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Abstract: Aiming at the problems that the classical deep learning algorithm was difficult to extract
facial features effectively and the accuracy of character identification was difficult to reach the ideal
accuracy due to factors such as illumination, shooting angle and image quality, we proposed an age
recognition algorithm based on strong facial semantics. Firstly, the feature weights of facial regions
were enhanced by the attention matrix to achieve the purpose of extracting feature regions. Secondly,
a cascaded bi-directional long short-term memory (Bi-LSTM) network was used to learn the feature
dependency relationships between temporal frames and compensate for the influence of missing
features on recognition accuracy. When tested on IMDB-WIKI facial dataset and Adience dataset, the
age recognition accuracy of the algorithm reached 78. 34% and 77. 89%, respectively. Experimental
results show that compared with other methods based on deep learning algorithms, the proposed
algorithm has higher accuracy in the task of person age recognition based on image datasets.

Keywords: age recognition; facial recognition; deep learning algorithm; attention matrix; cascaded

Bi-LSTM

B HI. 2023-05-26.

FE—EHFEE N IMEIEQ999—) . T, BUK, BLUFRAE . NFEER 298 A KRS W5, E-mail: 3522945497@qq. com. B1E
EEREIN . BB A977—), L, WE, Wt 28, R AR MR 2248 (9 5757, E-mail: miaoxinying@dlou. edu. cn.

EE€TH . T 74 EEHEMESTE S . 2022081) AN i) 207 36 5 M S0 560 = JFBOR B B (HEfES . 202306).



348 oMK A R (B 2R RO %62 %

BT ONIR 0 N A s RO B R R AR N b I B R L I £ B R A SN T Tz . R
BT AR P J7 12 R E A WS L TR A BT 9 05 v A0 L T RA A B 9 O k. BROSCIR ARV R
THET ZRR A B AR I LB R CNN-SE-ELM, 12045 B 2 e £ 8 B 28 (0 4% CCNIND 477 25 B B
4R AR, SR )5 8 ] SENet (squeeze-and-excitation networks) #f — 22 W A B IR E R ME, &5 46 H
EM-ELM (error minimized extreme learning machine) 5. ik 52 3% A NG 4585 10 40 28 Ko vk il 0 25, SC G 2%
RFRW], B R O AT RO T TR AE . HL A SR AR DO S B, R U AR AR AR T o 0 R 22
P £ AR A, Al A B L R 15 2 4 AR RN NI AR 0 4 B, (] f 8 - 2 0t A B ARA% G 1 4 i 4
2, RFT IR SH, B AR B2 2 R DL /NG Dropout B, SEHG 45 R, ook iy 3
JEE 1 25 000 245 R A 2 JF N 5040 4 b 3k 30 50 e 9 A S U0 ME R B B AR 4R T R T G VGG
(visual geometry group) ™ [ 4F I FE 3 23 28502 . TEBUIE 4 Adience b AYAE IR BIMERTRIAF] 90% .,
PN UNHERA R IR ] 9300, BRI M SN 4R T — b B T O A ) O B N AR S Ay R, R
et I U0 0 R GHEAT 93 28 0 RS ol FH RS T ST I (L 118 45 52 O V6 0 8 1l ~0 1) 55 0 28 2 e 45 e
K, MARER P REER, TR RLRY, LA N B 5 RETS 24w 19 4F 18 43 28 o
. b EGESEV R TR T2 REN YOLO Sk i AR AR A5 T30, o el 2 RE BN 4 L)
LIS T8 7 12 80 2% A5 AR AR oy bR AR AR 25 2 () 0, T o SRR [l 5 A Y S 3 X A 8 i Ak i RS R
2GS LYk B TR AR, Bk icim. BN IE" B T ST W 0 N R R
AN AR B Al 31550 L I 1 e ] AAM (active appearance models) 51 S URMGRRAE . AR5 fdf
JE i f5e /I = RFETE O X 0 P i A 5 S i T SR il ek (109 (SVRO B IE Y S BT AR e il 31, SCH 45
RERW], B/ S E S SVR M S5 G 04 WAl 58 1 A 347 1 B 0 R R AR I Al T o A R
23 08 45 3R T 2AE 55 6 TN 28 7E e R AL S5 10 F (9 AR AF 8 A 3 H 5532, R YCbCr 8 52 DL K
Retinex 1538 58 X A A AE 42 BUBOCR . 76 W] BE 25 DA RO BRSR BE 25 00 1 X L S2 30 3R WL R AIE 4t iR
HE SR AR LR AR T A M B RO TR R A, AR I A T 2 X S R 22 R R R 2,99 06 AR U Ay A d R T
25%. HEE R THT AE(auto encoder) FHL I K R A % A A THEL R CRSAE, % ki %
BT N U J7 22 6 B 45 52 AR ORI NI R AL o K s AR 5 i ) 2 % =2 B) Sl 57 SC IR B I 35T, AR A ]
— A 25 R B A 20 i ACRRAE 5 AR IR 2 ) A DGR G R B 5 oK i CRSAE AR f#, 290 45 1
W], CRSAE JEEZ M AR B L YRe A B m i Bk, sk &g &0 3R T otk i R ic 43 A
22 T2 2 LS AR IS SR AR AR % 22 (] RO BTRI P Fn 22 SOk, DL AR IR AR B, 3R m U B, 7E £l
5 MORPH Fl FG-NET _E #2528 X0 132 22 247 e A1

BRSSO T O AR I R X SR R e T A TR A ) S S LB R Y
KR AE SR IR, DT 5 3 B e ) 4F 8 U ROR . E 302 42 R SR IO I R i, = 8 H A IX 05 e
H AR DA T A R0 73 S Bk X B AR X m R 2T RIS, A SCHE Y SFSR-age (strong facial
semantics recognition for age) B A HL T 3 T 7 1 A BE ) B AR IX 382 2T HL] . 4 TRk B AR X
ARG B, £ D ANRERE RS SRR W], AR SCRE X I TN A9 45 B U 45 R AE X T
X H B A I A

1 Fi& AR

1.1 EHRMHMEMEERARR

R LM ARG ERZE . R SEEEMERE. B2, REEEEF S8
e, A HE)Z M/E R RRAE B 4 il i, 30 5 VR S A H i i
1.1.1 #HRE

BT B, AR S AR R E ) AT S R, 13 28 R AR L A AT A3 AP E
X 1 SAME, BVGEFLTE G B B v n] 5850 8 0 4 5 BURRAE 8], RRAE AN 98 45 B X BT 0 58
SAME & 45 AE I 4 B FR AN K 1 Firs s 2) VALID, H s BT & B AR P IE X AR BE W A% 5 R
FROEREL, VALID 58I YRR B B B v, BB AER IR N o, BARIE R AP EOR 78, S A2



%2 IMBAE, % . SFSR-Age: —FfdE T 38 1 L0048 8 PU 50k 349

— =] 22

BRI ]

FHEE9+6 M3
E1 #HEESRTESLG
Fig.1 Example of feature graph convolution process
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Fig.2 Bi-LSTM network architecture Fig.3 Bi-LSTM network feature fusion
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Fig. 4 Basic architecture of SFSR-age algorithm

Mn( (Ag,j,h _H/2)2+(A,],U__W/2)Z 9255.0)7
0,0 0,1 =~ 0,M
AtentionMatrix = 1,0 1,1 -+ 1,M (6)

. . . 4

N,0 N,1 -+ N,M
PR R, b H AW 23 50 378 B AR AR DR fiF PR = BE RTS8, A RN R IE RR R AL
FEFE A FTA RN FRIE LR, (i) X AR X S A e BE R0 9 B2, bR (W /2, H/2) R om A H
PRy, ECCD AL, B RS H AR O B BR RUS E RS OGO WS e A (R B OR . ORI R X
T AtentionMatrix i [ BRI H AR o B9 R R BT S (EBOR B, 80K B H AR 0 R R
SIS EBUN, BEBTR. A A B RN G RO/ SE e A ).

2) JEUIR PGRR AE B B 7 P 7k 2 O 6% £ P AR e 2 R L 52 OO N TG A8 B N T DX ) A A
5k 22 100 4% it PR PT ID DA NJRERE AE o e P b 8 5 T R B A B R . AR SO T A S B S A
DA IR B g oK e 00 Xl A %Eiﬁﬁlziﬁzrﬁ]ﬂﬁiﬁ, ST SR B AR T S T
TERE I M R AT K BE A A B, A5 BIK BEHE %  TH R Z M p B R ik, B

dls«2221fc0s<m,,u,>+th,zh,u, (7)

q=0 k=0 j=0

Hrp BLALZ O/ BHRSERTSS . b ROR
x JhARRR, j 3R y ARAR, g FRon 2 RhARAR. (R Hb#
SRR 00 P IRHE B — 1 B 4 o ’
g 5 iR,

X H AR 47 U5, 000 ) 5 5 H A 1) i i
%@Eﬂ,%é‘é{ﬁﬂiﬁ, e 3 pr 2 il 9
1—cos(pu;ote ) F/Ns Bl cos Cpy sty ) 18R4T,
AL B AR ORI ) P AT, P AT A, (R ’ x
THFEM. WEEGARUEM, KKy BS BRESNEEREMBNIENERNEERTR
H Disste, H LR T 4 E’f‘ﬁ 5 57 R EKZI‘ETJ () 44 Fig. 5 Spatial representation of target attention
ot B B ﬁﬁ%lﬁ?)ﬁ{ﬂﬂ%%ﬁ?ﬁﬁ‘ﬁﬁ Eﬁﬁ‘%%ﬁ matrix and predicted attention matrix




352 oMK A R (B 2R RO %62 %

ol

Ut FE T b A A 5 2 BT AT S 46 B A o

s 4 IMDB-WIKI #1 Adience #8435 4G FEAS FIAR TE T BYFEA 430 an 18 6 FOE 7 s, #8453 R
M TE R PR E 8 firyn. 7EE 6 MR 7 rhr, TR 2R o 4 41 6 5 JF BB E SR 1 B R £ Bh YOLOS ik HiE
FE NI X3, NG DX 3 A 8 R0 1 2 225 2] HAr. B 8 & YOLOS B3k U H i B IX 8k 3 F =X
(mﬁﬁﬁﬁ%&iﬁﬁ% OB ORI, AN AR TR, R B W

A

..pfﬂy

g
! L.&"

R

.“
=
A

2
I

g
:

«f o
il | e | W
. |
i
Ll D

]

it
=
o

Rég

~
4

5 S

"‘
.lll.. )

)

3

]
@
£
-y
x>
a0 1

B 6 #H#EE IMDB-WIKI #45 AREERRTEER B 7 #iEE Adience BD NEFERIRFER
Fig. 6 Partial facial original pictures and annotation Fig. 7 Partial facial original pictures and
results of IMDB-WIKI dataset annotation results of Adience dataset

B8 BE®GEZNEREGERD

Fig.8 Image attention matrix (partial)
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Table 1 Basic information of experimental datasets

FETES AR 251 MR pLR7Y
IMDB-WIKI 16 000 8 12 800 3 200
Adience 16 080 8 12 864 3 216

e AR SCE A SR 4 IMDB-WIKI #1 Adience 58 I TR G BIRE M T4, B+ £=1: 1.
R2 LBHBEENHERLT

Table 2 Sample distribution of experimental datasets

" oR.984
B
0~2 4~6 8§~13 15~20 25~32 38~43 48~53 60~100
IMDB-WIKI 2 000 2 000 2 000 2 000 2 000 2 000 2 000 2 000
Adience 1 400 2 100 2 200 1 600 4 800 2 300 820 860

T iR % IMDB-WIKI Fl Adience #2855 BT A 19 648 55 5 Tl 4FE 14 25 5.
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Accuracy =

Table 3 Experimental results of proposed algorithm on 2 datasets %
RS iRTIES F 8 UL ES A [ A
IMDB-WIKI 78. 34 76. 68 77.12 77.12
Adience 77.89 76.91 77.90 77.88
x4 TREENEBEINLIRER
Table 4 Comparison of experimental results on accuracy of different algorithms %
HE R 5 i e T %
87 , RS .
IMDB-WIKI Adience IMDB-WIKI Adience
CNN 43.0 52.9 CNN-SE-ELM 67.0 65.0
VGG-Face-SVM 58.4 58.0 VGG-Face-FC 54.3 53.9
CNN-SVM 65.3 64.0 SFSR-age 78. 34 77.89
VGG16-DEX-IMDB 64.9 64.0
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Ayt — Al SFSR-age 5% AH HoH A X H 3k 7R AR 2 JF NG B30 8 4 i 70 28 1) 1 1 SR 4R T
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Table 5 Comparison and improvement results of F, values of different algorithms on 2 datasets

N F & . F, &
Hk . (SRS :
IMDB-WIKI Adience IMDB-WIKI Adience
CNN 82.186 47.221 CNN-SE-ELM 16. 925 19. 815
VGG-Face-SVM 34. 144 34.276 VGG16-DEX-IMDB 20.708 21. 688
CNN-SVM 19. 969 21.688 VGG-Face-FC 44,273 44. 490

T4 MEES A, LLF, HEMIEREET, RCHEEAEWNREEN F HE&k KT
82.186 %, H/NETFF 16. 925 % 5 A SCHE L LI HER K2 2L CNN LUK VGG-Face B L, 5 HAl &
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Fig. 10 Attention matrix optimization process of proposed algorithm (partial)
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