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Abstract; Brain-computer interface systems based on steady —state visual evoked potential ( SSVEP) have problems of poor
robustness and low short—term classification accuracy. In this paper, a classification method based on FBCCA-SVM is proposed. By
combining the advantages of the filter bank canonical correlation analysis (FBCCA) and the robust support vector machine (SVM) ,
the SVM classifier is used to replace the MAX classifier in the FBCCA algorithm to classify the features extracted by FBCCA, and
the accuracy and information transmission rate (/TR) are higher in the multi—objective classification under the stimulation of a short
time. The results of eight subjects show that the average accuracy is 93.91% and /TR is 78.63 bit/min for 2 seconds. Compared with
CCA, the average accuracy and /TR are increased by 14.32% and 25 bit/min, respectively. Compared with FBCCA, the increase is
6.36% and 9.66 bit/min, respectively. In comparison with the mainstream recognition algorithm, the performance of this method is
significantly improved, and the robustness of target classification is enhanced, which provides an experimental basis for the
subsequent practical application of brain—computer interface system.
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Fig. 1  Structure chart of FBCCA —SVM algorithm for multiple
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Table 1 Effect of classifier on accuracy and ITR

HEAEHEEL St IYEUERHR /% ITR/ (bit/min)
CCA KNN 63.44 29.75
CCA L% SVM 87.19 63.71
CCA RBF #% SVM 88.75 65.94
CCA Z I SVM 79.22 51.02

FBCCA KNN 65.31 32.85
FBCCA k% SVM 90.63 69.58
FBCCA RBF #% SVM 93.91 78.63
FBCCA ZWA % SVM 79.38 50.62
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FRATR EFRIOCHEVE N, R KNN 43288 300R
TEART SVM 43285 AT M2 R B SVM AR AL 432554
YT KNN 402845, HLICIe e PRMR AR 532, (8
FBCCA FHAEFEHUW LM REAI R T I T CCA FriF4
UL LT FBCCA M5 i R 34 L 3k
T CCA B 2.66%, ITR T 5.31 bit/min, 7F
SVM 432528 RBF 1% SVM A& 8173 2 M R A ITR
i, 20 B A 93.919% Fl 78.63 bit/min, K I, 78
FBCCA-SVM Fvk h i34 T RBF #% SVM B4

3
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0.001), . TRCA % ¥ 2 %l & 33. 96%
83 bit/min (P < 0.001) , FHTHIFL T FBCCA-SVM
RISV SR AN ITR B354R8 5 A ) T i 5
B F AL 1 R SR RE

140
FBCCA-SVM
FBCCA

120 CCA-SVM
CCA
TRCA

100

ITR(bit/min)
& o )
S S S

553
[=]

05 10 15 20 25 30 35 40
I 1] 7 4 J3E /s
(b) ITR

B 6 5SEFEMITR LR

Fig. 6 Classification accuracy and ITR comparison
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BT ARSI (N,) F FBCCA-SVM BykL 432
HERR R, R 7 PR, BVASKE  BE & 18 R0 3
I, A3 ZE A A R 0 LR AR B P s [ 7 R B
(0.5~2.0 s) FBCCA-SVM 833 N, #midEH K i
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MIFAEW TR E2ZR (P < 0.001), # A XH
FBCCA-SVM BB 8% 4,
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Table 2 Classification accuracy and ITR of 8 subjects when the time window length is 2 s

) ARUERZ S % ITR/ (bit/min)
[ignea
FBCCA-SVM FBCCA CCA-SVM CCA TRCA FBCCA-SVM FBCCA CCA-SVM CCA TRCA
S1* 87.50 77.08 86.25 60.42 71.88 63.81 48.33 61.09 25.80 41.46
S2* 95.00 95.00 92.50 82.50 69.79 77.70 79.27 73.90 55.75 38.80
S3* 83.75 83.33 80.00 72.92 53.13 58.04 57.60 51.50 44.74 20.92
S4 95.00 95.00 88.75 87.50 57.29 77.70 80.92 63.17 65.93 25.26
S5 96.25 83.33 87.50 72.92 56.25 81.56 58.36 64.60 40.89 23.84
S6 * 97.50 93.75 91.25 91.67 54.17 83.85 76.59 71.15 73.49 21.97
S7* 96.25 79.17 90.00 79.17 59.38 81.56 74.10 67.51 53.41 27.24
S8 100.00 93.75 93.75 89.58 59.38 90.00 76.58 74.62 69.02 26.75
Mean 93.91 87.55 88.75 79.59 60.16 78.63 68.97 65.94 53.63 28.28
+STD +5.09 +7.10 +4.05 +9.83 +6.52 +9.95 +11.51 +7.16 +15.01 +7.17
* HIRSN BCL L9052 ; Mean ; - 34{H ; STD : bR if i 25 .
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Fig. 7 Comparison of classification accuracy of FBCCA -SVM

algorithm with different harmonic numbers
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