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Abstract; To address the problem that existing convolutional neural networks have difficulty in captu-
ring long-range dependencies in human faces, a dual-branch residual network based on large convolu-
tion kernels is proposed and applied to face age estimation. Firstly, to overcome the limitation of small
receptive fields of traditional small convolution kernels, large convolution kernels are adopted to improve
the residual module of the deep learning model ( ResNet), thereby expanding the effective receptive
field of the network and more efficiently capturing the global information and long-range dependencies in
face images. Secondly, considering the crucial role of facial fine features in age estimation, a detail
downsampling module is introduced, which can minimize the loss of detailed information at the initial
stage of the network. In the design of the network structure, the original residual module of ResNet and
the improved large convolution residual module are innovatively connected in parallel to form a dual-
branch residual network, and an attention module is utilized to achieve feature fusion between the two
branches. To further enhance the deep mining of face age features, two large convolution residual mo-

dules are concatenated after the dual-branch residual network, and through progressive feature abstrac-
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tion, the model’s ability to model complex age patterns is strengthened. Finally, in response to the

challenges brought by the label ordinality characteristics in age estimation, the constructed dual-branch

residual network is combined with ordinal regression methods. By converting age values into ordered la-

bel sequences for modeling, the model’s ability to distinguish age changes is effectively improved. Ex-

perimental results show that the proposed method reduces the mean absolute error (MAE) by up to 0. 46
on the UTK-FACE dataset and by up to 0. 09 on the FG-NET dataset.

Key words; age estimation; ordinal regression; convolutional neural network ; effective receptive field;

attention mechanism
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Fig. 1 Overall architecture of model
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Fig. 2 Detail downsampling module

U I R R R =B i 1x1 B BN
JZ ReLU .DW K& 3 . DW /NG 73 3V
Ko PW A B, WK 3 s, BN JZ A1 ReLU #4
15 PRESCAT A DRARETIE 1 R [0 14 43 A 31 BB T 25 B 1
B, DA T o A TR ) AR P Az AR B, IR AR R
PN AN NS ESY AV % Il B O G (K N
UG Y4 Je {7 8 A BE B K 6 &, AN Rl KB
TR BT FAS [7] RS 1946 B, AR BUAS [A]
RN E AR R, RGBT LU B K
AR 1Y) 42 Ry AR, (HL 25 Sy 22 W Je) 350 4 19 R AR

K3 KREPUIR 2RI

Fig. 3 Large convolution residual module
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Fig. 4 Example of structure reparameterization
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Tab. 1 Results of ablation experiments on the
UTK-FACE dataset

el S RTIREE MAE R348 CS/ %

ResNet50 5.73 62. 84
ResNet101 5. 66 63.18
ResNet50-K1 5. 40 64. 84
ResNet50-K2 5.82 61.70
ResNet101-K1 5.26 65. 86
ResNet101-K2 5.34 64.52
ResNet50-K1+ DDM 5.15 66. 36
ResNet50-K2+DDM 5.25 66. 07
ResNet101-K1+DDM 5.08 66. 75
ResNet101-K2+DDM 5.19 66. 17

2.4.2  ERE YRS

MRIGR 1 Y SLEREER, AT E S ResNet 101-K1+
DDM FEEXLI) 52 5% 22 M 4%, JFHFE UTK-FACE %
PEBEXI TR BRI AT TR S5 PP HE R
JH MAE #1 CS, R AHGE 1T AT BRI =
J1 A5 B ( Convolutional Block Attention Module,
CBAM) '™ BF FE-3# fih 13 3% 1 WL ( Squeeze-and-
Excitation Networks, SE) " %G8 18 1 2 S L
(Efficient Channel Attention, ECA) 2" DL K AR bR iE
B JIHLHI ( Coordinate Attention, CA) 2 SZHG45HL
Nk 2 fiR,

®2 FENEBAERISIE

Tab. 2 Ablation experiment of the attention module

. TR RIS Cs/

R2: MAE %
ResNet101-K1+DDM + CBAM 5.02 66. 60
ResNet101-K1+DDM + SE 4.97 66.57
ResNet101-K1+DDM + ECA 5.00 66. 32
ResNet101-K1+DDM + CA 4.91 66. 96
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CBAM SE .ECA {F & JI WLl AT FAERLA 40 LL, CA
HEREIHLH R B RCR, Hk, A SR
LR CA VE R ST ML ok 52 30 43 32 =22 1] A RRAE
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BEAE 0 BU 1~ 10 A9 3& Kt NG 4F W4 Al 1455 8 7
UTK-FACE Fll FG-NET $t#i 4 I 1% CS, SL80 4%
m= 3 Frn, WEBE o /I, B8 UTK-
FACE Fl FG-NET %t#54E 119 €S 281 B i -7t
e, R T CS R T AR 45 5 1R 22
PR TN L A 1) A AR B RN R AR AR B = 1R A L
{8, ER Y BB R & R AR VF IR Z L, R
177, 5 R E AT /) 19 (5 {7 350 A B 1 il iz e i A5 7Y
PR RE , — O B BB 5 B A IE e
R, SR SR S2 B B CS O BI(EIBEE S,
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Tab. 3 Influence of different 6 values on CS

H{E 0 UTK-FACE FG-NET
1 29.43 42. 46
2 41.47 54.45
3 50. 78 71.29
4 59.33 77.08
5 66. 96 83. 44
6 73.01 85.51
7 76. 94 87.72
8 80. 43 90. 39
9 84. 52 91.45
10 87.12 93. 06

2.4.4 HHABITEXTLE

ASCAAYIE DL ResNet i SRl #4720 09, Ry
T WG T L B 3k, % VGG-16  DenseNet121
F1 ConvNext-base 55 F2 Jfii CNN A H 47 &2 81, F&
TASCHE AR A Al TSR DL R 5 B R
CNN #i8, 7E UTK-FACE 1 FG-NET %4 4 I i/
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DOEL3groups > \DEX"™ LA & MV (% 5) 4507
3OO EE R R CE PSR E R, BT
DCEERIFIE TAE & A A CS PG b, R L, £
XL, ARXT CS 8bnfEdE— 2 X o, 5240
ZERINEL 4 L S PR,

% 4 5H{h7 A% UTK-FACE ¥#55 FayxTtt
Tab. 4 Comparison with other methods on the
UTK-FACE dataset

A T xtiRZE MAE  Ri450CS/%
VGG-161 13. 69 34. 89
DenseNet121""*/ 5.70 61.48
ConvNext-base' "’ 6.11 60. 69
Coral""! 5.47 —
CloFormer-OR ™! 5.37 —
AR SRR 4.91 66. 96

£ 5 S5HM /A% FG-NET $#E 5% _FHISTEL
Tab.5 Comparison with other methods on the
FG-NET dataset

il TRtk MAE 24350 CS/ %

VGG-16" 10.29 36.98

DenseNet1211' 3.86 77.43

ConvNext-base' " 3.91 80. 21
ALD-Net'"! 3.25 —
DOEL3groups'®’ 3.44 —
DEX ! 4.30 —
My 4.10 —

AR SR 3.16 83. 44

HRAEZE 4 AT AR SCHEST BB RIYE UTK-FACE
BAEAE A9 MAE 9 4.91,CS H 66.96% ., 5 Clo-
Former-OR A, MAE [ T 0.46, 53R [F]2%
CNN ARUAH b, A SO IR T BEAIR Y MAE Al
BRI CS, MRPER S NI, AR SCHE ST A AR AL
FG-NET %4545 [ MAE 4 3. 16,CS Jy 83.44%,
5 ALD-Net #H Lk, MAE FE{K T 0.09, 5F&H[FZE
CNN RLRUAR L, [FFEIES T IR A MAE FIRE &5 19
CS.
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Fig. 5 Comparison of MAE convergence of model
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B FIUERRIUN 22, 25% F122.22% B CS 1%
PR UT, 4y 55 3] 76.51% F1 74.07% . X 2

Sk AFIE S A I DX 8] 3 S T AR g R B S
SIS T e £ 1 R 4 B AR A A AN AR S B, i,
MESAEWA N 23 5 TUNAEIE Sl 24 B}, 23 B8
T 18~23 ZAEIREL, 24 B NG T 24 ~ 33 B 4E 1B
Br, SUCERE,CS Fui/r o A i A — v Y R
2 MEE 0 BEE N 5 I, W AE i A B4R b
T 5 AR 7

H % 6 AT LIOWELR | i AR I B ry 3, CS il
WEBR R R BT AN B, X 2 L LA R B
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Jgs s U HOE B AR AFEAS 3 1] B T BB R A
YIZ5 A i ] 5 2 A iy B T JFL A 4 % B U A7 7 K
A TR HAR 78 0~ 23 % 4F % BE AR ) 45 301
R EA BB A8 A, 205 AR I8 B A AR AS T
o3 3 (FEARRTRC R M AR IS BB T &) s dieJm , A8
ST AR TR I R B X ) A 1 AR RS B iR AT R T
Y5, i = WHRR R AR IS BURRAE (924 2T LAk, IR 8
B P | MG S W R R EE B AR B (R T B TR AR
SRR (TN 25 SR AR AR K, AR SCHR Y

% 6 REE MR E B THERTH

Tab. 6 Evaluation of age estimation performance in different age groups

e UTK-FACE FG-NET
HER %/ % SRHCS/ % HER R/ % Fitar g cs/ %

0~5 89. 74 96. 34 86. 36 97.73
6~11 50. 00 77.42 70.73 100. 00
12~17 42. 40 58.52 59. 46 86. 49
18~23 22.25 76. 51 22.22 74.07
24~33 77.76 78.92 70. 59 70. 59
34~45 42. 88 44. 88 46.15 38. 46
46~59 55.67 47.13 20. 00 20. 00
=60 66. 12 47.43 33.33 33.33
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