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Computer Vision ko deep learning

e Convolutional Neural Network (CNN)

® Ap)itekTovikec CNN

e Transfer Learning

e Me1plkec anodoonc

® Region-Based Convolutional Neural Network
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Convolutional Neural Network

Understanding of Convolutional Neural Network (CNN) — Deep Learning, Prabhu in Towards Data Science
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https://medium.com/@RaghavPrabhu/understanding-of-convolutional-neural-network-cnn-deep-learning-99760835f148

Convolutional Neural Network
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Convolutional Neural Network

ReLU: Rectified Linear Unit for a non-linear operation

f(x) = max(0,x).



Convolutional Neural Network

Polling Layer
e Max Poo|ing Single depth slice
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Convolutional Neural Network

Fully Connected Layer
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CNN Architectures: LeNet

Y. Lecun, L. Bottou, Y. Bengio and P. Haffner, "Gradient-based learning applied to document recognition." in Proceedings of the IEEE, vol. 86, no. 11, pp. 2278-2324. Nov. 1998

LeNet - 5

W x H — 32 x 32 (Width x Height) — —— -
F(w x h) — 5 x 5 (Filter) ‘ 5 X ¢ f=2 '5x3 f=2 6}:
~ s=2 s=1 s=2 :
S — 1 (Stride) 32x32 x1 28x28x6 14x14x6_ 10x10x16 5x5%16
Goo 120 84
P — 0 (Pooling)

(W—FW+ ZP) (32—5+0
—— | = |
Sw

7 J+] =>27 + 1 =>28
(H—F£h+2P)+]=> {WJwL] =>27 +1 =>28

Output Volume = 28 x 28

LeCun et al., 1998. Gradient-based learning applied to document recognition]

Andrew Ng


https://ieeexplore.ieee.org/document/726791

CNN Architectures: AlexNet

e Activation function
o RelLU (6xt Sigmoid i Tanh)
m 5xTaxvintaq,
m (0o akpiBela

e OverFitting
o  Dropout (0xt regularisation)
m  AmAaclacpog
XPOvou ekmaidevong

e [leploocotepa dedopeva kat
HEYAAVUTEPO PHOVTENOD
o 7 hidden layers, 650K units
Kat 60M parameters.

AlexNet
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[Krizhevsky et al., 2012. ImageNet classification with deep convolutional neural networks] Andrew Ng



CNN: Aptepég TIOXPAMETPWY KL JEYEBWV TAVUCTWY

MAX-POOL MAX-POOL
ix i ix i
ame

i 27x27 96 27X X256 AN Tavuotng (Tensor)

227x227 x3

glKOva pe avbaipeto aptbuo
MAX-POOL Lk (—k_ KAVAALWV
3x3 3x3 3x3 %x{ Softiax

1000

13x13 x384 13x13 x384 13x13 x256 6x6 X256 9216 4096 4096
A,

Conv-1: 96 ruprveg peyeboug 11x11 mov epappoovtal pe Bnya (s=stride) 4 kat yéptopa (p=padding) 0
MaxPool-1: péyebog ocuykévipwong (pooling) 3x3
Conv-2: 256 muprveg peyeboug 5x5,s=1,p=2
MaxPool-2: pooling size 3x3, s=2.
Conv-3: 384 muprvec peyeboug 3x3, s=1, p=1
Conv-4: 384 muprvec peyeboug 3x3, s=1, p=1
Conv-5: 256 nuprvec peyeboug 3x3, s=1,p=T1
MaxPool-3: pooling size 3x3 kat s=2
FC-1: 4096 vevpwveg
FC-2: 4096 vevpwveg
FC-3: 1000 vevpwveg



[Mwc¢ va uttoAoyloeTte To YEYEBOC TOU TaVUOTH O K&Be 0TAALO;

OmoTe, av oTnV €icodo Touv Convolution Layer €éxw tévoopeg diaotaong Wiz Hy x D, anaiteital o0 optopog 4 uMeprapapeTpwy:
1. To MAR60¢ Twv Piktpwy (K)
2. To Péyebog Twv Qiktpwy (F)
3. To stride (.5)
4. 1o padding (P)

TTnv €€060 Tou Convolution Layer 8a mapw Ttévoopeg peyedouvg Wo z Hyx D5 OTi0UL:
9 WQ = +1

(H,—F+2+P)

2. Hoi= 5

3:-Dy=K

+:1

Convolution demo



https://cs231n.github.io/assets/conv-demo/index.html

[Mwc¢ va uttoAoyloeTte To PHEYEBOG TOU TavVUOTH o€ K&Be oT&dLo
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MeyeBoc tavuotr) eEd6dou evog etittedou MaxPool

O = MéyebBog (mAdtog) tng sikoévag €660v O — I — P
| = MeyeBog (MAATOG) ELKOVAC ELGOOOU 8

S = Bnua

P, = MeyeBog

+1

> 1o AlexNet, To emninedo MaxPool petd To cUVOAO TwV PIATPWYV CUVEALENG EXEL HEYEBOC 3X3 KAl HLACKEALOHO
2 KAl n €lkova e10060v og auto to otddlo gival peyeboug 55x55x96.

Apa yla TNV elkOva €€660L Ba €XOUVE:

535 —3 MAX-POOL

O = +1 =27
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5Hx5H X 96 2727 X96



AlexNet

227

(227-11)/4 +1
=55

CONV
11x11,
stride=4,
96 kernels

—_—

CONV
3x3,pad=1

384 kernels
(13+2*1-3)1
+1 =13

13

13

384

Overlapping
Max POOL
3x3, 9
stride=2

—_

(55-3)/2 +1
=27

CONV
3x3,pad=1
256 kernels
(13+2*1-3)/1
+1 =13
13

(27+2°2-5)/1
+1 =27

Overlapping
CONV Max POOL CONV
5x5,pad=2 3x3, 256 3x3,pad=1
256 kernels stride=2 384 kernels
(27-3)/2 +1 (13+2°1-3)/1
=13 13 +1 =13
13

—_—

e Q) O
Max POOL
3x3, 256 O
stride=2
(13-3)/2 +1 FC : FC : :
- i ;

; Ol 10| |©

6
9216 O O 1000
Softmax
4096 4096



APLOUOGC TIOPAPETPWY EVOG ETILTIEOOU CUVEALENG

Y& eva CNN, kaBe eminedo €xel dVo €idn mapapeTpwy: Bapn Kat biases.
O OUVOALKOG apPLOPOG TWV TIAPAPETPWY €ival AaMAWG To adpolopa OAwWV Twv Bapwy Kat Twy biases

A¢ opiooupe: W, = K?*xC x N AlexNet Conv-1
B.=N el
P, c = II'C + BC
omou: W_= AptBuog Bapwv Tou etunedouv cLVeALENg e
B_= Ap1Bu0G biases Tou emunedou ouUVEALENG 227x227 X3

P_= AplBuOG MapapeTpWY TOU ETUMESOL GUVEALENG

17 2 o« , ,
K = M€yeB0og¢ (MAATOC) TWV TIUPAVWY TIOU We =117 x 3 x 96 = 34,848
XPNOLUOTIOLOLVTAL OTO ETTEDSO CLVEALENG B, =96

N = Aple(?Q nupr']vus- ' ’ P.= 34,848+ 96 = 34,944
C = AplBPOG KAvaALwy TNG ELKOVAC ELOOSOU.




APLBUOC TTOPOUETPWY eVOG eTiiTtedou MaxPool

To peyeBOG, 0 BNUATLOPOG Elval UTIEPTIAPAPETPOL.

APLBUOC TIAPOUETPWY eVOC TIANPWC ouvdedeuevou eTietedou (FC)

Yniapxouv 0o €idn MANpwe ouvdedepevwy eminmedwy o eva CNN.

e TO MpwrTo emninedo FC ouvdeeTal
pE TO TeAevTaio eminedo oLVEALENS M \\w/
3x3

6x6 X256 16 1096

® Tapetayeveotepa enineda FC
ouvoeovTal pe aAAa enimeda FC

9216 1096 1096

Softmax
1000



APLBUOC TIAPOMETPWY EVOC TIANPWG cuvdedeugvou etirtedou (FC)

® TompwrTo erninedo FC cuvdeeTal pe 1o TEAELTALO ETiEOO CLUVEALENC
We=0?xNxF
AG opiooulE, B.s=F
Pep=Wep + Bey

Wer = AptBpoc Bapwv evog emunédou FC Tou eival ouvoedepévo pe éva minedo cUVENLENG.
Bes = ApiBuog biases evog emmédou FC mou givat cuv8edepévo og €va emtinedo cuVEALENG.
P.; = AplBUoG MapapETPWYV TOU ETLTESOL CUVEALENG
O =Méyebog (TMAATOG) TNG EIKOVAS €660V TOL TIPONYOVHEVOU ETUTIESOL CUVEALENG.
N =AplOBuog MuPAVWY OTO TIPONYOVHEVO ETTIEOO CUVEALENG.
F = ApBpde veupwvwy oto otpwpa FC. / i

!X{

) 6%6 X256 9216 1096

Napddetyua au.
To mpwTo MANPWG cuvdedepevo eminedo tov AlexNet cuvdeeTal pe €va eminedo cLVEALENG

Ma auto To eminedo, 0=6, N=256 kat F= 4096
W, = 62 x 256 x 4096 = 37,748,736
B.s = 4096

Qg ek TOUTOU P.f = Wep + Bey = 37,752,832



APLBOC TIAPOUETPWY EVOC TIANPWCS cuvdedeugvou etirtedou (FC)

® Ta petayeveotepa emnineda FC cuvdeovTal pe dAAa enineda FC
Ag opioouye, i
P H I-T""ff = F_1 x F

By =F
Pyy = Wyy+ Byy

W= AplBpog Bapwyv evog eunedou FC mou eivat ouvoedepévo e €va eminedo UVEALENG.
By = Ap1Buog biases evog emunedou FC mou eivat ouvdedepévo oe €va eminedo GuVENLENG.
Py r = AplBpog mapap€tpwy Tou eTmeSou GUVENLENG

F = AplBuog vevpwvwy oto oTpwpa FC.
F_1=Ap1Bpog vevpwvwyv oto mponyovpevo otpwya FC.

Hapadetyua Wp = 4096 x 1000 = 4,096,000 ey
By = 1,000 ][O

Softmax
Py =Wys+ By = 4,097,000 1000

9216 1096 4096



[MW¢ va UTTOAOYLOETE TOV CUVOALKO GPLBO TIAPAUETPWY OTO JIKTUO

Layer Name Tensor Size Weights Biases Parameters
Input Image 227x227x3 0 0 0

Conv-1 55x55x96 34,848 96 34,944
MaxPool-1 27x27x96 0 0 0

Conv-2 27x27x256 614,400 256 614,656
MaxPool-2 13x13x256 0 0 0

Conv-3 13x13x384 884,736 384 885,120
Conv-4 13x13x384 1,327,104 384 1,327,488
Conv-5 13x13x256 884,736 256 884,992
MaxPool-3 6x6x256 0 0 0

FC-1 4096x1 37,748,736 4,096 37,752,832
FC-2 4096x1 16,777,216 4,096 16,781,312
FC-3 1000x1 4,096,000 1,000 4,097,000
Output 1000x1 0 0 0

Total 62,378,344



CNN Architectures : VGG

Simonyan, K. and Zisserman, A. (2015) Very Deep Convolutional Networks for Large-Scale Image Recognition. 3rd International Conference on
Learning Representations (ICLR2015).

13 ouveAlKTIKA Kat 3 MANpwg ocuvdedepeva emineda, RelLU,
piATpa pIkpoOTEPOUL PeYEBOULG (2 x 2 Kal 3 x 3) amo 1o AlexNet,
138M napapetpoug, SO0MB

-  Meiwon Touv apBpoL Twv TapapeTpwy ota enineda CONV
->  BeAtiwon tou xpovou eknaidbevong

- Xxebiaocav eniong Babutepeg napaliayeg, VGG-16, VGG-19.

v

pool 1
pool 2

probabilities

conv 11
convi 2
conv 2 1
conv?2 2
conv 3 1
conv3 2
conv 3 3

pool 3
convd4 i
conv4 2
conv4 3
pool 4
pool 5

fc 6

fc 7

fc 8

conv 5 1
conv5 2
conv5 3



https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556

CNN Architectures : VGG-16

H 16€a niow amo tnv vmapén nupnvwy otadepol peyeBoLC ival OTL OAOL OL conv TIVPNVEG HETABANTOL
HeyEBoug Tov xpnotpomololvtat oto Alexnet (11x11, 5x5, 3x3) umopouv va avanapax8olv
Xpnotpotmolwvtag oAAAnAoLG upnveg 3x3 wg dopLka oTolxeia.

T.X. EoTw emninedo e100dov peyEBoug 5x5x1
MNepintwon 1: To conv eninedo: evag uprvag 5x5 kat BApa 1 —'E€0d0og: xApTNS XapaKTNPLOTIKWY 1X1
MARBog petapAntwy 5x5x1+1=26 ((m*n+1)*k, k: TA60C TIVPAVWV)
Nepintwon 2: 1o conv eninedo: 6vo nmupnvag 3x3 kat Bripa 1 —'E€000G: XAPTNGS XAPAKTNPLOTIKWY 1x1.
MAN6o¢ petaBAntTwy 3x3x2=18 — Meiwon 28%

AvtioTtolxa avtiyla xpnon nupnvwy 7x7 (11x11) epapuocouvpe 3 (5) 3x3 uprveg — peiwon aptduov
ekmatdevopevwy petaBAntwy Kata 44,9% (62,8%)

%  TaxuTepn ekpasnon % Amoguyrn overfitting



34-layer residual

CNN Architectures: ResNet (MSRA)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun Deep Residual Learning for Image Recognition, CVPR 2015
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Resnetl18

€ 152 enineda, 1T1M ntapdpetpot, upnveg, 3x3 (6nwe to VGGNet), 2 pooling etmineda
YUvdeon tautotnTag (Identity connection) ava dvo eminedwv CONV, didotaon €l06dov idla pe tng e€0d0uL

Y Uvdeon mpoRoAng (Projection connection) O0mou ot dlacTtacelg L0060V SLaPePOLY PE AUTES TNG £€0OOU.

YTtapxouv MOANEG EKOOOELG apXLTEKTOVIKWY ResNetXX omou 1o «XX» urodnAwvel Tov aptBud Twy etunedwv (ResNet50, ResNet101)

fc 1000


https://arxiv.org/abs/1512.03385

CNN Architectures : ResNet (MSRA)

AvTi va pdeel tnv avanapaoctaon X — F (x), To diktuo pabaivel tnv x — F (x) + G (x)

- Otav x=F (x), n ouvdptnon G (x) = x €ival pyla cuvapTnNoN TAVTOTNTAC — GUVOEGH TAVTOTNTAG
H avanapdctaon otav x=F (x) pabaivetal pe pndeviopo Twv Bapwy oTo VOLAPECO OTPpWHA KATd
Tn dldpkela TG ekmaidevong

=> Otav x=F (x) (stride> 1 ota petagd toug enineda CONV ) — obvdeon mpoBoAig
H ouvaptnon G (x) aAAddet T1g dlaoTtaoelg TNG €10060UL X
o€ ekeivn NG €€0dou F (x)
residual
Eidn avtioTtoixiong block

identity

e Non-trainable Mapping (Padding)
H eicodog x eival anAwg yepdtn pe pundevika yla va tatpladet n didotaon pe ekeivn tou F(x).

e Trainable Mapping (Conv Layer)
1x1 Conv layer xpnotgonoleital yla Tnv avtiotoixton tou X pe tnv G (x).



Alaxwplolhes XuvellEelg
Yriapyouv dV0 KUPLOL TUTIOL SLaXWPEICLPWY CLVEALEEWV:

e Xwpkad dtaxwpiotpeg ovuveligelg (Spatial Separable Convolutions)

o AlanpaypaTteleTAl KUPLWGE TIC XWPLKEG dLACTACELG PLag €LKOVAG Kal TOU Tpnva:

TO TAATOG KAl TO YOG

e Kata Badog draxwpiotpeg cuvelielg (Depthwise separable convolutions)

o AlanpaypateveTal OXL HOVO TIC XWPLKES SlaoTACELG PLag ELKOVAG Kal TOU Ttupnva:
TO TMAATOG Kal TO BP0 aAAd kat Tn dractacn tov BdaBoug SnAadn To TANBOG TWV KavaALlwyv

NG ELKOVACQ



XwpPLkS& dtaxwplowun cuvelEn (Spatial Separable Convolution)

e Mua xwplka dtaxwpioun cuveAlEn anhwe xwpicel evav upnva og dVO, HIKPOTEPOUG

TIUPNVEG.

o Hmio ocuvnBlopevn nepintwon Ba ntav va xwpioete €vav nmupnva 3x3 oe wprva 3x1 kat 1x3,

OMWC: 3 6 9 3
4 8 121 = |4 x [1 2 3]
5 10 15 5

m Etol, avti va kAvoupe pia cuveALEn pe 9 moAAamAactacpolg, KAavoupe U0 ouVEALEELC pE 3

TIoAAamnAaclacpoug n kabepia (6 cuvoAlkd) yia va TeTUXOoUNE To i6lo anotéAeopa.

o Me Alyotepoug MoAAanAaoLacpoug: T.X. SIOXWPIOHOG Tou Truprva Sobel
m N UTIOAOYLOTLKNA TIOAUTIAOKOTNTA PHELWVETAL -1 0 1 1
. , , , -2 0 21 = |2 X [-1 0 1]
m 70 SikTLO Propei va Aettoupyei Lo yprnyopa 1 0 1 1



XwpPLkS& dtaxwplowun cuvelEn (Spatial Separable Convolution)

Simple Convolution

Convolution with 3x3 kernel

4 8 12
5 10 15

[3 6 9 ] Output Image

Spatial Separable Convolution

Convolution with Convolution with

3x1 kernel 1x3 kernel

[ Bl
23 Intermediate Image Output Image
[4] [1 2 3]
5




XwpPLkS& dtaxwplowun cuvelEn (Spatial Separable Convolution)

® [1000 €QLKTO glval OAOL OL TIVPNVEG TIOL LLOBETEL TO SLKTLO va PTIOPOLV VA XWPLOTOLV
o€ 600 PULKPOTEPOUC TIUPNVEG;

o To dikTuo, ymopei va KataAngel va XpnoLUOTOLEL HOVO PLd PJLKPT TIOGOTNTA TIUPHVWY, AUTOUG
TIOU PTIOpPEL va XwploTtel o€ SUO PIKPOTEPOULG TIUPNVEG.

— Mn anodoTIKN TEXVIKN



Kata BaBocg dtaxwpiloun cuveAlEn (Depthwise separable convolution)

AELTOVLPYEL PE TIUPNVEG TIOL HEV PUTIOPOLV VA «TIAPAYOVTOTIONO0VUV» GE dVO PULIKPOTEPOUC
TIUPNVEG.

e Ogev aoxoAeital gyOvo e TIG XWPLKES dlaoTAaoelg, aAAd Kal e tn dtactaon Badoug

e TIAPOMOLA PE TN XWPLKN CLVEALEN, Yla KaTta Babog dtaxwpiolun cuveAlEn xwpllel evav upnva og 2
EeXWPLOTOUG TIUPNVEG TIOL KAVOLV VO CUVEALEN: TN GUVEALEN KaTA BABOC Kal TN onUELAKn GUVEALEN.

TL.X. Eotw OTL €xoupe oTnv eicodou evog diktuou pia etkova RGB
e MrmopoUlpe va anelkovioovpe KABE KavaAl wWe PLa CUYKEKPLUEVN EpUNVELQ AVTAG TNG ELKOVAG
o  KAaBeg KavaAl deixvel Tn €vTacn TOL KABE XpWHATOC TNG ELKOVAG
B KOKKLVO KAVAAL - EVTACN TOU KOKKLVOU XPWHATOG TNG €LKOVAG
e Mua swkova pe 256 kavaila - keras.layers.SeparableConv2D

, , , , ) , - tf.layers.separable_conv2d
o KaBe kavaAl beixvel dLaPOPETLKN EPUNVELA TNG ELKOVAG



Katd BaBocg dtaxwpiowun cuveMEn (Depthwise separable convolution)

Kavovikr) cuveALEn:

12

W,=(12-5+0)/1=8, H,=(12-5+0)/1=8, D=1

— Kavoupe 5x5x3=75 noAAamAaclacpolg kaBe popd Tou KLveital o Tuprnvag



Katd BaBocg dtaxwplotun ocuveMEn (Depthwise separable convolution)

e Tuyivetal av B€lovpe va av€Noouvpe Tov aplBpod Twv Kavallwy otnv elkova e€060vL pag;
o  Mmopoulpe va dnuLloupyrnoouvpe 256 Tupnveg yla va dnulovpynooupe 256 elkoveg 8x8x1
e TiyiveTal av BEAovpe pla €€0do peyeboug 8x8x256;

o  Mmopoupe va oTolBAZovpe TIC 256 ikOveg 8x8x1 padi yia va dnuiovpyrnoovpe pta £€060 ELKOVAG
8x8x256.




Kata BaBoc dtaxwpilolpn cuveAlEn (Depthwise separable convolution)

Mia katd Badog ouveALEn xwpilel avtn tn dtadlkacia og 2 pepn:
A. Mua ouveALEn kata Badog (depthwise convolution)

B. Muwa ouvveAlEn katd onueio (pointwise convolution)



Katd BaBocg dtaxwplotun ocuveMEn (Depthwise separable convolution)

A. TuvéEAEn kata Badog

e Xpnolyotolel 3 mupnveg 5x5x1

e Kabe mupnvag 5x5x1 epapuodetat o 1 kavail Tng ekovag, AapBdavovtag ta Badbpwtd yvopeva kade
opadag 25 pixels kat divovtag pia eikova 8x8x1

e HotoiBagn avtwy Twv elKOVWY pali dnulovpyei yla eikova 8x8x3



Katd BaBocg dtaxwplotun ocuveMEn (Depthwise separable convolution)

B. TuvéAEn kata onpeio (pointwise convolution)

8

e Xpnowgomolel evav rupnva 1x1 n evav mupnRva omov €xeL Bao¢ 600 To TMANBOG TWV KavaAlwy Tng
glkovag eLoddou (3)

o  Emopévwg, emavaAapBdvoupe €vav rupnva 1x1x3 peow TNG €lkOvag 8x8x3, yia va AaBoupe pla elkova 8x8x1



Katd BaBocg dtaxwplotun ocuveMEn (Depthwise separable convolution)

YuveALEn Kata onueio ye 256 mupnveg — e€aywyn €lkovag Pe 256 kavaAla

N\

8

Mrmopoupue va dnuiovpynoovpe 256 upnveg 1x1x3 mou divouv pla etkova 8x8x1 yla va dpoule yia
TEALKN ELKOVA OXNHATOG 8x8x256.



> UuyKkpLon

e 2D Convolution
o  AplOuog anattovyevwy TIOAAANAQcLacpwy

m  (8x8) x (5x5x3) x (256)= 4.800 x (256) = 1.228.800

e Depthwise Separable Convolution
o  AplOUOC TWV ATIALTOVPEVWY TIOAAATIAQCLACHWV:

m A YuveAlEn katd Babog

e XwpiCetal o pepovwpeva Kavala, eMopevwe anatteitat piAtpo 5x5x1 otn B€on Touv 5x5x3,

Kal £OCOV UTIAPXOLV Tpia KavdaAla
e O OUVOALKOG aplBPOG Twy anattoLpevwy PiAtpwy 5x5x1 eival 3, dpa,
(8x8) x (5x5x1) x (3) = 4.800
m B.XuvéAEn katd onpeio
e O OUVOALKOG apPLBPOC TWV AMALTOVPEVWY KavaAlwy givat 256, apa,
o (8x8) x (1x1x3) x (256) = 192 x (256)=49.152

YUVOALKOG aplOpog moAAanAactacpwy = 4.800+49.152 = 53.952

1.228.800/53.952 =23 = anattouvtal 23 popeG AlyoTEPOL TTOAAATIAACLACHOL

— n anoteAeopatikotnTa Twv Depthwise Separable cuveAifewyv eival T0co vynAn



e KaloTig dLOo TEPIMTWOELG:

o TEPVAUE TNV ELKOVA PJECA ATIO €vav Tupnva 5x5,
O TN OUPPLKVWVOUUE OE Eva KAVAAL
O KOl HETA TNV €MeKTEIVOLUE 0 256 KavdAla.
MNwg yiveTal To €va va gival epLocOTEPO Ao dVO POPEG TILO YPHYOPO ATIO TO AAAO;
® TNV Kavovlkn ouveALEN:

o peTaoxnpatidouvpe TNV €lKOVA 256 POPEG.

o KABg YETAOXNMATLOPOC Xpnotyototel 5x5x3x8x8=4800 moAAamnAacLtacpoug.

> UuyKkpLon

® >1nkata Badog diaxwpioun cuveAlgn,

o  peTaoXNMaTiCOLHE MPAYHATLKA TNV £IKOVA JOVO Jia opd — oTnV KATa BAaBog cuveALEn.
O  ETELTA TALPVOUKE TN HETACXNHATIOPEVN ELKOVA KaL ATAWG TNV ETUPNKVVOLUE o€ 256 KavdaAla.
— XWPLG va xpeladetal va petacynUatiocovpe tTnv €lkova ava kat €ava,

UTIOPOULHE VA EEOLKOVOUNCOULHE UTIOAOYLOTLKI LOXV.



Kata BaBocg dtaxwpiloun cuveAlEn (Depthwise separable convolution)

MelovekTnuata

® Melwvel Tov aplOPO TWV TAPAPETPWY OE PLa GUVEALEN
o €av 1o dikTuOo gival NON PIKPO, pTtopei va kataAngel pe oAL Aiyeg MapaPETPOUG

— T0 &iKTULO pmopei va pnv padel cwoTtd Katd tn SldpKeLda TNG eKTaidevong

e Eadv xpnolpomnoinOei cwota:
o  KATAYEPVEL VA EVIOXVOEL TNV AMOTEAECHATLKOTNTA

— YEYOVOG TIOL TO KABLOTA PLa apKeTA dnuo@LAn eTiAoyn.



Mupnivac 11

e KUplog oKOTIOG €vOg Tupnva 1x1 eivat va epapuooeL un YPAPULkoTNTA.

O HETA amo KABE eMiMEDO EVOC VELPWVLKOU SIKTUOU, UTIOPOVHE VA EPAPUOCOLHE £VaA ETUTIEDO
gvepyomnoinong (ReLU | PReLU 1 Softmax rj aAAo)

o Ta eTMinNeda evepyoroinong eivat pn ypapplka, o avtibeon pe ta enineda cuveAlENg
= Evag ypappikog cuvduaocpog ypappwy eEakoAouBei va gival pla ypappn— 6ev pag agpnivel va avakaAUYOoUE....KAUTIOAES

o Tapn ypapplka emineda dtevpvuvouy TIg¢ duvaTtoTNTEG Yld TO HOVTEAOD, OTIWCE €ival auTo Tov
KAVEL YEVLKA £va «BaBL» §iKTLO KAAUTEPO Ao va «gupL» dIKTLO.

m [0 va av€nooupe Tov aplBPo TWV PN YPAUULIKWY ETUTEOWY XWPIG va av§NOOVUE CNUAVTLKA
TOV apLlOPO TWV TAPAPETPWY KAl TWV LTIOAOYLOHWY, UTIOPOVHE VA EPAPLOCOUE Evay TUpHva

1x1 Kal va pocBecoupe €va eMinedo evepyotoinong HETA Ao avTov.

m  Avuto BonBd va dwoel 6to dikTLO €va PpoobeTO eminedo BABoug.



E(dNn diktuwy

e Euputepo diktuo (wider network)

O  TEPLOCOTEPOUC XAPTEC XAPAKTNPLOTIKWY
r—i (piktpa) ota ouveAlKkTIKA eMineda

e Babutepo diktuo ( deeper network)

0  TEPLOCOTEPA OLVEALKTIKA eTtimeda

#channels )
STty e wider
S S e AikTvo pe vYnAOTEPN avaiuon
—— deepe' (higher resolution)
== o ene€epyaleTal EIKOVEG EL0OSOL pE
| peYaAlTEPO TMAATOC Kal BABOG (XWPLKEG
* oee- YOS avalloeLg).
- higher , ,
B} resolution HXW ; resolution ©  OLXAapTeC XapaAKTNPLOTIKWY TOv

rapdyovtat 6a €xouv UYPNAOTEPES
(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling XUJleéQ 6[(10Td08lc.



CNN Architectures: Inception vl (GooglLeNet)

Ta eppavn pepn (Salient parts) otnv elkdva Pmopei va €xouv
e€alPETIKA PeYAAES OLAKLPAVOELS OTO PEYEDOG.

TLX. N TIEPLOXN TIOL KaTtaAapBavel o okVUAOG eival SLaPopETLKN

I I -
08 Kaee 8 '.KOVO.. From left: A dog occupying most of the image, a dog occupying a part of it, and a dog occupying very little space
(Images obtained from Unsplash).

e YMApxelL TEPAOTLA TIOLKIALQ 0TN BECN TWV TTANPOPOPLWY,
e H emAoyn Tou cwWoToL PeYEBOLG VPN VA Yia GUVEALEN yiveTal SUOKOAN.
o €vag MEYAADTEPOG TIUPNVAC TIPOTLUATAL YA TIANPOYPOPIEG TIOL SLavEPOVTAL TILO GPALPLKA,

O €vag PLKPOTEPOG TUPNVAG TPOTLUATAL YL TIANPOYOPLEG IOV SlavepoVTaL TILO TOTUKA.

e TaTmoAU Babld dikTua ival EMLPPETI O LTIEPTIPOCAPHOYTH).
e Eival emtiong 6VOKOAO va TEPACELS evnuepwoelg gradient oge 0AOKANpo To diKTLO.

e HotoiBa&n peyalwyv mupnvwy cLVEALENG Elval LTIOAOYLOTLKA AKPLRN Kat ageAnq.



CNN Architectures: Inception vl (GooglLeNet)

Abon: MNati va pnv AettoupyouLv iktpa oAAanAwy peyeBwv oto idlo eninedo;

— To 6iKkTUO ovoLaoTIKA Ba yIvoTav Alyo «TTAATUTEPO» TIAPd «BaBUTEPO».

"ApeAng" povada inception:
Filter
concatenation

e EkteAei ouveALEn og pla eicodo,

pe 3 dlaopeTika peyedn piAtpwv (1x1, 3x3, 5x5). P g V
, , . 1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling
e EmumpoobeTtaq, mpaypatomnoleital kat max pooling.
e 0L £&0601L ouvdeovTal Kal anooTEANoOvVTAL OTNV
EMOPEVN povada inception. Previous layer

(a) Inception module, naive version

C. Szegedy et al., "Going deeper with convolutions." 2015 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Boston, MA, 2015, pp.
1-9. doi: 10.1109/CVPR.2015.7298594.



https://arxiv.org/abs/1409.4842
https://arxiv.org/abs/1409.4842

CNN Architectures: Inception vl (GooglLeNet)

— Ta Baba vevpwvika SikTua gival uTIoAoYLOTIKA akpLBd.

Ma peiwon Tou UTIOAOYLOTLKOU KOGTOUG Ol CLYYPAYELG TIPOTELVAV TO EENG:
e [leploplopwy TOL APLOPOL TWV KAVAALWY €L00O0U TIPOCOETOVTAG PLd ETITTAEOV GUVEALEN 1XxT TIpLV
amno TI¢ ovveeloelg 3x3 Kat 5x5.
o AvKal n mpooBnkn plag eTUMAEOV AELTOUPYLAG ITIOPEL va paiveTal avTupatikn,
m oL ovuveAi€elg 1x1 eival TOAD BNVOTEPEG Ao TIG CLVEALEELS 5X5

B O UELWPEVOG apLlOpog Kavallwy e1codov Bonba emiong.

H ocuveAlEn 1x1 elodyeTal JETA TO PHEYLOTO EMITEOO CLUVEVWONG KAl OXL TIPLV.



CNN Architectures: Inception vl (GooglLeNet)

Movada Inception

Kataypdgel mpoegexovTa xapakTnpLloTika
(salient features) oe dlapopeTikad emineda.

- 4 napdAAnAeg Aettoupyieg

¢

¢
\ 4
\ 4

1x1 conv layer, peiwon Badoug

3x3 conv layer, Katavepnuéva xapakTnpLloTiKd
(distributed features)

5x5 conv layer, l'evikd XapakTnpLOTIKA

(global features)

Filter
concatenation

ﬂv

1x1 convolutions

3x3 convolutions

5x5 convolutions

1x1 convolutions

L)

L)

w‘uons

e e

max pooling, XapnAou emumedou XapakTNPLOTIKA

(low level features)

-  ®iktpo cuvevwong
TLX. €AV OL ELKOVEG 0TO OLVOAO dedopEvVwY €XOLV TIOAAQ KABOALKA XAPAKTNPLOTIKA KAl EAAXLOTA
XAPAKTNPLOTIKA XaunAou etunedou, T0Te 10 ekmatdeupevo SikTLo Inception Ba €xeL MOAL Yikpa Bapn

TIOL AVTLOTOLXOUV OTOV Ttuprva 3x3 og cUYKPLON PE TOV Tupnva 5x5.

1x1 convolutions

Previous layer

Inception Module (source: original paper)

}

3x3 max pooling




CNN Architectures: Inception vl (GooglLeNet)

-  Awdoxika aAa kat mapdaAAnAa CNN

(error rate 6.7%) P EE EE
1 14
i Eijgppiggiis
1 81 % Eﬁﬂﬁﬁﬂﬁﬁﬂﬁﬁﬂ 11 EE
o . pajaafaligiiggBiggg 0 il%yy W1 W
= TloAAamAoi UPHVEG dLaPOPETIKWV LR A & il & Bt if BE Hoaal
, BB B g,
peyebwv epappodovtal oto idLo
emninedo Ye OKOTO TN aviyxvevon SEres
OLYKEKPLUEVWY XAPAKTNPLOTIKWV g
Other

TEPLOXNG
€ Meyalol Tuprveg — KABOALKA XapaKTNELOTLKA TIOU KATaveEPoVTal o€ JeYAAn TiepLloxn tng
glKovag,
€ MKpoi IupAVEG — AVIXVELON CLUYKEKPLHEVWY XAPAKTNPLOTIKWY TIEPLOXNG TIOV

KaTavepPovTal o€ OAOKANPO TO TAALCLO €LKOVAG.



CNN Architectures: Inception vl (GooglLeNet)

EXEL KATIOLEG APXIKEG- 9 povadeg Inception v1 by ,_,/‘l\ ’ ‘I
TpOKATAPTIKEG _ y <. HH"‘ N
ouveligelc : ; . py B \ I” \5‘

BonénTtikol
TaglvounTeg

e Apketd Babug tagvountng

o Onwg ovpBaivel pe kABe TOAL BabL dikTvOo, UTIOKELTAL 0TO TIPORBANMA TNG €€agpaviong tTng KAiong.

e [0 va anmoTpeEWPOoULV TO PECALO TURHA TOUL HLKTVOUL ATO TO VA «OPRNOELY, OL CLYYPAYPELG elonyayav duo
BonBnTLKOLC TAELVOUNTEG.
o OuolaoTika epappocav softmax otig €§06oug og 600 amo TIg inception povadeg kat uTtoAdyLloav pia
BonBNTIKN anwAela oTLg (Oleg ETIKETEG.
o  Houvaptnon cuvoAlKn¢ anwAelag eival €va oTabuLoPeVo ABpolopa TNG ETILKOVPLKAG anMwAELAg Kal TNG

T[pO.Y|J(1Tle](: anwAeLag: total loss = real loss + 0.3 * aux loss 1 + 0.3 * aux loss 2



CNN Architectures: Inception v2 ko v3

To Inception v2 kat To Inception v3 tapoucLdoTNKAV OTO paper C. Szegedy, V. Vanhoucke, S. loffe, J. Shlens and Z. Wojna,
"Rethinking the Inception Architecture for Computer Vision,' 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR),

2016, pp. 2818-2826, doi: 10.1109/CVPR.2016.308..

Inception v2: Meiwon Tou pawvopgvou cuppopnong( representational bottleneck)
e OLovyypageic mpoTELVAV PLa OELpd amo avaBadpiceLg e OKOTIO TNV:
o A0Enon tng akpipelag

o Meiwon TN LUTOAOYLOTIKAG TIOAUTIAOKOTNTAG

- HduaioBnon ntav 0Tl Ta veupwvikd diktua anodidouvv kaAvtepa otav ot cuveAifelg dev aAAadlav

dpaoTikad TI¢ dlaoTtaoelg TNG €L60d0UL.

-  HunepPoAikn peiwon Twyv d1acTAcEwV PTOPEL va TIPOKAAECEL ATIWAELA TIANPOYPOPLWY, YVWOTH WG
«representational bottleneck»

-  Xpnolgomolwvtag eEumveg peBOdoLE TTapayovTomoinong, ot CLUVEAIEELG UTtOpPOLV va Yivouy TiLo

ATIOTEAECUATLIKEC OO0V AYOPd TNV LTIOAOVLOTLKN TIOAUTIAOKOTNTA.


https://ieeexplore.ieee.org/document/7780677
https://ieeexplore.ieee.org/document/7780677
https://ieeexplore.ieee.org/document/7780677

CNN Architectures: Inception v2

Filter Concat

The left-most 5x5 convolution of the old inception module, is

now represented as two 3x3 convolutions.

3x3
i
3x3 SXS 1x1
! [ i
1x1 1x1 Pool 1x1
Base

Avon

- [lapayovtomoinon tng ouveALEN 5x5 o VO CUVEALEELG
3x3 yLa BeAtiwon TnN¢ UTIOAOYLOTIKAG TAXVTNTAG.
€ AvKal auTo pmopei va paivetal avipatiko, pa
ouveALlEn 5x5 eival 2,78 popeg o akpLpn amno

pLa ouveALEn 3x3.

‘Etol, n otoiBagn 6Vo cuveliEewyv 3x3 0dnyei otnv

TPAYHATIKOTNTA 0€ av€non TNg anodoong.



CNN Architectures: Inception v2

Filter Concat

nx1
i
1xn
i
nx1 nx1
i i
1xn 1xn 1x1
i { i
1x1 1x1 Pool 1x1

g

Base

/

- EmumA€ov, mapayovtomoinon Twv ouveAi§ewv peyeboug

@ATpou nxn og cuvdLacpo Txn Kat nx1 cuveAifewy.

€ Tamnapdadetypa, pra cuveAlgn 3x3 .ooduvayel pe tnv
EKTEANEON MPWTA PLag cLVeEALENG 1x3 Kal, 0T CUVEXELQ, TNV

EKTEAEON pLag ocuveALENg 3x1 otnv €€060 TNG.

H pebodog avtn eivat 33% pBnvotepn amno tnv amAr cuveALEn
3x3.

Here, put n=3 to obtain the equivalent of the previous image. The left-most
5x5 convolution can be represented as two 3x3 convolutions, which in turn
are represented as 1x3 and 3x1 in series.



CNN Architectures: Inception v2

- Ta ¢iltpa otn povada enektadnkav (eyvav

Filter Concat

guplTEPA AvVTi BaBLTEPA) YLA VA HELWOOLV TO

pawvouevo cudpopnong( representational

bottleneck)

-  Avnpovada ywvotav o Badid, 6a vmnpxe

1x1 o Pool | [1x1 uTEPPBOALKN pHEiwON TWV dlACTACEWV Kal, WG EK

s T PRI TOUTOU, ATIWAELA TIANPOPOPLWV.

Making the inception module wider. This type is
equivalent to the module shown above.

(Source: Incpetion v2)


https://arxiv.org/pdf/1512.00567v3.pdf

CNN Architectures: Inception v2

O1 mapamavm TPELC APYES XPTOLOTOONKAV YA TNV KATACKELT] TPLOV OlAPOPETIKMOV TUTTWV
uovadwv inception (figure 5 = slide pg 22, figure 6 = slide pg 23, figure 7 = slide pg 24)

B patch size/stride Susiibisie
or remarks

conv 3x3/2 299x 299 x 3

conv 3x3/1 149%x149% 32

conv padded 3%3/1 147x147x 32

pool 3%3/2 147x147x 64

conv %3/ 7T3x73x64

conv 3x3/2 T1x71x80

conv axg/1 35x35x192

3 xInception As in figure |5 35x35%x288

5 x Inception As in figure |6 17x17x768

2xInception | As in figure(7 8x8x1280 logit(p) = log( IL)
pool 8 x 8 8 X 8 x 2048 —P
linear logits 1 x1x2048

softmax classifier 1 x 1 x 1000




CNN Architectures: Inception v3

- OLovyypageic mapatnpnoav ot oL BondnTikoi Tavounteg dev cuveRalav TOAD PEXPL TO TEAOG

NG ekTtatdevTIkNg dladikaaciag, 0tav ol akpiBeleg mAnoialav 0Tov KOPEGUO.

€ Yrnootnpt€av OTL AELTOLUPYOLV WG KAVOVLKOTIOLNTEG, £101KA €av €Xouv Aettouvpyieg BatchNorm

n Dropout.

- Algpevvnoav TI¢ duvatotnTtes BeAtiwong oto Inception v2 xwpic 6pacTikn aAAayr Twv HovAdwv.

Avon

RMSProp Optimizer(11.8. RMSProp — Dive into Deep Learning 0.17.5 documentation).

MNMapayovTomoLnUEVES OLVEAIEELS 7X7.

BatchNorm otoug BondntikoUg TaglvounTeG.

E€opdAuvon eTikeTwy (Evag TUMOG Kavovikomoinaong mou npoaotibetal otn loss function mou epmodiiel o

SiKTULO va amoKTroel LTIEPBOALKN AUTOTIETOIONON Yla Pla Katnyopia. ATOTPEMEL TNV LTIEPEKTIAIdELON)


https://d2l.ai/chapter_optimization/rmsprop.html

CNN Architectures: Inception v4-Inception-ResNet

(£X662X662)
nduy

EXEETYSET

Szegedy, C., Ioffe, S., Vanhoucke, V., et al. (2017) Inception-v4, Inception-Resnet and the Impact of Residual Connections on Learning. Thirty-First
AAAI Conference on Artificial Intelligence, San Francisco, 4-9 February 2017, 4278-4284

B A o ol a2 = I B - Ol ovyypageig mapatnpnoav eniong oTL
8|28 (B2 (22| 22 2= =& |25 , , o
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85 | [mo| |SO| =9 | |n%| (=0 |<S| |28
°™| 122 z 2 28 2 S22 , L ,
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g ; : g g - € Evioyuon tng anodoong
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OHOLOPOPPEG HOVADEG.

r\u !
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i ;g 3 2 2 2 2 5 Inception v4 tpomomnotnenke.


https://arxiv.org/abs/1602.07261
https://arxiv.org/abs/1602.07261
https://arxiv.org/abs/1602.07261

CNN Architectures: Inception v4-Inception-ResNet

Tpelg KLpLEG evoTNTEG InCception, pe To ovopa A, B kat C mou potadouv oL pe Ta avtiotolxa Inception v2

1x1 Conv
(96)

Avg Pooling

Fliter concat
e

3x3 Conv
(96)

1x1 Conv 1x1 Conv
(96) (64)

Filter concat

3x3‘Conv
(96)
3x3 Conv
(96)
|
1x1 Conv
(64)

1x1 Conv

(128)
1x1 Conv
(384)
Avg Pooling

Fliter concat
1x7 Conv

(256)

I

1x7 Conv
(224)

|

1x1 Conv
(192)

|

Filter concat

7x1 Conv
(256)

1x7 Conv
(224)

7x1 Conv
(224)

1x7 Conv
(192)

1x1 Conv
(192)

1x1 Conv
(256)

Avg Podling

1x1 Conv
(256)

Filter concat

v

1x3 Conv 3x1 Conwv
(256) (256)

1x1 Conv
(384)

Filter concat

3x1 Conv

(256)

1x3 Conv
(256)

3x1 Conv
(512)
'

1x3 Conv
(448)
‘

1x1 Conv
(384)


https://arxiv.org/abs/1602.07261

CNN Architectures: Inception v4-Inception-ResNet

To Inception v4 glonyaye e€eldikevpeva «Reduction Blocks» Ta omoia xpnotpgomotlodvTal yla tTnv aAAayn Tov
TIAATOUG Kl TOL LYOUG TOL TAEYHATOG.

Filter concat

Filter concat \
e 3x3 Conv
3x3 .Conv 3%3 Conv (320 stride 2 V)
(m stride 2V) (192 stride 2 V) f
| 7x1 Conv
3x3 MaxPool 3x3 Conv 3x3 Conv 3x3 MaxPool (320)
(stride 2 V) (n stride 2 V) (0 (stride 2 V) t

| 1x7 Conv
1x1 Conv 1x1 Conv (256)
(k) (192) T
\/ 1x1 Conv

(256)

Filter concat /

Filter concat

Reduction Block A (peiwon peygboug 35x35 og 17x17) Reduction Block B (peiwon pey€boug 17x17 og 8x8)


https://arxiv.org/abs/1602.07261

CNN Architectures: Inception-ResNet v1 &v2

Eumivevopevo ano tnv anodoon touv ResNet, mpotddnke pia uBptdikr povada inception.
% Ymapyouv dVo vmo-ekdooeLg Tou Inception ResNet, dnAadn v1 kat v2.

> To Inception-ResNet v1 €xel UTIOAOYLOTIKO KOOGTOG TIAPOWOLO e AUTO Tou Inception v3.
> To Inception-ResNet v2 £xeL UTTOAOYLOTIKO KOOTOG TIAPOHOLO PJE AUTO Tou Inception v4.

% 'Exouv dapopeTika oTeAEXN-Stems, OTIwWG @aivetal otnv evotnta Inception v4.

> Kat ol 600 uTo-eKdOOELG €XOUV TNV dla dopr) yia Tig evotnTeg A, B, C kat ta reduction blocks
> Hpovn dlagopd givat oL pubPicELS UTIEP-TIAPAPETPWV.
16€a

Etocaywyn residual connections mou mpocBetouv TNV €000 TNG AetToupyiag cuveALEng Tng povadag
inception otnv eicodo.


https://arxiv.org/abs/1602.07261

CNN Architectures: Inception-ResNet v1 &v2

Avon

e [la to residual addition n eicodo¢ kat n €£060¢ PeTA TN CLUVEALEN TIPETIEL VA €XOLV TIG 1OLEG
dlaotdoelg.

(@]

Q¢ ek TOUTOU, XPNOLUOTIOLOVPE GUVEALEELG TXT PETA TIC ApPXLIKEG OLVEAIEELG, yLa va Talpla§ouvpe Ta

peyEBn Bdaboug (To BABog avEaveTtal HETA TN CUVEALEN).

Relu activation

<
\\,
1x1 Conv
(256 Linear)
o - 3x3 Conv
G (32)
1x1 Conv t
(3‘2) 3x3 Conv 3x3 Conv
/,/ (32) (32)
/ 1x1 Conv 1x1 Conv
/ (32) (32)
// /,,.//'/’// o

Relu activation

(Znuewwote wg to pooling layer avtikatactdbnke anod tnv residual connection, KaBwg Kat n mpocBeTn 1x1 GLVEALEN TIPLY arto TV Tipdeeon (+))

Relu activation

+

1x1 Conv
(896 Linear)
e —————
7x1 Conv
(128)
|
1x1 Conv 1x7 Conv
(128) (128)
|
1x1 Conv
(128)
o

Relu activatio

Relu activation

+
1x1 Conv
(1792 Linear)
e ——
3x1 Conv
(192)
|
1x1 Conv 1x3 Conv
(192) (192)
f
1x1 Conv
(192)

Relu activation

Inception modules A,B,C oto Inception ResNet


https://arxiv.org/abs/1602.07261

CNN Architectures: Inception-ResNet v1 &v2

H Aettoupyia pooling evtog Twv KUPLWYV inception povadwy avtikataotddnke vmep Twy residual

connections.

3x3 MaxPool
(stride 2 V)

Filter concat

.\
3x3 Conv
(m stride 2 V)
|
3x3 Conv 3x3 Conv
(n stride 2 V) ()
|
1x1 Conv
(k)

Filter concat

Filter concat

P

/ e ——
_~/ —_

"/ 3x3 Conv
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https://arxiv.org/abs/1602.07261

CNN Architectures: Inception-ResNet v1 &v2

e Tadiktua pe residual units Babutepa oTNV APXLTEKTOVLKN

, , . C , , Relu activation
TipokaAeoav To SikTuo va "medavel” eav o aplBPog Twv PiATpwy

Eemepvovoe ta 1000.

+
o Qg ek TOUTOU, Yla va avénbei n otabepoTnTQ, OL
OLYYPAYPELG KALMAKWOAV TLG UTIOAELTIOPEVEG Actation
EVEPYOTIOLNOELG KATA JLa TIPn mepinov ano 0,1 €wg 0,3. Scaling
I
Inception
//’

Relu activation


https://arxiv.org/abs/1602.07261

Inception v4

Softmax

Y

Dropout (keep 0.8)

I

Avarage Pooling

X

3 x Inception-C

I

Reduction-B

I

7 x Inception-B

I

Reduction-A

N

4 x Inception-A

I

Stem

l

Input (299x299x3)

Output: 1000

Output: 1526

Output: 1536

Output: 8x8x1536

Output: 8x8x1526

Output: T7x17x10M4

Oufput: 17x17x1024

Outpat: 35x35x384

Output: 35x35x384

20x200x3

Softmax

)

|
Dropout (keep 0.8)

.

|
Average Pooling

I

5 x Inception-resnet-C

I

Reduction-B

4

|
10 x
Inception-resnet-B

.

I
Reduction-A

.

l
5 x Inception-resnet-A

Input (299x299x3)

Inception-ResNet

o Ta povteAa Inception-ResNet eutuyxavouv upnAotepn
o akpipela oe ALlyOTEPEG ETIOXEC.

Output: 8 8x1792

Ouiput: BxBxt 702

Output 17x17x896

Output 17x17x806

Output: 35235250

Output: 3535250
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Transfer Learning ywa Deep Learning

OpLopog

Me debopevn pua gpyacia Transfer Learning mou opi¢etalr ano (D, T_, D, T, f.(-)),
n petapopda pabnong (transfer learning)otoxebel otn paAdnon TNG MM YPAUULKAG

ouvaptnong f. mov avtikatomntpilel eva BabL veupwviKo bikTuo.

[ Target |

Source labels 2 = labels =
o Source — Target
L model odel
Source data Naseta |

___ Eg.ImageNet _eomscn |

Tan C.,Sun F., Kong T., Zhang W., Yang C., Liu C. (2018) A Survey on Deep Transfer Learning. Artificial Neural Networks and Machine Learning - ICANN 2018



https://arxiv.org/abs/1808.01974

>Tpatnylkeg Deep Transfer Learning

= [1poeKTTASEUPEVT HOVTEAS VLA EEQYWYN XKPAKTNPLOTLKWY

Off-the-shelf Pre-trained Models as fixed Feature Extractors

=  AKPBNAGC TPOCAPHOYN TIPOEKTIALOEUNEVWY NOVTEAWY

Fine Tuning Off-the-shelf Pre-trained Models



[MTOOEKTIAOEUPEVD HOVTIEAS YLO €EQYWYT XOXPOAKTNELOTIKWY

- H &€€odo peta amo karmolo emninedo evog dikTvov Babdldg paénong, ov
eKTIALOEVTNKE OE dlagopeTikn gpyaciag (T, # T,), xpnotgonoleitat wg

YEVIKEUPEVOG AVIXVELTNG XAPAKTNPLOTIKWV.

- Ekmnaidbevon veou povteAou (TLX. SVM) pe peTapopd auTwy Twv

XAPAKTNPLOTIKWV.

Assumes that D¢ Dr
loss

softmax

! convd
| conv2

I convi
i

Data and labels (e.g. ImageNet)

Transfer Learning with Pre-trai

TRANSFER

Shallow classifier (e.g. SVM)

- features
fc1
l conv3
i conv2

{ convi

Target cata and labels

B T D PR PN Pl NATPD (1) PROHASL. mgri A BEPRARUN o LAY oA L) RO
nea veep Learning iModels as reature cxXtractors



AKPLBNAC TTPOC POV TIPOEKTIALOEUUEVWY UOVTEAWYV

Agv avTikadlotoupe anmAweg To TeALKO eminedo (yia tafvopunon / maAwvdpopunon), aAld
EMAVEKTIALOEVOVE ETIIAEKTIKA OPLOPEVA ATIO TA TIponyoLpEeva emimeda.

>2h @l ACEEINS aen m %D

X -'\/.“.-". &lo w.—' —== -

; The L I — - . !
Deep neural EAEE ST TR [ -'?1" 4
networks learn esss \d [aPAAT Ny Q « iy
hierarchical feature ESEEEa N1 | N el ehe
representations

YEVIKA XOPAKTNPLOTLKA OUYKEKPLPEVA XUPAKTNPLOTIKA



MNap&deyua:ConvNet yia eEaywyr) XGEOKTNPELOTLKWY

Donahue et al, "DeCAF: A Deep Convolutional Activation
Feature for Generic Visual Recognition”, ICML 2014

1 1 R I, "CNN Features Off-the-Shelf: An
Transfer Learning with CNNs R S o Resgmion” VPR s
1. Train on Imagenet 2. Small Dataset (C classes) 3. Bigger dataset
Reinitialize c406 | [+— Train these
FC-4096 b - FC-4096
N this and train
| MaxPool | | MaxPool |
|_Conv512_| | Conv512_| With bigger
] |_Convsiz | dataset, train
[ Waseoor | Cwaeas | more layers
W [ Comviiz ]
| conv-512 | | Conv512 |
|_MaxPool _| > Freeze these | MaxPool |
|_Conv-256 | |_Conv-256 Freeze these
|_Conv-256 | [ conv256 |
|__MaxPool | |_MaxPool | :
| Conv-128 | _ ] [ Conv-28 | Lower learning rate
[ Conv-128 | [ conv-128 | |_Conv-128 | when finetuning;
[fﬁax?ooi-ﬁ_ | MaxPool | | MaxPool | 1/10 of original LR
|_Conves | __Conv-64 | [_Conves | is good starting
|_Conves | [ Conves | J |_conves | ) point
[image ]
() Lecture 7: Training

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 7 - April 24, 2018 RTINS

Part 2


http://cs231n.stanford.edu/slides/2018/cs231n_2018_lecture07.pdf
http://cs231n.stanford.edu/slides/2018/cs231n_2018_lecture07.pdf
http://cs231n.stanford.edu/slides/2018/cs231n_2018_lecture07.pdf

[MTOOKTIKEG CUNPBOUAEG

=> [leploplopoi amno MPOKATACKEVACUEVA HOVTEAQ.

€ Hxpnon evog mpokadoplopevou dikTuou, evdExeTal va eival SECPEVTLKI WG TIPOG TNV
APXLTEKTOVLKI) TIOU UTIOPELTE va XPNOLUOTIOLCETE YLa TO VEO OLVOAO dedopEVWY Pag.

e LY. Oev unopeite va apalpecete avbaipeta Conv emnineda amnod to MPokabopLopevo diKTuo.

€ JuvnOwg XpnOoLUOTIOLOVUE PIKPOTEPO learning rate yla ta puBuiopeva Bapn ConvNet, oe
olbykplon pe ta (Tuxaia apylkomotlnuéva) Bapn mou Ba XpnoLUoTIoLoVCALE Yid TO VEO
YPAUULKO Taglvountn mov uttoAoyidel Ta Bapn taglvopunong Tou VEOL GLUVOAOL OEOOUEVWY
Hag.

e  AuTO oupBaivel emeldn mepLyevoue OTL Ta pubulopeva Bapn ConvNet gival oxeTIKA KaAAQ,
EMOPEVWC Oev BEAOULYE va TA IAPAPOPPWOOLIE TIOAD Ypryopa Kat Tapa ToA.



Kavoveg aEloAdynonc ya xpnon TL

higher slope higher asymptote

............
-----------
_____
e
o
o
0

------ with transfer
— without transfer

performance

higher start

training
[a va afloAoyroovpe av eva HOVTEAO Pmopel va petapepbei oe AAAN epyacia mpeMeL va AABouye uTtiowtLy pyag ta
e€NgG:

Higher start: H apxtkr tkavotnta (mpLv TEAELOTIOLOETE TO HOVTEAO) OTO HOVTENO TIpoEAELONG €ival LYNAOTEPN
amo o, TL dLaPOopPETIKA Ba rTav.

Higher slope: O puBuog BeAtiwong TnG LkavoTnTag Katd tn Slapkela Tng ekmaidevong Tov HovIEAOL
TPOEAELONG €lval TILO ATIOTOUOG ATIO OTL dLaPopeTIKA Ba fTav.

Higher asymptote : H cuykAivouoa tkavoTnTa Tou EKTALOEVPEVOU HOVTEAOL €lval KAADTEPN Ao O, Tl
dlapopeTika Ba nTav.



[ToOKTIKEC OU

FC-4096
FC-4096

|_MaxPool _
|_Conv512_|
|__MaxPool _|
| Conv512 |
| Conv512 |
| MaxPool |
|_MaxPool _|
L—.Eonv-12”8-—
| Conv-128

| MaxPool |
|_Convs4 |
|_Conves |

N

More specific

More generic

L

UBOUAEG BeAtiwong

very similar very different
dataset dataset
very little data | Use Linear You're in
Classifier on trouble... Try
top layer linear classifier
from different
stages
quite a lot of Finetune a Finetune a
data few layers larger number
of layers

Fei-Fei Li & Justin Johnson & Serena Yeung

Lecture 7 -

April 24, 2018



ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

e ILSVRC: etnolog d1aywviopog TIou XPNGOLUOTIOLEL LTIOGLVOAQ ATtO TO CUVOAO
dedopevwy ImageNet yia avamtu€n Kat cuykpLTikn afloAoynon aAyopibpwv
TeAevtaiag texvoloyiag.

e ImageNet: mOAD peydhn cuAAoyn xapaktnplopevwy (Amazon Mechanical Turk
Worker) pwTtoypa@Lwy yia tTnv avantuén akyopibuwv 6pacng umoAoyLoTr).

e O epyaoieg Tou ILSVRC odrynoav o€ onUAvTLKEG APXITEKTOVIKEG HOVTEAWY KAl
TEXVIKEG OLVOEONG TNC OPACNG LTIOAOYLOTH Kal TNG Badlag padnong

Image classification Single-object localization Object detection

03 05 05
5 - c
. 5 204 12 04
5 k]
02 3
7\ 8 S 03 1 gos 1
. 2 S
. £, o2 1 Soz2f 1
2 3 &
: m |
[5)
0 0 0
2010 2013 2014 201 3 2014 014
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rag
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Katnyoptecg

person : 0.992

horse : 0.993 [

Image classification o —1.
MPOBAEYN TWV KATNYOPLWY TWV AVTLKELHPEVWY TIOU LTIAPYOLV GTNV ELKOVA il | S

EEE] :

Single-object localization
Image classification + oxediaopo¢ bounding box

Object detection
Image classification + oxedlaopog bounding box yOpw amnod kabe avtikeipyevo.

Object Segmentation
Avixveuon OAWV TWV AVTIKELPEVWY TNG €lkovag o€ pixel level




Eloaywylkeg ‘Evvoleg Avixveuonc AVTLKELMEVWY

1. METPLKAGC TNG OMOLOTNTAG METHEU U0 AVTLKELLUEVWY

2 KOTIOG : 0LYKPLON KAl a§LoAOynGcn OJOLOTNTAG AVTLKELPHEVWVY
(TLX. AviXveupEvo avTikeipevo Pe To aknBbvo avtikeipevo (ground truth))

Eupewg xpnotpomotovpevo peyebog: Intersection over Union - loU

To loU opiZetal w¢ 10 EYPAdOV TNC TOPNS TWV dVO MAALGLWYV TIPOG TO EPPAdOV TNG EVWONCS TOLG.

Area of Intersection
Area of Union .

loU




2. MAatolo OpLoBetnoncg (Bounding Box)

e (¢ mAaioclo oploBETNONG EVOG AVTLKELPEVOL O Pia elKOva opideTal TO HIKPOTEPO
duvato opBOYWVLO TUNHA TNG ELKOVAC OTO ECWTEPLKO TOL OTIoloVL BplokeTal
OAOKANPO TO AVTLKEIPEVO.

e [la TNV mepLypapr evog mMAalciov oploBeTnoNG eivat anapaitnteg 4 TIPEG. TLY.
O Ol OUVTETAYHUEVEG TNG KATW APLOTEPNG Kal TNG Tavw 6e€Lag ywviag tou
O  OLOUVTETAYHUEVEG TNG MAVW APLOTEPNG YwViag, TO TIAATOG W Kat To LYOG h Tou mMAatciov
O Ol OUVTETAYHUEVEG TOU KEVTPOU TOUL TAALGLOV, TO MAATOC TOU W Kdal TO LYOG Tou h




3. Meproyn Eviiadepovtoc (Region of Interest - ROI)

Opidetal pia opBoywvia epLOXn TNG ELKOVAG €L60O0L N oToia BewpnTIKA eivat Tbavo va
TIEPLEXEL EVA AVTLKEIPEVO.

Ol IEPLOXEG AUTEG PUTIOPOLV VA LTIOAOYLOTOULV:

® L€ XPron KAmoLov eEWTEPLKOL alyopiBuov onwg to Selective Search ) To Edge Box
detection,

e e xpnon evog Awktuou Npotacswyv Meploxwy (Region Proposal Network - RPN).



https://www.researchgate.net/publication/262270555_Selective_Search_for_Object_Recognition
https://pdollar.github.io/files/papers/ZitnickDollarECCV14edgeBoxes.pdf
https://pdollar.github.io/files/papers/ZitnickDollarECCV14edgeBoxes.pdf
https://arxiv.org/pdf/1506.01497.pdf;

Region-Based CNN: Tteployny evdladpepovtoc (Rol)

Region Proposals: Selective Search

Bottom-up segmentation, merging regions at multiple scales

Convert
regions
to boxes

i l"é‘=i’t?
a1
ar vy ‘ J

Uijlings et al, “Selective Search for Object Recognition”, IJCV 2013



4. KataotoAr un peyltotwy (Non-Maximum Suppression)

Before non-max suppression After non-max suppression

NpoBAnua: vrtap&n MOAAWYV TIPOPAEYEWY PE PLKPEG dLAPOPEQ
Ol OTIOLEC AVTLOTOLXOLV OTO iOL0 avTIKEipEVO.

Abon: KataotoAn pn peyiotwyv (Non-Maximum Supression - NMS)

e AmnAnotog (greedy) aAyoplBog oL CLYXWVEVEL AVTA Ta AAANAOETIKAAUTITOUEVA TTAAioLa
oploBETNONG:

o Ta&wvopei 0Aa ta mAaiola oploBETNONG 0 ALEovoa OELPA WC TIPOC TNV TILBAVOTNTA TOLG va
AVTLOTOLXOUV O€ KATIOLO AVTLKELUEVO.

o EmAeyel To mMAaiolo oploBeTNONG PE TN HEYaALTEPN TILOAVOTNTA KAL, CUYKPLVOVTAG TO UE
KaBe eva anod ta Bounding Box pe pikpotEPN TOAVOTNTA, ATOPPITITEL OCA £XOLV ETULKAALYN
loU plkpOTEPN ATO Pia IPOKABOPLOUEVN TLUN.

(H Twun avtn anoteAei pia and Tig UTEPTIAPALETPOUG TOU CLUOTNAHATOG) KAl EMAvaAauBavel Ta Bruata 00eg POPEG eival
anapaitnTo.



Object Detection: amtAn tpooeyylon pe CNN

1. Xwpi¢oupe TNV €1KOVA OE TIEPLOXEG KAL TPOPOOOTOVHE TNV KABE TEPLOXN WG EEXWPLOTN
glkova oto CNN 1o omoio Ti¢ Tagvopei og diapopeg TALELS.

2. AQpOU Xwpioovpe KABE TIEPLOYN OTNV AVTioTOLXN KAAGTH, HTIOPOVHE VA CLUVOUACOLE OAEG
AUTEG TIC TIEPLOXEG YLA VA TIAPOVHE TNV APXLKN €LKOVA PE TA AVTLIKELPEVA TIOV
gVTOTILOTNKAV.

(-) : Ta avtikeipeva pmopel va €xouv dlaopeTika aspect ratios, xwplKkeS BECELG Kal va
£XOLV LTIOOTEL OLAPOPOVG HETACYNHUATLOHOUG

(-) : Xpelaletatl moAL peyalog aplbpuog EPLOXWY, HEYAAN LTIOAOYLOTLKN LOXV

Avon: Region-based CNN



MpoRANua: Avixveuonc AVTLKELUEVWY

20vBeaon 6V0 dLaPOPETIKWY TIPOBANUATWY:

e £vaTpoBAnua taglvopnong Kat

e &vaTpoBAnua maAtvdépopnong, yvwoTo Kat w¢ bounding box regression.
Me 6ebopevn pia elkova eL60dov, TPEMEL:

e vaTPoBAeOei n TOoTOOETIA KAL N €KTAGCN TWYV AVTLKELPMEVWY TNG ELKOVAG TIOL AVIKOULV OE €va

oUVOAO TIPOKABOPLOPEVWY KAACGEWY,
e vaamnodobei n owoTr KAAoN 0TO KABE AVTIKEIPEVWV.

H tomoBeoia Twv avTiKePNEVWY CLVROWG EKPPALETAL WG TO EAAXLOTO TTAQICLO 0pLOBETNONG TIOV
TiepIKAELEL €€ OAOKANPOL TO AVTLKEIPEVO.



Katnyopleg HOVIEAWY QVIXVEUCN QVTIKELMEVWY

XwpiZovtal og 6VO KATNYOPIEC WC TIPOG TN dopn TouG:

e TapovteAa evog otadiov (one-step models) xpnoLUOTIOLOLY :

o ¢va feed forward CNN yla va mpoodlopioouv Tnv TOTOOECIA TWV AVTIKELPHEVWY
evoLaPEPOVTOC.

m AMAoOLOTEPA Kal TaxLTEPQ, aPoL deV TIAPEXOLV region proposals

m N anodoon Toug ival HELWPEVN, KLPILWE OTaV amatTeital Kat KataTunon
NG €LKOVAQ

T.X. YOLO, Multibox, AttentionNet, G-CNN



Katnyopleg HOVIEAWY QVIXVEUCN QVTIKELMEVWY

Ta povteAa dvo otadiwv (two-step models 1) region-based models), xpnotpomnotlovv

1.'Evav akyopBpo (X .Selective Search) rj éva povtelo (1.X. region-based CNN) mov 6€xeTal
w¢ €L0000 TNV €LKOVA KAL TIPOTELVEL OLAPOPETIKES TUOAVEC TIEPLOXES EVOLAPEPOVTOG

2.'Evav feature extractor m.X. CNN woTe va UTIOAOYLOTEL 0 XAPTNG XAPAKTNPLOTIKWY KABE
TIEPLOXNG EVOLAPEPOVTOG O OToi0¢ diveTal o€ eva MANPwG cuvdedepevo uTteLOLVO yLa
TNV TagLvounon.

T.X. R-CNN, Fast R-CNN, FPN, Faster R-CNN

- €XOLV APKETEG dLaopes alAa repimou Kowvr) dopn



YOLO- You Only Look Once

e Xpnotpotolei eva antAd CNN kat BAETEL OAOKANPN TNV €lKOVA KATA TN dldpKeLa Tov training Kat Tou
validation, ontote KwdLkoTOLEL CLWTINPEA TIANPOYOPLES Yla TIG classes KaBwG Kat TIG EYPaviceLg TOug,
o€ avtifeon pe TIg TeXVIKEG sliding window 1 region-based (kavovtag €Tol AlydTEPO ATO TO NULOL TOU
aplOpoL Twv oalpdTwy og cLyKpLon pe To Fast R-CNN).

e To YOLO xpnotyotolei features amo oAOkAnpn Tnv €lkova yia va mpoBAepel kabe bounding box

e [lpoBAetel emiong 0Aa ta bounding box og OAeC TIC classes yla pla ELKOVA TALTOXPOVA HE TIG
avTioTolXEG TLBAVOTNTES

e AvTlpgeTwmilel TNV avixvevon wg poBAnua naivépounong
e ECalpeTikd ypriyopog Kat akpiBng aAyoplopog

You Only Look Once: Unified, Real-Time Object Detection Joseph Redmon, Santosh Divvala, Ross Girshick, Ali Farhadi



https://arxiv.org/search/cs?searchtype=author&query=Redmon%2C+J

Aettoupyia YOLO- You Only Look Once

Maipvel pla elkova kat tn xwpidel oe mMAeypa SxS.
KaBe keAi MAEYPATOG TIPORBAETEL HOVO €VA AVTIKEIPEVO.

H tawvopnon €1kovag Kat o eVIOTILOPOC @appdZovTal o KABe KeAi Tou [
TIAEYHATOG.

= =
T o S ) O
Bounding boxes + confidence

Edv To KEVTPO €VOC AVTLKELPEVOUL TIECEL O€ €va KEAL TIAEYUATOG,
auTO TO KEAL MAEYPATOG €ival uteLOBLVO yLa TNV avixvevon avtoL

' "\ Tl - {8
TOU AVTLKELYEVOL. S x S grid on input | l. Final detections
, , , , , , . ]
Kabe eva amnod ta keAla mAeypatog nipoPAemnet bounding boxes B pe — @i!{.

BaBpuoAoyieg eumiotoolvng yia avta ta bounding boxes

Class probability map

o  OLBadpoloyieg epmiotoolvng avtikatontpidovv 10 OGO Giyoupo givat
TO HOVTEAO OTL TO MAEYUA TIEPLEXEL VA AVTIKEIPEVO KL TIOCO AKPLBEG TILOTEVEL

OTL TO MAQioLo gival auTo Tov POPAETEL. g: g

~

o  Eav bev unapxouv avtikeipeva, TOTe oL Babuoloyieg epmiotoolvng Ba ivat 0 - g{, g >
v

Bounding box 6tav €va avtikeipevo uTAPXEL 0TO KEAL TIAEYPATOG tcwlv ?
c2 ?

Moeavotntaylaclass C c3 ?




Region-Based Convolutional Neural Network: R-CNN

—<log = W] warped region ﬂ{;cmplancﬁ 0. ]
: {5 B - SRR p) :
| Ea ~A | I | X '
‘ | _.B‘ i-_ T '\%‘I(-;"-D[pcrson‘:' yes. |
| ; 7 o TSRS CNNS :
a: L e Q‘ tvmoenitor? no. l
1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

Xpnotyototei Tov aAyoplBuo Selective Search katl mapayet 2000 TPOTACELG TIEPLOXWYV AvA ELKOVA.

2. Hkabe meploxn, YETA anod pocappoyr Tov peyEBoug Tng, divetal wg eicodog og va
npoekmatdevpevo CNN

H €€060¢ amno to ConvNet gival eva ditavuopa 4096 XapaKTNPLOTIKWY

4. Ekmnaidevovpe to TeAevTaio eninmedo Tov HIKTVOL TNG KABE MEPLOXNG £va TAELvOUNTN Pe Bdon Tov
apLOPO TWV KATNYOPLWV TIOU TIPETIEL VA EVTOTILOTOLV


https://arxiv.org/pdf/1311.2524.pdf

Region-Based Convolutional Neural Network: R-CNN

5. AQOU ATOKTIOOUE TLG TIEPLOXEG,

ekmaldevouvpe €va duadikd SVM ava meploxn | ! | Bbox reg || svms |
s , Bbox reg || SVMs
yla va TaglvoUnoouE avTIKEIPEVA Kal rorres | [swvm |
(POVTO. Conv
Conv Net

6. TEAOG, eKTtALOEVOUVE EVA HOVTEAOD
YPAUULKNG TIaALvdpopnong ywa tn dnuiovpyia
avotnpotepwy bounding boxes yla kabe
avayVWPLOPEVO AVTIKELPEVO OTNV ELKOVA.

R-CNN Rich feature hierarchies for accurate object detection and semantic segmentation Tech report (v5)
Ross Girshick Jeff Donahue Trevor Darrell Jitendra Malik UC Berkeley



https://arxiv.org/pdf/1311.2524.pdf
https://arxiv.org/pdf/1311.2524.pdf
https://arxiv.org/pdf/1311.2524.pdf

Region-Based Convolutional Neural Network: R-CNN

-5 Classification
A e Lre
/ : Resized patches —
v\ CNN E’

e l -
ROIs el L
. . X e
Region proposal function 000 ) ==

SVM Bounding box
refinement layer

MelovekTnpata

- 012000 mpoTAcELC TIEPLOXWYV avd €LKOVA — TIOAU PHEYAAO XpOVvo ekTtaidevong

- 0 xpovog Ttou testing eival anayopeuTIKA HEYAAOG — Hn XPrioN TOL YHOVTEAOUL yla
EPAPHUOYEG TIPAYHATLKOV XPOVOU.

- lMpokaBoplopevn cuumepLpopd Touv alyopiBuou Selective Search
— n avayvwplon 6g BeATlwveTal pEOCW €KTIALOELONG.



a LN =

Region-Based Convolutional Neural Network: R-CNN

%5 Classification
- g, [ 1
Resized patches _I -|J
| CNN !
- x '
L 0%00 XX i
g O J .-
SVM Bounding box

refinement layer

Xpnon npoekmnatdevpgvou CNN,

Eknadebovpe 10 TEAevTaio eninedo Tov SIKTVOL Pe BAon TOV APLOPO TWV KATNYOPLWY TIOU TIPETIEL VA EVTOTILOTOULY,
AapBdvoupe tnv eploxn evolapepovtog (Rol) yia kdbe glkova,

MEeTATPETOVUE OAEC AVUTEG TIG TIEPLOXEC ETOL WOTE va Talplddouy pe 1o peyebog 10060u CNN,

A@OoU amoKTHOOLHE TIG EPLOXEG, ekTtatdebovpe To SVM yla va Taglvournooupe avtikeipeva kat povTo. MNa kabe class,
ekmatdevovpe eva dvadikd SVM.

Telog, eknatdebovpe €va JOVTEANO YPAPULKAG TIaALvOpopnong yia tn dnulovpyia avotnpoétepwy bounding boxes yla
KABe avayvwpLloPEVO AVTIKEIJEVO OTNV ELKOVA. R-CNN


https://arxiv.org/abs/1504.08083

Region-Based Convolutional Neural Network: R-CNN
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' l ROls
Region proposal function

Feature length = 4096 for each
region proposal

2000 region
proposals | |
from each
image | |

000

SVM

N detection classes

airplane

yeés no  yes no

Classification

Boundihg box
refinement layer

No. of weights in
each SVM = 4096
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wr

6 =(6,,6,,G..64)
(1)

t; = (Gy — P.)/P,
t, = (Gy — P,)/Pn
b= ]()g’(("uv/Pu')
th = log(Gr/Py).

2

G: = Pyd:(P) + P,
Gy = Pudy(P) + P,
G = P, exp(dy(P))
C’;, = Py exp(dy(P)).

3)

[d.(P) = wig,(P)

W, = argmin
w,

N

> (8 = Wigs(P))? + AW

4

Bounding Box (x,y,w,h)

Learn a target transformation
P: Predicted
G: Target

Learn ground-truth transformations

e Scale-invariant translation of the center of P(x,y)

e Specify log space transformations of the width w
and height h.

Learn predicted transformation d1(P)
e G corrected predicted box calculated
o diI(P) =wiIT ®s(P)

w(l: learnable model parameters.
is learnt by optimizing the
regularized least-squares
objective function

®s: is dependent on the actual
image features.

O aAyoplBuog pabaivel amd €va TPOBAETOPEVO
TAaiolo P povo av BpiokeTal Kovid o€ TOUAAXLOTOV
€va mhaioto groundtruth.

KaBe mpopAemopevo mAaiolo P avtioTtolyietal oto
groundtruth  tou emAéyovtag TO  TAaiolo
groundtruth pe to omoio €xeL peyloTn €TKAALYN

(umt6 TNV MpoUmoBeon OTL €xel eTukaluyn loU> 0,5).



Region-Based CNN: Fast R-CNN

-  BeATlwvel onuavTika tnv tTax0TNTa ToL HovTEAOL aAAAdovTag anmAwe T OELpd TWV ETUMEOWV

TOUL.
- Avtivadivetal wg eicodog oto CNN kabe pia amno Tig neploxeg evolagepovtog, To CNN g€ayel ta

XAPAKTNPLOTLKA OAOKANPNG TNG ELKOVAG OE HOPYI XAPTN XAPAKTNPLOTIKWY, KAl 0Tr CLUVEXELA YLa
KAOE TEPLOYXN ATIOPOVWVETAL TO AVTIOTOLXO TUNHA.

Me auTo Tov TPOTO, N e€aywyn TWV XapaKTNPLOTIKWY Yivetal povo pia popd avti yla 2000, yeyovog Tou eivat
TPOYPAVEG OTL BEATLWVEL KATA TIOAL TNV TaXLTNTA TNG EKTIALdELONG KAl TNG TIPOPAEYNG.

Classification

Features
4
/ " ﬁ ROI pool r—
| CNN O Classification —
- Layers ;

Region proposal function

Bounding box
Feature Extractor Object Classification refinement layer



Fast R-CNN Ross Girshick, ICCV 2015

Region-Based CNN: Fast R-CNN

1. Emne€epyaletal oAOKANPN TNV €1KOVA,

2.  Evw o R-CNN detector katnyoplomolei kaBe meploxn, o Fast R-CNN cuykevipwvel ta features
maps amnod to CNN 1ou avtiotolxolv o€ Kabe mpoTelvopevn Tteploxr (region proposal),

3. Kdabe meploxn nepva amno eva fully connected network kat eva softmax layer divel TI¢ katnyopieg
e€odov.

4. Madi pe 1o oTpwpa softmax, xpnotpotmoleital eniong €va linear regression layer, mapdAAnAa yla
TNV apaywyn Twy cuvieTayyevwy tou bounding box yia mpoBAEMOPEVES KATNYOPLEG.

Classification

Features
4
//f y ﬁ ROI pool 7 re——, ?
| G CNN » O _E-) Classification —
e’ Layers ;

Region proposal function

Bounding box

Feature Extractor Object Classification refinement layer


https://arxiv.org/abs/1504.08083

Region-Based CNN: Faster R-CNN

Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks, Shaoqing Ren, Kaiming He, Ross Girshick, and Jian
Sun

e [lpoTewvav Tnv avtikataotaor Touv Selective Search, amno tov d1kO Toug akyopLdpo:
Aiktvo MNpotaong MNeploxwv

O  ZUYKEKPLPEVA, QVTIANPONKav OTL 0 XAPTNG XAPAKTNPLOTIKWY TIOL TIApdyETaAl amno To
OULVEALKTIKO Tunpa tou Fast R-CNN pmopei va xpnotpomolnbei anoteAeopaTika Kat yla To
TPOBANKA TNG TIPOTAONC TIEPLOXWY, AVTIKABLOTWYTAG TIG apyEG HeBOdoLG OTIwG N Selective
Search pe eva eknaltdevoLPo VELPWVLKO OIKTUO.


https://arxiv.org/pdf/1506.01497.pdf
https://arxiv.org/pdf/1506.01497.pdf

Faster R-CNN

Region-Based CNN: Faster R-CNN

e O Faster R-CNN mpocBeTtel €va region proposal network (RPN) yia va dnutovpynoet region
proposals anevbeiag peow SIKTLOL

e To RPN xpnowgomotei Anchor Boxes yiwa to Object Detection

Features Classification

‘ ROI pool ) ~

T CNN J_|-|_>O '

Classification

Layers
1 | e' ‘
r
Bounding box
Region proposal network (RPN) refinement layer

Feature Extractor Object Classification



https://arxiv.org/pdf/1506.01497.pdf

Region-Based CNN: Faster R-CNN— Anchor Boxes

Anchor box 1 Anchor box 2 e jc:Y = ?E] @
0 00 B c‘::ﬁr:l o= o=h I
Tiled anchor box 1 Tiled anchor box 2 CNN o rf:ﬁr_‘ 5 = i = 3 s : ‘*-i’""_ | . *-u
e e =) - t!l .El.t:r'ﬂ-%‘r— - D G &‘ ﬁ‘ —44-" * e
[ | 4 = l“:"_ e - S T
e e S R e e i
N e aM——o== WO anchor boxes Filter by class scores, )
[ Class: airplane perform non-max suppression
CNNoutput(ij) maps to Image(i,) Class: sailboat and intersection over union

Ta anchor boxes givat €va cvoAo amno npokabopilopeva bounding boxes pe cuykeKpLUEVO TAATOG Kat DYOG:

e opidovTal yla va Kataypapouv Tnv KAipgaka Kat To Adyo H1a0TACEWY CUYKEKPLUEVWY KATNYOPLWY AVTIKELPIEVWY TIOL BEAOLIE va
evTtotiooupe, (UmopoLpe va €xoupe anchor boxes SLaQopeTIKWY PEYEBWY)
e  eTuA€yovTtal ouvnOwWG pe Bdon Ta HEYEBN avTIKEIPEVWY OoTa training datasets,

Katd tn didpkela Tng avixvevong:

ta predefined anchor boxes diatpgxouv tnv €ikova,

1O 6ikTULO TIPOPBAETEL TNV TIBAVOTNTA KAl AAAa xapaktnploTikd (background, loU, offsets) yia ka8e anchor box kaBwg dtatpéxet Tnv
ELKOVQ,

e  emoTpEPETAL Eva povadiko oLvoAo TIPoBAEWPewWY yLa kabe kabopiopevo bounding box
O teAkoG feature map avTLMPOCWTEVEL AVIXVEVOELG AVTIKELPEVWY Yla KABe Katnyopia

H xprion anchor boxes emutpenel og eva ikTuo va avixvelel TTOAAA QVTLKEIPEVA, QVTIKEIPMEVA SLAPOPETIKWY KALHAKWY Kalt

AAANAETILKAAULTITOPEVA AVTLKEIPEVA.
Anchor Boxes for Object Detection - MATLAB & Simulink



https://www.mathworks.com/help/vision/ug/anchor-boxes-for-object-detection.html

Anchor Boxes

Me ta anchor boxes pmopouv va a§loAoynBouv 0Aeg oL IPOPBAEYELG AVTIKELPEVWY TAUTOXPOVA.

e Ta anchor boxes e€aAegipouv TNV avdykn ocdpwong PLag ELKOVAG UE CUPOUEVO TIAPABLPO TIOV
utrtoAoyidel pla Eexwplotn mpoBAewn oe kabe Tubavr) Beon.

e 'Evag avixveuTng avTIKELPEVWY TIOL Xpnotpomolel anchor boxes pmopei va enegepyactel pla oAOKANpN
glkova Tavtoxpova (16aviko yia CNN), kadlotwvtag duvatn TNV avixveuon avTLKEINEVWY O€
TIPAYHATIKO XPOVO OE AVTIBEDN PE AVIXVEVTEG TIOL XPNOLUOTIOLOVY cuPOPEVO Ttapdbupo (Ti.x. HOG
descriptor) .

Xpnotpormolwvtag anchor boxes, oxedlaovpe anoTeAECUATIKOVG AVIXVEVTECG AVTLKELPEVWY BabLAg
padnong, cupmepthapBdvovtag Kat Ta Tpia otddia (avixvevon, KwOLKOTIOINoN XAPAKTNPLOTIKWY Kal
Taglvopnon) evog aviXVELTN AVTIKELPHEVWY e BAon cupopeva tapddupa.

Sliding Window Detector .
o= o o3 =D
1 i
@ : G340 o =P
¥ CNN o '
| n | t:.; ) ? t!x ﬂaﬂ::r"tgs—
; .-_,x-c-: "5";«5
Image patches Detect Classi ,
Sse fy CNNoutput(ij) maps to Image(i,j)



> POAUATO EVTOTILOMOU KOl BeAtiwon

> AAUATA EVTOTILOUOU

Offsetx

image origin

oy || EfEFSR— e OLaviXveuTEG avTIKELPEVWY BabLAg pabnong pabaivouv avtiotadpioelg ya
5 va epappolovtal oe kaBe Tiled Anchor Box mou BeAtiwvel Tn B€on Kat To
pueyebog tou Anchor Box.

[ i
Predicted offset
| ]

BeAtiwon °

Downsample = 1x

16

e Hamootaon petagy Twv Anchor Boxes gival cuvdpTtnon Tov mocoL TNG EETEREET
delypatoAnypiag mou vrapxet oto CNN( max Pooling 2d Layer kat Tov ™ Lonn = { .| 2.

8| =(EaRAEEEENIN Downsample = 2x
essmee

stride Tou Conv Layer) . .

16

e Ta feature maps mou apdyouv ta apxtkd emineda tov CNN €xouv &
VYPNAOTEPN XWPLKH avaAuon, aAAd propel va e€ayayouyv AlyOTepPEG P
ONUAGLOAOYIKEG TIANPOPOPIEG OE GUYKPLON HE Ta eTineda mov .y |
BpiokovTal 1o KATw oto dikTuo




Mwc Aettoupyouyv ta Anchor Boxes

e HB¢on evog Anchor Box kaBopiletal pye avtiotoixion tng 8€ong tng €€66ouv touv dikTvou “Mavw”
oTNV €lKOVa €10060L.
H diadikacia emavahappBavetatl yia kade €€06o diKkTLOU.
To anoteAeopa apdyel eva oeT Anchor Boxes og 0AOKANPN TNV €LKOVA.
e Kabe Anchor Box avtimpoowmneLEL Pla CUYKEKPLUEVN TIPOBAEYN PLag KAAong.
o TNamapadelypaq, Eo0Tw OTL UTIAPXOLY dUO Anchor Boxes yla va kavete dU0 TPoBAEYELG avad
TOToBEGIA OTNV MAPAKATW ELKOVA.
m  KdBe Anchor Box €xel Tiled Anchor boxes atnv gikova.
m O aplOpog Twv e€66wv dikTLOUL LoovTal e Tov aplBuo Twv Tiled Anchor Box
m To diktuo mapayel mpoBAEYPELS yia OAeG TIg €€000UG.

o o o3 &b

| '
.0 3 ¢ o)
ar

= e - 5
SR

CNNoutput(ij) maps to Image(i )



ANULOUPYLO VIXVEUTWY QVTIKELUEVWY

® Agalpouvtal Ta Tiled Anchor Boxes TIOU AQVAKOLY OTNV KATNyopia gOVToU Kat Ta LTtoAoLTa

pLATpAapovTal ano tn fabuoloyia EPTLOTOOUVNG TOUG.

® Ta Anchor Boxes Pe Tn HeEYaAUTEPN BaBUOAOYLA EUTILOTOCVUVNG ETILAEYOVTAL XPNOLUOTIOLWVTAG

non-max suppression (NMS).

Algorithm 1 Non-Max Suppression
procedure NMS(B,c)

Initialize empty set
Brms < 0 Pty
fOI‘ b’L E B dO =>  Iterate over all the boxes
Take boolean variable and set it as false. This variable indicates whether b(i)

1
2
3
4: discard < False soudvekeptor discardea
5 for bj € B do startanother loop to compare with bei)
6
7
8
9

if Sa.me(b“ b]) = Anms then 1f both boxes having same 10U
if score(c, bj) > score(c, b;) then

Compare the scores. If score of b(i) is less than that

d/I» Scard P r:[‘rue of b(j), b(i) should be discarded, so set the flag to

° . True.
lf nOt d’LS Ca’l"d then Once b(i) is compared with all other boxes and still the
discarded flag is False, then b(i) should be considered. So
10 Bnms < Bnms U bl add it to the final list.

Do the same procedure for remaining boxes and return the final list

11 return B,,,,, s

Before non-max suppression

Non-Max
Suppression

After non-max suppression




ANULOUPYLO VIXVEUTWY QVTIKELUEVWY

MeveBoc Anchor Boxes

e Hemegepyaoia mOAAMAWY KALHAKWY ETUTPETEL OTO SLKTLO va avLXVeEVEL QVTIKEIPEVA SLAPOPETIKOV
HeyEooug.

e [lava emtevyOei avixvevon oOAAAMAWY KALHAKWY, TIPETEL va kKaBoplotouv Anchor Boxes
dlapopeTikoL peyeBoug, oTwg 64x64, 128x128 Kat 256x256.

e KaBopidoupe peyebn OL AVTLIPOCWTIELOLY TNV KAipaka Kal Tov AOyo S1aoTACEWY TWV AVTLKEIPMEVWY
ota dedopeva eknaidevong.

o Xpron g petpnong lou
m civat avaAloiwTtn oto peyebog Twv Anchor Boxes.

m  odnyei oe opadormoinon MAalciwy pe apOPoLES avalc
YEYOVOC oL 00nyei og ekTIPNoelg Anchor Boxes

-

Blue is bredicted bounding Intersection Union
box and red is ground
truth bounding box




Region-Based CNN

Transfer Learning model

'alexnet','vgglé', 'vggl?', 'resnet50, 'resnet101', 'inceptionv3, 'googlenet, 'inceptionresnetv?, 'squeezenet
R-CNN Fast R-CNN

Classification layers

feature extraction layer

000

a-——
o
A

e ‘26 b‘}e“
o 3K fullyConnectedLayer
. “\\)\(‘ & c}.,s‘-“’ roilnputLayer y 4
S
rcnnBoxRegressionLayer
(et ) roiMaxPooling2dLayer
Features specific to data set
Faster R'CNN feature extraction layer roiMaxPooling2dLayer

rcnnBoxRegressionLayer

‘regionProposalLayer

Convolution Layers

rpnSoftmaxLayer rpnClassifierLayer


https://www.mathworks.com/help/deeplearning/ref/alexnet.html
https://www.mathworks.com/help/deeplearning/ref/vgg16.html
https://www.mathworks.com/help/deeplearning/ref/vgg19.html
https://www.mathworks.com/help/deeplearning/ref/resnet50.html
https://www.mathworks.com/help/deeplearning/ref/resnet101.html
https://www.mathworks.com/help/deeplearning/ref/inceptionv3.html
https://www.mathworks.com/help/deeplearning/ref/googlenet.html
https://www.mathworks.com/help/deeplearning/ref/inceptionresnetv2.html
https://www.mathworks.com/help/deeplearning/ref/squeezenet.html

I_IpoB)\mJO( > NUacLoAoyLlknNg Katatunong

(@) Tedwbpnor Eixbvog (b) Avlyveuom Avoxapéwou  (C) Dnpeciohoyinf Katdqnom

=> Ta&wopnon og eninedo €lKOVOOTOLXELOU

€ Avdfeon KAdong o€ KABE ELKOVOOTOLXELO TNG €LKOVAQ

€ Meow XWPLKNG avaluong VoG ELKOVOOTOLXELOU.

=>  AgeAng mpwTtn pooeyyon: YAomoinon evog JovteAou pe S1adoxLlka CUVEALKTLKA
emnineda, Tov omnoiov n €€060¢ Ba ixe TNV 161a dtactaon pe tnv €icodo.

€ 710 KABe elkovooTolxeio TNG €€060vL Ba anotelovoe TNV MPOBAEYN yLa TV KAAoN TOv
avTiOTOLXOU ELKOVOOTOLXELOV TNG APXLKNG ELKOVAG.

€ amnayopeuTIKI LUTIOAOYLOTLKI TIOAUTIAOKOTNTA.



MpoRANHC ZNuaololoylkng Kat&tunong

Yuvnllopeveg pooeyyioelg: encoder-decoder.

forward /inference

backward/learning

1. Hdwaotaon Tng €lKOVAG HELWVETAL ApXLKA (encoder)flnapdyovraq XaunNAOTEPNG avdaAuvong XApTeS
XAPAKTNPLOTLKWY OL OTIOLOL £XOLV TIOAL KAAQ amoTeAeopaTa yla tTnv taglvounon HeTagy Twyv

KAQOEWV,
2. Xtnouvexela avavetal Kat ait (decoder), geXpt va TiPOKOYEL 0 TEALKOG XAPTNG KATATHNONG.



MpoRANHC ZNuaololoylkng Kat&tunong

MARpwg ZuveAktiko Aiktuo (Fully Convolutional Network - FCN)

e CNN : Fully Connected Layers — Fully Convolutional Network
o Kwbdikomointng: E€aydyel Ta xapakTNPLOTIKA KAl eival ekmaltdevpevog pe Baocn to
npoBANua tng taglvounong.

o  Amokwoikomnolntng: MPoBAAAEL TO XAPTN XAPAKTNPLOTIKWY XaunAnG avaAuvong mou
TIPOEKLYPE ATIO TOV KWOLKOTIOLNTA OTNV apXLKI €LKOvVA.

m  Anoteleital anod pia oepd ouvveligelg (backwards convolutions rj deconvolutions)

® TIpaypatotololV av&non TNS XWPLKNAG availvong pe xpnon dypapuikng mapepBoAng (bilinear
interpolation).
m  Kavel xpnon napakaumthplwy cuvdoEoewy (skip connections), mou ekpeTalAgvovtal TIG

TIAPOPOLEG OLAOTACELS TWV EKATEPWOEV eTMedwYV Tov FCN Kal cuvdEouy oeLpLaKd TOUG
XAPTEG €vEPYOTIOINONG TOL KWALKOTIOLNTH YE TNV avTioTolxn doun Tov MPOKUTTEL HETA ATIO

KABe amocouveALEn.

J. Long, E. Shelhamer, and T. Darrell. Fully Convolutional Networks for Semantic Segmentation. In 2015 IEEE CVPR, pages 3431-3440,



https://arxiv.org/pdf/1605.06211

MpoPBANua Katatunong Ztyplotutiwy (Instance Segmentation)

Katatpnon Itiygiotinwy = Avixveuong AVTIKELHEVWYV + ZnpactoAoytkn¢ Katatpnon

2TOXEVEL OTOV EVTOTILOUO TWV SLAPOPETIKWY AVTLKELPEVWY OE i ELKOVA OXL JE Xpnon
n\atoiwv oploBeTnong aAAd e akpifela eLkovooTolxEiov.

=> KdaBe elkovooTolxeio Taglvopeital og pia KAAorn, OTIwWE 0Tn ZNUACLOAOYLK)
Katatpnon, aAAd ta dta@opeTika avTikeipeva Ba €xouv AAAN JAOKQA, AKOPA KL av
avnkouv otnv idla kAaon.

B. Hariharan, P. Arbelaez, R. B. Girshick, and J. Malik. Simultaneous Detection and Segmentation. In D. Fleet, T. Pajdla, B. Schiele, and T. Tuytelaars,
editors, Computer Vision — ECCV 2014, volume 8695 of Lecture Notes in Computer Science. Springer, Cham, 2014.

(@) Tudwépnon Eixdvog (b) Aviyveuom Avoxaptwou  (C) Enpacichoyind) Katdmqnom (d) Konérymon Zuypovimoy


https://arxiv.org/abs/1407.1808
https://arxiv.org/abs/1407.1808

MpoRANHC KAT&TUNONG ZTLYMLOTUTIWY

Mask R-CNN

e Faster R-CNN pe 6iktuo RPN, yLa Tnv mpotacn Twv urmopn@iwy mePLOXwY,

e TuNUaA yla TOV LTIOAOYLOPO TWV HACKWY, avTioTolXo Pe eva MNMANPwWE XUVEALKTLKO
Aiktuo (FCN).
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Region-Based CNN

Qbject Detection and Tracking in 2020 | by Borijan Georgievski

TensorFlow Hub Object Detection Colab

Mask R-CNN

YOLOQO original paper

YOLOv2 YOLOZ2000

DarkNet implementation

Introduction to YOLO Algorithm and YOLO Object Detection



https://blog.netcetera.com/object-detection-and-tracking-in-2020-f10fb6ff9af3
https://www.tensorflow.org/hub/tutorials/tf2_object_detection
https://arxiv.org/pdf/1703.06870.pdf
https://arxiv.org/pdf/1506.02640.pdf
https://arxiv.org/pdf/1612.08242.pdf
https://github.com/pjreddie/darknet
https://appsilon.com/object-detection-yolo-algorithm/

CNN, RCNN, TL %)

Computer Vision, Deep Learning kat COVID19

(Computer Vision for COVID-19>

: - Prevention l Clinical Management ]
( Diagnosis ) and Control , and Treatment

XRa Diagnosis and Critical Patient
y Prognosis "| Screening
K | Support Vaccina-
cT g L ol “| tion Development

A

Pandemic Drones

—4 Germ Screening I

https://arxiv.org/pdf/2004.09420.pdf



https://arxiv.org/pdf/2004.09420.pdf

Baowkr) dtayvwotikr) uebodoc COVID-19: RT-gPCR tests

Ta Reverse Transcriptase quantitative Polymerase Chain Reac™
XPLOOC Kavovag yia tn dtayvwon tov COVID-19

1. HIKPEG MocOTNTEG LLkoL RNA Tou e€ayovtal ano eva pu
KL TIOOOTIKOTIOl0UVTAL,

2. navixveuon Lwv PayyatomnoLEiTal XpNOoLUOTIOLWVTAG X[

(-) XpOVOBOpa Kat XSLpOKanTn' YSYOVOC Tov neplop"ZSL Tn 6[&91 As COVID-19 spreads around the world, there is a
KM|J0.K8Q, rapid expansion of available sequence data

(-) oplopeveg peleteg €xouv deiel emiong Yevdwe BTk dokiun PCR
https:/arxiv.org/pdf/2004.09420 .pdf



https://arxiv.org/pdf/2004.09420.pdf

ANEC dLayvwoTikeg peBodol COVID-19

avaAuon KALVIKWY CUPTITWHATWY (Bpoyxomveupovia, TupeTog, BRxag, dvomvola, ofeia
avanvevoTikr duoxEpela -ARDS),

eTLONULOAOYLKO LOTOPLKO,

DETIKEG akTIVOYpaPlKEG elkoveg (CT / Chest radiograph (CXR)),

BeTIKN TaBoyovog mapakoAovOnon.

AkTwvoypaglkeg elkoveg (CT / Chest radiograph (CXR)),

Ol eplocotepeg epnmtwoelg COVID-19 €xouv KOvA XQpAKTNPLOTLKA OTLG AKTLVOYPAPLKES
glkoveg (early-stage bilateral, multi-focal, ground-glass opacities (GGO)with a peripheral or
posterior distribution, primarily in the lower lobes, late-stage pulmonary consolidation)

OL €IKOVEG dLaPOpwWV LOYEVWY TUTIWYV TIVEVHOVIAG Elval TIAPOHOLEG Kal
aAAnAeTukaAvmtovtal pe AAAEG HOAUOHATIKEG Kal PAEYHOVWOELG AcBEVELES TWV
TIVELUHOVWV.

N ﬂl/'l'l\lf\x;\\lf\l SI\I‘TV{\X CI’\I\\ITI'II \V/al Slﬂl/n‘\lf\l\\l -~ CO\/IND_10 ﬂﬂf’\ rﬁXXen If\\lo\lo‘f‘ ﬂ\ICI\IIf\\II’Qf‘



COVID19 Diagnosis — X-ray kot CT

Xpnon Deep learning

1.

Xpnon open source dataset ano chest X-ray (CXR) kat CT (Computed Tomography)
ELKOVEG aoBevwy, BeTIKWV Kat pn, o COVID- 19

Eknaidevon diktuou Badlag padnong

AElo\Oynon anoteAEoUATWY

Day-1 Day-4

Yof

Patchy, ill-defined

No significant findings bilateral alveolar Radiclogical worsening, Radiological worsening,
Iungs clear el i reinn with consolidation in with typical findings of
- .
peripheral distribution. the left upper lobe. ARDS.

https://radiopaedia.org/cases/COVID-19-pneumonia-evolution-over-a-week-1?lang=us


https://radiopaedia.org/cases/COVID-19-pneumonia-evolution-over-a-week-1?lang=us

Automated Methods for Detection and Classification
Pneumonia based on X-Ray Images Using Deep Learning

Dataset Data Preprocessing Training and Classification
Image ‘: B R T B e L R R Y o ;" ] Deep Learning architectures X
Acquisition . 2 A ;
: . ' E Cimell':n.':ﬂnﬁu.lnmlty . E @ Baseline CNN witz 3 convolutional
I 8 : normalization, CLAHE : : loyers
o e : . < Fined tuned versions of [ VGG16,

VGG19, DenseNet201, Resnet50,
Inception_V3, Inception_ResNet _V2
and MobileNet_V2)

A 4

Data Angmentation
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(a). Normal (b).' Bacterial Pneumonia (c). Viral?ncumonia https://arxiv.org/ftp/arxiv/papers/2003/2003.14363.pdf
Fig. 4: Examples of Chest X-Rays in patients with pneumonia



https://arxiv.org/ftp/arxiv/papers/2003/2003.14363.pdf

Value (Log Scale)

Automated detection of COVID-19 cases using deep neural
networks with X-ray images

DN: Dark Net
Conv: 2D Convolution

Chest X-Ray MaxP: Max Pooling

COVID-19 (+)
No_Findings

Detection
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https://www.sciencedirect.com/science/article/pii/S0010482520301621

COVID-Net: A Tailored Deep CNNDesign for Detection of
COVID-19 Cases from Chest X-Ray Images

'
'

convixi

convixi

PEPX module H

.......................

J

Architecture | Params (M) | MACs (G) | Acc. (%)

VGG-19 20.37 89.63 83.0
ResNet-50 2497 17.75 90.6
COVID-Net 1175 7.50 93.3

PEPX 2.1 (60x60x112)

input image (480x480x3)
conv7x7 (240x240x56)
PEPX1.1(120x120x56)
PEPX 2.2 (60x60x112)
PEPX 2.3 (60x60x112)
PEPX 2.4 (60x60x112)
PEPX 3.1 (30x30x2186)
PEPX 3.2 (30x30x224)
PEPX 3.3 (30x30x216)
PEPX 3.4 (30x30x216)
PEPX 3.5 (30x30x218)
PEPX 3.6 (30x30x224)
PEPX 4.1 (15x15x424)
PEPX 4.2 (15x15x424)
PEPX 4.3 (15x15x400)

PEPX1.2 (120x120x56)
PEPX 1.3 (120x120x56)

Figure 5. COVID-Net Architecture. High architectural diversity and selective long-range connectivity can be observed as it
is tailored for COVID-19 case detection from CXR images. The heavy use of a projection-expansion-projection design pattern
in the COVID-Net architecture can also be observed. which provides enhanced representational capacity while maintaining
computational efficiency.


https://arxiv.org/pdf/2003.09871.pdf

COVID 19 Diagnosis —» CT (Computed Tomography)

- AvdAuon QakKTLVOAOYLIKWY XAPAKTNPLOTLIKWYV Pe Babid padnon yia akptpn dtayvwon COVID-19

€ TaxLTEPQ ATO TIC TPEXOLOEG EEETACELC AlPATOC,

€ cfolkovounaon KpIioLpou XPOVou yLa ToV EAEYXO0 TwV acOeveLwY

- To COVID-19 napouotalel apopoLla XapakTneLoTIKA ameLKOVIong e AAAOUG TUTIOUG Ttveuoviag,
kKaBlotwvtag dUoKOAN TN dlagoporoinon,

- TaRoyal College in Australia (Patrick Brennan, Professor, Diagnostic Imaging, University of Sydney),
Royal College of Radiology in London, American College of Radiology vrtootnpiouv 0Tl oL £IKOVEG

CT dev pmopoLyv va XpnoLgomotnfouy we MPwTeLOV dLayvVwoTLKO EpYaAEio,

- [lpotewopevn pouvtiva: CT-plus-RT-PCR testing yia COVID-19.



A deep learning algorithm using CT images to
screen for Corona Virus Disease gCOVID-19),

Bo Xu et al, Tianjin Medical University Cancer Institute and Hospital , April 24, 2020

ResnetS0

Dataset ano eikoveg CT nvevpovwy: 740 tun

325 emuBeBaiwpeva kpovopata COVID-19
Model: CNN, Accuracy model: 89.5%, Accur 7
MNpoop /
- £ COVID-19
: Shared Weights ‘ : :g ® cAp
= Non-Pneumonia

mﬂ@ W—

COVID-19 Detection Neural Network (COVNet)

Fig 2. COVID-19 detection neural network (COVNet) architecture. The COVNet is a convolutional
neural network (CNN) using ResNet50 as the backbone. It takes as input a series of CT slices and
generates a classification prediction of the CT image. The CNN features from each slice of the CT series
are combined by a max-pooling operation and the resulting feature map is fed to a fully connected layer

to generate a probability score for each class.


https://www.medrxiv.org/content/10.1101/2020.02.14.20023028v5.full.pdf
https://ai.nscc-tj.cn/accounts/login_en

Artificial Intelligence Distinguishes COVID-19 from
Community Acquired Pneumonia on Chest CT

Jun Xia et al
Wuhan Huangpi People’s Hospital

Patients Underwent
CT Exams (n=3506)

Excluded:

v

h 4

Eligible Patients (n=3322

1.Contrast CT (n=4)
2 .Shce Thickness>3mm (n=180)

!

DICOM Files Ground Truth Labels
Training Set (90%) A Preprocessing 1 | s COVNet -olTrained Model
ugmcmanon
¥
: . Model
07,
Independent Testing Set (10%) Preprocessing Prsdiohons

Fig 1. Flow diagram. We collected a dataset of 3506 patients with chest CT exams. After exclusion,

3,322 eligible patients were included for the model development and evaluation in this study. CT exams
were extracted from DICOM files. The dataset was split into a training set (to training the model), and the

independent testing set at the patient level. A supervised deep learning framework (COVNet) was
developed to detect COVID-19 and community acquired pneumonia. The predictive performance of the
model was evaluated by using an independent testing set. COVNet = COVID-19 detection neural

network.


https://pubs.rsna.org/doi/pdf/10.1148/radiol.2020200905
https://pubs.rsna.org/doi/pdf/10.1148/radiol.2020200905

Coronavirus: business and technology in a pandemic

Al runs smack up against a bi
diagnosis

data problem in COVID-1
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Wei Xu of Tsinghua University and colleagues at other Chinese institutions built an Al system that not only analyzes CT scans but
also integrates with a radiologist's workflow. Trying to bring the system to Europe has been slowed by various factors including
lack of access to data, says Xu.


https://www.zdnet.com/article/ai-runs-smack-up-against-a-big-data-problem-in-covid-19-diagnosis/
https://www.zdnet.com/article/ai-runs-smack-up-against-a-big-data-problem-in-covid-19-diagnosis/

Artificial intelligence-enabled rapid diagnosis of patients with
COVID-19

COVID-19 (+)
Radlologlsts CNN+ Radlologisls* CNN+ Probability
= Mei, X.. Lee, H., Diao, K. et al.
" Artificial intelligence—enabled
; 08 rapid diagnosis of patients with
5 COVID-19. Nat Med (2020)
; 06

Radlolognsts+ Radvologusts

‘J‘

Ma KA {ebyog EIKOVWV:
e N apLotepn €lkova ivat pla etkova CT mou xpnotpotoleital wg €icodog yia to CNN

e n 6efld elkova deixvel Tov Xaptn Beppotntag Twy pixel mov tagivounoe 1o CNN wg SARS-CoV-2
(to KOKKLvO Seixvel bpnAoTEPN TUOAVOTNTA).


https://doi.org/10.1038/s41591-020-0931-3
https://doi.org/10.1038/s41591-020-0931-3
https://doi.org/10.1038/s41591-020-0931-3
https://doi.org/10.1038/s41591-020-0931-3

Artificial intelligence-enabled rapid diagnosis of patients with
COVID-19

M

ei, X, Lee, H., Diao, K. et al. Artificial intelligence—enabled rapid diagnosis of patients with COVID-19. Nat Med (2020). https://doi.org/10.1038/s41591-020-0931-3
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Tpia povtéAa Al xpnotyomotovvtal yia tn dnuovpyia tng mbavotntag evog acbevoug va eivat COVID-19 (+):
1.

BaoiZetal o afovikn Topoypagia Bwpakog (TL povteAo veupdovikig pupatiwong (PTB), 99.4%) O1 6éka kopuaieg pn

(PUOLONOYLKEG €lkOveG CT avda acBevn tomobetnOnkav oto debtepo CNN (CNN Sditayvwon) yia va poBAEPoLV TV
mubavotnta BetTikotnTag COVID-19 (P1).

BaoiZetal og dnuoypagikd kat kKAvika dedopéva (nAtkia kat UAO Tou acBevolG, LOTOPLKO €KOEONG, CUPTITWHATA KAl
EPYAOTNPLAKEG EEETACELS) TEBNKAV O€ €vA HOVTENO PNXAVIKAG HABNoNg yia tnv tagvépnon tng Bgtikotntag COVID-19
(P2).

BaciZetal og ouvduaopo TG afovikng Topoypagpiag Bwpakog Kat KALVIKWY TIANPOYOPLWY EVOWHATWONKE og €va OikTuo
MLP yta tn dnuiovpyia tng TEALKNG Tapaywyng Touv Kowvou poviélou (P3).


https://www.nature.com/articles/s41591-020-0931-3

Artificial Intelligence in the Battle

against Coronavirus (COVID-19):

A Survey and Future Research Directions

Table 1. Summary of deep learning methods for COVID-19 diagnosis using radiology images

Papers | Data Al Methods Results

(2] 4.356 chest CT exams from 3,322 patients from 6 medical | A 3D convolutional | AUC  for detecting
centers: 1,296 exams for COVID-19, 1,735 for CAP and | ResNet-50 [3], namely | COVID-19is of 0.96
1.325 for non-pneumonia COVNet

4] 618 CT samples: 219 from 110 COVID-19 patients, 224 | Location-attention net- | Accuracy of 86.7%
CT samples from 224 patients with influenza-A viral pneu- | work and ResNet-18
monia, and 175 CT samples from healthy people [3]

7 5.941 Posterior-anterior chest radiography images across 4 | Drop-weights  based | Accuracy of 89.92%
classes (normal: 1,583, bacterial pneumonia: 2,786, non- | Bayesian CNNs
COVID-19 viral pneumonia: 1,504, and COVID-19: 68)

[8] 1.065 CT images (325 COVID-19 and 740 viral pneumo- | Modified inception | Accuracy of 79.3%
nia) transfer-learning model | with specificity of 0.83

and sensitivity of 0.67

9] Clinical data and a series of chest CT data collected at dif- | Multilayer perceptron | AUC of 0.954
ferent times on 133 patients of which 54 patients progressed | and LSTM [40]
1o severe/critical periods whilst the rest did not

[10] 970 CT volumes of 496 patients with confirmed COVID-19 | 2D deep CNN Accuracy of 94.98%
and 1.385 negative cases and AUC of 97.91%

(1] CT mmages of 1,136 training cases (723 positives for | A combination of | Sensitivity of 0.974 and
COVID-19) from 5 hospitals 3D UNet++ [12] and | specificity of 0.922

ResNet-50 [3]

[13] Chest X-ray images of 50 normal and 50 COVID-19 pa- | Pre-trained ResNet-50 | Accuracy of 98%
tients

[14] 16.756 chest radiography images across 13,645 patient | A deep CNN, namely | Accuracy of 92.4%
cases from two open access data repositories COVID-Net

[15] CT images obtained from 157 inteational patients (China | ResNet-50 AUC of 0.996

and U.S.)

[16]

1.341 normal, 1,345 viral pneumonia, and 190 COVID-19
chest X-ray images

AlexNet [18], ResNet-
18 [3], DenseNet-201
[19]. SqueezeNet [20]

Accuracy of 98.3%

[17]

170 X-ray images and 361 CT images of COVID-19 from 5
different sources

A new CNN and pre-
trained AlexNet [18]
with transfer learning

Accuracy of 98% on X-
ray images and 94.1%
on CT images



https://www.thepeninsula.org.in/wp-content/uploads/2020/04/artificial_intelligence_in_the_battle_ag.pdf
https://www.thepeninsula.org.in/wp-content/uploads/2020/04/artificial_intelligence_in_the_battle_ag.pdf
https://www.thepeninsula.org.in/wp-content/uploads/2020/04/artificial_intelligence_in_the_battle_ag.pdf

COVID 19 Diagnosis

COVID-19 CT scans

https://arxiv.org/ftp/arxiv/papers/2004/2004.03431.pdf

lindawangg/COVID-Net: COVID-Net Open Source Initiative

Machine Learning Analysis of Chest CT Scan Images as a Complementary Digital Test of Coronavirus (COVID-19) Patients

https://arxiv.org/ftp/arxiv/papers/2003/2003.05037.pdf

https://arxiv.org/pdf/2003.13865.pdf

Deep Learning for Medical Imaging: COVID-19 Detection » Deep Learning - MATLAB & Simulink

Detecting COVID-19 in X-ray images with Keras, TensorFlow, and Deep Learning

COVID-CT-Dataset: A CT Image Dataset about COVID-19

https://arxiv.org/abs/2002.09334



https://www.kaggle.com/andrewmvd/covid19-ct-scans
https://arxiv.org/ftp/arxiv/papers/2004/2004.03431.pdf
https://github.com/lindawangg/COVID-Net
https://www.medrxiv.org/content/10.1101/2020.04.13.20063479v1.full.pdf
https://arxiv.org/ftp/arxiv/papers/2003/2003.05037.pdf
https://arxiv.org/pdf/2003.13865.pdf
https://blogs.mathworks.com/deep-learning/2020/03/18/deep-learning-for-medical-imaging-covid-19-detection/
https://www.pyimagesearch.com/2020/03/16/detecting-covid-19-in-x-ray-images-with-keras-tensorflow-and-deep-learning/
https://arxiv.org/pdf/2003.13865.pdf

CV for COVID19: Prevention & Control
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https://www.bmj.com/content/369/bmj.m1328/submit-a-rapid-response
https://www.bmj.com/content/369/bmj.m1328/submit-a-rapid-response
https://www.bmj.com/content/369/bmj.m1328/submit-a-rapid-response
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CV for COVID19: Prevention & Control - Thermograoph




Al4COVID-19: Al Enabled Preliminary Diagnosis for COVID-19
from Cough Samples via an App

Two fully
connected layers
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—_— A,
COVID-19 diagnosis
Flattened
(432x288x1) (216x144x1) (216x144x32) (54x36x32) (54x36x32)  (27x18x32) »|CML-MC Medic
128 units 128 umits
Figure 3: Cough detection classifier.
Ist 2nd 3rd 4th Fully connected
Mel spec M. 1 C 1 1 Convol | 3 . o onw Max- ) )
spectrogram ) .‘ ',, L(;n: s L(;n: rrie MEL: ’:ool ((c:nto:um r;‘:l ((c:n:okluuor:e;l 1:1: ;:(:cl Classifier e
image 2x2 3x2 kemnel x2 kerne 2x2 3x2 kernel 3x2 kemnel 2x2
8 ( ( ( ) Lol o e AL4COVID-19 app
Dropout 0.15 Dropout 0.15 displayed output results
Figure 2: Proposed system architecture of AKCOVID-19, showing snapshot of Smartphone App at user front-end and back-end cloud Al-engine blocks consisting of Cough Detector
block (further elsborated in Figure 3) and COVID-19 diagnosis block containing Deep Learning-based Multi-Class classifier (DL-MC), Classical Machine Learning-based Multi-Class
Flattened classifier (CML-MC), and Deep Learning-based Binary-Class classifier (DL-BC), further elaborated in Figure 4 and Figure 5
ropout 0.15
(432x288x1) (216x144x1) (216x144x16) (216x144x16) (108x72x16) (108x72x16) (108x72x16) (54x36x16) 256 units

Figure 4: Deep Leaming-based Multi-Class classifier (DL-MC).

Awakpivel Brixa acbevoig COVIDT9 kat didgpopwyv TUMWY BrRxa acevwy xwpic COVID-19 pe akpipeta dvw tou 90%.


https://arxiv.org/pdf/2004.01275.pdf

Real-time tracking of self-reported symptoms to predict potential

COVID-19
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Prediction model = —1.32 — (0.01 x age)

+(0.44 x sex) + (1.75 x loss of smell and taste)

+ (0.31 x severeor significant persistent cough)

+ (0.49 x severe fatigue) + (0.39 x skipped meals)
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Real-time tracking of self-reported symptoms to predict potential COVID-19


https://www.nature.com/articles/s41591-020-0916-2

COVID19: Prevention & Control - Pandemic Drones

ong¢ ano anootaon,

VG Brxag rn PTEPVIOUA o€ €va TAAioLo

Drones to stop the COVID-19 epidemic



https://www.unisa.edu.au/unisanews/2020/autumn/story11/
http://www.youtube.com/watch?v=berV-Aik0kg
https://www.bbva.com/en/drones-to-stop-the-covid-19-epidemic/

COVID19: Prevention & Control —» Germ Screening

e To Google DeepMind mapouvaciace to AlphaFold, éva mpwt

Tplodldotatn dopr plag mpwTeivng e BAon Tn YEVETIKNA
e XTIC apXeC Maptiov, To cuotnua doklpaotnke oto Covid-
e H DeepMind kukAopopnoe TPoBAEPELG SoUNG MPWTEIVW

oxeTi¢ovtal ye To SARS-CoV-2, Tov 16 Ttov TipokaAei to Ci

KOLVOTNTA VA KAaTavonoel KAAUTEPA Tov LO.

Mila and its partners rally the scientific community to
develop novel data-driven solutions to assist with COVID-19
outbreak

Computational predictions of protein structures associated with COVID-19



https://deepmind.com/research/open-source/computational-predictions-of-protein-structures-associated-with-COVID-19
https://mila.quebec/en/mila-and-its-partners-rally-the-scientific-community-to-develop-novel-data-driven-solutions-to-assist-with-covid-19-outbreak/
https://mila.quebec/en/mila-and-its-partners-rally-the-scientific-community-to-develop-novel-data-driven-solutions-to-assist-with-covid-19-outbreak/
https://mila.quebec/en/mila-and-its-partners-rally-the-scientific-community-to-develop-novel-data-driven-solutions-to-assist-with-covid-19-outbreak/
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CV for COVID19: Clinical Management and Treatment
— Critical Patient Screening

Al-Assisted Elderly Care for Acute Infection and Chronic Disease, Fei Fei Li et al

How to take care of seniors
while keeping them safe?

Endowing inshome care with

Al-Powered Smart Sensor Technology

w Early Symptom Detection

of COVID-19

@ Monitor Patients with
Mild Symptoms

” Manage Chronic Conditions



https://www.youtube.com/watch?v=YzqRd5tOAOk&list=PLYLBSCrrqNXxhUFJJtKauxr5HItq4a3gu&index=23&t=0s

Al-Assisted Elderly Care for Acute Infection and
Chronic Disease

A system overview

Edge computing and data analytics

Early detection of COVID-19
symptoms

Monitoring of home Isolation
m after COVID-19 exposure

[

A system overview

i s e 5:‘.’1’.,."""‘..23213,':“""‘° Model development and deployment




Al-Assisted Elderly Care for Acute Infection and
Chronic Disease

Descriptive analytics of clinical status
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Surveillance

Monitoring COVID-19 social distancing with person déterdi®u bl Dratekarg WasfimeAlined YOLO v3 and Deepsort techniques
to Identify Lockdown Violations

Frame



https://blog.logograb.com/covid19-visual-ai-analysis-lockdown-violation-italy/
https://blog.logograb.com/covid19-visual-ai-analysis-lockdown-violation-italy/
https://arxiv.org/abs/2005.01385
http://www.youtube.com/watch?v=u_RJu1Dk-4Q

ETTLTTAEOV UALKO

Stanford researchers help develop privacy-focused coronavirus alert app | Stanford News

How Computer Vision Came In Handy For Social Distancing

It's a Record-Breaking Crowd! A Must-Read Tutorial to Build your First Crowd Counting Model using Deep Learning

Mrropei To Apple Watch va avixveuoel Tov COVID-19; To mravetmiotiuio Tou Stanford Ba mpoomrabnoel va udbel

Within the Lack of Chest COVID-19 X-ray Dataset: A Novel Detection Model Based on GAN and Deep Transfer Learning

Al exposed Brits ignoring advice to stay home and socially distance

Computer vision system detects fever remotely to rule out COVID-19

YouTube as a source of medical information on the novel coronavirus 2019 disease (COVID-19) pandemic

Imaging COVID-19 Al — An initiative for automated diagnosis and quantitative analysis of COVID-19 on imaging

How can Al help with the COVID-19 vaccine search?

Al exposed Brits ignoring advice to stay home and socially distance



https://news.stanford.edu/2020/04/09/stanford-researchers-help-develop-privacy-focused-coronavirus-alert-app/
https://analyticsindiamag.com/covid-19-computer-vision/
https://www.analyticsvidhya.com/blog/2019/02/building-crowd-counting-model-python/
https://appleworldhellas.com/%CE%BC%CF%80%CE%BF%CF%81%CE%B5%CE%AF-%CF%84%CE%BF-apple-watch-%CE%BD%CE%B1-%CE%B1%CE%BD%CE%B9%CF%87%CE%BD%CE%B5%CF%8D%CF%83%CE%B5%CE%B9-%CF%84%CE%BF%CE%BD-covid-19-%CF%84%CE%BF-%CF%80%CE%B1%CE%BD/
https://www.preprints.org/manuscript/202004.0086/v1
https://artificialintelligence-news.com/2020/03/27/ai-exposed-brits-ignoring-advice-stay-home-socially-istance/
https://www.news-medical.net/news/20200429/Computer-vision-system-detects-fever-remotely-to-rule-out-COVID-19-symptoms.aspx
https://www.tandfonline.com/doi/full/10.1080/17441692.2020.1761426
https://imagingcovid19ai.eu/
https://towardsdatascience.com/how-can-ai-help-with-the-covid-19-vaccine-search-a68d40fc0cb0
https://artificialintelligence-news.com/2020/03/27/ai-exposed-brits-ignoring-advice-stay-home-socially-istance/
https://www.tandfonline.com/doi/full/10.1080/12265934.2020.1764207
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