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Priklady Gloh v rozpoznavani tvari: detekce, verifikace, identifikace, odhad véku, ...

Metriky pro méreni presnosti

Adaboost face detector
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Ulohy rozpoznavani tvaii: Detekce

¢ Uloha: lokalizovat tvéfe ve vstupnim obrazku.
¢ Vystupem detektoru je pozice, velikost a orientace nalezenych tvari.

¢ Aplikace: nezbytny prvni krok pfi rozpoznavani tvari, automatické zaostfovani v
digitalnich kamerach, orientace displaye ...
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Metriky pro meéreni presnosti detektoru tvari @‘
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¢ Testovaci sada: databdze obrazkd s manudlné anotovanymi pozicemi tvari

® Spravna/falesna detekce definovana pomoci “Intersection Over Union ratio”

ANB
AUB

IOU(A, B) = € [0,1]

kde A a B jsou oblasti (mnoZiny pixel(), kde se nalézd nalezeny/anotovany objekt.

¢ IOU(A, B) > 0 (napf. § = 0.7) implikuje spravnou detekci a IOU(A, B) < 6 falesnou
detekci.

False Positive (FP) True Positive (TP)
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Méreni presnosti detektora tvari pomoci ROC krivky @
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¢ True Positive Rate, Sensitivita, Recall (stejné nazvy pro to samé)

TPR — pocet spravnych detekci

v v Vs /N7 6 [07 1]
pocCet vSech anotovanych tvari

Podil tvari, které se podafi vytézit z databaze.
¢ False Positive Rate per image

Cet falesnych detekci
FPR per image = Poce b |

e |0, 00
pocet vSech obrazkil | )

Priimérny pocet chybnych detekci v obrazku

¢ ROC kfivka ukazuje hodnoty TPR a FPR jako funkci rozhodovaciho prahu (rozhodovaci
prah je nastavitelny parametr, ktery ur€uje citlivost detektoru).
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Presnost detektoru na realnych datech

@
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¢ Fine-grained Evaluation on Face Detection in The Wild [Yang et al 2015] je benchmark

pro méreni presnosti detektor( tvari.

¢ Multi-Attribute Labelled Faces (MALF) 5,250 obrazkd s 11,931 tvaremi.

1

® Viola & Jones 2004
0.9l | |—Baidu DenseBox (2015/6/5)
' — Eyedea Recognition (2015/4/28)
Apple iPhoto v9.6
0.8 ® Microsoft Gallery v16.4.3528.331
@® Google Picasa (v3.7)
0.7 Bitdefender (2015/9/19)
n 0.6 M
0.5 lha
0.4r
0.3r
0.2 ' |
107" 107 10° 10°

FPR per image
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Méreni presnosti detektoru tvari pomoci @ o
Precision-Recall krivky

6/43
¢ Precision:

. pocet spravnych detekci
Precision =

c 0,1
pocet vSech detekci 0, 1]

Jaky podil detekovanych tvari tvori spravné detekce.

¢ Precision-Recall kfivka ukazuje hodnotu Precision a Recall (TPR) jako funkci
rozhodovaciho prahu.

¢ Average Precision (AP) je aproximace plochy pod Precision-Recall kfivkou.
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Presnost detektoru na realnych datech @
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¢ WIDER FACE: A Face detection benchmark [Yang 2016]. 32,203 obrazk( s 393,703
anotovanymi tvaremi s vysokou variabilitou v méritku, natoceni a zakrytech.

¢ Databaze je rozdélena tfi Grovné slozitosti: easy, medium a hard.

1 Hard faces
o
. S VJ [Viola 2004]
s o ACF [Dollar 2009]
£ 04 | S — — \---—- DPM [Felz. 2010]
T ACE-0.252 Faceness [Yang 2015]
Sh 0.2} s DP M-0.201
2 [ aceness-0.273
z VJ-0.137
o 0 . " : _
0 0.4 0.6 0.8 1

Recall

-

Retinaface [Deng 2019]

e RetinaF ace-0.914
— [ SRN-0.903

Expression

08 | e vIM-FD-0.902
DSFD-0.900
SRN-0.896
0.7 DFS-0.891
FANet-0.887
PyramidBox-0.887
0.5 FAN-0.885
E FDNet-0.878
= Face R-FCN-0.876
g o Zhu et al.-0.865
& SFD-0.858
04 SSH-0.844

[ | s Face R-CNN-0.827

s HRR-0.819

e MSCNN-0.809

" | e ScaleFace-0.764

— CMS-RCNN-0.643

s Wultitask Cascade CNN-0.607
[ | = LDDCF+-0.564

s Multiscale Cascade CNN-0.400
s Faceness-WIDER-0.315

[ | s Two-stage CNN-0.304
ACF-WIDER-0.290
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Presnost detektoru na realnych datech @
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® Presnost detektortl na “hard” &asti WIDER FACE databdze.

RetinaFace Tina.Face
Face R-FCN@— ®
S3ED
MSCNN
0.8
CMS;RCNN
Multitask Cascade CNN
< 0.6
Multiscale Cascade CNN
0.4
ACFE=WIDER
o
0.2
2015 2016 2017 2018 2019 2020 2021

Other models -~ Models with highest AP

Prevzato z: https://paperswithcode.com/
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Ulohy rozpoznavani tvari: Verifikace identity

¢ Uloha: pro zadanou dvojici obrazkil tvaFi ovéfit zdali se jednd o stejnou identitu.
¢ Vystup: binarni rozhodnuti “stejnd osoba/dvé rizné osoby".

¢ Aplikace: pristup do kontrolovanych prostor (napf. prichod letistém viz obr),
odemykani mobilnich telefoni,...

Image A

N

Verification
system

the same / different

Image B
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Meéreni presnosti verifikacnich metod @ i
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¢ Labeled Faces in the Wild [Huang et al 2008] slavna sada obrazkil a definice testovacich
protokolli pro méreni presnosti verifika¢nich metod.

¢ 13,233 fotografii celebrit (herci, politici, sportovci, ...) v rozlieni 250 x 250 pixeld

¢ Testovaci protokol definuje pfipustna trénovaci data a testovaci dvojice obrazka:
{(A17 Bl? y1)7 ) (Am7 Bm) ym)}

kde A* a B* jsou obrazky a y* € {+1/ — 1} je label znadici pozitivni/negativni pfiklad.

y = +1 (stejna identita) y = —1 (rdzné identity)

B A

¢ Verifikac¢ni algoritmus je funkce f(obrazek A, obrazek B) — {+1,—1}.
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Metriky pro méreni verifikacnich algoritmu @
11/43

¢ False Acceptance Rate, False Match Rate

FAR — pocet negativnich priklad( klasifikovanych jako pozitivni

pocet vSech negativnich priklad

Podil pasazérii s faleSnym pasem, kteri projdou branou pasové kontroly.

® True Acceptance Rate, Recall

pocet pozitivnich prikladd klasifikovanych jako pozitivni

TAR =
pocet vSech pozitivnich prikladi

Podil pasazérii s platnym pasem, které brana pusti.
¢ Classification Accuracy — priklad Spatné metriky pro tuto aplikaci

pocet chybné klasifikovanych prikladi

ACC =

pocet vsech prikladi
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Presnost verifikacnich metod na LFW databazi @
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¢ Verifikacni stroje rozhoduji na zakladé prahovani “dissimilarity” s: I x I — R

+1 pokud s(obrazek A, obrazek B) <46

folobrazek A, obrazek B) = { 1 pokud s(obrizek A, obrézek B) > 6

¢ FPR(#) a TPR(6) jako funkce 6 pro vybrané verifikaéni metody ohodnocené na LFW:

—human (97.5%)
—Eigenface [Turk et al 1991] (60%)
| —Simile [Kumar et al 2011] (84.7%)

true accept rate [%]

0.8 | Attributes [Berg et al 2012] (93.3%)
—HighDimLBP [Chen et al 2013] (95.2%)
DeepFace [Taigman 2014] (97.4%)
0.6 dlib [0S 2017] (99.3%)
\
0.4 1
021 0.95 |
0 | | | | -
0) 0.2 0.4 0.6 0.8 1 .
o 0.9 | \
false accept rate [%] 0 0.05 0.1
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Ulohy rozpoznavani tvari: Vyhledavani tvare
13/43

¢ Uloha: vyhledat identitu v databazi na ziklad& jeji tvare
¢ Vystup: seznam N identit setfidénych podle miry podobnosti

“Close-set” scéndr - hledana identita je v databdze; N je fixni

“Open-set” scénar - hledand identita nemusi byt v databazi; NV urcen tak, aby
obsahoval jen hledanou identitu

¢ Aplikace: zpracovani zaznamu z dohledovych kamer, vyhledavani zajimovych osob v
databazi, odstranéni duplikatd (mugshot shot repos., ID card DBs)...

probe

Face recognition sorted list of N

engine IDs in gallery

gallery images
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Metriky pro méreni presnosti vyhledavace tvari @
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¢ Rank-N (Close-set)

kolikrat byla cilova identita mezi N prvnimi

RankN = . -
pocet dotazll

¢ False Positive Identification Rate (Open-set)

pocet vracenych seznami s nenulovou délkou

FPIR =
pocet dotazl kdy cilova identita neni v DB

Pravdépodobnost, ze bude operator muset zbyteCné provérovat vysledek.

¢ True Positive Identification Rate (Open-set)

TPIR — pocet dotazli kdy cilova identita je ve vrdceném seznamu

pocet dotazll kdy cilova identita je v DB

Pravdépodobnost, ze bude hledana identity odhalena, pokud je v DB.
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Presnost identifikace tvari na FRVT2013 databazi @ -
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¢ Face Recognition Vendor Test 2013: soutéz organizovana National Institue of Standards
and Technology (NIST) s cilem vyhodnotit existujici technologie rozpoznavani tvari.

¢ Test na velké databazi (1.6 milion() policejnich fotografii zadrzenych osob (mugshot) a
obrazk( z bézné web-camery.

.- Mugshots WebCam
- Rankl [%)] | Rank50[%] | Rankl [%]
) NEC 95.9 97.4 88.7
o Morpho 90.9 92.9 70.2
N, Toshiba 89.3 94.3 76.3

Cognitec 86.4 91.6 42.4

(b) Poor quality webcam

L !’,.’
oA

(a) Good quality mugshot

Obrazek a vysledky prevzaty z Grother et al: Face Recognition Vendor Test, NIST
Interagency report 8009. May 26, 2014.
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Presnost verifikace a identifikace tvari na
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databazi [Klare et al. 2015]

® Velka variabilita v orientaci tvare, geografické prislusnosti subjektd, osvétlenti.
¢ 25,813 obrazki (5,399 statiskych, 20,414 video frames), 500 identit.

¢ protokoly: verifikace, identifikace, detekce

¢ vstup jsou “templates” - sekvence tvari zobrazujici jednu identitu

1JB-A

16/43

type of images

Frontal, cooperative subj.
controlled environment

P

near frontal, uncoop. subj.
min environment variation

full variation in pose
illumination, environment

automated detection

human performance

near human performance

cannot detect consistently

automated recognition

human performance

near human performance

cannot recognize

Verification (TAR @ FAR) |dentification (TPIR@FPIR, RankN)
Method 0.001 | 0.01 0.1 FPIR=0.01 | FPIR=0.1 || Rankl | Rankl0
[Klare 2015] 0.20 | 0.41 0.63 0.047 0.24 0.44 -
[Parkhi 2015] 0.60 | 0.81 0.94 0.46 0.67 0.91 0.98
[Yang 2016] 0.88 | 0.94 0.98 0.82 0.92 0.96 0.97
[Cao 2017] 0.92 | 0.97 0.99 0.88 0.95 0.98 0.99
[ Ranjan 2017] 0.94 | 0.97 0.98 0.92 0.96 0.97 0.99
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IARPA Janus Benchmark-B (1JB-B) databaze |(@ [ulis

[Whitelam et al. 2017] 17/43
® Velka variabilita v orientaci tvare, geografické prislusnosti subjektd, osvétleni.
¢ 76.8K obrazkd (21.8K statickych, 55K video frames), 1,845 identit.
¢ protokoly: verifikace, identifikace, detekce
¢ vstup jsou “templates” - sekvence tvari zobrazujici jednu identitu
Verifikace
Method TARQFAR=10"%
VggFace2 [Cao 2018] 0.800
SENet50 [Xie 2018| 0.849
ArcFace [Deng 2019] 0.942
ROC on 1JB-B

MS1MV2: 85K ids, 5.8M obr
VggFace2: 9.1K ids, 3.3M obr

— MS1MV2, ResNet100, ArcFace
- \GG2, ResNet50, ArcFace

10 10° 10 107 1072 107 10°
False Positive Rate A
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¢ Uloha: na zakladé obrazku tvare odhadnout 1) chronologicky vék nebo 2) vizualni vék
(apparent age)

Ulohy rozpoznavani tvaii: Odhadovani véku

¢ Aplikace: povoleni pfistupu na zakladé véku (napf. automaty na cigarety v Japonsku),
demografické prizkumy (audience measurement systems), cilend reklama (napf. na
benzinovych pumpach Tesco v Anglii), ...

Automat na cigarety ovérujici vék pomoci

zabudované kamery

Vzdalena verifikace véku

Take a selfie (1) Verify age

Take a selfie Vv Age estimated

EiREA L NS RO P —SrDE F—12
—iEH, #DEid—cHsRES LI B UESHAIET,

@ Make sure to bein clear lighting

&9 Keep a neutral background

&9 Stay within the frame of the photo



http://cmp.felk.cvut.cz

Odhadovani véku: stroj versus clovék

¢ Test na PSCO databazi 10,036 policejnich fotografii s rovnomérnym zastoupenim v
v rozmezi 17 az 68 let.

¢ Metriky: i) stfedni absolutni odchylka odhadnutého a skuteéného véku (MAE), ii)
procento tvari s absolutni odchylkou né horsi nez x let (CSx score).

¢ Lidsky odhad: Vék 2,200 ndhodné vybranych tvari odhadnut 10. lidmi (Amazon
Mechanical Turk service); maximalni a minimalni odhad se nepouzije a bere se
aritmeticky primér zbyvajicich 8. odhadu.

100 . .
80 -------- T - B
S | |
> 60F------- 2 ]
8 ' :
3 40—/ e R
Q [ [
< ! !
20} 721 ——Human Age Estimation MAE
U: —— Automatic Age Estimation Human 75
0 5 10 15

Machine 5.1

Absolute Error (years)

Vysledky prevzaty z ¢lanku Han et al: Age estimation from Face Images: Human vs. Machine
Performance. Inter. Conf. on Biometrics. 2013.
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Odhadovani véku: state-of-the-art 2024 @

¢ Metoda: odhad véku postaveny na konvolu¢nich neuronovych sitich.

¢ Databaze: AgeDB (16K), CACD (163K) - Celebrity images; MORPH (55k) - Police
mugshots; AFAD (160K) - Asian faces from RenReb social network; CLAP (8K),
UTKFace (20K) - In-the-wild photos from the Internet.

¢ Metrika: Stredni absolutni odchylka (MAE) odhadnutého a skute¢ného véku.

I CE Bl Regression OR-CNN W= DLDL DLDL-v2 SORD HEE Mean-Variance EEl Unimodal I FaRL

I~ o o o KO @

—
[ee]

ot (=) -~
T T T

s]

Nl
E S = &8 & &§ =2 o
s T < s o T T

W~
T

ﬂﬂﬂﬂﬂﬂﬂ
D I B A T B R B O I

e I I - - B - -~ B~ B C I

MAE [year:

(28 =) o = [\V] w
T T T T T

AgeDB AFAD CACD

e~
T

MAE [years]

= [\ w
T T T

0

CLAP MORPH UTKFACE

Paplam, Franc: Unraveling the Age Estimation Puzzle: Comparative Analysis of Deep Learning
Approaches for Facial Age Estimation. CVPR. 2024.

20/43
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Odhadovani véku: dualezitost spravného

¢ MORPH databaze policejnich fotografii; 55K fotografii, 13K identit.

testovaciho protokolu

@

21/43

¢ Neexistuje standardni protokol rozdé€lujici data na trénovaci a testovaci. Rizni autofi
pouzivaji bud: i) ndhodné rozdéleni obrazkli nebo ii) ndhodné rozdéleni identit.

3.9

3.0

2.5

MAE

2.0 |

OR-CNN
O
Mean-Variance
Ranking-CNN
OR-CNN “9\1‘ Mean-Variance DLDL-v2 - .
. . . . | IIIH._". €
SORD CORAL
Mean-Variance . MWR
1_')31_ . .
Data Splitting
. Random DLDD=y2 31 |
Unimodal
® Subject-Exclusive . @

©® Ours, Subject-Exclusive

2016

2020 2022

Year

2018

Paplam, Franc: Unraveling the Age Estimation Puzzle: Comparative Analysis of Deep Learning
Approaches for Facial Age Estimation. CVPR. 2024.


http://cmp.felk.cvut.cz

Odhadovani véku: rozdil mezi chronologickym a @ s
vizualnim vekem 22/43

e Task 1 (main): Real age estimation real age
e Task 2: Apparent age estimation /

2000 22.5

Estimated Age
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Odhadovani véku: c¢lovék vs. stroj 2024

¢ APPA-REAL databaze 7,591 “in-the-wild" obrazki lidskych tvari.

¢ Kazda tvar anotovana chronologickym vékem (0-100) a cca 30+ lidskymi odhady véku
(celkem 260K lidskych odhadi).

¢ Metrika: Stfedni absolutni odchylka (MAE) odhadnutého a skute¢ného véku.

[0 — 18] Years

[0 — 90] Years

[0 — 18] Years

[0 — 90] Years

1.8

3.6

2.7

4.9

1.4

3.9

3.2

6.0

NA

4.1

NA

5.2
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Nékteré dalsi ulohy rozpoznavani tvari
24/43

¢ Rozpoznavani emoci. Vystup: happy, sad, fear, disgust, surprise, anger, neutral.
Uloha: klasifikace. Metrika: klasifikacni chyba.

Disgust

¢ Rozpoznani pohlavi. Vystup: muz, Zena Uloha: klasifikace. Metrika: klasifika&ni chyba.
\\‘ N |
\ L HUMAVIPS

WP4: Gender Recognition
Proof of concept demo

¢ Face attribute recognition: eye-glasses, wearing-hat, pointy-nose, mustache,...
Uloha: multi-label classification. Metrika: klasifika¢ni chyba pro kazdou tfidu zvlast.

Pointy
Nose

Eyeglasses
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Ulohy rozpoznavani tvafi: Face anti-spoofing
25/43

¢ Cilem je zjistit zdali pfed kamerou stoji Ziva tvar.

¢ Typy atokh: “print attack”, “replay attack”, “3D mask attack”, “make-up attack”,...
¢ Vstup: Video tvare.

¢ Vystup: live, spoofed.

¢ Metrika: FPR, TPR.

|
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Ulohy rozpoznavani tvari: Hodnoceni kvality tvare
26/43

Cilem je odhadnout zdali systém pro rozpoznavani (napf. verifikdtor) na dané tvari
selze, predtim nez systém pouzijeme.

Skére kvality tvare: skalarni velic¢ina korelujici s pravdépodobnosti selhani
rozpozndvaciho systému.

Benchmark: NIST organizuje FRVT — Quality Summarization and Analysis challenge.
Aplikace: zajisténi vysoké presnosti, vybér reprezentativni tvare, atd.

b ¢

Q=95 Q=85 Q=62 Q
https://pages.nist.gov/frvt /html /frvt_quality.html

42
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Detekce sexualni orientace z tvare @ N
[M.W.Kosinski et al. 2018] 27 /43

¢ 35,326 tvarFi 14,776 gay a heterosexudlnich muzi (50%/50%) a Zen (53%/47%)
stazenych z online seznamky.
¢ CNN-+logistic regression: presnost klasifikace 81% u muzd 71% u Zen.

¢ Lidsky odhad: presnost 61% u muzi a 54% zen.

Average facial landmarks

Composite heterosexual faces Composite gay faces

Male

e gay
* straight

Female
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Ulohy rozpoznavani tvari z videa: Rozpoznavani jazyka
28/43

¢ Uloha: odhadnout jazyk mluvé&iho pouze z videa

¢ Tridy: anglictina, francouzstina

¢ Kilasifikaéni chyba stoje je 27%. Chyba ¢&lovéka je 28%.

Spetlik, Cech, Franc, Matas: Visual Language Identification from Facial Landmarks. SCIA,
2017.
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Ulohy rozpoznavani tvari z videa: Detekce nejistoty @
29/43

¢ Uloha: odhadnout nejistotu pri rozhodovani na zakladé videa tvare
¢ Data z popularni soutéze “Who wants to be a millionaier?”

¢ Tridy: nejistota = soutézici pozada o napovédu, jistota = soutézici odpovi bez ndpovédy

WHICH OF THE FOLLOWING IS

RASIGHS™ ELECTRON
- 2GCHUGKIES *

¢ Kilasifika¢ni chyba stoje je 25%. Chyba ¢lovéka je 45%.

Jahoda, Viobecky, Cech, Matas: Detection decision ambiguity from facial images. IEEE face
and Gesture, 2018.
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Ulohy rozpoznavani tvati z videa: Odhad tepové @ :
frekvence 30/43

¢ Uloha: odhadnout tepovou frekvenci na zaklad& videa sledovaného subjektu.

¢ Vystup: tepova frekvence subjektu.
¢ Metrika: Mean Absolut Error (MAE)

COHFACE ECG-Fitness MAHNOB PURE PURE
MPEG-4 Visual
— 2SR 20.98 43.66 13.84 2.44 5.78 (1)
E CHROM 7.80(1) 21.37 13.49 2.07 6.29
—  LICVPR 19.98 63.25 7.41 28.22 28.39
<  SAMC* — — — — —
2  HR-CNN 8.10 14.48 (1) 725(0)  184(1) 872
(149 bpm)
15{] u 21.000 s
—_ 11.111 fps
£ 150 -
)
= 140 -
T 130 -
< Ry — Estimated HR
5 120- -- Ground Truth HR
I 11{:: i ’I ] ! | I 1
500 Frame Index 1800

Spetlik, Franc, Cech, Matas: Visual Heart Rate Estimation with Convolutional Neural
Network. BMVC, 2018.
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Ulohy rozpoznavani tvafi z video a audia: @ 2
Speach enhancement 31/43

¢ Uloha: zvyraznit audio subjektu vybraného podle jeho tvare

¢ Vystup: audio

J Speaker Video

-t o

Target Audio l
s
b -t oy e v
ikl | - Enhancement
S+ A T

Interference % » *H -

Output Audio

4:39 PM PT

NEW TONIGHT

STANDING UP TO TRUMP: UNDOCUMENTED IMMIGRANTS TELL ALL

EFICIARIES OF LSC FUNDING INCLUDE HOMELESS VETERANS, LOW-INCOME ITFRONT

Afouras, Chung and Zisserman: The Conversation: Deep Audio-Visual Speech Enhancement.

Interspeech, 2018.
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Ulohy rozpoznavani tvafi: Kinship verification

Averaged Verification Accuracies (%) for 5-Fold Experiment on FIW with No Family Overlap Between Folds

siblings parent-child grandparent-grandchild
Method B-B S-S SIBS F-D F-S M-D M-S GFGD GFGS GM-GD GM-GS Acc. £ Std.
LBP [56] 55.52 5749 5539 5505 53.77 5569 54.65 55.79 55.92 54.00 55.36 55.33 +1.01
SIFT [57] 5786 5934 5691 56.37 56.24 55.05 5645 57.25 55.35 57.29 56.74 56.80 + 1.17
ResNet-22 [58] 65.57 69.65 60.12 5945 60.27 6145 59.37 55.37 58.15 59.74 59.70 61.34 + 3.81
VGG-Face [36] 69.67 7535 6652 6425 6385 6643 6280 62.06 63.79 57.40 61.64 64.89 + 4.68
+ITML [59] 5715 61.61 5698 58.07 54.73 5726 59.09 62.52 59.60 62.08 59.92 59.00 + 2.44
+LPP [60] 67.61 6622 71.01 6254 6139 65.04 6354 6350 59.96 60.00 63.53 64.03 + 3.32
+LMNN [61] 67.11 6833 6688 65.66 67.08 68.07 66.16 61.90 60.44 63.68 60.15 65.04 + 3.00
+GmDAE [62] 68.05 6855 6733 6653 6830 68.15 66.71 62.10 63.93 63.84 63.10 66.05 + 2.36
+DLML [63] 68.03 6887 6797 6596 68.00 6851 6721 6290 63.96 63.11 63.55 66.19 4+ 2.36
+mDML [41] 69.10 70.15 68.11 6790 6624 7039 6740 65.20 66.78 63.11 63.45 67.07 + 2.44
ResNet+CF[64] 6988 69.54 6954 68.15 6773 71.09 68.63 66.37 66.45 64.81 64.39 67.87 + 2.15
SphereFace [65] 7194 7730 70.23 69.25 68.50 71.81 69.49 66.07 66.36 64.58 65.40 69.18 + 3.68

Robinson et. al.: Visual Kinship Recognition of Families in the wild. PAMI 2018.
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Ulohy rozpoznavani tvai: Kinship verification

I
gl
B §

Accuracy

1
0.35 t | | -+ 1 t I 1 | |
SIB FD FS MD MS GFGD GFGD GMGD GMGS Avg.

Robinson et. al.: Visual Kinship Recognition of Families in the wild. PAMI 2018.



http://cmp.felk.cvut.cz

Rozpoznavani tvari: porovnani s ostatnimi biometrickymi ( ? 2
metodami 33/43

Silné stranky:
¢ Nevyzaduje kooperujici subjekt narozdil od rozpoznavani otisk( prstil, duhovky atd.
¢ Bezkontaktni snimac.
¢ Sensory pro méreni (napf. standardni kamery) jsou levné a masové rozsirené.

¢ Lze vyuzit pro Sirokou tfidu Gloh (rozpoznavani identity, véku, pohlavi, emoci, rasy,
tepu...).
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Rozpoznavani tvari: porovnani s ostatnimi biometrickymi ( ? 2
metodami 33/43

Silné stranky:
¢ Nevyzaduje kooperujici subjekt narozdil od rozpoznavani otisk( prstil, duhovky atd.
¢ Bezkontaktni snimac.
¢ Sensory pro méreni (napf. standardni kamery) jsou levné a masové rozsirené.

¢ Lze vyuzit pro Sirokou tfidu Gloh (rozpoznavani identity, véku, pohlavi, emoci, rasy,
tepu...).

Slabiny:

¢ Pro odhad identity méné spolehlivé v porovnani s technologiemi jako rozpoznavani
otiskil nebo duhovky.

¢ Dosazeni vysoké efektivity neni jednoduché: bud je tfeba zajistit kontrolované podminky
nebo specializovany hardware nebo velké mnozstvi dat.

¢ Robustni detekce “spoof attack” je stale otevreny problém.

¢ Robustni detekce selhani systému rozpoznavani tvari je stile otevreny problém.
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Pro€ je rozpoznavani tvari t&ské? = ks

34/43

¢ Signal ze senzoru je vysokodimenzidlni. Napf. 10,000 dimenzionalni signal z kamery s
rozlisenim 100 x 100 pixeld.

® V signalu pochazejiciho z méreni patficich do jedné tridy je velkd variabilita, zpisobena:
e zménou pozice, meritka, rotace
e zménou osvétleni
e zménou vyrazu tvare (Usmév, smutek, neutralni, ...)

o zikryty (bryle, pokryvka hlavy)

e zména ucesu, make up, starnutim ...
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Funkcnost systému rozpoznavani tvari je ovlivhena mnoha ( § o
faktory

35/43

¢ Pouzity snimaci senzor:
e kamera pracujici ve viditelném spektru
e infralervena kamera (s IR pfisvicenim)
\ _ . t‘.‘.mml.umuu '
e stereo kamera oA s

e 3D skener

Svételné podminky (venkovni/vnitfni prostor, stiny, ...

RozliSeni obrazu a pouzita komprese
Staticky obrazek / video sekvence

Spolupracujici / nespolupracujici subjekt

Distribuce trid (o

® & & o6 o o
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» 0
Stavebni bloky systému pro rozpoznavani tvari @

face

detection |

, normalization
(geometry, light,

expression,...)

36/43

feature
extraction

decision

making

male /female

age identity ~ emotion
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g r
Detektor tvari y
37/43

Problém detekce se prevede na mnoho binarnich
klasifikaci H: Obrazek — {tvar, netvar}

NONFACE
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S % N
Klasifkator tvar/netvar pro detekci tvari @
38/43

¢ Pozadavky na klasifikator: extrémné presny a extrémné rychly.

e Napr. nalezeni tvare velikosti 24 x 24 pixeli v obrazeku 640x480 vyzaduje provést
(640 — 24 + 1) - (480 — 24 4+ 1) = 281,969 binarnich klasifikaci.

e Rychlost: Pri 10 FPS musi jedna klasifikace trvat nanejvys 0.34us
e Presnost: FP — 0% (chybné detekce), TP — 100% (detekované tvare)
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S % N
Klasifkator tvar/netvar pro detekci tvari @
38/43

¢ Pozadavky na klasifikator: extrémné presny a extrémné rychly.

e Napr. nalezeni tvare velikosti 24 x 24 pixeli v obrazeku 640x480 vyzaduje provést
(640 — 24 + 1) - (480 — 24 4+ 1) = 281,969 binarnich klasifikaci.

e Rychlost: Pri 10 FPS musi jedna klasifikace trvat nanejvys 0.34us
e Presnost: FP — 0% (chybné detekce), TP — 100% (detekované tvare)

N

¢ Reseni: sekvencni rozhodovaci pravidlo slozené z jednoduchych rychlych klasifikatort

+1 (tvar) fi(z) =0 t
Si(z) =< —1 (netvat)  fi(z) <6 =) aihi(z)
# (nevim) 08 < f; (x) < 64 i=1
—1
oo o Sn($)

+1
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AdaBoost: sestroj silny klasifikator ze slabych

Silny (presny) klasifikator

v | 41 pro f(x; o
H(a:,a)—{ —1 pro f(z;«

je slozen ze slabych, ale rychlych klasifikator(

2.

(u,v)€A; ()

hi(x) = sign ( >

(u,’U)EA;_(QJ)

x(u,v)—

=L

=y My

Problém uéeni: min,, Z,ﬁ 1|[H(J?Z,

vektoru vSech vah a = (aq, ..

kde

o(u,0)+9)

@

39/43

f(r; ) = arhi(x) + asho(x) + . .. + by ()

Jkd

) # y;] za podminky, Ze pocet nenulovych elementd ve
Q) je pravé n
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- N
AdaBoost algoritmus @
40/43

Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}
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- N
AdaBoost algoritmus @
40/43

Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}
Initialise weights D1(i) = 1/m
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- N
AdaBoost algoritmus @
40/43

Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}
Initialise weights D1 (i) = 1/m
Fort=1,...T":
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- N
AdaBoost algoritmus @

40/43
Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}

Initialise weights D1(i) = 1/m t=1

Fort=1,...T":

¢ Find h; = arg mem €j = Z D:(3)|y; # hj(z;)]

J
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- N
AdaBoost algoritmus @

40/43
Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}

Initialise weights D1(i) = 1/m t=1

Fort=1,...T":

¢ Find h; = arg mem €j = Z D:(3)|y; # hj(z;)]

J

¢ If ¢, > 1/2 then stop
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- N
AdaBoost algoritmus @

40/43
Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}

Initialise weights D1(i) = 1/m t=1

Fort=1,...T":

¢ Find h; = arg mem €j = Z D:(3)|y; # hj(z;)]

J

¢ If ¢, > 1/2 then stop
¢ Set a; = 1log(1= 1)
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AdaBoost algoritmus

Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}
Initialise weights D1 (i) = 1/m
Fort=1,...T":

¢ Find hy = arg mem €j = Z Dy (i) ys # hj(afi)]]

J

¢ If ¢, > 1/2 then stop
¢ Set a; = 1log(1= 1)
¢ Update

Dy (i) exp(—ayih(x;))
Zy

Dyyq(i) =

where Z; is normalisation factor

40/43
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- N
AdaBoost algoritmus @

40/43
Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}

Initialise weights D1(i) = 1/m t=1

Fort=1,...T":

¢ Find hy = arg mem €j = Z Dy (i) ys # hj(afi)]]

J

¢ If ¢, > 1/2 then stop
¢ Set a; = 1log(1= <L)

¢ Update

Dy(7) exp(—auyihi(z;)) oxf”
Zt 0.3

Dyyq(i) =

0.25

where Z; is normalisation factor

0.2

Output the final classifier:

0.15

H(x) = sign (ozlhl(:c)) oa

0.05
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- N
AdaBoost algoritmus @

40/43
Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}

Initialise weights D1(i) = 1/m t=2

Fort=1,...T":

¢ Find hy = arg mem €j = Z Dy (i) ys # hj(afi)]]

J

¢ If ¢, > 1/2 then stop
¢ Set a; = 1log(1= <L)

¢ Update

. D ’I/ eXpl—« ’Lh Xy 0.35
Dy = DD () :

0.25

where Z; is normalisation factor

0.2

Output the final classifier:

0.15

H(x) = sign (oth(:r:) + thQ(az))

0.05
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AdaBoost algoritmus

Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}
Initialise weights D1 (i) = 1/m
Fort=1,...T":

¢ Find hy = arg mem €j = Z Dy (i) ys # hj(afi)]]

J

¢ If ¢, > 1/2 then stop
¢ Set a; = 1log(1= <L)
¢ Update

Dy (i) exp(—ayih(x;))
Zy

Dyyq(i) =

where Z; is normalisation factor

Output the final classifier:

H(x) = sign (ozlhl(:r;) + ashs(z) + aghg(x))

0.35

0.3f

0.25

0.2

0.15

0.1

0.05

40/43

I I I I I I
10 15 20 25 30 35 40
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AdaBoost algoritmus

Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}
Initialise weights D1 (i) = 1/m
Fort=1,...T":

¢ Find hy = arg mem €j = Z Dy (i) ys # hj(afi)]]

J

¢ If ¢, > 1/2 then stop
¢ Set a; = 1log(1= <L)
¢ Update

Dy (i) exp(—ayih(x;))
Zy

Dyyq(i) =

where Z; is normalisation factor

Output the final classifier:

H(x) = sign (ozlhl(a:) + asho(x) + ... + 044h4(;v))

0.35

0.3f

0.25

0.2

0.15

0.1

0.05

40/43

I I I I I I
10 15 20 25 30 35 40
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AdaBoost algoritmus

Given: (z1,91), .-, (Tm, ym); Ti € X,y; € {—1,+1}
Initialise weights D1 (i) = 1/m
Fort=1,....T:

¢ Find hy = arg }Ifneln € = Z Dy (i) [y: # hj(xs)]

J
¢ If ¢, > 1/2 then stop
¢ Set a; = 1log(1= =)
¢ Update

Dy (i) exp(—ayih(x;))
Zy

Dyyq1(i) =

where Z; is normalisation factor

Output the final classifier:

H(x) = sign (oth(x) + agho(x) + ...+ oz5h5(a:))

0.35

0.3f

0.25

0.2

0.15

0.1

0.05

40/43

I I I I I I
10 15 20 25 30 35 40
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AdaBoost algoritmus

Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}
Initialise weights D1 (i) = 1/m
Fort=1,...T":

¢ Find hy = arg mem €j = Z Dy (i) ys # hj(afi)]]

J

¢ If ¢, > 1/2 then stop
¢ Set a; = 1log(1= <L)
¢ Update

Dy (i) exp(—ayih(x;))
Zy

Dyyq(i) =

where Z; is normalisation factor

Output the final classifier:

H(x) = sign (ozlhl(a:) + agho(x) + ... + 046h6(;v))

0.35

0.3f

0.25

0.2

0.15

0.1

0.05

40/43

I I I I I I
10 15 20 25 30 35 40
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AdaBoost algoritmus

Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}
Initialise weights D1 (i) = 1/m
Fort=1,...T":

¢ Find hy = arg mem €j = Z Dy (i) ys # hj(afi)]]

J

¢ If ¢, > 1/2 then stop
¢ Set a; = 1log(1= <L)
¢ Update

Dy (i) exp(—ayih(x;))
Zy

Dyyq(i) =

where Z; is normalisation factor

Output the final classifier:

H(x) = sign (ozlhl(a:) + asho(x) + ... + oz7h7(;v))

0.35

0.3f

0.25

0.2

0.15

0.1

0.05

40/43

I I I I I I
10 15 20 25 30 35 40
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- N
AdaBoost algoritmus @
40/43

Given: (z1,91), .-, (Tm,ym);x; € X, y; € {—1,+1}
Initialise weights D1(¢) = 1/m

Fort=1,...T": T
Find h; = arg }5161% €; Z; Dy(7)[ys # hj(wi)] =
¢ If ¢, > 1/2 then stop gﬁ
¢ Set o = %1()%(1;@) 7
t >
¢ Update
D ) —_— 'I,h /I/ 0.35f
Dyy1(i) = (i) exp(—ayil (i)

Zy o]

0.25

where Z; is normalisation factor

0.2

Output the final classifier:

0.15

ffCB):=S¥¥1(aqhq(x)—+<12h2¢x)4—...+-a%0h40¢z)> osf
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Priklady nalezenych slabych klasifikatori pomoci AdaBoostu

Po prvnich 25 iteracich.
1,013,193 07, 1.5 (2,021,130 [4, 025,192 5, 026, 1.065)

10 10

[y ]

15
5 10 15 5 10 15 5 10 15 & 10 15 5 10 15
5, 0.2, 1.04) 7,070, 0.62) (,0.31,0.79) [@,0.33, 0.73) 0, 0.31, 0.81)

15

[hy]

g 10 15 5 10 15 5 10 15 5 10 15 5 10 15
{11,0.32, 0.75) [12,0.34, 0.65) (13, 0,34, 0.64) {14, 0.35, 0.50) [15, 0.34, 0.6

g 10 15 5 10 15 5 10 15 5 10 15 5 10 15
{16, 0,96, 0.559) (7,05, 057 (18, 0,36, 0.5E) {19, 0,96, 057) (0, 0%, 046

5 10 15 5 10 15 5 10 15 5 10 15 5 10 15
{31, 0.36, 0.56) (22, 0.3, 0.55) (23, 0,37, 0.53) (24,0.35, 0.51) (25, 0,33, 0.49)

41/43
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a4 N
Detektor tvari: vyvoj @
42/43

¢ A. Wald. Sequential analysis. Dover, New York, 1947.

e Nastroj pro kontrolu kvality primyslové vyroby za 2. svétové valky.
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A. Wald. Sequential analysis. Dover, New York, 1947.

e Nastroj pro kontrolu kvality primyslové vyroby za 2. svétové valky.

Y. Freund, R. E.Schapire: A decision-theoretic generalization of on-line learning and an
application to boosting. Journal of Computer and System Sciences. 1997.

e AdaBoost algoritmus: sestroj silny klasifikdtor ze slabych.
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A. Wald. Sequential analysis. Dover, New York, 1947.

e Nastroj pro kontrolu kvality primyslové vyroby za 2. svétové valky.
Y. Freund, R. E.Schapire: A decision-theoretic generalization of on-line learning and an
application to boosting. Journal of Computer and System Sciences. 1997.

e AdaBoost algoritmus: sestroj silny klasifikator ze slabych.
P. Viola, M. Jones: Rapid object detection using a boosted cascade of simple features.
Computer Vision and Pattern Recognition, 2001.

e Prilom v detekci objektli v redlném cCase.

e Clanek ma 29,099 citaci (google scholar, Nov 2021).
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A. Wald. Sequential analysis. Dover, New York, 1947.

e Nastroj pro kontrolu kvality primyslové vyroby za 2. svétové valky.
Y. Freund, R. E.Schapire: A decision-theoretic generalization of on-line learning and an
application to boosting. Journal of Computer and System Sciences. 1997.

e AdaBoost algoritmus: sestroj silny klasifikdtor ze slabych.
P. Viola, M. Jones: Rapid object detection using a boosted cascade of simple features.
Computer Vision and Pattern Recognition, 2001.

e Prilom v detekci objektli v redlném cCase.

e Clanek ma 29,099 citaci (google scholar, Nov 2021).
J. Sochman, J. Matas: Waldboost-learning for time constrained sequential detection.
Computer Vision and Pattern Recognition, 2005.

e Optimani nastaveni parametr( sekvencniho klasifkatoru.

e Komeréni multi-view detektor Eyedea Recognition s.r.o (www.eyedea.cz).
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www.eyedea.cz
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Konec
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False Positive (FP) True Positive (TP)
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® Viola & Jones 2004
— Baidu DenseBox (2015/6/5)

| |—Eyedea Recognition (2015/4/28)

Apple iPhoto v9.6

Microsoft Gallery v16.4.3528.331
® Google Picasa (v3.7)

Bitdefender (2015/9/19)
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Image A

Verification
system —» the same / different

Image B



















—human (97.5%)

—Eigenface [Turk et al 1991] (60%)
—Simile [Kumar et al 2011] (84.7%)

| Attributes [Berg et al 2012] (93.3%)

—HighDIimLBP [Chen et al 2013] (95.2%)
DeepFace [Taigman 2014] (97.4%)
dlib [OS 2017] (99.3%)
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Take a selfie

Take a selfie

" Make sure to be in clear lighting

Make sure that your face is in the frame v Keep aneutral background
and clearly visible.

®

» Stay within the frame of the photo
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PURE

COHFACE ECG-Fitness MAHNOB PURE _
MPEG-4 Visual
— 2SR 20.98 43.66 13.84 2.44 5.78 (1)
g CHROM 7.80(1) 21.37 13.49 2.07 6.29
—  LiCVPR 19.98 63.25 7.41 28.22 28.39
< SAMC* — — — — —
Z  HR-CNN 8.10 14.48 (1) 725(0) 184(1)  8.72
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Averaged Verification Accuracies (%) for 5-Fold Experiment on FIW with No Family Overlap Between Folds

siblings parent-child grandparent-grandchild
Method B-B S SIBS FD FS MD M-S GFGD GFGS GM-GD GM-GS  Acc. £ 5td.
LBP [56] 55.52 5749 5539 55.05 5377 55.69 5465 55.79 55.92  54.00 55.36 55.33 £ 1.01
SIFT [57] 57.86 59.34 5691 56.37 56.24 55.05 56.45 57.25 5535  57.29 56.74 56.80 = 1.17
ResNet-22 [58]  65.57 69.65 60.12 5945 6027 6145 59.37 55.37 58.15  59.74 59.70 61.34 + 3.81
VGG-Face [36] 69.67 7535 66.52 6425 63.85 6643 6280 62.06 63.79  57.40 61.64 64.89 + 4.68
+ITML [59] 5715 61.61 5698 58.07 5473 5726 59.09 62.52 59.60  62.08 59.92 59.00 £ 2.44
+LPP [60] 67.61 6622 7101 6254 6139 65.04 6354 63.50 59.96  60.00 63.53 64.03 + 3.32
+LMNN [61] 67.11 6833 66.88 65.66 67.08 68.07 66.16 61.90 6044  63.68 60.15 65.04 + 3.00
+GmDAE [62]  68.05 6855 6733 66.53 6830 68.15 66.71 62.10 63.93  63.84 63.10 66.05 + 2.36
+DLML [63] 68.03 6887 6797 6596 68.00 6851 6721 62.90 63.96  63.11 63.55 66.19 + 2.36
+mDML [41] 69.10 70.15 68.11 6790 6624 7039 6740 65.20 66.78  63.11 63.45 67.07 £ 2.44
ResNet+CF [64] 69.88 69.54 69.54 68.15 6773 71.09 68.63 66.37 66.45  64.81 64.39 67.87 £ 2.15
SphereFace [65] 71.94 77.30 70.23 69.25 68.50 71.81 69.49 66.07 66.36  64.58 65.40 69.18 + 3.68
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g 10 15 5 10 15 5 10 15 5 10 15 5 10 15
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