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Abstract Emotions can profoundly impact both human’ s overall well-being and cognitive
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function. As a result, they are of paramount significance in the realm of human life especially in
modern society with increasing pressures. Automatic emotion recognition contributes to early
warning of psychological disorders and the exploration of behavioral mechanisms, holding
immense research and practical value. Over the past decade, researchers have proposed various
kinds of methods for automatic emotion recognition based on different sensing mechanisms.
Nevertheless, each of them exhibits deficiencies in different aspects. For example, the methods
based on electroencephalogram (EEG) signals require the use of specialized, costly, and
challenging-to-operate EEG devices; the methods relying on visual and speech cues carry privacy
risks; and the methods based on the analysis of mobile phone usage pattern need improvement in
terms of reliability and accuracy. Considering the above, this paper proposes a novel approach to
automatic emotion recognition that utilizes low-cost, readily available, and easy-to-use wearable
hardware. In a detail, this paper makes use of the potential correlations between physiological
signals. namely, breathing and heartbeat sounds, and pulse with human emotions. By employing
data fusion across multiple sensing modalities, this work effectively harnesses diverse information
types, reducing data redundancy, and substantially improving the system performance at the same
time. Furthermore, while ensuring a high recognition accuracy, this paper also proposes an
emotion recognition model based on a multi-source domain adversarial approach which aims to
enhance the generalization of emotion recognition across diverse users and minimize the cost for
unseen users. Our method first leverages a small amount of unlabeled data from unseen users to
achieve quick model adaptation in an unsupervised approach, and then fine-tune the classifier’s
parameters with a minimal amount of labeled data to further improve emotion recognition
accuracy. To validate the effectiveness of our proposed emotion recognition method, this paper
designs and implements a wearable system that integrate two microphones and
photoplethysmography (PPG) sensors to measure physiological signs. Among them, the two
microphones are equipped in a smartglasses and earphone to collect sounds produced by heartbeats
and breathing, respectively; the two PPG sensors are embedded in the smartglasses and a
smartwatch to measure the blood pulses in the head and wrist, respectively. Based on this
wearable system, we have conducted extensive experiments in diverse settings with thirty
participants aged from 17 to 30 years old. We have also carried an assessment of the impact of
different environmental factors such as noise, hardware, and wearing positions to evaluate the
robustness of our emotion recognition system. The experimental results demonstrate that for the
four basic emotions, the proposed method achieves an average recognition accuracy of 95.0%in
the subject-dependent cases. and an average accuracy of 62.5% in the cross-subject cases after
using multi-source domain adversarial transfer learning, with a 5.3% improvement over the
baseline methods. When combined with supervised fine-tuning with few shots, the recognition
accuracy further increases to 81. 1%, surpassing the baseline methods by 12.4%. These findings
affirm the feasibility of the proposed method and offer a fresh perspective for ubiquitous emotion

recognition research.

Keywords wearable devices; emotion recognition; multimodal data; transfer learning; domain
adaptation; generative-adversarial learning
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[EERGR IN I ane N EE Sl i S R PIR L
VAR ) FLSERR 2, mlo B HRNG TIOR3
25 2 R T SR S IO P A AT (LK T b A
b H T AR B . H— B B s 15 2
PRETEAEIEAUER . R PR 2 05 Y, A5
B TE A AR ] BB 4 O T 4R
PR s BB X T IE 252 R 3 PR EATE 2 5 1k
EE Y ey i IR A TRy VAR 1 i S S 2 B o
TS B A AR 22 5 Bl UL O e BT A
W15 26 5% 0 B BAE AR 2 F A — B, BRI, S
LA PO A A A B L AR 2 AT A —
FEARBE TRk SRR R AR A I Y SR 22 L (5
2 FEEE LR AR R R IR 2%

BEXT I R R, AR SCITE T — T H R 2
FIURIA bR 2 1 B SR B A i % . o8
A TAEARYE BARE U o BTt A 8 1S 2
Y B55 1 285 RO RO 4R FilmStim™ fir $2 4 iy
6 FPIEAE 25 F 37 (Neutral) VPR 4R (Happiness) B
i (Sadness) « 2L {5 (Fear) . 15 &% (Anger) . K %
(DisgusO 1E 4 H ARG 45 AT 45175 . % g 32
PR LA S IO = R A 25 3R AL 5 TH
W8 5B A 5 v M T B PR 4 . DI 2 4 P A A
A AR R R AR TAE XX = R s 5 517 A
It IH2E Sy [a] — R 26 28 0] - TR 5 1 45 (Mlixed). I
oo 7 I A AT B T ORIEAR 2 0 AT Sk . LR AR S
BT T — B TR ML 00 B SR 2 0 2R R
W . LEEAS LR - 1SS X TR g ROM
A PR 2 1 B i i 1A 45 2 I E
HFrifs R0 BARIE 4 . A B TREIR G 5
SO 22 S i J ) SRINBORA L1 28 b 25 S Bl 7 AR
M E G2 2 T i 22 . 4 3 i — Bk . RS
PRSI A AR 22800 5 B AR 48— 20 (s

1 (D

L norm 2

SR A R LA s R e bR 2 A R R
MR 2E . eAh, BRep ST 2 40, 0T HA I 45 28 01 5
it s A SCACE U B Pleasure KT 6 8/ T 4 By 5K
YO FEAAE A ROE s LAs oA ek i s & 1
PN 51 BT 2 o Gl AR AR A T4
3.3 EFESMENREIRNEEIRA

T P A AR BRI 098 B S TE 4 2
(1] SCHR A Bl - T 2L R -5 SR m LA 52 53
FHAS RIS Bt . T THCKE X AR B PR A A 4
3.3. 1 Bllagmh & 1)

R R TR G AR Bl B AR SCR H R
i b 1Y I 5% 22 W 2% (Deep Residual Network,
ResNet) “*'ResNet18 15 by & + W 4% % 117 1 2% o>
2 AN 3T ResNet18 A 8504 2% fill 5 7K 1%
PEATAG LG TR A MERE . X BT USCEE A A B 5 i Ab 28
ZJa A B 0 [ 38 8 2 RS ARG A A
TTEERL, I % A ResNet18 H b 1718 25 7025, {1 X 2%
H 327 2] 5 F A [RIBS B AR Z e =22 1] B AR DG4
FUAHELAE T . T A T BP0 R I N I 288 S5/ T 56 1
s . TR 2 R G0 BT s 8 28 SUH R B A
G4 53 IR PREL

Loss=— 2 (y,- log(p,-))

i=0
/ﬂ\:qu:[ PDos 7P(—1]%—/|\*E)E$ﬁ%ﬁ ;y:[ Yos ***s
Voo | BN YRR T i K0y, =1, &My, = 0;
CFRIGNEL .

(2

1 HIRRES SRR ResNet18 4 4544

Layer_name

Output size Operator

Input 257X126 X5 Input STET spectrums X5
convl 129X63X64 Conv2d: 7X7,64,stride 2,padding 3
33 max pool, stride 2
conv2 x 65X32X64 [3X 3,64
13X 3,64}
conv3_x 33%16%128 | 3’128}
- |3X3,128
convd _x 17%8x256 | 3’256}
- | 3 X 3,256
conv5_x 9X 4512 8 3’512} 2
N |3 X 3,512

average pool 1 X1X512 AdaptiveAvgPool2d

3.3.2  FROEHAEA N 45

AR B R SR W T G B A T —
HBL, 2206 T AN RIS B i R IS 4 AR RE 1 LU
FA 5 o b 2 5 5 6 Rl e R v 453 1 1) A EE AR
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[ . Bk, 42 /15 5] A SENet(Squeeze-and-Excitation
Networks) '[9 £& , i izt 7 >) [ 2l 4% B3 1 1) 8
TR PR AR A I B B R AR T
Z5EE ) . SENet 2 F- Bt Squeeze Fl Excitation,,
ENRIIRELNT

(D)Squeeze : FH 4= Ja - 34 A0 R 52 B, D23 [H] 4
FESEATREAE FR4f , XT38 1 1) — e R AR B I — 5
B, R AEIZEIE LA R

(2)Excitation: iJ DL Sy —4> 9 22 A 0 265, 18
b WS4 A 4 J 26 A ) TR [B) A AH G L 2 2] B RY
B FAE A B8 8 A 522k, B 5 DA AL 3
Z AL |

FE T SENet M 45 2544 1) AR, Xof R 4R 191545

ResNet 18

[nput

-

avgpool

Mic-Ear

==

I
—_—
1

- avgpool

| 1=

bl

i; _"JL__j
Mic—-Throat
Mic—Nose

avgpool

PPG-Hand
PPG-Head

11 IR FIUAL 3, SR 5 A5 3] A T T8 A 4% Mic-
Ear. (Mic-Throat, Mic-Nose)  (PPG-Hand, PPG-
Head) = #{5 5 # 2 1% A SENet+ResNet A 45 14
L BLRAY R 25 kg &L 3 i . L o LA
i 4% 2 (FC) 1Y ResNet18 1 Sy J i 5 1F 42 B 45
SRR A RS A S ST R AT AR AR B L O i
Squeeze Fl Excitation 4% #4) FH 2l 2k 458 18 1Y 5 2
FREE , Jf4 2 ~J B 1) 2 FE AR ) 21 5t 1 R AE
AR > A [] 457 A1 3 8 A (6] A A . SR ) R X =
A0 R AR B B AR AT A R IR O R Ok L E AT
BRLA B 8 — A B — DR AIE 1) 3, DR 5% 2]
FC 2 Al I 38 SUIRAE h 1 45 53 5P 2% iR, B4
LRI

Sigmoid

©

Happy

Neutral

Sad

Mixed

CERET T P T

3.4 ETFEMERFEIMNEHIXIEEIR
FETRIE 27 2] S, SR Sl AT 55 1 o WL iz —
SR H AR R ZE BRI SR B A R A T
YNGR . AHIE X R0 7 2RO B i B i 1 b
ZEAA . X — BRSSO AR 25 R AT 55
M5 SRR PR R /5 2 FH P A R R an S 3R 9
JURIRE 4 . BXF IHOME A AR SRR A TG W B BT 45 F
T EAR L PR T 2 UERT BT RS S ) 1 g R AR
(MultiSource-Dann) , B S H HAr H P 89 /0 & Tobs
TEEE T2 0 H ARIa s e 2 ] Y T A, 32
FHEAIAE H AR FRBIRCR . B4R TiztE4R
S 268 B 2548 o A B R AR SR U 1 4 M A
FHP SRS = A7 . A5 AR DI T .
(DRSS A T U5 a6 25 8 i TR
JEHRHE . FEVINZRB Be o 48 0 TR 2 R AR ] I 5 A

1575 26 S5 BIAS RO P S0 48 . ERTH I BT L 4R
HH LA 241X 43 i A RRAE DA S e 14 1 o L
R AE 2 . IR 78 5 5 & s poh S B H PR
ASPERRAE AR R P S 504 o ( HTe i 2 S A
oK B VR SA E AR . 7RI B B SR EU TR 2 R
e R AT NG L 500 8%, AT B i 4 2

()1 25 %00 4 - e AT 55 o0 2548 - TR
SEARPNE 2 . AEDIZRad R IR e 23 50 B RRAE
PEEUAR PRI B LA 28 X 43 B (W RRAE

(3 P 4 50 % - FH P 25000 2% HAE U 2B B AR
F s HAT 55 SR AR AS A AR 25 . 5 45 E 32 B IE
BRI FR . P S 2 5 B o H O ERE A
FRAE PR BRI > B4 P T S ARAE Hr i ) o LA
(R P . T AREAE B I W) 75 4R T PR B L AR
55 P TGS B RRAE DAk 2 P S 8
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shiz1)sbia2) - JSb.i#n)(Target

i

JH P 5l 5% |

il {4 Fe Jii {4

K4 T UG R 7 T 25U S5 7R B IR

HY T P S 0 5 R I R MR S B X B G
F o SO AR R LR AR 4 RO A P 4 0 g 22 T A
T— BRI )2 R, (2 )(Gradient Reversal Layer.
GRL) . 75 S [ 4 v B P AR 220 B B R e J2 U
S B FE UL o DT 52 B0 FH P 46 531 25 AR I B2 B

R PEE ] BRI B an=t 4 FR
Ri(x)=x (3)
dR(1) 4
dx
Horp [y —AN By B 2 S —ASn] JE 280, BUE X 1]
(0,171,

H S IRAE Y Gt A AR R R AL 2 ) FO A BN
L AT 5 b BT AR TR AT S8 AT 4R
PR E AR AR ZRad B g s K, AR B A5
anF o p FR Ak AR RS B R L
Ly hEE

2

A= ——1 (5

1+e

HEA R L5 AR RSN -
IJOSS - I‘/u.vk - A ( I‘d*.mur‘(e + I‘d*/argel) <6)

AL ULy e 5390 R AR B A5 P 38501 25 4031
i (A0S R P S SR IR S Ly e I B AR P
BT PSSR R

i FH 28 SUIAE b 1 28 S 00 4 1 8 % eR 8, if
JH A7 BBl 9% 451 2k (Negative Log Likelihood Loss.
NLLLoss)/E R F = 51 25 0940 2K pR R .

AN T | 28 B T W B O T 1 34
SEAR HE T 22 RSO T ST A 2 AR LR

OGP A e o 2 RS PR R W T S
AR B SR Ty 5 A AL N 325 A S AR
55 . PUEE YN LRI, 28 1R A R ol o 28 %) T Sl 5 90
LSRR B bR e 4 LU RS B Anik
e 4 IRPR S . U Ghad B b, R X R H AR B AR
FH P A 00 25 800 AN W7 e/ IV I 8 25 501 85 i L 2k
[pOE JEEIREE7Y A DRN O S % i€/ rE ISR 7Y A DRE 1:h]
TR 28 B WA W 5 A A R P 25 351 2 B 2 AT
A1 2 200 8% 5 FH P S 0 S 22 N i 72 oA B
PUSE UG 26 5325 5 P B0 250 2k 2Z 18] i A L F
7 . 38 o 3RO B = NI B A E AR
R 28 L FRAE PR ICER SR I R IR 22 8] B 25 1 L ff
5 BT SR B AG HR A8 5L 15 4 028 ] U M £ [l s L
A AR TR BT R 1 H
3.5 BEAHEARGSEHEE

FE IR A b A SCAdE— 2R i 5 |
A EA BRZS ) BRI R AR S TR
DL 28 U0 R G AR A e ] E i P ik
DA MR 2 2SR BRI/ D8 P 27 20 AR i [m) Asf
PRUER AP R Re . AR 5 1 Se e A TR
Bl K H BRI TG AR 2 5000 1018 00 2E4 T 22 bt
TCM B R > A5 BUE 25 U SO ZRAsi i, IO A7
FRIESE AR M2 280 . HG O R E I N 452
BRI 2% T ORGE BR 25 88 LIAMO T 88, i
FH/> HARHE RS R X e A 7 o s 25
HAZ U JBARTE T lad 51 A /D i BRI bR 5 X
SRS SBGHATIRE . RRE A S5CHh5 | FAE A Rs ie8k
FI) H AR A2 > B H BRI B 3 A
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4 REIIM5ITHL

4.1 XWIEESRGER

R RRAF B HEAS AR SR DEAP £
B FilmStim £l IADS $cfla i SEED
B ET LA B EMDB B8 e R i 4 PR AR
Sy 3 A R 1 R T ) 559 SRR R X 1 2 35 K T
BE S BT B e rh i AME A RS I 5% . BeAth,
% BB S0 22 5 AR S S B e ST 43 HE R 5 L
T 5 2 L AR B B s B AR B AR IR R
Fr R B B AR L FRATTM LR DU 17 25955 & A R a1
HR R T 4.54.30.15 F1 50 BEAHRE. [RIE, DA R
28 A h BEHL T 20 Bob R 1 25055 & kb 7E
PERE. R, SEE6 TS R 4 0 AR R
BOR 173 B [FBT, fE R HL A B R AT R Y
AN A wN S S

A S Y AE R UL IS TR (MR RNy
40 dB~55 dB) I JiE . Z il A 30 AL AR IR 4 T
FEL7 2 30 % Z [0 . S 18 T 5256 WA FEOA Rt
IF L i #4548 25 RS, AR TF & — 3K an &1 5 fir s
B HE T Windows 2 45 (15 28508 R AL 41 . S
i, 2l — HE e s A ST i Ty n] 28k R
4 H AR Z 838055 o5 — U2 il 3 A0 -
BLWCT FH T 18 2675 & 19 5 A AF ) . 78 L Rh ik
L B U R PR TN S X T T
PRAIE T A5 5 i . #E— R SE 56 rp B AL I 358 100 4 3
TR RE 2 T R N B /NI RE il — AT
MOBHG BN B . FERR TICRE T 0 RIOR L 2 L
AT 1 min (922 sl ] 2550 5200 . O T
Fisf 1) AT A P Al S K 2 kN D R AR R T A
Wit E g Al . B s N SR
H A &1 4 0F 2 = % (Self-AssessmentManikin ,
SAND X i B O BE S BE HEAT 1~9 14T
G5 s DL RO SRR AR A R (1~5)FT 43 . b4k,
BN DA R R B LS 25 . h TR E R
P o BUAS [R) B XN 53 X6 T[] R BobA Bk = A6 i 1 45
AR IFEAI] o DR I A 2 A S 35 i WSS PR AR B i
13 9184~ MARFEA B EIE 0 463. 9, FEAS TR 1 FR
250121, 5.
4.2 EMIEER

% L8 BRI 26 2 R REAS TR A, AR SR
H %% SF # (Macro-average) J7 3 i1 5 7% K i K
(Macro-Precision) « % # [1] #& (Macro-Recall) . % F 1

Totaioriaon

50
6.0
30
34
3

. = Cutront/Tatal ; 1,
O wne rent/Tatal : 12

K5 BT Windows R G817 88U R £ H AT

{H (Macro-F1 Score) LA & #Ef % ( Accuracy) 1E A
PN FEDS .
4.3 XftbiEsy
4.3.1 FETIRIREL 2= S BRI 25 1R 5]

T 25 B a1 20 TR o o B A 0 Al st 2 DR
Ho At Al b ¥ )5 X — B A FE (5 5 AL B B Rl
4 L HH H RestNet18 #4178 — H P 28 L5 HiE
(leave-one-user-out). H - 1t P 2% H 7 5¢ i IR I8k FH
FUE Loy X — B —AT- 55, A BUR T (8 5 206 oy
LTTIEN Single-Task, FER HAR R —Fh B AE T
4.3.2  BEFRHTEOUE 552 2 i1 418

Z Z VR BRI A & TEATIIA HiR
BTCHR 2 B 5 B0 AU 2 ARS8
ZRARIEAT VNP . AEA B 2% v, P 4
MESAON R B Z249E Hin P S8 8 2:1 7 2 P
FHIHA B S AT RE 3 B R B RS F P AN I A
ATAR] H AR 0 . R, 25 ) 4 O pR A

Loss=L,u— ALy e D

W28 Y 2RIkt A 2038 B s T 800 A R
B AW B/ IV 26 25 B2 % IR iR R Ak
T P S 5 25 8 2% 38 2k ok R sloor e R N2
A VG REAE B HES i P2 BUHD A AR ik =2 R] 1Y 22
B R RRAE P2 AR 1932 A RE T - DA ITT Ik B8 F 1 H
(. BEABE TR Bk SRy X e U T 552 ST BT, ff i hy
Dual-Task.
4.4 ZLEHH/TER
4.4.1 ZRISES RGOS

XA RN SR 3T 28 SRR A T L I
(1% 26 53 28 S50 » B 43 il el AR B 04 TR A )|
Zr5 M. AR T A IR R B R 4 2
FESEAT B R 73 AR B508 o0 A 1) —Behk: . 430k
B R& VRS Rh G SR s A T IE 45 0N 4028
SCY AR T AN 2 s i S IR A R

MG R FUE R R SRR TS
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Fx2 AERERIEMERELEER

o Hlm g & FRAE A
Precision (%) 94.58 94. 99
Recall (%) 94. 45 94.53
F1 score (%) 94.51 94.75
Accuracy(%) 94.99 95. 19
YIS 5 H GPU(MDb) 2685 4469
IR A% ACFERS (s) 4.13 8.51
HAI 2% (Mb) 11.18 33.62

Pk S RIS R G 1) 43 25 1 R G O T s gl &
(S THEAR L 0. 2%0). B ILnl WL, BAREHE Kl &
2 2] TR Z )2 WA G PR FAE BAE T (ELRRAE
G0 Tl W TR B A B A, IR A [+
RS A 3 38 R R (AR, 2 ) TR RIS AR IR 2
V] P A SR A BLAE . 55— T DR ZRS I 25 Jp
di Y GPU ISR  FRAF il A R SR it A
1.7 s WA S0 R L PR il 5 S 25408 2 il
B 14 348 s T RIHE AR [H] Sk RRIE S5 S
QR 2. LA . R 7R 23 S REAH 22 5/ I 1
BUF B BB R 58 SR B N A 1B AT Y RE MR Bl i
FHPVIASS | AR SC e 2 R PRI 0 il 5 S
4.4.2 R[ERERI XL L

ARSI XS H T A [R) A Y 7 5 A A = T R
iR PERE . B T 4. 375 TR 9 Single-Task il
Dual-Task P Fp 3 AERL A Sh , AR SR X L T HoAb
Tl 20 B Y 0 1 77 1, A4 MCD™ L CLAN™"
DFA“*  CGDM"™ L Fz ET°. S AR5 %] B 5256 14 2
S FRATR A T 2% SCHRL60-63 ] BT AL (9 U5
FRAT o LUK AL TR (1 SRR 2 BCRS 48 Sy AR Sl FH 1)
ResNet 18 F-HH I 16 S A g 2 1 6 A5 780 H A 25
FARAAT AT 2 3 . i i T B8 A SR AT IR AR A
AR S HAERR YRS SRR 5 BIZ AR R R AN BR ) 4%
AR A SCAT 55 i B ok . T AR SE 86 25 SR 1 6 ]
VIR B A8 P Ee g JLFR AR A i, MultiSource-Dann
PO AR HME AR RO FL(H 4 9 o 62.5%
60. 4%, 43 Al & T AR AL B CALN 19 59. 6% F1
57.3%. T AH % T B fE 455 A Single-Task 1 Dual-
Task, A< SCHIF $1& H 148 Y78 0 R A E LA 53 51 12
T+ T 5.2% f3.5% . LA R 5. 4% F4Yy. HJF R 2
T |5, A TR T /E MCD™ . CLANY,
DFA"HI CGDM ™7 #1190 2% 2% ¥4 A p 4k B b Bt
T UG ()R R AR SCRY g A B 28 2
BRG] 5 BUS B AE A B 22 5 . T RS

EI R T 20 08 300 2 27 0 SRR B Qi By
iR ARSI 8 25 R TS Z AT AR KRR 2244k
IRAE R AR 45 IR B B R I 23 DA R A O R B
HIFRAET AL TAT ARSI, AN 25 R 5 8
5T AE S R B2 () S L 28 AR 56 1 A
A 2% S P O R, R R Bl 3 O M R R R . RS R
B : MultiSource-Dann 7 5 F F' I 25 R 50 i B4 T
Wz Akse 71, Bl TR ZR0T B bR Jobr 25k
P B — 258N T IR SR H bR S 7 R AR
2 R A 22 5, AR BRI R B ) 0

Dual-Task §

MultiSource- |
Dann

CGDM g
DFA §

e

CLAN §

Accuracy
WeD b B Recal |
B score
Single-Task Il Frecision

10 50
6

4.4.3  FFIESRIAR 1 5 0

#£ MultiSource-Dann [ 9% 20 15 78 HE 42 (1 JL fil
L ARSGE X L T AR SR EES i PR RE . R R
155 R T 7R % Bl i P L AR SCHE R TR AR
TR JE A 25 ) 28 A R R AiE 8 B A% A7 03k L A 4
MobileNet-V2' | MobileNet-V3™' | ShuffleNet-
V20, SqueezeNet"" | K F B 242 I 4% LSTM™ |
GhostNet " Fl ¥ Ji 5% 22 I 4% ResNet18. B LSTM
PR A Ay L R () e 1) 470 o At D) 285 18 i A 251
AP AT ] . B S s 25 SR an il 7 Bk . Rl LA BIFE
Bt HE B X 25 25 F4 b, ResNet18 R B A A . HOKG i
A R F LA ATE 2R 53 518 60. 626,60 3%
60. 4% F162. 5%. H LT i P4l LSTM., ResNet18
FEI T OCAY S R AT BE A2 < A% 280 T4 [ 1 A= BRAE
5 B2 ) 3 TE R IR B AR AR R X S AR R
SV A2 A RE T 40T AR S . AN TR Y
15 26 25 3 2 IR R A5 5 6 B A 3k B 12 o A B X 1 22
5. R A SO A B ResNet 18 1F A1 26 15 1 5
YA RRIE RS
4.4.4  IEHEEBINNRIE T

R T AT AN RV 45 25 00 2 (] A TR VA A 10 LA B
I M ok E R B0, AR S B Ge it TRl RN B
Y5t T Single-Task.Dual-Task % MultiSource-Dann
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| Accuracy
B Recal |
Bl F! score

Precision

TR rgl_J'

> SqueezeNet

f

ShuffleNetv2

60
He /%

7 RIS AE SRR I 1 73 261 g

70

T SE g 45 0L A5 20 an 1] 8 By 1 25 TR TR VA
FEFE . AT LLE B, Tt 2 in 2 s iR g 460
i AN 25 B 25 5 5 S S AR ARG L X ]
RE A2 H T H 7 1% 26 O g i AT, Bl s SR R
AW M Happy 5 Sad W0 25 5 AR VS . X 7]
FIE A2 A 22 S M R T i OB 1 5 4 o B9 30 . Mlixed
5 & E B SR i v 1 L KR TR EORE R R s ] R
Mixed 15 25 (1) 3 bF M 32 05 . st oh L 2 ]
MultiSource-Dann % B s}, & Mixed 2815 25 11 i 1
BFEA T RS A 25 i HER RIS B 5

Percentage/%

80.00
66.67
53.33
40.00
26.67
13.33

 HRS
(a) WEit

Percentage/%

80.00
66.67
53.33
40.00
26.67
13.33

11.8 F2ESE 13.7

215 [0 2 59

 E
(¢) Dual-TaskEs#: ik

[F) S o AT 9 BT 7R 945 SR8 v] LU H L 2208 E 241
A B 2R PR R R OO0 T PRIE IE . X R WIA

o
X
o

Jibe

H

YLk

PERE .

4.4.5 HAIEIE NGEE 4G R

FF MultiSource-Dann 5 # 1 #8 71, A SC X} .
— 38 1B K AN R8T A I 5 RO M REHEA T TR L
s Hodr, chO 678 Mic-Ear 38 18 , chl %78 Mic-
Throat il #& . ch2 % 78 Mic-Nose i i , ch3 3 7/~
PPG-Hand il & , ch4 %75 PPG-Head il j . chO1 %
7 A FH X G 1 38 8 9 20 G o B Mic-Ear 8 18 #il
Mic-Throat i i 21 5§ /1) PR 38 38 715 26 000 . A%
JER ARV 5 A B SR 7 chO. chl &5 ch2 Sy [a] b 14 8 2.
JG,ch3 5 chd R [RIFME IR IRTT . FATTH T A 1% i
TCH A TSI JE R IR, R AR B e B R 22
SRR Ik )5 . B a2 AT R L
KR R A O . G 9 PR , AN FR—il i
55 AR MER G BOR 2 57 . Horh AP
W 38 18 B ch1 Fl ch2 RCR fefE . ch2 i9f5 5 HAT i
5 1) 5 B N 28 AR AN R T . A 28 A RS I R
A [0 3 F 1R IE 8 3R 20 5l A3k 52. 704052, 204
52.3% F155. 1%, 1fii chl PEAERS 55 T ch2. X & KA
- T 28 2 W I 28 R B A B G > H P Y
A0, s T 2 190 30 382 R 5 9700 Bof i s IR R 4%
T3 L AH 5 T O I 46 A LA 55— 26

Percentage/%
98.00
Happy R
oy 78.40
Neutral | 22.8 ' 222 16.3 [M 5380
Sad 189 13.9 12.8 [|§] 39:20
19.60
Mixed 78..
0
\\
o .
gy 1hILE e
(b) Single-TaskPHiit
Percentage/%
80.00
Happy 14167 103 M oo oo
Neutral F25.2 209 12.4 | 333
40.00
Sad F21.8 26.67
Mixed b 13.33
0

T
(d) MultiSource-Dannfé#iif

B8 AR AL 15 28 3 SRR

[Fi 30 3 1 S R A Bl 2 18] T AR A et i i v TR
24 4 0 T 1 AR R I R G IR
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Il Frecision
B Recall
@ Fl score

A Accuracy

55 60 65
HLER /%

PO BAGE TE LR T A (5 S A 4

PR IR BB AE .

ST 3 B AS T 38 38 {5 X T DU A 28 51 2 1)
PUMNRCR , AR T A& 10 Frs g5 5 . vl LA
B AN R 38 A AR AT — 2 1 4 e 1) 12
L an, Br 17 chO, HoAt 38 1 15 5 XF T Neutral 2851 1
TR IR 0 B . 32 R chO FE R S5 5 1
WS SHIEE R —A %A m, B —E
U8 MR T RE L SO chO 38 38 1 {5 5 MR /b, T i B
f7 . 17 Neutral 28 51 (4 ¢ IF J2 F- &, 1 LA chO X} F
Neutral 2 51 i 5 5 U0 880K 25 Lo HC At 38 18 51 4 —
Se BT A E A S TR A 4 3 B B R iR
SRR L 3R RO TR A I AR 5 A A T Dy B
i, 7 Tl
4.4.6 KRBT SEN A

1E 4.3 /N5 BT i MultiSource-Dann #4585
L Sk SRR RUAE Y i B8 R 1 TN 25 53 25
55 AT PR RE T T — S5 8 T
VEAT AR R 1% S 806 T 2R Ge iR 3 RE A 52 e
ARSCBEE AP IUE S 314 0. 1,0. 3,0, 5.0. 7F10. 9,
MU AL AT YN AN I, A5 3 T a2 3 PR iy
SEER A . AT AR B A S G AL YR
S RE A BB A T R S R SRk B R AF

ch2
JHit

FI10 BRI 155 X A [ 37 4 i U RO

®3 WRASHANAERBETHSEMERE(Y)

ZRBUE Precision Recall F1 score Accuracy
0.1 55.78 55. 46 55.5 57.42
0.3 56.47 56. 13 56. 21 57.73
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Background

The research in this work belongs to the field of affective
computing focusing on automatic emotion recognition. As is well
known, people are experiencing a steadily increasing
psychological stress in today”’ s fast—paced life. An ever-growing
number of individuals are facing symptoms like emotional
instability . persistent low mood, and even psychological disorders
such as anxiety and depression. Automatic emotion re—cognition
can effectively assist individuals in self-regulation and aid
the of

psychological disorders, as well as facilitating corresponding

researchers in  exploring underlying  mechanisms
treatments. Although researchers have proposed various kinds of
methods for automatic emotion recognition based on different
in different

sensing mechanisms, they exhibit deficiencies

aspects. Some researchers
(EEG) , electromyography (EMG) , electrocardiogram (ECG) ,

and/or galvanic skin response (GSR) —based approaches to

proposed electroencephalogram

emotion recognition. These methods can achieve high recognition

accuracy but require the use of specialized, costly, and
challenging—to—operate EEG devices. The computer vision—based
methods relying on visual and speech cues carry privacy risks and
are vulnerable external noises. The methods based on the analysis
of mobile phone usage pattern need improvement in terms of
reliability and accuracy. As a result, we consider a novel and
challenging problem, that is, how to accomplish accurate and
robust automatic emotion recognition with low—cost, readily
available, and easy—to—use wearable hardware.

In response to this problem. this paper makes an attempt to
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design a wearable system integrated with microphones and
photoplethysmography (PPG) sensors to collect body sounds
produced by heartbeats and breathing, and blood pulse signals,
respectively. This work makes use of the potential correlations
between physiological signals, namely, breathing and heartbeat
sounds. and pulse with human emotions. By employing data
fusion across multiple sensing modalities, this work effectively
harnesses diverse information types, reducing data redundancy,
and substantially improving the system performance at the same
time. Furthermore, while ensuring a high recognition accuracy s
this paper also proposes an emotion recognition model based on a
multi—source domain adversarial approach which aims to enhance
the generalization of emotion recognition across diverse users and
minimize the cost for unseen users. Extensive experiments
demonstrate that our method can achieve an average recognition
accuracy of 81.1% for the four basic emotions in cross—subject
cases with only few shots from unseen users, surpassing the
baseline methods by 12.4%.
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