5510 1 CI T Vol. 52 No.10
2024 4£10 A ACTA ELECTRONICA SINICA Oct. 2024

LT O FR BRI 285 1 157 ) A B 1T T
RPN AL

XA AR AR AR A FRA
(1. TSR VR S H R S5 I 100044:2. LSS K A AKCHR 5 A TR A AT A 5650 % I 100044)

OE: AR UUNME 55 UL S T8 5 M A N 4 52 OV . A 1 78 2 17 1000 380 vk ol 4
St Ok X I A 7 Ay o) LA RIR SR AE . SR, IX 8T 1 20 1 MG BAIE R N TE R A5 0 G 2, HL B SE o TR 25
V) 1) B SCOGHRR I3 LA B RIS RTRR 25 [R] AR DG 1, S BUIT 2 R IR R I M RE SR THA B . JHU, AT 40k 8 SR 1 U3 5 i 31
KA RRNTIFNIZ HERL AL EE 1) )29 O0C 2, BRg B 1 AR g E0 R BE . IEe A b , IR AiORL e SR U305 2 1l T4
T T WL T SRR AR e M S S A8 B SOV ) 0, A R e 1 A (Y UM RE L BT X b e, AR SCHR S — R TG R
SRR R 285 91 O 1 200 A7 B TR 50 2% 175 1 01 55325 (fine-grained facial expression recognition algorithm based on Relationship-
Awareness and Label Disambiguation , RALD ). 1255 13 i3 #4) i /2 9080 A MG A AE B8 5 I 28 | 78 2032548 G 2 18] 2 4%
P 22 ] LA B PG RIAR 2 2 8] AR G 25 , LAARAS BB BRI (0 RUARURRAIE . ST X AR A8 8 OB Il 3L, B B 1k Tkt
SRR BIAR A A1 2 S BB, T aod R 5 SRS B AT B 25 T 5, o — AR T AR R RO RE . e 200 B 2 U K 4R
FG-Emotions [ 53 Y HE# 15 3] 97.34% , £ UKL B 205 PR B4l £ RAF-DB B O BUA 3 248 70 07 ikt g 1
0.80% ~ 4.55%.

KB AR ARG YU s TR AL s O FR BN FRIEAUAL s bR 00 A 27~

BEeWH: EEAARFEIES (N0.62072027,N0.62376020)

HESES: TP391 XERFRIRES: A NEHS: 0372-2112(2024)10-3336-11
L F %3 URL:http://www.ejournal.org.cn DOI1:10.12263/DZXB.20240364

Fine-Grained Facial Expression Recognition Algorithm
Based on Relationship-Awareness and Label Disambiguation

LIU Ya-zhi"?, XU Zhe-ming"*’, LANG Cong-yan"’, WANG Tao'’, LI Yi-dong'’

(1. School of Computer Science & Technology, Beijing Jiaotong University, Beijing 100044, China;
2. Key Laboratory of Big Data and Artificial Intelligence in Transportation (Beijing Jiaotong University),
Ministry of Education, Beijing 100044, China)

Abstract: There has been a growing interest in fine-grained facial expression recognition due to its ability to capture more
subtle and realistic human emotions. Existing facial expression recognition algorithms enhance image representations by extracting
local key regions and other relevant features. However, these methods disregard the inherent structural relationships within the
image dataset and fail to fully exploit the semantic correlation between labels and the relationship between images and labels,
which restricts the enhancement of feature learning. Besides, current fine-grained expression recognition methods do not ef-
fectively explore and utilize the hierarchical relationship between coarse and fine-grained levels, which limits the recognition
performance of the model. In addition, existing fine-grained expression recognition algorithms ignore the label ambiguity problem
caused by labeling subjectivity and emotional complexity, which greatly affects the recognition performance of the model. To
address these issues, we propose a fine-grained facial expression recognition algorithm based on relationship-awareness and label
disambiguation (RALD). This algorithm enhances image features by constructing a hierarchy-aware image feature enhancement
network, thoroughly exploring the dependencies among images, hierarchical labels, and between images and labels to obtain

more discriminative image features. As for the issue of label ambiguity, this algorithm designs a nearest neighbors-based label
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distribution learning module, which further improves recognition performance by integrating neighborhood information for label

disambiguation. Our algorithm achieves 97.34% in terms of accuracy on the FG-Emotions dataset for fine-grained expression

recognition. Additionally, it outperforms existing mainstream facial expression recognition algorithms by 0.80% to 4.55% on

the RAF-DB dataset for coarse-grained expression recognition.
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BE BRI T EUR AR RERE IR A A 22 98
1G22 Ia] A2 (RIS MG S8 2 TR AH OGP , 4%
FREEFEAE AL SCPE IR BRI RIF ST . T B e i, 7
HAFEARAE I RALD-L B R % [& )2 90 55K 4
HAEBEARSRAE T R3HO-Net, il 17 i Wk 1 AR SCR FHE R
HLHZHE G E b2 6 R FITERR S TH IS i R bt .
R E gl SR v AR ST HRE B AR A RRAS A A
FIEEHEE LA T REEOTERA —E e ER .
4.3.2 HBhICIE

T B ERTEE RALD 5303 i & T A 250, A<
R FH AR T 25 1 ResNet 18 /E b Fehili A% 181 (baseline ) ,
TE 407 B T R 22 45 1R 9 B0HE 4E FG-Emotions | #4774
ALSCES . TH RS EE AR 3 R

751 (b) SHEARERIA L, iIn A ITRRASHAEOR T 24
4. 69% MHETL , 3= B G B 45 (1 N 72 ¢ RIZ A Bh F
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F1 RALDHEBESFER AL FG-Emotions BB E F IR A ETRRERRELER
E’Dj&i S R e RS [39] Q [25] ~7 [23] [40] [14] [19] [41] [16]
S HUKLEZE | 40R0%JS |Resnet18™| MSAU-Net™'| DACL SCN R18+R3HO EAC DAN™ | POSTER" | RALD(Ours)
anxiely 95.12 68.50 95.12 97.56 95.12 97.56 | 96.34 97.56 97.56
worry 94.63 66.30 92.62 95.97 94.80 96.64 | 93.96 95.97 97.99
fear panic 90.00 67.30 87.50 97.50 92.50 97.50 | 97.50 95.00 97.50
terror 89.23 69.20 78.46 95.38 93.85 95.38 | 87.69 92.30 96.92
nervous 96.97 67.80 96.97 93.94 93.94 96.97 | 93.94 96.97 96.97
depression | 92.80 70.20 95.20 96.80 95.20 9520 | 95.20 98.40 99.20
embarrass | 91.52 65.90 95.76 98.23 98.23 98.23 | 96.82 98.58 99.65
gloom 94.02 72.30 98.91 98.91 94.92 98.37 | 94.57 97.83 98.91
sadness guilt 94.92 68.20 98.31 98.31 98.31 94,92 | 91.53 96.61 98.31
remorse 89.66 68.80 96.55 91.38 95.10 94.83 | 91.38 93.10 98.27
unpleasant sorrow 96.24 66.70 96.24 98.50 97.94 98.50 | 97.74 98.50 98.50
suffering | 93.55 78.00 90.32 93.55 98.39 98.39 | 88.71 90.32 98.39
anger 91.58 73.50 97.90 94.74 98.90 97.90 | 91.58 97.89 98.95
contempt |  85.39 72.90 92.14 97.75 94.38 95.51 92.14 97.75 97.75
disgust 93.33 71.30 95.00 93.33 95.00 93.33 | 91.67 93.33 96.67
frustrate 87.50 72.80 89.06 96.88 95.63 95.31 87.50 98.44 98.44
anger hate 88.33 81.10 93.33 91.67 94.67 93.10 | 91.37 93.10 96.55
irritate 91.89 76.40 92.66 97.68 98.07 97.30 | 93.05 97.68 98.07
loathing 85.85 77.90 91.51 92.45 96.22 9245 | 86.79 91.51 96.22
torment 91.80 70.10 90.16 93.44 93.44 95.08 | 90.16 95.08 97.72
wrath 92.86 70.20 83.33 88.10 96.00 97.62 | 85.71 85.71 95.08
amaze 89.45 85.80 89.87 91.98 93.79 91.98 | 92.40 93.67 96.20
surprise | astonish 90.20 74.60 90.20 90.19 92.16 96.08 | 88.24 92.16 96.08
surprise 86.87 77.40 83.84 89.90 89.90 90.91 | 79.80 90.91 90.91
cheerful 94.34 69.80 96.22 99.06 98.17 99.06 | 97.17 99.06 98.11
enthrall 89.47 82.70 94.74 98.25 98.25 96.49 | 94.74 98.25 98.25
pleasant optimism | 95.54 75.40 92.99 99.36 97.45 98.73 | 96.18 99.36 98.73
happiness | pleasure 93.21 73.80 95.68 98.14 97.83 98.14 96.91 97.53 98.77
pride 95.24 76.80 85.71 95.24 90.48 90.48 | 95.24 95.24 95.24
relief 85.71 75.70 95.24 90.48 90.48 9524 | 95.24 90.48 95.24
thrill 97.50 80.30 95.00 97.50 97.50 95.00 | 95.00 97.50 97.50
love affection |  95.00 83.30 95.00 92.50 95.00 97.50 | 92.50 97.50 97.50
lust 88.46 82.10 9231 9231 80.77 96.15 | 88.46 96.15 96.15
S UER R % Avg. 91.91 73.73 92.54 95.06 95.83 9593 | 92.34 95.44 97.34
L FE/FPS Speed 1942 — 1902 1873 — 318 551 410 1291
#2 RALD-LAEBIZEHB4I B R E IR B BIEEE AlfectNet F1 RAF-DB L5 E i 775 HIR B AR R 3Tt A2 %
HLRLEE =1 MSAU- DACL+ , REA- RALD-L
N IL-CNN" DACL™ SCN"! fAda-CM™'| DAN“" | POSTER"®
Byt Net®! R3HO-Net'"! Net*4! (Ours)
AffectNet 56.60 — 65.20 58.26 58.45 52.97 65.69 67.31 60.45 65.24
RAF-DB 82.30 75.80 87.78 85.52 82.45 84.13 89.70 86.03 88.81 90.58
PAFI I R IRAFEFOR . D7 ()il LGIFO B3 FC-Emotions HIRHE LHOHRSH
HE | ABREAHIE IS , A T IR R R R T T 4.02%, DR ITRR | HLRR | LGIFO | NNLDL | #E#i5R/%
BRI RIFIBRAS (1 EFA SCRHIE SIS ISCEPETE) it 01— S
TG SIMER R — 4T ik (e) Ak () label guided 7777 N 96.45
Sy IR T UG R RIBRAE S 2 T LATE )7 i (d) B3 _ () v 95.93
N N e 2680
BRI ( MG AR TSR MR T el T T 5725
He(NNLDL) , IR 3RS HE— AR T} S0AE T h525 5% Ours v J v V[ o134

A2 > REAT B AR 2 B R R RE RS2 AR
BRRUAR LE THER R A UNMER R 4R 129 5.43%, %
HE T IR A R A R

£ %} FG-Emotions XYE4E , 15K TV SR FEA AR S5 43
A2 2R (et A [ 3T SR A AR I & %) T il S 36 dn 1]
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%10
98.0 —
PRz
975 —o— THHERF
D\\°
gwo-
@
5965
96.0 : : : :
3 5 8 10 12 14

IEARFEAS KO

Klo AT R R

6 7R . AT ABREA k=5 BF, PRI R by . B & (4%
SRR MERI R NI T 20.28%. X %W kit KAl figss
BOUARE B AR MBI PERE . 1 & BNt TG R 7
SR AR REA 5 B, S 80T P TR 25 53 A ] 58
PEARE MELL A T AR 25 o A SR A 2ds 5
4.3.3 ARLSHT

ik RALD AU A 850, AR SCGHAT T e PR AT

&
B
B

GT I (frustration) 1 2%(pleasure) IR (disgust)

Hii#F (amazement)

AL BT . B 7 RIR T L 5 RALD # AL 7E FG-
Emotions U5 45 [ 41670 B A5 WU A XS Fhas 1. 451
FEH, Akr B AR R AR A T A F A U B 2L Bk K
P . TRl 5 R LR AR A FE , RALD B B350 4% 51 5 i
WERG . AP 7 A A 28 AN S MR BT, BB 7 A T
R PYFE BT , RALD B3 45 5 ol 5 5 B aihn
R T[] — AR B S T S AR AR A Y 25 S IR AR
W& T RRL B 207 PR BT A S 3 427 4 HL 4 A
JERREE 2 (8] (1) )23 90 O 250 TR R U] 1 A7 Rk . [&18
JER T 2T SR AR R 5 I, BT AR R AR A AR A3 A 2
SRS b B AL AR AR AR 1) PG DL AR FEAA . 3
o AL TR 43 A5 W AR A, T A 50 ) 0HE 46
FREAE 2 (8] [ 30 20 AH R A7 S, DA T B I ) b o s A A
B PR T ARSE 20 A1 . AH HE T B — AR, X Fh 0 2800 43
AT DL AR A 2 S SR T R R i B L T 2
it s 25 7 SO o A AP B B 2 ), B s v R 1 L)
) T B P

15 %% (anger) I (contempt) i 7F (amazement)

Base M (optimism) HLy(worry) 1/ (remorse) b (cheerful) 54T (amaze) 1% (pleasure) 1% (pleasure)
Ours I (frustration) #2%(pleasure) PR (disgust) b 1t ) FEAH (contempt) 1% (astonishment)

IRV EEY

GT R (disgust) JE % (wrath) FHL(worry) & loathing) #CE (lust) 154} (amazement) 1 (hate)
Tt #1i(remorse) I loathing) 5l optimism) Hit(cheerful) uffi(terror) 194 (remorse) i (gloom)
Ours JR(disgust) E4(wrath) $8.0(worry) 1% (loathing) e (lust) 457 (amazement) 1 F(loathing)
GT: FLIhRzs Base: JELLAETY Ours: AL #ERALDELT RIGpI
7 RALD SRS SEEAUR ) P25 SR mT B 1L
EIPNETES | Topl | | Top2 | I Top3 I | Top4 | | Top5 I

GT pleasure pleasure pleasure
plid
A
i

GT SOITOW SOIrow SOITOW

iE
ki
=]
%
0.06 0.04

pleasure pleasure SOITOW

0.07 0.06 0.02

SOITOW SOITOW terror

B8 LTI ARREAR A BRAE A1 2 S B top-5 FEA KA fE 7 151
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(a) FELARIIZER

(b) RALD 25 5

9 t-SNE n] # bt S5 o

AR 2 SO ] -SNEMS SE AT HAE 23 1) W] AL, .
A FG-Emotions Ml i 4R H Bl HLIE HR 2 500 5K B4
S Bl P FE LR AR A RALD AR JEA TR AE 2 5. K9 hy
T BYERAE 20 A BEAT -SNE Al WAL S X g R .
L, 33 AR AR 2 R B 2R T 6 - SR A Sk FE
7 TR B 25 1o 5 1 2R B AR 2SS IR . Pl P 9 Ml
A HE T IR LR AR | RALD R X 4 — 28 5 1) 40 2 5 I
BT HE RE AR, BT T REAE B A TR A T
PE . T ELRRRIE 1002, DOHDRLEE 4> 28 19 A1 B, RALD
FRAR 238 SR v S T ] — AEDRE 0 AS Ti) i er B 28 S e A
23 () o B B AT L 3k R B AR A U DR 4 23R 11
TEOLT , RALD A5 RA AT LAAT 2053 185 ik B 2500, i
AT DA i R B 2R B R O &R R EE T RALD 45
LA TR ERAE S SN R S g iy % d

5 #iE

ARSCHE T — i I 5 ZR 8RS VRS 255 T % 1 4k
T T 2 T U RALD , HOA] H J2 R0 1% [ 44
IS8 X 2 A2 400 RUR S50 6 R AR 2 OC R, AT
FAFEMG AR N 5 R B IR FZ PR A FRZE R R FoR
JER PR AT B 5 BURFRE AT 0 AL, DA 3 A5
U AIEBE . A ASCHR 36 T AR RE AR A AR 25 43
A 2 2 B LT REAE 23 8] 1 3 48 EUE M5 B s AR AR
HIAREE AT, LA SR b 20 I SRt . A 2R R R 1R
S B HE £E FG-Emotions A1 735 Ji MURE 2 2617 U1 500 B s 45
AffectNet F1 RAF-DB I, K A9 31 fl G bE 52 56 235 R 46
UE 7 FRATHTAR A RALD 305k B A &5k Al e .
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