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Abstract
The feasibility of using single physiological signals with short time windows has been demonstrated
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in the field of emotion recognition, significantly advancing real-time emotion detection. However,
the applicability differences among various signal types remain unclear. Under a unified experi-
mental paradigm, this study systematically introduces galvanic skin response (GSR) signals into an
already validated short-term electrocardiogram (ECG) emotion recognition framework for a con-
trolled comparison. Five basic emotions—joy, anger, sadness, fear, and calmness—were induced in
participants through film clips, while GSR signals were synchronously collected. After denoising,
normalization, and feature extraction, a BP neural network model was constructed and compared
with the previously established ECG model. The results show that the average recognition rate of
GSR signals is 82.29%, which is lower than the 89.14% achieved by ECG signals; the two signal types
also exhibit distinct recognition rate distributions across individual emotions. Through physiolog-
ical mechanism analysis and discussion of these differences, this paper proposes the existence of
“signal-emotion” applicability differences in single-signal emotion recognition, providing empirical
evidence for signal selection in real-time emotion recognition systems. The total time required for
feature extraction and classification of both signal types is less than 0.15 seconds, demonstrating
good real-time performance.
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B NBINF ST A HAT 280, TR S HAR s BEAH BLAE R0 90 o B2
INFIRF DT ] o Picard fEH B ZHh R HER [ 15EGTE RIS, Bir2 M ENE SR BEAEAEN A
HKIFRMBEAI[ 1] TERFEAE R PR OHOR, 2 SEEEAFNE AN BRI [2]. KREUEHRE RV,
15 A B f 2 R B AN T EER (1) 2L RS 4 [3]

FRl SR AU, B 03 o] R T R AR « 1B S5 B IREEEINTAT NG 5 R IR 5,
FEEAS T RUFRCR[4] [5] 58T, HMEBAE 5 5 S AR SR I BE B 4%, A — 5 RE 3L 5L [ B N 7E 1B K [6] -
MG, R 78 W 52 H E A4 R Si(Autonomic Nervous System, ANS) YA HE S, HHEAK
e N F W E EA R 6] 5 B[ 7]. Picard 58 NJET DUFR A BRAE 5% )\ Fi i BSLEL T 81%H9°F
YJIEREA (8], Lisetti 5 Nasoz | = M5 54 TFME B0 70 28 IR R 52T 22 84.1% (9], Haag 58 AN /S
TS 50 1 2 R O A4 2 CRURD RS AT T, 3RA5 T By 96% 45 (6]

R IXE TAEBEE [ RS, HER B AR 2 2805 5 UGN 15 & 2 8 SN 748,
A LB HOE R AE IR R 3 5 o I BB TR T B I ) 73 B & 11, AR T RIS B[ 10]. J5 28
TAEZ B MR ENTT MR R, Kim 55 @i 50 # R RNE SUEst 7R K e AT 1], BT
TR XDEE A BN — P E SRR E R —E S, REMD T RESHERA[12] [13]

B DL ChatGPT AR A sl TR R KA A IV I, PR g | R AT TR N T8 e ) R %) 5 ks O ¥
[14], 1HESAIE R E R R IE AT IZ N A5 15]. ST, KEETHENE, B4
HAF SIS AR A7, T HES) I T B\ S0 5 7 1) SR B B B L S dEAEk, W
TR R T R T IR AR R R G, B WnFLYE 5% [16]2E T Hixi B (Electroencephalography, EEG){&
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B M 7T IRANE S BT R T S R ROR AR, AR R SR A T R

I RLZEL ) BB TAE EAESE, 5T BP 0 48 XTI O oL £ 2 HEAT 5 AR A 4 2400, PR 3R
i 89.14% [18]. KT, FEH— EFRAS BRE R B AR TS 50 F, R Bl 76 4 — e 5k Pt
N [F)2H200 A F 025 2 (R e B AT 0 LR (O 7T ot T 5 AR L 7 I 1 R e 2 [ TR S Bk T 5
TR R SR . BRIk, ZEARIFI SRR st 50 S AL R, RG0S R0 o — 2R 39
= [ — AU R IR B G, BT BB A R . AR TUIE AR — RS, 7E KR8]
SE ECG B BOR AIMEZL SR |, ACKRESIRE N GSR 55, HAR S04 5 4 b B AR A 1R
P30, DUSEHLG LS SR BIVERE 10 RGME AL . GSR 15515 ECG 152 K [ RIVKSE S . ALK, #
— IR T R 2 S LU SR T, RIS S P AR LU S L 7R R

2 BT GSR {5 2 RIFRTEL, 2 GSR {5 S 21U ABXF ECG 15 5 RAETE i H
FRAAT B, 2 9 S B S 75 R ) R G 1 R 5 o 38 o o L AR 15 5 72 A T 4 TR )
G, A EHR R AR AR TS 5 5 R R S 2 (3 PR 22 5, S A TR0 2R 5 1 125 S e B4Rt
SEF AR
2. (54T

NGRS AT LA RGNIES, BETSIR OBk BBk IE a5 — R AR 2 &N
Pt A TR o DI, ST I AT AR TR (S S AT LA A IR AS[19]. Lo AE B SR kS S 1
o S A BBURE ELSREARI R 2 5, R IR BT 3 P O P AL TR 5. ACO R BT GSR (575, IR
5 ECG 15 2 H 1R (9 S8 HE 42 R HEAT IR S LA

2.1. ESRESTHAE

AT GSR RS 11 ECG W 7T 18R VE T A —HEB R 7] — bk sess,  Wose st m A AE
R EINEIR, 4T A S 18],

SRS R A BOE R . R  B IRAEER O H AR R, S R AR E . 255 ATERER
PN A NBAHE R T, BHE R PG ROLE 1), RGN, FH 5 E BIOPAC AT
MP150 £ AL AP R4 GSR (55 CRAEAIR 400 Hz, 4 GSR100C BUKZBOK), RN FHHE K
TSR I S RS AN TR, L5 200 B 2% L 5007w Bd st . Hldf e R 0l B VP 5 % 5007
HAGE G, BRSSO 35 41 JdE, ABdERK 3 48,

Table 1. Gender and age distribution of college students across five groups

F 1. ANMARNKKRFE MR FR D

21531 LHHE 5 A R Rk Nl
F14 29 22 19.78 1.58
%24 28 23 20.38 1.81
34 27 24 20.49 1.75
544 28 23 20.41 1.78
FSAH 27 24 20.47 1.60

NFREUE I B, S ORER I S IS A B 2 A B TR A BT AR 15 s WA R 1, g 2H A
A5 6000 N A .
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Figure 1. Comparison of galvanic skin response signals before and after denoising for happiness

1. St R R 5 S KR AT /RIS EL

3000 6000

H—4k: KH 5 ECG #FFt 56 24 R ) Z-score VH—4L 7732181, FIH A R ()XH R E AT AR AL .
2T ERE S T B OR BE AN [F) 15 B 2 AR IR I G vk 22 5
. X, —mean(X)
= std (x)
Hr, 5 ARERE x BEAEAE o N B —EME, x, 2 X A MR (n=1,2,--,6000);
mean(X) + std (x) 5 BURTEE X ALECRIOBIER 2. 5 SAHEIIGE R, BRI ST 7 215
ab, BIRME— e 5 R .
2.2. ¥R SEE
Bk HEAS SRR AR B S IR B X B Bk B A 5 7RI Sk N AT RRAE SR . JEAS 2 T R AR AR TR
JRHE SR 26 4ERHIE WL 2. BUNRHIE4ERE D, AL RIER A, N T R0 R HRHERE R,
X 26 YERFAE A T BRI .
NG —AFIRFEZ (B A, S T3 U R e 2R A7 W N 3 — Ak

)

]’2 _ Tx _m(T) (2)
* M (T)-m(T)
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Table 2. Feature set of GSR based on neural network

2. BT HEMZRIRRERIESHHES

FHIEA R iy

mean, median, std, min, max, range, minRatio, maxRatio, Diff-mean, Diff-median,
1Diff-std, 1Diff-min, Diff-max, Diff range, Diff-minRatio, Diff-maxRatio, aDiff-mean,
2Diff-mean, 2Diff-median, 2Diff-std, 2Diff-min, 2Diff-max, 2Diff range, 2Diff-minRatio,
2Diff-maxRatio, 2aDiff-mean

26

7E: T maxRatio Al minRatio IXPEAMFFE, & A2 AT 08 s b R0 5 KA 5 R i s /M ) e K B R de /N B
R, Diff Al aDiff W43 5 RAE T R IGEE 7 10 0 2 70 (8 e FL a5 FI ) 22 2018 s 2Diff Fi1 2aDiff WAER 1 R e EdE
AV 2 B 25018 S 4B T A0 10 2 B 22018

Hep, T (T=1,2,-260)RFHERI RN T TAUGRSE T BREEE P X MHEE: m(T) M(T) %
RS T AL B R B ME AR KA T AERES T BRSO T 28 X MR (A — AL 5 FIE .

5 ECG 15 5 #2HUK 18 4ERME(EIE O R IE . & IBURIE S v & S U AE S R 1E) A F], GSR
G5 26 JERFIE A ORIE T NG B LR X — R R T RE S AR X, ECG {F
SHRAPIVEH, ATRIP B, QRS R T WAEIEASRHE: GSRE S NA W RMEIEEH, FEE
B STEAS S IR KT BRI SR

3. HERMLE 5T IARE
3.1. SrARBRBNER

ISR W 4% (BP) 2 2 LKA BN TP %, B RIFMEEL MR e iR e mtt, 7a1h
P GUR S V2 . A5 ECG WFFUREAT A% (1) 26 A 0T R, A SO K[ 18] CAGIEA 241K BP
LRI, ANAERINETT B ISR GSR 15 5 IR IE 45

GSR 1 BARAE R [ 45 M i 2 Fios . SNE T 26 AN AL XN 2 B8 26 4E GSR FHBUEHE ;
BB E1 25 AN BB S AT, IR R &L L BRI R H AR R IR A
JEERAEX T SR 1 HR 0, BabonE BRI gt 1 2800 SN E 2R 2 AL i ek 0 A X
(), BREZEEMHZENLERRECIANE), WEHEIERHE TR,

Figure 2. Topological neural network model for GSR-based emotion recognition
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Figure 3. Block diagram of the leave-one-out cross-validation algorithm

B 3. B—RXNWIEAEEIER
4. HHRES 3G SR
4.1. GSR ESHIHAER

TELAERTH], XA SRR PR GSR (5 5T LA F AR A —46, Prggs AR (L&

3)o W3 AT, FAEEERBIF LMK T 80%, BABMFRMIL. Lo aRMER 2.0 A4 —Ts
PN HAT AR, RS B L EAREE TOAE R I KR ML 4, P RIERERN
82.29%. WML, HeTHIZEMILEHSEIT GSR 15 515 BRI A 2 -

Table 3. Classification results of BP neural network on short-term GSR signals before normalization

3. 12T GSR 5 SV3—1LATH) BP #HEMLE 5 HKEER

TR S 151 323 = T

1EFZR (%) 77.14 74.29 74.29 62.86 71.43
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Table 4. Classification results of BP neural network on short-term GSR signals after normalization

% 4. FEFT GSR {55 V3—L/GHY) BP #HIZ ML 5T KLEER

T IRk & ) = =3 i

EH(%) 80.00 85.71 88.57 74.29 82.86

2

XV — LT G B EE R AT, MR ZE R S RN SR AR R B2 . IR (S 5 TR B RRE
BERENNEE, LA R T MRS R H B AR AEE, B
GSR {5 513 21 (15 A5 B RE S R HB 20 N IR IR SRR o

4.2. ECG 5 GSR iRBIZERxEE
AEFME SRR, R 5 BAX GSR B 50K RS ECG 552545 R18]1 ..

Table 5. Comparison of emotion recognition rates between ECG and GSR signals
%% 5.ECG 5 GSR 5 S & L RRIARIHRILL

(ERCEE b ! = =) S
ECG 91.43% 91.43% 88.57% 80.00% 94.29%
GSR 80.00% 85.71% 88.57% 74.29% 82.86%
ZE —-11.43% —-5.72% 0.00% -5.71% —-11.43%

VE: £ 5 ECG 155 R 5 2 E0 8 kIR T SCBR[18]

e 5 Al L, PGS RN A A B 8, B “CSPER R R FIRBIRES B G SR
R R AT o {2 GSR 5 SAE S K EIRA B G T ECG 55, Hr “&” " |k
THRN ZBE BN R, ECG % GSR &t 11.43 NE v s 1“3 FIRAZE B H R, 504 88.57%

PIFRE 5 0 VRV HE PR I LU R 7 T AR IRIER . GSR 15 5 IIRIEHEFE W& 6. XTLL ECG 1)
VRIEFERE[18]W] ., GSRABESH “&” HigiRHAN “~F&F” (5 #), 1M ECG 551 “&” FHY “R”
RIE: GSRAGSIM “FEh” A 4 GlarAN “57 o SEIRAN &7, BN

Table 6. Confusion matrix of BP network emotion classification based on GSR

F 6. ET GSR HY BP MR 1FRRSD KR A M

= tH = = T
Moy R 28 1 3 3 5
ooy R 0 30 0 0 0
WA 1 2 31 2 0
Weorh “8” 1 0 0 26 1
Wy “Fp” 5 2 1 4 29

1E 3.20 GHz CPU, 4G 1%, Windows 64 (i##{F 24 F, 1217 MATLAB R2013a i, FIFH#r4-41 tic-
toc Xf GSR 15 5 M ¥5 b L 5 1 8o 2RIz AT I [ 3R Tk 1, 15 s 4TI E) /N 0.15s, 5 ECG {5 5([18]
FIFERT B A Y, 3 EA R OF e .
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5.1. AMESRAIMEEE R EIEHE 947

AW FEAEAR R S E0YE 0 (555 s)s IH— 777 & BP & MZHELL T, AN S (5 SR,
33 GSR P 2(82.29%)E T ECG (89.14%), MZEL T AEH 4. X—ZRIRBETHRAEHES
ANTFN A 22 S B AL

ECG {55 2 B4 5 RIAS B A W E G . 2RI, W2 1P R SdE Si/E - E O HR)M
ORB T HEMRV)EFG b L R FEE WRHEE . AP0, ISR D 80 FR
18, “HMSE TN X AR FERE IR T 245 8. i, BRSSO RE FM R (LF)
FHa, 79 LF/HF EB R HF O RAR R AR E), RIUA 35 (138 A 20 A0 2%
Py T RVE S AT e I N R A B B RS, I B ) S S 22 ek B Rk A B R A
[20]. IXFPTE LF/HF WAE OFIEE SR FMAfHER, NECGEFXy “&” 5 “iH” gt 7%
AR A B B Bl 7 OR R BARFERE AR A BEE, (AR OB S AFEER, XA
AEJ2 ECG XX B FiE BN AR B = (3438 91.43%) MR 2 —. k4, M ECG Haf#2HUH) P . QRS ¥
B T WS IEASFE KA CIORIE . MG, MR T 18 4E2AHEE, 5 R4EER .

1M GSR A5 5 JU] 3 52 58 A 248 1 B — S o 158 2 M /K ST v, 3 SR 28 0% ey (IR A R 7 WA 184
B I LG T o X — AL GSR W17 44 e B FE 1R AR A0 BIURR, AEORE T X 43 EL A AR B i /K ~F- P 1 26 (A
CRTOFN AR By e R S IS L) MIME SR A L . FOA S R B RIE S R FE . GSR FE R
ML 28 1) 560 P55 (W B FE ) 1T A AN (T ) [21]0 GSR R = RIAS B 22 (K A 45 R AN 505 5., JLARME
AR T IR Givt & S RHIE,  ME AR 4 R B2 .

MERE, “=7 fEWMES EAHEMERDI(ECG N 80.00%, GSR N 74.29%), iX &K ARtk 2%
(1) H E PG S RN W AR I 26 R B S B R et [22], HL “ 573X — 15 S N A AE S s
w TR 5 CEshEN T BEAREKAEE MR, SEUFESE AR, BT
IBHMERE . R AEPRME S ERIRBI R A E(88.57%), XAt 5 “HEw” WA R NG R ——
A H AEBE RIS SR, 7 GSR _EARBUABCRMERE 5 R ISR, Wit ECG ENW gL A
Oy AR SV AR AR IR AR Ak o ER B U P i R I s 5 S ok S 200 1) 1 RS i) ) o R B DR A 11 5 B 3
TR T 15
52. “EE -1BR” EAMERREMARR

EREBAE R TAAEAFMERETS , ASFUE SIS AR S R PERE A7 AR B2 22 57 . W LUK LAt
WA SRR “ES - R EHEESR.

R —Z R SERE RO RGN TR R AR T E L ERENHTRT, R E SRR
NEPANEEX Y 17 HHABERK), GSR F58iFR2WH, HHRERGRAIEL . MBEE
. AL R EARG X 20 2 P TR CRE A A [F) D e e B R Y 7 A AR OISR, ECG 5 5 Al RESE A
Mo B TIERIFARRE AR R SRR, EHLEEH RN AR REFIERE . I m] AT 155
DY X BARS T SRS RORA 15 AR YEAE 55 75 R BEAT & MR FwE e 95 A 2 Ak
5) iR R AR S o I FH 37 55 e 8 B AL 5 foe 1 A IS

NWITER RS, AU E 6 AR RS i, RE SR — &, #Hr T ARES
FERERGRANES P IOTEREZE R . X —WF TV X ) T DMAE A A 3 3 — 15 5 07 SRR, Dy mT ERRg i sk
UEIEAE RO T 2 20
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REMIRREYE. =, EESMIITm, A T ECG 55 GSR M55, MARINB . P, IR
By WP AR AR ARG S . ARG S A EMAE RS ARSI SCRRERE S 7=
XA )75 TR A ) 124 2 4 UK PEE T BEA A SE N R IR IR o RORATE TTRT LIRS AR ST 3 S7 A i) A2 B AT 7
WARGY REELAHES, WEAER M LR REZ KRGS, RGBS B RN R
RS THRITERE, MRS EER (55 - &7 GRS, VAR RIS B RIUE 5 i 54t
S SAE A o e, ESSIPETT T, BARPIEEAE 5 IRFE RIS 70 S A /N T 0.15s, R
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SR A I 2R G B SE IR S ARG E P, AT SE IR 15 BRI SR GEK) TAREVE SR A 58 78 73 A4

6. &5ig

ASCAERT ISR ECG {5 55 UM -, RSG5 GSR {5 53T X W 7L . 1658 4 —5U
FEE ARG 7 RHELE T, GSR 15 SPGB Z R 82.29%, KT ECG 15 51 89.14%, {H _F{ESL
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Bt Wi R T — AR E S BRI R AN “E5 - BT @HMEER, RIARE S A E %
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SN, NgEE BRREERIG. WRAREMFER RGP SRE SN 55 - B @AM, maE e
TE SR B — R bR I 40
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