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Feature extraction and classification of electroencephalogram signal based on multifractal

detrended fluctuation analysis
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Abstract: Objective To propose a electroencephalogram (EEG) signal classification method based on the combination of
feature extraction by multifractal detrended fluctuation analysis (MF-DFA) and long short-term memory network (LSTM) for
solving the problems existing in EEG signal such as high data dimensionality and difficulty in prediction. Methods The
multifractal spectrum of the EEG signal samples was firstly obtained by MF-DFA, and the functional relationship between
the generalized Hurst exponent hq and the generalized dimensionality D, was calculated. Then the multifractal spectrum was
analyzed to find the most representative coordinate value as the signal eigenvector. Finally, the obtained signal eigenvector
was used for LSTM training and classification test. The experiment was carried out on a processed epileptic EEG data set
collected by University of Bonn. Results When the training samples accounted for more than 10% of the total samples, the
test accuracy of LSTM classifiers stabilized at 98% and above; and when the proportion was more than 80%, the test
accuracy of LSTM classifier reached 100%. Even with a small number of training samples, the accuracy was higher than
95%. Conclusion The proposed algorithm has good accuracy and stability.

Keywords: electroencephalogram signal; multifractal detrended fluctuation; long short-term memory network; feature

extraction; signal classification
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Fig.1 Flowchart of classification experiment

1 MF-DFA 4 #7

ME-DFA & i1 Kantelhardt 25 32 H 49— Fh AT DX
TP e A5 205 BERRAE 0 B ik .l adix
J7 ] AR B S REA ) 2 F 33, B S Hurst

RHihq 5) LHEE D, Z M sREC R SR J5 P 3k

R AE 5 RE AR IS ] 25 S8 KW b BV SN R AE 1] 1 FH
GYRARIIEIT

T A N B ELE 5 {x,} k= 1,2, N,
MF-DFA THEALIRUNT

S5 IS IIREA {x,} AOF- 210 -

X=%ixk (1)
B MR R SRR R
(i)=Y [ - 7] (2)

Hrpi= 132:”'9No
0 K TR BRI Y ()01

N, AR For N, = int(]sv)o I N R .

Y (i )R — BB AW . O TR R A
BARFEATITANIE WSO 2%, T B0 P4 ()3 4 s -
kR AR . AR R 2N AN N X ], s
FEAS 1 BT A B0 58 0 A1 AR LR B e HERCR

SO RS D R Ay AR 1 A AN X
6] A 1Y s A s AT e/ N SR VE Y kB Z2 U5

v (i)=ai +ai*"' + - +ai+a,., (3)
Horpi=1,2,-,55k = 1,2,

WL IRy TR E., WKEN Y=
1,2, 00 2N, SEEEE T2 F (5. v):

Fz(s,v)=i2{Y[(v— l)s+i]—yv(i)}2 (4)

i=

My =N, + 1,N, + 2, 2N, IR IRE F(s,v):
F2(s,v)=i2{Y[N (-5 i) @) )

SN X R HRE R F2 (s,v) BOEAE , ] 15
| q/ﬁijllzl%ﬁ(Fq (s):

1

2N

Fi(s) - {zjv S F )

Hp, g AR AR R F W THLLF, (s) B s B3GR, DA
WHCRBIEE W F,(s) oo s"O0 WX B —A> s, AT
B —AXF R PREUAF, (s), % T In[ F,(s)]—Ins b
Bk R BB RERENN T SC Hurst 38 8 hg, AR BY
PSRBT F, s RN OC RN 2 7R . g BY)™ X
Hurst £5 % hq 5 B & ¢ B9 C R W 3 s .

=

(6)

L TR

(q)=qn(q)- 1 (7)

EVAC IR A NE ¢

D, - 7(q) (8)
q-1

i BT AR, v A TR S ek BSOS [R] 1Y
HHT A g TR SRR ZE I, nE 45K,
32.000 0

16.000 0
8.000 0

q B3 s B F, ()

16 32 64 128
FEAR R s

B2 TEMEHNEBTF,SsBHXHR
Fig.2 Relationship between F and s under different

256 512 1024

order wave functions



11 >

- 1389 -

J7 X Hurst $5%% hq

0"1‘5—4'—3—2—10 1 2 3 45

B #q

&3 I~ X Hurst}5% hq
Fig.3 Generalized Hurst exponent hq

1.0f
0.8}
_ 0.6}
Q
041
&
> 0.2f
i
0.0f
-0.2

_0. = = = = L = = o
%).2 04 06 08 1.0 12 14 16 1.8
I X Hurst 5% hq

El4 FESHANSESHE

Fig.4 Multifractal spectrum of signal samples
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Fig.6 Examples of two types of EEG signals, namely Z-type and S—type
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