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Motor imagery electroencephalogram signal recognition method based on
convolutional neural network in time-frequency domain
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Abstract: To solve the problem of low recognition rate of motor imagery ElectroEncephaloGram ( EEG) signals,
considering that EEG signals contain abundant time-frequency infgfindtien, a recognition method based on Convolutional
Neural Network ( CNN) in time-frequency domain was proposeds, Kirstly, Short-Time Fourier Transform ( STFT) was applied to
preprocess the relevant frequency bands of EEG signals to-¢onstrugt a two-dimensional time-frequency domain map composed of
multiple time-frequency maps of electrodes, which_was regarded as the input of the CNN. Secondly, focusing on the time-
frequency characteristic of two-dimensional tifieifrequency domain map, a novel CNN structure was designed by one-
dimensional convolution method. Finally, the features extracted by CNN were classified by Support Vector Machine ( SVM).
Experimental results based on BCI dataset show that the average recognition rate of the proposed method is 86. 5%, which is
higher than that of traditional motor imagery EEG signal recognition method, and the proposed method has been applied to the

intelligent wheelchair, which proves its effectiveness.
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Fig. 1 Time-frequency maps of three electrodes
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Fig. 2 Schematic diagram of CNN structure
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Tab. 1 Recognition rate comparison of different methods on BCI Competition IV 2B
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Fig. 4 Classification accuracy under different iteration times

h Yt — 2B BRE AR S5 Wk B A A SE B o P AR
RBR  ACETE R G T —R51%k, Hhiz
SZINALE S FIT Emotiv /2 BA8 HEATRAE, W 5 (a) Br
MNo AR EA 16 AR, FTA R IR E Br 10-20 1
R ROk & B, N 5 (b) Bis 763X 16 M HLR
FCs FCy K O, ZFrRAR AT AR R R4 8 , 10 F A% CMS #1 DRL
YEAZH B,

PAASCOT S AR B R YU S5 R D il B SR B9 M5
50 5 AR E R IE 6 B KA YEAT E 87 F
LBy, FF 5EE CNN J7 kAT T L, 152 5933 sl Bl th 22
HIANE 7(a) M (b) Fr7n. ME 7(a) #(b) ATH, ZidE Bk
T S PR vk 2 A 5T LA SE IR AR, (BB IR TR 8T TR
DB NI T B B R (Y [, K 2 N R 32l
ZATEHEEABRTREREEPER S ARG

(a) EmotiviE/&a% (b) HLARALE 534
5  Emotiv {5838 K H B RN E 5310

Fig. 5 Emotiv sensor and its electrode position distribution
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Fig. 7 Wheelchair trajectory curves based on two methods
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