rhAEAT S 62 5 iRl 2k 2021 4F 10 H 45 30 %45 10 ) Chin J Behav Med Brain Sci, October 2021, Vol. 30, No. 10 - 955 -

&

- ROLLEik -

T R A DU BORAEAT A B 1277 H B A

PN L= 7 R

Yk e E A A, K 41000052 EITRF W EAFERRFEHE L,
B R FMRET REHFEE AT 361005

WBAEMEH . ¥ 2% Email : caoyp001 @ csu. edu. cn

[FZE] R AT R AW 2 W SR, (AR 3 T R A A A R T
W HAMELLSESE Y, [ 2l EHF AT BN R G0 TR Sy — il B s B Sk b 10 B, IR 2
TERFRMEE TR —, EARZIE 5 e R MRS EE N, AR & R,
RGN IR FEARWT A Hop | ST IR B > B TR AT RS, DAHSR R 045 B AL HLRE 7, R
AR P FRAE B IS DA PELGRILA ] B2 ) FRAE Ok 52 AL A28, il R b2 17 5% = 1 755 4y B A
AN TAL FEE AR R, SCEHE ELRR T HFRR T R G AERE #1437 240E IMARAE A28 AAE R
5 AIMUE 1% 2R A5 A5 EAE | SRAERE SRR 2 W RE YT h I F o ik e | LU e — 2B AR R T R e TR
T AT $oh A5 el A A T 0 v AR LA

[X8iR] miREUON; WE¥; KR, SPRam%

EeTWR . FRARPIAEAETH (11874310,11675134) ;MR H ARBLF 3410 H (2018))2591)

DOI; 10. 3760/ cma. j. cn371468-20201227-00084

Application of facial expression recognition technology in diagnosis and treatment of psychiatry
Liu Bowen' ,Shuai Jianwei’ ,Cao Yuping'
" Department of Psychiatry, the Second Xiangya Hospital of Central South University, Changsha 410000,
China;’ College of Physical Science and Technology, National Institute for Data Science in Health and
Medicine , Xiamen University , Xiamen 361005 , China
Corresponding author ; Cao Yuping , Email : caoyp001 @ csu. edu. cn

[ Abstract] In psychiatry,observation of the patients is often an important basis for making a diagno-
sis during clinical practice. However,changes in emotional facial expressions are often subtle and difficult to
detect. For this reason, automated facial expression recognition can be used to assist in identifying mental
disorders. Facial expression is one of the important ways of emotional expression,and strong similarities of
basic human facial expression are not affected by cultural background or congenital blindness. With the de-
velopment of computer science, facial expression recognition methods are also constantly improving. Among
them , deep-learning-based facial expression recognition approaches ,with their powerful information processing
capabilities , highly reduce the dependence on face-physics-based models and other pre-processing techniques
by using trainable feature extraction models to automatically learn representations from images and videos.
This article focuses on the progress of facial expression recognition system in the diagnosis and treatment of
schizophrenia , depression , borderline personality disorder, autism spectrum disorder and other diseases. This
article also explores the application of facial expression recognition technology in the field of psychiatry and
remote psychology intervention.
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UL 2 i, 9 O B2 5K Ekman 56 T K bk 1 3 25
IIRIFFT , ZEAN ] SCAGTE 557 T WLEE 3 1 B A 1) A AL 1) 17 Jk 3R
IR BRE T A I RS AR A S 1 IR R AT 2RI Y
MBI EAT Hs LR D IR ST R R AR I A R4S
(ILIE 1), 43 5 52 P 5k (happy ) | 158 %% (angry) | 158 F ( sur-
prise) RLE (fear) S (disgust) FIAEAG (sad) o 5ok SLENFT
T A 11 A A R A T A 23 A B (amuse-
ment) 52 (contempt) 1 JE ( contentment ) | Ji fift ( embarrass-
ment) | 3 3l (excitement ) | N YK ( guilt) | il 5 & ( pride in
achievement) | B P8 ( relief ) | i B ( satisfaction ) | &% B i 13

(sensory pleasure ) FIHEE (shame) ,

4K Chappy)

1% (angry) 1% (surprise)

AR (fear) JR3% (disgust) i (sad)

P34 A 2013 4F Kaggle % 0 22 15 1151 Bk KR8 ML 2
FHEG FER2013 BC0i 8 i 2 B, 45 3K P4 13443 3 B 48
48 1B HE 15
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TRIE S 2] () 4 22 D0 405 1) b 1T 35 R A TR B A B e B R A T
FRAR . ASCERR TR R TFRBIEOR K & g U R T
TRIE 27 > B TR AR IPURAE RGO T (9 L B HEH e | LA
W RS s RIS E 5 )R 7R

BREHE
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SR AE 2020 4F 11 A BT R T M 1972
AF 2 2020 AFRYSCRRGERE, K2 5 HdIE 1% - PubMed , Web of Sci-
ence, IEEE Xplore, Ovid, Embase , 11 [ %0 ™ , J7 J5 £t 4% , SPIS
2EARGRIRAELR s R IR B 5 . T 2R 1 (facial expression) ;¥
&% 35 (emotion recognition ) ; % R 25 [ 4% ( convolutional
neural network ,CNN) ; %R 2~ 2] (deep learning) ; 4% 1143 S AE
(schizophrenia) ; #1 B i ( depression, depressive disorder) ; i1
27 \HE [ 5 ( borderline personality disorder, BPD) ; FRJiUAE
i A B % (autism spectrum disorders, ASD) ; £ J& JiE ( anxie-
ty) ; SR IEUAE ( obsessive-compulsive disorder, OCD) , F L&
FNFERY F5 58 SCHK : the expression of the emotions in man and

animals ; Emotional and conversational nonverbal signals; Facial
expressions of infants and children, KR U E 402 B
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= R PEA S B R

SCEE S — VB A G 3R ) E A5 B0 R A 38 SCHiR , 7 B 152
B REHHHEE | I AN AARAE R HEBR bR HE AT e 8565, K 7T BE
AFE ZR I SCHR 1 495 2 0877 21 HL - SCRRGS B85 T EndNote
X9 Hp LR 145 FOCHR, 1 AR0X 145 R OCE Ry 230
HEAT R ARAE AT 5% 1A 285 A T 0P O s RS S 4 Py A AR
i WO RO AR A5 IR XA SCRR AT 25 5
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JAT ot 65 F SCiik
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I T LA A E i AR S A X, 3 T4 ) A D7 vk 2
TR TR o 10 % Bt A I 1 A [ 17 A B 2, f3) - YL v,
(electromyogram , EMG ) "* 1 5 s=f ff FH 3 18 FiL B o RS nT e ofe
Tt 35 00T e R 50 8 L A RS , Wl A7 filE UL Al TR R
4, PR AT T SR AN I TR LR Bl i g T TR
PR LA FHCA B9 4 e T UL AR S, i B #] (electroen-
cephalogram , EEG ) T J B R Jigi 7 22 F) R I 217, 2 75 T LA P A
1 G TS0 A 0 A (X1 2 A
S HT AT USRI SC R M LA e 2 i T R A
LERREEIOAE B L BRI, R T 1 A R 0 T 1
SRR TR I TEU I 2 A7 A ] 4 T R, G A B S 00 S  7 2
HRE AR AME 5 1 R A e — — X R % sh O iR AR B
B ORI R AR Y S0 = 1 AR AR AT
LI A A LS R SR Al A U] B R
T ILEL A TE B2 15 1R 1 ( facial emotion recognition, FER) (31
T AR FAE U ZR G2 AT LA Jd o e 2 (3 Tt R B sh 4
TR AAR 25 P A P G h 2810 AR R =X i s 3
T PO ARSI R E e 1 FVRFAE 2328 07 Bk iR [, AT
3 R T e 5 18 TR S 155 P ) R T TR B 2 T ) T
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3 P BRI s (BRI T ARAE , (3) FRAFHIB) 5402
TSN LRI04 53 2 3%, B 4N 3245 ] 5t AL (support vector ma-
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chine,SVM) , AdaBoost FIFEHLARM , 1R 51 2 SEH A T FRRE
AR B 2D RIMR T B b () R B I — Al S 35 X
UG AT AL, %o 5 BE AN B 0 BEUR 38E4 7 5 B P 3, LAvsi /b
FE BT FRAGT BN 52, KR W] UL (visible light spectrum,
VIS) EUG 2 4 FR PR S i AR Ak , —LeBi ot 3 2% i il 2141
PG AU T FE 21 . Shen %511 MAS [R]85 X 35k Ay 21 41
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o, L0 3 ISR T T 20 J8 - xof THT AR 2R A 2R AT 20 28 R
PAF T RAFRPUN A TE ARG B2 A B g R HE R 28y
BITTIRE] 75. 3% H176. 7%, 7] W, R FHLTAMASEE HEF T (9 THI
ERFAF RN AT DGR R A R T

NI TR RGBSR, A RAE S M5 A
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SR ImageNet BHEPE | LabelMe Hy TS84 E11Y
PR LA, T TmageNet WU ph 5 1 500 J5 iR 2 14 2 73 Bt
REUR A AL, $0A H T 22 000 A28, mE WBE 1A E
B BT G A B BOR A= 2T e BB AL O
H, BWHBMES I E R E Je R E , BIEER ImageNet X
FER AR AR T AT 55 BAR AL, PR AL A 1 1% B A AR
Z e AR, LA BT IR 1 TR R . B AR & N 2%
( convolutional neural networks, CNN) gt J& £ 5 1% &8 514 1 45
Mz 200 CNN A DL b 78 LR B3 R B R 4 v ek
X PR A 1 Al T A 4 3 531 5 i L, 5 B 2R/ 2
HIRT B2 28 AH L, CNN [ B2 iS58 DG &2 R e
G TN S bR RE A AR 25 T8 )L

CNN AT LAJR] Iy 547 T8 A 22 5 R AR 4R IR 5 0 26, T B e
RIS IRt o 1o 1 7% A1 5 R 22 A A X BB R A T
AT, BT LLRE S 4R 0 5 T TAR AW A F#1E, CNN
AFELLF =N WE 2) 2 (1) HFYUZ (convolution layer) :
BN R BURHE IR i ARHE , IR S5 ARRIE 5
— PRI, BRI T A U i
AR , 18R SZ T PR T i AP LE AR B T 3% 3fe v R R 28
izt , HAE— SRR I AR, Bt 24 g ]
DIRBUE HAFE, (2) i 1b)Z (pooling layer) ; Tt fb#RAE 7E
L A B2 ] 38 5 BRI PR R DG B R AR TR AIE
FEUCRE T, A e KA BT 24 b4 U 12 Al N AR AE I 1Y
ROT, B ARFRAE (423 6] 73 98 26, Z20m /N A i B 1T LAR] 22 T2 1Y
Ak T IR B0 2ok BE LA B B B, (3) 2342 )2 (fully
connected layers) ; 4 % 2 1A A FAR EIZ L0 2%,
RS URIE 2 2T 10 7 v 6 B 4 B 22 I 4% 7
F R s/ AT (facial action units, AUs) BRI

HE0
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B2 HRMEMG

TSR RN R G XK e TR A R 4 R A
MG AT, 18 BTSSR AR TR 3 T SR 0 2 b 5
PEAR 25406 7 ROR VPR BB 3 SR B L R R
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WA A L8 I PR 50 BN 5 R FEE B 3K 3
T8 2 15 TRU3) 28 G U AT A Ry — o i B0 1 255 B o 5 )
FBt.

LRG3 3840E - B FTA SRS B 35 10 T AR 2R 1 1R 0
23K B XTRE AR BUIE AT ST, LUAR R O3 U0E 26 3 ThD R
M= | R = 5 AR R AR BE AR SE 5 g R IGHE AL
WS W) RE S PR RE R A OE ) SR, X6 st A5 S T
FIBFFEEE SR, U0 Ekman ™ %8R, 1 I8 32 U5 IR 06 L R T
AR R AEENLPY . WA RS A 3 R 1o 2UAE B
f AR LAY I Bl AT REIT A SRR AT AT R 2 1% 28, T2 — Fi i
285 “ FEAJS f# AR ( mimic disintegration ) ” B9 5E 5K LB L ¥
SRR AE B 43 ZURE A8 5 TC W R o 1) T BT L PR TRE 2 2 1
VHIZ Bl T U 58 3 X LK IR R 1% 551 4 7 30k RO
PR AR o BT R P ASRHE AL XA T2
75 B2 A AN R A, DA RO At AT AR 2175 AR ol =2 i I —
bk, RESUIRNERIEA LB HMN PTG,
RS B 2 — TR AR IA 2 BN BR , HS 25 3K T RE R
R SEEEiAb A OC, J)— 5 X TR i BRI, B
17 45 2 3A SZ AU IR IR S 25 W B E AR 2, 4
TN GRS P 25 Wt i UL RUAE T 2 — I8 S A BE , il (RS
Pl ZRURE S8 A THT AR AR BE J) 52400 SR T 76 B3R WF S, B
H BRSNS Fk Z WL 5 23ty oo™

2. JVARAE X THDARAE JR A N, AR 4 K% i oh 3R
RV I HH R 14 0 28 R 2 S M R AT, 5 D) TR X 1] R0
i, Sloan %51 % BHL, 1 Xt 2% > AR ) 1 258 T fin SRl S8 F 410
HISAE 2825 1) 17 28 52 17 5 583, T 1S 3 17 VAU ) 400 4 R i g ¢
. Girard 57 JR% B, A AE AR 1 7™ o it B 15 16 96 3% 155
ARG o B XS IARAE £ FE IR YT 1 P v R AT BRI S 11 i
PRUTHRAUAL, {8 ] FACS ARSI th o A T30 R 18 . 45 R W
N REAR ™ | A R AR A DG Y T AR R T B 2,
RS oL R B R, X S R A WARA AT g2
PEBE S AR DGR TR SNAE = A 0, XSS5 SRR, AR
FERTE A B S B A DURY A O s (R LG
SHPI) FE2 A SRR B IARIE AR R, A
BB EFEENERGEGE S, RIAES 5, B4k,
Bt 2 SR 2 > AR A B8 2 U R FH AR A | 3 3k
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TEIFRRRAE 3 PG S0 AR i A DS SR B 2, B R 51
HERE H 259275, Rana 55178 H T — B 3% T IR B 45 B
25 4% (deep convolutional neural networks, DCNNs ) FI7g JE A
22 M %% (deep neural networks, DNNs) AYAILIT Z2 45 25 AR 51
ARG, ARG, BB IEME DCNNs 4% ) 4 JR FF 1k
IR K , 205, DR B IR AE B B2 i 45 DNNs, LTI
s e B ) 48 $ AR & 2 (the patient health questionnaire
depression scores, PHQ-8) PE9r. ARG TE AVEC2014 $0 s
P EAT TR 3 g R v S SR T SO ARAE 0 v 0
it T 85%. Samuel Mathew 28V G4 T 24 3D £
R4 (C3D) , H =P 2 T AR ifE CNN B Tt AR A g 14
T LR MERATE o 2O VETT AR S S T s AR A 2
B R, T8 i BERLE XU, . 2 7E AVEC2014 £l
JE B SRR, X VAR AE T A HERR P T 80%

Trémeau 55 20 XA 1 43 SLAE 5 400 IS RE 0 {57 1 &
V1A THT S 9 17 PN 3R A 15 44 B T AT LU AL o0 A, BRI AR
[ A1 LA 3 36 1 JR (7S | DR R v % IR s A g
AF) s ESL IS BB, TR BT 6 FIIE 45 43 14T 2 min
8 11 Sk A, WA T I R AR 3k 6 R AT IS 11 it DA 31 11y
217, AU 3 s B T AR R, A Ekman 178 3)
VE9w TS Z2 55 (facial action coding system, FACS) #E47434T . 45
SR NG I3 ZLAE FNIARAE J 2 R B A i R 1
/0 TR ; SR A o R A L, AR R A PR
A A3k 5 R FU A AL Oy AR A A6 2 IR A 7 T I S A 2 5

3. 3 % B A B 5 ( borderline personality disorder,
BPD) : BPD f85 19 035 5 i 15 4 141 1 B 5 22 174
WFE, Amtz 0L SR AT, BPD HE WA
RHR A Rt M RE Fr R OE TR 52 i R B ity 20015 SR s i
k5 51 ; Staebler L 32] I FH 15 2 i 8 s AV 4 i 2 48 (emo-
tional facial action coding system, EMFACS) W} 5% BPD & 7E
Z SR (TR 45 RN, & B 5 X R4 AE LG, BPD B
A5 Rt A S, B FUR AL 2255 M IR R 1E
D W I AR AL S 055 B T AR 1 B B i, i BPD AR
FEH BN B — R, W AR S BB A 028 B 3 I HE
Arango 45 SMHET BPD HRE O BRI YT 1 i) 16 2 19 A A8
ko BFRF LTI T B Z AR 5 7K T 1% (accept-
ance and commitment therapy , ACT) JA Y7 1 2 HP I3 22 175 1) A8
b, CHENAT R E T T B, BG4 R
I, £ PR M AT G I, 6405 ) R A5 08D s (AR 1Y 2, 3
TRITARET R RB BV R WIM Z T R F AN
SR R0 BIATT A RF ARAS T ENE A i N AR
LR T 1Y o) — A 5 E T AR U Al N Y 4 R
15 [34] - Wagner pil| Linehan'®’ M H Ekman 1 Matsumoto JT
RIS H A F S IR A EFR R IR R S, & 2 BPD
P SR T DAVE RN AN A1 5 3858 T X 2k 2R
F18 TR 78 175 Ay LUK

4. PRPhAE i 2R P A5 (autism spectrum disorders, ASD )
Grossman 2% 5y Xf H 5 2y BE 9 B E ( high-functioning

autism, HFA) JUZEFIIE X} B4 L2 ddb il 35, 0 % 914007
TP ILE SR (15 F B A ARG, & HFA JLE
FETRIERR1E J7 A4 W0 3 5 % IR 4 A 8] 5 5 55 % BB AH L
HFA JLEE A 325 1 58 216 BN 9 AR 2 B3 A 9%, ik R W]
TRGE IR 2 5 ) ) SR 0 A J2 45 it i AT b 1 39 5 ik 1Y
SERG , ML AR Z B B 2532 W . Yoshimura %57 I
S8 T N HFA SR XA T AR A ARG, & 35 1E %
MRLHAR LL , AR B0 T P AL PG Sl R 2 223519 B0 0 2 1Y
—BPETEAR  XSERF T ER T AR R &, 4T T HFA L
FLE R JI B AL I G T A A 2 D) RE R AT AY 5
SIS

A5 T A8 BB R AR SR A R FH T R T3 b, X 9
RE T R AR I 5, 28 B VAT ORI AT F B, Rice %
WFFEF RS0 R W, 38 5 AE TS LA B 208 & 58 (computer-
assisted instruction, CAT) F#FATHR I FEML A IH 2N
R R TR A RE AT B, BEAS 10 2 4R S JIUMUAE T AR
BEds 8L BT BE 7, JF A N 0 A 2 B A T
FaceMaze AHL?EFL%%HO] s T8 3 Y RAT: 55 DI A 1S AR
3 )L PR PR TR A I 45 1 S 23 B 9% 1 1 TR AR R 17
AR 203 Bl L2 T R MR E 1 B Y i —A %
Xf5~10 % ASD JLE B 9 I 25 Pk e 4% F & ASC-Inclu-
sion ™ TR FH T TS ALA Bh 2 G S (L T R % R 2 R B A
1B SEEE T AEAG  JF AT B s A SOEAL T LA IE RO

5. FRIEIE . ARG RN R G fE e Y i A 4R 41 7 —
FHTTTAE . Gavrilescu 25" BOIF T 1 #5175 45 1 31 3% 15 4%
FRAE IS Z R SE5C R, M Z)5 Gavrilescu %% 58 H
ARSI ESRIL R 4E (facial action coding system, FACS) K43
v BB , AT S £ 0 AR A I K-, BIFSE A B
FE B TR PR PP ZEAL BB LA 939% 1 A 3 X 43 fil i 2
B R AR R B S L A A T I M A
BEf B S W T AR OO0 N R 2
T I TR DX R AE A AT R SR BRI, R I AN
W 1 DX I R AE AR A% LA, X R 4R 8GR B 1 A
o XTI 50 R #ATRFFE R B R L, F5 I RAH Y AL
TR R AR S A8 Sh R B AR K A R 22 7 X R
FIERITTE U ek

6. 38 fE ( obsessive-compulsive disorder, OCD) : Xf F 5
SHRETTF 525 0 5 55 VR 90 I 22 0 55 44 A 19 e T ZE 0 1Y
RIS 2 CHBENIEN, L2 A FE Ay, himiE 8
45| RIPCENE S, S 30T A R R X Jr 2R 25 9 1 B
il R R SR S AE B R B RIAT O B SRR Xt
OCD 835 TR i P & B, 15 46 9 15 MLkl 52 451 7T R 2
SRR H TS M IE AR RN E . Valeriani % A5 Rz &
A OCD B WA 51 &1 46 1 A8, TR) B et Sl A1) 7 T
TGN, &S5 - AR OCD B AR 1L, o B RE AR
PR R R < BRI DRI AR A 1 3 3k B TR AR Y
Bersani %Y FEXTEL T OCD H 3 158 i 2 240 5B % R 5
KNGOS B TR RS |, AR RS YU AT LAAE
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PG OCD iR BE R A 2 L7 %
% #®

i LR L TR AR PR S 2R 8 AT R TR B IR
A PG D2 BT, e, TR U R e LU 3R AT
S RBR/INAE Ak, DA T DB 20 W45 38 11 5 0 DL e D 0%
LA 2 W 2 AT R GE, AT XS ) A B A e
B3 RN IS PR AP TR TR 215 , 2 )5 % w1 it
T PEFIE SVl HeARSE Y T2 J7 5 (RIPE L5 B4 [s) I 3
FERF ) bR AL, THR LR L 3 2T KR A 5
AU AE 3T T 5 R Ao T A A R AT T g ) v
P, 55 I R B A ez T AR T U R e A7

FUR 0 TR R OO T iR e A IR i T 2 %
IBPUIRR SRR, T 4 TR 7 VU5 A A S M e
FRES BTN R 8T B8 T2 AR R 1T 38 38 195 P 1) G ol 12 2 o
BEFBI A JETT I SR 2 Rl R GEMAS &, W] RERS B 50
AT AR, LI R T R PO S A A A BRSO A
o P ) — A0 8 A TR, e - SR R i 4
SR Ak 80 g TR B R 5 UL PR 45 0 P T DA o 1
LRSI FR A | B2 T R LU NSRS T O MR ( N TE R
SIS ST A S ARAT BT IRER IR ) 5 AR U S
W SCHA A B R (G R B RR L CR) AR
L85 U R GE T LUK T8 SR IE B AT KRS B SRS M R
R B H I FRIBZ

FRATI B R ok 5 T 1 #4047 AU )BT B R (91 e 40
PYHAS BTk B BEAR L) iRy =
PR A 305 PP A R A 2 1 L , D7) ST B A e DR o B
S TG B9 B2 7 BE RN 2 0 R TR OB A &l A

SRR BR
PRI AR B AR 55 i o8

EEREAER XL ATTUIG R ST SRS B 0 6L
TESCE AR AL IR« SRR 3R S T ORI A

s £ x #t
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