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Different Deep Learning Techniques for
Different Biometric Traits

Physiological
!
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Identification Using Deep Learning

Deep Learning
Sample

A — - i
@ Trained Classifier Integer Identifier

Use samples of every individual during the training step

Algoritmic

For each template i in Gallery

M(i) = identiry_verification(Fresh, Gallery(i))
end
ID = argmax(M)

Kalaivani Sundararajan,D. L. Woodard, Deep Learning for S T AT T TS
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Identity Verification Using Deep Learning (1/2)

Training

Convolution Fully connected
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Face
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Some Deep Learning Appraoches for Face
Recognition
Recopnition Fully comnected
Method mode Input *Convolution layers wPooling layers layers Classification wmets
Sun et al. [136] Verification 60 face patches dlayers (20X 4% 4 SW, 40 % 3 X 3 SW, 3§ fmax peoling with 1 (160-dim DeepD Joint Bay esian 0
(%9 31 and 0% 3 3LS, 80X 2x 2 US) 2x 2filters) features)
31 % 31 patches)
Sun etal. [135] Verification 25 face pakches dlayers (20X 4X 4 SW, 40X 3 X ISW, 3 fmax pooling with 1 (160-chm Deepl0 Joint Bay edan -}
@x3 x3LS 8 x2x2LS) fatures)
Sun etal [187] Verfication 2% face patches | 4 layens (128 % 4 x 4 SW, 128 x 3 % 3SW, [ joint Bayesian 24
128 3 x 3LS 128 ) DeeplDi2+ features)
Huetsl, [59] Verification 58 58 faces 3 layers 1(160-dim) Joint Bay cdan 1
Medium (6% 585, 32x 4% 4 4Bx 3% 3)
Taigman Verificaticn 152 152 RGB | 8 layers 02 x 10x 115W, 16 x 9 95W, 1(4096-dim) Weighted y? 1
etal [142] faces 16X 9% 918,16% Tx TLE 16 $x § similarity
15)
Zhaetal. [176] Identification %6x 9% Viayers (32x Sx S1S,32x §x SLS, 1(96% % [ 1
gk faces %2 %5 % 515) reconstruction lyer)
Pattabhi ldentification 28 % 32 faces 2hyem 6 X 5% 5 12X 5% 9 Neunal netwark 1
etal [108)
Liu et al. [84] Verification & 7 face paiches 9 layers Yes 1 layer wtma lyer & 7
Identification wiplet low
Zhouet al. [174] Verification 4 face paiches 10layers Yes 1 layer ol lay er 4
Chen et al. [18] Verificaion & | 100 100 faces 10kayers (32 3 3 64 % 3x 3(2), 5 layers (2% 2 7 1(10648-dim) bint Bay cdan 1
Identification I13x 3Ix3, %xIx3192x Ix} mean)
1BXIx3, 26 X IxE 160X Ix3
320 x 3 x3)
Parkhi etal (107] Verificatim 24 %24 fae | 13 hyers (64 X3 s yers (2% 2 3(40%, 4096, 262 | triplet lows metri 1
patches 256% 3% 30 mx-pooling) Iearmy
Schroff et al [128] Verification, 24 % 24 11 layers (84 % 4 layers (3% 3 filters) $(32 128, 32 triplet loss 1
identification & patches B I3, 192 , 128 128) emb edding
clustering 384X 1% 1,384 % 3% 3, 256X 1% 1,
2% x Ix 3, 2%6x 1 x1,256x 3Ix 3)
Wen et al [159) Verification Glayers (128 3 % 3 128% 3% 3 2), alayers (2% 2) 11512-dim) it & center 1
128 3 X3, 256 X 3% 3LS, ks
2% x 3 % LS, 256 x 3 % 3LS)
Sun etal [138) Verificatim 25 face pakches 10 layess (64 x 3 X3,64 X3 X3, 4 (max pooling with point Bayesian
96X 3% 3,9 X 39,192 Ix 3, 2 2 filters)
192% 3% 3,256 % 3% 3,256 X Ix 3,
256 % 3 x LS, 256 X 3% 3LS)

Kalaivani Sundararajan,D. L. Woodard, Deep Learning for ¢ UNIVERSITA DEGLI STUDI DI MILANO
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Examples of Face recognition methods (1/2)

Feature extraction

Convolutional

layer 1 Comvolutional e
a4/ / ; ‘J'ff".z Convolutiona p
22/ 207 layer 3 .
2.l 7/ i 1977 g7 :
[ Py / ! / 4 1
y)- 344 V064 :
- 1;1\4 4 #7128 [' o 4}/ vl 160
¥/ / o~ ) - “DeeplD2
7 | I ] 60 a | g
’ i 30 J " Max-pooling . ¥ layer
70 Max EFL:.U.“_I‘: Max-pooling layer 80
3 aver 1 ayer 2 Cormvalutional
Input layer =¥ ayer

Matching

— PCA for dimensionality reduction
— Log likelyhood ratio

Yi Sun, Yuheng Chen, Xiaogang Wang, and Xiaoou Tang,Deep learning R AN
face representation by joint identification-verification, in Proc. of the

DIPARTIMENTO DI INFORMATICA
27th Int. Conf. on Neural Informatio Processing Systems, 2014.

Examples of Face recognition methods (1/2)

Convl Conv2 Conv3 Conv4 Convs Conv9 FC Sof tmax

Jinguo Liu, Yafeng Deng, and Chang Huang, Targeting ultimate S T AT T TS
accuracy: Face recognition via deep embedding, 2015.
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Some Results for Face Recognition
Table 2. Face Recognition Results: LFW (13,323 Images, 5,749 Celebrities)
Training Verification | Open set | Closed
Methods Arch. Dataset #img #subj Protocol acc (%) acc (%) | acc (%)
Cano etal. [14] Joint unrestricted 9633 + 1.08
Bayesian
Chen etal [17] L8P unrestricted | 95.17 £ 113
Luetal [39) Gaussian unrestricted | 9852 + 0.66
Face
Bestetal [11]  |COTS-s14s4 unrestricted 665 35
Sun et al. [136] CNN CelebFaces+ | 202599 10177 unrestricted | 97.45 £ 0.26
Sun et al. [135] NN CelebFacess | 202599 10177 unrestricted | 9639 +0.13
Sun et al. [137] ONN' CelebFaces+, | 290,000 12,000 Jain 9947 £ 012 0.7 950
WDRef
Taigman et al. NN SFC 4,000,000 1000 unrestricted | 9735 £0.25
[142)
Limet al [84] NN Private 1.200,000 15000 unrestricted 99.41 o580 | 8.0
Chen etal. [ CNN CASIA WebFace| 490356 10568 unrestricted 9745+ 070
Parkhi et al [107] | ONN' Private 2,600,000 2622 unrestricted 98.95
Schroff et al. [128] ONN' Private 100M-200M M unrestricted 99.63 = 0.09
Zhou et al. [174) ONN' Megvii 5,000,000 20,000 995
'll'mgmun etal CNN SFC 4500000 55,000 unrestricted .17 463 3
143]
Wen et al. [153] CNN' | private dataset | 700,000 99.28
Sun et al. [138] CNN CelebFaces+, | 290,000 12000 - 99.30
WDRef
Peng etal [109] NN |CASIA WebFace| 490410 10575 96.60
“Deep learning approach

Kalaivani Sundararajan,D. L. Woodard, Deep Learning for S T AT T TS

Biometrics: A Survey, ACM Comput. Surv. 51, 3, May 2018. DIPARTIMENTO DI INFORMATICA

Age Invariant Face Recognition
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Chenfei Xu, Qihe Liu, Mao Ye, Age invariant face recognition and R AN

retrieval by coupled auto-encoder networks, Neurocomputing, vol. 222, T BRSO e
2017, pp. 62-71.
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Rotation Invariant Face Recognition
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Chenfei Xu, Qihe Liu, Mao Ye, Age invariant face recognition and S T AT T TS

retrieval by coupled auto-encoder networks, Neurocomputing, vol. 222, DIPARTIMENTO DI INFORMATICA
2017, pp. 62-71. -

Face Detection (1/2)

Convolionsl Max-pooling Fully connected  Labels
avs loyer layer

- %
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in, X. Shen, J. Brandt G. Hua, A convolutional neural
network cascade for face detection, in Proc. of the IEEE Conf. on T T
Computer Vision and Pattern Recognition (CVPR), 2015, pp. 5325-53 ;
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Face Detection (2/2)

Train the model on
WIDER FACE.,

VGG16 pretrained
on ImageNet

(Optional) Convert the resulting
bounding boxes to ellipses.

Multiple
Convolutions.

L pauoD

ZpAueD

£ gAUoD

abew jnduj

X. Sun, P. Wu, S.C.H. Hoi, Face detection using deep learning: An

improved faster RCNN approach, Neurocomputing, volume 299, 2018,
pp. 42-50.

Perform hard
negative mining,.

Fine-tune the model on FDDB. Lower- and
higher-level features are concatenated.

Class

i prediction

H

2

= BBoK.
Regiession

Feature Concatenation!
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Estimation of Fiducial Points

Cascade Level 1

Input Image

L~

’ Local Patch CNNs Refned Prediction %,

‘
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H. Fan, E. Zhou, Approaching human level facial landmark localization by

deep learning, Image and Vision Computing, vol. 47, 2016, pp. 27-35.

Combined Result

\
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Age Estimation

e
features
Inputimage Festure extraction
using CNNs.
Dimensionality
reduction
Reduced
feature
vector

Estimated age.

Age estimation
using FENN

(a) (b) (c) (d) (e)
(h) (i) () (k) (1)

A. Anand, R. Donida Labati, A. Genovese, E. Mufioz, V. Piuri and F. Scotti, Age estimation based
on face images and pre-trained Convolutional Neural Networks, in Proc. of the IEEE Symp. on

Computational Intelligence for Security and Defense, pp. 1-7, November 27-30, 2017.

UNIVERSITA DEGLI STUDI DI MILANO
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Some Results for Age Estimation

Testing Training
Attribute| Dataset | #img Methods Arch. Dataset #img | #elasses | MAE | Acc(s)
Guo et al [49] BIF + 198
KCCA
Guo et al. [45] a
MORPHI |S-fald OV  Huerta etal [62) N MORPHAI | 55034 | Rege 188
2635 Yietal [162] o MORPH-I 10630 | Regr 164
Qi etal [111] O | MORPHAI | 47582 | Rege 141
Lietal [81] o | MORPHAI | 10500 | Regr 161
Age Wang et al. [151) o | moReH 0330 | Reg am
Liwet ol [83] o MORPHHI Regr 289
Rothe et al. [121] o' | MDBWiki | 523051 101 2.68
Han et al [52] o IMDEWiki | 523051 | Regr 10 53
5-fald OV Levi etal. [79] o Adience 26,000 s 8470 422
Adience Lin et al [£3] o’ Adience, 982407
MORPH-1I,
Chalearn
Rothe et al. [121] o 52051 E] 966409
Lauet al [§3] ONN
Chalearn Ranjan et al. [116] o' 7,000 Regr 0358
Adience,
MORPH
Rothe et al. [121) o MDBWiki | s23051 101 0zs2
Liuet ol [87) (=8 CASIA 1315000 0287
WebFace.
MORPH-II
Ranjan et al. [115] CNN' | MDBWiki, | 299818 | Regr 0293
Adience.
MORPH
Han etal [52] o' MDBWiki | s23051 3 0.289

CV, cross-validation: LOPO, leave one person out
“Deep learning approach.

Kalaivani Sundararajan,D. L. Woodard, Deep Learning for

Biometrics: A Survey, ACM Comput. Surv. 51, 3, May 2018.

UNIVERSITA DEGLI STUDI DI MILANO
DIPARTIMENTO DI INFORMATICA

30/10/2018



30/10/2018

Gender and Ethnicity Estimation

1X1 CONV
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XY ¥ RN
o

RoR Architecture Weighted
Loss Layer
@
RoR. ImageNet  IMDB-WIKI-101 Adience Age and Cender

K .Zhang, C. Gao, L. Guo. M. Sun, X. Yuan, T.X. Han, Z. Zhao, B. Li, Age R AN

Group and Gender Estimation in the Wild With Deep RoR Architecture,  § T BRSO e
IEEE Access, vol. 5, 2017.

Some Results for Gender and Ethnicity
Estimation
Testing Training
Attribute| Dataset | fimg Methods Arch. Dataset gimg | Sclasses | MAE | Aceim)
- Guo et al. [49) BIF + - - - - 9845
KCCA
MORPH-I - Guo et al. [45] BIF + - - - - 9535
KPLS
Gender 42,635 Yietal [162] CHN' MORPH-I 10,634 2 - 97.90
44534 L et al. [81] NN MORPH-I 10,500 2 - 98.48
Han et al. [52] CHN IMDBWiki | 573,051 2 - 350
AR 1,275 Jiang et al. [£7] CHN' FERET, 10,500 2 - TO.50
CAS-PEAL
9,288 Juefei et al. [£9] CNN | MugshotDB, | 55,003 2 - B5.62
Pinellas
Adience | 5-fold OV Levi et al. [79] CHN Adience 26,000 2 - BEAD = 1.4
Ethnicity | MORPH-I - Guo et al. [49] HIF + - - - - 9595
KCCA
- Guo et al. [45) BIF + MORPH-T 10,634 2 - 99,0
KPLS
42,635 Yietal [162] CHN' MORPH-I 10,634 2 - 9860
Han et al. [52] CHN IMDBWiki | 573,051 1 - 354
CV, cross-validation; LOFO, leave one person out.
"Deep learning approach.

Kalaivani Sundararajan,D. L. Woodard, Deep Learning for UNIVERSITA DEGLI STUDI DI MILANO

Biometrics: A Survey, ACM Comput. Surv. 51, 3, May 2018. X J | DIPARTIMENTO DI INFORMATICA
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Emotion Estimation

Comn layer 1 Cou layer 2 Com layer FC1 FC2
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N. Jalln, S. Kumar, A. Kumar, P. Shamsolmpall, M. Zargapoor, S T AT T TS
Hybrid deep neural networks for face emotion recognition, T BRSO e

Pattern Recognition Letters, 2018.

Fingerprint
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Latent Fingerprint

Reference database

SR ¥ S

Virtual minutiag 1

1| Minutiae
1| matcher
4

Texture
matcher

ConvNet-based Dictionary-based 1

| Comparison
==I1

Latent+ ROI
Candidate | Rank

Dictionary-pased Gabor filtering

L3
E|
Ridge flow Ridge I
estimation enhancement =
Minutiae set 2 Ds={Ds,.1. Dsy.2.... Dsr.14}
P, : - &
Minutiae ConvNet-based L;g_ B
extraction descriptor =

K. Cao and A. K. Jain, Automated Latent Fingerprint Recognition, in IEEE R AN

DIPARTIMENTO DI INFORMATICA

Trans. on Pattern Analysis and Machine Intelligence, 2017.

Some Results for Fingerprint Recognition

Dataset Methods Representation EER(%) Rank1 (%)
Hong et al. [57] Gabor 24.34 -
FVC 2002 Chikkerur et al. [22] STFT 2199 -
Sahasrabudhe et al. [122] cRBM™ 22 65 -
Sahasrabudhe et al. [123] cDIBN 23.95 -
NIST 5027 COTS latent AFIS COTs - G7.0
CAO et al [13] CNN" - 65.0
WVU DB COTS latent AFIS COTs - L0
CAD et al. [13] CHN - 75.0
"Dieep learning approach.

Kalaivani Sundararajan,D. L. Woodard, Deep Learning for UNIVERSITA DEGLI STUDI DI MILANO

Biometrics: A Survey, ACM Comput. Surv. 51, 3, May 2018. %/ | DIPARTIMENTO DI INFORMATICA
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Live fingerprint acquisitions?

P s NN
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* Non-linear distortions d’f"? y Q”—" \\ by

Kalaivani Sundararajan,D. L. Woodard, Deep Learning for T S S ST
Biometrics: A Survey, ACM Comput. Surv. 51, 3, May 2018. - DIPARTIMENTO DI INFORMATICA

Fingerprint Classification

- - " = Input
Drlentatl(—)’n Field E)dractlonJ 1650x1x32x32
5 Convolution
64: 3x3 filters.
Convolution
64: 3x3 filters.

Max-pooling
2x2, stride: 2

Convolution
128: 3x3 filters

Convolution
128: 3x3 filters

Fie 5. Vil o e e ctacon i ' o

ROl Segmentation
Flatten
8192 Neurons

Fully Connected
32 Newurons

Fully Connected
4-5 Neurons.

Output
Softmax Probabilities

UNIVERSITA DEGLI STUDI DI MILANO
DIPARTIMENTO DI INFORMATICA

J. M. Shrein, Fingerprint classification using convolutional neural
networks and ridge orientation images, 2017 IEEE Symposium Series on  {
Computational Intelligence (SSCI), 2017, pp. 1-8.

30/10/2018
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Minutiae Extraction

Output: Minutiae probabilities

Input: Fingerprint
2 Surrounding
region

Query: is the central pixel
part of a minutiae point? Yes

MENet:
Minutiae No
Extraction ||
Network 01 09

»{  Detect NEW blobs

Threshold

START

Threshold = 1.00
Calculate

orientations

Decrease iteratively

END
Threshold = 0.98

UNIVERSITA DEGLI STUDI DI MILANO

L. N. Darlow and B. Rosman, Fingerprint minutiae extraction using deep
DIPARTIMENTO DI INFORMATICA

learning, IEEE International Joint Conference on Biometrics (I1JCB), 2017,

pp. 22-30

Pore Extraction (1/2)

30/10/2018

Image /

s
/ Convolutional
/ Neural Network
e
Estimation of

the coordinates
of the pores

Pore coordinates P

Pe¥er

%4— Post-processing
s

-

Max-pooling Convolutional
layer

Convolutional Max-pooling Convolutional
Image / layer layer layer layer

1 filter

3 x 3 kernef ay x ay pixels

Padd —K[u ;)

Padding (52, 21)

UNIVERSITA DEGLI STUDI DI MILANO
DIPARTIMENTO DI INFORMATICA

R. Donida Labati, A. Genovese, E. Mufioz, V. Piuri, F. Scotti, A novel pore

extraction method for heterogeneous fingerprint images using Convolutional
Neural Networks, Pattern Recognition Letters, Vol. 113, 2018, pp. 58-66.
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Quality Estimation

Convolutional Max-pooling Convolutional Max-pooling  Convolutional Relu Convolutional ~ Softmax
layer layer layer layer layer layer layer classifier

Image /,

10 filters 25 filters 250 filters 2 filters

nxm pixel 3 x 3 kernel 2 3% 3 kernel 2 classes
a, % a, pixels as % as pixels ag % ag pixels a; % ay pixels

[ rore
D Not pore

R. Donida Labati, A. Genovese, E. Mufioz, V. Piuri, F. Scotti, A novel pore
extraction method for heterogeneous fingerprint images using Convolutional
Neural Networks, Pattern Recognition Letters, Vol. 113, 2018, pp. 58-66.

UNIVERSITA DEGLI STUDI DI MILANO
DIPARTIMENTO DI INFORMATICA

Iris
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Iris Recognition

a

N. Liu, M. Zhang, H. Li, Z. Sun, T. Tan, Deeplris: Learning pairwise filter
bank for heterogeneous iris verification, Pattern Recognition Letters, vol.

82, 2016, pp. 154-161.

UNIVERSITA DEGLI STUDI DI MILANO
DIPARTIMENTO DI INFORMATICA

Some Results for Iris Recognition

Dataset Methods Representation EER(%)
Daugman et al. [24] Gabor B35
MICHE-I Raghavendra et al [113] LBP 22
Raja et al [114] SAE 3.93
Daugman et al. [24] Gabor 357
VSSIRIS Raghavendra et al [113] LBP 945
Rajaetal [114] SAE 170
Weinberger et al. [152] LMNN 173
Q-FIRE Liu et al [85] MDML 167
Liu et al. [86] CNN' 0.15
LG2200 Daugman et al. [24] Gabor 712
Gangwar et al. [41] CNN 2.40
LG4000 Daugman et al. [24] Gabor 530
Gangwar et al. [41] CNN 1.82

"Deep learning approach.

Kalaivani Sundararajan,D. L. Woodard, Deep Learning for

Biometrics: A Survey, ACM Comput. Surv. 51, 3, May 2018.

UNIVERSITA DEGLI STUDI DI MILANO
DIPARTIMENTO DI INFORMATICA
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Iris Segmentation

Convolutional Encoder-Decoder

|:-

RGB Image Conv + Betch Marmslizstion + Rell)
B ocling I Ussamgting

OQutput

Segmentation

A. Uhl, Iris Segmentation Using Fully Convolutional Encoder—

Decoder Networks. In Deep Learning for Biometrics, Springer, Cham,
2017.

UNIVERSITA DEGLI STUDI DI MILANO
DIPARTIMENTO DI INFORMATICA

Other Biometric Traits
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Electrocardiographic Signals (ECG)

Feature vector V/ Closed set Identification

tabel

Verification

Template T,

E_‘_Database_._j

| | Template T,
| | 5|gr=a| a .
LN(({ prep s5ing Feaium extraction

Matching score

Conw +
Con + Conv + RelU +
Com + Rel.u- Conv+ RelU s Conmv+ RN+ | Fully-
RelU  Max-poaling Max-pooling  Rell  Max-pooling L&N Fell Drapout 0.5 | connected  Saftmax  Labels

:>I>®<I>®<I>Q]><l><l>< |

167x1fiters 3x1kermel 325w 1fiters 3xlkemel G45x1fiters 3x1kernel 1287 x 1 fiters 1557 1filters 2568 % 1fiters | n,outputs  m, outputs  n, classes
stride 1 stride 2 stride 1 stride 2 stride 1 stride 2 stride 1 ide 1 stride 1

R. Donida Labati, E. Mufioz, V. Piuri, R. Sassi, F. Scotti, Deep-ECG: R AN

Convolutional Neural Networks for ECG biometric recognition, Pattern A AR O D I ORI
Recognition Letters, 2018.

Some Results for Speaker Recognition
Testing Training
Dataset #trials #suhj Methods Arch. Dataset #trials #suhj EER(%)
SRE 2012 C2.C5 - Lietal [78] | UBM-EM SRE 2012 - 1,918 218
(4098)
DNN L6
Ccz 1040 Kenmy DNN SRE 2012 1432 1,040 2.16
et al. [70]
SRE 2012 male Loop | Vasilakakis | GMM SRE 2012 26,920 1518 045
training et al [148] training data
data
DBN’ 0.58
SRE 2010 - 7196 | Garciaetal | MM | Switchboard | 33,039 3,114 692
telephone [42] I&DN
420
Saleem SRE 2004 & 218
et al [125] 2005 & 2006
SRE 2006 51,068 816 Ghahabi ivector | SRE 2004 & 6,000 - 7.18
et al. [44] 2005
DEN 644
Chahabi REM’ SRE 2004 & 6,125 - 758
et al. [45] 2005
Gnahabi | DBN& | SRE2004 & - . 176 00000500000
et al. [47] DNN 2005 & 2006 :
“Deep learning approach.
Kglaivan_i Sundararajan,D. L. Woodard, Deep Learning for UNIVERSITA DEGLI STUDI DI MILANO
Biometrics: A Survey, ACM Comput. Surv. 51, 3, May 2018. ) DIPARTIMENTO DI INFORMATICA
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Some Results for Signature Verification

Datasets Methods Representation EER(%) FAR(%) FRRI%) Acc{%)
Fallah et al [34] Mellin transform, MFCC, etc. 30 - - -
SVS 2004 Anszari et al. [6] Puzzy modeling 246 - - -
Fayyaz et al. [38] SAE 2.15 - - -
Lai et al. [75] NN 237 - - -

Ferrer et al [39] Geometric features - 13.12 15.41 B6.AS

GPDS-300 Wargas et al. [145] High-pressure pts - 14.66 10.01 BT.GT

Ribeiro et al. [118] BN - 14.67 20.25 B2.BS
Hafemann et al [51] CNN 10.70 9.08 20 60 -
Haemann et al. [50] CNN 347 513 6.55 -

Dey et al. [29] CNN - 2317 2317 76.83

" Dieep learning approach. W % N
%éz%ﬁ N
= D
A b
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Some Results for Palmprint Verification

Recopnition
Datasets Methods Representation Accuracy( %) EER(%)
Lu et al. [90] Enhanced GRCM B0 -
Mu et al [157] Quaternion PCA+Quaternion DWT SREZ
Polyl Jia et al [65] KPCA on HOL %973
Jalali et al. [54] CHN 9998
Minaee et al. [102] Scattering networks 100.0 -
Dian et al. [30] CNN - 00443

" Dieep learning approach.
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Some Results for Gait Recognition
Datasets Methods | Representation | Accuracy(%)
Different views
Kusakunniran et al. [74] CCA 68.5
Yuet al. [164] GEI+NN 2376
Wu et al. [156] CNN B4.67
Yan et al [159] CNN 30,55
Alotaibi et al. [3] CNN 85.51
CASIA-B Hossain et al [58] RBAM® 92.50
Wolf et al. [155] 3D-CNN' 97.35
Different scenes
Hu et al_ [60] LF+iHMM 7176
Kusakunniran et al. [73] sTIP 79.66
Yan et al [159] CNN 95.0
Alotaibi et al. [5] CNN 86.70
OU-ISIR Muramatsu et al [103] TCM+ 7280
Muramatsu et al [104] wQVIM 70.51
Wu et al. [156] CNN 948
Zhang et al. [166] CNN 80.50
Shiraga et al. [129] CNN 90.45
Li et al. [80] CNN 95.04
* Deep learning approach.
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Impact of Deep Learning in Biometrics

* Feature learning

* Invariant representations

* Generalization capability

* Beyond bag of words features
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Real-World Applicability

* Beyond face and voice recognition
* Scaling up in terms of identification
* Large-scale datasets

* Dataset quality

* Computing resources

* Training speed-up

* Behavioral biometrics
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