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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.
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B S SR 22 R W E LA IO R T AR
15 25 5z RH R AR B 0 A — 20, It R4
B RO R AR A B B SR8 Al e —
SRR RE F R S R bR A I Y W 22 L 5
W25 P ECE B AR S AP AR R R 2%

BEXT I IR, A ST T — P T RS R
RO BB 25 1) B5 i L SR 28 A LT T . O
AT AEAR R 2 AR « S ) ™ P 4t s 1 8 U1 25
R, 5561 4 RSO R B 4R FilmStm™ i $2 4L i
6 LA 45 % 37 (Neutral) R4k (Happiness)
155 (Sadness) « R P (Fear) . 15 %% (Anger) . JR 3%
(DisgusOE N B brE 45 #HATIBE T & . % 32
P RS DL R RO = A AT 25 AR H AL YT
e 280 HLELAT 38 e M B B (A . DA & A R A
Al A B R R AR TAE XTI = i A I 28 BT A
It A2y ] —F i 28 28 0 - TR B 1 25 (Mlixed) . It
Fofr 7 I b BEA B TR GE AR 28 0 AT SRR L R AR S
B Tl TR SR AL B8 B SR 28 i AR R
W . LR Ry B A N TR A R
BE PR L — 2 i Bl i A B 2 2R
Hpris & HbrfE 2 . B EA B FREAREIE =
SO R 2 S LR RO B 2 2 S s 7 R
(B SAE 4 2 ) 0 O 22 4 T+ 8 0 — Bk . S
IXBREDRE B WA 2200 5 HhR IS 28— 30 Ms

SRR R, DL TR 5 R 2 R T R
MR ZE . LA, BRSO G 25 A1 %k T A 25 28 5112
I+ A SR B Pleasure KT 6 B/ T 4 A9 52
YSREAAE R A A8 LA DR O e i Dy b i e 1
S WNARINR e e Jach = 2N
3.3 ETFSESHENEHIRELEIRS

QR FTA  A AR R A R £ 515 45 =
[i] S B B e 7 BT A AR Rl SR LA 5 43
FAASFIEAS R . T TR X A0 AR r A4
3.3.1 BlRgm AR

J R T R G A Bl B A SCR R
i 1k 1 TR B 5% 22 W 2% (Deep Residual Network,
ResNet) " 'ResNet18 F JJy 5 1 W 45 ok #E 1715 24 43
2 AN I T ResNet 18 1) 50 i 94 fil A 7R
AT 25RO PR O BT ISR B AR 3ELE S Ak 2
Z I S P B A A ()38 T8 22 4582 B 0 i A L e i
AR, IF 1% A ResNet18 Hp HEFT 15 25 4325, i W 4%
H 3l127 > 5 R AN [RIA S A2 25000 22 18] A% A DG
FURE EAE T . Bt A %) s A0 R [ B ) 28 544 1 5k 1
e . TR A R AN i s 19 38 SR PR B
ACE e kPN

Cc—1

Loss:—z<y,»log<pi>) (2)

i=0

Hefrp=[ po, -+, pe ARG 5 3=[ 0, -+,
Voo RN MBEARE T i it y, = 1, H Wy, = 0;
CHRAFIE .

F1 BUEREE BTSN RE K ResNet18 M 28 4544

Layer_name  Output size Operator
Input 257X126 X5 Input STFT spectrums X5
convl 129X63X64 Conv2d: 7X7,64,stride 2,padding 3

3X 3 max pool, stride 2
conv2_x 65> 3264 ’3x3,64}><2
13X 3,64
conv3_x 33X16x128 303,128 X 2
- 13X 3,128 ]
convd _x 17X 8X 256 BXBDO
- | 32X 3,256 |
convs_X 9X4X512 303,002 X 2
- 13X 3,512

average pool  1X1X512 AdaptiveAvgPool2d

3.3.2  FRAEZLRE s U

AR B GRS SR B B T —
A, S T AN RIS B O 4 A 4R AR RE T
L Ar = i 22 5 45 A6 A o A v 4530 38 9 A A
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[\ . Rk, AN 5] A SENet(Squeeze-and-Excitation
Networks)"™ [0 £ , 3 2 % 2] 1 2y 3% B 18 i &
BORENE IRy B SR RS AR B Bl aE bR AR T
28 1YHE ST . SENet 22 F-BtJ& Squeeze 1 Excitation,
EATRIIREa T

(D Squeeze : 42 Jay - AL R SEEE , LL2S (] 4
JE SEATRRAE R 4, X 38 18 1 AR AR $ L — AN 5
B, RAFE IZEE L Rsri .

(2)Excitation: A LIRS — 10 2 B M 4% . i
PR A )2 L 2 B A A AH DG T 22 2 B Y
A FRATE A B~ 38 18 1 52, Bl e DA i A 2]
ZHIHYRHE I

HET SENet [ 28 254 (1) JEAE X SR AR IO 155 E

[nput
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Mic-Throat
Mic—Nose

; " |
é avgpool

PPG-Hand
PPG-Head

A7 LR FUAL T, SR J5 45 20 9 38 G B A 4% Mic-
Ear. (Mic-Throat, Mic-Nose) . (PPG-Hand, PPG-
Head) = #} {5 5 # Z& 3% A SENet-+ResNet 1] 45 f4)
o BRI SR & 3 TR . b R A4
% 1% J2 (FC) 9 ResNet18 fF 2y i filt 45 fF 52 B 75 »
SRE T LA 4 B ST AT REAE 2 R, O
Squeeze 1 Excitation £ 1) [ 3j 4 B 4 3 1 1Y) 8 %2
FEBE, JFHs 27 >0 2 i) o AR B2 AR 21 5008 18 R AT
DU A R RR 8 0 AN [R] AR . SR 5 A =
A 38 T8 R AE 4 HUER ARAS I RR R % B ok L AT
BRI B — > B — B R A [ 3, IR 536 2]
FC )2, {38 SURAE I 46 53 S8 2k pRE, e &
SRR

©
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K3 IR RN & s 45 U RE SR

3.4 ETEHXNmEBFEINERIXIBFEIRN
TEURBE 27 ) Ul , SIS A 55 0/ W iz —
SR H AR RSB C N R AR R A T
FYNG . AHR, X PP R Z RO AR AL & BT i A b
A . X —BESRX TAS SO 4 A 2 RO 55
1175 Rk . PR 75 2 P A BT an SR B
JURME L . AR IHOE A5 A SR8 JC W X il B
IR B T Z IR RS S 2T 4 T AR A
(MultiSource-Dann) , R R F H A5 TP 8705 Tohs
TEEE T PR B Rl 5 5 3 (R] A% SRR, 45
FHEAITE BRI RRIRCR . 4 R Tixtg4aiR
T 25, 35200 E R IR PR ELAR VI 25 200 e A1
FHP YRR = A5y AR i AR R T .
(DFFAEFR IS Z ] T 52 U A B )
JEFHIE . FEUN 2R B, 45 U R J2 R AR [ B A

175 45 S0 4% R P S0 4 . R AT RO RHBD R L 4R L
H B 4 X0 JBE AR o DA T B T R )
RS . [ 755 15 ¥ B0 Bt b S0 P R
ARPERFAE » LR R M55 g o S HIGHE S0 R AR
oK A PR IGA 2 F AR B AR B . 4R B TR 2
R AL A2 00 &  IAF R R R 4R

)T n &% - R A BIE 55 73 2645 TR
BIEARBI G 2 . N GRad B b, IR e 2 Bl B R
SR AR U B HA 25 X 0 BE R AL

(3D I 2 0 i < P 48 501 o RAE I 2k B BeA
AT 55 RN REA A bR 4% . 5 R B TE
BRI AR . 0 fe it 2R s E S TERE . A
AR S IR B I R (4 P JE SR AE rh U] Hh B
B P TITARRALE 412 IS DU 75 8 5 T L RE S AR IR
SRR BETE I ARAE , A 2 400 45 .
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F FiL P S ) |
— [ELEYTY =
i {4 Bl 4

K4 BT ZURE TR 2 ) BT 4 RN 25K 7 B 1A

H1 TP P S50 45 45 A 4 B S O B 5%
FR o BRCTIASE TR AE R A B2 IS I - S8 51 8% Z TA) i AC
T —H B Ui )2 R, (& )(Gradient Reversal Layer
GRL) « 75 J [l 15 56 v 46 2 A 28 1 BB JEE S B TR U
23 S P B B 5 DA T S B FH P 5 1) 2% FVREAE 2 B

XA HEARSZ I = 4 B
R(x)=x (3)
dR(x) _ 4
dx
Horp I —A B4R A —A~ 0] P8 250 BUE X ]
A0, 1.

R SEBRAE Y Zad B R B A 2k 2 OB B
PG L BT 55 b WO B A B AT 2 8 A ik A7 AR
TR E A AR U 2o AR R K, HAR B A 5K
R, Hod p o M ariE R ECS Bk R B H
Ry MEE

2
1+e 7 !
B R 285 (R RERCH -
Loss=Luw— A Lu e T Li i) (6
HA L R Ly e 53900 R A BB P 3801 45 25 51
A SR P S 508 B s L e N BAR
S S RS AR

{28 SURR A Shy 1 4 46 0] 4 1) A6 % o B, il
FH 7% B RLAR 45 ¢ (Negative Log Likelihood Loss
NLLLoss)/F A JH 55 5 0945 2K pR AL .

AR /NI IE I B A 20 L) TG W B AU X BT 3
SEAE T 2 R B AT T RS 2 S AR B

A=

(5

O AR et o 2 RSO B L R T S
B A Zh R Ry 52 AR BN B2 5 AR SCRAT:
55 . BN ZRINE , 0 48 1 A A SR iy b 2 1) 1052 S8 i
R GAHARZ B H PR BCEBRE AR, DL SRS H AR
PR AR M AR A L YR ad B b IR R A AE B bR
FH P00 s 28 55080 A W B /AR 28 2 ) i A L 2%
MK A AR H AR B bR 80E A E brH - 3800
T 25 B8 WAS W 5 KA H P 2 01 25 i A8 2% o DT
1515 4 5 ) 2% 5 F P S S AE I 2 v A %
PUSL NG 45 43 25 5 P Sl 290 2k 22 1) i AH B
7 3 R O B 2 N DR B R A E s
B 28 3 R B 4 B B RRAE 22 TR ) 25 1, fiff
15 BT $ B R AE A ELAT 17 28 43 28 T LU A ] e L
A PN IS RE R 1 H Y
3.5 BEABEERARGSHIEE
TE_LIRBIRIAG SR L A SO s — 204 i i 5 |
A A BRZE ) H AR BUEEAR XSE SRR TR0
DLSEIA 26 1E 00 2R Ge A Ak ], 26 4 ik
DA TR 232, 78S 0] RIS BT P 2 20 A i) [m]
PRUEES R R B vERE . BAKINT R, 1 e e (A Rk
Bds Ko B AR ITCAR s 0 0T BEAT Z2 U8 3800t
T B TR 2= 2] AR B I 5 U T R 7, LR AT
FRIESEIER W28 S50 . s R RN NS S
BRI GS , IEURGE bR oy 2585 LIS M T AT S50 1
FH/Df B AR AR S BT o s A T RO B I 25
A EARTE Tl 5 A/ B AR AR 255 X
PR SEHA TIREE R AT AU 5 | AR AR s S
2 H b, T2 20 1) BRI n) £t 34 .
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4 REIM5iITH

4.1 EWEESREFEE

R RGRAT PG 25 FE AR AR SR F DEAP 8
P& E  FilmStim £ 2 TADS % 27 . SEED
B T L S EMDB B8 O R B 2R MR
Shy ek B DRI 55 R A T ) 553 SR OB R X 15 2 1A 75 R
B FRATT A s TR AME SRR I R b,
Z B R SCA2E F, AR S A B S E o HE P s
Ty M 2 R A B, B AR BRI 1R AR
R R B A IRATTN 3R DU E 45955 bR i T
H A3 BIBEER T 4543015 F1 50 Bk kL. [RIE . BRI
28 FIAAT B T 20 B OBHE R 1T 255 & B Ah
BRE. PR, S5 H T 1 A IR R A
B 173 B . [RlE A B iR B4 RS FRATT AR 37 Y
KNG 5 A B R AR5

ALY 520 I AR IL IR IR B (7 KNy
40 dB~55 dB)HIF i . Z il A7 30 AL AR 4310
TE17 2 30 % Z (8] . hy 1 A8 T~ 52 56 35 WL il Bk B
IF St 54 2 RS FRATTIE I e — 3 a1 5 iz
(5T Windows 2G5 14175 26 5t R F A . et
2 — HOH i A ST e iy ] 2R AR
S HUMSUE Z L8055 7 — HUE R W w9 5
BLSCWT Y 7145 25355 A 0 8 A E ) . 78 IR ik &
L BRSBTS 2 T il T
PRUE 755 B . fF— R SE g BE ML % 100 4> )
AT RE A3 T 3B AN D3 B/ N T R T —
R A WA €% 9y €S el N S ek 1
RN G 1 min (2% o ] 222000 . O IE IR Y
s () TT AP b S 4 22 N D 52 -, A T A
W e s g A s . B R 2 g Al
A H A 25 F & 1 3 (Self-AssessmentManikin ,
SAMD) Bl BE O BE L SBC R AT 1~9 4T
g3 s LA KOO AR TR B AN B R BE (1~5)4T 43 . 4,
Pl N B IE B ZOR M BRI & . th T MR 22 =
P o BIAS [R5 B0 T RIS ot Bt = 2 1 15 2
AR IR, P b e 22 A S 96 P SC B P RE AR L o
H 13 9184 AMRREA FE 4 (E R 463. 9, FEAS i 1A
2R 121.5.
4.2 EMISRR

7% BB AN [R5 45 2 0 O FEAS e AN 447 L AR SR
H 7% F ¥ (Macro-average) 75 i 11 8 7 K5 i R
(Macro-Precision) « 7 7 [1] & (Macro-Recall) . 7 F 1

Pleasure ] 50

Arcusal ] 6.0
Dominance [ ] 30
Like [ ] 34
Familiarity 31
Emation FE

Replay Next Video

Current/Tatal : 1/2

S —

K5 HT Windows 25t BY1HE 25 B0 R AL B

i (Macro-F1 Score) LA K E iy % (Accuracy) 1E 4
PN FE R .
4.3 XtbaEE
4.3.1  FETIERNRBE 7 > W R A 15 2 01

TE BB 25 R0 T SR B AR 1) A0 a2 DR
Hoh B ab 7 A3 A dE (R 5 b B Aol b S
S, B4l RestNet18 #4178 — H /7 58 X8Ik
(leave-one-user-out). Hi T it /4% H 75 52 ml IR 35 /1
FUGLE 3 A — B —AF 55 . S BGR T i J5 22 Ik 7
a2k Single-Task, F K HAE b —FpSEE T 145
4.3.2  FETXPRBUE 5522 2 i E 2R

Z Z R PUTE S T R & FEA A Bk
WIChR SRS BT AU H 24 8A bR
BRI TINX Bist 2] FER g 2%, P 2
AR R H 2N 9E B AR P S Bdis k11 2 A
M AT e A3 AR SR F RS F P AN A
AEAn] B AR A B . LR, 2% B4 46 2k pRECH

Loss=L,..— AL, ue (7

W8I 2 x>k 1 2243 B A P 8006 Fr s
AT B/ N 285 50 S 455 TN Wi KAk
LT P 0 2% B A 2% & 3 2ok ik A OBt XN 2
AR BRAE R 2 s B B HULD A AR E 2 ) A 22 0
T o AR IR 4R RS 19z AR RE D7 AR BB F2 1Y B
(). IS AP R Ry X e OB 55 2 2T R A, ff ek
Dual-Task.
4.4 ZEWAWER
4.4.1 ZRE(E TR

XRS5 R 38 S A T Bl
(& & 53 28 52 50, BV 43 0 0 P AR AN 5080 A 7 A U 1)1
Zr 5 M. FEFEAT A SR Y R v SR 0 B
FESEAT BRI 53 DA ORFE B 43 A i — 3k . 4300k
FHEHE SRl IR S Rl SR A IR 2R 001 53 28
SCIG AR T UNER 2 s i SE IR A5

PN BT BN [ - O = £ e ey
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x2 AEREREEERILER

" o S HEERA
Precision (%) 94.58 94.99
Recall (%) 94. 45 94.53
F1 score (%) 94.51 94.75
Accuracy( %)) 94. 99 95.19
YIZRIT &5 F GPU(Mb) 2685 4469
YIRS R EACFERT (5) 4.13 8.51
KR Z 405 (Mb) 11.18 33.62

PR  FROE SR 10 3 2 M re w0 T s 2l &
(IR FR 2975 0. 2%0) . e ] W, , B SR B e i
2 ) 7RSS 22 B JECJ2 (AR S RN ELAE L (R AR AR
G0 il B SR I ] X R AR Bl AR AR I T AN (]
RS 1 30 38 AN [R] A, 2 ) T AN RS R IR 2
V] 4 R DG RN AR FLAE T . 55— D T A ARSI 25 T
B B GPU NAERTE  FRE Gl & 2 B s 2 it A 1)
L 745 s BRI S0 R Rk SR 6 2 508 2 il
A 1 345 s BT R (R DR, ik S il 2 B
A 2. VA% . B, 7E 2 S MR R A 22 5 /N
DUT s 75 L8 FR G0 52 bl B 1 i 1s A7 Mk e X A% 3 o
FH PRGSO LA R P B Sl 6 S e
4.4.2 R[RIBAIPRT

ARSCIB N EE T AN [l AS R 7 5 9 37 5 T 11
iR PERE . BR T 4. 39 T IR 1Y Single-Task Fll
Dual-Task 1% Filt 3 fE A RY S5, A SCHR X EE T Al
o 801 25 ML () 35S 7 7 » 4 MCD L CLAN™
DFA" . CGDM“* LA Bz EI°. AR 3E % H S5 14 2
L FRATTSR A T 22 SCRR60-63 1rb i 4L 1 1 U
FRAD o LR AR ) 5 T 8 B A e kg AR S FH 1)
ResNet18 J{-4H 46 ehciy Ay )2, 11 %o 4% Y Ho At 2%
FIAAT Al ke 3l . it fh T B8 A SR AL IF R
AR HAERR RIS SCRUR I IZAR R I B BR 1) 4%
PR A ST S5 e B 2. T AR S B0 45 R 18] 6 1]
VL B, 76 Fr 4 B i JL AR A b, MultiSource-Dann
2P A A, HMER R A FL M 2 % 62.5% A
60. 4%, 73 il = T R L BE R CALN |1y 59. 6% Fil
57.3%. T AH % T Hk i B B Single-Task 1 Dual-
Task, 4% 3C T4 H A A R0 75 o i R T F {40 3] 2
FHT 5. 2% A3 5%, LA K5, 4% F4 %, Hig R 3%
T H %, O A EEER T/E MCD™  CLAN™Y,
DF A" HI CGDM™ ™ £ BE 11 M 2% 2% ¥4 A At Ak H Az i
S T RGBSR I E o TS SC I A A B 2 L
B I 5 GBI A e AR B 22 5 L RS

EI A T 22 08 3806 0 2 2F 09 SRR, {EL4n i
iR ARSI AT 5 2 A0 H IR KRR FZER
PRAEFEOE B2 RS 6 B S e )23 DA R A % pR B 1T
HEATET A TAT AR, ARG 4IRS 5 B
B AT AE TN BRROR 2 1) S . L S AR 5 i A
A 22 S P B ARG, RS R Sl 7 M B R v . R IR R
B : MultiSource-Dann 7 5 F 7 1 25 U1 i 248 5
iz AR R T . B TR 2RI H AR o bR 2 %5
PEE A s S — 25080 T IR IR B AR S 5O 7 RRE
23] ) 4 A 25 5 (AR SR A SRS R ) T

El

Dual-Task S—

MultiSource
Dann

CGDM g

B

DFA ko
CLAN ' Accuracy
NCD B Recal |
Bl score
Single-Task |§ Bl Frecision
10 50 60
HHR /%
K16 AR5 P s 4 o0 25 PERE
4.4.3  FRIESRIRERAY S

TE MultiSource-Dann 5 9% 2152 71 4 22 i) 5L filh
B ARSGEXS H T A A RAE S RS B PR RE . B R
B AL 5 TR RS gl i AR AR SO T B R R ALY
TR B2 P 28 ) 28 4 hy o AIE 2 B0 i A7 0k, A 5
MobileNet-V2"** | MobileNet-V3'" | ShuffleNet-
V2%, SqueezeNet " | &K 4 B 1012 P 4% LSTM™
GhostNet ™ FI % i 5% 22 M 2% ResNet18. B LSTM
R4 A\ Ay T3 T I ] 30 A o A T 245 60 B A 20 h
AR ] . BT A S 4 R AN 7 s . Rl DL BIAE
JIE X LG A 0 24 25 44 ResNet18 R B A . HAH 1
A ] A F A AAERS 2R 23 51 4 60. 626.60. 300
60. 456 #162. 5%. A FHF 7 A% LSTM., ResNet18
F A Jir PR PT B8 2 < 17 28 X8 AN [) il 1 2F FLE
SRR R AR AU I XA S AR I
SSfCRTOB S5 > - B2 b 1 R B 20 A1 7 A 5] . AN TR] 1)
1% 45 248 ) e 0 A5 5 78 B A3l i o 3 A1 82 X 1 22
5. PRI AR SCER A3k B ResNet 18 4 4y i 45 - 1) 5
BRI RAIE SRR .
4.4.4 TEAFEARYIRIBTE O

T o3BT AS [V 15 46 28 ) =[] ) TRV 1 O LA B
U b R R GE A SO B GE T T R i
Y552 Single-Task.Dual-Task & MultiSource-Dann
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[ Accuracy
[ Recal |
- F1 score

Precision

) EE OTY LY R S ) DR

ShuffleNetv?

MobileNetys

Mobi |(‘\("\'2 R O [ [T R [ (U S N S R

40 50 60 70
EE# /%

K7 SRR [ RRAE BRI I 59 43 2

D7 S 28 L 19 2 an 1] 8 Bt s B 4 U TR Ve
HilE . AT LR B, Joi 2 Bl 2 5 a1 44 1R
S A S 25 2 7 5 ST AE 45 A B VG L X AT
e HH T HP 37 1 26 1 RS i B AR B A SR
ANHH & . 1 Happy 5 Sad M8 25 55 ARG . X 7T
FE A2 AR 22 S5 R i8R 1 175 285 58 B2 52 3. Mlixed
7 26 TR 2 2 B R 1Y K PR TR O R 5 ] R
Mixed ¥ 24 19 25 b1 Me 8 B2 4 5 . oL Ah . 4 (i H
MultiSource-Dann # B i, i Mixed 281 25 1) ME
RAA T RN, AN 25 0 HERf R I8 25 5

Percentage/%
& 80.00
il 66.67
?ﬁ Neiitral 53.33
ﬁ 40.00
#  Sad 26.67
g 13.33
0
4 > 5 >
9 ' e e
3 %;\)\_& = \&%
T b7
(a) Hphid
Percentage/%
80.00
Happy RN 66.67
8 Neutral mg. 21 183 (W53
ﬁ 40.00
#  Sadp 20 113 n 10.7 [ 96 67
Mixedl 76 | 5 | 74 [N 1"
0
4 i B I
Q“&Qﬁeﬁx& & ‘!;x‘*'e
T b
(c) Dual-TaskB5#is
[ 8

) . DAL 9 BTz B 285 583k T LA Y 2238 21
A BT N PR REVE BE R 0 T ol iE . X R A

4.4.5  BAGEIE KOl TE A S

It F MultiSource-Dann #5 4 A AY , A SCX H.
— 38 AR G RS RN PERE AT TR
seag . Hop, chO 38 78 Mic-Ear i i » chl £ 78 Mic-
Throat i if , ch2 & 7~ Mic-Nose il ii , ch3 & /~
PPG-Hand i i , ch4 /R PPG-Head i i , chO1 &
A T 38 3 Y 2H G BV FH Mic-Ear 8 18 Fl
Mic-Throat 8 8 2H 5 1) P38 18 1715 25 1R 0] . A%
SR AV T FE R T . chO. chl 5 ch2 [ Fh % B o
JC > ch3 5 chd Jy [ FP A& IR TT . FRATTHE i A 4% JEk e
JCH A AT S e IR, ARG IR R T A BRI 2
SRR g I . B R g s A R R L
KR R AP AR O . W 9 s, A4S B —il iE
155 WG P UNMER R A R 28 5 . b, AT
W 3 38 R chl A1 ch2 B3R it . ch2 {55 BA i
S I B BT 26 Rk B T . B 2 o R RO s I R
£ 0] 3 CF 1A ME B 2R 70 51 Al 3k 52, 706,52, 2%
52.3% F155. 1%, 1fii ch1 PEBERE 55 T ch2. &K H
- I T 2885 PO I 4 AR TR e o B S G > P 0 Y
I8 5 J IO WA ) 38 B 25 IR 5 470 B S s PR WG TR 2%
T AH 5 O 25 40 LU AR 55— 26

Percentage/%

98.00
3 Neutral F 22.8 . 222 16.3

1

;%
=
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58.80
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0

A % 3 D
‘l\Q’QQ %z“}& ¥ \%'\o'z

TidlbReE
(b) Single-TaskFE#kit
Percentage/%

80.00
66.67
53.33
40.00
26.67
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T ERS
(d) MultiSource-Dann#&#ik
AR T B 17 2 o 2RI I LR

[Fi e A 4 R RS =2 ] ] UAR B A 78 B T4 = PR
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Wl Precision
Recal |
Fl score

5 Accuracy

55 60 65
e /%

PO BiE i AN JE T8 2H 5 S0 SR 45

T P RE I B A

T A AT [R) 38 T8 15 5 6 T IS 200 26 1Y
PR AT /R T an & 10 Fros i 25 58 . nT LA
F A AN [R] 0 30 8 {F S H B — o 11F 25 i 1) 12k
b, B 1 chO, At 38 18 {5 5 X T° Neutral 28 51 19
THU R0 R 3 AT . X2 R ehO 7E R AR (R 5 B
WRSSHBER R —A%Wmasn, B —Em
USRI B, BT chO 38 38 1Y (5 5 M 4, B B
{5 . 1 Neutral 28 51 B #5102 ~F &, B LA chO X T
Neutral ZE 51| 115 5 U ROCR 25 Lo HAth 38 18 5 4 —
BT B AE S TR A 45 Y B B R
SRR . X CRIR AN R S5 A e B
. o THEHE .
4.4.6 PR eRECT IR SE 5200

TE 4.3 /N7 Br i MultiSource-Dann £5 15 11
o, R SE AR I S AR v R T TS 45 4 2R
1255, AT IR BB BT T — RS EA N T
PEAG AL LI 25 B 2% S 806 T R G B M RE 1 52
AR SCVEE A WU 43504 0. 1.0. 3,0. 5.0. 7#10. 9,
YK S B AT Y R AN, A5 2 1 a3k 3 s i
SLERAS IR . FTLLE B BEE S A A RGO B R
SIVERE AR N 240 T . DR, Al R Sk B ) 4T

appy
Neutral

] ixed
chl ch0

il ]
10 S35 50 R 24 S S

®3 WASHANAREBETHSEMEEE (%)

ZHURE 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
0.5 76.95 63. 84 63.81 67.43
0.7 75.35 68. 46 69.21 68.15
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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
researchers in  exploring the underlying mechanisms of
psychological disorders, as well as facilitating corresponding
treatments. Although researchers have proposed various kinds of
methods for automatic emotion recognition based on different
sensing mechanisms, they exhibit deficiencies in different
aspects.  Some researchers proposed electroencephalogram
(EEG) , electromyography (EMG) , electrocardiogram (ECG) ,
and/or galvanic skin response (GSR) —based approaches to
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»
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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