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INTRODUCTION

We develop a dynamic system identification model to identify
relationships among simultaneously recorded electroencephalography
(EEG), electromyography (EMG) and force signals measured from 12
participants performing haptic interactions with 3D printed surfaces
having different textures. In the first stage, we solve for the maximum
likelihood (ML) parameter vector of a vector autoregression model
(VAR) to estimate the latency between endogenous time variables. In

Grid search is utilized to estimate the latency responses that minimize
BIC, consequently maximize log likelihood.

After synchronization stage, for each different combination of system
input series a model order (lag order) was selected based on BIC scores.
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Preprocessing: Recorded EEG data were digitized with 1200Hz

sampling rate. EEG signals were filtered using a 4th order notch filter
with corner frequencies of 58 and 62 Hz, and an 8th order bandpass
filter with corner frequencies of 2 and 62 Hz.
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The major drawback of the
proposed linear model is that the

Given signals from 14 EEG and 4 EMG channels and force
measurements from x, y and z dimensions, a VAR model of order P is,
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We solve for the ML parameter vector of the autoregression model as,
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Heatmaps for BIC scores at different haptic force-EMG and EMG-EEG
latencies reveal latency between the input series:

CONCLUSION
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1 a0 simultaneously recorded during haptic stimulation. Specifically, we
o i;gh estimate the lag order of the model and the latency between data from
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Then: (i) we employ the proposed method to quantify the dependencies
among the different modalities, and (ii) test the capability of the
proposed method in one-step-ahead prediction




