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Figure 1 (Color online) Technological roadmap of Al-driven human-face robot expression interaction. Emotion model [14]. Copyright©2022,
Elsevier. Emotion system [20]. Copyright©2024, The Author(s). Expression synthesis [43]. Copyright©2024, AAAS. Eye contact [157].
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Figure 2 (Color online) Actuation principles and methods of face robots. (a) Facial action coding system, which decomposes facial expressions into
44 discrete action units [22]. Copyright©2025, Coralie Vogelaar. (b) Motor-actuated face robots: XiaoYao, equipped with 26 servo motors [3].
Copyright©2025, Qincheng Sheng. (c¢) Pneumatic-actuated face robots: (1) The SAYA robot employs McKibben pneumatic muscles [7].
Copyright©2006, IEEE. (2) The Nikola robot uses 35 pneumatic actuators [29]. Copyright©2022, IEEE. (d) Soft-actuated face robots: (1) A face robot
based on SMA actuators [10]. Copyright©2011, ASME. (2) An artificial jaw using DEAs [11]. Copyright©2015, Elsevier. (3) Atrtificial eyeballs
powered by DEAs [34]. Copyright©2019, IEEE. (4) A face robot actuated by multi-layer PVC gel actuators [38]. Copyright©2024, Elsevier.
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Table 1 Comparison of different hardware design methods for face robots
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Figure 3 (Color online) The hardware system design of face robots. (a) Layout of control points distributed across key facial regions, including the
eye-brows, eyelids, eyeballs, nose, cheeks, mouth, and jaw [16]. Copyright©2024, IEEE. (b) The wire-pulling mechanism system [16].
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1607



AR AR ATIRE T AL &8 AR 1S S ELARIE

NPDITHRFAE . 35 ) s AT B 75 A8 T Bkt 5
WU 25 AL BR 1l 2 TR PSP 47, DATEGRIIE H 2R R 1 1)
B, 6 R E L.

2 1) i 045 B 5 SR B s T R R AR 1P e S
AIEEME, FRME SR EFE: fid L), M %
35 BEAL D). R AR HLA N TR RIS
FIREAT T bR

WL sh 22 B ar N &)z ez —.
ZARGE BB B 5 N TR kN 0 B 1
2z, R S B ) S R FE IF Bl R R R R T AR
(EI3(b)). filtn, Albert HUBOMLZE A Vi F 284N il Al
FATLOR BN R B B 22 72 5| TH S0 6 A, DASEBURG R
;. EveR-4dL 2% A\ 1L 334 B hn 2R L ) s
WEH. IRE S DS RS N E. Lige A0 —
BN T RL RS, RAL1S mmiNL 58S E,
A5 J 428 ) 5 g B2 B TE] #2541 72.0.04 s, R Z R St
AR e, (EANTINZ S5 42k AR 5 4k 4 40
L), HORH 448 R sl m 5], [R5

£ 2 REKIEHHLEE AT

Table 2 Comparison of different face robots

S 7 Joe 5 A B ) e el 28, A AR 11 45 2 [) 52 PR A
A5 B,

HEA LB R GBI WIS A T %
JoRz I, PSR A B Akt 262 B (3 (). HAl
AN IS s PUE a5 . TC AU 7 R
DA BB HE T 5600, 4, AsheberZs A2
A8 ] g F L5 ] L RE AT LAY, TR A A #E 22 1L
BN, LB TEANE. B, JEXRE; Hu A APHR
PIBL AL EMONLEE NG5 A iEM SHE 14589, 8 FuAT
WA FE T SR Sh W £ 1 BLE 3)), AL AEFEIA £0.1 mm. 24
M, ZSLHLE ARS8 I 2 EE AT S 80
WRGEBER, LI EE N, HXELUER K il
T, PRI T H AN BRAS B FLRE ).

RERENRAGLGANHEMN. figk. FPw5S
WA S 2 PG, Heii & B0, DURF R E
SZRE. 514, BernsFIHirth*'7EROMANWLEE A (5136
K R UK B LR AN, Bl A frgkizhil e E5WE, oL
WL T 3005305 Affettodl 38 N gg 448 FE R

PLEARIE FrigpLb AR A R VEAH B B A LSt EUREEBa SCHR
I . LE S
SAYA 2006 ARHFVEFIR 24 - e McKibbenth {7 # 7]
RRHTEE Tk 4 JHE, 6 AE, 2 B, FRRAR AR R £ e )
ROMAN 2006 oz 17 4WEE. | FE L (Uit 2 2) [44]
N 2 JHE, 2 R, 2 IR, FER Bk R A28l
Affetto 2011 RERKE 10 2 BEE. 2 R AL (. ) [45]
A 6 B, 4 WK, 4 ARAS, A FEMR B ik SCHEIEE
EveR-4 H33 2012 T b 30 14 B 2 sk L B 1 5 ) 37 [41]
§ o _ 5 L6 MR, 2 K, . . -
PKD 2014 WEMLEALE 24 ool SRR wm wwke R @)
ERICA 2016 HHR 13 2 JEE, 2 MR, 3 IRE, 5 WA bl AR SR [28)
NTUST Robot 2016 AVEFHE K 6 3 0K, 2 RMS, 1R E B BB SRR IR [54)
Abel 2021 Pt K 16 488, 8 MR, 1 TE, 8 WE Wbl FFAEKMM BB REED)  [48]
Ameca 2021 TEEAAT 2 PHE SRR ab b ees o)
. — 6 JEE, 9 HRHS, 1 5T, 2 i, I "
Nikola 2022 FMLEBIH 3 B L2 i e ROSBEMRS (30
HHURobot 2023 iKY O amm2 Mo 2T mhl OO BRI
AEsCEH A TH 4 8%, 8 R, 2 S, 2 oL, L REAQTDEE RZAE SRR
BIGAI Robot 2024 T 24 g HEp B g [16]
e 4 JBE, 4 IR, 4 BRI, RO E I Bk
EMO 2024 EHMBLEWRH 23 10 BE, | FE L EFFIRE) [43]

1608



I ERE: FHARE 202544 HEs55E H 10

[F0 7 53 IR E), Hoh [R5 iR s IR BR K~ 3, &
FF4E#| R AsI1E; Engineered ArtsH & [l Amecatl #%
N RS AT SRS =, RTH27
H R, 78 56 I 2 A Xk, SCRr12F R RS,

ST AN TR R RS ) i i 3K
e EAEE ST N TRERRAE, BORBR AR B
SRILAIZ EhALE). 14, SAYA'5Face Robot””¥%
FIMcKibben AL A SE I B %2 51, AFHRBLIUIL AL
4%: Almubarak5 N\ "2 HU4TCP A LU R NTE A
ARk, ZULA R e el A . SR T
Hilpk, HA&ALEHEE. mBPOERE A, KRS
R EN E LR SR, HZ 7 EEHE
Fe il T ER R, AR KN .

Zx FRTiR,  TEHLAE A AR HER IEAE [m) S8 5
BRI T EEE B AR SR O,
(B2 A 7, AT RGOS D, 14 5 415,
AR B & AR B L S Rt BHE
T 7 k5 e ) 45 K DG T Ak 7 i 3k — 5 A A,

2.4 THBALE B R A

SN I8 B JRB A T SE 3 B AR HE A A
IR B A RE L AR ARTE 5 M LIS, Hlas A
BERAMN 5 2 2 BB FIAN, I RLR 5 N Bk
FRBLISRE . SRERZ ST ANE, AU R Sh Rl
(RIRE 7. L2 TSI o 5 Wi S8 (14 Bz ik mT S 25 1 L 2
MNEBTEZEHIRE S, I E—TT L MR EOA R 5 852
JECU R R RH B T R L o 7 R
T THT B O R TR S A SR L. X S AR AR
A EHI L E ARG S ROy a R ER
BRI Rk, BT OU T, HLas AT BN, B4
ZRARINRE S, REM UL . LS Ik A 2
R, PSSR 25 R0E, JHAERZ B RE A SEal
RN AR XA RN BE ) AR B T AL
a N H R RIE L, OSBRI RE =
P15 S HLBE T LA,

241 EEE R R EE

FEIEFENL 3 N8 B RAF R, 0 2508 pR LR 4%
FAEFETE . SRAIE SRR, DASCRAE BT
BIEGRAGER. H MR LB Rl
PEAARLL K Frubber S5 (7 £ RL fl4n, HIARGTELRLR

TF 5% HISAYANL#8 AR Y 2 1k 58 1 et g 14 o T 40
FERATEL, ZAREEAT I B S R, T SRR
M P () THI AR T, SCRR - HIRAE R I KB =1t
{1 A fetto L s AT S P — b4 Bk F) R s 7 7 gt
Ji, e v FEASTADL L ) LR SOk I e 5 s ke, (AL 88 N
2% 5E ELSE I TH 4P fi#%. Hanson Robotics 2 &) 4 F 1)
Frubberff BH& — R 2L ik i 05 A= 52 ik,
LSRN A E LR CA TR e WY vp S XTI R i
IOl FT IO R P2 AR RIRAR TR, AT i 25 e DK 3
PR, RN R RS R 2D A, Parksh
NEHR T — R A e S A R, K S RE
R R, FHm AN A SRR RS, AT L0
i FE () i B, AT BB AL A AN BRAL T 8 5 AL

AL HfE

242 W EKRABA

THT SR AL 2 N IR B JBK il 3 32 A0 T 5 L e 2R 4
K. HETEHHBEBEREEERE. 3D 4R
36 DA Sz RN 2RI . Lings PSR F 078 s R b
2 R A FEG I B bk 1 Sl A8 S R R ARk o) A T <5 B
1L, BET AR oA B AR DA R T T LA REE; Bl S T
FSCRE AR 55 2 AR R S R A, B AR N T[4k
RATEGIL, BRI 13 3 5 24 10 TH 5 B (El4(a)-1).
Hu% N IFEEMOWL 38 A JT % R T 3DT B4 Bl
Bl oA, % HEcoFlex 00-30%H4: I ME A B ekt
KL @I 3DITEN IR i, RN SRI T ok T
BBk IR4% 3% (1 4(a)-2).  Almubarak’ AU — 2542 1
RIS R, B TCP A LWL BB NIRRTk
o, R THIE R B AW L BE 1(1814(a)-3). TomarZs A1
TESLEER FH R 2 25 6 Rk EE i, Kfe ke, oK
Sie SR EER T S — IR N, BRI Rk
RGN EENE S Z R8N, AN, Zhong®s NP5 A —
T GIHT A2 A B Jik, i a4 i) S BB k1
ARG AR AR, ORGSR T L4 N sha R
J15 A8 H A (El4(a)-4).

243 @ EKE E %

K T 5 B2 JDK ] %€ 3D HT BN ML A8 A Fli 45 K 1)
JiR, T SEELE AR A T R R A 5 ok E T,
H AT H B AR E R G e . RN gi i A
GRS, R A R E R RIAE, B RIF s rasE
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T 40 2 Jk 1 3

Reprogrammable
chemical fluid skin

(4)

Soft mask

Skin
Liquid
metal

Surface

A person wearing a soft mask

)

Soft programmable
chemical reactions

Aa ' ' »

B 4 (M2 RoR B mEHLE A BRI RIERAR. () HLE TR AR SIS, (1) CB S, i R AR A0 I = A

SRt s 1T 35 2 D). (2) 3DAT BV B AR I 3DAT EMLAT I AMBEEL, 4R 40 NS EL AL &5 LSRR ML A AT 3 B k. (3) ik
N K TCP N TLA R NG BRI, (4) HN SR 46 1 S pA 5 & B o 8 B Bk b 0L (b) BRI E 73k, (1) By
FIREAED. () FILEBE. (3) BigE®

Figure 4 (Color online) Fabrication techniques of face robot skin. (a) Robot face skin fabrication. (1) Overmolding: a process of making face skin by
molding, injecting, and curing urethane rubber [54]. Copyright©2014, Cambridge University Press. (2) Three-dimensional (3D) printing-assisted
molding: using FDM 3D printer to print inner and outer molds and then combining two molds to get robot face skin [43]. Copyright©2024, AAAS.
(3) Embedded manufacturing: embedded TCP artificial muscles into silicone rubber skin [46]. Copyright©2018, SPIE. (4) Embedded manufacturing:
combine chemical fluid into face skin [56]. Copyright©2025, AAAS. (b) Skin attachment methods. (1) Adhesive bonding method [25].

Copyright©2020, The Author(s). (2) Snap-fit method [58]. Copyright©2012, Springer. (3) Magnets methods [43]. Copyright©2024, AAAS.

Y. 451401, Farajs AT 2 FEVANL 28 N R B K 527
YA as BT, KR dl 2 [ b B A 7R R I R bk
P, 8 SURIE T R R AE AR TG R Hp s 1) o o A
JE(El4(b)-1). REZIERE MR, RG4S
B R EE e FE R R R RO BB iR AT 4R, B
FHEBINT RRGEr, BREAUIE B K 7 ok ]
TG LE Y, SRV 7R B B S A
IR, MR T RGN AT E G A NS
BB, TE M RN T, 8> B
R (F4(b)-2). 2R, KRR, BT REZ NS
MR, ERRAL AT RE R A FA BB R, FEERTEX
R FE R BE 71 R B v A bk e A, R R
AT TS H Tz M MR T % filin, EMOML
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25 NV P i\ 2T e T 3 k15 0 I o O .
A ITIEAAE T BRI POE SR ) 5 e, R RE 4Ry
BRAE AL R T 1) E AR TR A5 (1814(b)-3), FESEBLEEH:
A I [R]I SHe e 1 1 Sh A R e 1.

3 T RALE ARG L E R AL AR

ARTIE IR -HERL- A O HE SR, 1R T A LA A
RIEZ LRI GAILILI AR, AZHES )y BRI AL s
NWHATEREI NG 26 . REATHERR I A et B0 L R
TEPRAE 1 IEA. & 5E /4 RS RN T 7, B 5 VR4
AT I RIS 28 @A, e R anferRs o S
B IRS N T IR Ak LT G
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HHRGNED. REZREREA B REZ E, H
FURCERAR V7 475 5800 o 4 T A7 [ PR A, IRk
TE 475 5] NLLM SR 3] 1) 56 3 77 7% DA e e 2 B A
PIRPAZ T 530 L e 3 .

3.1 HRGH

N A AR IAE SE AN AE B 3 I 3 G
e, Wi TS ARRANER. TR, RS

B AR (55%) B IEH(38%) A KL iE S
P25 (7%) BEAT 15351, R i i (electroencephalogram,
EEG). »Hi(electrocardiogram, ECG)Z5 L (5 5N RE
SN (I 2 RS, AR R ARG Mk 5 %, SRR H
PR AR, TR R ROR OB — RS IRl ) 2245
BabEIT KR, EEBEAEMW. 1EE S XAEZH
HORIR, PTG S SRR R4
TEANR W 2 A 15 25 RN BOR 5 26 T LLM A 15 I 4HE
BT, RS RET ARG B E M S
EE RN EOR, 15N G S JZHE R 5 e A
JREN LA,

3.1 A RGR A

(1) THHERAE 7 b

RGP ANEIG L L EREE, %
(IGIR- YN S VNS S NS I I E PN ]
AL, SR, BT I ER S A T T
DL NG A B PRI b 1, AR A 15 508 3R A7 T T W v
ZHk. N T RP Ll B R, SR R I AR R
3B MG AL T R REAE B
241753 (facial emotion recognition, FER)(F5(a)-1). H
Hh REAE B2 DU ED 35 T 50 D% B R I 5 AU I B HL o
v, AL EE AT DASR R ot &, TSR A A I T DL

F 3 ARSI HLES ARG S EI7 %)

SETHEREER, AU TR LA HE LA BHAS, FERFT LAY
THELERAT 2, I R ARILF S T Mg =3
“NEL I SE RS, ARG AR T IR SR

KU TIALBEAEFER AP B 0 2, KON R UG R H
ZRPCHRAAE . BB, TP R &R,
T AR TR R S MR R & WTIAR BE 7 v 45 NG
Rl 5. I — S H R, Hoh, AR
TG BS80Sl iR A . W A 2 ot
R B S A, IRk S0 R
SR BT o T S O 3 AT R, A R (e
B IRTH I SRt 2 R 1k, RS piz thpe ). b
R ARG BER RIS, TR R B R
§[64,65].

T SR AR T AT IREG . BT, MR
AL, R THER RG2S 15 45 U e (B5(a)-2)" .
F BT 35 B 7 v A AR [ 13 S5 4 R | U9k, AR ]
AR, (EE S S R, e
[ V3 S T S B A MR A A, BT T B R, R
TR, ANFIT st B, Jgfig peix £ ] 45,
AR TIRAG TR SR T =4 7k, ara s
SPREEERR BT, JEEFIH3D ARG HE
B, MR T A IR R AR AN M )3 N A
SRTE T HE e Rk >,

AUKE A T3 590 | 135 UL R iz 3h 38 o
flirh E AL I B mE B, DL S v A b R T RS
(K5(a)-3)77°) MRl 7k R AR W)y
. AIGT R RS ARSI ik B
AR, BIRESEREIE A REB T ENTRR
PG FEEAURRE; 55 M B IR BN 58 4 b i 32 7
e R U7, R A ERAE S T AR SRR, B P
[5) IE T S0t 025 =1 $ TR R 4 e AR T v

Table 3 Comparison of Al driven face robot human-robot expression interaction method

A A T LI i it i Rzt
BB, M fiic HTIR SENERAT: .
fegoriE . iR M LB s mmme, by Bl
(1VA, PAD) SRR SCERIPE AR A h
g o s fit: FAA L PZILAE
des  EsE o KIEGFHR, ZHE WEIm ML, N 1w T M AT s ) [19]
gt PIL B E g | RBAgenchante o IR S, Yoshida® b
[ EEN T OIS s e WABBE A, (LR, Kang® A

M T L KU
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AUISAUL7 | AUZ5,AU26

@ BEHBR T
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——  Model Training —» Emotions

Support Vector Machine
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] Angry
1 Mean | Variance @k—ngmz neightor
‘ ; ; 2 e Happy @
sl zineDomin O oo viire
‘ Sad
{ ]
Neural Networks | Neutral
o

Frequency Domain

Fear

gg mﬂ i

Bl 5 (RO P LA ARSI () () FIHE 5 S BEARBI(A). (a) THTEBASIARAL: (1) PRI 50 R S0l AR
(2) ANTHT 0BG PR ER ) T S5 S O (3) 6T 0 RBR Bl 1 ] M R AE 2 iﬁﬁﬁ“ﬂzshf’ﬁﬁmw FIT () BRI A
(1) TEMEE IR ARE S w1 (2) i A 5 ) R R (c) ML (1) %)\s&l—iajﬂﬂ/ﬂ)ufEﬁ'El’JTWJ“"g];
() G EET AP T 7R, (3) BT IR ST TE A T 7V 2, (d) 3 1 R a0 i Ak e g )

Figure S (Color online) Visual emotion recognition ((a)—-(c)) and speech emotion recognition (d). (a) Famal emotion recognition: (1) The general
pipeline of deep facial expression recognition systems [62]. Copyright©2022, IEEE. (2) Facial landmarks extracted from facial images [65].
Copyright©2023, IEEE. (3) Facial action unit recognition using knowledge-driven self-supervised representation learning [77]. Copyright©2022,
IEEE. (b) Emotional body gesture recognition: (1) Examples of body language indicative of emotion [103]. Copyright©2021, IEEE. (2) General
overview of an emotional body gesture recognition system [103]. Copyright©2021, IEEE. (c) Gaze estimation: (1) Example of gaze estimation during
multi-person interaction [109]. Copyright©2020, The Author(s). (2) Traditional appearance-based gaze estimation method [112]. Copyright©2022,
Elsevier. (3) Deep learning-based gaze estimation method [112]. Copyright©2022, Elsevier. (d) The processing flow of speech emotion recognition
[116]. Copyright©2023, The Author(s).

IS NEOR S A R S R, R A AN F S
SRz AR, 2% 2 vkl I 5N
THT 40 X A ) 5 B A 55 1 SR AU R 78
SRPEAG VT T, 7 A A Ry
PR ST R bR SRR, S R A
HAUTERS o 3 24548 (655,

3 T T 0 % 1 5 AUV T 35 B 11 UL PR 2 B A
X, AFERIEAL T 64 S0 8, T2 R T AMLE B 515
B R MRTFER EERF I AR 5
BB R SR R SRR B

RO R AR TR R X DU S S A TG 2, R AT
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FRAS R B, 18 I 4 U 28 Y 4% (convolutional
neural network, CNN). ZERXTHTM %% (generative ad-
versarial network, GAN)5 V% & I HI ZEH VR A Wi T+
HorfEa ) S AU 2R 5N RS, SR
FHCNN. 1f3A 40 25 M 4 (recurrent neural network,
RNN)5 i 2 A WL i i 5 (it e ae 7, s
17 28 VR ) 8 T 1 4 o P (v 0 B2 5 e R Y ), R I
TGS =4 NG ERAR, 8 ERE 45 fEIELL I [A] b A
PO A R e X e ()4 SR BEAIG A
TGS, WS BEARSI S BT AR Al AR 155 A8
{&[]02]‘
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(2) SRS IR

EARE S ENARE SR M E A A, B8
T KEahfE. BEHEEE, ki FEnE
25(5 R(EI5(b)-1). WAL ARG S, Plas AR
G TN P OIS 2IRES, NG 52 AHLAZ B B R
YE SRR . A O R R AT I —,
SRS RGRA B AR B . AR B A5
WHIN, T NESE SR, MU R
], TR X e 3805 Bl b U 45 B U
4, oI o efar i B (valence)” 5 “ M i FE (arousal)”
S 3 AR A AL | U o i SOk S PR 2
R BEARRI. SRS RHESRI S
(F5(b)-2). 55— KB B Anwillad Sk R R i
MNARXIZ. AL 58773240 3 T4 £ 77 1) B0 77 ¥l (histogram
of oriented gradient, HOG)H J7¥2:, B Stk VR FE 2%
>SRN T PR DX I ) o AR 42 9 2% (fast region-
based convolutional neural network, faster R-CNN)#¥
)2 T B B, A A T B i TR
TREUS B S A, SE AL SR OGN AT
N A g S R 1O 1O0T e 4R Y B F6 HE 81 ) 1 1k 3
VERURE N IR WU 20 IRS RFER R, WRAIAN L
WA IS THREIE, BRI FHCNNL KRR 12 4 (long
short-term memory, LSTM)EE{R 2% 3 B ARSI 25
FRAE. 15 25 0 B BOKs 312 HDC A e AL e S 28 155 28 A 1Y
R AR AR G 7 2 7 R R U7, R
HZAT55% 21 5 2SR E IR 2 M 157, DL
PETHR B P 1 B RO,

(3) IR fhTH

ARA A T — e a3 IR 50 s e 56 P 45 ok 41
NZEERLTT [ IR (B5(c)- D)™, AR B &
THAHAEIZER, fgegfn NEEIES 16
EREEZHEE. EMAIE R RER RN R,
WS TR R S ARG 4 OB, T s ) B
97 ENLER N RENS HERR IR N BV ERL T [l i, A AT i
SN AR S R O R R, AT $R T A B SR A
N ERE R R ). RIS T SN H R, ENR
fETEINE KRB AT, 5 — SR 3 T I L %
RHTTIE, AR RS R R UG B R R, AT S A
W&, AHZXHE 2 A, 8 T BT Bk
B R S S IR R T,
AR A7 % I b 6 e 2 SR B S I L T R B, R AN

B HE TR L AR SO, 28 = 2807 v it Al —
AERRSPRRAE, mEfLP OB E s E, AL MR
BRSBTS T, ZEWT R AUREBON T W, IR
FE 45 1) T A WL UG 23 A 5k, R0 A AR s 3 P
BIEAT AT, ABAE SR R PR v ) B R MR A 55 (BI5(c)-
)M T SR 224 T S IR 3 TR B 2 ST T
1%, K FCNNE(AS [ 25 (transformer) &5 1), M HR 5 5 HT
HEG B3 o) 2 REERFE, W15 AR Ab
AR GRS RSB 8 SR T I IE N e
(5 ()31,

— P TR S S R IE S WA L EINE S RHIE,
B AR E 1 IR I BOR. FE AN B, 8
AMURFIE B, EESENE S, mE, 155,
B A S5 I, X AR A AR RE S I B H 1S
I EARE. SER T 538 3 AR K E S 9%
KN BARZE (W% 350 USSR BRI G 25 4
FECAnMe g A . Wi B5) EIRESAE. N s T 5
BRI ARV P B A B S K S RHE RS, S
D)2 By 17 28 A 2 N E A7 SR 2 TR o () AR AR AL AR Ak
HRAEWIES(Q) AR,

FHIESRIBUE SERIFREEI T, RIE T RE LG HE
FHAE S R B R GE Y. BT R A SRR R BT
NERRIE . VERFIE . B URRE S AR ALRRIE. B
FEQNFEA(FO) s BE 5 Fr 4 W) (6] o] 48 75 15 46 s 72
JE T S AT B 355 Mg R A 2R 183 R $(Meel-frequency
cepstral coefficients, MFCC). Z&VE iR 2 £ (line-
ar prediction cepstral coefficients, LPCC)-5 X} £ o
K ZH(log-frequency power coefficients, LFPC), Jx Bt
T AE AR, B E B A Gitter) . IR
(shimmer)-5 1M Lt (harmonic-to-noise ratio, HNR)UI#5
T B SRS RIS A P E T, a4
K, KB AL AR AL BT 5| O, HAE AR
SREMAN R, PIRMEE R E MG R, Flan, B
ZE. B IEFFRT ZE (5] 3E R4 (modified group delay cep-
stralcoefficients, MGDCC)5 2l 25 A X #H {3 (dynamic re-
lative phase, DRP)ZEHFIE, SESGIRIEFHIES & )5, W
A RARTHE R g,

FE SR SER T MO THE U 75 2R A0k, FEH
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i N2 3 FF ] s AL (support vector machine, SVM). K
ITAR(K nearest neighbor, KNN) &k K& 5 /R 1 K A% (hid-
den Markov models, HMM)Z A1 &% 2% SR A g 4710
SN XK TTE B 5 TR, B LU B 45 0
B, Hm OB T SORE R . B R 5
ST R, i 21 o (1) SER AR Y 14 7 i 9 L. CNNRBER
SRR BRI AR, RNN S LSTMAE K 2 4T 3
i 1) /5 514 AE Y, Tfij Transformer 5 B 35 #7144 (graph
convolutional networks, GCN) i ik 2 A FE B 44k 5t
KAGE G AN R ERENE, PR THE 4
IR 5 R g B Rl S e B AN R
T& 7 RARE B, R Isb T N TR TR A A6

AR, LG RNE NI R a2 —,
VRN MR R L S B A A B I R AR A,
B R UG RS PR S IR BERL Y, X1 48 A8 A S i o
BRI RIS, Kok, FEEZEESMAME . EEIN
il 5 B B S SRR K, SERR SR B Atk
Wit eSS, S PSS NS A
LR B S E N =

SAKE, LG T RREAE T B 4R 7k
/N, ZPIEE T Rk B S 2, (HEE
Ry T EHMERE TR AT SIMEME, i
AR, (BAESCR PRSI sE Rife ) EAFE B
. B ZERSRE AR, f&a T B
HrE LA & BARAS HLFR SR, XA R4 BT ok
BN JTVERE TS 5

3.2 T ERHLES NG 4 AR
32.1 HRAER

T A2 F T M AL R A0 73 S AR BOIR S
MIEIRHESE, HAZO BARTE T RT3l & i 4
KA N BAL BT TS S5, NI AERL & A REfS
A RREIERIR N RIS, EREZHMIET,
T RUONHLE AU B S RIA G g4t 1 BER
Fah, SCREANKR. R NKBMENZRTT
AU g R, LR N BB
H MERE S O E S SR RAT S T,
FEHE VR B AT S, TG o A,
AR RGR T =T BTG RO B O
R YRS AR T AN FE R BRI XX
SERIR M R GER B, AL E N B RS RN N R
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SRR A A EISRHE SR 5.

(1) B a8y

B B AN N R 2 mT R o 3 T e B
FEE ST ISR, B 45 #O0 BLRE E 10 A2 B R B
547 NRRIE. IR A H 2 T SO A R I
AV T3 A [ 1 2 R, A S R BLH — S0t
25 )80, Ekman' R O FE A AR TR 5 6 Ff S
AL IE F B A 2 P, BE. %, &,
A4 S, XS 45 mT i I — S0 I T R AR n DA
WAN(E6(a)-1). PlutchikFKellerman' i — K @ 7
X —HE, PRGOS N8R AE 4,
LA 7 AR o AL SA B G R, M7 B
PLEs N S BE B E RS AR 1 1% R A (E6(a)-2).
TENLER N R G, B HITE s 2 A £ 468 g i il 5 52
MBS, TZHTREE N SREAERK, @it
TR 1 AR 2 ST e .. AR, BRI ASE R af DA
Z N fE LG RIS E S S 2 B e, TCHRE R
EIEES X EF T HAAE—E R, XA E R
B L T 4 S I R Y AR R, R IB 4R m Ni%E
SR IS (] P R AR 0T, DUTE LS Hb S WA 2R A 1
SRt

(2) 4P Ik AR Y

o JiE 15 TR 7R 30 ok 7 2 52 1) 2 2 15 B 2 ) ik
TELERAS, 154 T DR 25 T O Ba 17 JEk 4 BT i I &2
FEE A bR, 5B BUE B, 2R NG 4%
FEAEA BT 23 2R, AR OB R TT AR, SCRF
TELEM I IE. X —EAUENL A N RS AR AT 1
R R, IEREIR ARG 28RS 1A 4R
S, MTTSEILEE H AR o8 BB ST RN RE 1A AR

LIPS IR T AL HE 2 N AR AR, B John-
ston'" R L f — 2155 SRR TR A P B — i 2 4 17 45 )
SONIE RS n), A S R, (BRI G G A T
TOAEAE R PR PE. Russell 42 HH 19 — 4 175 B (804 -
WA, valence-arousal, VA)IRYEE LML E S5
TEACEHEAT IS, fEIE . HES SR TG IR TS
F7Z M (El6(b)-1). MehrabianFiRussell > — 25
P 1 = g B (R e -Me 2 -SZ K, pleasure-arou-
sal-dominance, PAD)7E VAR FE R F 5] A <37 i
E”(dominance) 4k, FI LLIX 2 B AU 10 B 5 e
TP s 4IRS (B 6(b)-2). EBEIEAE |, —Semf
FEH T H R E R B Y AL 511, Breazeal
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HScassellati > Y [ AVS IR 5] \ & 25 (stance) 45,
ifi Yamazaki%s A7 #¢ 4 APA R Y (affinity-pleasure-
arousal), FRAL T N BRFEFIPEFIBETBE /7. RSP, Tzard ™
B 0 I 4 5 AR T (pleasantness-tension-excitement-
certainty, PTEC){H FH“t 1o B - 55 7k B2 - D 4 2 - e 18
AAYEBE ARG TS 25 iR, Cambria N H (1 26 vb
TR 5N VR R BB, 1 e 5 S A G 1 4 4
5, SCRETE Z A NATLAE T H 1) SE B 20 0L S 1 28 1B B

(3) HoAty 17 A 2R

B T B HUG B 5 2 B A 2 A, IRk
R 2 PP AR SR (I AR A, AT A R B 18
MM, RIS A RS Bt TR, —
WHEE T ANUIEBAS B AR, BT R 1)1
iR 410rtony-Clore-Collins (OCC)RA! 41 i 37
TH 4L R, WONTESIE B M AR AT
BT RPN FNTEAL . AL E T 22 R0 E 4 KA,

Bt S RS AR 28 E B TR O AE B R X
ST 0 475 SR S (T 6(c)-1). M2 175 S 780 g )
HMMZE T2, % B4R A 2 0 (R 22 5 e, 38 T
4 AR A U B A A AL BV A 45 1 AR AT
LU 6(c)-2). 4 A AT IR B R T 420 o £ 4
1, TR AR IREE RN 5 P ERR A (5 B, AT 5230
4 2 B 5 A LA B G SR, LA R
ANAE S B B 6(0)-3). BT R b T
RENE, ML R TEM5MEEEI, B
& 3K (Bloch sphere)S T A0 & =l IR ST
1B, 8 7E ST G 2 M A7 SR AR fry ki Y,

322 R EITFNIER

T B AL A A TR 1 AN 5 R AR B 1 i
ZNEET, SN CHERAR TN AN B R R
FRATEEME. Bk, RV AN AR T

J =23 1| I ¥ f==3
(@) B A | () o 15 IR AR
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B 6 (R B AN [RIEAL IR Y. (a) BB A (1) EkmandE A BB, (2) Plutchik B BB, (b) e/ 15
AL (1) 4R - (VA R AL (2) = i - - SCIC (PAD) IR L. (o) JLAL I IR AL (1) 2500 Pl 1 ek
B oCcCrM!Y; (2) MER A BB ——HMM!"™; (3) 20 AR e e )
Figure 6 (Color online) Different types of emotion models. (a) Discrete emotion models: (1) Ekman’s basic emotion model [14]. Copyright©2022,
Elsevier. (2) Plutchik’s emotion wheel model [14]. Copyright©2022, Elsevier. (b) Dimensional emotion model: (1) The 2D VA emotion model [130].
Copyright©2024, The Author(s). (2) The 3D PAD emotion model [12]. Copyright©2023, The Author(s). (c) Other emotion models: (1) Cognitive-
based emotion model, OCC model [141]. Copyright©2020, Springer. (2) Probabilistic emotion model, HMM [142]. Copyright©2006, IEEE.
(3) Distributed event-related emotion model [143]. Copyright©2000, The Author(s).
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WA R, 17 5 B R EA TR bRk B R IE R
TR, BARMES, Wl AREHERE. &
EERE. BEREG RSP R EAN R R

FIEWERA FE O AR R IS T 4 R 59 B B
TRERfR . S e It 7 1T, AT R B A 4 1R ) 4R
bR, WOREHIR. HAEER. F1 8RBT IF
ity SREEAERRIE T, WIAT 5] NG LA 4R (I AU
HRFEEUETE VA 7S o AR, HAH PR 4a %) i
#(mean absolute error, MAE). }J/5 R 1% % (root mean
square error, RMSE) —ZPE4HX Z % (concordance
correlation coefficient, CCC)R & Tl 58 B 5 H 548
Z A R L.

ik B R RN 2 S B A NSRRIk
fiE. EFMZ 1, TSR &AL 7, 82
FMPF45>(mean opinion score, MOS)E{JE T Bl Eb 45
FR) i 2 o0 2175 BRI LT Y A AR S MR AT O
gy, TEREMZTH, WA R HIZ 8055 A B 2238 A5, QT
HFOCHE PR R . I S $EEh, PR E3)
HISFIE I, 456 AUS UL R A4 77 2% 20 e B
GHEVE, PRI IR . RS R S
fabr, SAKBRGIHFHERIVIGIEE, H#H—PE1k
HAREE. MAh, TSNS M alashfe LA
721 S I —8k, USRS 4 B Z
P

1 538 A 2 0 2 2% B SR A AE U i B S A B
PE. MBS R A I —F0 A B, vT b as & A
TH A AEVAZS [ A B 5 R A 4 ULELRE, % R bR
B AR ZAALRE: I e 5 R4 — Bk B2, lidid %
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Figure 7 (Color online) Three key technologies for face robot expression generation. (a) Facial expression synthesis. (1) Emotion-based facial
expression synthesis, exemplified by the dynamic decaying wave synthesis technique proposed by Ishihara [153]. Copyright©2024, The Author(s).
(2) Emotion-independent facial expression synthesis, including expression mimicry and predefined expressions, represented by the human-robot facial
co-expression system developed by Hu [43]. Copyright©2024, AAAS. (b) Eye gaze control system. A representative example is the application of
LSTM networks to optimize and improve robotic gaze control, as demonstrated by Domingo [15]. Copyright©2021, The Author(s). (c) Facial
expression-speech synchronization. It covers both lip-speech and expression-speech synchronization, with a representative case being the speech-
driven animatronic facial expression system proposed by Li [16]. Copyright©2024, IEEE.
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Figure 8 (Color online) Al-driven advanced expression interaction technologies. (a) A generic deep learning-based pipeline of multimodal emotion
recognition [173]. Copyright©2023, Elsevier. (b) A conceptual framework of an LLM-based agent consisting of three com-ponents: brain, perception,
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Table 5 Summary of key technologies for face robot expression interaction
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Figure 9 (Color online) Potential application areas of face robots.
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Figure 10 (Color online) Three stages of future research roadmap in
face robots. (1) Emergent expressivity stage. Face robots markedly
enhance their expressive capabilities. Multimodal sensing [230].
Copyright©2023, The Author(s). Self-expression learning [43]. Copy-
right©2024, AAAS. (2) Biomimetic realism stage. Face robots achieve
advanced physical realism and nuanced emotional engagement. Multi-
functional e-skin [229]. Copyright©2017, Wiley. Micro-expression,
retrieved 2023 from Wikimedia Commons. Multi-person interaction.
Copyright©2025, Qincheng Sheng. (3) Near-human parity stage. Face
robots attain full social integration. Biohybrid skin [231]. Copyright©
2024, The Author(s). Self-awareness. Copyright©2025, Yuhang Hu.
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A review on Al-driven face robot for human-robot expression
interaction

SHENG QinCheng, TANG Wei, QIN Hao, KONG Yulie, DAI HaoKai, ZHONG YiDing,
WANG YongHao, ZOU Jun & YANG HuaYong

State Key Laboratory of Fluid Power and Mechatronic Systems, School of Mechanical Engineering, Zhejiang University, Hangzhou 310058, China

As artificial intelligence (AI) extends humanoid robots into social domains like education, healthcare, and home, the need for
emotional interaction is increasing. Facial expressions, conveying 55% of emotional information, are key to emotional bonding,
making realistic-faced humanoid robots—face robots—increasingly essential. This article reviews Al-driven expression interaction
technologies in face robots. It first examines the hardware architecture of face robots, then analyzes a “perception-reasoning-
generation” framework by comparing traditional and advanced approaches. Traditional methods rely on visual and speech-based
emotion recognition, along with discrete or dimensional emotion models, to drive expression generation (e.g., facial movements, eye
contact, and lip synchronization) through affective computing. In contrast, advanced approaches leverage multimodal fusion, large
language model or multimodal large language model based emotion reasoning, and agent-based planning, memory, and tool use to
enhance adaptability, realism, and emotional intelligence. The article also discusses potential application areas, current challenges,
and future research directions for face robots. By integrating progress across hardware, algorithms, applications, and open issues, this
review lays a comprehensive foundation for the development of empathetic, socially adaptive face robots suitable for complex human
environments.
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