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Study on Face Age Estimation Based on Double-ordinality Constraints
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Abstract: Objective Human age is an important feature in human recognition and search tasks. Existing research
generally treats age estimation in facial images as a traditional classification task, ignoring the ordered characteristics of
age and resulting in a large gap between the estimated age and the actual age. Therefore, it is necessary to find a method
to reduce the gap between the estimated age and the actual age. Methods This paper proposed a method for age
estimation of face images based on a double-ordinality constrained convolutional neural network (DO-CNN) model.
Firstly, DO-CNN used an ordered regression model based on the generalized Logistic distribution as a classifier for
convolutional neural networks and verified its superiority over other ordered classifiers for face estimation tasks. Then, an
ordered competitive ratio loss function was further proposed. By introducing a risk term into the traditional competitive
ratio loss function, the loss function considered the error between the predicted age and the actual age, thus guiding the
model to reduce the gap between the estimated age and the actual age. Results Comparative experiments on the open-
source facial image age datasets, FGNET and AgeDB, showed that compared with existing research methods, DO-CNN
improved the accuracy by about 12% and 3% respectively, and this advantage remains even when allowing for a larger

error range. In addition, the ordered regression classifier based on the generalized Logistic distribution exhibited
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significant improvements compared with ordered regression classifiers based on other distributions. Conclusion The

experimental results show that the convolutional neural network model based on double-ordinality constraints can

significantly improve the accuracy of age estimation in facial images and reduce the actual errors in age estimation.

Keywords: face age estimation; ordered regression; convolutional neural networks; competing ratio loss function; deep

learning
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AR, 0 39.31% ;2 y=0.25 y=0.5 U2 y=1.0
HA=0.25.0.5.1.0 LA S 4.0 B ZEVPH 48R 1-off 7
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Fig.2 A performance test results under different variations
of v and A in FGNET
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Fig.3 1-off A  performance test results under different
variations of ¥ and A in FGNET
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Fig.4 R,,,; performance test results under different
variations of ¥ and A in FGNET
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Fig.5 A performance test results under different

variations of y and A in AgeDB
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25 45 R E . X T FONET A 45,y =0.25 H
A=4.0 BB ) X Logistic B 4% PR 50 JE T A0 095 X T
AgeDB B¥i4E . y=1.0 H A=0.5 B8 X Logistic 4%
FERBUE PR, U BH 2 A [A] 28 D 1) 28 B 4 oA
B, SRR M RR A
4.3.2  HRheRes

T HrIE DO-CNN H A 5 [0 3 73 238 F0A T 36
4 LU PRBCZH 0T A R B A A 3501, AR SCHEAT T 3 il
S ZE RS HINGE 5 FI 6 Fin, DO-CNN_ .. R
1E DO-CNN H1 5GP 3 11 9 40 225 08 Softmax pR%L
PENBIRL 3T s DO-CNN . s 2/ FE DO-CNN Hrf
R EE AP S Logistic PR 40t 4 Probit PR
DO-CNN_ , #/5Hf DO-CNN A [ 5 4+ be 451 25 p AR
B i 52 4 LUK PR DO-CNN, | #7% DO-CNN
il 52 SUIR A 2% PR 48 DO-CNN | 678 DO-CNN
it F GBI SR LA G PR

R 5 FGNET HiR&EPHHMSIEER
Table 5 Ablation experiment results in FGNET

2 @ W AE AR
A%  1-off A_/% Ry

DO-CNN_ ... 21.86 56. 69 0.280 3
DO-CNN_ . 35.82 67. 16 0.242 0
DO-CNN_ 27.52 60. 27 0.261 3
DO-CNN_ 25.96 58.73 0.291 1
DO-CNN. 27.01 59. 48 0.288 5
DO-CNN 39.31 73.13 0.218 3

R 6 AgeDB HIEEPHIHMIBER
Table 6 Ablation experiment results in AgeDB

2w W AE AR
A%  1-off A_/% Ryss

DO-CNN_ .0 20.83 54.95 0.302 4
DO-CNN_ 0 25.32 60. 19 0.2817
DO-CNN_ 23.30 57.36 0.298 8
DO-CNN_ 21.09 56. 10 0.307 9
DO-CNN. 22.61 56.95 0.3016
DO-CNN 26. 49 61.21 0.256 1

A A AR PP 58 4 HE A K eR AR J5 7 DO-
CNN Hl DO-CNN_, . .o A ECHA 4 FhIH il 19 75 %
7E 3 FE bR B AA WL, I AT X Logistic
HEHE SREC A [0 U9 43248 AH LU JE T Probit -4 bR 4K
HAHBARTE, MAORYE, DO-CNN_ |, MSE5 45 R
TE A, Fl1-off A, 485 L5559, X UL R AR A P
BRI AR TS PR RS R, EEEA
J¥ [0 U5 43 26 28 (9 77 15 v, DO-CNN_ . DO-CNN_ il

= ep

DO-CNN_, MISEEEIR Ry, HWEK MR & F3E
G LU BREI TR Ry B/ X R 732 4 LU AR 2R
PRI S A 2548 AT 4 /M TH AR I8 5 B AR I8 22 (]
S
4.3.3 ARG LSS T

XF SR Y T 4 RGO AR TR S 25
T3 FORFEIPEM AR AR LS R, angk 7 Fisk 8 s,
Ranking—CNN 2718 Chen 25120 45 HY 0 HE 36 FH b 25 1)
2%, F| CRL-CNN 2275 Zhang 2515 #5251 A 354 LU
R eRE AT 2 W 285 ARYEZ SR, i S H kB R
a=1.5,8=1.0;H Kappa—CNN /K de La Torre 25" i
HUS A IR INAL Kappa 45 2 pRES A A 25 ) 25 45578

M 7 FIZE 8 AT LA - 7E 3 PR bR [, DO~
CNN 7E FGNET ¥i4E 1 AgeDB B4 | 3¢ P 4%
YA T HAl 3 Ak, Ranking—CNN 8 3 HEF & 1
ML SRR AR 2 h A P15 B, a5 ROk T
DO-CNN, Wikl T FEAR AT 55 o A P15 B
WAL Kappa—CNN F1 CRL-CNN H i i it 20 25 2% Al
P SREL, IR SR AEAL G 5 AT 55 E Rtk | o e
FMERPRZE A P E R, BRI A LA 5 2, X —
SRR A SCHE Y DO-CNN 580 75 fiff ph 5L T3 2%
B PN R R r S e e B i G N = T
(M RIEA — & B

R7T AWARMITAEE FGNET Fp A, 1-off A, F0
Ry HIEHZER

Table 7 Experimental results of A, 1-off A, and R,

for four face estimation methods in FGNET

ccd

R TFAE I8 AR
B A -
A/ % 1-off A,/ % Ryne
Ranking—CNN 27. 86 62. 69 0.2513
CRL-CNN 25.36 60. 19 0.249 0
Kappa—-CNN 15.92 55.22 0.280 3
DO-CNN 39. 31 73.13 0.218 3

#8 4T ABEITIETE AgeDB Y A 1-off A, F0
Ry ISR R
Table 8 Experimental results of A, , 1-off A, and R,

for four face estimation methods in AgeDB

cc

. FAE I8 AR
B A
A/ % 1-off A, /% Ryus
Ranking—CNN 23.90 59.87 0.259 9
CRL-CNN 21.45 58. 69 0.270 2
Kappa—CNN 13.98 50. 84 0.306 5
DO-CNN 26. 49 61.21 0.256' 1
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Figure F1 F2 F3
Label 0-6 7-12 13-17  18-26  27-39 >39
Ranking-CNN 7-12 7-12 27-39  18-26  27-39 >39
CRL-CNN  0-6 13-17  27-39 1826  27-39 >39
Kappa-CNN  0-6 18-26  13-17 >39 >39 27-39
DO-CNN  0-6 7-12 13-17  18-26  27-39 >39

B8 4 F3tER77A7E FGNET #E & FHFZE R =6
Fig. 8 Examples of prediction results of four comparison
methods on FGNET dataset

DEYDAD AL

Figure G2 G4 G5 G6 G7 G8
Label 0 12 13-22 23 31 32-41 42-50 51-63 64-73 >73
Ranking-CNN 0-12 32-41 42-50 32-41 32-41 64-73 64-73 >73
CRL-CNN  0-12 23-31 42-50 32-41 42-50 >73 51-63 64-73
Kappa-CNN 13-22 23-31 51-63 42-50 32-41 >73 64-73 51-63
DO-CNN  0-12 13-22 42-50 32-41 42-50 64-73 64-73 >73

59 4 FhITHET AT AgeDB HIEE FHTNE REH
Fig. 9 Examples of prediction results of four comparison
methods on AgeDB dataset
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