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Age Estimation for Isomerism Data Sets Based on Label Distribution Construction
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Abstract: Existing age estimation methods of performance measurement are mainly based on the training
set and testing set of independent identically distributed hypothesis. In order to better conform to the actual
scene and better assess the age estimation method of generalization performance, a kind of heterogeneous
data sets to evaluate agreement is put forward, i.e. paying more attention to the training set and test set
with different distribution and characteristics. In addition, in order to improve the age estimation method
based on convolution neural network fitting ability, on the basis of fully considering the adjacent age
characteristics, a new theory of loss function analysis is proposed through modeling the age estimation
problem as the label distribution study based on Gauss model. Theoretical analysis and experimental results
show the effectiveness and robustness of the proposed method.
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B4 . 7EASCRYITEAS BT, BT L Al & Fig.3 Comparison of different assessment protocols
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%1 MORPH /3 A BEHL 5> 2] B i A9 BE T LE

Table 1 Performance comparison under random splitting protocol in MPORH

ik MAE/4E CS/%
SCHk[2]# 2.96 50.7
SCHR[1]* 2.75 —
SCHk[30] 2.42 —
SCHR[7] 2.41 90.1
SCHR[7]* 2.17 _
CHk[31] 2.14 91.3
SCHR[13] 1.97 —
ATk 1.87 94.27
AR T5 1.84 94.74

TE - gead B 2R 00 07 3%

& 1 SR [ 2 K A 1 Ay 355 43 285 10 800 2 46 oAy HE 3 [ R0 A AR e 5 SCHR [ 1 8 3 — ol 5528 TR0 0 O 1) ik
T S AR A AR R 5 SCik [ 30 ] FH A AT AR 25 4 A g 5 1 KL A KIL-M 451 2% oR 8505 SCik[7 15k
CE-MV 1 Jy #81 2k B %, I K HI one-hot 4F % A5 25 2 i 5 SCHK[ 31 48 M ] £l 0 T8 B BE ML AR AR5 SRR [ 13 1R
FH I FH5 28 43 A 9 AR A8 5 0 ik o AR L il LU Y, AR SO 78 MORPH %04 45 1 1 B HIL 43 31 B i
Tk TR TERE . 24 EL A E MORPH B 4 1 % 45 80 0 47 Bl o8 sf (L s 86 47 76 IMDB-W IK T35
£ EXT M FEAT IO , MAEE T LA S 1.87, R T i — B4 mPEGE , 76 IMDB-WIKT s 48 F X M
BT T WG, W LLE 1, A S 15 5119 MAE 9 1.84, 3 AH I T oA r s vh iy AR r i 5 7
0.134F,

F2 MORPH HR F S,/8,+8,F0 S,/S,+S, 1 180 B 14 B % EE
Table 2 Performance comparison under $,/S,+S;and S,/S,+S; protocols in MPORH

. S,/S,+S, S,/S,+S, -2 Ve
ik MAE/4E CS/% MAE/4 CS/% MAE/4E CS/%
SCHR[27] 3.84 — 3.87 — 3.85 —
SCHk[32] — — — — 2.90 82.60
SCHR[33] 3.07 — 2.77 — 2.95 —
SCHR[34] 2.80 — 2.81 — 2.81 —
SCHR[28]* 2.82 — 2.58 — 2.70 —
SCHR[35]* 2.74 — 2.51 — 2.63 86.00
AT 2.80 87.21 2.81 85.15 2.80 86.18
BN R 2.73 87.44 2.74 85.47 2.73 86.42

T 2 T AR A T vk

F 2 PSRRI 27 IR U2 T 454 ™ (9 AF W8 A5 57 1% 5 SR [ 32 EA 7 4F i 22 S O A4 530 SCRR [ 33 151 A
BY N TV GETH A5 B 2R AT A W A5 380 5 SCRIR L 34 156 5R FIAR 5 1 J R X 45 18 HE 4T 23 28, 4 T 2R JH 1R e O vk AT
AR WA 58 5 SCHK [ 28 1R 1 4L 9 T8 55 Ak 8 R AT 4F W A5 530 SCRR [ 35 1R I ECHE 7 X hp B A7 A . AR A 36 2
SEIR AT LA AR SCT5 vk T8 A AT ) A AF % A 5C B T o s 4R b BEAT B0 2R B0 AT S B 2.8 B P 1
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MAE., 5HAb 75 ik e R &5 A 1, CSME#E S T 0.18% IRl FEHh , 76 R F IMDB-W IKI ¥ 45 4
PG ik — 4w THERE - MAE 5 2.73,CS }186.42% . IFE 2H iR T LA, Hfh Jr i 76 S1 /S, +
S3 1S,/ S+ Sy UM ST (9 25 R 22 (R A7 A8 B S 22 85, UE S5 1 30 Jr B 6P 2R 8000 46 10 SRR AE 5 4 A A8 e (i
PRI, R €8 25 ) A Sk SRR T AR SC O T A T RR I L L B E REAH 22 6L . (E AR — 4R 0 S, SOk [ 34 13 i R
FH AT 55 2 >0 5 W O it g DI A5 T8 S 531 e 45 S () T 38 JR ke AR 0 ) 5 P, DT 38 381 5 AR SOy ik
AL PERE o SR, AR SC 5 v 2 8 WA R At Ja A (3] 2 0 R ok € 45 ) 1 6 it B8 8 1 I A 7Y Y
B

T [7i) A4 H0 0 B DAL DM SO 0 A D ) R 0 B B 5 B A A R X R A R PE TE S/ S+ S5
N So/ S+ Sy PEAG MU AL A S bk i L 2. PR AR IZ WM ST, T 3 47 it A1 8 Al 30 D 125 78 X o JH0 T
Iz L RE T o
2.5.3 RS HAE IR AE B0 E B AL

2 LB B AE [F) AL B AR PP PR SUT T BB T 1 o 0 B AR A B R I PR AR L AT AR SCHR Y S
R B VPG PR AT T A RO S . O T M AT RS, A SCHE IMDB-WIKIE i A I % 1
X AR Y | b A A T TS X AR A5 2% R BRI - Ge T R I R VGG SR L3R BT AR LR A eR B A Rk
SR 5 R ASE AR AN TR) b 3k 04 M BE X EL AN 3 A TR

®3I RARMEBESEIFEHINEREBREF AR (4% . IMDB-WIKI)

Table 3 Performance comparison under proposed protocol and different testing sets (training set: IM-

DB-WIKI)
. MORPH FG-NET - RE

ik MAE/4E CS/% MAE/4E CS/% MAE/4E CS/%
SCHk[36] 5.48 60.25 3.74 78.50 4.61 69.38
SCHk[2] 5.50 60.34 3.20 82.14 4.35 71.24
k28] 5.40 60.95 3.15 82.98 4.28 71.97
SCHk[35] 5.28 62.55 3.12 83.80 4.20 73.18
SCHk[10] 5.27 62.34 3.08 83.83 4.18 73.09
SCHk[7] 5.22 61.31 3.07 83.23 4.15 72.27
SCik[13] 4.95 64.95 3.06 82.83 4.01 73.89
Gt 4.76 66.49 5.35 59.28 5.06 62.89
IS W 4.81 65.83 2.99 83.53 3.90 74.68
ARSI 4.63 66.03 2.93 84.43 3.78 75.23

& 37 3k [ 36 ] HE P CNN ZE AT 45 8 Ak B8 5 SCIR [ 10 J 98 HE A A B 48 i SCPE 1 R B s 28 0 A O
2 SCHRL 28 AT N TG 7 il A Se it . N 3 A5 T LIE .

(1) 3¢k [ 10 ] SCHk [ 13 ] 07 i i A5 W8 Ak 1 o o 5 T SCok L2 ] RSCR L7 ] (CE-MV) 7 ik ik & W bR
B0y A AT B T R AR IR AR S PR RE . O B R ZE I ZRad B b, 36T one-hot 4 % 3 4R K BT R %
FEARZE RO P (ambiguity ) U F2 M 10T

(2)3CHk[35] 1 MAE A CS 5 3CHk [ 18] 75 %5 Mo # #2305 , 3 2 B S SCilk [ 35 1 R0 SCHR[ 10 iy 50k B AT
LR R Y SEIE 1) 1 A CE-MVORISCR [ 13 ] 2 2809 05 543 B 76 CE M KL 828 sR B in AL T
TE IR, T J2& H T 28 0 AL 2 800 KN AS TR, 3 B0 25 10 28 1) B 26 08 TF D) Ak 2 5500 358 5 4 >4 508k
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F4 XARMEBIEEITEGHINAERE B RE S AR b (%% . IMDB-WIKI-40k)

Table 4 Performance comparison under proposed protocol and different testing sets (training set: IM-

DB-WIKI-40k)
. MORPH FG-NET PR

ik MAE/4E CS/% MAE/4E CS/% MAE/4E CS/%
SCHR[2] 6.54 53.38 3.57 78.94 5.06 66.16
CHik[28] 6.40 53.97 3.53 79.78 4.96 66.87
SCHk[10] 6.01 57.36 3.24 81.54 9.25 69.54
SCHk[7] 6.22 55.60 3.34 80.44 4.78 68.02
SCRR[13] 5.80 57.30 3.35 81.44 4.58 69.37
IS B 5.64 58.17 3.33 79.74 4.49 68.96
ARSIy 5.63 59.13 3.21 81.59 4.42 70.36

5 Z AR TR] AR SR H 0 A5 o RO A A I DU AR 2 5, DR e AT DA A A % A I [ AL, T A 4 i
I PR AR R4 A PERE

(3) NF& 3 107 24 8 43 7T LR BT H L R JH AR SC DC 45 2% R EICHE AT 4F I ik 330 ) 10 o 0 2 Wl 3 8 T oAt
X BR AR R (AN GE it i A TS BIRE ) Ir 3R A 4 F9T 000 o 8 1 o e 45 3Rl O B 19 b Y BRE 20 i B
TSLE S D RT A R SR T U A S R B Ak B RS B A RE T, TR AT DA B R

M

A S HE 5 I MORPH Sy S xR0 %5 3 IS4 U8R 45 0% £ Wil 22 FG-NET o o 4
T U0 10 % S5 50 2 S D B30 A7 3 — 2 R % b (4l % %€ : MORPH)
ﬁ}’*ﬁ,%%ﬂﬂ%\%Sﬁﬁﬂ?c ﬂuﬁ;’ﬁ,%ﬁﬁ MORPH Table 5 Performance comparison under proposed
15 S VI 255 B, T 7 0 P RE R 2 T I LM protocol and  FG-NET (training  set:
ARSI TR S B T 1 97 3 MORPH)

5 5 ) A S DL (6 1.2) 15 ik MAE/% s/
SRSV DR (F6 3.4)7E MORPH | 1930 2% LRz o s
U, % B0 T S A O L 3 0 5 fg;] i o
A B 5 TR e S RE A5 IF 7 77 X A 01 LA s P 5 90 637

TPRA BRI TERE . AR AR, R O 2 5 S
A AR A 7 2 PR RE R B L X AT RE X O B AT
BeA 2 > BUAEAS R0 AN [F)DCZ A8 Al AN [R] 28 34 1A ] ThT A0S 35 17 22 1 B9 AS T R ik 55 23 A B PELABRRAIE
{EJE , TCIR7E MR A ST AS DR b AR ST AT AR 45 B fee (I8 19 MAE #8519 CS, IX ik — P Ui W] 1 AR 3075
VA A R R R

3 SRIE
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1 3T A 2 ST TR Oy T AR R S R o B X Fh AR AL 42 T — 4k R RO TR A T O A
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