MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2023,32(8):42—53 [doi: 10.15888/j.cnki.csa.009183] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

ZT MIFNet Y22 )L H BB F IR 5

Bk &, s sk 55 MEEY, AR

(R TR AR 2B, K 300387)

CRETME RS BT 515 B TR0, K 300387)

SOREET G R A 5 R G S5 3, K 300387)

R AR HHNURFE S H AR B, R 300387)

W{E/E#: 5k 7%, E-mail: hhzhangfang@126.com \ B
OB LT RS B RE A 1A, EI%EJJ%TFATQEﬂ%i&?%ii%%%ﬁ‘]%@@ﬁ% T2 i 26 2k it HL L B B
Rl 515 5 BT 15 17 2R IV AR B g T N, D9 1 Al R S TR ARVABAAE re £ i e, g b 28 RS A5 6 it 5 I 5% 12 M0 4 A A
G308 2 BB AESE 1 B B R S A A A s e I O B 4 R =) B RFALE 5 4 R RFALE, 1 DA A R I
AE77; TE58 2 M BCR B IE RYR FE O A5 2k, Al v L A5 v Bl A R B F DA S Bk, ek 2 )Lk
THRHE IS N SRR ISR 70 5. Seie 4h AR, 22 RS Bl A 0 4 78 22 ) L1 38 2 1% 25040 4 vh i o) v 22 ik 3]
95.46%, & AUC. A [FRFNE1 155 3R Fahs L4 AliE 2] 99.07% 95.88% F1 95.89%, 5 LA THI B2 175 1 31l
Z5FH L, iE%U%Z%B%ﬁQ. ¥ 2 RS A 48 70 A TR SRR B B4 E T2 A M S206, HER 2R 145 89.87%.
FREIR): B )L, RN G SR PO 2 R R & 1 SR

Sl ks Bk, S50 0T, K07, H S, 25 H e 25T MIFNet (922 ) LI B2 R A vH 5L R 485 FH,2023,32(8):42-53. hitp://www.c-s-a.org.cn/1003-
3254/9183.html

Facial Expression Recognition of Infants Based on MIFNet

GENG Lei'”, QI Ting-Ting™’, ZHANG Fang'”, XIAO Zhi-Tao'"’, LI Yue-Long®

'(School of Life Sciences, Tiangong University, Tianjin 300387, China)

*(School of Electronics and Information Engineering, Tiangong University, Tianjin 300387, China)
*(Tianjin Key Laboratory of Optoelectronic Detection Technology and Systems, Tianjin 300387; China)
*(School of Computer Science and Technology, Tiangong University, Tianjin 300387, China)
Abstract: The intelligent recognition of infant facial expressions ca_n.“help caregivers to better pay attention to the physical
and mental health of infants. Due to the smooth facial lines and weak sharpness of facial features, the inter-class similarity
of infants’ facial expressions is higherithan that of adults. To address the problem of high inter-class similarity, this study
proposes a multi-scale information fusion network. The network is divided into two stages as a whole. In the first stage,
the fusion module.is applied to fuse local features with global features in the dual dimensions of both spatial and channel
domains to enhance the expression ability of features. In the second stage, the self-adaptive deep centre loss is employed
to estimate the weights of fused features based on the attentional mechanism, thus guiding the center loss and promoting
the intra-class compactness and inter-class separation of infant expression features. The experimental results show that the
multi-scale information fusion network achieves a recognition accuracy of 95.46% in the infant facial expressions dataset,
reaching 99.07%, 95.88%, and 95.89% in the three evaluation metrics of AUC, recall, and F1 score respectively. The
recognition effectiveness is optimal compared with the existing facial expression recognition networks. The generalization
experiments of the multi-scale information fusion network are conducted on the public facial expressions dataset, with an
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accuracy of 89.87%.
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MG 819 273« 273 = 1365

N n ¥
3.2 RAF-DB $#E% b ’

B2 A TP R 42 RAF-DB (real-world affective
faces database)™ J& — N K MR Y JE £ R 15 Fde 4k,
fil 8 29672 TKERNEG L. BTl BRI R TE BN _E ik
B, T RIOAER . TR FORAFER R ZE 7. %3
PR T T BbR 2 TR 746, Ho,
HRRB TR N T RERES: & R, R
PR AR IUERI R XSRS T AR AL 2 AR AR
T, L 12 REAHEY. PR TS 15339
sk RN B, K 12271 sk EGONIITZR R, 3068 ik
EE IR EE, EE 5 #E3 100%100.

48 ik
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3.3 EBNIZ

A3LAE Ubuntu 16.04 #:E RS R, i@ id PyTorch 1.2.0
HEZE 523 MIFNet (255 0K, B3R 5558 NVIDIA-
GTX 1080Ti GPU, &7~ 11 GB. MIFNet 4% 2 (il
TE bR BE LB R BRIk AT AL, BRI E N 0.9,
B IEIRBCE Y 0.0005, HI46 % 2] F BB N 0.01, batch
size W N 64.

¢ BRI
4.1 SN IERR B .
Xt T HAR 2 f%f%;, o 2 70 o000 2 5 A2
\ﬁzw\j}ﬁ;smﬁ RSO A . TR

45@?#&15’]%%@%% HIRAE S5, B M EVF

AR PR R HERA R 1A R 3R T IE 0 O A o A
B L, Rt R st (15) Fros.

TP+TN (15)
TP+FP+TN+FN

Hodr, HFHM TP (true positive) 37~ W 25 15 0 1F 2%
*iﬁ#ﬂﬁﬁﬁ%‘éﬂ']ﬁ% fBH M FP (false positive) &
7 P E AR R A SR A W IR 2R I HOR:, B TN
(true negative) &7 W 284 B RN B7 SIS A W7 g 47 2 1)
B, BT FN (false negative) 32 7~ 0 48 A AU 1E 28
FEA Wy 1S ) B i

PR AEm R 2 Ah, AL Hﬁﬁ)i A!JC (area under
curve). A A& r,ecqll). Fl M 3 AR R R AT
R PERE £ y L -

‘\UC (""x“lﬁ%f%ﬁfﬁﬁ) 812 ROC (receiver
operatlng characteristic curve) il 26 AR, o
ROC &k Bt i A FH £ 26 (false positive rate, FPR),
NN FLBH R (true positive rate, TPR). AUC {Eif K,
B LR 40 R VR T B IEAE A HRAE SR
AR, BV RA S LF 52868 70, Hat R R .

FP

Accuracy =

FPR= ——— (16)
FP+TN
TP
TPR = (17)
TP+FN

A B TSR 2 LR 0 B SR N B
AR A T B AR B A v 1 A [ A R R AR A R
BIBAVEREA K BE 77 5 o, SRR T

TP
TP+FN

recall =

(18)
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F1 5 BORAEHHZAN G B R ARG, FL 5 W)\ B 2 s e 42 IFER X MIFNet 34T 7 fib sz

BOXACRE VRN T b5 7] LR SRV 22 ) LR AT I 28 A5 7Y 55, FEAE W 2 . ald s AR Bk R AT R SER

(R EEARVERE, F1AE B & R IR 70 2K B8 7Bk, (1) MIFNet W f# ] ResNet18 (8 T/ 4% Fil TR 1L 42

2TP (19) HY; (2) MIFNet 2 Swin Transformer 8 T/ 4% H

FHRHMEFEEL; (3) MIFNet 5 F X050 SCRFAE 3 X 45 4

THRFESZEL; (4) MIFNet {5 H U0 SCRFE SR XSS 14 5

N T IR AR ST I SCRFIE R IS 74 . AR REAIE fib- G AR R TR A 2 B SR FH 228 SUM 01 2 5 e A
RilE B HORT B I R B RO B R I R, AR SO T SRR TR LER I 42K, SEER A R ANER 2 Bk,

%2 MIFNet /£ IFER F[iHaELI0 45 R (%) L B

Fl= —————
2TP+FP+FN

4.2 MIFNet P4&45EH)ERM SIS

FRAEAET

75 CRELES HDAM SDCL PR P B R AR RRoNiRiiES
) Swin x \ 92.93 91.61 96.53 98.79 94.97 93.95
) Res x J 9338 9181 9642 9841 95.01 94.09
® Res+Swin x \ 93.95 92.34 96179 99.12 95.55 94.61
@ Res+Swin «J x 93.68 91.93 96.59 98.94 95.29 94.35
® Ours «J \ 94.44 93.54 97.74 99.63 96.34 95.46

Hi T390 48 TFER FOZRAERHA T, A 3o
2 2 A SRR IO R L T IR
G SN R RSO T E S YIIE SR E s
SRE R A P G 2 2 W] AP HY MIFNet %441
PSR 2 S AR PERE B0, XD @, MI@itAT
ST, BRI SR A R S B IR MR
Ecwd i) SN DY TE YNGR ES A RIS
{iE, [FIB CNN 453 LLSRIRE] B LT 02 15 10 =5
M, DR SR P UL 43 SR A 2 45 4 375 A G 1
AT 4G4 S BRI (77 . X @RI Ok
17434, HDAM BN U3 SRS IS I J5, %
SRIA LA I A 05 2 ) B AT A

o, ) Ui 8  A TR 8 A B v HE B 3R T 0.85%, &L |

REZH. WOMGBEAT 731, /£ MIFNet [IRFE 2L,
SRS HEBR AR G OLT, ﬂ%zliiﬁijrﬂﬁﬁﬁi
558 S AR R AR BRI, A SCAR 18 28 ) L i 5 2 A7 R
RT3 4R THL 11 %.
4.3 MKRBAYMESLE

B W 28 R et E 2 Ab, 1% R AR 2 i 22 )L
HRR AR A I HE R 2%, EASSTAE 55 I 2% I ZRid R
TP 2 453 2% bR BOR BB 5 28 ) LR S SR 218
Z IR URZE BEAT I A AR 4% R 45 5 MIFNet £ 8 [1135 44
DUt ASCE G2 ) i B2 1 (s o, BEiH B G REREE
HL Rk, IR B & MR LK S Softmax 157
RERE AR T %, AR RN S 8] P 2 i B LA — R A
) B ARFALL 5 122 RA [ 28 531 18] RO RFAIE 70 5. D 3 IE A

IR A R, E AR R MIFNet 2420 %48 70 A28 (1)
R, (A FA R LA 23 8401 25 B 4 MIFNet R0 R 7
RS IFER k47— RA 0T e s, Seie sl R ansk 3
. bk AR SC B LT 2% 1% 1R 4T 55, MIFNet 3K
KSR KIRAGH A B2, F1 B2 3 MEr
510 e v O ) LTI 3500 175 IS 1D AR ABA A o 11 ] 8, A<
SCHVRAEIR AN S [ R 3 TR EERFIE 2R N R R 5 2
F] 43 5, BRI . B A SR RS2 B N4 2% R 4
H R EHR, EWJ%UII%&EW&@&@E%@

£ 3 RS EE IFER E ] g 3R (%)

PR L L HERRR AR F15y%  AUC

FBE TS 9431 94.94 95.17 98.85

o KPRk 94.45 95.51 95.40 99.03
Softmax# 2 94.63 95.51 95.44 99.01
Island$5 2% 94.89 95.69 95.71 99.08
AR 95.46 95.88 95.89 99.07

N T I GACHE %03 5% R B AR S0 284
% LRIPERE, Wl 9 FroR A SR t-SNE Sk nT A4
T B IR R BN RS, Horh IFER RS &R
175 28 0 1 A5 23 A0 Wt B 9(a) P, A8 U0 R 8 T
TP RARGS, ARSI 73 FAT 55, S SR IE L
ENGES B A EE iR ONIE S 1 o SN IR E VS
FERIRIE, FLRRRCR A 9(b) iz, FEA SO X EE
PR AP RCR e 2. X BB Ok R HAT M R Fn 22 ) R A
TREERFE, 70 B AN R BR S5 R 2 17 TR BERFAE, R Bk
TR BIA SR LI MR RAAE S5, T 2ILE
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AN BN B AT 5 K S (AR B, S S5 x 22
JLRAG IR BERFAE I 70 B ORI, HIRERBCER W 9(c)
JIT7R. Softmax 53 4K 27 > B (R RFAEAE IR FE 23 A JE iR
&A%, I 7 A IR I 22 ) L R HEAT
RORFFAN R 2800 Z 18] 73 5, {2 Softmax 157 K
) BES 2 17 S AR (A RFAIE 2 23 ), R SEBLE LA
—RAFIONRAL BB 1 H K, HIRSACR W& 9(d) P
7. Island 358 5% 2 FH 3 22 LT 8 3 19 IR0 AE 55, AR
Softmax 1 4 1 4> AF R K 7% 3 18] B 5 26 o

m R (648)
= TEf (728)
= [EAR (398)

SRPL (273)

(a) IFER FOJUAGEHGRE 3 4
8
¥

T
'

(b) 2 XMk

OB AP 53U 4 TF, (R LR — Fe K1
BEAESE, R ACRA T AR IR, RRACR I
P4 () . A% SCHRth O 3 BV PE L e 31
8 L5 S IO 5 0 A, S e Rt
TG T AN ) LR 1 98 JE K 76 36 OB, A STk
T FIRBEVE UK 5 Softmax B BEA (R LI T %,
HHHACRIE 0() B, L7847, FHxt LT 2R
IR 5, 2% SO AE HEN 2 R0 s S0 T B
FIR SEIABAR

- R

- Lm T e .
NG P
L0 e 3 L5 ) *
N % Srpady

(d) Softmax %k (e) Island 1%

Ko HkREHCRA

5 >

i%%%‘ﬁﬁ, MIFNet 7£ #4542 IFER [ &B
YEFEE JL AP RO TH 38 TS L U4, A A T
HERI ST HIE: 95.46% . 96.34%, HT T Hofth I 4% 45
BRI, 3T LA T AR TR 28 WE TR

4.4 ETHUESE IFER LB ERS N

N T B8 AE MIFNet (1 2P, 4 3CF MIFNet 5
JUSETH AR R AE 1R 0 P 28 TE 404 £ IFER AT 7 — Fv )
FURIRT LSR5, AN A 7 iR AE B 4 TRER 1 SRAG bk

T E M B A T, A R M 5
IFER LA AR 107

24 MIFNet 5 HABMZIE IFER %45 R

ZALE A e BN, A T B AR AN 7 £F 6 B BOA
A HERRBL, DI 48 BN S T AR F — %
TERA K SE AR, 22U S e Rk H
Bl 55, 10BN R T PR FER R AT . TR LAk HLA,

kW THEWE () R (%) e
IRA2LTES 2018 91.93 9135 %ﬂ‘ﬁ%)t%érﬁﬁ“ﬂ*a1u rilﬁj, Eﬂ'fﬁﬂiﬁ]ﬂﬁrﬁﬁﬁuz
RANMM 2019 93.62 92.79 [E] A AEAR 22 S [FRFAE, DRGS0 JLAF 1Y) T 8 2 155 R )
SCN" 2020 94.64 93.63 W 28 06 T 22 LR A HI 2 18] 7 B BUR A BRAR, 2 5 18 B
PACL™ 2021 94.96 93.94 MUY AR SCHETT B 190 2% A 5L T LI 4R 88 )L T 956 2
RULY . X / N > iy S N ==
A 903 o402 1 R PR IR A, O LA VR 7 2 L2 25 e AR L b
DAN 2021 95.13 9421 : o L
Ad-Corre™ 2022 0431 93.40 Y T L, [R] T A 20k 31 A e
MA-Net*™ 2022 95.81 94.87 45 ETAFHIESE RAF-DB SR 5S4
Ours 2022 96.34 95.46
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eS80 S IR R SR EAH L, RAF-DB 775 5 2 1
F (bR 2 g 75 Bt DA 2R 4 U AT 25 5 1L Ak
. DN T UE MIFNet 132 fhVE, &% RAF-DB
() bR HEXT MIFNet #E47 5256 5341, MIFNet /4%
5 H AR R 28 £ RAF-DB X} HL45 B2 5 Fis.

S SE R, JET RAF-DB ## 4% MIFNet

5 JUAE RS R P 25 41 L, MIFNet (1) #ERG 240 T 28
2 for. AHX T2 LA 4, RAF-DB $di 4 1 A
H W2 RS T MIFNet X W 7 ) e T
MA-Net*, 52 HAEMH AT MA-Net*. (HEFX A2
JLAE R AIAE S5 %5 55, MIFNet 515671 32 )L %15 2%
T AE ALY v PR RE R, WA R B AR T MA-Net*.

Happy (IRRRY 0.054 8 0.023 9 0.022 4 Happy (2R3 0.056 3 0.015 4 0.008 5 Happy 0.052'5 0.013 9 0.006 9
0.8 0.8 0.8
3 Quiet [0-065 2[URIR 0.015 1 0.013 7 06 3 Quiet [0-063 2 (URIGREY 0.017 9 0.009 6 0.6 3 Qu;et 0.014 4 0.009 6 0.6
< < R \J
P p {:
£ Crying {0025 1 0.016 3 (UCKER] 0.023 9| | 0.4 E Crying [0-020 1 0.015 1 (UREER10.016 3| ['+10.4 \E Crying {0-013 8 0.011 3 0.4
Asleep [0-025 6 0.020 1 0.016 SEUCERA | | 02 Asleep [0:00920.0128 0.011 0 (RXZH | [ O 5q1cep [0.007 3 0.003 7 0.005 5 0.2
Happy Quiet Crying Asleep Happy Quiet Crying Asleep Happy Quiet Crying Asleep
Predicted label - Predicted label Predicted label
(a) IRA2LT, b (b) RAN (c) SCN
i ¥
Happy QEZEA0 0.052'5 0.013 1 0.005 4 Happy (ZE2ER0.054 8 0.009 3 0.006 2 Happy [UEEIY0.046 3 0.015 4 0.002 3
0.8 0.8 0.8
-Té Quiet 10.057 7(AGR] 0.015 1 0.010 3 06 _T.; Quiet 10.063 2 [((2WAY 0.011 7 0.007 6 06 -Té Quiet 10.068 7 WEARAN 0.009 6 0.002 7 06
P P P
& Crying 10.010 1 0.012 6 USRS 0.4 E Crying 10.0151 0.010 1 [WRLZRF0.010 1 0.4 E Crying 10.013 8 0.017 6 (IRLERY 0.003 8[| 0.4
. 0.2 - 0.2 0.2
Asleep [0-003 7 0.005 5 0.001 8 (WEZLAY Asleep [0-005 5 0.001 8 0.003 7 (CRERENY Asleep [0-001 8 0.007 3 0.005 5 (UALRIE
Happy Quiet Crying Asleep Happy Quiet Crying Asleep Happy Quiet Crying Asleep
Predicted label Predicted label Predicted label
(d) DACL (e) RUL " (f)DAN
1 .
Happy 0.057 9 0.009 3 0.006 2 Happy (ZEE28840.043 2 0.013 1 0.002 3 3 \-f Happy (UEEZRE 0.049 4 0.004 6 0.001 5
0.8 0.8 0.8
T Quiet{0- 0014400039 W (¢ 5 Quiet[0.061 1 (REIRY0.0082 0.004 1| M = Quiet UXEEES 0.004 10.002 7| o
= < 4 =
p P B
€ Crying [0-017 6 0.015 1 04 & Crying[0.00880.018 8 [XELERI0.002 5| [+ 0.4 E Crying [0.012 6 0.010 1 [UCLEE0.000 0] | 0.4
»
0.2 = 02 A o2
Asleep [0-007 3 0.012 8 0.003 7, Asleep [0-000 00.000 0 0.005 5 (YRR Asleep [0.000 0 0.003 7 0.000 0 (UEEIK]
: . N 0 0
Happy Quiet Crying Asleep

Predicted label
(g) Ad-Corre

Happy Quiet Crying Asleep
Predicted label
(h) MA-Net*

Happy Quiet Crying Asleep
Predicted label
(i) Ours

B 10 #t¥i4E IFER T AR J7 i VR 1 56 1

DU 1 30 2 175 R PR 0 2% = 2 DL CNN i T
WA 2, TT LR HCE T R 15 1 J=) AR AR AL, AN 58 =) BB AR AR
STIRRNGFONBA — 8 1R R, A 3CK Swin Trans-
former (18 W E&AE Sy B T R 7043 SOR LR R A%
FRAEZ 1A 42 R Ik &, /b 42 R fE B &2k, R A

fil G AT CNN 43 3 507 1) Jm #ARR AR RN 4 S P AIE,
T4 JE REAIE A B8 0 5 B A X, R AR SR I B
T LR O R SR T 7 SERAB IR LR IEAE HR N
R AT 40 B, PR m B SERAG RRAE (A R SR B . 2
T iR JE K, MIFNet £ RAF-DB 4 5 R 8 K 4F.
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%5 MIFNet 5HABM L FE RAF-DB 5t Eb 45 53
J7i%: FEy CTIIHERIR (%) FRUEHER . (%)
IRA2LT™! 2018 — 86.77
RAN!! 2019 — 86.90
SCN!™ 2020 — 87.03
DACL™ 2021 80.44 87.78
EfficientFace”™ 2021 — 88.36
RUL?" 2021 — 88.98
DAN® 2021 85.32 89.70
MA-Net*™” 2022 — 89.99
Ours 2022 86.29 89.87

5 divERE

I TR R B SR, £ LR
T IR RF AU — AN 2 48 MIFNet T3R50 22 L T
AR T LA 0T 98 2 1 30 R 46 K 4 i CNN
1 SR I R 4%, 45 [0 G L I8 IR, MIFNet
PR3 S A ks ONIN 23 SRR o SR 5
[ 010 3 SCHR IO A R R AT Ml 75 55 B 28 LT
H N 2 R REAE RS, WA 375 B LT 3 2 5
PP REAE. 8 ) LT 4 1454 0 PRk s 4 A,
RS T A EERIR L RO B, B A Softmax
R WL AT R AL, B0 T WL 59 260 76 TFER
Kl 4t MIFNet SEHUN 2L A R AR5, 250
BT H RTBLA (R 2 3 77 . U SR I 4 3
REAIE R R SRR AT B LIRS, T il — 25 0
)L i R, Rt SRR 46 K 04 b 2
RIS £ 40y B b )
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