5§43 % 55 2 H 3 k¥ W Vol. 43, No. 2
2017 £ 2 H ACTA AUTOMATICA SINICA February, 2017

HENFREHK EEEAES CKF f#hD

BHRE XEH#H' ¥ F

¥ OFE WE B RE h 2 i e IS ST I TR R B 0 R — i RS R, BRAE YA AR R K 22 R T
A B, Telid IR EI M &R E S S FREIIEN X AR, HIEA TR T U2 8dE. AR T
— PG BHRIL 5, Z R TR A MY (State space model, SSM), i i 1 & P 41581 i 2 o4 LA B0 S FHa8 3
B X ZBUE, A BCIRST B2 R s a . s I & 2 BB s At HERfR B, SR —Fh AR Ry L
4y R IR B98N (Cubature Kalman filtering, CKF) 58 i £ W 25 (1) Il S5 A0 48 07 B B VRS S5 EM L, %
TR IR s R IO RS, W] AR A 2 AR 1) B S T IR s O, LA W%, LIRS ER, YRAR
A B, BT YR S AR SO A A ROl TR 2 MR R 2 WA B, B EA B 54 SR EAE R
Al TR 2.

KB PIRMRAD, RSB, T IIZR, B RR S8
SIFAtEN W, R, W R EBRRZ s B2 E ALE S CKF f#fh. A3k, 2017, 43(2): 302-312
DOI 10.16383/j.aas.2017.c160065

Unsupervised CKF Decoding for Macaque Motor Cortical Spikes

XUE Ming-Long* WU Hai-Feng' ZENG Yu'

Abstract How to estimate macaque’s moving finger position through neuron spikes in his mortor cortex is a problem
about neural decoding. For the problem, most of existing methods use a supervised training algorithm and require
supervised data to obtain the relationship between the spikes and the finger’s moving position. Therefore, the performance
of the existing methods depends on the training data. This paper proposes an unsupervised decoding method, which, based
on a state space model (SSM), adopts neural networks to obtain the weights between the neuron spikes and the finger’s
moving position, and then estimates the finger’s position through sequential state estimators. To reduce computational
complexity and enhance estimation accuracy, a nonlinear cubature Kalman filter (CKF) is used to train the neural network
and estimate the sequential moving positions. Compared with the existing methods, the proposed method’s advantage is
to be unsupervised. It could estimate the finger’s position only through the spike vector instead of the supervised training
data. Experiment results show that the existing methods have more estimation errors than the proposed method when
a small amount of supervised data is adopted, and that the existing ones have similar estimation errors only when more
supervised data adopted.
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Fig.6 Linear fitting position estimation compared with

fingers moving curve of actual position
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Fig.7 KF algorithm position estimation compared with

fingers moving curve of actual position
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Fig.10 UCKD algorithm with data length change of

position estimation RMSE curve

#1 5 &iIZM RMSE (cm)

Table 1  Five times the RMSE of training (cm)

WS E1 4l 240 %34 H44l 54l WE TrE

1 3.835 4.098 4.470 3.480 4.165 4.010 0.139
2 3.207 4.154 4.293 3.045 3.708 3.681 0.307
3 2.658 4.009 3.434 2.485 2.812 3.080 0.398
4 2.203 3.144 2493 2277 2.248 2473 0.153
5 2.151 2.528 2.219 2218 2.113 2.246 0.027
6 2.144 2.347 2173 2194 2.080 2.188 0.010
7 2.147 2.328 2.163 2.182 2.073 2.179 0.009
8 2.153 2.342 2.158 2.178 2.065 2.179 0.010
9 2.160 2.365 2.155 2177 2.060 2.171 0.007
10 2.166 2.389 2.153 2.179 2.058 2.170 0.007
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W& A W BIRIN, BB L e
AR KF &St ge.

MIE 9~11 7] PAF i, KF FER A 350 4
B BT LA, H RMSE i 48 sl 85 24
2cm; i UCKD FFEX} 350 AT B Bl 4k 10
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Fig.11 Three algorithm of RMSE variation
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