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Standard Face Recognition Scena

Step 1. Face Detection Step 2. Face Alignment
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Face Matching (Face Recognitior

A) Training the classifier B) Matching two face images
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Recognition of Face Attributes

A man;

A white;

A 45-50 years;

A glasse$ no;

A moustaché yes:
A beard & yes.
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Beauty Recognition

http// www.linkface.cn/face/beauty
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Face Matching



EigenFace#rincipal Component Analysis
(PCAYor Face Matching, 1991
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A Well-known method for dimensionality reduction.
A Building features from the training data.
A Impressive visualization of the basis vectors.

M. Turk, APentlandFace Recognition uskigenFaceés Journal of cognitive
neuroscience 3 (1), 71-86.
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Local Binary Pattern Histograms
(LBPK 2006
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A Fast & robust features for texture descriptions applied to face
recognition.

A ... distance for comparison of histograms.

A Matrix of importance regions (weighted .

T.AhonenA. Hadid FaceDescription with Local Binary Patterns:
Application to Fadeecognition // IEEE Transactions on Pattern Analysis and N
Intelligence, Vol. 28, No. 12, p. 20ZD41.
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Deep Learning = Learning of
Representations (Features)

The traditional model of pattern recognition (since the late 50's
fixed/engineered features trainable classifier

Hall;ldctrafted Trainable
eature Classifier
Extractor

Endto-end learning / Feature learning / Dedparning:
trainable features + trainable classifier

Tlialntab le Trainable
eature Classifier
Extractor
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DeepFeedforwardNeural Networks
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A 2-stage training process: i) unsupervisedtg@ming; ii) fine tuning
(vanishing gradients problem is beajen!

A Number of hidden layers > 1 (usually99.

A 100K 8 100M free parameters.

A No (or less) feature preprocessing stage



FLOPS comparison

Type

Name

Flops

Cost

CPU | Intel Core i74930K (lvy 140 Gflops $700
Bridge), 3.7 GHz
CPU Intel Core i75960X 350 Gflops $1300

https://ru.wikipedia.org/wiki/FLOPS

(Haswell, 3.0 GHz
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Deep Face (Facebook), 2014
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alista_Flockhort_0002.jpg Frontalization: 32x11x11x3 32x3x3x32 16x9x9x32 16x9x9x16 16x7x7x16  16x5x5x16 4096d
Detection & Localization 2152%152x3 @142x142 @71x71 @E3x63 @55x55 @25x25 @21%21
Model # of parameters| Accuracy, %, LFV
Deep Face Net 128M 97.25
Human level N/A ~ 97.64

Training data4M facial images

Y. TaigmanM. Yang, M.ARanzatoL. Wolf DeepFaceClosing the Gap to Human
Level Performance in Felegfication // CVPR 2014.
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Convolutional Neural Networks: Retul
of Jed

filters convolution Spatial spatial
pooling pooling
convolution fully
connected

output
classes

=

input image feature maps
Layer 0 1 2 3 4 5 6

AndrejKarpathyandFetFei CS231n Convolutional Neural Networks for Visual
Recognitiohttp// cs231n.qgithub.io/convolutiometworks

Yoshudengiplan Goodfellovand AarorCourvilleDeep Learning // An MIT Press
book in preparation

http//www -labs.iro.umontreal.catengioy/DLbook
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DeepFacdraining Framework

Step 1. Supervised training for identification
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Big Face database

~1-10M images,
~ 1-5K persons
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Step 2. Use produced features for face matching

-—> Feature 1 >

? "

= Feature 2 —>
=z,

- Cosine metric
- Euclid metric
... metric

- Siamese networks

—> Similarity
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Databases for DeepaceTraining

AFacebookds Soci al Face Cl ass
labeled faces, 4030 people with 800 to 1200 faces each.
Private dataset

A Visual Geometry Group Dataset, Oxford, 2015. 2622 people
with 1000 faces eachPrivatedataset

A CASIANebFaceDatabase, 201410575 people,500K faces.
Public dataset
http// www.cbsr.ia.ac.cn/english/ CASMebFaceDatabase.html
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AT&TDatabase (Olivetti, ORL): 1992
1994

1A A Grayscaleimages, 92x112.
L] A 40 subjects, 10 images per

|
A L][} subject.
SO e d R Different facial expressions,
poses, glasses.
A Studio, single session

F. Samaria, A. Hart®&tarameterisatiaf a Stochastic Model for Human Face
Identification // Proceedings of 2nd IEEE Workshop on Applications of Compu
Vision, Sarasota FL, Decenlioéd.

http://www.uk.research.att.cém
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Face Databases
(benchmarks)



FERET dataset, 1994996

A 2413 still facial images,
representing 856
iIndividuals, studioyo
sessions

A Different facial
expressions, poses, light

P.J. Phillips, Moon,P.Rauss5.A. Rizvi. The FERET September 1996 Database
Evaluation Procedure first International Conference, AVBPRBtansMontana,
Switzerland, March #24, 1997, pp. 395402

http.//www.nist.gov/srd/
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Labeled Facem the Wilddataset, 2007

Qi A Images with faces
A collected from theveb.

4 A Pairs comparison,
restricted mode.

A test 10-fold cross
validation, 6000face
pairs

G. B HuangM. Ramesi.Berg E.LearnedMiller. Labeled Faces in the Wild: A
Database for Studying Face Recognition in Uncon&raimedments AJniversity
of Massachusetts, Amherst, Technical Re@8rtOctober2007.
http://vis-www.cs.umass.edu/Ifw
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Results for Face Matching, LWF (optl
oOoLabel ed out si

Method Accuracy
1 EigenFaces 60,20%
2 LBPFclassic3K features) 72,43%
3 Highdim LBR100K features) 95,17%
4 DeepFace 97,25%
5 Human level 97,64%
6 DeeplD3 99,53%
7 Baidu 99,77%

http:// viswww.cs.umass.edu/lfw/results.html
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Face Detection
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Viola-Jones Object Detector

Very popular for Face Detection.

Different features except HAAR: LBP, SURF/SIFT, etc.
Available free in OpenCV library (http://opencv.org).
OpenCV implementation supports Windows, Linux, Mac
OS, I0S (not officially) and Android.

May be trained with MATLAB tool traincascade.
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Images pyramid for Violdones

¥ i> [Classifier] Q No
,i §> [Classifier] §> No
[>[Classifier] i> Yes
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FDDB: Face Detection Data Set anc
Benchmark

A 5171 faces in a set of
2845 LWF images.

A Special software tool for
testing.

ViditJain and ErikearneMiller. FDDBA Benchmark for Face Detection in

Unconstraingsettings // Technicédeport UMCS2010-009, Dept. of Computer
Science, University of Massachusetts, Amherst. 2010.

http:// viswww.cs.umass.edu/fddb
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Viola-Jones Object Detector Classifie
Structure

Adaboost Learning Algorithm
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P. Viola, M. Jones. Rapid object detection using a boosted cascade of simple f
I/ Proceedings of the 2001 IEEE Computer Society Conference on Computer
and Pattern Recogniti@VPR 2001.

N
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FDDB: statef-the-art
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Face Alignment



3D Face Alignment

Y. TaigmanM. Yang, M.ARanzatoL. Wolf DeepFaceClosing the Gap to Human
Level Performance in Felegfication // CVPR 2014.



