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Abstract: Motor imagery (MI)-based brain-computer interfaces (BCIs) have gained immense popularity in a wide range of
fields, including medical rehabilitation and entertainment. However, effectively processing non-stationary Electroencepha-
lography (EEG) signals and extracting recognizable features from them remain major obstacles. In this study, our primary

objective was to address this challenge by employing Quadratic Time-Frequency Distribution (QTFD) as an initial step to
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extract relevant EEG time-frequency features associated with MI tasks. By utilizing QTFD, we constructed high-resolution
time-frequency representations of EEG fragments, enabling a more comprehensive analysis. Conventional linear time-
frequency analysis methods often overlook nonlinear information and struggle to accurately depict the energy distribution of
MI signals. In contrast, QTFD projects the signal from the time domain to the frequency domain using quadratic transfor-
mations, resulting in a more precise description of the signal’s energy distribution. Moreover, QTFD exhibits invariance
to changes in time and frequency, offering relatively stable and accurate time-frequency characteristics. To further en-
hance feature extraction, we adopted the lightweight DenseNet network model. This model progressively extracts and inte-
grates shallow and deep features from the time-frequency representations. DenseNet, with its small number of trainable pa-
rameters, is particularly well-suited for MI-BCI applications with limited available data. A notable advantage of DenseNet is
its direct interconnection between each layer of the network , allowing feature graphs from all preceding layers to be accessed.
Consequently, this facilitates the generation of a more distinguishable feature representation. Finally, we conducted experi-
mental validation on the BCI Competition IV dataset, comparing the performance of our proposed classification model with
various state-of-the-art algorithms. The results conclusively demonstrate that our method achieves superior classification per-
formance, even when utilizing a reduced number of EEG channels. These findings underscore the efficacy of our approach in
effectively processing non-stationary EEG signals and extracting informative features for MI-BCI applications.

Key words: brain-computer interface; electroencephalography; motor imagery; neural network; time-frequency transform

539 %

1 3|5

Jixi ML 4% 1 (Brain Computer Interface , BCI) J&—
o Hh A e 45 Ry D B A0 4 1 i 4 AR %
PLACH AR, BESE S 1 P 15 A0 S 7 ke Vi 3 A 1
e TAERZ B TR ENINTIZ KT, BCHEOAR
e TN A PR A2 B2 2, B RE A Y B v IXURI g
R S5 AN RS VA T AU L Bl B AT S A Y
BF AT BB A AN B 5 S A BTy
RN 27 B A Wt & J , BCT A 328 3 428 fift 1o FH - 3
ST, AL ANBER F R4 S5

i 2o LA A Sk B 2 TR SR 4R 114 ki i LA (Elec-
troencephalogram , EEG) , EL A BiJ [] 43 B¥ % 57 L T A
PESE LA T S 2B A IR A e e, © 2l
BCI &R 4 o 35 )32 1 K i 3l sk 7 ik ™ .
FRAEAS ] B 06 455X, EEG 1T LAy A48 iz 2 L o7
(Slow Cortical Potentials, SCP)"™" | 2 {4 # 5 i, {37
(Event-Related Potentials, ERP)"" Fl & it i 5 7
# (Sensorimotor Rhythm, SMR)"">" 4% . Hodr | 57 5|
VFZ2 90 CTERYIE 3 4 (Motor Imagery , M) BCI
FEAH T SMRAES o 4 AR T iz 3h T 55
SRR IBARIZ Bl R B 2tz 3 X S8l SMR
W 238 m s s b B R 6 SR A OC [F] 2P (Event-
Related Synchronization, ERS) m% = 4 #H 5¢ 2 [6] 25
(Event-Related Desynchronization, ERD) {l 4 , MI-
BCIAJ L3 i ERD/ERS # A i) EEG 5 3k figt 5 1

Pz gh s 5HALEARR A BCIAH L, 4]
11 P300-BCI ., A2 245 98 5 & H {37 (Steady-State Vi-
sual Evoked Potential , SSVEP)BCI, MI-BCI A~ 75 2 4p
RO K EEG (W HLA TS 8l , N 75 B2 40 51 1) 4l B
B35 4, RO G P RBIE 5 T s e o A
P, BA N HET S, SR, T EEG
558 TAFREE 5 AW e ny Rk, 3L
5 7 25 R R A B (R AR Ak, O 528 5 32 5
MRS AR TP PR, 32 5 MI-BCLAY 73 25 Pk g
SN EA PR )

MI 73 254 55 B REAE B B3 T LA R 80 R 1%
GEMLAR 2 2 MR 2= S W . RGeS
17, 325 [8] #5228 (Common Spatial Pattern, CSP) 54 1
o AR A )2 P 2 A e AR R B 1 4% ]
U I 2% R 4R G2 BE 1 EEG 35185 B, {E 4 2 41 B
(R et TR 9T & A N5, I AR 2
FIE 55 % 7 1) S AR BE AR A R . IRk, )
BT B B AL SE CSP ik TE ik M
W 3 2T Ry T i — I B Bl R 1Y
B, ANG S5t T U %8 41 CSP(Filter-Bank CSP,
FBCSP)"™, FBCSP fifi 12~ 23 M IE % #3-4% EEG 43
KA TFHAT A CSP 53 N A T4 h B
B 2R SC 5 B . SR, FBCSP TS SRR K
NG ) 71 2 A5 e R AU 2856 X A%
GEMLAR 2 > 5 % T I 0 T 8, i (AR SE B 1Y
25 6 SR AR ME S SE B 7 FH oh ) 5, JE Ik AR A



S

% 8 1]

it %5 : QTFD 5 DenseNet M5 & 1012 s A S 02T 1k 1445

BRI &M S BURZ R N HRCR B2 MG 5 1Y
PURIER B>

UTAER , TR 2 A O ik 3RS TR R R 1F
22 U T T R R I e 1) R P T Y
TE MI-BCIH , TR 2 5 2] J5 b R AE S IO R 1) 24
P KA ST TR G A, g5 etk 74
GYHEAL . SAE5E CSP AR L TR 24 2 Tk e
fig g 2 i 3 i 14 43 BN, BE A AR A B4 1 AR AR 4
BUR Ay 2R RE , BA AR B e . ETXT MI(E 59
FROESEIBOR 2328 P B T4 T 2R IR B~ ] 1)
AL, Horp BRI R 2% (Convolutional Neural
Network , CNN)FEAHE MI 4324145 T B ELHE TE
R PEFFNTE S o CNN TE 0T 2 42 BORFAE E T LA
M EEG f5 %5 7 81 1 2% 5] ERD/ERS Jil it AL
3 IR R IUZ A =2 i, LAWHERN %5
N T — Bl EEGNet i J= CNN 2 8Y , B0RE i 4
EEG & S 1E M A B 2B g N a4 LUTAT (&
1R IE AR EE G L B AR IR 5 1 I [ 12 ) R
i AR TAR GG 22 2] 7 3045 1 0B 7326
PERE™ . DATFE NS T —MiREEBUUER CNN
B R T 2[R RUEE 1 B[R] 45 FUAZ 6 EEG A5
ST I R IE BRI, O IR A G 2 ROE R AT
MIES5 53267, B2 T EEG BRIJF 5151, EEG 1 — 4k
Fn AR CNN Y% AR 24T MI-BCT ) 70 64T
%, HeAp B 44345 (Time-Frequency Distribution, TFD)
() —HEFos B RN Iz QAR IE > SR — 4
FUR 2% TFD AL T EEG 1Y ZRHIRHE , &
) Fof 30 722 46 v A 45 ek I A B 2 46 (Short-
Time Fourier Transform, STFT) , /)N I A5 #i (Wavelet
Transform, WT) %5 . EEG 4 5[] 3 51 4% 46 4 TFD
ARG P2 T R S m R 2 T R Al
AL T BCLBY it B, 4758 1 BCLIW B A
FLIEH . {HTFD 5 CNNAHES 4 (19 MI-BCT I I HESE
AR AT T b AT RAFAE LR TR (1)STFT W 45
YRR T A AR R AR R I UK A bR BOR il A
EEG M F g i 2 B 5 B ) 2Z [ 5C & 10, H B & 2
I R RN R AR MR, B DL R 2
B AAE He T AT AT 25 Z Mg B A AR LM A5 B, o
DLHER A R MI{E 5 B RE 57041 . (2) B 1Y ML
i AR RUASERL /)N | THIO A TR 1) X 45 A5 B i 4 22 1) 1 4
SR AR VISR 8 i ), S BOe kil

ENE LRI sy i D0 W o LI N i bk
T — b T AR et Uk R I 23 A1 (Quadbratic
Time-Frequency Distributions, QTFD) Fl % 42 U %] 4%
(DenseNET) 452 M1 /2], Hoidr QTFD fii
TR 5 20K N EEG A 5 150 B IR,
AE S 4y bt A& MIAE S AU RE i o0 A1, ELI A3 o) B85
15, Za o BB AE B MERR 5 o 35T DenseNet Y
B 28 N 2R 2 D I ZREE e i i K
B, H A2 BARBUE S Y RHBURFAL , IF 58 70 F H]
FIRE G 2 FRE AR JZ AL, 375 B4 1 AR IE S )
RORMrPERE . LSRR, 2T QTFD H
DenseNet (1) MI 5325 LB AR T X0 LA 045 18
AR D%y e 8

2 HIRESESHLE

2.1 HEEREA

AHFFE AL BCI 55 FE IV Y 2a 2 T 50 s 42 647
M AT (R R 8 E AN 45 SR e R S
T 9B #2238 38 EEG {55 F1 3 38 3E IR fL
o S AR B E R BT 4 FOR A Y iz
RGNS AT AT H LR s
1, AR AT S5 A AT 144 wial , B
11576 1> trial (38 S G AT 55 s s A G an E 1
Fiis o PEREE AT, —A rail JFUR, BR%E B BL—A
52+ 552 s G iR iz sh A AT 45 M B 7 3k (4
AR B UE A D) MBIFRESE 1. 25 s, SRR g E
TG AT AN B 12 S RAT 55 o Wil i BOR KR
SEATIB B GAT 55 3 s EL 2N B B A E 0
g B S IR B SRR E . EEG AR5 RRFESIR
250 Hz, £83: 0. 5 Hz~100 Hz B3 3 Ik, 31
50 Hz B 3 08 B 48 5 bR JFUAR EEG {55 HH 9 50 Hz HL
JIER BRI TR
2.2 HiEmAE

AT 1R B0CHE T4 P R S AL AR =4y
B VERE ECUE BOBCRIH E BE D, . B, O T b
W

—

=

Il 72 7

\
0 1 2 3 4 5 6 7 8 t/s

K1 assh R %

Fig. 1 Timing scheme of the motor imagery paradigm
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Fig. 2 Schematic illustration of the proposed classification model
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Fig. 3 Spectrogram of C, channel during left hand motor imagery task
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Fig. 4 The structure and parameters of dense blocks




%8 &

it %5 : QTFD 5 DenseNet M5 & 1012 s A S 02T 1k 1449

TEPEHEAT T SR A, DA I 25 b 9 /> 1) 26 11 2 00 i A
TR R SR R RCR  JF Y B IR 22 i) B He
R TRRIE ]
3.4 HMERY

AW AL = 1 i 28 SUHR 458 2K (Binary Cross-
entropy Loss , BCE) /MU H AR A1 HARIR 2 Z
] ) 732 22 , X (9) fran . [Aig, FATHIA T 12
TE DU 2% eRESC, L2 0 T 45 2K BRI ERCTE CNN He B4R
JE AR AL AT A, AR (a0 ), A
CNN Il ik 78 rh, BEAY 1 A E 25 S W i 40 008, >4
R A o I, A5 2 A o) 2ok B2 U5, DT 32 3
ZALRE A I A BEAR - b Ak B () Bl . 12 1E 0]
A1 2 R K 3 ) 451 2K pR KRR S I AR R 1 - 5 R
SAE AT, (A5 R I ik B2 b, SCTE Wl {1458 2% bR
b QT TN R =1 5 WA NV N T AP N A
RUTE 27 2] YR58 0% (W] et JmT B 3k e % Il 2R
By B . HRIA = (10) Frs .

Loss =~ % zj\;l‘(tt log (0, H(1-t;)log (1-0,)) (9)

Loss, = ||a)||z (10)

oo, Mo, 23 BIAREER i YN GREEAS B H FRbr 5 711
AR, o URBIISHL

W Hh  VFZ 5T B O3 2k R B0mT LA 2

() B 88 /0N R RAEAS B SR AR, DT 2 g A6 TR 3 )

AFIZEFFIEAIRE ST o R, AR ST 1 B 0 A A
HL ] T O K PR AR

LosS coner = 2]\;; fi— vl , (11)

o, fARERER B REA BYRFAE 1] 2, m AU IE ALK

B vRE O SIS T AR
>0 = x| £ - vy

L+ >0, = ) (12)
v}n+l - v;n _ p*AU}"
0,t,#]
o1 —j)={ _f} (13)
Lt,=

Hor, Aw 7R FFAE ) £ A PO 18] AR EY L p J2
TR YA 2T
B BRI SR R B (14) s
Loss = Lossye, + A, Loss, + A,Loss¢,,., (14)

Forb, A A R AL S AL

3.5 iFEERR

ABEFE R T PR T2 N T o AR AP R
VAR BV 8 b , 23 02 HEH 2% (Accuracy , Ace) il
Cohen ) Kappa 2%, Acc #8702 45 1E 8 0 2 A0 FE
AH A BB HL B, Kappa 28 850U I R 1 1)
BEAL— AR, T i RAE S5 1 — Bk, H
Hep R (15) R, p AERBEHLII Y Ace.,
Acc - p,

1=p,

BEAN AR AT R b T2 R SRR AR A
E B ZHOMTTH 7 20, 245 B0 A [8] /I 450 B 235
LT FEAN [R5 03 A 07 12 A PR RE A 95 L ELX
F MIAE: 5 , alpha 3 (8~13 Hz) Fil beta 3% (13~30 Hz)
B A5 Re o A U R B PR AR SCH AT
IR L (Concentration) CfFE bR . MR E—
Tl )32 R 4 A A 5 A AR ) SR A A R A
FhAR B PN TR AR O IR BT TR AR B B4R R
TGS — W] e — R T R RE R,
AR 8 AR SR HN 5 5 19 B £ 20 A 1 41 38 B
WA , A0 T T B /D AN R 19 B o R AR I
WRFRTEAA S 1 R LT LA IS (16) RT3

C(f) =" |TFR (k)| (16)

Forp  TFR 7R A A B S BB A, TR
I RAE SR, T TN D7 ik Z [ AT X L
ﬁ}fﬁ T Z-score ﬁzﬁj&;f—j‘mmu/ﬂ.ﬁ&t}io

4 SIGHER

4.1 ET QTFD WK REFIERBEEITLE

kT KB QTFD Jy 32 A B (4 BRI 36 7 R AIE 114 5
5, 0 IF R BT A2 s R R Y EEG B, A
SCHEHLLERE T BCI3EFEIV 2a Kidi 45 rh 9l 4 7E - A T
ZiAi T MUT 55 AR 1) EEG 15 5 K Had i QTFD Jy
T ) 3 A ) A S A A0 2R P 2 ) B T AR L DAL
L 0 HL AT B e B s 1) A8 AL AR AT

WE S (a) iR, FE 30T 22 F MU 55 30 8], 47 F
KM Bz J2 22 0 Bt 328 3 X ) C, M 38 Y I A5 5 7
0 s A5 20 & g s A R /R I, mu 19 A H R
T B ARG, — BRI 2.5 s AL AKE
54 ERD YRR o X T T K B2 )2 A5 )
C, M8 , MIAT 55 18] EEG 15 5 9 mu 5 3 Fl beta 75
H—HAERF TR AR, B TR EMERSHA .

K= (15)




1450 5T

o539 %

C’&
30 :
28 4 7

3
24 5
22 25 4
20 2
18 15 =5 + &
16 1 2
14 85 1
12
10 -0.5 0
8 -1 8 i 8
%50 05 1 15 2 25 3 %05 0 05 1 15 2 25 3 050 05 1 15 2 25 3
(a) £ FBa RIS

/ 08
0.6
v Q 04 o
02
0
. 0.2

8 L .
-05 0 05 1 15 2 25 3

(a) Left hand motor imagery task
C

8 ¥
-05 0 05 1 15 2 25 3

(b) HiFiEENEZAES
(b) Right hand motor imagery task

uv

é
30 o
28
26
24
2
20
18
16
14
12
10

8
05 0 05 1 15 2 25 3

| ©O—= N WahA U I 0 \O

—_

K5 ZEFagh ARG T QTFD ) EEG I 4/
Fig.5 The time-frequency representations from EEG segments by QTFD during left hand MI task
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Fig. 6 Comparison of frequency concentration of time-frequency representations constructed by QTFD, STFT and WT
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Tab. 1  The accuracy comparison of the proposed method and the comparison algorithms in the BCI competition IV2a dataset

g FBCSP TS-Log NHSP EEGNet AT
Metrics Acc(Kappa) Acc(Kappa) Acc(Kappa) Acc(Kappa) Acc (Kappa)
S1 0.757(0.676) 0.778(0.704) 0.740(0.653) 0.719(0.625) 0.7885(0.718)
$2 0.563(0.417) 0.438(0.250) 0.350(0.133) 0.510(0.347) 0.6673(0.556)
S3 0.809(0.745) 0.799(0.732) 0.760(0.680) 0.792(0.722) 0.8214(0.762)
s4 0.611(0.481) 0.569(0.421) 0.530(0.373) 0.580(0.440) 0.6491(0.532)
S5 0.549(0.398) 0.480(0.306) 0.380(0.173) 0.649(0.531) 0.6088(0.478)
S6 0.455(0.273) 0.476(0.301) 0.310(0.080) 0.510(0.347) 0.4324(0.243)
S7 0.830(0.773) 0.785(0.713) 0.840(0.787) 0.663(0.551) 0.8725(0.830)
S8 0.816(0.755) 0.798(0.731) 0.740(0.653) 0.743(0.658) 0.8364(0.782)
S9 0.705(0.606) 0.813(0.750) 0.740(0.653) 0.726(0.634) 0.8393(0.785)
Mean 0.677(0.569) 0.659(0.545) 0.599(0.465) 0.655(0.540) 0.7239(0.632)
Std. 0.1829 0.2190 0.2067 0.1019 0.1452(0.194)
p-value 0.0183 0.0405 0.0035 0.0498
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