
Scientific	Journal	of	Technology																																																																																																																									Volume	4	Issue	6,	2022	

ISSN:	2688‐8645																								

67	

Feature	Extraction	Method	of	Epileptic	EEG	Signal	based	on	
Wavelet	Packet	and	Improved	Fuzzy	Entropy	

Dehua	Zhang1,	Tong	Wang2	
1School	of	Information	Science	and	Engineering,	Shenyang	University	of	Technology,	

Shenyang,	China	
2Department	of	Electrical	and	Information	Engineering,	Dalian	Jiaotong	University,	Dalian,	

China	

Abstract	

Epileptic	 eeg	 signal	has	obvious	 characteristic	 information,	which	 can	be	used	 as	 an	
important	 basis	 to	 judge	 whether	 epileptic	 seizure	 occurs.	 Because	 of	 the	 low	
recognition	rate	of	single	feature	extraction	method,	a	method	of	eeg	feature	extraction	
based	on	wavelet	packet	transform	and	improved	fuzzy	entropy	was	proposed.	In	view	
of	the	characteristics	of	eeg	signal	with	large	noise	and	weak	signal,	the	Wavelet	packet	
Transform	(WPT)	is	used	to	decompose	the	EEG	signal	with	multi‐resolution	and	make	
it	 into	the	signal	with	different	characteristics.	The	original	Fuzzy	entropy	(Fuzzy	EN)	
algorithm	was	improved	to	improve	its	ability	of	reflecting	the	degree	of	irregularity	and	
complexity	 of	 time	 series.	 Finally,	 the	 feature	 extraction	 of	 epileptic	 EEG	 signal	was	
completed	by	combining	the	wavelet	packet	transform	method.	
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1. Introduction	

Epilepsy	is	a	disease	caused	by	the	sudden	discharge	of	neurons	in	the	cerebral	aneurysm.	The	
usual	 clinical	manifestations	are	sudden	convulsions,	 the	 seizure	duration	 is	 short,	 and	 it	 is	
accompanied	 by	 abnormal	 phenomena	 such	 as	 consciousness,	 sensation,	 and	 spirit.	 Severe	
cases	can	be	life‐threatening	[1‐3].	Since	epilepsy	is	more	common	in	daily	life,	and	the	number	
of	patients	is	increasing	year	by	year,	the	treatment	of	epilepsy	also	has	great	significance.	
EEG	 activity	 is	 generated	 by	 neurons	 in	 the	 cerebral	 cortex	 and	 has	 the	 characteristics	 of	
spontaneous	and	rhythmic	point	changes.	The	sum	of	the	electrical	activity	of	the	local	neurons	
recorded	from	the	intracranial	or	extracranial	scalp	is	called	electroencephalogram	(EEG).	The	
analysis	and	discrimination	of	the	EEG	can	identify	and	classify	the	pre,	middle	and	late	stages	
of	epilepsy.	,	is	of	great	significance	to	the	treatment	of	diseases.	The	amount	of	raw	EEG	signal	
data	is	huge,	and	manual	identification	has	high	requirements	for	doctors.	It	requires	doctors	
to	 have	 rich	 clinical	 experience	 and	 consumes	 a	 lot	 of	 time	 and	 energy.	 Therefore,	 using	
machine	learning	methods	to	identify	and	classify	EEG	signals	can	not	only	liberate	manpower,	
improve	 Efficiency,	 and	 can	 well	 avoid	 manual	 misjudgments	 and	 missed	 judgments.	 To	
improve	the	recognition	accuracy	and	efficiency	of	machine	learning,	feature	extraction	of	the	
original	 EEG	 signal	 becomes	 a	 necessary	 process,	 and	 the	 quality	 of	 feature	 extraction	will	
directly	affect	the	accuracy	and	efficiency	of	subsequent	machine	learning	recognition.	
Scholars	 at	 home	 and	 abroad	have	 also	 conducted	 a	 lot	 of	 research	 on	 such	problems,	 and	
proposed	automatic	classification	and	analysis	models	of	various	types	of	epilepsy	EEG	signals.	
The	main	method	is	to	extract	features	by	traditional	signal	processing	methods,	such	as	time‐
frequency	analysis.	method,	time	domain	analysis	method,	frequency	domain	analysis	method,	
nonlinear	analysis	method,	etc.,	each	type	of	analysis	method	includes	a	variety	of	methods.	
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Among	 them,	 the	 time	 domain	 analysis	 method:	 for	 the	 continuous	 EEG	 signal,	 the	
characteristics	of	the	EEG	signal	are	directly	extracted	from	the	time	domain	for	analysis,	which	
can	effectively	extract	the	sharp	waves	and	spike	waves	in	the	epilepsy	signal,	and	conduct	a	
preliminary	 diagnosis	 of	 the	 EEG	 signal.	 Because	 EEG	 signals	 have	 obvious	 rhythm	
characteristics	and	waveform	characteristics,	they	can	be	used	for	feature	analysis,	and	they	
are	still	widely	used	today.	The	current	popular	time	domain	analysis	method	is	based	on	the	
autoregressive	model	(AR)	method,	which	uses	the	AR	model	for	secondary	feature	extraction,	
and	 uses	 random	 forest	 for	 classification,	 reaching	 a	 classification	 accuracy	 of	 97.352%.	
However,	 since	 the	 epilepsy	 EEG	 signals	 are	 dominated	 by	 slow	 waves,	 the	 time	 domain	
analysis	method	cannot	be	used	for	classification	work,	and	the	lack	of	signal	characteristics	in	
the	frequency	domain	will	lead	to	the	inability	to	intuitively	reflect	the	brain	situation,	resulting	
in	the	limitation	of	time	domain	analysis.	
Frequency	domain	analysis	method:	It	 is	based	on	the	assumption	that	the	EEG	signal	has	a	
stationary	assumption,	and	the	various	frequency	components	contained	in	the	EEG	signal	are	
transformed	from	the	time	domain	to	the	frequency	domain,	and	the	frequency	information	is	
analyzed	and	feature	extraction.	Compared	with	the	epilepsy	EEG	signal	in	the	interictal	period,	
there	will	 be	 obvious	 spike	waves,	 sharp	waves	 and	 other	 characteristic	waves	 during	 the	
seizure	 period,	 and	 the	 signal	 frequency	 will	 change	 significantly.	 The	 commonly	 used	
frequency	 domain	 analysis	 method	 is	 mainly	 power	 spectrum	 analysis,	 but	 due	 to	 the	
randomness	 and	 non‐stationarity	 of	 EEG	 signals,	 it	 is	 greatly	 limited	 in	 frequency	 domain	
analysis	in	China.	
Time‐frequency	 analysis	method:	 In	 view	of	 the	 fact	 that	 neither	 time‐domain	 analysis	 nor	
frequency‐domain	 analysis	 can	 fully	 reflect	 the	 characteristic	 information,	 the	 method	 of	
combining	time‐frequency	analysis	has	become	an	inevitable	development.	It	has	a	very	good	
effect	 in	 processing	 non‐stationary	 time‐varying	 signals,	 and	 is	 now	 the	 main	 EEG	 signal	
analysis	method.	Foreign	scholars	have	used	discrete	wavelet	transform	to	extract	features	of	
each	frequency	sub‐band,	and	used	SVM	classifier	to	identify	brain	diseases,	which	proves	that	
this	method	 has	 higher	 specificity	 and	 sensitivity.	 Ahmadi	 et	 al.	 proposed	 an	 epileptic	 EEG	
classification	model	based	on	wavelet	packet	transform	and	SVM.	
Nonlinear	analysis	method	and	other	methods:	In	view	of	the	nonlinear	characteristics	of	EEG	
signals,	nonlinear	dynamics	are	widely	used	in	the	field	of	EEG	signal	processing.	Common	ones	
include:	correlation	dimension,	Lyapunov	exponent,	approximate	entropy,	sample	entropy	and	
other	nonlinearities	Kinetic	indicators.	Zhang	Jianli	et	al.	used	wavelet	packet	decomposition	
combined	with	sample	entropy	for	feature	extraction,	and	used	Real	AdaBoost	algorithm	and	
error	correction	coding	for	classification,	so	that	the	average	recognition	rate	reached	96.78%.	
In	addition,	other	types	of	classification	methods	are	also	used	in	EEG	signal	extraction.	Good	
results	have	been	achieved.	
In	this	paper,	the	wavelet	packet	transform	method	in	the	time‐frequency	analysis	method	is	
used.	First,	the	EEG	signal	is	decomposed	in	multiple	layers	to	obtain	several	groups	of	different	
frequency	signals	with	 features.	 to	 improve	 the	classification	accuracy.	The	 fuzzy	entropy	 is	
similar	to	the	sample	entropy	and	the	approximate	entropy.	It	is	relatively	smooth	when	the	
entropy	value	transitions	and	changes,	and	the	selection	range	of	its	parameters	is	also	large,	
and	 it	 has	 better	 robustness	 to	 noise.	 We	 use	 the	 wavelet	 packet	 transform	 to	 obtain	 the	
characteristic	waveform	in	the	sub‐band,	obtain	the	entropy	value	by	the	method	of	improving	
the	fuzzy	entropy,	and	use	the	size	of	the	entropy	value	to	reflect	the	feature	extraction	result	
of	the	signal.	
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2. Epilepsy	EEG	

The	 EEG	 signal	 contains	 a	 lot	 of	 information,	 including	 the	 pathological	 and	 physiological	
aspects	of	the	human	body,	and	its	three	elements	are	phase,	amplitude,	and	frequency.	The	
horizontal	 axis	 of	 the	 signal	 represents	 time,	 and	 the	 vertical	 axis	 represents	 the	 change	 in	
potential.	EEG	has	an	irreplaceable	position	in	the	field	of	brain	research	and	is	one	of	the	main	
methods	for	doctors	to	treat	epilepsy.	However,	the	original	EEG	signal	is	very	weak,	and	the	
noise	interference	is	large,	accompanied	by	strong	randomness,	and	has	the	characteristics	of	
nonlinear	and	non‐stationary.	The	EEG	signal	waveform	has	obvious	characteristics	during	the	
onset	of	epilepsy,	which	can	be	divided	into	sharp	waves,	spike	waves,	sharp‐slow	complexes,	
and	spike‐slow	complexes.	
The	data	recorded	by	24	leads	are	used	in	this	paper,	including	the	whole	process	data	from	the	
normal	state	to	the	end	of	the	seizure.	After	extraction,	it	can	be	divided	into	five	categories,	
namely	the	wakeful	signal	and	sleep	signal	in	the	normal	state,	the	interictal	signal,	the	seizure	
signal	The	mid‐	and	seizure‐end	signals	are	shown	in	Fig.	1(a)(b)(c)(d)(e).	
	

	
(a)normally	awake																		(b)normal	sleep	

	
(c)Interictal	period																						(d)Attack	period	

	
(e)episode	ends	

Fig	1.	Five	types	of	clinical	process	signal	waveforms	

When	 the	 functional	 organization	 of	 the	 human	 brain	 is	 damaged,	 the	 EEG	 will	 change	
significantly.	Compared	with	the	normal	state	of	EEG	signals,	there	will	be	certain	changes	in	
the	interictal	and	epileptic	periods.	

3. Wavelet	Packet	Transform	and	Improved	Fuzzy	Entropy	

3.1. Principle	of	Wavelet	Packet	Transform	
Wavelet	packet	decomposition	is	a	generalization	of	wavelet	decomposition.	It	has	the	ability	
to	 characterize	 local	 characteristics	 of	 signals	 in	 both	 time	 and	 scale	 domains,	 and	 can	 be	
applied	to	transient	and	time‐frequency	characteristics	of	non‐stationary	EEG	signals.	 In	the	
process	of	wavelet	decomposition,	the	original	signal	is	decomposed	into	a	detail	part	and	an	
approximation	part,	and	the	approximation	part	is	decomposed	into	the	next	layer	of	detail	part	
and	 approximation	part	 again,	 and	 this	 operation	 is	 repeated	until	 the	 set	 layer	 is	 reached.	
Compared	with	the	wavelet	transform,	the	wavelet	packet	method	is	more	refined,	and	can	take	
into	account	the	decomposition	of	low‐frequency	and	high‐frequency	parts	at	the	same	time,	
and	 can	adapt	 to	 the	 signal	 characteristics	when	 selecting	 the	 frequency	band.	The	wavelet	
packet	 method	 can	 retain	 effective	 time‐frequency	 information	 when	 reconstructing	 and	
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filtering	the	EEG	signal.	In	this	paper,	the	wavelet	packet	method	is	used	to	decompose	the	EEG	
signal.	In	order	to	improve	the	resolution,	it	will	be	decomposed	in	a	binary	manner,	and	its	
spatial	structure	is	shown	in	Figure	2	[8~10].	
	

	
Fig	2.	WPT	spatial	structure	

in	 the	 text, U୪
த Expressed	 as l layer z wavelet	 packet	 subspace,	 in 12,3,2,1  lz ,the	

orthonormal	basis	corresponding	to	the	space	is:	
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in	the	formula k is	expressed	as	a	translation	factor	and	satisfies	the	equation:	
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Use	this	method	to  x t break	down,	the	original	signal	can	be	divided	into	different	wavelet	
packet	subspaces	according	to	different	frequency	bands,	Each	frequency	band	corresponds	to	
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in	 the	 formula sf represents	 the	 sample	 rate	 of	 the	 signal,	 the	 first k point	 wavelet	 packet	
coefficients	and 1l  The	reconstruction	formula	of	the	layer	is:	
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In	 order	 to	 obtain	 the	 signal	 of	 a	 specific	 frequency	 band,	 it	 is	 necessary	 to	 select	 the	
corresponding	 wavelet	 decomposition	 coefficient	 according	 to	 the	 frequency	 domain	
characteristics	of	the	extracted	signal,	and	then	use	the	formula	(6)	to	reconstruct.	The	above	
operations	enable	 the	EEG	signal	 to	be	 further	decomposed	 in	both	high	and	 low	frequency	
parts,	and	after	the	transformation,	the	amount	of	information	is	relatively	intact	and	the	loss	
is	small.	

3.2. Improved	Fuzzy	Entropy	Principle	
Fuzzy	entropy	is	a	nonlinear	time	series	analysis	method,	which	is	a	method	of	optimizing	and	
improving	approximate	entropy.	The	vector	similarity	is	measured	under	the	premise	of	fuzzy	
membership	function,	and	the	exponential	function	is	used	to	ensure	the	validity	and	continuity	
of	fuzzy	entropy	[11].	Its	advantages	are	that	it	can	make	a	smooth	transition	with	parameter	
changes,	and	 it	can	still	be	meaningful	 in	 the	case	of	small	parameter	values.	 It	also	has	the	
characteristics	 of	 short	 data	 set	 processing	 and	 relatively	 consistent	 sample	 entropy	
characteristics.	In	order	to	make	the	fuzzy	entropy	have	better	robustness,	it	is	necessary	to	
choose	an	appropriate r ,m value,	Typically,	it	is	recommended	to r The	value	of	is	set	between	
0.1	and	0.2,	because	the	threshold	cannot	be	obtained r The	real	complexity	brought	about	by	
ignoring	the	changes	in	the	time	series	of	each	time	period,	deliberately r The	value	is	divided	
into	10	segments	between	0.1	and	0.2,	and	finally	the r The	value	of	is	determined	at	0.16	times	
the	standard	deviation	of	the	first‐order	difference	time	series.	After	calculation,	the	data	tends	
to	be	stable,	and	finally	a	new	series	that	can	reflect	the	original	data	is	obtained,	thus	realizing	
the	correlation	between	time	series	and	complexity.	The	algorithm	is	as	follows	[12~14]:	

First	put	the	sequence ix written	in	order	asm dimensional	vector,	such	as	(7):	

	

																																        , 1 , , 1X i x i x i x i m       																																														(7)	
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definition  X i and  X j The	distance	between	the	two,	such	as	(8):	
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definition  X i and  X j The	similarity	between	the	two,	such	as	formula	(9):	
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in r andn represent	the	width	and	gradient	of	the	exponential	function	boundary,	respectively.	
definition r The	values	are	shown	in	equations	(10)~(12):	
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for	each i Calculate	the	average	value,	such	as	formula	(12):	
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will	finallym become 1m  Repeat	the	above	operations	to	obtain	fuzzy	entropy,	as	in	(14):	
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4. Experimental	Verification	

The	experimental	data	comes	from	the	original	EEG	signal	of	the	real	patient,	which	is	divided	
into	two	groups	of	experiments	without	epilepsy‐like	(control	group)	and	with	eclampsia‐like	
(experimental	group).	frequency	bands,	as	shown	in	Figure	3:	
	

	Fig	3.	Decomposition	of	wavelet	packet	with	or	without	epilepsy	

After	comparing	the	two	data	in	the	above	figure,	it	is	found	that	the	epilepsy‐like	experimental	
group	has	significantly	different	characteristics	than	the	non‐epilepsy‐like	control	group,	and	it	
has	more	characteristic	information,	which	is	conducive	to	the	identification	and	classification	
of	subsequent	machine	learning.	After	this	operation	is	completed,	the	sub‐bands	with	obvious	
characteristic	information	in	the	experimental	group	are	selected.	We	select	the	third	sub‐band	
as	the	follow‐up	experimental	object,	and	then	use	the	method	of	improving	fuzzy	entropy	to	
calculate	the	entropy	value	of	Figure	3.	In	the	algorithm,	select	=	0.16*std,	m=2	to	get	the	fuzzy	
entropy	values	[15~16]	of	the	two	experiments,	as	shown	in	Figure	4:	
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Fig	4.	Fuzzy	entropy	value	of	EEG	signal	in	two	states	

Through	experiments,	 it	was	 found	that	 the	entropy	value	of	 the	normal	non‐eclampsia‐like	
EEG	signal	sub‐bands	and	the	onset	eclamptic‐like	EEG	signal	sub‐bands	have	a	clear	degree	of	
distinction,	which	can	fully	demonstrate	the	characteristic	difference	of	the	signals	between	the	
two.	In	this	way,	it	is	proved	that	it	is	feasible	to	first	decompose	the	wavelet	packet,	and	then	
use	the	method	of	improving	the	fuzzy	entropy	to	obtain	the	entropy	value	of	the	sub‐band,	
which	also	lays	a	solid	foundation	for	the	subsequent	machine	learning	of	epilepsy	EEG	signal	
recognition	and	classification.	

5. Epilogue	

During	the	seizure	of	epilepsy,	the	EEG	signal	will	change	significantly,	which	is	significantly	
different	from	the	EEG	signal	in	the	normal	state,	which	is	also	the	premise	for	our	study	of	
feature	extraction.	In	this	paper,	the	method	of	wavelet	packet	decomposition	and	improved	
fuzzy	entropy	is	used	to	extract	the	characteristic	 information	of	epilepsy	EEG	signals.	After	
experiments	and	analysis	of	clinical	experimental	data,	it	is	also	proved	that	this	method	can	
basically	extract	 the	characteristic	 information	of	epilepsy	EEG	signals.	This	also	provides	a	
certain	reference	value	for	the	follow‐up	prevention	and	treatment	of	epilepsy	diseases,	and	
also	has	certain	help	for	other	signal	classification	and	identification	tasks.	
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