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R ARFER TS TR, 7 210023)

W E. AR A S I 347 845 5 (Electroencephalogram, EEG) #0932 3 48 £ 4 K of , R A J 38 8 4
JERFRBEZ AR, AL EA AP A BRE R FEAEZEEPNE  RBET —FATEREES
% (Nonnegative matrix factorization, NMF ) &9 B Ja] A 42 B % ( Temporal convolutional network, TCN) 5
%ok K ARAY 2 W 4% EEGNet 48 45 &9 2 % 7 % , 32 % NTEEGNet, A48 st & F oy A kR FHiz s 4
ZoaE ey at AL NMF Ak £ 45 b 42 BUB 45 48, B A 430 A R T 4R 3 (8 8 Fo 2 8] 5542 & 5 B BT,
ETCNWER T, MAN R LT ZHRHUABAE M AMRBEERVOARTAALBNFERRE SN, £
BCI Competition IV 2a % # %& Lk #) 5% % 2 R £ %1 , NTEEGNet # 4 % /& # % ik %] 83.99%, &
EEG-TCNet# %k ah L3259+ 7 6.64%
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EEG-TCNet for Motor Imagery Classification Based on Nonnegative Matrix Factor-

ization

ZHANG Xuejun'?, SHI Baoming'
(1. College of Electronic and Optical Engineering &. College of Flexible Electronics (Future Technology), Nanjing University of Posts
and Telecommunications, Nanjing 210023, China; 2. Nation-Local Joint Project Engineering Lab of RF Integration & Micropack-

age, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract: In response to the limitations of deep learning approaches in motor imagery classification using
electroencephalogram (EEG) signals, such as the failure to explore inter-channel correlations and fully
exploit frequency, temporal, and spatial information, this study proposes a classification method named
NTEEGNet, which combines nonnegative matrix factorization (NMF) with temporal convolutional
network (TCN) and one compacted convolutional neural network named EEGNet to enhance the
performance of motor imagery classification with a relatively small number of parameters. The NMF
component of the model effectively extracts channel features and fully utilizes frequency, temporal, and
spatial information. Additionally, the network’s receptive field increases exponentially under the action of
TCN, leading to stronger feature extraction capabilities with fewer parameters. Experimental results on the
BCI Competition IV 2a dataset demonstrate that NTEEGNet can achieve an impressive classification
accuracy of 83.99% , improved by 6.64 % on the basis of EEG-TCNet.
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HT, i Tk MI-EEG AH G 0] @8 1 J7 i 55 2453 R A& e AL 4% %% 2 (Machine learning) Fl ¥ £ %% 2] (Deep
learning) o TE MK T T 2 42 WORRAE 19 A8 G L 2% 2% 2 J7 vk b, 8 U 4 41 A H 23 (8] 522X (Filter bank com-
mon spatial pattern, FBCSP) & H A K 7 MI-EEG 4p 26 v BUiS T e AEVERE' " . S5 07 Al b IR 2
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X 2% A5 TR 0 4585 T B i o A 22 ) 4%t B &2 )2 B AL (Multilayer perceptron, MLP) 45 U 28 [ 2% (Con-
volutional neural network, CNN) 4§ ¥ #if 28 ¥ % ( Recursive neural network, RNN) | A= B X 3T M 4% (Gen-
erative adversarial network, GAN) | [ 4 5 % 25 , DL B i 26 [0 2% 1 A8 K, e dfe , — Fff CNIN R 28 (R ——
isf 1] 252 B 4% (Temporal convolutional network, TCN)# & ] F = i) 77 1) (8 @A 4325 . 5 ol
A, TCN A BE 8% 75 2 BOF N 7718 FH 42 (Memory access cost, MAC) B4 28 P38 i i) 15 00 F $8 %1
G0 M R IR B R /IN T EL S B R E BB AL A 5 e IR AT . IR 634 % 43 % (Nonnegative
matrix factorization, NMF ) {2 $& BURFAE (19— Fh 75 75 , AT DLW I 06 6 B 43 ik Sk 199 A4 Al 67080 1 3k 75
W ] LA 2 SR R0 A R AR 23 ) B g L 2 TON 5 NMF 254 i, BE A% 5 17 Ml 3 56 455 00 1)
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b AR L xR AR B RS HEAT AR AR AR USRS AR AR B OB . ARG IR AR R T TR
B AE I 4325, 5] 404 FH 4R 56 % 43 1t (Correlation analysis) | 32 A% 43 43 1 (Principal component analysis,
PCA) %, IF 45 & 4 M 2 5 5 B (Linear discriminant analysis, LDA) 5% 3¢ #F 1] & #L (Support vector ma-
chine, SVM) %53 228117,

SR, A% 58 53 26 7 B AFAE — Sk 0, o T TR BORRIE B st o i i iz sh L AT S5 i &2
Ze 150 5 2y 25 78 Ak, A B R I Ieh 2 R 0 T 8 52 2% O S B LA B0z AR R D R R LA B X I
FEORAE 7 Btk 1 UM 2 S BUr S AR ME BB R AR A o R, CNIN L RNIN IR B 5 & 9 2% (Deep be-
lief network , DBN) % ¥ i 2% 2 43 28 7 v& B W U 0 09 43 K07 vk o — SRR 58 a0 42 it 7 At JL Feb
T KB SRS B HE IR fn Xa 38 T — Fh T BRI 9% K 22 2 Pl (Re-
stricted Boltzmann machine , RBM ) fJ DBN 4 A f] F 45 fif. 2 B A1 52 £5 7] & #L I 43 2% ; Hassanpour
AELOTR T — A E B [ 9w 19 2% (Stacked auto-encoder, SAE) , fif JH 45 2 45 4iF X i 3 A8 4 AF & oE AT
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Kumar % V8 1T — Fh 45 4 FBCSP 4% 4E Fl SVM 43 25 2% 19 K % 181 i 12 ( Long short-term memory ,
LSTM ) # %1 ; Luo 27 S JI 7 FBCSP 4R 4F , 376 H JH A/ 17 45 3% 15 B2 5T ( Gate recurrent unit, GRU)
L ENNIE AN
1.2 CNN#HEIEFHER LRI N
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(Short-time Fourier transform, STFT ) EEG %4 %% 1k 4 i &, B
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Fig.1 EEGNet network model
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2.2.2 TCNR%%H
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2.2.3 NTEEGNet M % % #
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Fig.4 NTEEGNet network model
T8 45 R 2 3 25 ()RR AT, & )5 38 o 7T 43 5 o R %1 NTEEGNet & #2548

T2 86 B EAE. ¥ EEGNet i f i 47 3 Table 1 Model parameters of NTEEGNet network
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15 NMF 73 , 42 B 8 AL,
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sineAnnealing LR HR 4% A% 5% pR BJH 4 2 R 0 2B I kit BV IR 2 20 R 0.001, AR IR R 750 1K,
R BR AR YRS 6 A () 3 R AN [) 2 20 3 {H O T DR AR AL AT B A A2 AR RE T O R AT Ak 3y 82 K
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Mk A ZIRE . ESE XSS B IEE R, SR XA Z iR & R EEN
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TCNet B Dropout. 97 3238 & A9 I 348 BE A& 5 Br /R, BT 38 B8 S HE B SR 0 F-score , 32 18 & Y #E
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Y R AR A, I Ay 52 3 WE R ) DR B i K OF , X R B NTEEGNet Xf MI-EEG 9 i 5% H A 18
i

F 6 A A [A] Epoch T A9 52 56 45 51, v LA 750 W b e AE U1 2k Bk . A T E B NMF i
EEG-TCNet 7F iz ) # G fif ih iod B2 09 A 240 PE AR SCER AT TR SR 8% . 5256 v 43 5 W NTEEGNet 2 !
Hil B NMF \EEGNet fl TCNet #45 , 4% B8 750 WHEAT U1 5 , LAUE I 2% 38 43 76 S 30 vh AR o T il s 56
ZBRAFAY G W IR IE M R W& 7 s . Rl 5 NTEEGNet M, BR300 5, 7 Rk 1
AT TF R
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—— Accuracy —=—F-score
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Fig.5 Average accuracy and F,-score of each Fig.6 Accuracy of each subject under different training
subject epochs
T2 BGE T AR Z A EAEA R UG %, 7T LUE ) NTEEGNet Xf 9 452 iK% #4174 K i 3%
B A B 5 MR L DR IR B T 83,9900 M HER A, 3 R T EEGNet M 45 (11.59 %) #l EEG-TCNet ¥ 4%
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Proposed (NTEEGNet) HER % NMF-EEGNet AR
Left hand [SQUIE 20.000% 0.000% 0.000% | WM 19.718% 9.859% 4.225% | MO8
’ 0.7
Right hand 5.882% EEBREFZA 0.000% 0.000% 0.6 | 7.143% EIRERYZ 2.857% 2.857% 0.6
0.5
0.4
Foot 0.000% 12.500% gAKINEZY 12.500% 041 4348% 0.000% [ERIFLA 20.290% 03
0.2 0.2
Tongue 0.000% 0.000% 20.000% gLRZS 2.817% 0.000% 25.352% EAREINZ 01
0.0 0.0
NMF-TCNet AT EEG-TCNet N
0.8 0.8
Lefthand [GERHR 20:000% 0.000% 0.000% | [N KUEEA16901% 0.000% 2.817%| M
7 &)
0.6 0.6
Right hand [17:647% KRKEERE 0.000% 0.000% | WM ' BRE 0.000% 0.000% M
0.4 0.4
Foot |0.000% 0.000% EEKZY 25.000% 03 8.696% RIYA7Y 14.493% 03
0.2 0.2
Tongue |0-000% 0.000% 20.000% EIAIWA ||, |7.042% 0.000% 12.676% EIMIRR | | |
S S . < 0.0 S S - o 0.0
& & g 0&? & & g 0&3\’
& & « N & S
% X v RS
P7 TR RS 0 v 25 B % 0 20 A FR 9 LR
Fig.7 Confusion matrix after removing each part in ablation experiments
x2 AEEETEBCI Competition V 2a$iF&E LN L EHRE
Table 2 Classification accuracy of different models on the BCI Competition IV 2a dataset %

ZiX#E  EEGNet™  Multi-branch 3D CNN™  EEG-TCNet" Zhang et al.™ MSFNet”™ NTEEGNet

S1 79.51 78.47 85.77 89.68 83.68 85.45
S2 56.25 52.77 65.02 75.08 74.15 62.96
S3 88.89 89.93 94.51 93.2 90.68 95.19
S4 80.90 66.66 64.91 77.82 76.90 72.26
S5 57.29 61.11 75.36 73.27 78.83 83.58
S6 53.82 60.41 61.40 65.74 68.04 75.91
S7 91.67 90.62 87.36 88.73 88.30 94.55
S8 81.25 82.29 83.76 90.77 79.52 94.34
S9 79.17 84.37 78.03 85.87 84.16 91.67
Mean 72.40 74.70 77.35 82.24 80.47 83.99
4 ZEFRIF

AR T —FhFF NMF #9 EEG-TCNet #£5 , f& X MI-BMI 47 HE #7025 o 45 R 7E X B0 ST-
FT A5 , 3547 NMF 43 % , 1538 5 EEGNet 2% M $i Z a3 [0 47 AF , B Jm i A TCNet Hp AT 45, 78 412 B
FRAE A0 [R] I, 3RA5 00 K A I A2 W7, 0 ELI 0 1 S R 48 B ek . 11 2 45 R B S 2 i %6 83.99 %,



kFE F. A TEREME S B EEG-TCNet iz 3 48 1369

HAHED RS H B ACRE B0, toml il 2 H AR i) MTEOE 46 Lo 7EARRSEE 38 7] LUl
S Ty ML B i IR S RO A R A D i e B R 2 AIOR  HLAE B R il T R e AR BN S 2L
RBCR A ARG BLT AT LU 32 98 P81 B8 1 7 SRR SR , M4 w5 3 28 RIOCR

S

o

30 Hk

—
—

SUN B, ZHANG H, WU Z, et al. Adaptive spatiotemporal graph convolutional networks for motor imagery classification[J].

IEEE Signal Processing Letters, 2021, 28: 219-223.

[2] SHI T, REN L, CUI W. Feature extraction of brain-computer interface electroencephalogram based on motor imagery[J].
IEEE Sensors Journal, 2020, 20(20): 11787-11794.

[3] DU B, LIU Y, TIAN G. Improving motor imagery EEG classification by CNN with data augmentation[C]//Proceedings of
2020 IEEE 19th International Conference on Cognitive Informatics &. Cognitive Computing. Beijing, China: IEEE, 2020:
111-118.

[4] ZHANG R, ZHANG N, CHEN C, et al. Motor imagery EEG classification with self-attention-based convolutional neural
network[C]//Proceedings of 2022 7th International Conference on Intelligent Informatics and Biomedical Science (ICIIBMS).
[S.L]: IEEE, 2022, 7: 195-199.

[5] XU B, ZHANG L, SONG A, et al. Wavelet transform time-frequency image and convolutional network-based motor imagery
EEG classification[J]. IEEE Access, 2019, 7: 6084-6093.

(6] LIX, PENG M, CHEN S, et al. EEG motor imagery classification based on multi-spatial convolutional neural network[C]//
Proceedings of the 5th International Conference on Artificial Intelligence and Big Data (ICAIBD). Chengdu, China: [s.n.],
2022: 433-437.

[7] MUSALLAM Y K, ALFASSAM N I, MUHAMMAD G, et al. Electroencephalography-based motor imagery classification
using temporal convolutional network fusion[J]. Biomedical Signal Processing and Control, 2021, 69: 102826.

(8] W, ARES R, ZEaken . BT A A Fis s AR G AR L BT S 0 [T]. s R AR S 40T, 2013, 28(6): 828-833.

WANG Hongtao, ZOU Heliang, LI Dagiang. Left/right hand motor imagery based online algorithm design and its application
[J]. Journal of Date Acquisition and Processing, 2013, 28(6): 828-833.

[9] MA X, CHEN W, PEI Z, et al. A temporal dependency learning CNN with attention mechanism for MI-EEG decoding[J].
IEEE Transactions on Neural Systems and Rehabilitation Engineering, 2023, 31: 3188-3200.

[10] LU N, YIN T, JING X. A temporal convolution network solution for EEG motor imagery classification[C]//Proceedings of
2019 IEEE 19th International Conference on Bioinformatics and Bioengineering (BIBE). Athens, Greece: IEEE, 2019:
796-799.

[11] NUGUMANOVA A, AKHMED-ZAKI D, MANSUROVA M, et al. NMF-based approach to automatic term extraction[J].
Expert Systems with Applications, 2022, 199: 117179.

[12] ZHANG L, WANG M, WANG L, et al. A dual attention and improved loss function based MI"-EEG signal classification
model[C]//Proceedings of the 6th International Conference on Artificial Intelligence and Big Data (ICAIBD). Chengdu, China:
[s.n.], 2023: 917-921.

[13] LIM A, PENG W M, YANG J F. Key band image sequences and a hybrid deep neural network for recognition of motor
imagery EEG[J]. IEEE Access, 2021, 9: 86994-87006.

[14] XU J, ZHENG H, WANG 1J, et al. Recognition of EEG signal motor imagery intention based on deep multi-view feature
learning[J]. Sensors, 2020, 20(12): 3496.

[15] HASSANPOUR A, MORADIKIA M, ADELI H, et al. A novel end-to-end deep learning scheme for classifying multi-class
motor imagery electroencephalography signals[J]. Expert Systems, 2019, 36(6): e12494.

[16] KUMAR S, SHARMA R, SHARMA A. OPTICAL+: A frequency-based deep learning scheme for recognizing brain wave
signals[J]. Peer] Computer Science, 2021, 7: e375.

[17] LUO T, ZHOU C, CHAO F. Exploring spatial-frequency-sequential relationships for motor imagery classification with

recurrent neural network[J]. BMC Bioinformatics, 2018, 19: 1-18.



1370 R E B L Jowrnal of Data Acquisition and Processing Vol. 40, No. 5, 2025

(18] TR, B0, #0n, 45 . He TR L2 > OMU Ik e 15 520 26 [0]. B R AL S AL BE, 2022, 37(4): 787-797.

XU Qing, GE Cheng, CAI Biao, et al. EEG signal classification of epilepsy based on deep learning[J]. Journal of Date
Acquisition and Processing, 2022, 37(4): 787-797.

[19] INGOLFSSON T M, HERSCHE M, WANG X, et al. EEG-TCNet: An accurate temporal convolutional network for
embedded motor-imagery brain-machine interfaces[C]//Proceedings of 2020 IEEE International Conference on Systems, Man,
and Cybernetics (SMC). Toronto, ON, Canada: IEEE, 2020: 2958-2965.

[20] LEE D, SEUNG H S. Algorithms for non-negative matrix factorization[C]//Proceedings of International Conference on
Advances in Neural Information Processing Systems. Cambridge: MIT Press, 2000.

[21] STOJANOVIC O, KUHLMANN L, PIPA G. Predicting epileptic seizures using nonnegative matrix factorization[J]. PloS
One, 2020, 15(2): €0228025.

[22] ZHOU T, KANG J, CONG F, et al. Stability-driven non-negative matrix factorization-based approach for extracting dynamic
network from resting-state EEG[J]. Neurocomputing, 2020, 389: 123-131.

(23] XML, EFE RS0, 45 . LT 600 90 20 ik O 0 B OV S8 D M OG G i R AIE [T, 26 W 0 B 241, 2006(1): 67-72.

LIU Mingyu, WANG Yu, ZHENG Chongxun, et al. Using non-negative matrix fact factorization to extract attention-related
EEG features[J]. Acta Biophysica Sinica, 2006(1): 67-72.

[24] GURVE D, DELISLE-RODRIGUEZ D, BASTOS T, et al. Motor imagery classification with covariance matrices and
non-negative matrix factorization[C]//Proceedings of the 41st Annual International Conference of the IEEE Engineering in
Medicine and Biology Society (EMBC). [S.1.]: IEEE, 2019: 3083-3086.

[25] BAI'S, KOLTER J Z, KOLTUN V. An empirical evaluation of generic convolutional and recurrent networks for sequence
modeling[EB/OL]. (2018-05-16). https://arXiv.org/pdf/1803.01271.pd{.

[(26] ALTAHERI H, MUHAMMAD G, ALSULAIMAN M. Physics-informed attention temporal convolutional network for
EEG-based motor imagery classification[J]. IEEE Transactions on Industrial Informatics, 2023, 19(2): 2249-2258.

[27] BRUNNER C, LEEB R, MULLER-PUTZ G R, et al. BCI Competition 2008-Graz data set A[EB/OL]. (2022-08-12). https:
//ampz.tugraz.at/~hbci/database/001-2014/description.pdf.

[28] LAWHERN V J, SOLON A J, WAYTOWICH N R, et al. EEGNet: A compact convolutional neural network for
EEG-based brain-computer interfaces[J]. Journal of Neural Engineering, 2018, 15(5): 056013.

[29] ZHAO X, ZHANG H, ZHU G, et al. A multi-branch 3D convolutional neural network for EEG-based motor imagery
classification[J]. IEEE Transactions on Neural Systems and Rehabilitation Engineering, 2019, 27(10): 2164-2177.

[30] WANG C, WU Y, WANG C, et al. MSFNet: A multi-scale space-time frequency fusion network for motor imagery EEG
classification[J]. IEEE Access, 2024, 12: 8325-8336.

fEEE AN

WEE1969), B 1+,
L T AR [
B REAE B AL IR 2
23 e A Ak
S5 HLEE D, E-mail:

xjzhang@njupt.edu.cn,

A EH(2001-), BIEESE,
B WA B 1] <
HUF S AL SRS
E-mail:  2770583580@qq.

comeg

(% . £#)



