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Age Invariant Face Recognition Based on Deep Learning

HE Xing-Chen' GUO Yong' LI Qi-Long' GAO Chang®

Abstract Facial appearances such as shape and texture are subject to significant intra-class variations caused by
the aging process over time, resulting in the performance reduction of face recognition. To overcome this problem,
this paper proposes a novel method (age decomposition convolution neural network, AD-CNN) based on deep con-
volution neural network to learn age-invariant face features. Firstly, the AD-CNN utilizes convolutional block atten-
tion module (CBAM) to extract facial features and estimates age factors by linear regression. Then, the facial fea-
tures and age factors are projected into the same linear separable space by multi-layer perceptron. Finally, the age-
invariant face features can be obtained by separating age factors from the whole facial features. Here, the improved
angle loss function is considered to guide the training process. The proposed AD-CNN achieves 98.93%, and 90.0%
recognition accuracy on MORPH and FGNET datasets, respectively, which demonstrates the AD-CNN with a great
potential for age-invariant face recognition.

Key words Face recognition, age interference, deep learning, age estimation, convolution neural network attention
model

Citation He Xing-Chen, Guo Yong, Li Qi-Long, Gao Chang. Age invariant face recognition based on deep learn-
ing. Acta Automatica Sinica, 2022, 48(3): 877—886

NG R & — A BB b Al (E SR B ]
R, DRI DA EL 2 R S P 3 57 i 52 BBROR B 2 (R S
H AT — 28— BN R 7 50 72 LA S HE I
CBG BRI RS, Hilt T N A S A2 15
KIIENTI (InRAE. el ke SE) AT T

ek H A 2019-03-28 A HH 2019-09-24

Manuscript received March 28, 2019; accepted September 24,
2019

K H AR 5E 4 (41574136) B

Supported by National Natural Science Foundation of China
(41574136)

B TAERE XF L

Recommended by Associate Editor LIU Qing-Shan

1. RHEREE TR A5 BB SRS B AR 610051
TREAHERY) B 22 e JA 610051

1. College of Information Science and Technology, Chengdu
University of Technology, Chengdu 610051 2. College of Geo-
physics, Chengdu University of Technology, Chengdu 610051

2. JARER

AE THT W B8 K PR R . G mp B2 08 A8 A i 5 /S () 28 P AR
AT SR RV 22 SIZ B o7 A B 26 B, 34K 2 451
(49 2 B N I 2 78 26 P A0 S e S N« IR AR 1
KOANE TAESE. AT H A4, S8 A L1 A1
BT IR (G s 27 R0 ) FARR (anA: 3G SR 0
AETT ), PLRBEE SRS A3 K B SO A
RS R A B3 SO, XA o) A A AR 1S
PRISE. TR0k, 381 A R 4F 68 1 1 — S0 N IS TR S A 7Y
TE Ak B 5 45 85 U AT 45 I JE k45 B HE A8 1 45

2015 4 Chen %57 [R5 57~ 7 15 A28 TR AT 55
— M N R A R 1 IE A R S BRI 13% LA L. AR Rk
RSB H) S A TR IO (1) P e 4 8 TP 1 A TR
ST A R Tk TR A R E — A a2 AN
W R R AT AR, SRS R N T R s 3T R



878 H 3

48 %

¥ i

SO A R R A S B IR kR AR U R AR PLAR
e PR b S A s SR A RSORER ) R )
AR HE S AR, ek Dl 2 o 1 07 AR )
PERE, I B A s R A= Rl i) T P50 AN AR
E, 235l NFAM P 3 A R A R TR R )k
TR R4, PR, o 0 AT F BT 55 il g e B 4
RIP IR, AR SCARTCHE H IR BEAR Y 1 2 J& T 4031
TR ) Y .

FIMERL B FER NIRRFAEREAT 7 85, G B 4F
W AHORARFAIE, 2 HUAF 8 T I R B 0 R AIE 0 A B2 $i v
NIRRT A e 1. Ling S8 A% FHBA FE T W) 4 5
£ (Gradient orientation pyramid, GOP) /£ N4
W ANAS IR AE 7R SZ M = AL (Support vector
machine, SVM) 1E &R R H)73 K 8. VF 2 H
R AE BT IE A RHIE AR 2L EC R G T
8 TIRAFIT, AHR 2 BT AR B & TS
BN T RERSE T AR S0 R 5 R 0T,
Gong ZF4E T BB R 1 3 #r 77 % (Hidden
factor analysis, HFA), ¥ A\ BT 5 EG R s N TE
TR RE RS 1 B Ay 5 B0 S R T 28 ORI
HoAt g FIH &, s Sy ARFAE L2 FH T AR A
AR R T EB A, A AT R B EE B KA (Expectation
maximization, EM)ﬁ/ﬁﬂﬂﬁl+@%ﬂ’j§ﬁ, FFit—
AP H B O RRAIE. Li 5507 $R T X 3ot o 4%
(Local patterns selection, LPS) {E N5 EE A iR
A EHT R RR R, SCHR [18] $8H T — Pk s 4F
2% Ymtd (Cross age reference code, CARC) ]
ZRIDHELE, CARCHENS (1 HI AR WS A AL 1 228 7% (] %)
N EUE R AR BEAT G A R JEE 2 2] DR LA S
BARFAE T B o) — R VARSI R S R £
AR RE T 52 BT V2 R0E, ML T, BRI AE S B
JE R Al B B LA BT R PRy SE 40 2K bR R
TEUS RS R AL PR AR % 22 10 Wen 250V 4 tH—
BIER T 5] SFERMAE ML (Latent factor guided
convolutional neural network, LF-CNN) #2743k 2%
SUERAR IR ERE. Xu P H 7 —FhaEZk
PEJTVE RSy B BEANRHIE DLIRTS SRR AE, 42 tH AR
FHEE BB gL 38 M 4% (Coupled auto-encoder
network, CAN) [FJf& M2 A &R HBANERE
PREE WX 28 Hr 4 AN H 3 9 A 2 DLIE B S0 AN 3 22 0t
2. Wang &R0 $& H IEAZ iR A CNN (Orthogonal
embedding convolutional neural network, OE-
CNN) #5888 DL FE 50 A0 7 e B > 1E 22 9
DA 7S A 08 R B 47 R T SRRAIE . AN SCRE TR BT 5 ) 4
7 MO PR TP N R R ST AD-

CNN (Age decomposition convolution neural net-
work), W1 1 Fos. 25 i R R i bn 28 A0 B 4y
PR%%, AD-CNN R SEBLAE B Al v 55 AN iR )
155, B 1A f O R i 5 B A A B
AT ERRFAL, 55 2 AR R T O A ]
R SS Fr SR LRI SR AL, R AN EH )
FE 2 1) 2 2 B AHL (Multilayer perceptron,
MLP) [ %% e 445 IR AR SCIA 7, 38 1 AN F
ik PP 2 AR TR T 3RS AR R AN AL . b, AD-
CNN fEFLL W 2 R ] T 48 (R FE B I BL, =58
SRR TR AL 5 DI R 3 3 AR 4% ] F) A AR %
. T AFAERU L R,
1 EFRTFHRE AMIRAEE

SR R AE 55 [ PRHEAE T4 8% 1 A2 2 T 31
BORMISEAARL (N S S A GCE ), (HIE I 52
FATAT LURB, [R]— 4R i B AN [N A T 8 P 5
HAAMFRRFAE (NS EK), BEAMA—A A
FEANF R4 i BUAR 2% oA O 23t 25 30 0 R ALE DR 5 A
xR E BPIRES . DRIk, ASSCR H br 2 2 TR
Bk — M T3, DENS A SR SRS
FRIRFALE A7 28t 2 20 4 e AN AR R o

Gong %" Fl Wen S52Y )5 708 1 15 AN 2
ST TT 0 P SR IR B R AE LM 20 A O A s
AERPUF 8 TP B Oy R P Wang S5°0 1
K VB B R AL 15 52 73 R D 4R e R R AT B 0y R A1k 1

AN B | b B e R e G S T L B i e

BEATHRE 22 2) . 2 BVRJIEIR K, AR SCER] T30
Wk [12, 18] (EAE, KR B B 22 R 45 S B 21 1Y
JRUGTR SRR V2 SRR S SRR TE IR I 5 10 s
AEAE e 4 23 ) (R ML &, IR A 2 2 P RE S
S STAT AT RART BR 03X — B R PR AR 2Rk A 1)
SHEARHESAT 740 8. BRI, B eE it
55 AT AR AR AIE P SR SR SRR AL, i 5 I
T 2 BROEUR ) 2 2 BRI LA R Ak A (] i
FVR £ RFALL T AE ) v e e VE 23 1), B i TR 5 AL
HH 25 S R IR R B T HUAS BRI TE R ) A RS
LTI 58 RS 3 7RI 55, AN RE TR A

y = f(t—h(z)) (1)
f(x) = relu(Wiz + by) (2)
h(x) = relu(Ws[relu(Wax + bs)] + b3) (3)

Hr, ¢, o, y #2128 4k R, ¢ Kol A KB
BEAFFE, @ Rom WEERAG TSRS R R RFAE, o
TR EFR TR IONBTELERFAL, Wi, Wy, Wy Al



3 3 R JRAE: 2T IR ST P  TRA NS IHA 879

R AL

__________________

| [3 x 3,128
3 x 3,128

FRZEH 2

e== Batch normalization

e= Conv + Relu

-

B iR AT S
2k AM-softmax
(000000000

% EIRAHL

[3><37256]><6: ' [3>< ,
3 x 3, 256 x

Bl1 AD-CNN HA
Fig.1  The architecture of the proposed AD-CNN
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Fig.2  The structure diagram of residual block
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Fig.3 The overview of CBAM attention module
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Fig.4 Diagram of each attention sub-module
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%1 R FONET R b 2%
Table 1  Recognition rate of different method on FGNET
I P (%)

Li £ (2010) 47.5

HFAL! (2013) 69.0

MEFA (2015) 76.2

CAN® (2017) 86.5

LF-CNN®! (2016) 88.1

AT5% 90.0

£ FGNET #, 2 #H MER A5, IF
H'5 MORPH H 473 fi thA A, /£ FGNET 1,
KY) 61% WIFEAARZE] 16 % . HXT MORPH %4
£, BTE N EE 16 % . Bk, A %IRRTy
RAER AR A R IR A 0K FGNET H )
KRR AR 0 T 0 ~ 4, 5~ 10, 11 ~ 16, 17 ~ 24,
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25 ~ 69 TLMFRCE, & 2 45t T A 4EE BN Rank-1
.

* 2 AL FGNET HiEE F&AMER BT
R A IE AR

Table 2 Performance of our method on different age
groups on FGNET
AR K JRARFFIESRE LS (%) ASCTTIE (%)
0~4 193 60.40 67.30
5~10 218 86.86 89.12
11 ~16 201 92.43 95.81
17~ 24 182 94.63 98.01
25 ~ 69 208 99.09 99.54
0~ 16 612 80.30 84.43
17 ~ 69 390 97.01 98.87

I LVE H, ARSCOTEAE T A F R4 Bt T
CNN LR 3R W 45 i AN AR 1 RF AL BE % 1 Dy 3t
MR GERFAE T 73 B OF R RALE . (H BRI = 2,
FEBL/IN I B P R 45 RABUIR, 3X02 RN FE 4
N AR J e B AN SR AR K, 5 R I I L
T AR ARF AL A BT T 22 5.

2.5 MORPH ¥#EEFE LHISCIGZE R

MORPH Album 2 BEEME T 78 000
ME K B AT 20 000 Z4E 47 id. A T ARIES HAh
TIEEAT X HO R 2 4 ASCARHE TR [13, 15] X
N ZREE AT AL R 43, BEHLEHC 10 000 4> & 17
id 1E RINZREE, 4 R0 10 000 A & 4 id 75 AR
. MAREREAN T 0 id Pk EUER S 5 R R
MR HE -, AR /N 10 000 W& HE FAE Ny gallery £E,
BRHIE N prob 4, R¥E FG-NET #5256 45 5 )
HY 0.5, SEEG 45 R ank 3 Fis.

* 3 AFJIEE MORPH 4 FE L IfiR %

Table 3  Recognition rate of different method on MORPH
Ty W (%)

HOG+HFA™ (2013) 91.14
HLBP+CARC!™ (2014) 92.80
HOG+IFAM (2015) 92.26
MEFAP (2015) 93.80
LPS+HFAI (2016) 94.87
LF-CNNsHZ:L A (2016) 95.13
LF-CNNP (2016) 97.51
JRIGRFESREUR 4% (FECASIA Tl Z5) 74.40
JFARRFE SN 4% (FAMORPHEHE S ) 96.77
MORPH & B SR 955 AE SR IR0 28+ 10 Il 25 97.10
ASLT5 98.93

MR 3 AT LR LR &5 18 1) WA 0
(LR CNN 45 RAN 74.73%, Ak 3 F it HiAh
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Fig.8 The performance of age estimation and cross-age face recognition rate
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