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LJi cam on

Loi dau tién, ching toi xin gii dén Ban t6 chitc trai he PIMA va nha sang lap - anh Lé Viet
Hai, anh Tran Hoang Bao Linh, anh Can Tran Thanh Trung - 16i cAm on chan thanh nhat.
Bén canh viéc tao diéu kien dé tat ca cac trai sinh dén tit moi mién dat nuéc dude tham gia,
giao luu, hoc héi, cac anh con tao nén mot cong dong nhitng hoc sinh yéu thich toan sin sang
giup do chang toi.

Chiing toi cling xin duge gui 15i cdm on cac anh chi quan i, ngudi huéng dan va cac thay co,
khach moi ma ching to6i c¢6 co hoi tiép xtc trong thoi gian trai he. Dic biét, xin cdm on anh
Thé Anh, anh Long - nhiing dan anh c¢6 van nhém vé kién thitc dé tai va ki nang lap trinh; chi
Thuc Nhu, chi Ngoc - nhiing ngusi chi da dong vién va chi bao chung toi cach lam viéc nhém,
cach viét bdo cdo, ... Sy quan tam, theo sat clia anh chi tit nhiing ngay dau tién 13 nguon dong
luc 16n ctia chung toi.

Dong thoi, nhém xin cdm on céc nha tai trg da tao diéu kién vé co s6 vat chat dé trai he c6
thé dién ra thuan loi, an toan.

Dén nam thit 4 ctia PIMA, v6i nhitng cai tién vé noi dung giang day va quy mo trai he, PIMA
da va dang lan téa niém dam mé toan hoc téi nhiéu hoc sinh THPT trén toan qudc. Niém dam
mé dé khong ding lai 6 su vui thich ma con 1a su truyén cdm hiing, stic manh va tam nhin dé
chiing t6i manh mé hon trong quang dudng sap tdi clia minh.

Trai he PiMA 2019 sip két thic. Nhung chiing toi tin rang tinh than chia sé tit nhitng con
ngudi noi day sé thic day PIMA phat trién trong tuong lai. Vé phan minh, ching toi tin ring
nhitng bai hoc tit day sé gitp ching toi dén dau cac thit thich mdi - mot cach chi dong va
nhiét tinh.

Mot lan nita, xin chan thanh cdm on PiIMA, vi 12 ngay trai vo cung quy gia.

Tém tat néi dung

Vén 1a kha nang ma con ngudi thuan thuc mot cach tu nhién, may tinh gio day c6 thé xac
dinh céc vat thé trong mot biic &nh nhd su phat trién vugt bac ctia AL Day dude goi 1a Object
Detection, mot trong nhitng bai toan co ban ctia Computer Vision cling v6i mot s6 bai toan
kinh dién khéc 1a Image Classification va Image Segmentation. O bai bao cao nay, chiing t6i xin
trinh bay mo hinh téng quan mang CNN, nhing bién thé ctia CNN gitp giai quyét van dé hieu
qua hon, va demo 1ap trinh xac dinh hinh anh nhitng con ché trén tap dit lieu Stanford Dogs.
Mong bai viét c6 thé gitp ngusi doc hinh dung su tuong dong ciing nhu khéc biét gitta mang
Neural Network/CNN truyén thong trong Machine Learning va cac phién ban CNN nang cap
trong Deep Learning, tit d6 c¢6 cai nhin dinh huéng 16 rang hon vé hai khai niém quan trong
nay.
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1 Dat van de

1.1 Computer Vision

Computer Vision (CV) — NGANH THI GIAC MAY TINH LA GI?

Day 1a mot linh vie trong Tri Tué Nhan Tao va Khoa Hoc May Tinh, bao gdm cac phuong
phap thu nhan, xit Iy 4nh k§ thuat s6, trich xuat thong tin c¢6 ¥ nghia tit noi dung ctia hinh
anh. Viéc phat trién linh vize nay cé bdi canh tit viec sao chép cac kha niang thi gidc con ngusi
bdi sy nhan dién va hiéu biét mot hinh 4nh mang tinh dién tit. Céac thuat toan CV c¢6 thé duge

mo ta 1a su két hop gitta x1t 1y hinh anh va hoc may. Mot s6 tng dung tiéu biéu c6 thé ké dén la:
phan loai hinh 4nh (Image Classification), phat hién hinh anh vat thé (Image Detection),
tai tao canh 3D tit hinh anh 2D, truy xuat hinh anh, tu dong hoa trong giao thong.

Classification Localization Detection Segmentation

\

Hinh 2: Ung dung ctia Computer Vision trong ti dong héa giao thong

1.2 Object Detection

Object Detection (NHAN DIEN VAT THE) - BAI TOAN KINH DIEN CUA THI GIAC MAY
TINH

Ding nhu tén goi clia nd, ¢ bai toan nay ta mong mudn xic dinh bitc &nh nay c6 nhitng déi
tugng nao, ¢ dau. Dau vao (input) 13 mot hinh dnh chita vat thé nao dé ma ta chua biét
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trude, dau ra (output) 1a vi trf clia nhiing vat thé d6 duge thé hién bang cich déng khung
(bounding box) va nhan loai vat thé (label). Chang han, bitc &nh dudi day c6 2 chang trai
tré, 1 cai laptop: cac chang trai dude dan nhan men, chiéc laptop duge dan nhan laptop,
déng trong khung xanh rieng. Duéi day 1a vi du minh hoa cho dau vao va dau ra ctia bai toan
nhan dién vat thé sit dung API ctia Google Vision.

Man 75%

Laptop 61%

Person 55%

Hinh 4: Output

Giai bai toan Object Detection/CV néi chung hay DL/ML néi riéng thudng phic tap va da
dang tlly vao yéu cau va dicu kien dat ra. Bai viét dudi day tap trung vao cot 16i 1a mang CNN
va cac phuong phap bién thé ctia né dé giai quyét van dé toi wu hon.

2 Kién tric mang co ban cia CNN

2.1 Cac I6p co ban trong CNN
2.1.1 Convolution Layer

1. Mo6 hinh tdng quan

e Input W7 x Hy x D,
e Hyperparameter
— S6 bo loc - filter /kernel K
— Kich thuée bo loc F
— S6 budce - stride S
— S6 padding P
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k Kernel

EXFxD

Input
Stride: § ]]]plll'
Wi x Hy XDy Padding: P
W, —F+2P H, —F+2P
(H—— r ) x (E———+1)xK
s 2
| J
I
- | RelU
| Convolution Laver |

Activation Function

centering

Hinh 5: Hinh anh Convolution Layer

e Output Wy x Hy X Dy
- Wo=(W,—F+2P)/S+1
- Hy=(H,—F+2P)/S+1
— Dy =K
e Parameter
— S6 tham sd/filter: F' - F - Dy
— S6 tham sb/layer: (F - F - D;) - K
— S6 bias: K
e Output ciia layer trude qua ham kich hoat trd thanh Input ctia layer tiép theo.

2. Phép tich chap X ® W =Y Mot céch tric quan, ta ¢ thé hinh dung phép tich chap nhu

"truot"bo loc W lén ma tran dau vao X cho dén khi quét hét cac ving dién tich F x F.
Téng quat hon, déi véi dau vao 1a vector 3D, thay vi trugt mit phing ta trugt khoi loc
hinh hop lén hét phan thé tich F x F x D .

Gia dinh S = 1, P = 0. Ta thuyc hién cac buée tinh sau:
e VG6i mdi phan tit x5, trong ma tran X lay ra mot ma tran c6 kich thude bang kich
thude ctia kernel W ¢6 phan tit x5, lam trung tam.
e Nhan céac phan tif tuong tng, sau do tinh tong roi viét két qua vao ma tran Y.
X11xwll+x12xwl2 +x13xwl3

= H21x w21+ x22:x w22 +x13x wl3
X3 w31+ x32xw32 +x33x w33

X11 [ x12 | x13 | xX14 | x15

wll | wl2 | w13 y11
x21 X23 | X24 | X25

X31 [ X32 | X33 | X34 | X35 @ w2l .w23 =

X41 | x42 | x43 | x44 | x45

w31l | w32 | w33

X51 [ X352 | X33 | X354 | X535

Hinh 6: Cach tinh tich chap
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e Muc dich

— Phat hién va trich xuat dac trung. Mai 16p tich chap chita cac bo loc phat hien
dic trung (filter - feature detector) cho phép phat hién va trich xuat nhiing dic
trung khac nhau ctia dau vao, tit d6 chuyén doi dé tao ra dit lieu dau vao cho
16p ké tiép.

— S&p xép bo loc 6 16p tich chap dé phat hien cac diic trung tit don gian dén phic
tap. Cac 16p dau tien dung bo loc hinh hoc (geometric filters) dé phat hién canh
ngang, doc, chéo — chi tiét nhu mat, mii, téc, — 16p tich chap sau nhat duing
dé phat hien déi tuong hoan hinh nhu: ché, meo, chim, 6 to, den giao thong, ...

Hinh 7: U’ng dung bo loc trong phat hién dic trung canh

3. Padding

e P = 1: Chen thém 1 vector 0 vao vién

e P = k: Chen thém k vector 0 vao vien

Padding
l P=1
0| o
wil | wi2 | wi3 yi1
x13| 0
x23| 0 (9] w21 .wzs =
x33| 0
w3l | w32 | w33
—| 0o|o|o]|o]|o

Hinh 8: Vi du vé Padding = 1 titc cheén 1 16p 0 6 vién

e Muc dich

— Tao ra kich thuéc mong mudn ciia ma tran dau ra. Khic phuc viéc kich thude
ma tran tré nén qua nhoé sau nhiéu phép tich chap.

— X i cac phan ti tai bien. Khac phuc viec mat mat thong tin tai nhimg diém
anh 6 goc (1 1an) hodc canh (2 lan) duge bao pht it hon.

4. Stride
e S = 1: Di chuyén 6 trung tam 1 pixel
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X11 | x12 | x13 | x14 | x15

o [ [l
w31 | w32 | w33

X531 | X52 | X533 | x54 | X35

y11

Hinh 9: Vi du Stride = 2 ttic 13 méi bude di chuyén 6 trung tam 2 pixel

e S = k: Di chuyén 6 trung tam k pixel
e Muc dich

— Tao ra ma tran dau ra c¢6 kich thuée nhé hon ma tran dau vao.

5. Tu hoc bo loc

Cac gia tri cia ma tran loc duge coi nhut tham s6 clia mot mang no-ron va huan luyén
(vi du nhu back-propagation) dé c6 mot tap gia tri toi uu trich xuat thong tin khong khi

theo chiéu ¢6 dinh ma con ca cic goc 1é va chi tiét tuong doi phiic tap.

2.1.2 Pooling Layer
1. M6 hinh téng quan

Input No parameters!
Stride: 5
Wi % Hy xDy Paddj:exg: P
W, —F+2P H, —F+2P
= +1)x (=
s 2
| |
1
Pooling Layer |

Hinh 10: Hinh anh Pooling Layer

e Input W, x Hy x D,
e Hyperparameter
— Kich thuée bo loc F
— S6 buéc - stride S
— S6 padding P
e Output Wy x Hy X Dy
- Wo=(W, - F+2P)/S+1

Input
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— Hy=(H,—F+2P)/S+1
~ Dy =D,
e Cac cong thiic trong Pooling Layer khong déi so v6i Convolution Layer, cic thong
s6 thuong st dung 1a FF=2,5 =2, P = 0.
2. Cac kiéu Pooling pho bién

e Max Pooling (hay dung)
e Average Pooling (it dung)

10 9
Max Pooling
9 | 7|7 | 7 7 9 9
3|19 |3 |
9 0 7 9
4 9 8 8 725 | 65
Average Pooling
3.2 8

Pooling. PNG

Hinh 11: Vi du Max Pooling va Average Pooling

3. Y nghia

e Tap trung vao cic phan "duge coi'la dic trung ciia viing dude bao phi.

e Gidm kich thuée dau vao — Tang toc do tinh toan hiéu suat phat hién dic trung.

2.1.3 Fully-Connected Layer

Sau khi model da hoc duge tuong déi cac dic diém clia anh qua cac hidden layer thi tensor
ctia dau ra layer cudi ciing (kich thude W, x H, x D,,) sé& dudc chuyén vé 1 vector cling bo s6.
Qua trinh chuyén céc tham s6 vé dang vector nay goi la lam phang (flatten). Sau d6 vector
duge dua vao cic 16p lien két day du (Fully-Connected Layer) dé tinh toan dya trén thong tin
hoc duge truée dé va dua ra output cudi cling.

2.2 Céau tric cd ban mang CNN
1. Mo hinh CNN thuong gap

e INPUT: Pixel ctia anh tng v6i diém trén ma tran.
e CONV: Lép tich chap trich xuat dac trung anh.

e Ham kich hoat phi tuyén: Phép chap véi nhiéu bo loc trinh bay & trén c6 thé chuyén
thanh CNN mot 16p bang cach cong thém vao méi ma tran ra mot so thic va dua
chiing qua mot ham kich hoat phi tuyén. Trong CNN, ham ReLU(z) = max(z,0)
thuong duge sit dung.

e POOLING: Tao ra cac thanh phan dau ra c6 kich thuéc nho.
9
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x11 |

x12 |\

X13 |

X11 | x12 | X13 %21 =
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x31 [
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Hinh 12: Hinh anh Fully-Connected Layer

e FC: Stt dung 16p FC tinh toan dit lieu dau ra.

e Mot s6 ham phan loai, tuyén tinh, xac suat, ... tlly vAo yéu cau bai toan va hieu

qua thiyc nghiem. Vi du bai toan Classification chii yéu sit dung ham SOFTMAX
o exp(z;)
517 S ()

e OUTPUT: Teén vat thé nhan dang + Vi tri vat (bao quanh béi bounding box). Biéu
dién dudi dang vector y véi cac he s6 p; (Xac suat vat 1a I) va b; (toa do, chiéu rong,
chiéu dai 6 vuong).

e Vi du mo hinh CNN thuong gap:

— INPUT

— [[CONV + RELUJ*N — POOL?]*M
— [FC + RELUJ*K

— [FC + SOFTMAX]

— OUTPUT

2. So sanh CNN va NN
Dic diém khéc biet 16n nhéat gitta CNN va NN 1a CNN c¢6 16p CONV vé6i bo loc trich
xuat thong tin.

e Chia sé tham s6: Tham s6 & day chinh 1a hé s6 trong kernel ding dé quét qua ma
tran dau vao. Vi cuing duge quét chung bing bo kernel nén xay ra sit dung chung
tham sb gitta cac viing gan nhau.

e Lién két thua: Trong CNN mot thanh phan dau ra (output unit) chi bi &nh huéng
béi cac diem lan can, trai véi NN tat ca cac nit déu c6 quan hé véi nhau.

e Tit hai diéu trén, c6 thé thay s6 tham s6 trong CNN gidm hon nhiéu so véi NN.

3 Phat trien CNN dé giai quyét bai toan Object Detec-
tion

Mo hinh mang CNN 1a model trg gitp dic luc trong viec gidi quyét bai toan dinh dang hinh
anh. Tuy nhién, chi ding mang CNN truyén thong khong gidi duge bai toan. Nhu ching ta
da biét, bai toan Detection khéc Classification ¢ viec doi héi output la nhitng vat thé duge
khoanh vung tai ding vi tri cia chung trén anh input. Trong khi d6, bai toan phan loai chi
yéu cau may tinh phan biét hinh nio chita vat thé gi. Van dé nay sinh & chd 16p output ciia
bai toan xac dinh luon thay doi béi vi tan s6 xuat hién ctia mot vat thé nao do 1a khac nhau

10
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tity thuoc vao bitc dnh. Chinh vi thé, ding mang CNN thong thuong dé tim vat sé hao tén
mot luong bo nhé khong 16 béi cac spatial pixel clia cac vat trong cting mot anh sé chong len
nhau. Cac phuong phap gidi thi¢u sau day sé gitp ta gidi quyét bai toin xac dinh hinh dnh
trong thoi gian ngan hon ma kho tiéu ton bo nhé nhieu.

3.1 R-CNN

D@ giai quyét bai toan trén, vao nam 2012 nha nghién ctu Ross Girshick da dé xuat mot phuong
phép dé phét trién mang CNN truyén théng: Regional Convoluntional Neural Network
(R-CNN).

Y tudng ciia R-CNN:

1. Dé xuat nhiing ving quan tam (region proposal) biang thuat toan Selective Search
Algorithm (SSA) dé lay ra 2000 ving la céc khung hinh chit nhat c6 kha nang chia
vat thé.

2. 2000 region proposal dugc dua qua mot model CNN (c6 thé pre-trained) dé thyc hién
chiét xuat vector diic trung (feature vector).

3. Vector dac trung sau dé qua thuat toAn SVM dé phan loai xem né c6 nim trong 16p
background (16p k+1) hay khong, néu c6 thi ta khong can phan loai.

4. Cudi cing ta dung vector dic trung lam dit li¢u train mot mo hinh hoi quy (regression
model) lam cho bounding box chinh x4c hon cho méi vat thé trong mdi anh.

mosrez] | A\ |

Conv

Bboxreg

Conv Net

Hinh 13: R-CNN

3.1.1 Selective Search Algorithm

Thuat toan théa mot so tieu chi sau duge coi 1a hieu qua:

11
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e Bao quat dugc toan bo biic hinh input, nam bat duge gan nhu toan bo ti 1é trong biic
hinh dit vat thé cé nhiéu ti lé khac nhau trong btic hinh tham chi 1a rat nho.

e Tinh toan nhanh choéng.
Y tuéng thuat toan:
e Tao cac segmentation phu ban dau, ching ta sé tao ra nhiéu region tng cit vién.

e Sit dung thuat toan tham lam (greedy algorithm) dé két hop cac viing tuong tu nhau
thanh ving 16n hon mot cach dé quy.

e Stt dung cac region vita dugc tao ra dé dua ra region cudi ciing.

Hinh 14: Minh hoa y tudng thuat toan SSA theo ting budc

3.1.2 CNN dé rit trich vector dic trung

Qua thuat toan SSA, ta da c6 dugc cac region proposal. Bay gio, ta phan loai cac region
proposal nay thanh cac tap hop da duge dan sdn nhan. Do thuat toan SSA cho ta t6i 2000
region proposal nén c6 nhiéu viing khong chita vat gi, nén ta phai tao thém 1 16p background.
Ta can huan luyén mot mang CNN c6 nhiém vu phan loai hinh anh. Trong d6: input 1a cac

region proposal; output 1a vector k + 1 chiéu chita thong tin xac suat dé vat chita trong region
proposal nam trong k -+ 1 tap hop trén. Cac region chon ra dugdc resize lai theo yéu cau clia
CNN. Ta sé giit lai phan ConvNet ctia CNN (bao gom 16p convolutional va 16p pooling) va

b6 di cac 16p fully-connected. Sau dé output ctia ConvNet duge dua vao input ctia mo6 hinh
Logistic Regression, trong dé ham kich hoat & output layer la ham Softmax:

F(s)i = =
) Zfill e%
Ta sé train model nay bang tdi wu ham loss ciia Softmax la mot ham duge dinh nghia:
k+1
Cross — EntropyLoss = — Z tilog(f(s):)
i=1
Sau khi train thanh cong ta lay ra cac vector dic trung ctia input dé st dung trong céc budc
tiép theo.

3.1.3 Support Vector Machine

Support Vector Machine (SVM) gitip hd tr¢ giai quyét mot trong nhing nhiém vu phd bién
nhat ctia ML:Phan chia tap da@ liéu. SVM gitp ta phan loai diém dit lieu méi vao mot
trong hai 16p dit lieu duge hinh thanh tit nhitng diém dit lieu cit. Gia st nhitng diém di lieu
cii nim trong khong gian n chidu thi SVM sé gitp ta tim ra siéu phang n — 1 chiéu dé phan
cach cac diém dit lieu mot cach t6i wu nhat. SVM sé gitp ta phan loai liéu region proposal c6
nam trong 16p background hay khong.

12
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Hinh 15: Minh hoa cach phan chia cac diém dit licu nhs SVM

3.1.4 Bounding Box Regression

Trong muc nay, dé tien loi ta sit dung thuét ngit bounding box thay cho region proposal, ¥
nghia ctia ching 1a nhu nhau. Ching ta st dung moé hinh hoi quy cho cac bounding box dé
lam chtng vita van hon véi vat, tic 1a them mot 16p hoi quy nita. Dau vao ctia tap huan luyén

lan cap (P, G"),_, . Trong do:
e P'=(P;, P}, P, P})lamot vector 4 chiéu véi cac thanh phan tuong ting la toa do tam,
chiéu rong, chiéu cao ciia bounding box dudc cac budc trén dua ra.

o ("= (G, G}, G, G}) la céc toa do thic té can dat duge clia bounding box.

Ching ta can bién doi sao cho P cang gan véi G cang tot. Ching ta tham sé héa phép bién

A

brdy(P)

P
y
phedh(P)
=
g
S
ti/l
1
1
|
I |
Y

Hinh 16: Minh hoa quéa trinh bién doi tit bounding box du doan thanh bounding box thuec té

ddi 4 thanh phan ciia vector P thanh 4 ham d,(P), d,(P), d,(P), dn(P), P sau khi qua phép

bién déi sé thanh:

]. Him muc tiéu ta can tim la:

Q/
g

Mbi d;(P) véi i € x,y,w,h, c6 thé nhan gia tri tit [—oo,

_ Gz — Pz

DPw
13

28
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; _ 9y Dy
Y DPh
Gw
tw = log(—)
Pw
ghn
t;, = log(—
h g(ph)

Ham mat mat cia bai toan hoi quy ma ta can téi uu hoa:

Lreg = Z (tz - dl<P))2 + >‘||w||2

i€x,y,w,h

3.1.5 VAan dé v6i R-CNN

Ta biét ring RCNN gitp ta giai quyét bai toan detection tuy nhién viec sit dung bién thé nay
con nhiéu han ché nhu:

e V6i mdi biic hinh ta can cho chay CNN cho ca 2000 region. Tudng tugng rang véi sb
lugng biic hinh khéng 16 thi con s6 nay sé ting gap nhiéu lan, diéu nay dan t6i ton kém
thoi gian va tién bac.

e RCNN phai chay téi 3 model: CNN dé chiét suat cac dic trung ctia regions, SVM dé
phan loai, BBR dé lam cho bounding box dugc fix hon.

Ltc nay lai xuat hien cau héi: C6 thé khong can tach t6i 2000 region proposal khong? C6 thé
dung it hon 3 model dugc khong?

3.2 Fast R-CNN

Chua théa man véi toc do xit 1y cia R-CNN, nha nghién citu Ross Girshick mot 1an nita cai
tién mo hinh nay, goi 1a Fast R-CNN. Cach van hanh cia Fast R-CNN gan giong véi R-CNN.
Tuy nhién, thay vi loc ra khoang 2000 region proposal va phan tich ca 2000 viung do6 trong
ConvNet, Fast R-CNN dua c4 biic anh vao mang CNN (bao géom nhiéu 16p convolutional va
max-pooling) dé tao ra convolutional feature map. Tiép sau do, cc region proposal tuong
tng sé dugc chiét xuat ra tit feature map, lam phing hoa va dua vao 2 16p fully-connected dé
tim ra 16p ctia ving va gié tri offset value ciia bounding box. Ly do fast R-CNN x1t Iy nhanh

Outputs

Bbox
Softmax Regressor

-’- Deep
L ConviNet

Rol Dl
Pooling ™ 0.|:

laver

FCs

Rol
feature
vector for each Ral

Hinh 17: Quy trinh hoat dong ciia Fast R-CNN

hon R-CNN I3 béi mang CNN chi can xit Iy 4nh 1 1an dé tao ra convolutional feature map thay
vl xu Iy ca 2000 region proposal.
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3.2.1 ROI pooling

Trong R-CNN, truéc khi dua vao mang CNN hé théng da resize cac region proposal nén quy
trinh tinh toan méi thye hién duge. Trong fast R-CNN, do size clia cac region proposal trong
feature map khac nhau, phang héa chiing sé cho ra cac output vector kich thuéc khac nhau.
D6 12 1y do ta can them 16p Region of Interest (Rol) pooling véi nhiem vu dua cic ving
ve cting kich thuée.

Rol pooling ban chat gidng nhu max pooling hay average pooling. Tuy nhién, ROI pooling sé
luon cho ra mot ma tran output c6 kich thude c¢d dinh. Goi input ctia Rol pooling kich thuéc
m*n va output ¢é kich thuée h*k (thong thuong h, k nhé vi du 7#7).

e Ta chia chiéu rong thanh h phan, (h-1) phan c6 kich thuée m/h, phan cudi c6 kich thuée
m/h + m mod h.

e Tuong ti ta chia chiéu dai thanh k phan, (k-1) phan c6 kich thuéc n/ k, phan cudi c6
kich thuéc n/k + n mod k.

Vidum=mn=10,h =k = 3,dom/h = 3 vA mmodh = 1, nén ta sé chia chiéu rong thanh 3
phan, 2 phan c6 kich thude 3, va 1 phan c6 kich thuéc 4.

Trén moi viing nhé tim dude, ta thyc hién max pooling. Két qua tim duge la ma tran chiét
xuét size ¢d dinh can tim.

3.2.2 Fine-tuning for detection

Diém dac biet ctia Fast R-CNN la trong qué trinh training, hé théng di qua mot budc fine-
tuning lam t6i wu héa ham phan loai softmax va bounding-box regressors ciing mot lic thay
vi train ham softmax, SVMs, va regressors trong ba qué trinh khac nhau. Nhitng thanh phan
clla qué trinh nay bao gom ham loss, mini-batch sampling strategy, back-propagation through
Rol pooling layers, va SGD hyper-parameters. Ching ta sé xem xét ham Multi-task Loss
cua Fast R-CNN. Céc ki hiéu sit dung:

e u: cac 16p tap hop duge danh s6 (u € [1, k] NN). Ta quy uée 16p background c6 u = 0.

p: tap hgp phan phdi xac suat roi rac ctia k+1 16p (p = po, ..., pr), p duge tinh qua ham
softmax sau khi qua mot 16p fully connected layer.

e v: cac region (bounding box) da dugc duge bicu dién dusi dang vector 4 chidu v =
(Ugca Uy V) Uh)-

tk: bounding box sau khi dugce du dodn k lan (tF = (&, ¢k & F))

x? y7 w?
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Do ldp cudi c6 2 16p: classification va bounding box nén ham Loss ctia moé hinh Fast R-CNN
duge goi la Multi-task Loss:

L= Lcls + Lboz
Cac khung chi chita background khong duge nhan dién nén Ly,, = 0 tai nhiing ché d6. Ta can
1 ham bé qua background.

1 néuu>=1
xlu=1] = R )
0 trong truong hgp khac

L(p,u,t*,v) = Las(p,u) + x[u = 1] Lpoe (t*, v)
log loss cho class u:
Leis(p, u) = log(pu)
Lia(t'0) = 3 (0 = v)Limoon

iex,y,w,h

3.3 Faster R-CNN

Khi kiém tra toc do xtt 1y cia R-CNN va Fast R-CNN, ngudi ta phat hién ra region proposal
lam cham toc do test clia ci hai model dut Fast R-CNN xit Iy nhanh hon R-CNN gap 9 lan
(xem biéu dd). Tir day, cac nha nghién cttu suy luan thuat toan SSA I tac nhan lam cham
model gidi quyét bai toan Object Detection. Theo suy nghi d6, mot phuong phap phan ving
mdi 1a dieu tat yéu can dugce tao ra.

P Test time (seconds)
Training time (Hours) I it Region propos... I Excuin Fgion Progo

SPP-Net
N 23
Fast R-CNN . 8.75

FastR-chn [ 23
= 0.32

e
bl
8
]
8

Phuong phap d6 1a Region Proposal Network (RPN) - mot mang CNN méi riéng biét
diing dé tim region proposal. Véi RPN, mo hinh méi hoat dong gan giéng nhu Fast R-CNN.
Tuy nhién, khi mang CNN chiét xuat ra convolutional feature map sé dua vao RPN dé tim
region proposal song song véi Rol pooling. Phan con lai dién ra tuong tu nhu fast R-CNN. Y
tudng lam faster R-CNN nhanh la mang RPN chay cung lic véi bude Rol pooling. Quy trinh
cac bude cua faster R-CNN duge bidu dién ¢ hinh bén dudi.

3.3.1 Region Proposal Network

Mang RPN c¢6 input 1a anh feature map va output la nhitng hinh chi nhat region proposal.
Bdi vi chiing ta mudn rit ngan tinh toan bang cach cho chay mang RPN va fast R-CNN cling
lac trong model faster R-CNN, chiing ta cho rang hai mang c6 chung mot s6 16p convolutional.
RPN hinh thanh bing cach cho mot cita so (sliding window) n x n chiéu feature map vao mot

16p d trung gian c6 chiéu don gidn hon. Sau d6, feature map sé duge dua vao hai 16p fully-
connected ho hang — 16p box-regression (reg) va 16p box-classification (cls). Chua hét, tai méi
vi tri trén sliding window may tinh ciing dy doan t6i da k region proposal, von 13 nhitng hinh
chit nhat c¢6 kich thuée dai rong khac nhau. Reg layer do d6 ¢6 output la 4k toa do ctia k hinh
chit nhat proposal va cls layer c6 ouput la 2k diém xac suat vat-hay-khong-vat cho k hinh trén.
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Proposa]s

/m/

Region Proposal
Network

Feature maps

LI

CONV
Layers

Hinh 18: Quy trinh cac budc cua faster R-CNN

| 2k scores | | 4k coordinates | <@mm | kanchorboxes |

cls layer ‘ ’ reg layer
}[]bm

t intermediate layer

Sliding window

CONYV feature map

Hinh 19: Nguyén 1y van hanh ctia mang RPN béang hinh anh

3.3.2 Anchor

Céc 0 chit nhat region proposal ma mang RPN tim ra & trén goi la cdc Anchor. Tai moi
vi tri trén sliding window, ta dinh nghia anchor c6 tam tai sliding window d6 kem thém
kich thudc hinh chit nhat bao quanh né. Nhu vay mdi anchor c¢6 output 1a vector 4 tham sb
(Teenter, Yeenter, Width, height). Ta mic dinh 3 kich thudc va 3 ti 1e bat ki dé c6 k=9 anchor tai
bat ki diém nao trén sliding window. Qua RPN, chi nhitng anchor chic chin chita vat thé méi
duge gitt lai.

3.3.3 Loss Function ctia Faster R-CNN

Dé train mang RPN, chiing ta ddn nhan binary label cho mdi anchor tim dugc (vat hay khong
vat). Anchor duong gom hai loai: (i) anchor ¢6 phan giao Intersection-over-Union (IoU) cao
nhét véi ground-truth box, hodc (ii) anchor ¢6 do trung lap ToU 16n hon 0.7 v6i 5 ground-truth
box bat ki. Dé ¥ ring mot ground-truth box cé thé assign nhiéu anchor duong. Tiép do, ta
chon anchor am 1a cac anchor khong duong ma c6 ti 1é trung lip IoU thap hon 0.3 trén tat
ca ground-truth box. Nhitng anchor khong am va khong duong sé bi loai bd khoi quy trinh
training. V6i nhitng dinh nghia trén, ta thu duge ham loss function can t6i wu gan giéng nhu
ham multi-task loss trong Fast R-CNN. Ham loss nay la:

L= Lcls + Lreg

17
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1 A
Lc <(p; * ¢ Lsmooth ti —
Ncls ; l (p 7pz) + Nreg Z(pz) 1 ( 7,)

7

Trong do:
e p;: xac suat du doan ctia mot anchor la vat thé
e pi: nhan binary ground-truth ctia mot anchor la vat thé hay khong
e ¢;: 4 tham s6 du doan cho toa do ctia anchor
e 1} toa do thuyc té (ground-truth coordinates) ctia bounding boxes

Ns: hé s6 chuan hoa cho do 16n 16p classification

N,eg: he 86 chuan héa cho s6 lugng anchor trén 1 bite 4nh

e \: h¢ s can bing, ¢ day cho 1a 10 dé Ly va Ly, chiém tam quan trong nhu nhau trong
cong thic

Ham classification loss L, 1a ham log trén 2 gia tri (vat thé hoac khong vat thé). Ham regression
loss 1& ham Lye,(ti, tF) = R(t; — t) trong d6 R la ham mat mat Smooth L1 dinh nghia trong
fast R-CNN.

4 Thuc nghiém

4.1 Nhan xét
4.1.1 Su anh huéng cta Initialization

Nhu da biét, phan 16n ham loss ctia nhiéu bai toan ma ta can t6i uwu hoéa déu khong phai 1a
ham tuyén tinh, vay nén né sé c6 su thay doi dao ham, dan t6i ton tai nhitng gia tri cuc tiéu
toan phan trong mot tap dong. Véi nhitng ham 16i, viéc initialization gan nhu 1a khong quan
trong, vi khd ndng "mdc ket "tai saddle point gan nhuw la rat thap. Tat nhién v6i nhiing ham loss
function rac réi hon, viée chi t6i wu héa bang ciac phuong phap thong thuong nhu stt dung SGD
la chua di, vi ciing ton tai kha nang dé ching ta "méac ket"tai nhing cyc tiéu dia phuong. Va
ham loss function can tdi wu clia bai toan Object Recognition 14 mot trong s6 do6, vay nén
ta can quan tam vé Object Recognition. Sau day, chiing minh sé& gidi thiéu vé mot phuong

phap initialization kha don gian nhung ciing ¢6 hiéu qua cao c¢é tén la initialization. Viéc
hiéu né6 kha la don gian. Xét mot phuong trinh tuyén tinh don gian:

y=W.x+b

Qua ching min ta can phuong sai clia X va y van giit nguyen khi di qua hét cac layer trong
Neural Network, nghia la:

var(y) = var(W.x) = E(x1)*>var(Wy) + ...+ E(z,)* var(W,) = var(Wy.zy) + ... +var(W,.z,,)

o) day, ta thay rang b coi nhu phuong sai bang 0. Ta lai thay rang ting don thic vé phai déu
dude phan phéi nhu nhau, nén ta sé coi nhu la

Var(y) = N * Var(W;) = Var(xz;).

Thttp://jmlr.org/proceedings/papers/v9/glorot10a/glorot10a.pdf
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Va nhu da néi, dieu ching ta can 13
Var(y) = Var(x)

nén ta c6 thé két luan:

1

Var(W) = —

W)=+

T do, ta dé dang thay cach initialize c6 kha nang cho ra hiéu qua t6t nhat 1a dat cac W; ngau

nhién theo phan phéi chuan N (0, +), v6i N la sb lugng neuron dau vao, tuy nhién trong bai

viét duge dan nguon & trén thi tic gid cho N 1a trung binh cong s6 neuron dau vao va dau ra,
nhung ching minh sé v khong thay va cai dat véi cach don gidn hon.

4.1.2 Sy anh huéng ciia s6 16p va sbé luong bias

Diéu dau tién ma ching ta thay dugdce 1a cang nhiéu layer, do linh hoat ciia NN cang cao,
nghia 13 do chinh xac cyc dai ma né dat t6i sé cang tiém can vé 1. Tuy nhién, c6 mot van de,
overfitting. Nhu bai todn vé Linear Regression, ta dé dang giai n6 bang phuong phap nhan
tt Lagrange nhung dong nghia 13 model sé cang phiic tap va n6 fit qua mic khién né khong
nhan ra do 16i trong bo test. Day ciing vay, NN cang nhiéu layer sé khién né6 chi lam dugce viec
trong tap training, khi dem ra ngoai né sé vo dung. Va viéc c6 qua nhiéu layer ciing lam moi
tht trd nén rac roi hon khi s6 lugng trong s6 ciing tang lén theo, nghia 1 viéc tinh toan sé
cham hon rat nhiéu. Vay nén, khi muén tim ra mot NN t6t nhat cho mot bai toan thi ngudi
ta thuong sé quan tam dén viéc bo trf cau tric ciia cac layer thay vi c6 tang s6 layer va nhin
CPU 100% trong vo vong.

Vé bias thi moi thtt ¢6 vé khac biet mot chat. Bias giup cho NN tré nén linh hoat hon
vé mit tinh tién. Nghia la cang c6 thém bias thi ta dé dang dich chuyén tap du doan gan hon
v6i tap train ma khong cé sy thay doi vé phuong sai. Va dé 1a 1y do ma thong thuong ngusi
ta van luon dit s6 lugng bias bang véi s weight trong NN, vi viéc ta c6 tdng thém hon con
s6 d6 thi né vAn chi c¢6 tac dung tuong tu nhung lai mat them dit lieu dé luu thém trong so.

4.1.3 Téi wu héa sit dung SGD

Nhu da dé cap, diéu ta can lam cho bai toan 1& t6i wu héa ham loss. Va khong may thay, 1am loss
trong bai toan Object Recognition chang phai ham tuyén tinh. Vay nén céch t6t nhat ma moi
ngudi van thuong lam dé 1a t6i wu bang SGD, hay con goi 1a Stochastic Gradient Descend.

Nom na vée GD thi n6 1a viéc ching ta di nguge lai v6i huéng ctia gradient ctia ham loss
dé c6 thé di vé noi c¢6 gia tri nhé hon, nghia 1a

X’ =X — n* Vxf(X).

Trong do, ta coi gia tri n 14 mot s6 thuc goi 1a learning rate. Vi doi khi gia tri ctia Gradient
tai X c6 thé sé khién bo tham s6 X sé chi lién tuc di xung quanh gia tri cuc tiéu va tén nhiéu
thoi gian dé tir tir dat t6i no.

SGD la mot phuong phap téi wu vé mat thoi gian cho viéc téi wu nhung khong gay anh
huéng dang ké cho do chinh xéac. Nguyén tic 1a thay vi tinh ham loss dua trén toan tap train,
chiing ta chi tinh mot phan duge chon ngau nhién trong tap, thudng thi con s6 nay kha nho so
v6i tap train. Qua thuyc nghiém cho thiy rang viéc nay tuy tang sb lan epoch nhung thoi gian
lai duge giam di dang ké va hoi tu nhanh vé diém cuc tiéu.
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4.2 Thuc hién

Chiing minh thiec hién dita trén github repository [ va c6 stta doi dé phit hgp véi dataset | duge
yeu cau. Va vi nhu da dé cap, FRCNN dat hiéu suat t6t hon hin RCNN, Fast RCNN nén
chting minh sé st dung model nay, ngoai ra cac NN déu sé dung model ciia resnet.

Vi bo dit lieu gom 2 folder Annotations chita cac file .xml gom thong tin bounding boxes,
classes va Images chita cac anh, va dinh dang ma code trén repo nay yéu cau phai c6 mot file
txt chita duong dan tdi cac anh va ca bounding boxes kém theo, vay nén can phai tinh chinh
di lieu doi chut.

# Tién zd 1y dii liéu

from glob import glob

import xml.etree.ElementTree as ET
import pandas as pd

num = int(6) #Gidm s6 class

data = []
cnt = int(0)

classes = glob('datasets/Annotation/*")
for cls in classes:
print(cls, cnt)
if(cnt > num): break
anno = glob(cls + '/x")
for file in anno:
row = []
xml = ET.parse(file)
for e in xml.getroot().iter('object'):
dog_breed = e.find('name') .text
xmin = int(e.find('bndbox/xmin') .text)

ymin = int(e.find('bndbox/ymin') .text)
xmax = int(e.find('bndbox/xmax') .text)
ymax = int(e.find('bndbox/ymax') .text)

row = [file, dog_breed, xmin, xmax, ymin, ymax]
print (row)
data.append (row)

cnt += 1
data = pd.DataFrame(data, columns=['filename', 'dog_breed', 'xmin', 'xmax',
~ 'ymin', 'ymax'])
data[['filename', 'dog_breed', 'xmin', 'xmax', 'ymin',

< 'ymax']].to_csv('dog_breed.csv', index=False)

train = pd.read_csv('dog_breed.csv')
train.head()

data = pd.DataFrame()

2Github
3Kaggle
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datal['format'] = train['filename']

for i in range(data.shape[0]):

datal['format'][i] = datal'format'][i].replace('Annotation', 'Images') +
~ '.jpg,' + str(train['zmin'][i]) + ',' + str(train('ymin'][i]) + ',' +
- str(train['zmax'][i]) + ',' + str(train['ymax'][i]) + ',' +

— train['dog_breed'] [i]
data.to_csv('annotate.txt', header=None, index=None, sep=' ')

print('ok"')

Ching minh khdi tao cac layer chinh trong FRCNN nhu sau:

#Vi du vé 1 Conwvolution block

x = Convolution2D(nb_filterl, (1, 1), strides=strides, name=conv_name_base +
- '2a', trainable=trainable) (input_tensor)

x = FixedBatchNormalization(axis=bn_axis, name=bn_name_base + '2a') (x)

x = Activation('relu') (x)

x = Convolution2D(nb_filter2, (kernel_size, kernel_size), padding='same',
< name=conv_name_base + '2b', trainable=trainable) (x)

x = FixedBatchNormalization(axis=bn_axis, name=bn_name_base + '2b') (x)

x = Activation('relu') (x)

x = Convolution2D(nb_filter3, (1, 1), name=conv_name_base + '2c',
— trainable=trainable) (x)
x = FixedBatchNormalization(axis=bn_axis, name=bn_name_base + '2c¢') (x)

shortcut = Convolution2D(nb_filter3, (1, 1), strides=strides,

< name=conv_name_base + 'l1', trainable=trainable) (input_tensor)
shortcut = FixedBatchNormalization(axis=bn_axis, name=bn_name_base +
< '"1'")(shortcut)

x = Add() ([x, shortcut])
x = Activation('relu') (x)

#Vi du vé 1 layer meural network dung cho RPN va Classification NN
X = ZeroPadding2D((3, 3)) (img_input)

x = Convolution2D(64, (7, 7), strides=(2, 2), name='convl', trainable =
< trainable) (x)

x = FixedBatchNormalization(axis=bn_axis, name='bn_convl') (x)

x = Activation('relu') (x)

x = MaxPooling2D((3, 3), strides=(2, 2)) (x)

x = conv_block(x, 3, [64, 64, 256], stage=2, block='a', strides=(1, 1),
<. trainable = trainable)
x = identity_block(x, 3, [64, 64, 256], stage=2, block='b', trainable =
< trainable)
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x = identity_block(x, 3, [64, 64, 256], stage=2, block='c', trainable =
<~ trainable)

x = conv_block(x, 3, [128, 128, 512], stage=3, block='a', trainable =
< trainable)

x = identity_block(x, 3, [128, 128, 512], stage=3, block='b', trainable
< trainable)

x = identity_block(x, 3, [128, 128, 512], stage=3, block='c', trainable
< trainable)

x = identity_block(x, 3, [128, 128, 512], stage=3, block='d', trainable
< trainable)

x = conv_block(x, 3, [256, 256, 1024], stage=4, block='a', trainable =

< trainable)

x = identity_block(x, 3, [256, 256, 1024], stage=4, block='b', trainable =
<~ trainable)

x = identity_block(x, 3, [256, 256, 1024], stage=4, block='c', trainable =
< trainable)

x = identity_block(x, 3, [256, 256, 1024], stage=4, block='d', trainable =
< trainable)

x = identity_block(x, 3, [256, 256, 1024], stage=4, block='e', trainable =
< trainable)

x = identity_block(x, 3, [256, 256, 1024], stage=4, block='f', trainable =
< trainable)

#Tuy nhién, vdi tung loat RPN wva Classification NN thi sé dudc modify doi
— chit d€ phi hop vdi cong viéc cda ching

#Sau d6, minh sé zay dung model chinh

optimizer = Adam(lr=1e-5)

optimizer_classifier = Adam(lr=1e-5)

model_rpn.compile(optimizer=optimizer, loss=[losses.rpn_loss_cls(num_anchors),
< losses.rpn_loss_regr(num_anchors)])
model_classifier.compile(optimizer=optimizer_classifier,

< loss=[losses.class_loss_cls,

— losses.class_loss_regr(len(classes_count)-1)],

- metrics={'dense_class_{}'.format(len(classes_count)): 'accuracy'})
model_all.compile(optimizer='sgd', loss='mae')

Sau do, moi thit con lai sé phu thudoc vao Google Colab. Nhung ngat la runtime sé tu dong
reset sau 12 gid, vay nén minh can phai luu lai model cia nhitng lan gidm gia tri ctia loss, va
sau mdi lan reset thi weight ciia model van con trong Drive(néu chiing ta mount) thi dé dang
tiép tuc huan luyén model.

if curr_loss < best_loss:
best_loss = curr_loss
model_all.save_weights(C.model_path)

Trong qué trinh train, c6 thé thay rang vieéc xay ra overfit 1a c6 kha nang, vi chua hiéu ro
cach hoat dong clia viéc train trong code nay nén ching minh van chua thé them validation
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dé tranh tinh trang d6. Tuy nhién, theo danh gia thi bo dit lieu kha t6t vi co rat it anh trong
tuong tu nhau (dén cd minh con khong biét phan biét may loai ché nay nhu thé nao). Nhung
dé dam bao, c6 mot cach khac dé tang kha nang tranh overfit ma thiéu di viec validate, d6 1a
data augmentation.

#Quay theo truc doc

img = cv2.flip(img, 1)

for bbox in img_data_augl['bboxes']:
x1 = bbox['x1']
x2 = bbox['x2']
bbox['x2'] = cols - x1
bbox['x1'] = cols - x2

#{uay theo truc ngang
img = cv2.flip(img, 0)

for bbox in img_data_augl['bboxes']:
y1l = bbox['y1l']

y2 = bbox['y2']
bbox['y2'] = rows - yl
bbox['yl'] = rows - y2

Chiing minh ¢6 mot nhan xét khong hop 1y nhung lai rat thuyét phuc, dé 13 trong mang ludi,
chi c6 16p NN dé classify cac loai ché 1a phu thudce vao s6 luong class, vi cac khoéi NN con lai
thi dAm nhiém nhing vai tro khac: Convolutional NN dé téach cac feature, RPN dé chon ra
cac anchor box. Vay nén néu chung ta ap dung transfer learning thi sao?

Cau tra 19i 1 c6 thé. Vay nén ban dau ching minh chi chon ra 7 class dé huan luyén tap
model ban dau, téi khi do chinh x4c ctia model dat & mot ngudng cho phép (nhu 14 85% chang
han) thi sau d6 ching minh tang s6 lugng class lén, nhap theém dit lieu vao file annotation.txt
va tit d6 lam viéc duge v6i nhiéu gidng ché hon.

4.3 Két qua

Sau khi train, ching minh tim dugc mot s6 output trong kha 13 man nguyén

hua: 84 |

Chihua

Hinh 20: Ché Chihuahua
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~ |Pekinese: 96 |

TN s =T

Hinh 21: Cho Pekinese

5 Két luan danh gia

RCNN hay cu thé hon 14 model FRCNN la mot trong nhitng phuong phap dé dang dé lam
viéc v6i bai toan Object Recognition, no thira huéng kha nang tim ra bounding box cua vat
va cai tién toéc do train ciing nhu la test hon han véi model RCNN co ban.

R-CNN Test-Time Speed
R-CNN
SPP-Net

Fast R-CNN 2.3

Faster R-CNN| 0.2

0 15 30 45
Hinh 22: So sanh hiéu nang ctia cadc model
Ngoai FRCNN, ¢6 nhitng model khac hay dugc st dung cho bai toan nay nhu la YOLOv3

hodic 1a SSD(Single Shot Detector), va véi tity bai toan, tiy bo dit lieu va yéu cau ma ching
ta c6 thé chon lira phuong phap phit hop.

24



Project in Mathematics and Applications - PIMA 2019 Deep Learning

Accuracy

Faster RCNN

|
@ YoLo
. Fast RCNN

——— Speed

Hinh 23: So sanh hiéu nang ctia cic model

Trong hién tai, chiing minh van con thiéu validation trong model, vay nén viéc thém né vao
la diéu dau tién can lam. Ngoai ra, thit nghiem va tim ra activation function, loss function
phtt hop ciing gitip mo6 hinh sau khi huan luyén chinh xac hon va chay nhanh hon trong thuc té.

Sau khi thanh thuc, chiing minh sé ty viét mot model FRCNN rieng dé dé& dang chinh stta
ding v6i ¥ minh hon, vi hién tai viéc khong config mot s6 tham s6 1a 1§ do ma mo hinh tuy
da dude huan luyén nhung van con nhiéu han ché.

6 Hudng phat trién trong tuong lai

6.1 Optical Character Recognition

Day la phuong thiic chuyén ddi tit nhitng anh chia dit lieu viét tay, in,... tré thanh dang dit
lieu s6. Vé co ban né chinh la bai toan Object Recognition dé tim cac bounding box chita dit
lieu 4nh ma ching tav huan luyén truée, va classify ching, hay con goi la "doc". Diéu nay c6
the ng dung cho viéc s6 hoa cac vian ban vat 1y va tng dung cho vo s6 cong viec khac nhau
ma nhiing ngusi sao ké tén rat nhicu thoi gian dé lam.

6.2 Tracking Object

Khi st dung cac model c6 hi¢u ning cao va cho ching chay real-time, né sé c6 thé lien tuc theo
déi d6i tuong ma noé tim ra, nho vay ma c6 thé iing dung trong an ninh, robotics,...

6.3 Activity Recognition

Mot bude tiép theo clia Activity Recognition, d6 1a ching ta sé khong chi nhan dién hoat
dong clia mot ngusi ma con tim ra cac dic diém vé hoat dong ctia ho. Néu ng dung cho cac
bai toan vé tuong tac gitta ngudi va may thi né sé la cong cu dic lyc va gitp viéc giao tiép trd
nén thuan lgi hon.
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6.4 Iris recognition

Méng mét c6 st doc nhat véi mdi ngudi cling nhu dau van tay, vay nén viéc ap dung bai toan
vao viéc nhan dién méng mat ciing 13 mot ting dung kh4 t6t trong viéc bdo mat bang sinh trac
hoc. Trong thic té, ngudi ta cho rang viéc sinh trac bang méng méat t6i gio chinh 1a cach chinh
xac nhat.

6.5 Digital Watermarking

Watermark 13 mot phuong thitc dé danh dau ban quyén clia mot san pham vé mat tri tue dusi
dang s6. Tuy nhién, doi khi viec watermark tuy tien c6 thé gay kho dé& cho ngusi dung, va doi
khi gay hai dén phan di lieu quan trong. Vay nén mot lan nita Object Recognition sé c6 vai
tro dé nhan dién dau la noi t6t nhat dat watermark dé tranh rai ro trén.
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