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Abstract Face recognition is a key technology in the field of biometrics, which has been widely concerned by researchers in the
past decades. Video-based face recognition task refers specifically to extract the key information of human faces from a video to
complete the personal identification. Compared with the image-based face recognition task,the changing patterns of faces in videos
are much more diverse,and there are great differences among the whole video frames as well. Current research focuses on how to
extract the key features of faces from lengthy videos. Firstly, this paper introduces the research value and challenges of video-
based face recognition. Then, the developing venation of the current research work is explored. Based on the video modeling man-
ners, traditional image set based methods are divided into four categories: linear subspace modeling, affine subspace modeling,
nonlinear manifold modeling and statistical modeling. Besides, the methods based on image fusion under the background of deep
learning are also introduced. This paper also briefly reviews existing datasets for video-based face recognition and the commonly
used performance metrics. Finally,gray features and deep features are used to evaluate the representative works on YTC dataset
and IJB-A dataset. Experimental results show that deep neural network can extract robust features of each frame after being
trained with large-scale data, which greatly improves the performance of video-based face recognition. Moreover, the effective vi-
deo modeling can help to identify the potential human face changing patterns. Therefore, more discriminative information can be
found from the large number of samples contained in the video sequence,and the inference of noise samples can be eliminated,
which suggests the advantages of video-based face recognition to be applied to a large range of practical application scenarios.
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Fig. 1 Process of video face recognition
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Fig. 5 Examples of datasets for video-based face recognition
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Table 1 Characteristics of various datasets for video-based face recognition
Constraints Dataset # Subjects  # Videos # Frames Highlights
1% Honda/UCSD 20 45 =600 * Indoor environment
2nd Honda/UCSD 20 52 =300 * Indoor environment
Fully Constrained
XM2VTSDB 295 — — Rotation/speech shot
MobFaces 50 750 — Captured by front camera of mobile phone
CMU FIA 180 — 600 * Simulate passport checking scenarios
ChokePoint 29 48 — Walking through portals
. MBGC 146 770 — Walking or take activities such as conversation
Less Constrained
COX 1000 3000 ~411 000 Walking along S-shape route in an indoor gym
PaSC 265 2802 ~600000 Record by controlled camera & handheld camera
1JB-S 202 2424 — Real-world surveillance environments
YTC 47 1910 304689 Collected from YouTube
YTF 1595 3425 620940 Collected from YouTube
Celebrity1000 1000 7021 2452519 Large-scale/ Collected from YouTube/YouKu
Unconstrained 1JB-A 500 2042 51434 Template-base
1JB-B 1845 7011 227641 More uniform geographic distribution than IJB-A
1JB-C 3531 11779 469418 Large-scale
UMDFaces-Video 3107 22075 3800000 Large-scale/Collected from YouTube
iQIYI-VID 5000 600000 — Multimodality
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15 A 80 R 43 SR NI AL 384T 55 B AR BE AT
% . AR AL S b, 8 % 2k ROC (Receiver Operating
Characteristic) % ACC(Estimated Mean Accuracy) # 17 f5 %I
PERERIIE M $5 Ak . Hovb ROC & B T 76 45 8 B0 4% iR 1 2 R
(False Accept Rate, FAR) F A 1) IE 51 2 i %8 (True Accept
Rate, TAR) , 53R 2R MR , IE 5 T 51 280 w5, Ud WD A 250 o 4
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Table 2 Performance comparison on YTC dataset

Algorithm  Gray features Conv-10
DCC 0. 640 0.977
GDA 0.657 0.986

AHISD 0.637 0.959
CHISD 0.663 0.962
RNP 0.703 0.972
MMD 0. 639 0.971
MDA 0.657 0.958
CDL 0.698 0.983
LEML 0.669 0.978
AVE 0.525 0.975
NAN 0.536 0.985

Bkt 22 A o Lo A% Gt AR AR 6 S RE 09 7 vk I Bk T RR AT Al
B0 T IR TE IR E R AE L 3B, 0T LR AL G R 4R A il
7 v o HLAR A, e RNP HUAS T S5 45 8 L 9 HLAH H AR
FH 5 30 A5OKT BE 5 5 S 25 8] A9 7 A B A R T, SR D OE U
A0 24 1 (5 5 - 25 18] B A 2 18] T LA 4550 B AR e 75 RE A A T 48 .
(] Bsf o 6 B I A 7 vk 5 3 Ak CAVED J5 v 19 45 2R 7T DL &k
L AE IR )2 BB R AT 2638 B8 0 AN R I, BIr A 5 36 10 &5 SR AR I T
AVE, X 5843 15 B0 9330 47 A 808 B mT DL S 2% 1% 1 430 7
25 A IO RS 0 0 A AR AR KL

T RHIE Rl G 1Y 5 R TE K B AR AE T R B 25 L (B AE R
FRAE T 45 SR BT, 31X 150 B T IR AR A g 1 00 g 48 7 =% iR
B R AR AT B B9 R B . NAN J7 ¥4 WL LT ¥ AVE f
— P RR R T, 3 U BT ASE TR A A AR B B T LA 4R BT 45
Jo e R B v B A AR R A A T HEBR M AR A 1 T

F 3G TR R )E R EE AR IEAE S BSR RR AR RORAE T A
Pedi v TTB-A B4R By AR 45 R

# 3 1B-A B Ltk aexs Lk

Table 3 Performance comparison on IJB-A dataset

Algorithm  TAR@FAR=1X10""° TAR@FAR=1Xx10"?
DCC 0.561 0.778
GDA 0.754 0.920

AHISD 0.557 0. 800
CHISD 0.590 0.791
RNP 0.790 0.936
MMD 0.739 0.921
MDA 0. 542 0.743
CDL 0.729 0.915
LEML 0.578 0. 838
AVE 0. 750 0.936
NAN 0.849 0.942

H5R2E ML R, R BLRE UB-A BiisE
b R B VG R L B Y TC BCE AR ER A R IR B Y AR



F PR 45 DA U0 0 e £33

57

FER R G AR A &R 7 %, W DCC, AHISD, CHISD, MDA
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Table 4

Performance comparison on IJB-A dataset of representative researches

1:1 Verification TAR

Close-set identification Open-set identification TPIR

Algorithm Backbone Training Data
FAR=1X10"° FAR=1X10* rankl rank5  FPIR=1x10"? FPIR=1x10""

DCC ResNet-50 VGGFace2(3M) 0. 857 0.957 — — — —

GDA ResNet-50 VGGFace2(3M) 0.520 0.782 — — - -

AHISD ResNet-50 VGGFace2(3M) 0.807 0.968 - — — —

RNP ResNet-50 VGGFace2(3M) 0.959 0.983 — — - -

MDA ResNet-50 VGGFace2(3M) 0. 844 0.939 - — — —

CDL ResNet-50 VGGFace2(3M) 0.533 0.798 — — - -

LEML ResNet-50 VGGFace2(3M) 0. 764 0.938

DAN * [26] SENet-50 VGGFace2(3M) 0.910 0.941 0.980 0.990 - —
NAN * [2¢] GoogleNet Crawled(3M) 0.881 0.941 0. 985 0.980 0.817 0.917

QAN * 28] — Ext. VGGFace(5M) 0.893 0. 942 - — - -
Ghost VLAD * 31 SENet-50 VGGFace2(3M) 0.935 0.972 0.977 0.991 0. 884 0.951
DAC *[33] GoogleNet Crawled(3M) — 0. 954 0.973 — 0.855 0.934
C-FAN *[35] Face-ResNet MS1IM(10M) 0.916 0. 940 0.946 0.963 0. 869 0.929
PIFR * [36] ResNet-50 VGGFace2(3M) 0. 955 0.983 0. 990 - 0.908 0.969

DDN * [30] ResNet-101 MSIM(10M) 0.984 0.988 — — — —
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