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Abstract: The limited applications of the traditional machine learning algorithms and the transfer learning algorithm are considered in
this study. The improved manifold embedded distribution alignment (MEDA) algorithm is utilized to improve the detection accuracy in
the cross-subject emotion recognition. The MEDA algorithm in the manifold space could reduce the data drift between domains by popular
feature transformation, which can adaptively and quantitatively estimate the weights of edge distribution and conditional distribution. This
article proposes an improved manifold space distribution alignment algorithm to address the problems of large feature dimension and
possible bad features. An improved minimum redundancy maximum correlation algorithm is introduced for feature selection. The
computational complexity is reduced, the associated features are selected, and the decision-level fusion on multiple groups of recognition
results in multi-source domain is performed to further improve the transfer learning effect. The analysis results of SEED data set and the
measured data set show that the distribution alignment algorithm in the manifold space is better than those of the support vector machine,
transfer component analysis and joint distribution adaptation. The overall recognition accuracy is improved by 8.97% , 4.00% , and
2.89% , respectively. The improved distribution alignment algorithm in manifold space has improved the recognition accuracy of each
subject, and the overall recognition accuracy is improved by 3. 36%. Therefore, the effectiveness of the proposed method is verified.
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Fig. 1 Flowchart of emotion recognition
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P 2 62.17 Pk 9 74.10
Bl 3 83.94 P 10 60. 46
B 4 78.85 Bk 11 82.73
Pk 5 77.17 Bk 12 44.61
bt 6 54.90 B 13 67. 47
B 7 92.99 Bk 14 83.59
FHMHE 72.43

PSRl 91. 40

SPRE Lb 37 BARPUING B
H—1k 66. 11
SVM
FRifELL 76.07
H—1k 78.55
TCA
FrifEfl 81.04
H—1k 80. 22
JDA
bRtk 82.15
H—1k 81.03
MEDA
tRifELL 85. 04

A LA, LAk 15 S0 B AR i 20 31 3 (e
RGN 72.43% , 1 20 PR e A A B &5 R
91. 40% , PR3 2% il A 15 3 Y o 1 R L Al SF 24918
18.97% , FIfIAF 4= &8 15 41 % A7 I 55, 45 2L &l 6
B

B SE%
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Fig. 6 Comparison of decision level fusion and average
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Table 3 MEDA algorithm comparison of results

before and after improvement %
Wk FS MEDA M-mRMR+MEDA {6 %42 7+

PR 1 85. 50 91.01 5.51
Bk 2 89.07 93.46 4.39
#ixk 3 76. 87 78.55 1.68
i 4 87.48 89. 04 1.56
ik 5 98.92 99. 47 0.55
ik 6 98. 46 98. 83 0.37
i 7 85.07 85.91 0. 84
i 8 64. 11 70.71 6. 60
Bk 9 82.97 85. 12 2.15
i 10 93.08 96.70 3.62
Pk 11 91.37 95.32 3.95
Bk 12 82. 59 84.24 1.65
ik 13 57.07 70. 17 13. 10
Pk 14 91. 66 96. 08 4.42
Bk 15 91.40 91.46 0. 06
S 85. 04 88. 40 3.36

var 11.46 9.32 -2.14

ZEVRIREAR 2. 14% |, ik T A SCRT 4 el ik MEDA 5611
R AE AR AR s v A R Y TR A AR e

B S A A T A AT , SIS FR A FE 4 2 8k
WUAE o 1 44 w3 0 S 06 B0 P A S H AR, H
3 A4 S 5 BOHE A Ry YRR, LA L A A B AR AT
TN 25, XA TR IEAT XS E b, 45 R 3k 4
Fis

R4 LNHREERSTER

Table 4 Analysis of measured data results %

B SVM JDA MEDA  M-mRMR-MEDA
ik 1 69.23 72.85 76.21 81.42
w2 58.75 63.20 67.58 75.63
Bt 3 63.11 68. 18 72.43 79.03
B 4 66. 38 72.17 78. 17 83. 88
F-H{H 64. 38 69.27 73. 60 79. 85

Std 3.90 3.99 4. 04 2.81

2 4 AT AR SO B Y BCE MEDA B0E A UAE 4
B B p R R L TR] e R (AU P
PRMEZERL/IN, nT LR AR SCR § A9 Bt MEDA 533
FESEINEE b AT By 1 7 2R RE

AR SZ B 345 . Intel (R) Xeon (R) CPU E5-2630
vd4 @2.20 GHz, 64 G NAE,64 i Windows R4t , B M
PSR MATLAB2019a, 8 IHE A InZ 5 R,

x5 TERERAITLL

Table 5 Comparison of calculation time cost

Bk R if i) /s HEEE/ %
MEDA 300 319 85. 04
it MEDA 60 310 88.40

H %5 AT, Bt ) MEDA B7A A0 e el b A, 76 38 5
il BE B (RIS BAARR T 31 AR P T i B A A
3.5 [EExXfLL

WA SCHE 5 ¥E 5 [ R R T SEED $idis 42 1 HoA
TSI 25 FAEXS . SCHER [ 26 ] AR HL 05 5 h B2 i
18 RN FNAE LA FL A5 5 A, T A A Bhik U5 1%
AR AH DG RFIESS 2, T S ) FEHLIA 3] 83. 33% HYiR
e, SCRR [ 27 ] i B K M N7 AR B & Y 5
( maximum independence domain adaptation, MIDA) , LA Z
SIRFE AR 72. 319 (4 JORERE . SCHk[ 28 TH55H
Xof Bsf [0 7 371 14 4 LR 988 11 335 7 A5E 78 ( convolutional deep
domain adaptation model for time series data, CoDATS) 5|
SRR IR FL 232K )R e v G RE T 1) 80. 99%
XTSRRI 6 Fi

x6 FEMRILL

Table 6 Comparison of similar studies

X b Sk KE /% TIRE
SCHR[26] 83.33 3
k[ 27] 72.31 3
SCHR[ 28] 80. 99 3
AL 88. 40 3
4 & i

ARSI — b5 T O 25 6] R A1 X S i R 5
LIRS . B SR SEED XUE 4R I
BT R 73 JERRAE , SR A 51 AR 25 18] R B4 73413 Xof
FRIEAT RN 32 DX R R R A EA R
AR A AL, 41 1 8t fie /N U AR e R G812 ] T ARRAIE
ek RT3 A0 X0 55 5800k rp 8 1 ot O
TN AR FE 50 T AT 73 26, foeJim 5 45 T
TR R BTG R G . SR AR R, WP
(8] 9 3 A5 0F SR AR T SR 1) BEBLSR 0 G A8 A
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