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Table 1  Comparison of recognition performance
(standard deviation) in terms of Arousal
and Valence on DEAP dataset %
feti  SVM LC-KSVD ASFM  MIDA RPCA MDA-DLSR
59.48 60.53 62.88 63.76  66.66 72.35
Arousal
(3.09) (3.12) (2.65) (2.29) (2.71) (2.19)
58.68 59.00 62.14 62.84 64.11 71. 10
Valence
(3.01) (3.27) (2.46) (2.33) (2.29) (2.06)
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0T o SYM = LCKSVD - ASFM
MIDA -e- RPCA - MDA-DLSR
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0 5 10 15 20 25 30
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BT 5 T7RAE 32 24K L1 Arousal U515 LK
Fig. 1 Comparison of recognition performance in
terms of Arousal on 32 individuals
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< 70+
iﬂ»
R 60
=
50 ’
--SVM = LC-KSVD -e- ASFM
MIDA -e- RPCA -=- MDA-DLSR
40 1 1 1 1 1 1
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ID

K2 AITELE 32 £ Y Valence JRUHIA HER
Fig.2 Comparison of recognition performance in

terms of Valence on 32 individuals

3.4 BHLSNW

Jirf& MDA-DLSR 75 % i 5 2 S L 2 80 F
MR Ry T2 I AER m A5 LN d. H
PRy B SE DR {1, 15, -, 3] Fas A

A% m B FUCIERE 110,20, -++,100 f, P HLJE 1>
Bod WFEIEFEE 130,40, -+, 1201 3R 2 B T2
By 78 DEAP %045 4E I /%) Arousal F1 Valence 5
3 FNE 4 535 R T 2450 m Fl d 7E DEAP %%
P 11 Arousal 1 Valence P ] 6. DS 55 25 S AJ
DI 1) ~FEEHEECy BV H 15 2 IR AE H bn
PRESC AL . PR B IR A 2 A T 0,1 ] Z 8] Y
SR,y A DN, 25 DR SR AR LSRR K AR S,y
AR /IN , A RS A A B LE st A . AR R 2 Py
2E L ST S BN v KR Y Arousal A1 Valence 17 51 %
AR IR AT Y. SE R R By =2.2) A R
A m AT BTS20 d XF MDA-DLSR J5 v (9 Pk
fE S ) g PEAE L, R TRl m R d B XS R A [R] Y
Arousal Fll Valence {2513 K 3 FIKE 4 0] LLFE H,
MDA-DLSR J5 ¥ 0] ATE m il d /Nl ] A4S 3 4
B Arousal F1 Valence, X4 m KT 50 H d KT 80
i, MDA-DLSR (PR v] Lk 2052 iR 35 & 3—4 19
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K2 FEZH y# Arousal 1 Valence i35l

Table 2 Recognition performance in terms of

Arousal and Valence with different y %

ki y=11  y=15 =20 y=2.5  y=3.0
Arousal 72.31 72.35 72.35 72.34 72.33
Valence 71.08 71.10 71.10 71.10 71.10

K3 ARIFEIZE m Fl d [#) Arousal U512

Fig. 3 Recognition performance in terms of

Arousal with different m and d
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30 10
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Fig. 4 Recognition performance in terms of

Valence with different m and d
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Abstract Electroencephalogram ( EEG) signals are easy to record and difficult to camouflage ,so EEG-based emo-
tion recognition has attracted more and more attention. However, the diversity and individual variability of human
emotion make the EEG-based emotion recognition still a difficult problem in the field of affective computing.To solve
this problem,a multi-source domain adaptive dictionary learning and sparse representation approach is proposed in
this study.To reduce the difference of data distribution between the source domain and the target domain, the data of
all domains are projected into a shared subspace,where a common dictionary is learned.The sparse representation
has the ability of class recognition according to the criteria of minimizing intra-class error and maximizing inter-class
error of sparse reconstruction.In addition, each source domain adapts its domain weight to avoid negative migration.
The model parameters are solved by parameter alternating optimization ,and all parameters can reach the optimal so-
lution simultaneously.The experimental results on DEAP dataset show that the proposed approach is the best among
all the compared methods.

Key words EEG-based emotion recognition; sparse representation; domain adaptation; subspace; dictionary
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