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Classification method of motor imagery EEG based on improved deep
forest

LI Hong-1i'!, GUO Wei', ZHANG Rong-hua®, XIU Chun-bo', MA Xin®

(1. School of Control Science and Engineering, Tiangong University, Tianjin 300387, China; 2. School of Artificial
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University, Tianjin 300387, China)

Abstract: EEG signals based on motor imagery are electrical signals acquired from different brain regions when subjects
perform different motor imagery tasks. Influenced by the factors such as the difference of brain structures and scalp
states of different subjects, the acquired signals of different motor imagery tasks are usually confused, which will result
in the misclassifications for a large number of motor imagery signals. A classification algorithm for motor imagery
tasks based on improved deep forest is proposed. Firstly, the powerful optimization ability of the variable-length particle
swarm algorithm is adopted to search for the optimal weights for probability values of each class predicted by the random
forest and completely random forest in the deep forest. Secondly, the weights are assigned to the corresponding class
probability values, so as to realize the purpose of the result correction. Finally, the data set 2a of BCI competition IV
is adopted to evaluate the efficacy of the proposed algorithm. The results show that the proposed algorithm achieves
a higher classification accuracy for the four classes of motor imagery signals in comparison with the traditional deep
forest. The proposed algorithm can learn from the predicted results of the classifier, which is of great significance for the
improvement of the classifier performance.

Keywords: motor imagery; deep forest; variable-length particle swarm optimization; correction strategy; classification
recognition
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R1 AXFESEAMGIELERITEL (1.0 = 100 %)
o VLPSO-WDF DF winner BCIC IV
ZiH
ACC F1 K ACC F1 K ACC F1 K
1 0.88 0.88 0.84 0.85 0.85 0.80 — — 0.68
2 0.65 0.64 0.51 0.59 0.57 0.46 — - 0.42
3 0.90 0.90 0.87 0.88 0.88 0.84 — — 0.75
4 0.69 0.68 0.60 0.67 0.66 0.56 — — 0.48
5 0.71 0.71 0.63 0.66 0.64 0.55 — - 0.40
6 0.63 0.64 0.50 0.54 0.53 0.39 — — 0.27
7 0.81 0.81 0.76 0.72 0.71 0.63 — — 0.77
8 0.83 0.82 0.78 0.77 0.76 0.70 — - 0.75
9 0.83 0.83 0.78 0.80 0.80 0.74 — — 0.61
FYIAE 0.77 0.77 0.70 0.72 0.71 0.63 — — 0.57

g5 5L BCIC IV H el 245 1) 75 ¥2: 38 i Kappa £ 20k
ATV, 3R 1 AT 0L, XFF VLPSO-WDF 5032, AW 56 7
45233 ) Kappa {8 (0.76) B T BCIC IV H1 55 1 44
3K 15 % 1) Kappa {H (0.77), H 4 %2 3 # 1) Kappa {H 13
B & T BCIC TV 58 1 443845 % . VLPSO-WDF &
LR 3 1T #5) Kappa {8 (70 %) = T BCIC IV HH 55 1 4
AT N3 %, TE4r FE M RE L, Fri 5 ik L 5L it DF
PR T BRI, B SRS A T KRB e ZE A
(1771
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X3 6, VLPSO-WDF #H Lt T4 4t DF 7528 3 (1) 43 2
T T 26 % B IEHH 2, HIE2H 11 % BF& 7. Xt T
ZARE 6 I TR T 2% M2 B IEH R, X2 H
THLE R S A 0 T 2 SRS, % e S ) T e
JIH T B A B oAt 2K 2 52 B2, fh3k 2 v] WL, pr 7
AR BRI T 45 SR 25 B SR I, R B VLPSO-
WDF 1] LB i 153 25 MI-EEG 4545

R2 ZRETREINEREIEZSHNOLREE

B VLPSO-WDF DF
%1 Ey) %3 %4 %1 %2 H3 %4
1 0.99 0.86 0.72 0.94 0.96 0.84 0.67 0.94
2 0.41 0.56 0.99 0.62 0.25 0.56 0.97 0.60
3 0.84 1.00 0.90 0.88 0.84 1.00 0.79 0.88
4 0.34 0.84 0.81 0.79 0.39 0.81 0.75 0.74
5 0.87 0.92 0.47 0.61 0.90 0.88 0.36 0.51
6 0.58 0.62 0.57 0.74 0.60 0.51 0.31 0.74
7 0.58 1.00 0.72 1.00 0.54 0.93 0.44 1.00
8 0.95 0.93 0.74 0.72 0.95 0.87 0.72 0.54
9 0.71 0.82 0.83 0.98 0.71 0.75 0.75 0.98
STEE 0.70 0.84 0.75 0.81 0.68 0.79 0.64 0.77

4 4 » FKMI-EEG £45. Z A8 F AR A AE T, H T HR 45 45 28

DF & — Fi ik S0 (1) 4 i 5 ¥, 1 e A T IR B
25 W 4845 AR 5 V) 5 4 7. SR T, 1% 45 DF B84 v 2 bk
(Y AEE 15 TR £ I A 4 2 ) 38 K gl — 2D UK. R,
AL AL G IR BE R AL B2 1 T — MR 4 DF
HH AL AR PROR 5 4 BE AL AR AR 00 45 S EAT 5 2T A
4 VLPSO-WDF. % % 84 i@ i VLPSO #3258 K 1) -
ML RE 71, 4 DF B84 AN Bt ATL AR AR A 58 2= B AL AR AR
TR P SR 2R A TR, DA S B T &5 SR B IE

S 45 R W, BTt U5k L BCLSE 2R 13k i
i 13 % ¥ Kappa (8. 38 3 X6 25 4~ 52180 208 1 7
MIBE 77 % L, A EE T DF, VLPSO-WDF ] L4 5 i 3 7

e T (0 45 R AT 24 30, T g SRk R, HE i
VLPSO 532 0 S MR R UL I SR T st — 2D e 3
Hofth 7y AR L.
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