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Method for cross-age face recognition based on identity-age sharing features

ZHANG Zikang', YIN Songfeng’, CAO Liangcai’, LIU Cheng’
(1. School of Electronic and Information Engineering, Anhui Jianzhu University, Hefei 230601, China; 2. Hefei
Institute for Public Safety Research, Tsinghua University, Hefei 230601, China; 3. State Key Laboratory of Precision

Measurement Technology and Instruments, Department of Precision Instrument, Beijing 100084, China)
Abstract: Removing age-related features from face features to obtain pure identity features is an important
means to achieve cross-age face recognition. However, the mainstream identity feature extraction methods
ignore the processing of identity-age sharing features, resulting in incomplete extracted identity features. To
this end, a new method of introducing identity-age sharing features was proposed, decoupling mixed face
features into pure age-related features, pure identity-related features and identity-age sharing features, and then
multi-dimensional coupling of pure identity-related features and identity-age sharing features to obtain
complete identity features and effectively improving the accuracy of cross-age face recognition. The proposed
method achieved a recognition accuracy of 97.07% on the face aging benchmark dataset Age-DB30 and
99.73% on the LFW dataset, demonstrating the effectiveness and advancedness of the proposed method.

Key words: face recognition; age invariant; transformation; canonical correlation analysis
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Fig. 1 Model framework of age-invariant face recognition

ASGR A NEAESEPUS PR AL T Transformer
ZAF I CvTU B AY . CvT AL o 45 AL AL B 5
A %] Transformer f#4E, fii HLELAG T B R 2 0 26
(convolutional neural networks, CNN) 5 Transformer
X2 2% JE A Y OC R o R EE T AR Y CNIN R
# Transformer 2244, CvT # BY 78 42 BURFE 5 B
T MERETT R, I HSHH />, ARSCH LT Transformer
R BY CvT ASERY R4 T ik, 7 Bk e ) A T 4

B B, i RN TXT AR R AR, DR 2
A PG A B i B T 50T A4 P L BB R T 2%, 3 K
IN; ARSI EYSR 7SS
1.2 FHERFBIRIR

PAAE B AT 5 R HI 2 03 2 5 300 B 403 5 A A
SRR RRAE AT AR, 200 T Sk oy B R S
L/ AT BE, d B LE R AR BROG o N T S S B
TP AR SR TUAR A AR 8 5 5, AN SCHR Y — PO Y



NFG2E 2023,44(3)  SKTRRE, &5 3T B 0y AR i S RRAE 04 5 AR 0 AN TR ik . 567 o

NIBAFAE AR -RE S RESE, An1&] 2 FT 7

Age feature space

L :
[ oo
, @
f)" .
s g™ P r— °" o
> ® o\, Fame S jFeaturey - o
i L] ° decoupling "\\ /S lcoupling 7 'Y
° / 5, -
- . I '\‘ . Shared ¢ W
H v, feature space - .
Mixed feature space % e R | Complete identity
o 0 ® =sd feature space
.0 @

Identity feature space

® : Age feature
: Shared feature
® : Identity feature

E2 REFIEBRBHEETEIELR
Fig.2 Deep feature decoupling-coupled learning framework
B I TR A AR R 1] Xopuge € ROV, J2 HT TR
R A B ORE e T D AHY PR T 2 I (X g =
T(D), & AN AR AT -

Xeorude = Xpure id T Xpure age T Xshared (1)
s Xpure 101 Xpure age 73901 2 715 200 B 173 5 AIE F 41 4F
BRI 5 Xoparea QSR A 2 A1 5 0 S 2 AU HRAE . BETE
M UL, A ST T — A JBISCHR [12] i 23k
FITE T PR B il 41 L 2 R AR, B O I 2 R AR
PEEUR ER (shared feature extraction module, SFE), H:
SERIANTEL 3 BT o R FLAR 223 o I n] oy B R B
T FNAF IR AR, R AN F

Kivared = Mspr(Xeruae) (2)

KXseparavle = Xerude = Xshared (3)
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Fig.3 Structure diagram of SFE
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FRHR (initial identity augmentation modules, ITA) F1 %
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Fig.4 Structure diagram of VRM
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Table 1 Adopted data sets

Datasets Identity Images
MSIMV2¥ 85742 5774205
AgeDB-30"" 6000 pairs 12000
CACD-VS™ 4000 pairs 8000
CALFW " 6000 pairs 12000
LFW™ 6000 pairs 12000

AgeDB 30 CACD-VS CALFW LFW

PositiveE ‘o] . ANy

airs i v W
-G A B

. &) - '-1; AE ‘f? —_ ’: =~ %“
Negative ] SEAL) 8 L2
pairs [y § = - \ :- 41
BLo |3 ¥l

e » ” I 2 U

Es5 ikl
Fig. 5 Examples of test
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FH CosFace it 2k #E A7 Wi B 2 5 5) MR B 1oy 1 5 A
He(TIIA) 34 58 e SR A B B B 1 B 015 8., 13X
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SRIG HEAT oA X HUAb R . YN 244075 . 1 Se 4 4E
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25, 26~35, 36~45, 46~55, 56~65 % Fl 66+, X
J& AR AR I3 21 AF W B 28 R AT AR A THAT 555 Ul A
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35 % (o FHBENLAR FE R B IL XTI 48 B AU R 17 LAk,
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‘B momentum K /N A 0.9; {# F 1Bk GPUNVIDIA
V100) H A7 I Y 25 . MK IR 5% : Python3, pytorch
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TEAMRBEAZ AN SR E DAFAEL
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Table 2 Accuracy of different methods on four

data sets Acc/%

Method  AgeDB-30"" CACD-VS®™ CALFW"" LFW®

DALY 95.98 99.40 — 99.47

MTLFace!'” 96.23 99.55 95.62 99.52
ISF(Our) 97.07 99.58 95.73 99.73

2.4 JHRASILR

Ry #2003 BT B O AR i I SRR X AR I N
J R AT 55 52, 78 3 S A e g 4 kT
THALSZE . 1) Baseline: EL32R A CvT P 45 42 HL
B RRAE ] i E AT B R0 . 2) Baseline+Age: £
1) RN b, S AR I AG T 55, JF i o B W
AR RN B A AR VI ZRAE RS . 3) A SCHE Y ISF: i
ISF J7 % 3 S NS e AT VAL . 23 BoR T
TH Fil S g6 R 25 2R, 7R3X 3 DU 4R ke 4
FHEAIE T A SO 2 A bk

®3 HEXE

Table 3 Ablation test Acc/%
Model AgeDB-30 CACD-VS CALFW
Baseline 96.23 99.14 95.27
Baseline + Age 96.25 99.18 95.30
ISF(Our) 97.07 99.58 95.73
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