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Mapping Anh xa tir A* — B* véi f: A - B.

Histogram Db thi biéu thi phan phbi mau cua anh.

GAN Generative Adversarial Network, mang d4i nghich tao sinh.
CNN Convolutional Neural Network. mang neural tich chap.

Model collapse

M6 hinh sup d6. Fake image do Generator sinh ra giéng hét nhau
khi generator tim ra mot diém dir liéu dac biét ma tai diém do
discriminator khéng thé phan biét duoc. Toan boé md hinh khdng

phat trién mac du tiép tyc training.

Loss function

Ham tinh d6 16i caa mé hinh.

Metric S6 liéu danh gia mo hinh.
SUP Least upper bound, can trén nho nhat.
Fine - tuning Quy trinh danh gia, thar nghiém va tim kiém va 1ap lai cho dén khi

tim duoc hyperparameter tbi wu.
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Nhiing nghién ciru gan day vé nhitng md hinh hoc sau di cho thay két qua dang mong

Hinh 0.1. M& hinh chuyén déi tir anh niéng ring c6 mdc cai sang anh khong con niéng rdng

doi trong tac vu loai bo vat thé trong anh, hay 1a viéc thay thé cac déi tugng khéng mong
mubn bang céc pixel thich hop véi ngir canh da biét. Loai bo vat thé dya trén hoc sau da
duoc giai quyét théng qua nhimg bai toan nhu Inpainting hay Img2Img (Image to Image
translation). Thay vi tim hiéu trong mét linh vuc triru twong va rong 16n nhu vay, khoa
luan nay tap trung vao nhitng van dé phat sinh khi bai toan &p dung vao mot chuyén
nganh cu thé - nha khoa, d6 14 x6a bé mic cai trén rang (braces2teeth). Bic biét, toi phan

tich hudng giai quyét theo ba hoan canh cu thé twong ng véi ba loai dataset.

Pau tién, toi sir dung md hinh CycleGAN vai dataset, bao géom hai tap con 13 anh ring
c6 mac cai va anh rang khong co mac cai. Trong trudng hop thir hai 1a mé hinh Pix2Pix
Vv6i dataset 1a ddy cac cap {anh ring c6 mic cai, anh ring khong co6 mac cai}. Trong
truong hop cudi cung, ti sit dung mo hinh Inpainting (GraphCut két hop Contextual
Attention) dé cho phép ngudi ding thao tac x6a méc cai mot cach nhanh chong. Ngoai
ra, tdi nang cao cht lwong anh dugc xir Iy bang cach &p dung mot sé phuong phap tién
xu ly anh trén.

Theo hiéu biét cua t6i, khoa luan nay 13 mét trong nhitng nghién ctru dau tién quan tam,

giai quyét bai toan braces2teeth (braces to teeth) bing cac ky thuat hoc su.




CHUONG 1. TONG QUAN

Noi dung chwong 1 trinh bay tdng quan vé dé tai, bao gdm: dong luc nghién ciu (1.1),
muc tiéu dé tai (1.2), ddi twong va pham vi nghién cau (1.3), cac dong gop (1.4) va cudi

cuing 1a b cuc cua khéa luan (1.5).
1.1. Pong luc nghién ciru

Xt ly anh hay rong hon la thi gidc may tinh la mét trong nhitng linh vuc khoa hoc may
tinh c6 rat nhiéu ang dung hitu ich hién nay. Pac biét vao khoang thoi gian tir 2010 dén
nay, nhitng mé hinh hoc sau c6 co hoi phat trién va duoc lién tuc cai tién. S6 luong
nganh nghé trong doi séng va nhu cau can &p dung nhitng md hinh nay ngay cang gia

tang.

Y té 1a mot trong nhitng nganh can dén sy tro giGp cia may tinh nhiéu nhat, do sé luong
dan sb gia ting va tinh hinh bénh tat rat phuc tap, trong khi s6 lugng bac si, y ta khong
tang theo nén khdng thé dap ting nhu cau x& hoi. Khi xir ly anh duoc tng dung, ching
da giai phong sirc lao dong cho bac si trong nhiéu cong viéc nhu ké khai don thude, chan

doan bénh, ...

Nha khoa 13 linh vuc c6 bénh nhan thudng xuyén ddi dao, vi mdi nguoi trong doi déu
phai gap nha si nhiéu lan dé nho ring, tram ring hay niéng ring. Pac biét, do nhu cau
tham my, sé lugng nguoi dang niéng rang 1a rat 16n, nhung han ché cua niéng ring l1a
thoi gian deo méc cai kha 1au, it nhat 13 vai thang dén vai nim. Diéu d6 khién nhu cau
giao tiép, thé hién ban than, ... ciia ngudi deo mac cai bi han ché. Trong khi nhiéu tng
dung xi ly anh hién tai trong nha khoa chi quan tam dén vin dé chan doan va chita tri
cac bénh 1y ring nhu sau ring, nho ring, ... bao gom chan doan, tai tao ham véi hé théng

CAD/CAM, ... ma khong dé y dén van dé thim my¥ cua ngudi bénh. Tir thuc té nhu vay,




t61 da chon “Phuc hdi anh rang tir anh niéng riang c6 mac cai st dung GAN” lam chu dé
nghién cuu.

1.2. Muc tiéu dé tai

Muc tiéu dé tai 12 tao mé hinh xir Iy anh c6 dau ra va dau vao nhu sau.

Dau vao: anh niéng rang c6 mic cai, mic cai c6 thé c6 mau sic, hinh dang va chung loai

khac nhau. Mic cai c6 thé & moi goc do va moi vj tri trong anh.

Hinh 1.1. Anh rdng c¢6 mdc cai. Nguon: google images
Pau ra: anh rang khong con mac cai, nhitng viing mac cai bi xéa duoc khdi phuc sao cho

anh chan that nhat.




Hinh 1.2. Anh rang khéng cé mdc cai. Nguon: google images

Pipeline: phan tich, danh gia do kha thi bang ba mé hinh, mé hinh CycleGAN, md hinh

Pix2Pix va mé hinh Inpainting.




Mo hinh CycleGAN \

Hinh 1.4. Qua trinh xuz ly ciza mo hinh Pix2Pix

Anh ¢6 mic cai va dinh
dau méc cai do ngudi
dung vé

Hinh 1.5. Qua trinh xuz ly ciia mé hinh Inpainting
Tuy viéc x6a mac cai hoan hao Ia rat kho nhung trong gisi han dé tai khoa luan nay, toi
mong rang tng dung c6 thé giai quyét duoc nhitng van dé dang hién hiru trong thuc té &

moi noi, moi ddi tugng. Tir d6, dap tng nhu cau thim my cho ngudi dang niéng ring.




1.3. Péi twong va pham vi nghién cieu

Nhiing &ng dung 1am dep nhu B612, Facebook Filter, ... déu tng dung cac phuong phap
chinh stra anh ty dong, da xudt hién trén thi trudng rat lau va ciing ¢ mirc 6 anh huong
trong doi song ctia mdi ngudi. Tuy nhién tat ca nhitng tng dung, hay noi chinh xac hon
la nhitng phuong phap chinh stra anh trén tuy gitp nguoi dung dat dugc muc dich, nhung
déu khién anh khong con duoc chan that nhu ban dau do tinh chon loc (xac dinh ving
can stra d6i va noi dung can sira doi da chudn bi sin) va thay thé. Do d6 chung chi dap

g dugc nhu cau trong truong hop giai tri ma chua thé sir dung trong truong hop mang

tinh chat phi giai tri nhu héi hop, ¢éng viéc, ...

Hinh 1.6. Vi du vé nguoi diing dang trong qua trinh deo mdc cdi (g6¢ diedi bén trdi) do dang trong qud trinh niépg rang va si
dung cdc filter nhu hién tai dé che giau nhung gidai phap nay té ra khong phu hop trong nhieu truong hop. Nguon: Microsoft
Team




.

Yearbook, ...

Hinh 1.7. Vi du khac vé nhing tinh hudng khong thé si- dung filter, nhung nguwoi ding van muén nu cuoi ciia minh hoan heo.
Nguon: Facebook

Giai phap hién tai dé giai quyét nhu cau la sir dung nhitng phan mém chinh stra anh nhu
Photoshop dé chinh stra truc tiép, tuy nhién diéu ndy khé bat tién véi da s6 nguoi ding

va ciing khong kha thi khi xir 1y dinh dang video hay truc tuyén.

Do vay, phuong phap cta tdi d& xuat phai ¢ kha niang loai bo hoan toan mac cai va tai

tao lai noi vira x6a voi chat luong twong dwong nhirng the chinh sira anh chuyén nghiép.

Trong nhitng nam gan day, di c6 nhiéu nghién ctu lién quan dén tac vu xo6a vat thé
khong mong mudn ra khoi anh va khéi phuc lai ving da bi x6a nhu [1], [2] va [3]. Tuy
nhién, nhitng phuong phap nay con dang gip nhiing han ché nhu phai trich xuat dac
trung thi cdng. Mot trong s6 d6 1a PatchMatch (2009) da c6 y tuong sang tao vé viéc
tim kiém nhiing viing anh c6 san trong anh dé dién vao chd tréng, mé hinh nay kha tot
véi nhitng anh don gian tuy nhién van khong xir Iy dugc nhitng anh c6 két cau mau sac
phtrc tap nhu mac cai. Mot sé phuong phap sir dung GAN nhu [4] va [14], ... d3 dat
duoc nhiéu két qua tot trén cac bo dit lieu pho bién nhu phong canh, xe ¢, nha ctra va

6 kha ning c6 két qua twong tu trén bo dir liéu mac cai. Do do, trong khoa luin nay, toi




s& danh gia viéc sir dung md hinh GAN trong bai todn braces2teeth két hop vai mot sd

phuong phap khac.

Tu dong

braces2teeth

Nguoi dung
tu danh dau

https://theinpaint.com/

Hinh 1.8. So sanh két qud ciia mé hinh diroc trinh bay trong khéa lugn (trén) va dich vu x6a mdc cai ¢ sdn (duwdi).

1.4. Péng gop khéa luan
Khda luan da dat duoc noi dung sau:

— Pay 1a nghién ctru dau tién trinh bay phuong phap giai quyét bai toan braces2teeth.

— Thu thap bo dit liéu braces2teeth bao gém 1704 anh vé rang va 2165 hinh anh vé mac
cai. Ngoai ra con c6 hai bo dir liéu khac la braces2teeth Augmented va teeth2.

— Xay dung md hinh chuyén déi tir anh c6 méc cai sang anh rang bang md hinh Pix2Pix
(cho tap dir liéu cap) va CycleGAN (cho tap dit liéu khdng theo cap).

— Pé xuat md hinh cho phép chinh stra anh nhanh chéng bang Inpainting.




— Xay dung tng dung web st dung cdc mo hinh trén.
— Tao ramédt md hinh mé dé cong ddng co thé sir dung két qua nghién ctru va phat trién
{rng dung khac theo nhu cau.
— Cong bé khoa hoc:
1. Ky yéu Hoi nghi Al gap g& lanh dao Thanh phé H6 Chi Minh, Viét Nam,
6/11/2020 (Phu luc 1).
2. Téi tao anh rang tir anh niéng rang c6 mac cai sir dung GAN, Hoi nghi khoa hoc
Tré & nghién cuiru sinh UIT, Viét Nam, 18/11/2020 (Phu luc 1).
3. Ky yéu chung két Eureka linh virc Cong nghé théng tin 2020, Viét Nam,
27/11/2020 (Phu luc 2).
4. Reconstructed teeth images from braces using GAN, Biomedical Engineering:
Applications, Basis and Communications (BME) [Q4], Singapore, 2021 (Phu
luc 3).

1.5. B6 cuc khoa luan
Khoa luan bao gom 7 chuong:

— Chuong 1: Tong quan

— Chuong 2: Co s¢ ly thuyét

— Chuong 3: Bai ton braces2teeth
— Chuong 4: Thuc nghiém

— Chuong 5: Péanh gia

— Chuong 6: Ung dung minh hoa
— Chuong 7: Két luan.



https://khoahoctre.uit.edu.vn/danh-sach-bai-bao-duoc-dang-tai-hoi-nghi-khoa-hoc-tre-va-nghien-cuu-sinh-nam-2020
https://khoahoctre.uit.edu.vn/danh-sach-bai-bao-duoc-dang-tai-hoi-nghi-khoa-hoc-tre-va-nghien-cuu-sinh-nam-2020

CHUONG 2. CO SO LY THUYET

T6i xac dinh co s¢ ly thuyét theo ba khia canh. Dau tién 1a mot sé phuong phap gidi
quyét bai toan Img2Img (image to image) co ban (2.1). Tha hai 1a cac nghién ctu da
duoc cai tién tir nhitng mé hinh co ban dé sinh ra anh c6 chat lugng cao trong mot sd
ngit canh pho bién vé mat nguoi, phong canh, ... (2.2). Cubi cuing 13 cac cong trinh duoc
nghién ctru dé giai quyét bai toan Img2Img theo céach gian tiép bing cach loai bo ddi

tugng khdng mong muén va khdi phuc lai anh (2.3).

2.1. Bai toan Img2Iimg

2.1.1. GAN

mgn max V(D,G) = Ex-py,,,108(D(x)) + Ezp, log(1 — D(G(2)))

1
1
1
Sample "
1
1
A 4

1
1
dataset pyata :
Extract |
1
X 1

D(x) € {0,1}

Discriminator / Critic Loss
1
1
NN 1
1
1
—{ Generator G (p,) [—* Sample :
Traini |
T raining |
NN 1 X X
! 1
t 1
1

Hinh 2.1. So d6 tong quét ciia md hinh GAN. Nguon: [7]
GAN [7] 1a mot mé hinh ¢6 dién duoc gigi thiéu boi Ian J. Goodfellow vao nim 2014
da dat duoc rat nhiéu thanh céng I6n trong deep learning ndi riéng va Al néi chung. Mot
s6 ung dung ndi bat cia GAN nhu deep fake, image editing, generate realistic

photographs, super resolution, text to image, ...

10



GAN la hoc mét anh xa tir vecto noise ngau nhién z dén anh y, ki hiéu G: z = y [7].
Nguoc lai, conditional GAN (cGAN) [16] hoc mét anh xa tir anh x va vecto noise ngau
nhién z t6i y, G: {x,z} — y. Generator G duoc huin luyén dé tao ra dau ra khong thé
phan biét duoc véi dir liéu thuc bai Discriminator D, la mot mang classification dugc
huan luyén dé phat hién dit liéu gia do G sinh ra. Ca 2 mang déu duoc huin luyén song
song hoic tuan tu cho dén khi dat trang thai can bang Nash (Nash equilibrium).

Gia sir p 1a phan phdi xac suat tap anh that va g 1a phan phéi xéac suét tap anh gia. Dé
danh gia mé hinh tét hay khdng (mic d6 chan that caa anh sinh ra), tdi st dung mot sd

metric la phan ky Kullback - Leibler (KL divergence):

P(x)
Q(x)

D (PIIQ) = ) P(0)log (5 ) 1)

hoac phan ky Jensen - Shannon (JS divergence):

1 P+ 1 P+
Dis(PIIQ) = 3 D (Pl | 52) + 3 D@l [ 5-2) 22)

véi muc tiéu 1a Dy, (P]1Q) hodc D;s(P||Q) xap xi 0. Tuy nhién, khi ky vong (mean) cua
g tang (mot nira mo6 hinh GAN dang hoi tu) thi gid tri phan ky tang, dao ham giam. G
cap nhat rat it hoac hau nhu khong cap nhat tir gradient descent, hién twong nay duoc
goi generator diminished.

Mot van dé khac, loss function nguyén thay (trong khoa luan dau tién vé GAN) lam mat
can bang qué trinh training (D thuong 6n dinh hon véi G & giai doan dau). Khi g qua xa

S0 V&i p:

—V, log (1 ) (G(zi))) - 0 (log1 = 0). (2.3)
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Khién G s& kho hoi ty, day ciing 1a mot trong nhirng nguy@n nhan 1am giam chit lwong
anh. N6i chung, GAN van 13 mot mo hinh co ban nén trong giai doan tir nim 2014 dén
nay, da c6 nhiéu nghién ctu cai thién chat luong anh sinh ra Ién rat nhiéu.

2.1.2. DCGAN

Véi nhiém vu lién quan téi xt ly anh, mé hinh CNN duoc két hop voi GAN dé chat
lwong anh duoc sinh ra tot hon. M6 hinh nay dwgc goi la DCGAN [13]. Mot s6 dic diém
DCGAN khéc véi CNN truyén thdng nhu st dung stride - 2 conv layer thay cho max

pooling layer, sir dung global average pooling thay cho fully connected layer.

2.1.3. WGAN

Vén dé trong qua trinh training GAN 14 generator diminishes va mo hinh collapse (nguoc
lai v&i generator diminishes) khién mé hinh khé hoi tu. Bé khac phuc mét phan van dé
nay, [9] da dé xuat loss function mégi trong mé hinh Wasserstein GAN (WGAN) [14].
Wasserstein W (hay Kantorovich — Rubinstein), gibng nhu phan ky KL va phan ky JS l1a
mot metric dénh gia sy khac biét gira 2 phan phdi xac suat P, (tap anh that) va P, (tap
anh gia) nhung c6 mot dic diém quan trong 1a dao ham muot tai moi diém. Trong loss
function méi, muyc tiéu cudi cung ciia mang la cé gang sao cho W (B, B,) thap nhat c6
thé (hay generator sinh ra anh c6 chat luong gan nhu anh that nhat).

Pé tinh toan W theo cong thirc gbc s& phat sinh nhiéu chi phi nén tac gia da dé xuat st

dung ddi ngiu Kantorovich - Rubinstein dé don gian hoa cong thirc goc thanh:

w(R.,Fy)= sup Ex.p, [D ()] — Ezp, [D(2)] (2.4)

Trong d6 sup 13 can trén nho nhit va D 1a tap 1 - Lipschitz function (thoa diéu kién
If (x,) — f(x)] < |x; — x,]). Nhu vay muc tiéu méi cua tdi 1a tim (md phong) f bang
deep neural network F nao d6 véi layer cubi co dau ra 1a vo hudng, tugng trung cho viéc

danh gia chat luong anh x.

12



Dé F hoi tu, t6i giéi han weight cia F (F,) trong mién compat (—c,c) Véi c la
hyperparameter.
w « clip(w, —c, c) (2.5)

Thue nghiém cho thdy ¢ nam ¢ khoang gan véi 0.01. Tuy nhién véi md hinh khac hoic
dataset khac ¢ s& phai thay d6i. Nhu vay, tdi phai fine — tuning dé c6 duoc c. Nhuogc
diém nay s& duoc khic phuc trong WGAN - GP.

2.1.4. WGAN - GP

GP Ia tur viét tit cua gradient penalty. LAy £ = ex + (1 — €)% la phan phéi mau, tdi ép

dao ham cua 1 - Lipschitz function D nho hon 1 bang cach cong vao W (P, P,) lugng:

A(IIV,eDW(a?)II2 O@—-m)- 1)2 , A =10 (m =0 néu Ia mask) (2.6)

Giai thuat cudi cung caa mé hinh:

Algorithm 1 WGAN with gradient penalty. We use default values of A = 10, ngiic = 5, o =
00001, ,61 = 0, .132 =0.9.

Require: The gradient penalty coefficient A, the number of critic iterations per generator iteration
Neritic» the batch size m, Adam hyperparameters «, 51, 3s.
Require: initial critic parameters wy, initial generator parameters 6.
1: while 6 has not converged do

2: fort =1, ... nge do

3: fori=1,...mdo

4: Sample real data & ~ P, latent variable z ~ p(z), a random number ¢ ~ U0, 1].
5: T Gg(z)

6: T ex+ (1—e)x

7: L% « Dy (&) — Dy(x) + M\(||V& Do (2)]]2 — 1)2

8: end for

9: w + Adam(V,, % S LY w,ay B, B2)

10: end for

11: Sample a batch of latent variables {z()}™ | ~ p(2).

12: 0 < Adam(VyL Y""" | —D,,(Gg(2)), 0, , B, B2)
13: end while

Hinh 2.2. M4 gia cia md hinh WGAN — GP. Nguon: [14]
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2.1.5. Cac md hinh hién dai giai quyét bai toan Img2Img

Uni - model Pix2Pix / Inpainting

Supervised

Multi - model | BicycleGAN

Img2Img

Uni - model CycleGAN

/

Unsupervised

Multi - model StarGAN, MUNIT,

Hinh 2.3. Céc bién thé ciia GAN. Nguon: https://nttuan8.com/
Vé mat tong quét, bai toan Img2Img 1a bai toan néu cho dau vao la mot anh thi mé hinh

s& cho ra mot hodc nhiéu anh twong ung.

Véi yéu cau mot dau ra tuong tng (uni — model) thi ¢d I6p cac md hinh giam sat
(Pix2Pix) va khong giam sat (CycleGAN), mot sb bai toan tiéu biéu cuaa uni - model 1a
chuyén tir anh x4m sang anh mau, anh chup sang tranh v&, hay anh chup sang anh hoat
hinh.
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Hinh 2.5. Bai toan chuyén tir anh that sang tranh vé. Nguon: [14]
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Hinh 2.6. . Bai toan chuyén tir anh that sang anh hogt hinh. Nguon: https://nttuan8.com

Véi yéu cau nhiéu dau ra theo cac diéu kién khac nhau (multi - model), ciing c6 16p céc
mo hinh giam sat (BicycleGAN) va khong giam sat (StarGAN, MUNIT, ...), bai toan
tiéu biéu caa multi - md hinh 14 nhan vao mot anh nhung cho ra nhiéu anh theo nhiéu

ngit canh / diéu kién khac nhau.

Vé bai toan braces2teeth, muc tiéu ciia ching ta 1a hoc mot anh xa f chuyén déi gitra hai

domain (uni — model), 4nh ring mac cai (X) va anh rang khong c6 mac cai (Y) véi cac

16



mau cho truéc x*, (x; € X) va yj=1 (yj €Y) ding dé huan luyén nén toi tap trung dén

md hinh Pix2Pix va CycleGAN.

|

12 loss (cycle 1
consistent loss) |
1

Real image in X AE Gy Fake image in Y AE Gyy Reconstructed / fake image in X

Dy Dy ' CycleGAN loss

Real image in ¥ Dy(xe) € {0,117 Dylxy) € {01}
| |

Hinh 2.7. M6 hinh téng quéat ciia CycleGAN, bao gom hai Generator G_XY,G_YX va hai Discriminator D_X,D_Y. Nguén:
[14]

Real image inY’ AE Gyry Fake image in Y
Dy —>: Pix2Pix loss |
Real image in Y Dy(y) € {0,1}

Hinh 2.8. Md hinh téng quét ciia Pix2Pix, bao gém mét Generator Gy, va mgt Discriminator Dy, Gy & &nh xg Y'—Y

trong khi d6 Dy 1a mang classification giira Y va Y qxe. Nguon: [15]
Trong md hinh Pix2Pix, generator duoc huin luyén dé tao ra anh trong domain dich
tuong g Voi cac anh dau vao trong domain ngudn. Tuy nhién, Pix2Pix phai duoc cung

cap cac mau dir lidu theo ting cap dau ra — dau vao twong ung. Dé giai quyét han ché
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nay, CycleGAN [14] bang cach sir dung cycle consistency loss, dugc sinh ra tir ¥ tuong
dwa trén thuc té 1a anh phai duoc tai tao chinh xéac sau khi thyc hién hai phép bién d6i
lién tiép v&i phép bién doi thir hai nguoc véi phép bién doi thir nhat. Mé hinh nay gidp
cac md hinh img2img c6 thé duoc huan luyén bang hai dataset riéng biét (khéng can cac
cip twong wng). Tuy nhién, su that 12 két qua cua phuong phap nay khéng tét bang
Pix2Pix.

2.1.5.1. CycleGAN

CycleGAN [14] 12 mot lya chon tét dé giai quyét bai toan nay vi f dugc thiét ké dé co
hiéu suat tt nhat dbi vai tac vu thay doi vé bé ngoai, khéng phai ddi véi cac thay ddi vé
hinh dang. Vi ¢6 cling muc tiéu 1a x6a bé méc cai trén rang (khong phai thay ddi hinh

dang riang) nén t6i chon CycleGAN lam mé hinh dau tién dé thar nghiém.

CycleGAN cé hai anh xa (generator) G: X — Y va F:Y — X va hai discriminator Dy, D,
, Voi Dy dung dé phan biét anh that x va anh gia F(y); tuong tu, D, ding dé phan biét
anh that y va anh gia G (x). Muc tiéu cua CycleGAN bao gom hai phan: adversarial loss
[7] danh gida mic d6 trung khép gitra hai phan phdi cua anh that trong domain dich va
anh gia do generator sinh ra; va cycle consistency losses dung dé ngin hai 4nh xa G va

F mau thuan vai nhau.

CycleGAN sir dung adversarial losses [7] cho ca hai anh xa. P6i voi anh xa G: X - Y

va discriminator twong tng Dy, ta ¢6 ham loss nhu sau:

Lan(G, Dy, X,Y)
= Eypaara [10gDy (¥)] 2.7)
+ Ex~pdata(x) [lOg(l - Dy(G(x))]

Trong d6 G sinh ra anh ring khong c6 mac cai gia G(x) giéng nhu anh that y trong

domain Y va Dy, phan biét ¢ nhiém vu phan biét G (x) va y. G c¢é nhiém vu ti thiéu hoa
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anh gia bi phat hién trong khi Dy lai c6 gang tbi da hoa sb trudng hop nay. CycleGAN

cling c6 ham adversarial loss twong ty d6i véi anh xa F: Y — X va discriminator Dy.

Hai 4nh xa G va F c6 thé tao ra dau ra ¢ phan phéi gidng hét nhu trong domain dich Y
va X twong ung. Tuy nhién, khi s6 luong anh dung dé huan luyén dua 16n, c6 rat nhiéu
anh xa thoa man adversarial loss | sinh ra phan phéi tring véi mau cho truéc ma khong
thé dam bao riang anh xa da hoc c6 thé bién d6i mot dau vao don 1é x; toi dau ra mong
mubn y;. Bé giam thém khdng gian cua cac anh xa kha di, cac tac gia cia CycleGAN
lap luan rang cac anh xa phai nhat quéan véi chu trinh sau, véi mdi phan ti x tir domain
X, chu ky chuyén doi c6 thé dua x vé ban dau, x —» G(x) - F(G(x)) ~ x. Tuong tu,
véi méi phan tir y tir domain Y, G va F ciing phai théa méan tinh nhat quan caa chu trinh:

y = F(y) » G(F(y)) = y. Taco cycle consistency loss la:

Leye(G,F) = Ex~pdata(x)[F(G(x)) — x] (2.8)
+ Ey~pdata(y) [G(F(Y)) - y]-

Ham loss ddy du cua CycleGAN:

L(G;F;DX;DY!X; Y) (29)
= Lan(G, Dy, X,Y) + Loan(F, Dy, X, Y)
+ ALcyc (G, F)

Vi hé s6 =10 1a hé s6 téi vu da dugc thuc nghiém trong [14].

2.1.5.2. Pix2Pix

Pix2Pix [15] d3 duoc chitng minh 12 ¢6 chat luong anh sinh ra tét hon CycleGAN trong
[14]. Tuy nhién, viéc chuan bi dataset bao gom cac cap nhu hinh 1 1a diéu rat kho khan
va hét suc tén kém. Anh chup trong qué trinh niéng ring va sau khi thao niéng / truéc
khi deo niéng thuong khong khac nhau do khac goc d6 chup hodc do ring ciia nguoi

niéng d c6 nhiéu thay doi.
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2.2. Ky thuat ting cwong anh cho bai toan Img2lmg

Céc cong trinh gan day da cb ging cai thién két qua cua cac mé hinh trong mét sé bai
toan nhu ariel2map, ... [23] tap trung vao tac dong cua cac 1op latent va stra doi kién tric
ctia md hinh dé khién chat lwong anh sinh ra duoc cai tién. Nhitng nghién ciru khac nhu
[24] d& xuit hudng bd sung cac thanh phan phu trg nhu attention layer vao mé hinh.
Ngoai ra con rat nhiéu ki thuat khac duogc toi ldy cam hung dé cai thien két qua trong

bai toan braces2teeth s¢ duoc trinh bay trong chuong 3.
2.3. X6a vat thé khong mong mudn va khai phuc lai anh

[25] 14 nghién ciu vé mot bai toan co nhiéu nét twong dong véi braces2teeth. M6 hinh
cua ho co thé tu dong x6a khau trang va téi tao lai khu vuc da xo6a. Hai tac vu nay dugc
thuc thi trén hai module riéng biét va két qua ciia module x6a khau trang (1) s& 1a dau
vao cho module khéi phuc viing bi x6a (2). Mic du da dat duoc két qua tét trong da s6
truong hop nhung toan bd md hinh con kha cong kénh va khong thé xda nhirng khau
trang khong c6é trong dataset.

Tur nhitng khuyét diém nay, toi dé xuat thay doi hudng tiép can cua module (1) dé c6 thé
xur Iy tat ca mac cai co kich thudc, kiéu dang, mau sic khac nhau. Y tuéng dugc trinh

bay chi tiét nhu sau.

Refinement
Network
] i
Model N Contextual Coarse
GraphCut Attention Network
| I |
Image . l
(CIELab) Binary mask cpncat Boykov-Kolmogorov
Real Image in X Min-Cut/Max-Flow
t
Superpixel Mapping
generation (SLIC) into Graph

User interaction

Hinh 2.9. So d6 tong quan cza md hinh Inpainting, bao gom hai mé hinh GraphCut va Contextual Attention ngi tiép nhau
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a. Origin image b. User interaction

e. Binary mask f. Binary mask concat ¢. Final result
with origin image

Hinh 2.10. Anh trong cdc giai doan xi 1y ciia md hinh Inpainting

M6 hinh GraphCut s& nhan vao anh géc (hinh 2.10.a) va user interaction (hinh 2.10.b)
danh dau vi tri mic cai (mau d6 danh dau khong phai mic cai va mau xanh danh dau
mac cai). M@ hinh GraphCut &nh xa anh sang tap superpixel (hinh 2.10.c va 2.10.d) va
sir dung thém thdng tin tir user interaction dé anh xa tiép sang o thi ba chiéu. Cudi cing
dua d6 thi ba chiéu vao thuat toan cua Boykov-Kolmogorov Min-cut/Max-follow dé thu
dugc 2 do thi con S la tap cac superpixel dugc danh dau la braces va T 1a tap cac
superpixel dugc danh dau 14 teeth. T6i 4nh xa nguoc lai S va T vé anh gbc va co duoc
mot binary mask véi gid tri 1 danh dau mac cai va gia tri 0 danh dau khdng phai mic cai
(hinh 2.10.e).

2.3.1. X6a vat thé véi md hinh GraphCut

Hién nay c6 nhiéu md hinh deep learning nhu U — net, Fast — RCNN da xir ly tét tac vu

x0a vat thé tuy nhién yéu cau thoi gian va qua trinh training. Dé don gian ching, toi st
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dung GraphCut, mot phuong phéap thuan xu ly anh c6 do chinh xac kém hon nhung thoi

gian phan hoi thap va khong can giai doan training.

Dau vao: anh mau M (khdng gian mau RGB), tap sink node va tap source node.

Hinh 2.11. Pdu vao ciia m6 hinh GraphCut, chdm xanh dwong dénh déu vi tri sink node va chdm do danh dau vi tri source
node

Pau ra: nhitng pixel thuoc node s dugc giir nguyén, con node ¢ thi chuyén vé gié tri RGB
(255,255,255).

Hinh 2.12. P4u ra cia md hinh GraphCut
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Image (RGB)

A

Image (CIELab)

A

Boykov-
» Kolmogorov Min-
Cut/Max-Flow

Superpixel | Mapping into
generation (SLIC) Graph

Hinh 2.13. Quy trinh xi I ciia mo hinh GraphCut
GraphCut [1] 1a mét phuong phap 4p dung ly thuyét d6 thi. Cho do thi G(E,V), cut Ia
duong cit chia G thanh 2 db thi con véi min-cut 1a dudng cut véi tong sb luong edge cit
qua la nho nhit va nguoc lai véi max-cut. Vi du: véi d6 thi dudi min-cut 13 2, va khdng

c6 cut ndo c6 gia tri 1 vi d6 thi khéng co cau.

=)
\
L]
Hinh 2.14. Graph G véi 5 dinh, nét dirt chinh la cut. Nguon: [1]
Trong mang dong chay (flow network), cho G (E, V) hitu han va méi edge (u, v) ¢6 trong
s6 ¢ 1a gié trj thuc khong &m. Gia st c¢6 hai node, sink node (dinh thu) va source node
(dinh phat) da dugc xac dinh. s - t cut la duong cut chia G thanh hai tap S va T sao cho

Vs € S, s lanode chura pixel la foreground va vt € T, t 1a node chira pixel 1a background.

23



T6i goi s - t cut 14 max-flow khi tong trong sé cua cac edge duong cut di qua 13 cuc dai

va nguoc lai vai min-flow.

sink node

source baco

Node (no label):

(ob) node s

Chua co
(bk) node t

Hinh 2.15. Hinh 2.15. 4 logi node trong dé thi, sink node 1a node chza background va source node chiza foreground
Ung dung trong viéc xda vat thé (phan doan anh), dudng phan doan foreground va
background 13 duong cut thoa man diéu kién min-cut 1an max-flow. T6i sir dung thuat
toan Boykov - Kolmogorov dé tim ra duong cut nay. Mdi pixel 1a node va khoang cach
(46 lech maw) giira 2 pixel 1a trong sé c(u, v) cua edge néi lién ching, ta c6 thé anh xa

tir anh bat ki sang d6 thi G(E, V) twong tng.
2.3.1.1. Giai dogn chuyén déi sang khong gian CIELab

Pé tinh toan khoang cach mau giira 2 pixel, cong thirc CIDE2000 phét trién bai CIE
(International Commission on Illumination) dwgc khuyén khich st dung. Dé st dung
CIDE2000, ta chuyén anh RGB vé khdng gian mau CIELab.

Viéc chuyén d6i bao gom 2 budc:

Budc 1: Chuyén tir RGB sang khong gian chuan XYZ
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//sR, sG and sB (Standard RGB)

//X, Y and Z output refer to

var_R = ( sR / 255 )
var_G = ( sG / 255 )
var_B = ( sB / 255 )

if ( var_R > ©.04945 ) var_R

else var_R
if ( var_G > ©.84045 ) var_G
else var_GQ
if ( var_B > ©.04945 ) vaer_B
else var_B
var_R = var_R * 108
var_G = var_G * 100
var_B = var_B * 1@8
X =var_R * ©.4124 + var_G *

-
"

var_R * 8.2126 + var_G *
Z =var_R * 9.0193 + var_G *

a

2.

2.

input range = @ + 255
D65/2° standard illuminant.

( ( var_R + 8.855 ) / 1.855 ) ~ 2.4
var_R / 12.92
( ( var_G + 8.855 ) / 1.855 ) ~ 2.4
var_G / 12.92
( ( var_B + 8.855 ) / 1.855 ) ~ 2.4
var_B / 12.92

3576 + var_B * 0.18@5

.7152 + var_B * 0.8722

1192 + var_B * 0.95@5

Hinh 2.16. M4 gia qua trinh chuyén ddi tir khong gian mau RGB—XYZ. Nguon: [19]

Budc 2: Chuyén tir khdng gian chuan XYZ sang khdng gian CIELab

//Reference-X, Y and Z refer to specific illuminants and observers.

//Common reference values are available below in this same page.

var_X = X / Reference-X
var_Y = Y / Reference-Y
var_Z = Z / Reference-Z

if ( var_X > 8.008856 ) var_X

var_ X ~ ( 1/3 )
( 7.787 * var_ X ) = ( 16 / 116 )
var_Y ~ ( 1/3 )
( 7.787 * var.Y ) + ( 16 / 116 )
var_Z ~ ( 1/3 )
(7.787 * var_Z ) + ( 16 / 116 )

® o~

® o~

else var_X
if ( var_Y > ©.098856 ) var_Y
else var_Y
if ( var_Z > 8.008856 ) var_Z
else var_Z
CIE-L* = ( 116 * var_Y ) - 16
CIE-a* = 508 * ( var_X - var.Y )
CIE-b* = 200 * ( var Y - var_Z )

Hinh 2.17. M4 gia qua trinh chuyén ddi tir khéng gian mau XYZ—CIELab. Nguon: [19]
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2.3.1.2. Giai dogn chuyén déi SLIC

Tuy nhién, khi thuc hién theo cach truyén thng vai vi du anh 256 x 256, gia sir chi c6
1 sink node va 1 source node, ching ta c6 sé luong node 1a 256 x 256 = 65536, s6 lugng
edge (256/4*4 + 256/8*2)*255 + 256*2 = 82112. Vi kich thudc cia db thi sé& ting theo
cap s6 nhan kich anh nén dé giam bét khdi luong tinh toan, tdi sir dung phwong phap
Superpixel generation, 13 phuong phap anh xa tir anh c6 kich thudc bat ki sang ma tran

nhitng pixel 16n (pixel chtra nhitng pixel gan giéng nhau).

Khéi niém Superpixel duoc str dung dé am chi ¥ tuong vé nhiing pixel gan nhau thi c6
gi& tri mau gan nhu twong ty nhau, do d6 chiing ta c6 thé nhém nhiing pixel chung dic
diém thanh mot pixel duy nhét c6 gié tri mau cé thé bang trung binh cac pixel cau thanh,
pixel méi dugc tao duoc goi 1a superpixel (viét tat 1a SP). Mdi SP s& ¢ thdng tin bao

gom pixel trung tam (center) va bién véi superpixel khac (boundary).

Hién tai c6 3 thuat toan Superpixel generator pho bién: SEEDS [19], SLIC [20] va LCS
[18]. Két qua va ¥ tudng ciia ba phwong phép trén anh ring c6 méc cai la trong ddi gidng

nhau nén téi s€ trinh bay SLIC 1a m6 hinh tuong trung.

= [

Origin image LSC, region size = 10, 290 sp

SLIC, region size = 10, 319 sp SEED, region size = 10, init sp = 500, 108 sp

Hinh 2.18. Superpixel generation bdng nhitng phwong phdp khdac nhau, LSC va SLIC yéu cau tinh toan lai region size aé dat
ket qud tot nhat. Trong khi doi véi SEED, kich thudc mac cai sé thay doi theo kich thuoc anh nén khdng can thay doi tham so
la so luong superpi
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2.3.1.2.1. SLIC

SLIC (viét tat simple linear Iterative cluster) 12 mot phuong phap anh xa anh bét ki sang
{SP},Vsp € SP,sp = {center, boundary}. Phuong phap nay chia thanh 2 budc.
Budgc 1: Khéi tao vi méi center Cy, = [Ly, @y, by, Xk, Vi ] trong d6 Ly, a, by, 1a gia tri

mau trong khéng gian CIELab, x;, y, 1a toa d6 trong anh.

Hinh 2.19. Cac SP khi khdi tao cé center cach déu nhau nén cac boundary sé song song va cach déu nhau

N: s pixel
Init K: s& superpixel (SP)

S: Jg khoang cach giira cac SP

Y

diap =+ (Lg — L)% + (a — a)? + (b — b;)?
dxy = \/(xk - xi)z + (yk - y)z

m |a tham sé ti trong

Foreach C, = [Ly, Ay, by, Xk, V]
Tinh ds = dyap + 7 day

Hinh 2.20. Quy trinh khdi tao véi méi SP. Nguon: [19]

Budc 2: Tim center mGi cho mdi SP.
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Tim trong khong gian 25*2S xung
quanh center N/K pixel cé6 dg¢ min

\J

Tinh new center

d(center, new center) < threshold ?

No

Yes

Hinh 2.21. Quy trinh Xz Iy véi méi SP. Nguon: [19]

Hinh 2.22. Cac boundary méi sau khi tinh lgi center cho tdt ci SP
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2.3.1.3. Giai dogn Mapping

\3 - source W giltasvan
Z7ARNN
/ /H /{ \ -\‘ \\\ /
/71 LA\
/ s \ N\
/ .‘-‘ |“ I\ N \ \

W giltasvan

-

L~ 2N 3/ /  /pixels
. \ | | / / 1

\\ \ ’ |/ / geeayll

NN\ (] /\
Wgiltatvan

\&%3/1 - sink

Hinh 2.23. 6 thi mdu sau khi Mapping. Nguon: [19]
Sau khi co tap SP, ta anh xa chung sang d6 thi dé &p dung thuat toan Boykov -
Kolmogorov. C6 hai budc tinh toan chinh:
Buégc 1: Khai tao trong sé cho cac node bang véi gia tri mau mdi superpixel vai viéc
gan mot SP twong trng Vi mot node.
Budc 2: Khai tao trong s6 cho céac edge w(u, v) bao gom 3 loai giita 2 node khong label,

khong label - co label va 2 node co6 label.

Véi 2 node u (center, hist) va v (center, hist) (véi hist la histogram):

similarity(u, v) (2.10)
cv2. compareHist(u.hist, v.hist)?
= e( 2%g? )
1

*
distance(u. center, v.center)
VoI

cv2.compareHist(H1,H2) i= d(H1,H2) = (2.11)
2., min(H,; (1), Hy(I))
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Ta co6 duoc:

w(u,v) =1+ sim(u, v) (2.12)
Véi node s(center, hist), t(center, hist) va u(center, hist) (khéng label):

hist,,(u) _ histy,(w) (2.13)
hist,,sum’ PTok = hist,,sum

PTop

Néu pry, > 0 — w(t,u) = 100000, w(s,u) = 0.9 x —log(pr,,) (2.14)
Néu pr,, > 0 — w(s,u) = 100000, w(t,u) = 0.9 x —log(pr,,) (2.15)

Véinode s(center, hist), t(center, hist) (center, hist) vau(center, hist) (c6 label):

u (label Source node), w(s,u) = 1 + sim, w(t,u) =0 (2.16)
u (label Sink node), w(t,u) = 1 + sim, w(s,u) =0 (2.17)
2.3.1.4. Giai dogn chuyén déi Boykov - Kolmogorov

Sau khi ¢6 do thi G(E, V), t6i 4p dung ham Boykov - Kolmogorov: G — [S, T] dé thu
dugc dothi SvaT.

2.3.2. Khoi phuc anh bing Generative Image Inpainting with Contextual Attention

Pau vao: anh RGB va binary mask, véi binary mask dwoc anh xa tir ¢au ra cia mé hinh
GraphCut.
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Hinh 2.24. Anh géc (Ground truth, viét tat 1a GT)

Hinh 2.25. Mdt na nh; phan (Binary mask), pixel mau tring
thé hi¢n vang can xéa

Hinh 2.26. GT va binary mask sau khi thxc hi¢n phép
concat

Pau ra: anh dugc phuc hoi.

Pipeline:

Input

v

Coarse Network

Hinh 2.27. Anh sau khi dwoc phuc héi

v

Refinement Network

Hinh 2.28. Quy trinh xu ly czza m6 hinh Inpainting

v

Output
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| Spatial Discounted I, Loss |

Il

Coarse Network Refinement Network

I

|looommmmod(|]

Dilated Conv.

f [Jooommeeon

Dilated Conv.

3 e BT
Raw Input and Mask

Coarse Result Inpainting Result

Hinh 2.29. Kién trlic ciia toan bg mé hinh Contextual Attention. Nguon: [4]

Kién tric mang chia lam 2 giai doan:

Giai doan 1 (Coarse network): giai doan lam tho, tir missing region anh dugc khoéi phuc
sao cho ndi dung bén trong chi can tuong thich voi background. Giai doan ndy mé hinh
sir dung thém Spatial discounted reconstruction loss dé danh gia chét lwong theo khoang
cach tir boundary ctia missing region dén cac missing pixel bén trong, khoang céch cang
nho thi pixel phuc hdi cang phai khép véi background (¥ vai i 1a khoang cach dén pixel
bén ngoai boundary gan nhat va y = 0.99). Céc I6p convolutional sir dung filter 1a

dilated layer.

1 Dilated Convolution 2 Dilated Convolution 4 Dilated Convolution

Hinh 2.30. Ma trdn dilated véi padding va dg gidn noé khac nhau. Nguon: [4]
Dilated layer sir dung kernel ¢ cac phan tir cach déu nhau va padding boi phan tu 0.
Khoang cach cach déu va do day cuaa padding ty thudc vao kich thuéc anh muén gian

nd. Khi di qua nhiéu dilated layer, kich thudc anh duoc ting vé ban dau.
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Giai doan 2 (Refinement network): giai doan lam min.

THHDDDLD

Contextual
Attention Layer I:I H H
Concat

Visualization

1L

Coarse Result H |:| D D D D I:I I:I Inpainting Result
Dilated Conv. -

Attention Map Color Coding

Hinh 2.31. Kién tric ciia mang Coarse. Nguon: [4]

Deconv. for
Reconstructior

Input
Feature

Softmax for
4 Matching Comparison

Foregroun

Hinh 2.32. Kién tric cia Contextual Attention Layer. Nguon: [4]
Refinement network sir dung két qua tir hai mang doc 1ap Contextual Attention va
Dilated Convolutional sau dé concat vdi nhau. Mang Contextual Attention tim nhitng

pixel phu hgp trong background va khéi phuc vao missing region véi 3 bude nhu sau:
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— Buéc 1: Rat trich cAc manh (patch) 3x3 tir background va reshape dé tao thanh filter.

— Budc 2: Missing region (foreground) dugc dua qua mang convolutional véi filter tur
budc 1 va layer cudi cung sir dung ham softmax.

— Budc 3: T6i thu dugc ma tran Attention Score c6 nghia sau. Dya vao Attention Score,
t61 x4c dinh dugc chinh xéc gié tri mau can phuc hdi dua vao nhitng pixel khac trong

anh.

-

N A
Inpainting Result  Attention Map Color Coding

Attention Map

Hinh 2.33. Attention thé hién dé nrong d@ong pixel can khoi phuc khi so véi pixel khac trong background. Nguon: [4]
Mang dilated m& rong receptive field vai muc dich tong quét hda va co Kién tric tuong
tu voi coarse network. Ly do can sir dung hai mang véi cuing muc dich 1a dé dat duoc ca
hai yéu to: chat luong (resolution) - dic trung chi tiét va do hop ly (consistency) - dac

trung tong thé. Khi str dung chi mét trong hai, t6i gap van dé sau:

Hinh 2.34. Cac vi tri tgi bién (dinh dau do) c6 hién nrong inconsistency khi khdng két hop vdi dilated network. Nguon: [4]
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CHUONG 3. BAI TOAN BRACES2TEETH

Nhu di trinh bay, CycleGAN c6 thé dat dugc két qua tét trong nhiéu trudng hop.
Nhung dbi véi mot s6 loai méc cai dic biét nhu mac cai da sac, mac cai s, mic cai vo
hinh thi md hinh gap tinh trang x6a khong hét hoac khdng thé xoa dugc. Noi dung cua
chuong 3 bai gdm hai phan, phan tich cac truong hop kho xir Iy xay ra khi st dung mo
hinh CycleGAN va céc ki thuat han ché 15i (3.1), mot s6 ki thuat tao dataset cho md
hinh Pix2Pix (3.2).

3.1. Xir ly ngoai 1¢

3.1.1. Tang cwong anh

Y '< Mic cai da séc

Anh c6 Anh c6 mic cai Anh c6 Anh c6 méc cai
< N \ A \ A 017 2z 3 e z < 5 1
mac cai mau hong mau hong duoc xur ly mac cai da sac da sac duoc xur ly

Hinh 3.1. Truwong hop méc cdi da sdc

Miéc cai sit

Anh c6 Anh c6 mét phan méic Anh ¢6 Anh c6 méc cai sir
mdt phan mac cai st cai st duge xir Iy méc cai st duoc xur Iy

Hinh 3.2. Truong hop mdc cai sir
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Vi mic cai ¢ thé c6 nhiéu mau sic khac nhau nén md hinh van khéng thé xoa dugc
nhitng trudng hop dic biét nhu mau tring voi nhitng thanh phan cia rang nhu hong (loi),
rang (tring — mAac cai s&). Toi giai quyét van dé nay bang mot sé phuong phap ting

cudng anh nham ting cudng sé lwong mau sic thé hién trong mac cai.

Déi vai mdi anh trong dataset, tdi tao ngau nhién cac phién ban ting cuong bang cach
thay d6i cac kénh mau S va V trong khong gian HSV dé rang va niéng rang c6 tong mau
khéc nhau. Sau khi thir nghiém, nhitng méc cai c6 mau sic sic s& da duoc x6a, tuy nhién

mo hinh ciing thay d6i sac thai cia anh khé nhiéu.

Origin image Generated image Origin image Generated image

Hinh 3.4. 4nh gdc va dnh do md hinh CycleGAN sau khi &p dung tang cwong danh.
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3.1.2. Trich xuét viing miéng

Mac cai ¢6 do

phan giai thap
Anh co til¢ khu v Anh ¢6 ti 1¢ khu vuce Anhcotile khuvuec  Anh co ti 1é khu virc
mac cai so véi toan b mac cai so v&itoan bd  méc cai so v&i toan bd  mdc cai so véi toan bd
anh thap anh thap duoc xir ly anh thap anh thp duoc xit Iy
Hinh 3.5. Trwong hop méc cai ¢6 dé phan gidi thap
»
| Use the list of
points from
61 to 68 to
convex mouth
dlib and
openCV
° o °
Upper lip
Mouth
Lower lip

Hinh 3.6. Phurong phdp cdt ra ving miéng, bang dlib va OpenCV dé tqo facial landmark detection. Phan mouth dwoc danh
dau bgi cac point trén landmark cé index tir 61 den 68

Nhitng anh c6 chtra mac cai ma trong d6 mac cai qua nhoé va cau tric cua nd khdng rd
rang, toi cat ving miéng, dua né vao mé hinh va lay két qua thay thé vang duoc trich

xuat trong anh gc. Bé giit ty 1¢ chiéu rong va chiéu cao cia ving miéng duoc chiét xut,
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t6i xac dinh lai ving trich xuat bang cach mo rong vé phia méi trén va méi dudi dé anh

khong bi méo khi dua vao mo hinh.
3.1.3. Can bang Histogram

Toi tién hanh phan tich histogram cua trung binh RGB trong tap 200 anh test. D& thay
nhitng trueong hop failure c6 2 dinh ¢ khoang 130 — 140 va 220 — 230 vi elastic tie thuong
c6 mau sic sic s (sang). Toi thir nghiém viéc can bang histogram cua nhimng trudng
hop failure vai histogram trung binh cia nhitng truong hop success bang phuwong phap

noi suy tuyén tinh tuy nhién phuong phap nay to ra khdng hiéu qua.

B Success cases
B Failure cases
800 -
600 -
400 -
200 A
0 -

0 50 100 150 200 250

Hinh 3.7. Histogram trung binh cua nhing diém dix ligu thugc tip test ma mé hinh CycleGAN da xéa thanh céng (mau xanh)
va nhitng diém dir ligu thugc tap test ma mé hinh CycleGAN da khong xir 1y dwoc (mau do).
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Original image Generated image Adjusted image Generated image after
adjusted

Hinh 3.8. Két qua thi: nghiém van khong tét sau khi &p dung phuong phap can bang histogram.

Source template Matched

3000
2500 -
2000 A —— Source
—— Template
1500 —— Matched
1000 -
500
0 -
0 50 100 150 200 250

Hinh 3.9. Qua trinh can bang histogram bang phicong phap ngi suy tuyén tinh, trong dé source la diém dit ligu can diéu chinh
(histogram do), template la histogram mau hudng dén (histogram mau xanh nwdc bién) va matched (histogram mau xanh 14)
la histogram da dwroC
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3.2. M6 hinh Pix2Pix

| o

| -

Origin image After crop mouth After preprocessing Final result

Hinh 3.10. Két qua cuia md hinh Pix2Pix véi phicong phép xéa mdc cai A, lan luot tir tréi sang phai, anh goc, phan mouth da
duot cat, selection zone diwroc inpainting bang mau rang va anh do mé hinh Pix2Pix tra vé

Pix2Pix [15] nhu d4 gigi thiéu 12 phwong phép sinh anh ¢6 chat luong tét hon CycleGAN
nhung lai yéu cau dataset 1a cac cap. Nén noi dung cha yéu caa phan nay la mot
framework dé tao ra dataset theo cap. Pau tién, ching ta chi sir dung anh ring khong co
méc cai y/*;, v6i mdi y; chling ta trich xuat ving miéng (bing phuong phap da dugc
trinh bay trong phan 3.1.2) va lap khu vuc trong khoang miéng bang mau ring. Sau khi
lap day, y; bién doi y'; 1a phién ban trung gian gitra x; va v;. y'; 12 y; duoc bién doi
nhung ching ta s€ tam xem ching la anh dugc xur ly tir x;. Hién tai ching ta c6 cac cap

Ly I, €6 thé sir dung ching l1am dit liéu huan luyén cho mé hinh Pix2Pix.
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Final result

Hinh 3.11. Téng quan vé toan bg qua trinh xi 1y, sau khi ¢é diroc két Qua tir giai doan crop mouth nhu dwoc mo ta trong phan
3.4. T6i tim mau rang va inpainting trén selection zone (la viing nam trong moi), cuoi cung la dwa vao mé hinh Pix2Pix

3.2.1. Tim mau rang

Get list of points | Find the machest color arccording
. » on 2 red lines —t VITA3D Master (OM1 — SM3)

s

i

~

Teeth color

Hinh 3.12. Quy trinh tim mau réng
T6i sir dung bang mau duya trén VITA3D Master dé tham chiéu tryc tiép dén nhimng diém
anh lay duoc c6 kha niang 1a ring. Sau d6 tim mau rang bang lay tap pixel thong qua 2
duong trung truc cia anh va so sanh pixel c6 mau gan nhat voi mau nao d6 trén bang

mau.

Hinh 3.13. Ddi mau rdng VITA3D Master tir OM1 dén 5M3
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3.2.2. X6a mic cai

Origin image After crop mouth After preprocessing Final result

Hinh 3.14. Két qua khi ciia mo hinh Pix2Pix véi phuong phap xéa mac cai B, lan heot tir tréi sang phai, anh géc, phan mouth
da duoc cat, selection zone dwoc lap day bang mau rang va anh dwoc md hinh Pix2Pix tra vé

Toi st dung ham convexPolygon trong OpenCV cac point c6 index tur 61 — 68 trén facial
landmark dé xac dinh selection zone. T6i thir nghiém 3 phuong phap khac nhau dé so

sanh:

Phurong phdp A (hinh 3.10): Nhitng pixel nam trong selection zone dugc lap day lai bang

mau rang.

Phurong phdp B (hinh 3.12): Nhitng pixel nim trong selection zone va c6 khoang céach
v6i mau rang 16n hon ngudng cho trudc s& duoc lap day lai bang mau ring. Tai day toi

chuyén anh sang khong gian mau CIELab va st dung khoang cach CIE2000.

Phuong phap A kha don gian nhung sé& khién anh sinh ra sai so véi ground truth va khéng
c6 théng tin vé cau trac rang khi dwa vao mo hinh. Phuong phap B c6 thé giir lai nhiéu
thdng tin quan trong, nhung két qua cd thé khong dat nhu mong mudn nhu vai trudng

hop dugc md ta ¢ hinh 3.14.
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CHUONG 4. THUC NGHIEM

Pé danh gia tinh kha thi ciia cac mo hinh dugc dé xuat, t6i da tién hanh thu thap dix

licu (4.1) va huan luyén cac moé hinh da trinh bay (4.2).
4.1. Dataset

Dataset bao gom hai domain 1a anh ring c6 mac cai va anh ring khong c6 mac cai. Vi
bai toan braces2teeth chua ton tai dataset san c6 nén tdi da thu thap dit liéu tir cac nguon:
google image, facebook va StyleGAN2, ngoai ra con c6 s6 lugng nho dén tir cac phong

kham nha khoa.

Tai lay anh tir google images va facebook véi cong cu Downloader dugc cung cap boi
Yabin Zheng bang céach su dung nhiing tir khéa trong nhiéu ngdn ngir khac nhau lién
quan téi mac cai va rang. Két qua tir ngudn ndy tam chap nhan dugc véi 0 — 100 anh trén
mdi tir khoa. StyleGAN2 1a mot mo hinh 16n dén tir két qua nghién ciu cia NVIDIA,
n6 cung cap anh khudn mit nguoi ¢ong khai va tbi sir dung ngudn nay biang cong nghé
cao anh ty dong Selenium web driver, sau d6 st dung nhitng module nhu da gigi thi¢u
& phan 3.2 dé lay phan miéng. Anh tir StyleGAN2 khong gisi han sé lugng, tuy nhién
ring & tit ca cac anh déu khéa gidng nhau (déu tring, sang va dep) nén tdi chi st dung
ching vai ti 18 nho trong dataset. Nguon anh tir cac phong kham nha khoa rét c6 gia tri,

nhung da s6 déu khong cong khai va tdi chi duoc cung cap mét s6 luong nho trong do.

Tat ca anh trong dataset déu duoc xu 1y truéce khi dua vao training. T4c vu ndy bao gom
thay d6i kich thudc vé 256 x 256 x 3 sir dung néi suy ludng cuc (bicubic interpolation),
giam nhidu bang cach loai bé nhitng anh khéng lién quan nhu anh hoat hinh, tranh vg,

quang cao, ...
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https://github.com/sczhengyabin/Image-Downloader

Bdng 4.1. Chi tiét vé ba bg dataset

Tén S6 lwong anh Chi tiét Nguén
braces2teeth 3869 testX: 437 Google image, Facebook,
phong kham nha khoa.
trainX: 1728
testY: 340
trainY: 1364
braces2teeth 38690 testX: 4370 braces2teeth sau khi &p
dung phép tang cuong anh
Augmented trainX: 17280 duoc mo ta trong phan
3.1.1.
testY: 3400
trainY: 13640
teeth2 7000 train: 5000 braces2teeth/teeth,
StyleGANZ2.
val: 1000
test: 1000
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bl &

Hinh 4.2. . Lép teeth trong dataset braces2teeth
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Hinh 4.4. Ldp teeth trong dataset braces2teethAugmented
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Hinh 4.5. Dataset teeth2

4.2. Cai dat thuc nghiém

Theo nghién ctu tir [14], tdi st dung lai md hinh 6n dinh va khong thay ddi nhiéu vé

kién tric va loss functions.

T6i ciing sir dung t6i wu Adam va thir nghiém vai batch size 1, 16 va 32 véi khdng co
khéc biét dang ké (batch size 2 hoic 4 khong tbt)

T6i huan luyén mé hinh lan luot theo céc chién lugc: 50 epoch (learning rate 0.0002),
100 epoch (learning rate 0.0002), 200 epoch (learning rate 0.0002) va 200 epoch
(learning rate dwoc gitr trong 100 epoch dau tién va giam dan tuyén tinh toi xap xi 0

trong 100 epoch ké tiép). Chién Iuoc cudi cling cho ra chit lwong hinh anh tt nht.
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Bdng 4.2. Chi tiét vé qué trinh thyc nghiém

Mo hinh

Dataset

Kién truc

S6 lwong tham sb

MGéi trwong

CycleGAN

braces2teeth

braces2teeth

Augmentation

Resnet:

generator

PatchGANSs:

discriminator

28.286 M

(Gy: 11.378 M, Gy
11.378 M, Dy: 2.765
M, Dy: 2.765 M).

Google
Colab GPU

(Pytorch)

Pix2Pix

teeth2

Unet:

generator

PatchGANSs:

discriminator

57.183 M

(Gyry: 54.414 M, Dy
2.769 M).

Google
Colab GPU

(Pytorch)

CO A CycleGAN.ipynb
File Edit View Insert

+ Code + Text

(epoch: 199, i
(epoch
(epoch
(epoch
(epoch:
(epoch
(epoch
(epoch
(epoch: 1
End of eps
learning rat
(epoch:
(epoch
(epoch
(epoch:
(epoch:
(epoch:
(epoch
(epoch
(epoch
(epoch
(epoch:
(epoch
(epoch
(epoch
(epoch: 200, i

A

Runtime Tools Help

saving the latest model

(epoch: 2e@, i

saving th
End of ep

15

Time Taken: 914

a.
a.
a.
a.
.
a.
e.
e.
e.

B comment 2% share £ .

OO0 000
D m @ m e m

e el
@ w

=]

°eee e e

o

Hinh 4.6. Qua trinh huan luyén trén méi truong Google Colab

Connect ~

N

[
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G_GAN

DA

DB

523 ?.089
0.529 -759 1
.259 1.589 4
1.023 759 |
.259 1 1.089 4
593 1.759
].259 D.589 4
.759 4
0.029 4 .023 A 259 D.089 4
— T L S e e L — T — T
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Epoch Epoch Epoch Epoch
Hinh 4.7. CycleGAN loss trong qua trinh huan luy¢n
57.73 4.5
52.73 4.0
47.73 4 35 A
5.31 4
42.73 3.0
= l
37.73 A £ 251 £
32.73 0'2.0 o
27.73 1.5
22.73 1.0
17.73 4 0.5
0.31 A 12.73 4 0.0 1 0.001
0 0 80 120 160 0 0 80 120 160 0 0 80 120 160 0 0 80 120 160
Epoch Epoch Epoch Epoch

Hinh 4.8. Pix2Pix loss trong qué trinh huan luyén
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CHUONG 5. DANH GIA

That su rat kho dé danh gia anh do mé hinh sinh ra c6 tét hay khdng. Vay nén, tdi sir dung
phuong phap danh gia (5.2) gidng nhu [15] da d& xuit, toi so sanh phuong phap ctia minh
véi mot sé phuong phap co so (5.1) bao gdm COGAN [21], SImGAN [22] and BiGAN

/ ALI [26]. Cudi cung 1a mot s6 mau thuc té duge md hinh xu Iy.
5.1. Cac phuwong phap co s

Cac md hinh duoc trinh phia dudi ciing 13 nhitng mé hinh dugc cai tién tir GAN, tuy

nhién chling van c6 nhitng nhuoc diém ma cac mo hinh do t6i dé xuat s& khac phuc.

CoGAN [22] mé hinh nay bao gom 2 Generator domain X va domain Y cong thém maot
sb trong s rang budc tai 16p latent. Viéc chuyén d6i anh tir domain X sang domain Y c6

thé thuc hién bang cach tim latent phi hop sinh ra x va chuyén d6i n6 sang domain .

BiGAN/ALI [23] bao gom mot generator G: Z — X, véi z 1a random noise. M hinh nay

c6 thém mot anh xa nghich dao F: X — Z.

SimGAN [24] twong tu CycleGAN, md hinh nay sir dung ham adversarial loss dé chuyén
d6i tir X sang Y.

5.2. Chi s6 AMT

Chi sb danh gia truyén théng nhu per-pixel mean-squared trong mot vai phuong phap
trude day khong phu hop dé danh gia chat lwong anh sinh ra nén dugc thay d6i chi s6
dugc xéac dinh bang ngudi - Amazon Mechanical Turk (AMT) - d6 linh hoat vé mau sac
Vva Ccau tr(c cua hinh anh ddi voi nguoi quan sat hop 1y dén muc nao.

Pé thiét 1ap cho qua trinh thir nghiém ctia minh, t6i st dung cing phuong thuc giéng
nhau mé ta cua tac gia Isola [15] nhung c6 mét it thay d6i dé pha hop véi diéu kién thyuc

té. Nguoi quan sat (Turker) duoc chiéu mot danh sach céc cap bao gom maot anh that va
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mot anh gia duoc tao ra boi mé hinh; anh gia nam & bén trai hoic bén phai mét cach
ngau nhién. Trong qué trinh thir nghiém, mdi cip anh s& dwoc cho xuat hién khoang 1 -
2 gidy; ngay sau do, Turkers s€ tra loi 1a bén nao la anh gia trong khoang 5 — 10 giay
(khdng c6 thong tin phan hdi vé tinh chinh xéac cua dap an sau mdi cau hoi). Mai phién
chi kiém thir mot mo hinh va nguoi tham gia chi duoc phép tham gia mot phién duy nhat.
Do d6, chi s6 nay chi nén duoc sir dung dé so sanh phuong phap hién tai cua toi véi cac

phuong phap co s& (dugc huin luyén trong cac diéu kién gidng nhau).

Sull Ligating Masal Szaces

A World Class Dental Clinic
Hinh 5.1. Biéu mdu ddanh gid: Mdi cap anh gid, anh that sdp xép ngdu nhién bén trai hodc bén phai

U6c luong khoang trung binh:

— Do tincay (1 — a): 95%.

— S6 lwong mau (n): 50.
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Bang 5.1. Chi s6 AMT trén m6 hinh do t6i dé Xudt va cac phirong phép co s¢. Mac dUi ¢6 si dung dataset khdc nhau d@é hudn
luyén nhung chi so van dya trén cing mét tap kiem thir

M0 hinh Dataset % Turker labeled real
CoGAN braces2teeth 0.7% + 7.5%
BiGAN/ALI braces2teeth 2.1% + 6.5%
SimGAN braces2teeth 1.1% + 7.7%
CycleGAN braces2teeth 28.7% + 2.7%
CycleGAN braces2teeth Augmented 32.8% + 4.1%
Pix2Pix teeth2 36.4% + 4.2%
Inpainting Braces2teeth/teeth2 1.7% + 6.3%

5.3. Thir nghiém

Hinh 5.3. Tar trai sang phdi: anh gac, anh do mé hinh Pix2Pix sinh ra
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CHUONG 6. UNG DUNG MINH HOA

Nham biéu dién két qua vé mo hinh da nghién ctu, t6i da tién hanh xay dung &ng dung
minh trén nén tang web cho phép nhap va lay két qua tra vé tir md hinh mét cach truc
quan va than thién voi nguoi dung hon. Noi dung chuong 6 bao gdm Phan tich, thiét ké
ung dung (6.1) va Thuc hién (6.2).

6.1. Phan tich, thiét ké wng dung

6.1.1. M6 ta nghiép vu

Ung dung c6 thé tiép nhan dinh dang anh hozc video, sau d6 xir Iy dinh dang twong ng
va hién thi két qua tra vé cua mé hinh mét céach truc quan. Ung dung c6 thé chay trén

nhiéu thiét bi khac nhau tir laptop, tablet dén smartphone.

6.1.2. Use case

Phat hién
viing miéng

Tai anh &n
tlr thur muc

Chup &nh bang
webcam / camera

%, =<include== A
', L ==include==

==includg=

Actor

User AIF Iy video

Hinh 6.1. So d6 Use case
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MO0 ta chire nang:

— Xt ly anh: nguoi dung c6 thé tai anh rang c6 mac cai hodc chup bing webcam, sau
d6 tng dung tra vé anh rang v6i mac cai da duoc xoa.

— Xt Iy video: ngudi dung cd thé tai video c6 sin, sau d6 tng dung tra vé video da
dugc x6a mac cai.

Bang 6.1. Danh s&ch Actor

Actor Y nghia / Ghi chi

User La nguoi tham gia qua trinh st dung wng dung

Bdang 6.2. Danh sach Use case

Use case Y nghia / Ghi chi

Xtr ly anh Nguoi dung chon va tai anh tir thu muc 1én hoac
cho phép tng dung m& webcam va chup anh tur
webcam, mé hinh s& tiép nhan anh, tra vé két qua
va ung dung sé& hién thi két qua.

Xtr ly video Nguoi dung chon va tai video tu thu muc 1én, m6
hinh s& tiép nhan video, tra vé két qua va ung
dung s€ hién thi ket qua.
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6.1.3. So dd tuan tu

Client Server Model
| | i
1. An mit Upload / Take a shy ! ! !
» mit Uplo akez 3 shot > _i_ _E_
1.1. Hién thi hép thoi chon ink
Actor P Hién thi webcam *
User 2 Chon!/ Chup ish cn i Iy 11 Mz héz il-%?ba'fbh'?"—:e's*
¥ wa gin chool ma hoa
I 13, Ct iuk bing canvas _ SR
- de IlEL'Eb"_'_dI:L'IJE':Cé.l ;n]j 3. Ginl request yéu cln
N N o wi I N
14 Gin toz 86 cat 4] Traviinhds 4 T30 m hink
" wir b (hazefd) o
6. Gii mi base64 T * :
sang dinh dang inh pus v - G respomss dan Clhisnt | i
hidn thi anh 43 mk K : ‘
-"‘| ] ]
) ) :
Hinh 6.2. So' d6 tuan tu Use case “Xir ly danh”
MO ta:

(1) Ngudi ding 4n nit Upload, Client hién thi hop thoai chon anh néu dang ¢ ché d6
tai anh Ién tir thu muc. Hodc ngudi dung an nut “Take a shot”, Client yéu cau
ngudi ding cap quyén st dung phan cing néu dang ¢ ché do chup anh bang
webcam / camera.

(2) Ngudi dung chon / chup anh va nhan nat Process sau khi tai / chup anh. Bong
thoi, Client ma héa anh thanh chudi base64 va

(3) Client giri request dén server.

(4) Model tai mo hinh 1én RAM, xir ly va tién hanh tra anh dugc xt Iy.

(5) Server gt response dén Client.

(6) Client nhan response va giai mi base64 sang dinh dang anh, sau d6 hién thi anh

cho nguoi dung.
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Client Server Model

1. Anmat Upload

I._____
I._____

i 3
Actor 1.1. Hién thi hép theai chon video
¥, - - .
User 2. Chou vidso cinxe If
& an nnt Process .
[ | ® 2.1, Gir video dan Server 3. Tach vidao
thinh frame
3.1 Gitl cde frame dén Model
) " 4T md hinh
4.1, Trivé cac frame
. d3 dge =i Iy
- [
P 6. Giri response Aén Client | 4 ;; sz]je-pl fra.n'.e i
7. Hidn thi video 43 xit 1§ "' & 2ah dee :
Hinh 6.3. So' d6 tudn tu Use case “Xir Iy video”
MO ta:

(1) Ngudi ding 4n nt Upload dé tai video.

(2) Ngudi dung chon video can xir ly va an nut Process. Client guri request dén server,
(3) Server tach video thanh cac frame va gui dén Model.

(4) Model tai mé hinh 18n RAM, xir ly va tién hanh tra anh duoc xir Iy.

(5) Server ghép cac frame thanh video.

(6) Server gui response dén Client.

(7) Client nhan response va hién thi video cho ngudi ding.
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6.1.4. So dd trang thai

Dinh dang png,
jpe. jpeg

(1)

%

Bring khong ding

request ,-7“—-\

Hién thi
anh vira chon

o I

(2.3) (it inh bing canvas

I —

Model a1 Hién thi
md hinh =i I anh di =i Iy

o

Ham phat hién migng | (2.2) (2.1 Théng béc 151 2.2

Tesponse

(3

-
Hinh 6.4. So do trang thai Use case “Xit Iy anh”

MO ta:

— Ngudi dung chon va tai anh tir thu muc [én hodc ngudi dung cho phép tng dung mo
webcam va chup anh tir webcam (1). Client hién thi anh vira chon (2.1). Server tra
vé canvas c6 ving miéng duoc cit san, nguoi dung xac nhan va Server sé tiép nhan
anh cong vai toa do cat, giao cho Model xir Iy va tra vé két qua (3). Client s& hién thi
két qua (4).

— Néu anh tai 1én khéng nam trong cac dinh dang (png, jpeg, jpg, ...) hodc nguoi ding

khdng cho phép tng dung truy cap webcam / camera thi Client s& thong béo 15i (2.2).
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Ty
Téch video thanh cac

Tai video (1)

Hién thi video
vira chon

(2)

Pinh dang mpd

(3.1}

frame
.V

Tequest

h 4
o

(4) Model ta1 mé hinh, xi
Iy v trad két qua

o 0/

MO ta:

A

Y

Théng bao 1ai (4.1)

Bring khing diung

response Hién thi video
dd dwge xk 1y

(5) (6)

Hinh 6.5. So do trang thdi Use case “Xir Iy video”

— Ngudi dung chon va tai video tir thu muc 1én (1). Client hién thi video vira chon (2).

Server s& tiép nhan video va tach video thanh cac frame (3.1). Model tiép nhan cac

frame, xu ly va tra vé két qua (4). Server ghép cac frame da xir Iy thanh video va tra

vé Client (5). Client s& hién thi video két qua.

6.1.5. So' dd thanh phan

Néu video khdng nam trong cac dinh dang mp4 thi Client s& thong bao 16i (3.2).

Client Server ~ R Model
(ReactlS) (Flask) ) g Pytorch
Hinh 6.6. So' @6 cac thanh phan trong ing dung
Mo ta:
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— Client: chiu trach nhiém hién thi UI, xtr Iy cac sy kién, giri request va nhan response.

— Server: trién khai API va goi thanh phan Model phia duéi dé xt ly. Xu ly dau ra cua
Model. Xt ly request va giri response dén Client

— Model: 1a thanh phan xir 1y anh dau vao cua tng dung, chira nhirng file thong tin vé
md hinh (sb lugng 16p, chi tiét sb lwong trong s ting 16p, kich thude dau ra, dau

vao) va file luu trong s6 da duoc huan luyén trude do (latest_net_G.pth).

6.1.6. So 6 hoat dong

(1)
Client > Server (2) - Model
(React]S) |« (Flask) - Pytorch
(6) r
3)
&) Ta1 model
4
Xu 1y anh

Hinh 6.7. So' d6 hoat déng cua ing dung
Ludng dit liéu dugc xir 1y nhu sau:
(1) Pau tién, file dinh dang anh / video xt duoc gui duéi method POST.
(2) Server Flask tiép nhan request, lam cac thao tac tién xir ly (giai ma base64 ddi voi
anh va tach video thanh frame ddi véi video). Dong thoi yéu cau I6p Model xir Iy cac

file nay.

(3) Model tai generator Y (latest_net_G.pth) vao RAM.
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(4) Generator Y nhan file cac anh chira méc cai va tra vé cac anh dugc x6a méic cai.

(5) Server xur ly két qua caa Model (m& hoa anh sang base64 ddi véi dau vao anh hoic

ghép frame thanh video ddi véi dau vao video).
(6) Server tra vé status code va file, Client tiép nhan va hién thi két qua.
6.1.7. Thiét ké giao dién

6.1.7.1. So' dé luong man hinh

Man hinh xu Iy
video

-~

Chuydn do6i ¢hé do

Man hinh xu Iy
anh

Hinh 6.8. So' d6 luéng man hinh cua itng dung
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6.1.7.2. M0 td chi tiét man hinh

Braces2teeth Braces2teeth | CycleGAN

Upload your image or take from Webcam

Upload your image or take a shot Processed image

This image must be at 1:1 scale
{best at 256px x 256px)

Your image

r

Hinh 6.10. Man hinh xi ly anh khi chup anh bang

Hinh 6.9. Man hinh xi ly anh khi tai anh ter thu muc. webcam / camera

Bdang 6.3. Thanh phan cia man hinh trang chii ¢ ché dé tai anh tir thie muc

Tén Kiéu M6 ta

ButtonUpload Button Cho phép nguoi dung upload anh tur thu
muc.

ButtonProcess Button Goi API /process tir server

Canvas Canvas Giao dién cho phép ngudi dung chon phan
anh phu hop véi ti 1€ 1:1

Image Image Hién thi anh vira dugc chon

Processedlmage | Image Hién thi anh sau khi xu ly

Webcam Webcam Hién thi ¢au vao dang nhan tir webcam /
camera.
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Braces2teeth Video Concat video

L U
SIS

4 WERLD'WRE
s

K"’w’

TAKE METD

Processed video

g

q.r
TAKE METH

Hinh 6.11. Man hinh xuz ly video

Bdng 6.4. Thanh phan cza man hinh trang chi ¢ ché dé chup anh bang camera / webcam

Tén Kiéu M6 ta
ButtonCapture | Button Cho phép ngudi ding lay anh tir webcam /
camera.
ButtonProcess | Button Goi API /process tur server
Image Image Hién thi anh vira duoc chon
Webcam Webcam Hién thi ddu vao dang nhan tir webcam /
camera.
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6.2. Thuc hién
6.2.1. Nghién ciru va lwa chon cong nghé

Dua vao céc li thuyét da nghién ctru & cac chuong trén vé md hinh ciing nhu cong nghgé,
t6i thay duoc su thuan loi va kho khin khi nghién ctru ciing nhu trién khai dé tai nén da

dua ra Ia chon sau dé phu hop véi tinh chat nghién cau.

— ReactJS (Client): la mot library Javascript cho cac ung dung Single Page. React]S
cho phép nhung Javascript vao HTML khién cho viéc xu ly sy kién, tiép nhan request
va xu ly response don gian va nhanh chéng.

— Flask (Server): 1a mot Web Framework rat nhe ciia Python, dé dang gitp nguoi ding
tao ra website nho. Flask duoc két hop véi Pytorch dé trién khai API.

— Pytorch (Model): 1a mét framework duoc xay dung dya trén python cung cap nén
tang tinh toan khoa hoc. Mat platform hoc sau ¢6 nhiém vu khoi tao mo hinh va san
sang dé xu ly anh dau vao.

— Ngoai ra, ung dung con st dung mot s6 cong nghé hd tro khac bao géom: Torch
Vision, PIL (luu va doc anh), Flask CORS (tranh chinh sach bao mat CORS) , React
Bootstrap (tao UI dep mat hon), Redux (quan Iy trang thai caa Ul), React Webcam
(cho phép truy truy cap Webcam / Camera), ...

6.2.2. Kiém thir va trién khai

Vé phia server Flask, t6i trién khai trén méi truong Google Colab (host) két hop Vi
domain mién phi tai Freedom (http://test.braces2teeth.tk/) thong qua service cua
Clondflare.

Vé phia client React]S, tdi trién khai trén service mién phi cua Vercel

(https://braces2teeth.vercel.app/)
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CHUONG 7. KET LUAN

7.1. Két qua dat dwoc

Qua khda luan nay toi da nghién ctiru nhitg giai phap cho bai toan braces2teeth. Bing
viéc phan tich cac yéu cau lién quan va cac mo hinh khac nhau, t61 da chon dugc mo
hinh CycleGAN (v6i dataset khong theo cdp), Pix2Pix (voi dataset theo cdp) va

Inpainting (v&i yéu cau chinh stra két qua dén tir nguoi dung).

T6i di cong bd cong trinh nghién ctu trén nhiéu hoi nghi, Ky yéu va tap chi khac nhau

va cling da xay dung duoc mot ung dung minh hoa mo hinh don gian.
Han ché:

Mic di CycleGAN, Pix2Pix va Inpainting sau khi ap dung thém mot s6 phuong phap
tién xtr 1y da xur 1y t6t nhiéu truong hop nhung van con nhirng ngoai 18 chua thé xu 1y

hoan hao nhu da trinh bay trong phan 3.1, bao gom:

— Mic cai str, mic cai da sic: nguyén nhan co ban van la do phan phdi cua dataset chua
du dé thé hién tat ca cac truong hop ciia bénh nhan deo niéng ring, vi du mé hinh
khong thé xir ly loai niéng ring vo hinh hoic mac cai mau sac doc la nhu mau tim vi
trong dataset khéng c6 nhiing trueong hop do. Toi ciing cam nhan thay su khac biét
vé mat két qua néu co thé &p dung triét d&é hudng giam sat so véi khéng giam sat. Tuy
nhién, nhu da dé cap dén, viéc chuan bi cac cap dit liéu bao gom anh dang trong qua
trinh niéng rang va anh sau khi thao niéng rang ma khong can qua qua trinh tién xu
ly gap rat nhiéu kho khan.

— Mac cai trong anh khong rd rang (khu vuc chira mac cai mo): ¢6 thé xir ly bang mot

md hinh noi suy anh khéac dé giam do mo cua anh, tuy nhién viéc thiéu thong tin vé
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két cau rang va mac cai ¢ thé mang dén cho nguoi dung cam giac khong chinh
Xac.

— Mic cai trong anh chiém ti 1& nho (khu vuc chtra mac cai c6 dién tich nho so véi
dién tich toan bo anh) khién mé hinh gip nhiéu: nhu da trinh by, tinh trang nay c6
thé khac phuc bang cac mé hinh phan doan / phat hién dbi twong trong anh (cu thé
la miéng). Sau d6 trich xuét viing miéng, dua vao mé hinh va thay thé ving d4 trich
Xuat bang anh da xtr ly. Tuy nhién, tai cac bién (ving tiép giap cua anh mai va anh
ct) ¢6 hién twong inconsistency (md ta ¢ hinh 2.34) do phan phéi caa hai anh nay la
hoan toan khéac nhau, van dé nay da duoc khac phuc & mé hinh Inpainting nhung

chi phi huan luyén mé hinh nay van con qua dat d6 va kém hiéu qua.
7.2. Thuan lgi va khé khan
7.2.1. Thuan lgi

— Giang vién hudng dan tan tdm, c6 kién thirc sau rong, hd tro toi da tir viée dinh
huéng dé tai, cung cap thiét bi, dir liéu cho dén hudng dan viét béo céo.

— Thuong xuyén trao doi, thuyét trinh dé tai nghién ciu véi cac nhom khac nén duoc
hoc hoi va trao ddi rat nhiéu.

— Cac md hinh co s¢ cong khai mién phi bai bao khoa hoc va cac sb liéu lién quan.
7.2.2. Khé khan

—  Kién thac méi la, khong diing chuyén nganh nén kho khin trong viéc tim hiéu ciing

nhu tng dung.
— Nguén dit liéu con twong d6i han ché.
— Diéu kién thuc nghiém kho khin, yéu cau phan cing manh.

— M0t s6 truong hop chua thé xda triét dé méc cai.
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7.3. Huwéng phat trién

— Tim kiém thém nhiing truong hop dataset van dang con thiéu vé nhitng méc cai hiém
nhu mac cai da sic, mac cai st va mac cai vo hinh.

— Nghién ctu nhitng md hinh méi va wu viét hon, bao gém: Inpainting Error
Maximization, Image Matting, Flow-edge Guided Video Completion, ...

— Nghién ctu thém nhing bai toan twong tu vé loai bo céc vat thé khéc trén khudn mat

nhu seo, hinh xam, kinh, ...
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PHU LUC

Phu luc 1: Ban sao bai b4ao Ky yéu Hdi nghi Al gip gé lanh dao Thanh phd Ho
Chi Minh, Hoi nghi khoa hoc Tré & nghién cwu sinh UIT

Tai tao anh rang tir Anh niéng ring c6 mac cai sir dung
GAN

Vii Tuén Hai!

! Pai hoc Cong ngh¢ Thong tin - PHQG TP. HCM, TP. Hd Chi Minh, Viét Nam

e

Hinh |: Véi hai tap dit lidu vé braces va teeth, model c6 thé chuyén tir anh phia bén trai sang anh phia bén phai

Téng quan. Xt Iy anh di duoc img dung sau rong trong nhidu nganh nghé, dac
biét trong y t& va chuyén nganh nha khoa. Trong linh vurc nha khoa, bénh nhén
niéng ring thuong c6 mot sé vin dé phit sinh do qué trinh diéu tri 1au dai, nhw
viéc bénh nhan hay tu ti khi tro chuyén, chup anh vi mic cai khién nu cudi khong
duoc dep. Do do, trong bai bao nay, t6i dé xuat mot s6 phwong phap giai quyét
bai todn x6a méc cai bang viéc nghién ctru vA so sdnh hai generative model:
Pix2Pix va CycleGAN, model dau tién 12 4nh xa F:Y - Y, mode thr hai 1a dnh
xa G: X — Y vdi X 1a phan phdi anh rang chira méc cai (braces - Hinh 1, bén trdi
mdi cap) va Y 1a phan phdi anh rang khong chira mic cai (teeth - Hinh 1, bén phai
mdi cap). Khi model duoc nhing vao camera, ngudi ding cé thé thoai mai tro
chuyén, chup anh ma khong can lo ngai vé nu cudi ciia minh.

Tir khéa: braces2teeth, cycleGAN, generative model, graph — cut, image inpaint-
ing, WGAN - GP.

1  Giéithigu

Bai toan Img2Img (chuyén d6i anh sang anh) 1a mét bai toan rong trong xu 1y anh,
model Img2Img c6 thé chuyén déi anh x bit ki sang anh y trong ngit canh nao do cho
trude. Mot sb img dung ndi bat nhu chuyén tir anh xam sang anh mau, ghép anh hodc
tang d¢ phan giai, ... Inpainting la tap hop ctia Img2Img, la qud trinh sinh ra nhitng
phén bi thiéu hodc cén thay thé trong anh sao cho thue té va chinh xac v& mit ngir nghia.
Qué trinh ndy c6 thé img dung dé loai bo vét thé hodc chinh sira cic ving trong anh
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theo mong mudn. Trong ndi dung bai bao nay, bai toan cu thé 1a xéa mac cai ra khoi
anh.

Tir nhitng ndm 2000 di ton tai hai huéng giai quyét bai toan Inpainting bao gom:
PatchMatch [1] sir dung cho anh c6 déc trung / d6 phan giai thap va generative model.
Mot sb phuorng phap tiép can trude day [2, 3] ¢ thé hdi phuc cac két cau tmh nhung
khéng 6n dinh v6i nhitng vét thé phitc tap nhu khudn mat va db vat. Cach tiép can thur
hai [4, 5, 6] c6 thé khai thac nhimg ddc trung tir dataset cho trude va xir ly nhimg vin
dé cu thé lién quan dén dataset.

Trong bai bao nay, ti s& sir dung hai phuong phap thudc céch tiép can thir hai, hai
phuong phéap nay bao gébm supervised va unsupervised, toi s& goi hai model twong ting
1a model A va model B. Trong cich tiép cap nay, chiing ta huan luyén model A, trong
dataset mdi anh dau vao x s& ¢6 anh diu ra y tuong ung, dataset la tap hop cac cap
{xl,yl}, .. Trong qud trinh training, t6i dé xuAt viéc tao ra y; tir chinh x; sau khi x6a
ngiu nhién ving nao d6, nhu vay ca x; 1an y; déu thudc domain Y. Model A chi sur
dung 16p teeth trong dataset. Toi s& hién thuc hoa y tuong nay bang model Pix2Pix, vé
kién trac cu thé, t6i tham khao phén 16n trong [4]. Tai giai doan kiém thir, dé x6a chinh
xac phan mdc cai, t6i sir dung model GraphCut vi tinh don gian va nhanh chéng cia
no.

C6 mot van dé 1a viée tao ra dataset bao gdm nhimg cap nhu trén trong thuc té lai
khé khin va ton nhiéu chi phi. Trong bai toan cua ching ta, anh chup trong qué trinh
niéng ring va sau khi niéng rang thudng khong lién quan nhiéu véi nhau c6 thé do khic
goc do chup hoac thé trang bénh nhan. Dé ting tinh kha thi, phuong phap thir hai sé
huin luyén model theo hudng unsuperwsed model nay ¢6 thé hoc dugc mdi quan hé
gilra hai tap dataset X va Y ma khong can ting cap mau. Téi s& chon CycleGAN vi
nhiéu diém phu hop so v6i yéu cau trén.

2 Nghién ciru lién quan

2.1 GAN

Generative Adversarial Networks (GAN) [7, 8] da dat duoc nhiéu két qua an tugng
trong tng dung sinh anh va sira anh. Nhirng nghién ciru gan day vé Conditional GAN
da cho ra nhiéu tng dung nhu text2image [9], image inpainting [10], ... Chia khoa
khién GAN thanh cong la ¥ tuong ham adversarial loss gitip generator, theo 1y thuyét
s& cho ra két qua khién chuyén gia ciing khong thé phan biét that gia.

2.2 GraphCut

GraphCut [11] la phuong phap tach vat thé c6 dién hiéu qua dp dung ly thuyet do
thi. Cho db thi G(E,V), cut la duong cit di qua dd thi, mincut 1a duong cut véi tong s6
luong edge cit qua 1a nho nhit va nguoc lai véi maxcut.

Trong network dong chay (flow network), véi méi edge (u, v) trong G ¢6 trong sb
c la gia tri thuyc khong am. Gia st ¢6 hai node, sink node (dinh thu) va source node
(dinh phat) xac dinh. s - t cut 1a duong cut chia G thanh hai dd thi con S va T sao cho
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Vs € S,s la node chtra pixel 1a foreground va Vt € T, t
la node chira pixel 1a background. Ching ta goi s - t cut
1a maxflow khi tong trong s6 cuia cac edge ma dudng cut
di qua la cuc dai va nguoc lai voi minflow. Pudng phéan
doan foreground va background chinh la la duong cut
thoa man diéu kién mincut va maxflow. Dé tim duong
phan doan nay, t6i sir dung thuat toan Boykov - Kolmo-
gorov. Ngoai ra dé giam d¢ phirc tap tinh toan khi dnh xa
anh sang dd thi, toi sir dung ki thudt simple linear Itera-
tive cluster (SLIC) dé gom ting cum pixel giéng nhau

thanh tirng superpixel.

Hinh 2: GraphCut nhan ground truth va user interaction véi user interaction gbém nhitng
diém mau xanh danh déu foreground va diém mau d6 déanh déu background.

23 WGAN-GP

WGAN - GP [12] 1a bién thé cua GAN [7, 8] va cai tién tir WGAN [13], sir dung
metric Wasserstein W danh gia do twong dong giira 2 phan phdi xac suat P, (tap anh
that) va F; (tap anh gid). Wasserstein W khdc v6i phan ky Kullback - Leibler va phan
ky Jensen - Shannon ¢ dédc trung dao ham muot tai moi diém. Trong loss function cua
WGAN - GP, muc tiéu van la tdi thiéu héa W (P,, g) (hay generator sinh ra anh gan
nhu anh that nhat). Dé tinh todn W theo cong thitc gbc s& twong ddi phirc tap, do d6
trong [13], Gulrajani va cong su da sir dung d6i ngau Kantorovich - Rubinstein dé don
gian hoéa viéc tinh todn:

W(P.Py) = Sup Ex-p, [D()] = Ez-p, [D(R)] O

Trong d6 D 1a tap hop cdc ham 1 - Lipschitz thoa diéu kién:
If (1) = F O] < [ty — x5]) (2

Nhu vdy muc tiéu méi cta ching ta 1a tim (mo6 phong) f bang mot deep neural
network F nao do voi layer cu6i c6 dau ra la vé hudng, tugng trung cho chat lugng anh
%

Dé F hoi ty, chiing ta gidi han tap weight {w} trong mién compact (—c, c) véi c 1a
hyperparameter:

w « clip(w, —c,c) (3)

Thyc nghiém cho thﬁy ¢ nam ¢ khoang 0.01. Tuy nhién v6i model khéc hodc dataset
khdc, ¢ c6 thé thay doi. Yéu diém nay dugc khac phuc trong gradient penalty (GP) [12]
nhu sau:

Liy £ = ex + (1 — €)X 1a phéan phdi miu, ching ta cong vao W (P,, F,) dai luong
sau, khi t6i thiéu héa ham loss, F s& hoi tu:
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2 ,
2([17:D, @], © (1 =m) = 1) , A= 10 (m = 0 néu la mask) ©))
Ham loss cia model WGAN - GP:

L= Dy(® Dy () + 2 (|I7:D, @], © (1 —m) — 1)’ 5)

24 CycleGAN

CycleGAN [14] la mot bién thé cua GAN [7, 8] v6i ham loss dugc cong thém dai
lugng cycle consistency loss CCL = F (G (0.4 )) — X v6i anh xa G: X - Y va anh xa
nguoc G'=F =Y - X. CCL danh gia chét lugng anh sinh ra va duogc tinh toan cu
thé la:

Leye = Ea~pdata(a)["GBA(GAB (a)) - a||]z+ (6)
Eb~pdam(b)["GAB (Gpa(d)) = bl|1,

Ham loss ciia model CycleGAN (4 1a hyperparameter, A = 10):
L - LAB + LBA + ALC]{C (7)

3 Hudéng tiép can

Real i in X Model Model
e amage.In GraphCut Pix2Pix
!
Image
(RGB) Binary mask concat
I Real Image in X Coarse
4 Image Network
User interaction (€ lEILab)
I__ Superpixel M Mapping || Boykov-Kolmogorov Refinement | |
generation (SLIC) into Graph Min-Cut/Max-Flow Network

Hinh 3: Kién tric model A. Pau ra cia GraphCut 1a binary mask. Pix2Pix nhan binary
mask va ground truth dé khoi phuc nhimg diém anh c6 gia tri 0 trén binary mask mau
tréng).

O model A, sau khi nhan ground truth, model GraphCut chuyén anh tir khong gian
mau RGB sang khong gian mau CIELab, sau d6 sir dung SLIC dé giam d¢ phirc tap.
Tir user interaction va tap superpixel, model 4nh xa sang do thi G. Str dung thuét todn
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Boykov — Kolmogorov, G duoc cit thanh 2 d thi con S va T. Cudi ciing, model 4nh xa
S sang binary mask la dau vao cia model Pix2Pix. O model Pix2Pix, anh sinh ra trai
qua 2 giai doan:

Giai doan 1 (Coarse network): giai doan lam thd, missing region dugc khdi phuc
sao cho ¢ phan phéi giéng véi background. Giai doan nay model sir dung Spatial dis-
counted reconstruction loss dé cuc tiéu hoa theo khoang cach tir boundary dén tirng
missing pixel, khoang cach cang nho thi pixel phuc héi cang khép véi background. Cic
16p convolutional sir dung filter la Dilated layer.

Giai doan 2 (Refinement network): giai doan lam min. Str dung hai network ddc
lap Contextual Attention va Dilated Convolutional, sau d6 concat két qua véi nhau.
Contextual Attention Network thuc hién 3 budc: budce 1 - rit trich cac manh (patch) 3
x 3 tir background va reshape thanh filter, budc 2 - missing region dugc dua qua con-
volutional network (v&i filter tir bude 1) va layer cudi cing sir dung ham softmax, budc
3 - thu dugc ma tran Attention Score, dua vao Attention Score, chung ta xac dinh dugc
chinh xac gia tri pixel phuc hdi dua vao nhiing pixel thudc background. Dilated network
mo rong receptive field voi muc dich tong quét hoa va cé kién tric tuong ty véi coarse
network. Ly do can str dung hai network véi cing muc dich 1a dé anh phuc héi dat dwoc
ca hai yéu té: chat luong (resolution) - dac trung chi tiét va tinh hop ly (consistency) -
dic trung tong thé.

g

1

12 loss (cycle |
consistent loss) 1
1

Real image in X AE Gyy Fake image in Y AE Gyy Reconstructed / fake image in X
Dy Dy : CycleGAN loss :
Real image in Y Dy(xy) €{0,1}  Dy(xy) € {0,1} U S
L | ! GAN loss !

Hinh 4: Kién triic model B, bao gdm hai generator va hai discriminator.

O model B, giai doan xda va khoi phuc duoc thuc hién df‘)ng thoi dya vao y tuong
autoencoder (AE). Ground truth x thugc domain X qua AE network déu tién co duoc
anh fake y' trong domain Y, y’ tiép tuc di qua AE network thir hai (d6i ximg voi AE
network diu tién) dé phuc hdi x (x). 12 loss (x, x") chinh 1a CCL. Model ¢6 Dy phan
biét x va x', Dy phan biét y va y'.

4 Thir nghiém
T6i danh gia hai model cia minh thong qua dataset braces2teeth v&i ngudn anh duoc

crawl tir google image. Dataset ¢6 22020 anh RGB bao gém hai 16p 1a braces (Hinh 5)
va teeth (Hinh 0), duge xu 1y vé kich thudc 256 x 256 va loai bo nhidu. Dataset duoc
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tang cudng bang viéc thay doi ngau nhién trong khoang tir 0 - 50 trén hai kénh mau S
va V (trong khong gian HSV) dé tao su da dang trong do sang anh va mau rang (tir
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Hinh 6: Anh 16p teeth trong dataset braces2teeth.

41 Model A

Model A chi sir dung 16p teeth va dugc chia lam 2 tap bao gom training (9490 anh)
va validation (2390 anh). Model c6 tong cong 9999294 weight, duoc thuc thi bang
Tensorflow 1.15, trén phan cirng CPU Intel Xeon E3 12xx v2 (Ivy Bridge) 3GHz (8
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processor), khong c6 GPU. Model thir nghiém xur 1y khoang 4s trén CPU véi anh 256
x 256. Thoi gian training dén la 39 ngay, tong so6 epoch hoan thanh la 4.

4.2 Model B

Model B sir dung hai 16p anh va chia 1am 4 tip con bao gdm trainA (braces, 8040
anh), testA (braces, 2010 anh), trainB (teeth, 9560 anh), testB (teeth, 2390 anh). Model
c6 tong cong 28286000 weight (G,: 11378000, Gz: 11378000, D,: 2765000, Dy:
2765000) va duoc thuc thi trén moi truong Google Colab c6 GPU. Model dugc training
trong 200 epoch trong vong 1 tuan.

Hinh 7: Két qua trong qua trinh training model A, Lan lugt tir trai sang phai: ground
truth, ground truth concat binary mask, anh sau phuc hoi va ma tran Attention Score.

Hinh 8: Két qua sau qua trinh training model A khi thir nghiém véi anh thyc té.
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Hinh 9: Két qua trong qua trinh training tir model B. Lan luot tir trai sang phai: ground
truth va anh sau phuc hoi.

5.1 Danh gia

Vé&imodel A, GraphCut gip han ché & anh c6 do phén giai thép va trung binh, thuong
xoa lan ra nhirg vung lan can (Hinh &, phia bén tréi). Anh sinh ra tr model Pix2Pix bi
phu thudc vao dataset va sb lugng epoch nén chwa dat chit lugng tét (Hinh 8, phia bén
phai).
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Hinh 10: Két qua sau qué trinh training tir model B. Lan luot tir trai sang phai: ground
truth va anh sau phuc hoi.

Vi model B da xir 1y t6t voi nhitng truong hop thong thuong nhung chua xir 1y
dugc mat sO ngoai 1€ nhu mac cai khong 10 - bi che khuat (Hinh 10, hang 1 bén tréi),
mac cai da sac (Hinh 10, hang 4 bén phai) hodc mac cai qua day (Hinh 10, hang 1 bén
phai).

52 Kétluin

Model A theo hudng supervised can sir dung nhiéu tai nguyén tinh toan va dataset
16n dé dat duoc do chinh xac cao hon, do sb lugng epoch han ché khién model bi un-
derfitting nén viéc danh gia model niao co két qua tét hon chua thyc hién dugc. Vi
khong c6 céap {x;,y;} nén ngoal viée sur dung cac metric nhu FCN score, can c¢6 danh
gid ctia chuyén gia lién quan vé nhimg diém chua hop 1y cta anh sinh ra (thuc nghiém).

5.3  Huéng phat trién

Model A ¢6 ru diém la ¢6 thé chi dinh nhitng viing cn thay d6i. Vi model A ¢6 tiém
ning giai quyét tron ven bai toan, nén toi dé xuét viéc str dung phan cimg manh tiép tuc
training dé c6 két qua so sanh khach quan véi model B. Model B ¢6 thé khic phuc
nhimng truong hop ngoai 1 bang viéc sir dung thém model detect mouth dé gi6i han
vung xr Iy chi trén mot phén anh, hodc chon ngudng dong dé xoa duge nhitng méc cai
da sac.
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Phu luc 2: Ban sao bai b4o Ky yéu chung két Eureka linh vuec Cong nghé théng
tin

TAI TAO ANH RANG TU NIENG RANG CO MAC CAI SU DUNG GAN
Vii Tuén Hai
Triong Pai hoc Cong nghé théng tin - Pai hoc Quéc gia Thanh phé H6 Chi Minh
*Téc gia lién lac: 3520433 @ gm.uit.edu.vn

TOM TAT
Xir Iy anh da digc iing dung sdu rong trong nhiéu nganh nghé, dic biét trong y té va nha
khoa. Trong linh viee nha khoa, bénh nhdn niéng rang thuong cé mét sé vin déphdt sinh do
qud trinh diéu tri lau dai, nhir viéc hay tw ti khi tro chuyén, chup anh vi mdc cai khién ny
cuoi khong duwoc dep. Do dd, trong bai bdo nay, ching t6i dé xudt mgt sé phirong phdp gidi
quyét bai todn xéa mdc cai mét cach triét dé bang viéc nghién civu va so sanh hai generative
model: Pix2Pix va CycleGAN, model dau tién la anh xa F: Y=Y, model thir hai la anh xa
G:X—Y vdi X la phdn phoi anh niéng rdng chira mdc cai va Y la phan phéi anh rang khong
chita mdc cai.
Tir khoa: braces2teeth, CycleGAN, Pix2Pix, Inpainting.

RECOVER TEETH PHOTO FROM BRACES PHOTO USING GAN

Vu Tuan Hai
University of Information Technology - VNU Ho Chi Minh City
“Corresponding author: 3520433 @ gm.uit.edu.vn

ABSTRACT

Image processing has been widely applied in many fields, especially in the medical and dental
fields. In the dental field, patients with braces often have some problems that arise due to long-
term treatment, such as the patient's self-esteem when talking and taking pictures because
braces make the smile not beautiful. Therefore, in this article, we propose several methods to
thoroughly solve the brace removal problem by studying and comparing two generative
models: Pix2Pix and CycleGAN, the first model is the F mapping: Y — Y, the second model is
the G: X — Y mapping where X is the braces image distribution containing braces and Y is the
teeth image distribution.

Tir khoa: braces2teeth, CycleGAN, Pix2Pix, Inpainting.
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TONG QUAN

Img2Img (chuyen dbi anh sang anh) 1 mot bai toan rong trong xu ly anh, model IngImg co
thé chuyen dbi anh x sang anh y trong ngir canh nao do cho trudc. Mot sé tng dung noi bat
nhur chuyén tir anh xam sang anh mau, ghép anh hodc tang do phan gidi, ... Trong ndi dung bai
béo nay, bai toan cu thé 1a chuyén ddi anh niéng rang c6 méc cai sang anh rang, hay n6i cach
khac 13 x6a méc cai ra khoi anh. Vi tinh kha quan khi khai thac nhitng dac trung tr dataset
cho trude va xir Iy nhitng vin dé cu thé lién quan dén dataset, chiing t6i lira chon sir dung model
deep learning két hop vai nhidu phuong phap tién xir 1y khac. Ching t6i da thir nghiém theo
hai hudng la supervised va unsupervised.
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VAT LIEU VA PHUONG PHAP NGHIEN CUU

CycleGAN

Ground truth x thudc domain X qua AE (auto-encoder) network dau tién c6 dugc Yfake trong
domain Y, y' tiép tuc di qua AE network thir hai (d6i ximg véi AE network dau tién) dé phuc
hoi x (x’). [2loss (x, x") dugc goi 1a cycle — consistency loss. Model ¢6 Dy phén biét x va x',
D Y phén biét y va y'. Chiing t6i thir nghiém véi tap test 200 anh niéng ring c6 mac cai.
Pre-processing

'\ " 2loss (cyde |
e 1 consistent loss) :

Real image in X AE Gyy Fake image in Y AE Gyy Reconstructed / fake image in X

I |

————mlaam--

l" Dy Dy : CycleGAN loss :

- ——— - ———

Real image in Y Dy(xy) € {0,1} Dy(xy) € {0,1}
| | |

Hinh 1. Tong quan phirong phdp CycleGAN
a. Data augmentation
V&i mdi diém dir liéu trong dataset braces2teeeth, chung t6i thay doi ngau nhién kénh mau S
va V trong khong gian HSV dé mau ring va mau mac cai dugc thay doi 10 1an khac nhau. Sau
khi thir nghiém, nhimg méc cai ¢ mau sic sic s& da dugc xoa, tuy nhién model di thay doi
sic thai ctia anh khé nhiéu.
b. Crop mouth _
Phwong phép cit ra viing miéng, bang dlib va OpenCV dé tao facial landmark detection. Phan
mouth dugc danh dau boi cac point trén landmark c6 index tir 61 dén 68.
Chung t6i sir dung ham OpenCV convex Rectangle dé va lay thém nira trén va nira dudi dé anh
khong bi bién dang khi dwra vao model. Phwong phap nay sé dwoc ap dung cha yéu trong model
Pix2Pix.
¢. Can bing Histogram
Chung t6i tién hanh phén tich histogram ciia trung binh RGB trong tap 200 anh test. Nhirng
trudng hop failure c6 2 dinh ¢ khoang 130 — 140 va 220 — 230 vi elastic tie thuong c6 mau sic
sic sd (sang). Chung t6i thir nghiém viéc cin bang histogram cua nhimg truong hop failure voi
histogram trung binh ctia nhitng truong hop success bang phwong phap ndi suy tuyén tinh.
d. Tim mau riang
Chung t6i sir dung bang mau dua trén VITA3D Master dé tham chiéu tryc tiép dén nhing diém
anh lay dugc c6 kha nang 1a rang. Sau d6 tim mau rang bang ly tap pixel thong qua 2 dudng
trung truc cua anh va so sanh pixel c6 mau gan nhat véi mau nao d6 trén bang mau.
e. X6a mic cai
Chuing t6i str dung ham convexPolygon trong OpenCV céc point c6 index tir 61 — 68 trén facial
landmark dé xac dinh selection zone. Chung t6i thir nghi¢ém 3 phuong phap khac nhau dé so
sanh: a) Nhimng pixel nam trong selection zone dugc mpamtmg lai bing mau rang. b) Nhiing
pixel nam trong selection zone va c6 khoang cach vdi mau rang lon hon ngudng cho trudc s€
dwoc inpainting lai bang mau ring. Tai diy chung t6i chuyén anh sang khong gian mau CIELab
va sir dung khoang cach CIE2000. c): bao gom 3 cong doan: chuyén anh sang ma trén
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superpixel - danh nhan nhimg superpixel c6 density bé hon threshold 1a “teeth”, gitr nguyén,
nguoc lai thi danh dau 1a “not teeth” - doi voi nhitng superpixel c6 label “not teeth”, chiing t6i
tim nhirng pixel xung quanh thudc

Image in X
Detect mouth() === ? Inpainting() a‘
S
Rl il

. | Image in Y’
Find teeth color() pr— 1

Pix2Pix
model

!

<7
Replace()

:‘

Origin image Teeth color
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| Image in Y
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Final result

Hinh 2. Tong quan phuong phap Pix2Pix with pre-processing
superpixel dugc gan nhin “teeth” va ldy trung binh mau ciia chung, néu khéng c6 neighbour
teeth nao thi superpixel “not teeth” dugc inpaint bing mau rang.
PixPix
Chung t6i van train model Pix2Pix voi dataset la tap cac cap {x;, Py Tuy nhién, viéc chuén
bi dataset thanh cac cap trong thuc té rét kho khan va tén nhiéu chi phi. Anh chup trong quéa
trinh meng rang va sau khi niéng rang thuong khong lién quan dén nhau do khac goc do chup
hoac thé trang bénh nhéan da thay doi tir thoi diém niéng rang dén thoi diém théo niéng. Do do,
mdi diém dir liéu x; s€ tuong ung diém dir liéu y; (x; = preProcessmg(yl)) ca x;1an y; déu
thuoc domain Y, dé d& phan biét chung t6i s& goi x; 1a y';. Cubi cung, chung t6i thu nghiém
thém mot model trong d6 cho phép su can thiép tir ngudi ding nhiam diéu chinh két qua theo
thich cua ho.
GraphCut + Generative Image Inpainting with Contextual Attention (Inpainting)
Két qua do hai model da tuong déi, tuy nhién c6 mot s6 truong hop nguoi dung mudn can thi¢p
dé dau ra dat duoc két cdu theo nhu y muén. Do d6 chung t6i két hop hai model GraphCut va
Generative Image Inpainting with Contextual Attention dé hién thyc héa nhu céu trén (toi s€
goi model nay 14 Inpainting dé ngan gon). Model GraphCut s& nhan vao anh gbe (hinh . a) va
user interaction (hinh 3. b) danh dau vi tri mic cai (mau do danh dau khong phai méc cai va
mau xanh danh diu méc cai). Model GraphCut anh xa anh sang tap superpixel (hinh 3. ¢ va 3.
d) va str dung thém thong tin tir user interaction dé anh xa tiép sang d thi ba chiéu. Cudi ciing
dua d6 thi ba chiéu vao thuat toan cua Boykov-Kolmogorov Min-cut/Max-follow dé thu dugc
2 @5 thi con S la tap cac superpixel dugc danh diu 1a braces va T 1a tip cac superpixel duoc
danh diu 1a teeth. Chiing t6i 4nh xa nguoc lai S va T vé anh gc va c¢6 duge mot binary mask
vOi gid tri 1 danh ddu méc cai va gia tri 0 danh dau khong phai méc cai (hinh 3. e).
Model Inpainting nhan anh gbe va binary mask, tién hanh inpainting tai nhirng vi tri da duoc
danh dau trén binary mask va cudi cing tra vé anh riang khong chira mic cai.
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KET QUA VA THAO LUAN
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a. Origin image d. The superpixels

¢. Binary mask f. Binary mask concat g. Final result

with origin image

Hinh 3. Tong quan phicong phap Inpainting
Dé xac dinh chét lwong anh sinh ra braces — teeth, chung t6i str dung phwong phap Amazon
Mechanical Turk (AMT). Nhirng ngudi tham gia dugce cho xem mot chudi cac cip anh, mét 1a
anh that va mot 1a anh gia (duoc tao boi model) va yéu cau chon hinh anh ma ho cho 1a that.
Mbi nguoi tham gia chi duge phép thir nghiém mét 1an duy nhét. Tét ca cac model déu duoc
danh gia trén cung mot test dataset.

Model Training dataset % Turker labeled real
CoGAN braces2teeth 0.7% £ 0.5%
BiGAN/ALI braces2teeth 2.1% % 0.5%

SimGAN braces2teeth 1.1% + 1%

Inpainting braces2teeth/teeth 1.7% + 0.3%
CycleGAN braces2teeth 28.3% + 4.3%
CycleGAN + Augmented data | braces2teeth Augmented | 32.8% + 4.7%
Pix2Pix + preprocessing teeth2 38% + 5.2%

Bang 1. AMT score trén cdac model khac nhau, in dam la cac phwong phap chung toi tir
nghiém

83



KET LUAN VA PE NGHI

Mic du CycleGAN va nhirng model ap dung thém nhimg phwong phap pre-processing da xu
1y t6t nhiéu tr uong hop nhimg van con nhimng ngoai 1é chua thé x0a mac cai hoan hao. Nguyén
nhén co ban van la do phan phdi cua dataset chua du de thé hién tat ca cac trudng hop cua bénh
nhan deo niéng rang, vi du model khong thé xir 1y niéng ring v6 hinh, hodc méc cai mau sic
doc la nhu mau tim vi trong dataset khong hé c6 nhitng truong hop d6. Ching toi ciing cam
nhan thay su khac biét vé mat két qua néu c6 thé ap dung triét dé hudng supervised so voi
unsupervised. Tuy nhién, viéc chuin bi cac cap diém dir liéu that bao gom anh dang trong qua
trinh niéng ring va anh sau khi thao niéng ring ma khong can qua qua trinh tién xur ly gap rét
nhiéu kho khian nhu da mé ta. Ly do model Inpainting dat két qua kha thap vi con phu thudce
vao s6 lugng epoch hoan thanh va chat luong twong tac dén tir nguoi dung. Tuy nhién chiing
t6i nghi rang model van c6 kha nang xir 1y tét hon néu duoc dau tu vé sirc manh tinh toan.
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Phu luc 3: Ban sao bai bao Tap chi BME

Reconstructed teeth image from braces with GAN
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! University of Information Technology — VNU, Vietnam
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Abstract
Recent advances in deep learning models have shown promising potential in object removal, which refers to the task
of replacing undesired objects with appropriate pixel values using known context. Object removal-based deep
learning can commonly be solved by modeling it as Inpainting or image to the image translation problem. Instead of
dealing with a large context, this paper aims to a specific application of object removal, which is to erase braces trace
our of an image of teeth with braces (brace2teeth). In particular, we divide the problem into three circumstances
corresponding to different data sets. Firstly, we consider pairs of images with and without braces as a dataset to frain
the Pix2Pix model. In the second case, we use CycleGAN to deal with unpairs of the same kind of dataset. In the last
case, we utilize graph cut combining inpainting model to build an interactive user interface. Moreover, we enhance
the reconstructed image quality by preprocessing the training data and proposing an interpolation scheme to fill in
the teeth' pixel values. To our best knowledge, this study is one of the first attempts to take the brace2teeth problem
into account by using deep learning techniques. The experimental results are reported both in quantitive and quality.

Keywords: braces2teeth, CycleGAN, Pix2Pix.
1. Introduction

Image processing based deep learning model has been widely applied in various fields, especially in medical and
dental images. In dentistry, braces patients often suffer some problems that arise due to long-term treatment, such as
the patient's self-esteem because braces make smiles awkward when talking and taking pictures. As demand for braces
removal in an image has arisen, this study addresses the brace2teeth problem by modeling it as the image to image
translation task that could be solved by deep learning approaches such as generative models.

Brace2teeth problem is the task that fills plausible contents in where are obscured by braces with realistic teeth' texture
details. Traditional approaches mostly develop techniques combined with multi-steps, segmentation to locate
obstacles' areas where masks are marked and filled in by a hole-filling algorithm [1], [2], [3]. However, it is not trivial
to do a complete segment without any good prior such as instance-level labels and advanced architectures [4].
Likewise, braces segmentation is a nuisance since traces are normally thin and hooks have the same color as teeth.

1.1. Related works

For a brevity of related studies, we review some of remarkable studies in this field below. We divided the current
related work into three aspects. First is several basic img2img translation methods. Then, other studies modified the
basic model to obtain good images but still for general usage. Recent studies tried to leverage img2img methods to
remove unwanted objects in an image.

Img2Img translation: Img2Img translation is a task that aims to translate from an image to another with some
particular purposes, such as changing the attribute of textures or semantic content. A variety of methods using deep
convolutional neural networks have been developed for Img2Img translation. Noticeably, GANs-based methods have
been proposed and attained remarkable results in generating desired images with high texture detail and resolution

GANSs are generative models that learn to map the output image from a random noise vector zto y, G:z - y [7]. In
the same year, based on the previous study, conditional GANs (cGAN) [16] enhanced mapping from an observed
image x and random noise vector z, to ¥, G:{x,z} — y. Generator G is trained to create performances that are
impossible to discern from real images by an opponent trained discriminator, D, trained to differentiate the false image
produced by G against the real image. GAN is an important model, so many research studies greatly improve the
quality of the picture produced.
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Pix2Pix [15] is a typical case of this work that adopts cGAN [16] to learn the mapping in a supervised way. In the
Pix2Pix model, the generator is trained to generate realistic images in the target domain corresponding to the source
domain's input images. This mechanism is restricted by an adverse loss deemed a sufficient structural constraint of
high and low frequencies, respectively. Pix2Pix must, however, be focused on paired samples because of its supervised
loss. CycleGAN [14] imposes cycle continuity to overcome these shortcomings, relying on a reasonable re-
construction of an image after two translations but the lack of ground truths makes this method's results are not as
good as Pix2Pix. This principle enables the preparation of img2img models using unpaired datasets. These classic
img2img translation models are the foundation of our process.

Augmented image for img2img translation: The latest analysis has aimed to enhance the results of models with a
universal or particular function. [23] Focusing on the effect of latent features and changing the design of the proposed
model to boost performance. [24] Recommended the inclusion of useful components to boost image generation, such
as adding an attention layer to the model. Some approaches in the above study have enabled us to enhance the outcome
of the teeth reconstruction mission.

Object removal [25]: is the study which dealt with the same problem as ours. Their model can automatically remove
face masks in the image and recreating the erased part. Two operations are conducted in two different modules and
the output of the mask deletion module will be entered in the removed zone restore module. While they have obtained
a successful outcome in eliminating a particular object, their models tend to be heavy, and they cannot process which
face masks are not in the dataset. Moreover, the idea of constructing a binary mask to delete an object from the Unet
model is only useful for convex objects like masks, not braces. Their study has inspired us in creating paired datasets,
and the way to deal with an object has various shapes, sizes, color and structure like face mask and braces.

1.2. Contributions

Apart from traditional approaches, this paper suggests using generative models to solve the brace2teeth problem. We
design the problem as an image-to-image translation task where the input image is an image of teeth with braces, and
the output image is a teeth image with braces already erased. The translation models used in this study is Pix2Pix and
CycleGAN, which are alternatively applied on pair and unpair dataset. An advantage of our proposed modeling is that
braces can be erased just using a unified model. The data sets are built only on the set of braces and without braces
images, without any consideration to segmentation or the cost of labeling. We further aim towards a user application
with the proposal of an interactive framework using Grapcut and Inpainting. The user can select the region of braces
that should be removed and the region of teeth that should be retained. Since image-to-image translation models have
suffered background inconsistency and incomplete fine-grained structures, we alleviate it by applying background
removal and superpixel refinement to create nature-looking images.

To our knowledge, this paper presents the very first attempt to solve the brace2teeh problem using generative models.
In summary, this paper has some contributions:

- We collect a dataset with 8704 images about teeth and 2165 images about braces. The dataset is available for
practitioners who have an interest in this subject.

- To erase braces and construct a clean teeth image, we model the problem as an image-to-image translation that
can be solved by generative models such as Pix2Pix (for pair dataset) and CycleGAN (for unpair dataset).

- We propose an image editing tool with Graph cut combining Inpainting to use useful prior knowledge to improve
the model's performance.

This paper is structured as follows: Section 2 is Materials and Methods, it gives details of our approach and analyzes
failure cases with proposed solutions. Section 3 presents our experimental results with plenty of settings. Section 4
discusses the metrics. Finally, section 5 is the debate and section 6 is the conclusion.

2. Materials and Methods

2.1. Materials

Datasets: to evaluate our proposed methods, we test various datasets, including two domains, braces and teeth.
Because of our problem'’s specifics, the datasets about braces and teeth have not existed or public until now, so we
have collected ourselves from google image and another GAN model (StyleGAN2). There is also a small amount
offered from dental clinics.
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We get google images with the Downloader tool provided by Yabin Zheng by using many keywords in different
languages related to braces and teeth. The results from this source are only temporarily accepted with 0 — 100 images
per keyword. StyleGAN?2 is a huge model that comes from the researcher of NVIDIA, it produces human faces public
on this with different contours, and we take this image resource by auto crawling using Selenium web driver (1024 x
1024 x 3) technology, using part of preprocessing module to get mouth part with click size 256 x 256 x 3. Image from
StyleGAN2 is not limited, but the teeth of all images are quite similar (all white, bright, and beautiful), so we make
them a minority of the datasets. The source from dental clinics are valuable, but most are kept private, and we are only
given a small number of them.

All images in the three datasets are engineered before training. This task includes resizing 256 x 256 x 3 using bicubic
interpolation, reducing noise by cropping doodle parts, which are not too relevant, and edit images (the braces that are
not located correctly be adjusted near the center section manually).

‘We have three datasets for testing; therefore, CycleGAN uses the full dataset, and Pix2Pix only uses the teeth class.
Below are the details; braces2teeth is collected from Google image, teeth2 and dental clinics, braces2teeth
Augmentation is from braces2teeth by using augmentation technique, we change the H and S value randomly ten
times to get more color of braces and make braces2teeth more diverse.

Training: details of training on each of these datasets are provided in the supplemental materials online. Qualitative
results are shown in Figures 10 and Figure 1.

Experimental Settings: because of the result from [14], we reused their stable model and not changed much about
the hyperparameters. The loss functions are the same, and we use Adam optimizer with batch size 1 too. All models
were trained from scratch with a learning rate of 0.0002. We also keep the first 100 epochs' learning rate and linearly
decay it to zero over the next 100 epochs. All the parameters in the training process are summarized in Table 2.

The detail of the dataset, training process and experiment are available at
https://github.com/vutuanhai237/braces2teeth.

2.2, Methods

Our goal is to learn mapping functions f between two domains, braces (X) and teeth (Y) given training samples x]-;
where x; € X and yj’;ll where y; € Y. f can remove braces and inpainting automatically.

2.2.1. CycleGAN

CycleGAN [14] is a good choice for this task since the learned translation degenerates into making minor
improvements to the input and its structures adapted to the better results of presentation changes, not geometric
changes. Because of the same goal, we selected the CycleGAN as the first model to be evaluated.

CycleGAN includes two mappings G: X — Y and F: Y — X. It has two adversarial discriminators Dy and Dy, where
Dy aims to distinguish between images x and translated images F(y); in the same way, Dy aims to discriminate
between y and G (x). Two components are included in the CycleGAN objective: adversarial loss [7] for matching the
distribution of generated images to the distribution of data in the target domain and cycle consistency losses to escape
the inconsistencies between the learned mappings G and F.

CycleGAN applies adversarial losses [7] to both mapping functions. For the mapping function G: X — Y and its
discriminator Dy, we express the objective as:

Lgan (G,Dy,X, Y) = Eymp,mm(y) [lOgDY(y)] + Ex~pdam(x) [lo.g(l - Dy(G(x))] (1)

where G is attempting to produce G (x) that look identical to teeth from domain ¥, while Dy is trying to differentiate
between the interpreted G(x) and the actual teeth y. The goal of G is to minimize this objective against the opponent
D, which is attempting to maximize it. For the mapping function F: Y — X and its discriminator Dy, CycleGAN has a
similar adversarial loss.

Adversarial training will learn ¢ and F mappings that generate outputs distributed identically as target domains ¥ and
X, respectively. However, with enough resources, the network can map the same set of input images to any random
image permutation in the target domain, where any of the qualified mappings can induce the output distribution that
matches the target distribution. Thus, adversarial defeats of their own cannot guarantee that the learned function will
map an individual x i input to the desired y i output. In order to further minimize the space of possible mapping
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functions, it is argued that the learned mapping functions should be loop-consistent, for each image x from domain X,
The conversion period in the image should take x back to the original picture, x = G(x) = F(G(x)) = x. Similarly,
the backward period continuity of each Y, G and F image should be reached: y — F(y) = G(F(¥)) = y. So cycle
consistency loss is:

LC}’C(G, F) = Exmpdam(x)[F(G(x)) - JC] + Ey~pdata(y)[G(F(y)) - YJ- (2)
CycleGAN's full objective is:
L(G,F,Dy,Dy,X,¥Y) = Lgan(G, Dy, X,Y) + Lgan(F, Dy, X,Y) + ALy, (G, F) 3)

Where A = 10 is the most optimize was proved [14].

This old method can achieve compelling results in many cases. On translation that involves common braces like metal
braces with fully archwire, bracket and elastic tie, the method often succeeds. But the results are unexpected in some
special conditional.

2.2.2. Failure cases

As illustrated in Figure 2, the CycleGAN model still cannot erase the cases with identical colors that coincide with
the colors of teeth components such as pink (gums), white (teeth). To address this problem, we applied some image
enhancing methods. For braces with thin wires and small interest regions, we extract the mouth region before doing
braces removal.

Data augmentation. For each sample in the braces2teeeth dataset, we randomly created ten different augmented
versions by changing the S and V color channels in the HSV space so that the teeth and braces have different tones.
Although the brightly colored braces have been removed, the reconstructed image has also been affected by color
changes.

Extracting mouth region. Images in which the square of braces was too small, and its structure is unclear, we crop
the mouth region, put it into the model, replace the mouth region with the result. To keep the ratio of width and height
of the extracted mouth region, we re-defined the cropping region by expanding the interest region towards the upper
and lower lip so that the image will not be distorted when put into the model. This method will be applied mainly in
Pix2Pix models.

2.2.3. Pix2Pix with preprocessing

Pix2Pix [15] is proved that better than CycleGAN in [ 14] about the quality of the generated image. However, preparing
the dataset consisting of the pairs shown in Figure 1 is very difficult and costly. Photographs taken during the braces
and after the braces are usually unrelated due to different angles or changes in the patient's condition from braces to
the time the braces were removed. So we introduce the below framework to generate a paired dataset. First, we only
use the teeth image y;2,, for each y; we detect the teeth region (inner mouth) and are filled by teeth color. After filled,
¥; became y'; which is between x; and y;. y'; is originally from y; but we will temporarily treat it as a preprocessed
image from x;. Now we have a pair {y';, y;}I.; and can put it into the Pix2Pix model.

{xu ¥, = 'Lyl = {preprocessing (v,), yi L, - 3)

The preprocessing method includes three sub-task. The first is to detect mouth was introduced in the CycleGAN
model. The second is defining the teeth color, because the generator has a high chance of producing the same teeth
zone if we filled the teeth region with the same color. Finally, the sub-task is the most important. We will color the
inside of the mouth with the teeth color as if we are temporarily removing braces, even though they do not have braces
on the teeth. We choose this method to completely resolve the coloring braces in the previous and furthermore is
removed from any type of braces.

Teeth color inpainting. We used the VITA3D Master palette as the reference to find pixels that are probably teeth
region. Then we take the pixels on two perpendicular lines of the image and comparing those pixels to color on the
sample palette, the color of a tooth is the closet color.

88



Braces removal. We extracted the convex region covering landmark points with an index of 61 - 68 on the facial
landmark to define the zone of interest. We conducted three different methods for comparison:

Method A: All pixels in the interest region are inpainted by a tooth color.

Method B: Pixels in the interest region and whose teeth color distance is greater than a given threshold will be inpainted
with teeth color. Before that, we convert the image to CIELab color space and use CIE2000 spacing.

Method A was simple, but the result may be wrong according to the groud truth because there is no information about
teeth' structure when put into the model. Method B can keep a part of teeth, but the result may be unreasonable as
describe in Figure 6.

2.2.4. GraphCut combines Generative Image Inpainting with Contextual Attention

In practice, the user wants to manipulate the output to achieve the desired texture if the generated image can not remc
braces altogether. This study combines GraphCut [20] and Generative Image Inpainting with Contextual Attention [4]
implement an interactive model named the Inpainting model for brevity.

Graphcut is a method of image segmentation applied graph theory. If we see braces image like graph G (E, V), Graphcut ¢
generate a cut that divides G into two subgraphs § as braces part and T as another part. We keep the only T to make a bin:
mask to put into the below generative model.

Generative Image Inpainting with Contextual Attention: takes the original image and binary mask, performs Inpainting at
positions marked on the binary mask and finally returns the brace-free tooth image (Figure 7. f).

The overall process followed these steps. Firstly, the user would provide the original image (Figure 7. 2) and desi
interactions for Graphcut. The user interactions are marks of braces location (red mark without braces and blue mark brace
Secondly, the GraphCut model maps an image to a superpixel set (Figures 7. ¢ and Figure 7. d) and uses additio
information from user interactions to map it to a three-dimensional graph. Then, we use the Boykov-Kolmogorov Min-c1
Max-follow algorithm on the three-dimensional graph to obtain two subgraphs, S is the superpixel sets marked as brac
and T is the superpixel set marked as teeth. Next, we map S and T back to the original image and get a binary mask witl
value of 1 marks bracket and a value of 0 marks no bracket. The Inpainting model receives the original image and bin:
mask, performs Inpainting at the marked position on the binary mask and finally returns a tooth image that does not cont:
braces (Figure 7. f).

3. Results

In this study, we used the same evaluation datasets and metrics as Pix2Pix [15]. We compared our method against
several baselines, including COGAN [21], SimGAN [22] and BiGAN / ALI [26].

Traditional metrics such as per-pixel mean-squared in many previous method errors are not compatible to evaluate
the results. We also run “real vs. fake” perceptual studies on Amazon Mechanical Turk (AMT). Plausibility about
color and structure of image to a human observer is often the ultimate goal. Because of the specific dataset, we can
not evaluate by IS score or FCN score.

AMT perceptual studies. For our AMT experiments, we follow the same perceptual study protocol from Isola et al.
[15] but have a little change. Turkers were presented with a list of pairs include one real image and one fake image
generated by our model; the fake image is randomly on the right or left side. On each trial, the pair appeared for I - 2
seconds; after that, the Turkers responded, which side was fake with 5 - 10 seconds. No feedback was provided after
each trial. Each session only tested a single algorithm, and participants were only allowed to complete a single session.
Therefore, our numbers should only be used to compare our current method against the baselines (which were run
under identical conditions).

Like [15], we implement all the baselines using the same architecture and details as our method for far comparison,
except for CoGAN [21]. CoGAN builds on generators that produce images from a shared latent representation,
incompatible with our image-to-image network. We use the public implementation of CoGAN instead.

The results are shown in Table 3.
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4. Discussion

Although CycleGAN and models that apply additional preprocessing methods have handled many cases well, some

exceptions braces cannot be erased altogether, as shown in Section 2.2 and Figure 2, which includes:

Porcelain braces and multi-chromatic braces: the underlying cause is still due to the dataset's distribution
insufficient to represent all cases of patients wearing braces, for example, the model's inability to handle some type of
braces - invisible braces or color braces strangely like purple because in the dataset there are not many such cases. We
also feel a difference in results if it is possible to fully apply the supervised versus unsupervised direction. As stated,
however, it is very complicated and costs a lot to prepare data pairs like images taken before and after removing
braces.

Braces in the image are not clear (the area containing blurred braces): can be treated with another image interpolation
model to reduce image blurring, however lack of information about tooth structure and braces can give the user an
inaccurate feeling.

The braces occupy a small proportion (the area containing the brace is small compared to the entire image), causing
the model to experience noise as shown in Figure 2, this situation can be overcome by segmented models that can
detect the subject in the image (namely the mouth). Then extract the mouth area, import it into the model, and replace
the extracted area with the processed image. However, at the borders (contiguous areas of new areas and old images)
there is inconsistency because the distribution of these two images is completely different, this problem has been fixed
in the Inpainting model, but this model is still too expensive and ineffective. The Inpainting model has quite low
results than expected because the model is not trained enough to converge to the feasible parameters, as well as this
approach also requires proper initial braces region from users. Promisingly, the model will have better performance
due to the improvement of training hardware.

5. Conclusions

This paper aims to erase braces trace using GAN techniques, given an image of teeth with braces. However, the paper
address a limited domain, where its application is undoubtedly helpful to people during brace treatment. There are
various GAN versions and image processing techniques presented in this paper. Through experiments, we can
conclude that the proposed method works well in this specific domain. However, there are some cases that braces
could not be erased completely due to a lack of resources. This paper presents the first study to help braces patients
with better smile pictures through image processing techniques. The promising results also show that it can be applied
to real scenes as braces filter. We will leave the challenge cases as future works.
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Figures and Tables

Figure 1: With two datasets of braces and teeth, our model could transition from braces image to image without braces
(braces removed and replaced with teeth). The model results are better than [ 14, 15] because additional methods apply
only to the characteristic data types depicted in Figure 1: (left per pair) braces layer data points and (right per pair)
teeth class data point.

Low resolution

Origin image Generated image Origin image Generated image

Figure 2: Pairs of images (left: the original image, right: generated image) result from CycleGAN. Several typical
failure cases and their main reason. The first row shows braces with the same color of lip and gum (left) or multi-color
braces (right). The second row shows braces with thin wires. The last row shows the braces placed in a small area of
images.
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Figure 4: Extracting mouth region by facial landmarks. The mouth section is marked by DIib landmarks with an index from 61 to
68.
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Figure

Origin image After crop mouth After preprocessing Final result

Figure 6: Model produces unreasonable images

a. Origin image b. User interaction c. Init the superpixels d. The superpixels

e. Binary mask f. Binary mask concat g. Final result
with origin image

Figure 7: Results from each stage of the Inpainting model.
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Figure 9: Pix2Pix loss during training process

Figure 10: Some test results. To the left of each pair (original photo), to the right of each pair (photo generated by

model).
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Figure 11: Some test results. To the left of each pair (original photo), to the right of each pair (photo generated by

model).
Dataset Total images Details Sources

braces2teeth 3869 testX: 437 Google image, dental clinics.
trainX: 1728
testY: 340
trainY: 1364

braces2teeth 38690 testX: 4370 braces2teeth

Augmentation
trainX: 17280
testY: 3400
trainY: 13640

teeth2 7000 train: 5000 braces2teeth/teeth, StyleGAN2, dental
val: 1000 clinics.
test: 1000

Table 1: Details of datasets used in our experiments.
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PatchGANs for | 2.765 M, Dy:
discriminator. 2.765 M).

Ir: 0.0002.

batch size: 1.

optimizer:

Adam.

epoch: 200.
Pix2Pix with braces2teeth Unet for Total weight: Google Colab Under 1 second
preprocessing Augmentation/te | generator. 57.183 M (Gyry: | with GPU and per image.

eth PatchGANS for | >+414 M. Dyt | Pytorch.
diserimi 2769 M).
iscriminator.
Ir: 0.0002.

batch size: 1.

optimizer:

Adam.

epoch: 200.

Table 2: Details of the experiment process.
Model Training dataset % Turker labeled real

CoGAN braces2teeth 0.7% £ 7.5%
BiGAN/ALI braces2teeth 21% + 6.5%
SimGAN braces2teeth 1.1% + 7.7%
Inpainting braces2teeth/teeth 1.7% + 6.3%
CycleGAN braces2teeth 28.7% +2.7%
CycleGAN + Augmented data braces2teeth Augmented 32.8% +4.1%
Pix2Pix + preprocessing teeth2 36.4% +4.2%

Table 3: AMT scores of our proposed models and baseline models. Although each model's training set is different,
the scores were computed on the same test set.
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Phu luc 4: Danh muc cac tir khéa trong dataset
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Phu luc 5: Danh muc cac tai nguyén lién quan

M4 nguén:

Client (ReactJS): https://github.com/vutuanhai237/Braces2TeethClient
Server (Flask) & Model (Pytorch):
https://github.com/vutuanhai237/Braces2TeethServer.

Utility (Python): https://github.com/vutuanhai237/Braces2TeethUTtilities
Dataset: https://github.com/vutuanhai237/Braces2TeethDataset

AMT Score: https://github.com/vutuanhai237/AMTScoreForBraces2Teeth
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