosen
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based onCNMNMAGLBAYY at,f otrhnmo ugh i-cto nissufmaenrgy t i m
triamg afmdgueet 3.1 shows the process of thi:

For FaGNNrneR wor k, it needs a traditi on:é

net work for feature ext rFagitBr.en. Il ts struct

feature extraction layer roiMaxPooling2dLayer

rcnnBoxRegressionLayer

.regionPruposalLayer

/

*—0—0

rpnSoftmaxLayer rpnClassifierLayer

Convolution Layers

Fi gu2Tehe3.struct tCrNeN onfet evaogtker R

We dSeagaFmg udr.,.efast-éNN Rnetwork is mainly divid

accor difmgn ctlai.dn e s

Firtshte, feature extpg @vti owns wibakfeamrg afma@aet ur e
extractemmtmeitewotrtke Th,e xfteatcdreal magwiulgth t hes

be slwat bRregi on Pr opaorsahbd s Newdvibty k connect ed | a

Secon®egthbe Propexstal a dNted wloekttuhe Maptsumbas
extraction | ayer to generate region proposaeé
anchors bel ongoftor addgireqgbbracelsgit dbend elr,rOe slpjondi r
andses bounding box regr ssstiodrioat a @mocduf pcy

pr opoBlaé sstructure FPfgBREBN i s shown in

Af ter edmel extraction of nfgeeagiuone pmragpso saanl

they are sepptol tdpgtheyevrol as i nput. Thi s I
i nformati omprtopfosssmtiumet mapse, and sends the r
fully connected | ayers t ol hdaagt ersmi naef ttelre ptaas

RPN and RolerPso ol FGiNgN elmeeytRwor k det er mi nes t |
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classification is baOsedavbhet hehahat het ehas:

entireFi gplBagieows tochuet pwintpurtel aOlippmisihn g lody ¢ h.e

rpnConv3x3 |

convolution2dL..

E rpnRelu
reluLayer

A — - " vy |
H-:-_. rpnConvixiB.. | _g:fj::l’.;f"

convolution2dL..

rpnBoxDeltas ' rpnSoftmax ' {~2]8 regionProposal
rcnnBoxRegres. . m rpnSoftmaxLayer =l regionProposal...

[
Fi gu3Tehe3.structure of RPN

The | ast part i's to determine the target
feature maps and use Dheebb@mrobbhgi boxheefd
aawr ptosi ti on of The wWetwotkosnt boxturne of th
Fige ,3.tbhe | eft branch 1is <c¢classification,
regression.

The FaGNNrnekt wor k MAdZ 4 &aBl aotnf darhre supports a
11 existing network structures as the basi

showhahbhlnhe 3. 1.

3.P2reai ni ng

I n this experiment,da@®% soefl etclt & dp raesp rtohcee stsre
remaining dad % ss eutstehde as tWee stvlad i dradii minng ed e

pretrhaei 'l basic net wo-CRKN®& os udp psocrotveeddr bay bFRaassi tc
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whi chuiitsabldeatfaor®ethiing etthr ai ni ng process, e
onl ypd®hs. After the pretraining is comple

validate the validation set.

r

E relus_3
reluLayer

b

regmnF‘rapnsal
regionPropozal. ..

in Rol
[ | W roiPooling
By roiMaxPooling?2. ..
out

Figu4Teh e3 .iomup ptut relationship of the RoI

[ rcnnFC ] ‘ fcBoxDeltas ]

fullyConnected. .. fullyConnected. ..
L -

prob bm-:D eltas
softmaxLayer rcnnBoxRegres. ..

!_:T rcnnClassifica...
) classificationLa. ..

Figub@l a8s.si fication and boufCNiNng box reg
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_ Feature Extraction Layer Name ROI Peoling Layer OutputSize Description
'relus’ [66] Last max pooling layer is
replaced by ROl max pooling
*fire5-concat [1414]
SqueezeNet
‘resdb_relu’ ROI pooling layer is inserted
ResNetl8 after the feature extraction
‘activation_40_relu' layer.
ResNet50
'res4b22_relu’
ResNet101
[ o
'block17_20_ac'
Inception-ResNetv2

TablldBal¥.i c net wor MATIsABhp ¢FraGH B rb R

3.Validati on Met hod

Sincpr o bdFsasst-@MN Rt raining does not support
experiment, toawrrpdrnfionrgmamaedd aeteed toabei n
Each i mage in theveiwralky diam s immed ésle.t T™whid | deteec

result has three outputs: bboxes, scores,

Theolxesstmeftehre positi on p@&g)iodbdieetcetc t(ehdi pipno c
i nput i ma4eat rwixt r eMius ntshe whemkeer of boundi
row of the bbekewmemt avaesceywiafadt)gbowh er en

xanyrefer to the coloefdi npites!|l o6f thee upperes

bowi datnfide i gthd ntdhwdi @it h and height ofkspkbetbweh

Scores refer to wheare trectililomed ons | dawhe e e
Mis the number of bounding boxes. The high
t he det bet inoomr e i kel vy t he bounding b o x (

(hi ppocampus region)

Labels refer t o t hewh iaabreel sr eotfu rtnheed b onu ntdhi
Milcl assificMltabmel mearmigaief cl assi fiactagd on | a

object iIis the classification of the sampl e
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After the pretraining, due to the perfor
target objects ar e ad e tbeettti wodf. tlni sf aecxtp e rfiome r
hi ppocampal region needs to be detodct ed, S

boundiensgs bwosxed to determine the classificat

This experi medhNN dtecetehi®lahsdt emosRt | mport ant
f oral i dat itdhre accuracy of wvhhbsdneftihoamt iodnt hTHh
experiment only thcallawsasti,d ® cad d wraandy woafe hi si o
catedbeye dahree catxeeon AMeash danmktrgidsdy e
Cogni NorwmddGWN) , and Mild CMGnitive | mpair men

The perfor mance I ndex t as kiessabeateragl ywl
classification accuracy,cotrhraetctilsy, ctlhae sri dtiie
to the tot al number |l aoft bampkegpefomeatgi vae
of each ivmddgeaeba&tn atnhlel be compared with the
of all detections wid |In Wnbheerd doafdl e @@ md o b i aiex
the detectTheonnducumnabyahalblre 3. 2.

Predicted Class »
Confusion Matrix «
AD- CN - MCl
AD - ao b Cco
True Class CN - de er fa
MCI - g~ ha .‘i,a

Tabl2d h3m.nd usi on matri x

The calcul ation formsla for accuracy 1 s
Accuracy = atevt :
a+b+c+d+e+f4+g+h+i 3 1
Recal l refers to the proportion that i s |
recal |l is a very import&womtr anudd €iat idchati inomdi

recfackrhch category needs t satsehoaal cul at ed.
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e¥ely = #
H(CUHAD a+b+c

3.2
Recall -y = e
- d+e+ f -
e _ )
R(C(.LHMCI —g ThT
3.4

Precregefems to the proportion of sampl es
sampl es that ar e.Fore diudtied, f tipahadicei @po seiatcihv e

cl mae®ds to be cal csalsah ceadn The calcul ati on

1)

Precison T —
S0 AD a + UJ +‘g
3.5
Precison ., = e
CN  b+e+h 3 6
Precison S T—
MCI ¢4 f+i
3.7

3. Tuni n@panci zati on

After prebeBasniagnetwer k with good perform
furtheamd opti mi zavabndiesdidud s&onng tohpet | mi zat i ¢

mainly include the following aspects:

Fi rnsotd,i ftyhhengbasi c network ofspkeebbumaneatr

b a soetdheex i sdtaitm@Betour se, this may inxrease t
Second, adijres taiccgurtaie RPN met hod include
of proposals to Iimprove accuracy.
Third, i mproving the classification regr
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and

Fi

best

r

extr

a1 4,

an
ad
e X
co

di

d
di
tr
nv

me

classification by increasing the numbe

nal liyntghaed jopdti mi z.earn,d Ineuaspboecrh gp fsdt dokee e v e

performance.

t his expeNNmeaursti ,ngF a/sGtGelr6 Ris t he basic
adjustment and optimizalAforabthdmpgdt sn t
ansposed convolution | aaysemédieeabdded a-
acti dmel kweelldel t hez@auimbed of rsfidzeet eirss i s
a nrdo ptphierege inmso dli .f i $ehde wpcatru o é rdehveM@ ta kn
specific parFaget. eé6r sanar eF hsghuosveng Bii 7 i c an c e
ng the transposedatued \aovnpghtei ofne altauyreer ma
acted through the basic network. At the
olution matrix are continuously opti mi:

nsion of the feature mapowmal eobhebttfet he

relus_3

| ?raﬂSOOGE‘U-CC |

rpnConv3x3

E rpnRelu

mnConvix1B ronConvix1Cl

E; regionProposal ! rpnBoxDeltas rpnSoftmax

roiPooling w rpnClassification

FigueTehe3 . modi fi ed pmaewNestwarck ure of t
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PROPERTIES o

transposedConv2dLayer

Mame | transposed-conv |
FilterSize |44 |
NumFilters 512 |
Stride |44 |
Cropping [1.1.1.1 |
Weights 1

Bias 1

WeightLearnRateFactor | 1

|
WeightL2F actor 1 |
BiasLeamRateFactor | 1 |
BiasL2Factor o |
Weightslnitializer | glorot |
BiasInitializer |zems | - |

FiguTTeha&@rmmeter settings for the transpo

Fi guB8Fa s3t:@MN Rnet wor k strmewNeewbaked on

Figureshadws8 the net wor k -GNN ubaseHde oh Fa
newNetMWaorukr.edl | ugthmeat wer pat ameter s-CMN Fast et

basetdhheenw Net wor k
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Name Type Activations Learnables

1 linput Image Input 224X 224X 3 =
224x224%3 images with 'zerocenter' normalization

2 convl 1 Convolution 224 X224 X 64 Weights 3X3xX3x64
64 3x3x3 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1X1X64

3 relul_1 RelLU 224 X224X64 -
RelLU

4 convi_2 Convolution 224 X224 X 64 Weights 3X3X64X64
64 3x3x64 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1X1%64

5 relu1_2 RelU 224X 224X 64 -
RelLU

6 |pooll Max Pooling 112X 112X 64 -
2x2 max pooling with stride [2 2] and padding [0 0 0 0]

7 conv2_1 Convolution 112X112X128 Weights 3X3X64X128
128 3x3x64 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1X1x128

8 relu2_1 RelLU 112X112X128 -
RelU

9 conv2_2 Convolution 112X112X 128 Weights 3X3X128X128
128 3x3x128 convolutions with stride [1 1] and padding [11 1 1] Bias 1xX1x128

10 |relu2_2 RelLU 112X112X128 -
RelLU

11 |pool2 Max Pooling 56X 56128 -
2x2 max pooling with stride [2 2] and padding [0 0 0 0]

12 |conv3_1 Convolution 56X 56X 256 Weights 3X3X128X 236
256 3x3x128 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1X1X256

13 |relu3_1 RelU 56X 56X 256 -
RelLU

14 |conv3_2 Convolution 56X 56X 256 Weights 3X3X256X256
256 3x3x256 convolutions with stride [1 1] and padding [1 11 1] Bias 1X1Xx256

15 |relu3_2 RelLU 56> 56X 256 -
RelU

16 |conv3_3 Convolution 56> 56X 256 Weights 3X3X256X256
256 3x3x256 convolutions with stride [1 1] and padding [1 1 11] Bias 1X1X256

17 |relu3_3 RelLU 56 X 56 X 256 -
RelLU

1 |pool3 Max Pooling 28X 28X 256 -
2x2 max pooling with stride [2 2] and padding [0 0 0 0]

19 |conv4_1 Convolution 28X 28X 512 Weights 3X3X256x512
512 3x3x256 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1X1%512

20 |relu4_1 RelLU 28X 28 X512 -
RelU

21 |convd_2 Convolution 28X 28X 512 Weights 3X3X512x512
512 3x3x512 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1X1x512

22 |relu4_2 RelLU 28X 28 X512 -
RelU

23 |conv4_3 Convalution 28X 28 X512 Weights 3X3X512X512
512 3x3x512 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1X1Xb12

24 relud_3 RelLU 28X 28X512 -
RelU

25 |pool4 Max Pooling 1414 X512 -
2x2 max pooling with stride [2 2] and padding [0 0 0 0]

26 |convh 1 Convolution 14X14 X512 Weights 3X3X512X512
512 3x3x512 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1X1%512

27 |relus_1 RelLU 14X14 X512 -
RelU
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41

42

47

48

3.

To

cl

convs_2

512 3x3x512 convolutions with stride [1 1] and padding [1 11 1]

relus_2
RelU

convb_3

512 3x3x512 convolutions with stride [1 1]and padding [1 1 1 1]

relus_3
Rel U

transposed-conv

512 4x4x512 transposed convolutions with stride [4 4] and cropping [1 11 1]

rpnConv3x3

512 3x3x512 convolutions with stride [1 1] and padding [1 1 1 1]

rpnRelu
ReLU

renConv1x1ClsScores

6 1x1x512 convolutions with stride [1 1] and padding [0 0 0 0]

renConv1x1BoxDeltas

12 1x1x512 convolutions with stride [1 1] and padding [0 0 0 0]

rpnBoxDeltas
smooth-11 loss

regionProposal
region proposal with 3 anchor boxes

roiPooling
ROl Max Pooling with pooled output size [7 7]

fc6
4096 fully connected layer

relug
RelU

drop6
50% dropout

fe7
4096 fully connected layer

relu7
RelU

drop7
50% dropout

rennFC
4 fully connected layer

prob
softmax

rennClassification
crossentropyex with 'AD" and 3 other classes

rpnSoftmax
rpn softmax

rpnClassification
cross-entropy loss with 'object’ and 'background' classes

feBoxDeltas
12 fully connected layer

boxDeltas
smooth-I1 loss

Te et hod

verify the speci

assification

The test resul t

out si

Convolution

RelLU

Convolution

RelLU

Transposed Convolution
Convolution

RelLU

Convolution
Convolution

Box Regression Output
Region Proposal

ROI Max Pooling

Fully Connected

RelLU

Dropout

Fully Connected
RelLU

Dropout

Fully Connected
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