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Abstract

Emotion is person’s psychological reaction to external or self-stimulation with the physiological
reaction. If Human Computer Interaction (HCI) system can be used to recognize emotion, the di-
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agnosis of mental illness and psychological research will be more objective and effective. In this
paper, an emotion recognition method based on photoplethysmography (PPG) is proposed to
classify emotions. The signals measured by multi-wavelength near-infrared transmission spec-
troscopy are detected by feature points, and the signal characteristics are obtained. Different ma-
chine learning algorithms are used to verify the performance of emotion recognition by PPG sig-
nals. The results show that when PPG is used for emotion classification, the accuracy of recogni-
tion is 96.2%, and the testing time of a single sample is short. This means that fast multi-class
emotion recognition can be achieved based on PPG signals, which has potential value for
non-invasive detection, wearable devices and clinical practice.
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1. 5|8

AR AR SR O A T WO, A AT N R . IR A DA AR 1], &
IR RLIH 20%007) LE AT DA AR, T B TR @ B SRR B A2 15~29 8 ABFIIEE — Kot
DR o RSB AN (O LA B0 AN MR8 IR A I DR 22, AR SRR F8 27 ORI TS R B B2 TR 2R

SR, OIS WY DA TR K T R . DI ER O E M AMEE W ER) 2 AT
FERE HARIE 12 W7 Horh, PHQ-9/GAD-7 Ha N AR A 48 RS 7 11 AT [ 1 PEL7E 90% A _F[2]. SR,
XU R Z A VPN R, AE AR R ACAHE R T B S K. 7ERIT b, RIRNE K B N
TEAERE MRS 0 3 FIAE] 0.25 250, BT 75% MRS R B F AR AR A BULFIEYT[3]. W42 ks vk
TRIIZIRIKT, 0T 105 & AR B, $8m g i B B .

B O R 2R (R R, OB 2 F X 1 4 VR 1 O 6 E B4R A A 45 40 FOR R S5 e 15 26 U IR IR 2L
BEAN, O W s 25 th o — N B4, AP AN, H e LB R, AEMES, HETN
RFIWTIELE . R &R TR BT EZR A, 1971 45, Friesen A1 Ekman ¥ it 1 1HFHZ1E
it R G M LI SR T R MRS R IA 4] MIBE . CARMZ ARG R EUE B & —FhE B
1%[5]. Luengo KILT 6 NEEWS X 2 AN[FITE 45 1 75 & BIREAFAE, 22 A& 7S S5 5 1-FE My 2, B
RE BT BRI LA B BN A5 VG, B AT (1) P (R R 22 (6] SRTM, X SeAR A0 AT LAge AATT 0 0
BARFTEH. S4—DNLFE RN, HOR, MRS S e R AL, AR5 2HE R
SM[7]0 AL, A0SR BESE IR A B 5 1 JE 1k, B AT CAHEWT NI 26 . 5 R 2 I 2 R (8 4 1 75 R
A B 2R AR KA U (photoplethysmography, PPG)E S #ET /0 #1. PPG 15 542 I AMAIH H EM A R4
R0 RS E A [8], HAL e 7 R & BANEM A & s M S 50028 k. PPG 15
TR MG MAEDIRES, [HHE R T PE REXE RGEWF . A, PPG 55318 BA Jo G A1 R
TR LS A, KT 2 S % R N P DA B A e AR A A 4 1 A AN

HAEl, 2%E WK% BT TIRE .. N TR BB G IIRE, BERENRE T &P &R0 R R
REOE, GLHEIS 0% . LRI T Famoki. 2 RERE[0] [10] [11]. X EEFRESRIUT 2 LLE
FERRREIE IRAS AL, (AAAIERE AR, ZARE ) 250t BERIRE IR E, P2 dIras
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fERREE 2 SIHESE, fESE T AR BE 5 IS 4R S TIR R . Lee 558 /0 HI3F1ERAE S, UL PPG M
JVLHL B (electromyogram, EMG)[FEBIE NI, FIFH &R 28 S HURFAE, 7370 A S 0 Frnge i (%) DY A 5
AT 7395 B AP IEHEZRIE B T 83% [12].Hassan 2555 70 W B AR B A 4 W0 4% N FH T Bl WL 1) PPG
AT AN EBAE 5 FIR FERHMESR U, 38— AMEFERLG a2, FIX R AT 2810647 70 25 13] . Singh
SN VAP 22 I 2 N B S A R gi b, PRGBS Bl G BOIRES, JREET R H N AT PPG, Bt
THE 2 5 01 7K [14] . Kim 52t 1 — bk T 3R K I 1012 199 8% A0 5k T I B) 448 2 P40 2k o 250 11 A £t
AR PR AR —— R R AR R N4, FH T M\ PPG USRI i A5 5 4 R 5[ 15]

FEVMERIEE S, R HER RS 3] T — i, H2 R8T RENRPRBH, Bl 55T UE
THFES TEMREAE & S R AR T PAPIRES . INIX—MEH K, A8 7 REH PPG (E51ER
SN N DT VAT IS 4 RO o 38N KRR AR AT B A, RIS SHRHE, AT T A
[FIMLES 5 > EL IR RE . 25 R 7w, FATH PPG &5 SAELRIUE 1R 21K [RS8 S 50 4 Lt g )97

2. SIS TR
2.1. SCIOHUE

R K R A S BT A & B AR AR I IR A0 s (0 R, ASCAE A 7 TR 22 MIT 15 /8GR )
R [ 16]BEAT 1 IR DY 73 2 S2 50, PAIRIE SEIGJ7 SRAEAS R B8k e T AR e 1

MIT 15 R EE e A8 LA S 2 i 2, P, B, 64, BENsE. BdlREdsE 7 —4
ZANEAE 32 KRNI TR S 8dE . RO 2R 2 AR e R T b, [
PPG fRIEASAMEHL . HALP R SRR BAMEERIOTTIR, ZAF R KRB E L NEIR,
AR E P L. P, BU, BOTARAR, IURIIRREL 3~5 o bh . ERRIGREITBL K4 30
BT R TR, REESIRON 20 Hz. i THEAR RS, mZU0E 1 20 A se BERIEE 4R

2.2. FaAbIE

MEHE P SRR I S5 5 S 28l DL AP R 8 il A B A

B, FIBBINEOHE AT 180 bpm, PPG {55 SIS 5 NAE 3 Hz LAWY, M5 5 s 4iing:
PR 50 Hz 2 VAL, BRI, 3 FHELESIER Ty 20 Hz 1 ERRR T IRIE DR s 0] IR 5 5 BEAT IR

Rk, ATHEBESRENEGEZSR, BR80T, K5 5T min-max FrAEAL I, K
P IH B[O, 1]7EFE A ;

xnurm = (x_xmin )/('xmax _xmin) (1)
G5 B W 1 Fiw
» 1.209 4 —— orignal_data
E | "‘VW
£ 1.208
E
< 1.207 1
0 1 2 3 4 5
o 0:00057 data without noise
s
= 0.0000 A
a
s
< —~0.0005 -
0 1 2 3 4 5
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Figure 1. Signal processing—filtering and normalization
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Figure 2. The process of finding the peaks and troughs
B 2. RIEKEARIRAIEIE

AR BB R AR 3 8 1R 1 7T 3R B IE 4 « PPG 15 5 HSREESR A fo, — MK K 40 0
0.75 s B2, WE T —MLE T L=075%f NRUNE L, RIS T LA ST S, S=[S,.S,, .S, ]
SRIG, M =ik, WEZTFIIFR IR KM A BLS,,, NSRRI RA% s LU 4, B
NS AN

2

SL/2>|:SI’SZ7“"SL ]:| (2)

4
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SL,2<{SLH,SL+2,...,SL} 3)
2 2
abs(SL—HJ<AH 4)
2

Her, HRYHEN 0.9 MBME, AH (0.1-0.2) .
PA— ANk A o0 TR RG A 20 DB S T a2 sh 2R R, IFERA & N R s e did Hid
JS2 TSR H:
H =(H+AMP)/2 (5)

oo, AMP R E 0B SR, 1=[2,3, N/ f5-1].

FEARWER 2~4, ML LA SO9IRE, 459 DAL R ETE RIS =[S,.8, .8, ]» WL S,00 N
PRI, T LRSI, R PPG 15 B IFT .

HRAE PPG Uk 1 8 e, WAL A2 55— Ak /ML L 75 14 285 0 2 18D e 2 2409 JEL A 1/10.
IR 77, T U M8 L= T*0.1% /A S EOHT & DRSO3 . WK T
TS 3o AT U TR A o VRIS A TR T 8 S ) 3 s o IO PR B W 23 T LA
MOAREL K, B H AR AR 5 (1AL [ BT 4 R 002, DA S50

PPG Signal Peak Detection
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Figure 3. Detection result of peaks and troughs

3. RIERE SN RE

PAER— R A N EEME, ARSCAE MIT B b 2y 81 17 20 DR A ARG IG5 7 B4 Fifs s,
B—MIEEA 5 DT, IR HTRAE R — AR BT EE. il 4 FoR. R 4, ARFRATN
A 5 AP P AICE R )M 5 DB TR A KRR K 4 Do TR/ RS E S 1R EE
Ho MEELE R Z AP TALECRE, ARG T, @il 5s JFRFPIA B AR BRIE B
HMZEF

Ik, ASCIEFVIEIE 5 BORBIE A RN LU — MRS mONRIG R W 7 s 10155 BUE vt
N
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Figure 4. Comparison of PPG sequences in different emotions

E 4. FEI1HEZET, PPG FHIXEE

3. TWAHER

N TR R, ASCRE T MIT U i 4 2 780 MRS FHIA 140
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Figure 5. The whole classification scheme process
B 5. BERAG RREE
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BALITT R NSy, B 5 Pis. S8R 2l AL SNl a8 57 >3 77 160 T ) SR AR R AE 12
174738, B8 305 e N — 4G P 4 M 4% (One Dimensional Convolutional Neural Network, 1D-CNN)
Yoy 2Rds, 1938 —KpRER: RIGMEHTEERRE, EAPLES 0 REmAN, HiETs3%,
BR G —RKpRE R, TENETHZELE Core 15, 3.2 GHz WiFHEIFEE T, M python 3.6 Jf#&#k
scikit-learn0.24.0. TensorFlow2.1.0 1 Keras2.3.0 52,

3.1. HLERF 43K

ik AEA5 5 2= DRI G R AS 1 5 v R A — e FR P Ak, T8I v Bt kA5 S e R S R TR AR AL,
WM. AR MRS, (I NLES S ) 0 8RR S XA AR . BT O I A R AR A,
ERAEEIRE T, THEGRSE, TR H

IR B A = ANy —— k. AR AR 2t . SRR LSS S A 5 . B/ ME S R
TR AL B S R I 1) 0 R A8 7V 3 M (Heart Rate Variability, HRV)Z:, “EAI1REH B A ILZAS 511
IR o, AR AR R 2 W AR 38 3 S ARSI 32 Bl it PR Ay B AR 3 RS 3 BT 11 T VSR AR5 5 1
MRS . Thaeil, MRIR4EG - o BN BBk % T . AR 8N J) 5 o Wt — e KA R I 2 = 15 31
(RIS 1) 2 B A 280 A T R B 18 305 B . ARAEAE S M E AR, R S B S — AR
mdE ], PR ST ARIE S RR4ES. B K Lyapunov FEEUFIRE A AE[18] AT FI HRH-EUH
OR . PHUERE A DR MU AR 8] RO &7 7K B 18] 25 24 ANMRRAE, ) IX S5 A0F R4 CRFAE )
He & 1P T TR 24 FURFIESEA R

Table 1. 24 features manually extracted from the PPG sequences
% 1. B PPG FHIF RIS RN 24 MFESH

wme FHER TR
1 ez
2 RR 8] {1/ F5#E % (Standard deviation of normal-to-normal heart intervals, SDNN)
3 AHAR RR [A] 2 7 ()35 77 4R {8 (The root means square successive difference in heart period, RMSSD)
4 L AR L B 1 3 1) % (High frequency, HF)

5 D FRAR ST IAEH T 2 (Low frequency, LF)
6 HF/LF

7 I 3% 2% (Breathing rate)

8 25— 1% (The first trough)

9 2B 4% (The first peak)

10 2 1% (The second trough)

11 25 4% (The second peak)

12 1 F5£ 45118 (Average value of amplitude)
13 S IS 7] (Time of Vasoconstriction)
14 &F 5K 18] (Time of Vasodilation)

15 J& #(Period)

16 T+ 32 TH# (Area of vasoconstriction)
17 N %32 THI AR (Area of vasodilation)
18 5 #(Second derivative)

19 A (Frequency spectrum)
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20 I & 3% (Amplitude spectrum)
21 ) Z i % 5 (Power spectral density)
22 KA i S F £ (Lyapunov index)
23 KIS (Correlation dimension)
24 W IEAFHE SR K {E (Pulse contour characteristic value K)

Bl & X IS BT FCI RN, HORERZ iz e . AR@ MR I AR B . AR T ok A
SANTTIRRINLES 2] 2y, e A RN K IE48H L (K -Nearest Neighbor, KNN), — & HAf &
K3 PR R S AR S [A] B HL(Support Vector Machines, SVM), =& B A4 i2E > BT 70 2588, HAP R
PR EMAERNARE, EE T YA (Random Forest, RF), AdaBoost (ADA)LL K A6 B T e S
(Gradient Boosting Decision Tree, GBDT)iEAT 4T bk . Frfi SIALBENSEIE Ri%L, A R — e EH]
WIS HCE AT S HOO BN S, LS EOR R IR A R i i A . 6 2 R 1 & 2R 50%
A
Table 2. Parameters of machine learning methods
F2. RFIFENSH

ik 2%

KA{H: KAEIEMARE(“n neighbour”: 23)
AU AHE AR R AR L (“weight”: distance)
BEBREE T AT KL B 25 (“matric”: minkowski)
M5 2 12 (“leaf size™: 12)

HREL: 15 R BA% R 2 (“Kernel”: rbf)
SVM MEHEZH: 1 (“Gamma™: 1)
TETIAF: 13 (“C™:13)

G TR EE: 47 (“n_estimators”: 47)
1 SRS 3 (“min_samples leaf”: 3)

RE K3 i 25 FE A KA AE S i 3 (“max_features™: 3)
PR I R : 11 (“max_depth™: 11)
ADA 5525 ) 2R I BRI EL: 17 (“n_estimators™: 17)
TRIT9% S B 4L: 86 (“n_estimators™: 86)
GBDT 75 D BEAS: 21 (“min_samples_leaf”: 21)

XI5y BB BRI R RFHER R : 2 (“max_features™: 2)
WS IR KIRE : 7 (“max_depth”: 7)

3.2. 1ID-CNN

%A E SR ID-CNN TN BEAN 7 KA B — P REE R, SR 5 H 1% 2% v (] J2 1R 45 SRA R REAIE
I 3.1 1T B BT I =N R AT 7 AR B 7 — Fh o R R

Kl 6 /R T 1D-CNN [f) BARSE#) . BN CNN 2 —ANE U EE 1 PPG (55 F B A4S EFEH
ST B BOERERI AR E AR C1. C2. S1 A1 S2. CLEE 16 MEK N1, KNN3 x 1 BRI
%, Dk C1 Z2H5H 16 MFEE . Cl B AEMBLE ST AT FERFE,  DUBRRIESRA> B R A5 1 2 3L
FHIE. foRitAk)= ST TR 10 x 1SS AR RE . C2 7 64 MR/ 5 < 1 BRRNER A, &K
WAL JZE S2 I R/NA 5 x 1o N TGS, £ CLRESIN—MEEIR—LZ, Brh g ToH A 15 A BAe
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Figure 6. 1D-CNN architecture
& 6. ID-CNN Z5#4[E]

N T IAIE 1D-CNN S 75 B RIFRRHESZ IR, KA t 70 A BB 2E 4Rk A\ (t-Distributed  Stochastic
Neighbour Embedding, t-SNE) A AT FEAEAL T, HX 22 FERE A SR U RFAE ) S A7 nTRRAL o Bl HLAT 38k
A(Stochastic Neighbour Embedding, SNE) [ 1911 AR A, A 78 5 4 25 (A0 AL, Wi 20 4 2 (1)
(R B R ALK o e AN [F) R B4R 2 8] ) R B A0 A 2% A R 2 TE 25 20 A1 (R 4E AR AT AR 70 A B9 R IEAS
53 4). FIH Kullback-Leibler /& #iHE B K ORUEBR S 5 (¥ 341 L AT GeAH [F] . -SNE [20]146 7 SNE HIBAEE 2
X, ERgEE A ¢ AR RS, ¥R TR BRI I EE S, MRk 1R = 1a] () B 0 4
ZEWN . &7 R TN MIT s e b =R RS 5 BN, $REUK 32 4ERrfE [ 40 -SNE 5Lk [
23 gEER AT R, o, AR E AR, BB R, BRI ARG BIREE, A
RIS 1) B AR E T S B AE . Ui W] 1D-CNN BAT R 47 HOARFE SR USUR
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Component3

Figure 7. Visualization of multiple feature vectors after dimensionality reduction

7. BUYEFHEEEMREYERIATLKL

4. BRESH

ARSCHE I 7:3 FI LB MIT f5 BR 55 Kot e v DU S 280068 82 (1 PPG A5 5 54T 1 U ZREE AN X 4R fr) &)
r(IZREE 546 20, MRAE 234 ), /A7 7 IZREERY, THEH T DU SR AR A YR FE IR 18], 6 A AR
BT B gl Rtk AT 7R, Wk 3 s

Table 3. Comparison of different classifiers

= 3. PR EFELLR

45%
A
R BEANREAS YR B TR ()

KNN 34.9% 0.0937
SVM 37.6% 0.0781
ADA 43.0% 0.156
RF 48.3% 0.154
GBDT 49.7% 0.147
CNN 51.3% 0.517
ID-CNN + RF 82.1% 0422
1D-CNN + ADA 69.9% 0453
1D-CNN + GBDT 96.2% 0.420

FARTSAT N 3 WG R, WWARIT5H, GBDT MM R, BT 49.7%: BT/ R
B, RANFEAHAIRINEL, SR AR 02 s. HASA LE, FRNRIURHE 4 &% SN E %
A0, w7 RVEREIE A, 2 RIOHER R M%7 R RIFRISEAYE . BT Pl BURHE A 2
JUN R, —RARERR(E TGN, (ERIBURR IR A T Gt 2 UG B 2% R MHgRR EAN
SR AL AE JELI 18] AV T (e R A AR SR S, AR R Rh 2 BEOuiERS) . BRI, A&
& T RARIE R T 2R AT R S5 5 RO 45 U
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Tk, EH IR TIREE NPT, 5T TIRBUSIEARE, RS> A LA 3 H A b
HURFE, 3.2 T AITH A5 AR T 3. 1. 45 R UK, 1D-CNN BT RFAE SR UM 2 K HER F 08 3 T 51.3%,
SHT— 8o it A RMEAK, T H RN R . EIREH 1D-CNN B A ] R
VBN RSN G, 7 FMER R AT LLE ] 96.2%, T Al S A AR 7Y S~ 85 7 SR v A A<t W]
LAIEE] 76% » F HIHFE RN A AT A P R 45k U0 F B 1 — 28, X R W PPG {551 1D-CNN
it KA BARREAT A IR0, W DMECRIEIE R R U ATIE T, sk Is SEmb(a), RSk bric i AR
LIRTRaf e

5. REERE

ASCHEH T —Fp A AR KA S A B N AT I BRI T % . B, UG St
17 TARIE B A —1h o ok, A BUEVEFIE sh & THEMSE S T B, XF PPG {55 IV I 45 s S
. SRS, WES e TAFE, A T ARSI ESR . 85, ST A% GBDT 7EA
A TLRIHL AR ) 432588, LA 1D-CNN FILL 1D-CNN i) 24 H o 0 K285 N 9 Aoy 8 F B, 176k
TNZREERL, W T IX 9 PRSI AYAE S o 2 o i 1 R

AN MIT IR AT AL ], 133 4 RIGREAR, JRH By ST 7k, =R fom
EH T 96.2%, I HAEMAEHL T A FEA LI (5  0.42 s, HE T PPG 5 5 7E1E 4640 2507 T 1) R 4
PERE, DLRAERBIRI A e AT P o AT S0 485 I A R] 2 i & A ARV AR (B . ARSR I
TAEKE PR B A0 AR S R T NI BURRAS o SRRSO AR ek, W] AT 3 A8 B & R R A
IR 5K ) RFCPADIRES, B A R0 M KRG M IIRRIRE, I T IEMHTEFERE . IR R 32
W R AR AR DRI BE AL IS5 R, R e A 2% 2] SR SR A PO AT 2R A PEA AT I, 1548 I 25
IF ]

SE
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