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A music mood representation model based on the neural signals of

electroencephalograph, electrocardiograph and electromyograph

Wu Danning
(Library, Zhejiang Conservatory of Music , Hangzhou 310024, Zhejiang China)

Abstract Current research on music mood has primarily focused on the field of emotion recognition, with relatively few
studies dedicated to the methods of mood representation and absence of localized music mood models. Accordingly, this
paper designs a music mood model based on neural signals of electroencephalogram (EEG) , electrocardiogram (ECG)
and electromyogram (EMG ), and explores the representation method of music mood. Its core methodologies are as follows :
feature values such as average energy, amplitude difference and sample entropy are extracted from the EEG, ECG and
EMG of subjects, while key features are selected via correlation analysis and random forest. Based on an applicability
evaluation of mapping modes between key features and subjective ratings, regression terms are filtered using LASSO
regression, and three formulas to predict Pleasure (P), Arousal (A) and Dominance (D) values are determined by
comprehensive comparison of feature retention and performance metrics. Finally, test results using a self-constructed
dataset of 40 testing samples indicate that the single prediction bias are mostly within 10%, for instance, the prediction
bias of 88% of P samples, 93% of A samples and 90% of D samples are less than +5%. The 3-D convex hull constructed
from 295 training samples indicate that the overall predictions of music mood model have significantly smaller fluctuation
than subjective ratings. Thus, the method of mood representation based on neural signals has higher credibility.
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Tab. 1 Statistics on research of domestic and foreign emotion models and neural signal-based affective computing
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Fig. 1 Overall construction idea of music emotion representation model
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Tab. 2 Correlation analysis of 64-dimensional sub-features and P-values

THHE LB THHIE LB THHE LIS THHIE LB
E (FP1,) 0.388 E (AF7,) -0.278 E (ECG,) 0.348 E (COR)) 0.347
E (FP1,) 0.091 E (AF7,) -0.148 E (ECG,) -0.458 E (COR,) -0.209
E (FP1,) -0.153 E (AF7,) 0.038 E (ECG,) -0.371 E (COR,) 0.318
A (FPL, ) 0.526 A (AF7,,) 0.283 A (ECG, ,) -0.311 A (COR, ,) -0.330
A (FPL, ) -0.194 A (AF7, ) -0.218 A (ECG, ,) -0.486 A (COR, ) -0.464
SPE (FP1,) 0.173 SPE (AF7)) 0.084 SPE (ECG,) -0.268 SPE (COR,) 0.035
SPE (FP1,) 0.031 SPE (AF7,) 0.170 SPE (ECG,) -0.092 SPE (COR,) 0.010
SPE (FP1;) -0.371 SPE (AF7,) -0.015 SPE (ECG,) -0.421 SPE (COR,) -0.313
E (FP2)) -0.054 E (AF8)) -0.216 E (ZYG,) -0.521 E (sCM,) 0.102
E (FP2,) 0.182 E (AF8,) -0.178 E(2YG,) -0.365 E (SCM,) 0.081
E (FP2,) -0.007 E (AF8,) 0.261 E(2YG,) 0.234 E (SCM,) -0.327
A (FP2, ) 0.127 A (AF8, ) -0.048 A (ZYG, ,) 0.019 A (SCM, ,) 0.007
A (FP2, ) -0.298 A (AFS, ) -0.087 A (Z2YG, ) 0.069 A (SCM, ,) -0.091
SPE (FP2,) -0.456 SPE (AF8,) 0.345 SPE (ZYG,) 0.657 SPE (SCM,) 0.489
SPE (FP2,) -0.102 SPE (AF8,) 0.143 SPE (ZYG,) -0.008 SPE (SCM,) -0.305
SPE (FP2,) -0.479 SPE (AF8,) 0.171 SPE (2YG,) 0.032 SPE (SCM,) -0.265
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Tab. 3 Random forest screening of main features in group P

FEHRFIE I PR A ERRHIE R FHE L
A (ECG, ) 12.2% 12.2% E (ECG,) 4.4% 58.5%

E (AF8,) 8.6% 20.8% SPE (COR,) 4.3% 62.8%
SPE (FP2,) 7.6% 28.4% A (COR, ;) 4.2% 67.0%

A (FP1, ) 7.0% 35.4% E (ZYG,) 4.2% 71.2%
A (ECG, ;) 6.9% 42.3% E (FP1,) 4.2% 75.3%
E (SCM,) 5.9% 48.3% SPE (ECG,) 4.1% 79.5%
A (COR, ,) 5.9% 54.1% E (ECG,) 4.1% 83.5%
AN 51 SRR SR T 80% Y JCHERRAE , T 1] .
F4 A FERHERBEYLARARGT 2
Tab. 4 Random forest screening of main features in group A

FEERFE U IR 2 FRRFIE iR SR A
SPE (FP1,) 8.8% 8.8% E (AF7,) 5.6% 57.7%

E (ECG,) 8.6% 17.4% SPE (AF7,) 5.6% 63.3%
SPE (FP2,) 7.9% 25.2% SPE (FP2,) 5.5% 68.7%

A (AF8, ) 7.4% 32.6% E (FP2,) 4.4% 73.2%
E (ZYG)) 7.2% 39.8% SPE (FP1,) 4.4% 77.6%
E (COR,) 6.2% 46.0% SPE (AF7,) 4.3% 81.9%
A (SCM, ,) 6.1% 52.1%
5 DY FERHE R BEYLAR ARG 2
Tab. 5 Random forest screening of main features in group D

FERHE i SRR FERFIE A SR
A (SCM, ,) 10.3% 10.3% E (SCM,) 5.3% 60.3%

E (AF7)) 9.7% 20.0% A (ECG, ) 5.2% 65.5%
SPE (FP1,) 8.4% 28.5% SPE (AF7,) 4.6% 70.1%
SPE (FP2,) 7.5% 36.0% A (FPL,,) 4.5% 74.5%
SPE (ECG,) 7.0% 42.9% A (ZYG, ,) 4.0% 78.5%

E (AF8,) 6.0% 49.0% E (ECG,) 3.7% 82.2%
SPE (FP2,) 6.0% 55.0%
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Tab. 6 Key parameters of nonlinear neural network model
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Fig. 2 Performance comparison between linear regression and nonlinear neural network model (group P)
F7  LASSO AT BB B RE L4 (P4
Tab.7  Performance comparison of models screened by LASSO regression (group P)
[ g1 35 FHRRE R? MSE
i 14~ :A(ECG, ,)?, E(ECG,)*SPE(ECG,), E(ECG,)*A(ECG, ,), E(AFS,)*, E(ECG )*A(ECG, ,),
SPE(ECG,)*E(SCM,), SPE(FP2)*E(ECG,), A(FPII'Z)*E(ECGZ), SPE(FP2,)*E(ZYG,), 12 0.6376 0.1348
A(ECG, )*E(ZYG,), SPE(COR,)*E(SCM,), E(AF8,)*E(ECG,), SPE(FP2,)?, E(ECG,)*A(COR, ,)
A 134 11 0.6288 0.2468
124 11 0.7200  0.1587
A 114 11 0.7090  0.1037
A 109> 10 0.6017 0.1836
94 9 0.7451  0.1061
T84 8 0.5705  0.1259
#8  TAEMEBEIG LS AR RE LLAL (P4
Tab. 8 Performance comparison of models screened by subset selection (group P)
[l =15 AR R’ MSE
ﬁ'lTl6/|\:A(ECG]'2), E(ECG,), A(ECG“), E(FP1)), E(SCM,), A(FPL, ), E(AF8,)*E(ECG,),
SPE(ECG,)*E(SCM,), A(ECGLZ)Z, A(ECG, ,)*A(COR, ,), A(ECG, ,)*A(COR, ,), E(ECG,)*A(ECG, ,), 13 0.3043 0.6100
E(ZYG)*A(COR, ,), E(ECGI)*A(ECGLZ), E(ZYG,)*SPE(COR,), SPE(FP2 )*A(ECG, ,)
R 154> 12 0.2958  0.6224
T 144 11 0.2866  0.6058
134 11 0.3428  0.5560
i 124> 10 0.3727  0.4562
w14 10 03675  0.4638
104> 10 0.4672 0.4342
KN 9 0.4657  0.4065
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P, =-0.3008 + 0.0404F(AF8,)" - O.O385A(ECG1‘2)2 + 0.0629A (FP1, ,)E(ECG,) +
0.0551SPE(ECG,)E(SCM,) + 0.043SPE(FP2,)E(ECG,) - 0.0392E(ECG,)SPE(ECG,) + (7)
0.028E(ECG,)A(ECG,,) + 0.0254SPE(FP2,)E(ZYG,) + 0.024E(ECG,)A(ECG, ,)

A, =-0.0451 + 0.0228SPE(FP1,)" + 0.0334SPE(FP1,)E(ZYG,) - 0.0315SPE(FP1,)SPE (FP2,) +
0.0302SPE(FP1,)A(SCM, ,) - 0.0284E (AF7,)A(AFS, ,) + 0.0253SPE(FP2,)SPE (AF7,) +
0.0212E(FP2,)E(COR,) - 0.0189SPE(AF7,)E(ECG,) ,(8)

D, = 0.7688 — 0.0477SPE(FP1,)" - O.OZSA(ECGM)Z ~ 0.0399E(ECG, )A(SCM, ,) -
0.0332SPE(FP2,)A(SCM, ,) + 0.0307SPE (FP2,)E(AF8,) — 0.0242SPE(AF7,)E(SCM,) +
0.0239SPE (ECG,)A(SCM, , ) + 0.0188E(ECG,) A(ECG, ) (9)

43 MK

40 B RFAE S A A 7R (7)-(9) , 3
B RHAIMSE, fn & 3. 4 FE S5 s . B —
T2 LA, BT A T (% 5% 22 24547 F [ -0.62, 0.90] X
) N, 8 R ([-4,4]) 89 19%. Hodh P4
90% %% 2% 7 T-[-0.56, 0.22] (X 8] #4 9.6%) .50%
7 F[-0.14, 0.04] (2.3%) , A 4 90% %% 2% i T
[ -0.40, 0.22] (7.8%) . 50% fii T [ -0.21, 0.04]
(3.1%) , D 21 90% %% 25 /51 T [ -0.41, 0.23](8.0%) .
50% i F[-0.08, 0.091(2.1%) , 15t B ] 4, 55 fit) B —
Pt 25 5 HIAE 20% LA (Z807E 10% LN GEETE 3%
AiA) N 9 R R B 295 I ZRAFAEE i A
L= 5 R, AR A 295 A4S T A7 JER 1) = 4k Ak b, $2 fth H
MV R T2 XT3 R0 I 1 SRR ) = 4, IR
Hozs [EARFR, I 6 F1% 10 Frzs . S TA] A3 AR 146
Bl B B e S5 A S, HEAE
50% LA - (R BAAS AR B i 22 £20% ) , Uk WA 11 25 5 1) 20
— {25 5 R 1 &5 AR . 59 Ah, 2800 A
AR I 2/ N T P43 (87 80% LA L), i W AH
AT B PE43, 9105 75 2 %) T 485 SR ik sl o /s i
SO R AR OB SCHk , 3T EEG (148 B b 2
26 R HAR RIS R 81.77 %~99.42 %,

5 &5iE

AR TERIEWT AR 1) SR I R R vk
e, T 20 i B B9 R L g, I AE R 335 &
EEG .ECG EMG 4l , {8 FH A% 73 B o fiff 72 225 1l
RS R 3t IR R 1], 4 IO Y g o L R (EL
2 MEARNE G 64 YEFFAEAE , A B AH SCH: 20 B R
BLAR AR BE ) 13-14 00 AR ARRAE . 285 [a] 9 455 760
P 22 X 24 (R ASEAUL 20 AT, I DT S BRI (B 55 PAD 32 00
TE 43 0] 42 M 0 e 5 O R o Hoal % . R, D

Kk 75 vs TE (P4
(R=0.7582, MSE=0.0705)

2 o %
== Fh=0 (FRAZ%)
1 °
B T AN ,____Da.h. TS el I8
I | T e i
é ° ° & N
-1
=2
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Fig. 3 Prediction performance analysis based on 40 sets of training

eigenvalues (group P)

Fk7E vs TRIIME (A4H)
(R*=0.6784, MSE=0.0482)

2 o ®x
-=Fkz=0 (ML)

-06 -04 -02 00 02 04 06 038
TE

4 ST A0 TSGR (A0 HOME RE A7 (A 41)
Fig. 4 Prediction performance analysis based on 40 sets of training
eigenvalues (group A)

LASSO [a] )5 i 1% — vk 2250200 119 A [ H I, 254
[l 55 6 SRR AF 45 B8 BB R R® MSE 25 P e d8 4T , i
HU P A (D E A = AR IR N ——8 ARG R = 4k
FORMER e K 40 BRI (A 4 A s AR
FL# B — P A D BUNAE 0 I 22 , 75 1 22 500 22 76
10% VA VTR 2578 3% Ao A7 3 3T 295 Bl 2k
TEE TR A = e A, S5 A ) 3 o
U #2675 50 ) 1300 245 TR 8% 3 T /0N 1 A
RN A5 5 4 B A1 G R ik TS T
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Tab. 9 Single deviation analysis based on 40 sets of training eigenvalues
b% 22 M fm 2% p A D
He kTR 22 X 7] [-0.62, 0.90] [-0.56, 0.51] [-0.46, 0.58]
2 20% (5% 2=0.8) (%l K Le Al 39, 98% 40, 100% 40, 100%
i 22 10% (5% 22+0.4) % K L) 35, 88% 37, 93% 36, 90%
IR 2% 5% (5% 2%+0.2) I 5 ) LE 5] 26, 65% 27, 68% 29, 73%
P22 3% (5% 2%+0.12) (R i K He il 19, 48% 16, 40% 22, 55%
2 19 (5% 2£+0.04) FECRE K Ho ] 12, 30% 8, 20% 8, 20%

BRZE vs TIIME (D4L)
(R*=0.7129, MSE=0.0474)

2 o %
--5RzE=0 (B
1
° o
o
H 0 % @ ¥ é% "ﬁTo e §° >,
ﬁ:\( * : e ° ¢ %
o
=]
3

-0.75 -0.50 -0.25 0.00 0.25 0.50 0.75
TENME

5 BT 40 ENZRRHEE A9 U0 AR 437 (D 4H)

Fig. 5 Prediction performance analysis based on 40 sets of training

1.00

eigenvalues (group D)

o LTSy
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Fig. 6 Three-dimensional convex hull of subjective scores and predicted

emotions (track 14)

AR AR 1) TN e B4 A FRAR  {E H T
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Tab. 10 Comparison of three-dimensional convex hull distribution of

each track
AL AR
) HEEHRB EE LA
TS Pl AR )
01 2.356 0.311 -86.8% 0.272 87.5%
02 5.396 0.360 -93.3% 0.228 63.3%
03 3.873 0.172 -95.6% 0.140 81.4%
04 1.542 0.213 -86.2% 0.119 55.9%
05 3.517 0.291 -91.7% 0.195 67.0%
06 2.145 0.171 -92.0% 0.066 38.6%
07 6.627 0.182 -97.3% 0.172 94.5%
08 8.836 0.816 -90.8% 0.612 75.0%
09 3.004 0.370 -87.7% 0.265 71.6%
10 0.724 0.108 -85.1% 0.052 48.1%
11 4.478 0.368 -91.8% 0.225 61.1%
12 3.194 0.367 -88.5% 0.291 79.3%
13 8.531 0.131 -98.5% 0.056 42.7%
14 1.738 0.144 -91.7% 0.099 68.8%
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