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Abstract— Brain Machine Interfaces (BMIs) mostly utilise
spike rate as an input feature for decoding a desired motor
output as it conveys a useful measure to the underlying neuronal
activity. The spike rate is typically estimated by a using non-
overlap binning method that yields a coarse estimate. There
exist several methods that can produce a smooth estimate
which could potentially improve the decoding performance.
However, these methods are relatively computationally heavy
for real-time BMIs. To address this issue, we propose a new
method for estimating spike rate that is able to yield a smooth
estimate and also amenable to real-time BMIs. The proposed
method, referred to as Bayesian adaptive kernel smoother
(BAKS), employs kernel smoothing technique that considers
the bandwidth as a random variable with prior distribution
which is adaptively updated through a Bayesian framework.
With appropriate selection of prior distribution and kernel
function, an analytical expression can be achieved for the kernel
bandwidth. We apply BAKS and evaluate its impact on offline
BMI decoding performance using Kalman filter. The results
show that overlap BAKS improved the decoding performance
up to 3.33% and 12.93% compared to overlap and non-overlap
binning methods, respectively, depending on the window size.
This suggests the feasibility and the potential use of BAKS
method for real-time BMIs.

I. INTRODUCTION

According to rate coding theory, information about be-
havioral tasks are contained in the neuronal firing rate, that
is the rate or frequency at which a neuron fires spikes.
Firing rate (also known as spike rate) has been the most
commonly used input feature for brain-machine interface
(BMI), a system that enables paralyzed patients control
external devices through their brain activity. In this type of
BMI system, the spike rate is commonly estimated using
simple binning method by counting the number of spikes
within predefined non-overlap bins [1]. Despite simple and
fast, this binning method results in a coarse or noisy estimate,
which may affect the decoding performance. By utilising
a smooth estimate of spike rate, the decoding performance
could potentially be improved. There exist several methods
that can yield a smooth estimate of spike rate by employing
automatic selection of optimal smoothing parameter, such
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as fixed and variable kernel smoothing techniques [2] and
Bayesian adaptive regression splines (BARS) [3]. However,
these methods require relatively long time computation time
with respect to real-time constraint of BMI applications. This
might be one of the reasons why there lacks of adoption
of smoothing techniques for spike rate estimation in BMI
setting. In light of this, it is desirable to have a method that
can produce a smooth estimate of spike rate while keeping
the computation time within the real-time constraint.

In this paper, we propose a new method for estimating
the spike rate, which is adaptive, automatic, and amenable
to real-time BMI. The proposed method employs kernel
smoothing technique with the bandwidth treated as ran-
dom variable and adaptively and automatically determined
under Bayesian framework. By selecting appropriate prior
distribution of bandwidth and kernel function, an analytical
expression of posterior bandwidth can be obtained which
reduces the computational complexity. The proposed method
is referred to as Bayesian adaptive kernel smoother (BAKS).
We apply the BAKS as input feature extractor for decoding
hand kinematics from neural data recorded from motor cortex
(M1) area of non-human primate (NHP). We investigate and
compare the decoding performance impacted by the BAKS
and binning methods under Kalman filter decoder. We also
compare the estimated computation time of both BAKS and
binning methods.

II. METHODS

BMI system used in this work is illustrated in Fig. 1.
The preprocessing steps include filtering raw neural data,
detecting spikes and sorting them into putative single cells.
Spike rate estimation is performed using BAKS or binning
methods before being fed to a decoding algorithm. Kalman
filter is chosen as it has been widely used as BMI decoder
and shown to yield a good decoding performance [4]-[6].

A. Bayesian Adaptive Kernel Smoother (BAKS)

BAKS estimates spike rate, A(t), by employing a kernel
smoothing technique which convolves a spike train p(¢) with
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where h(t) denotes adaptive (instead of fixed) bandwidth
parameter. The spike train is mathematically expressed as

p(t) = ot —1) 2)
i=1
where ¢; represents the spike time, n is the number of spikes,
and 0(t) is Diract function. By substituting Eq. (2) into
Eq. (1), we can obtain,
. n
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We propose a Gaussian kernel function and Gamma
prior distribution on the precision parameter (o (t)), where
o(t) = 1/h(t)2. Due to conjugate prior relationship, this
combination leads to analytical expression of the posterior
distribution. The Gamma prior distribution is given by
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where « > 0 is the shape parameter, 3 > 0 is the scale

parameter, and I'(«) is Gamma function. By the change-of-

variable formula and transformation technique, Eq. (4) can
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Using Bayes’ theorem, the posterior distribution of kernel
bandwidth, 7w (h(t)|p(t)), can be computed by
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where f(p(t)|h(t)) represents an approximation of likelihood
function based on Gaussian kernel, which is formulated as
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By substituting Eq. (5) and Eq. (7) into Eq. (6), we can
obtain analytical expression as follows
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Under squared error loss function, the adaptive bandwidth
estimate can be computed by
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Graphical representation of BAKS

The adaptive bandwidth in Eq. (9) is then used for spike rate
estimation in Eq. (3). The complete derivation of bandwidth
posterior distribution and the adaptive bandwidth estimate are
provided in [7]. The graphical illustration of BAKS method
is depicted in Fig. 2. The circular blocks denote continuous
variables, and rectangle blocks denote discrete variables.
Shaded blocks represent observed variables, whereas white
blocks represent hidden variables. Solid and dashed arrow in-
dicate Bayesian modeling and inference phase, respectively.
Parameter o and ( in the BAKS method are set to 4
and n*/>, where n represents the number of spikes. This
parameter setting follows the work described in [7].

B. Kalman Filter

Kalman filter is a popular decoding algorithm and has been
applied in many BMI research [6], [8]-[10]. Kalman filter
assumes that neural activity (i.e. spike rate) is linearly related
to hand kinematics plus Gaussian noise, mathematically
expressed as

ar ~ N(0,Qg)

where zj, is spike rates with size of D x 1 calculated every
discrete time point k& with interval At (4 ms in this study),
and D is the number of cells. Hand kinematics used in this
work include horizontal and vertical position, velocity, and
acceleration ([z,y, vy, Uy, @z, ay]i). Hy is D x 6 transfor-
mation matrix, g is neural noise vector and Qy is D x D
neural noise covariance matrix.

Hand kinematics dynamically evolves from previous state
according to linear transformation with Gaussian noise for-
mulated as

zr = Hpxp + qg, (10)

wi ~ N(0, W) (In

where A denotes 6 x 6 transition matrix between kine-
matic states and wj is process noise vector. Parameter
A, Wy H;, and Qy are estimated using a least square
regression on the training data as described in [11].

Xpt1 = ApXp + Wy,

C. Neural Dataset and Behavioural Task

In this study, we use three datasets associated with three
different sessions each with duration of 13, 14, and 15
minutes and number of cells of 218, 221, and 221, respec-
tively. These datasets correspond to neural data from motor
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Fig. 3. Comparison of RMSE of z- and y-velocity predicted by BAKS
and binning methods. Error bars indicate 95% confidence interval.

cortex (M1) of monkey I recorded by Sabes Lab [12]. The
neural data were acquired using 96-channel Utah array while
the monkey performing self-paced reaching tasks without
gaps or pre-movement delay intervals. Finger position in
x-y coordinates was sampled at every 4 ms. Velocity and
acceleration were computed from first and second derivative
of position. The concatenation of position, velocity, and
acceleration are referred to as hand kinematics. Neural data
acquisition setting, spike detection and sorting are described
in [13].

D. Performance Metrics

To assess the decoding performance impacted by the
BAKS and binning methods, We use two common metrics,
which are root mean squared error (RMSE) and coefficient
of correlation (CC). These metrics are respectively computed
using the following formula:

RMSE = [(2Y, (6, - 0)?) /]
S (s — 9)(6: — D)
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where 0; and v; represents predicted and true velocity at time
step 4, respectively and N is the total number of samples.
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III. RESULTS

We divided each dataset into 10 chunks of data and
performed 10-fold cross validation. The 8 chunks of data
were used for training the Kalman filter, and the remaining
chunks of data were used for validation and testing. Training
was done to find the optimal parameter of Kalman filter while
validation was performed to find the optimal lag between
the hand kinematics and spike rate by minimizing RMSE
between predicted and true kinematics. All the program
codes were written in Python 2.7 and run on Linux OS 64-bit
machine with Intel Xeon CPU E5-2680 v3 @2.50 GHz.
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Fig. 4. Comparison of correlation of z- and y-velocity predicted by BAKS
and binning methods. Error bars indicate 95% confidence interval.

We tested the trained Kalman filter using spike rates
estimated from both BAKS and binning methods, each
with two different schemes: non-overlap and overlap. We
compared the decoding performance impacted by the spike
rates from these schemes under different window size
{8, 20, 40, 60, 80, - - - , 260, 280, 320, 360,400} ms. The pre-
diction was computed at 4 ms timescale. The Kalman
filter predicts kinematics variables (position, velocity, and
acceleration) in x-y Cartesian coordinates. However, in this
paper, only the decoding performance of z- and y-velocity
are shown.

The summary of performance comparison between the
BAKS and binning methods from three datasets are illus-
trated in Fig. 3 and Fig. 4, respectively. In all cases, the
BAKS method consistently outperformed the binning method
for both RMSE and CC metrics as shown in Fig. 3 and 4.
In the case of non-overlapping scheme, the optimal window
size is between 120 — 280 ms; while for the overlapping
scheme, the optimal size is between 360 — 400 ms. The
improvement made by the BAKS increases as the window
size increases. The maximum average performance improve-
ment by the non-overlap BAKS over the non-overlap binning
is 3.33% (2.24%) for RMSE (CC). The maximum average
performance improvement by the overlap BAKS over the
overlap binning is 2.36% (1.75%) for RMSE (CC). When
comparing the overlap BAKS with non-overlap binning, we
can obtain maximum average performance improvement of
12.89% (12.93%) for RMSE (CC).

The computational complexity reflects the execution time.
To give an indication of the computational complexity of the
BAKS compared to the binning method, we computed the
time needed (i.e. elapsed time) by each method to produce
the spike rate estimate given a single spike train under
different window size. We used Python function time() to
compute elapsed time of BAKS and binning method through
multiple iterations. We computed the average elapsed time
of each method and its 95% confidence interval which is
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Fig. 5. Comparison of elapsed time between BAKS and binning methods.
Error bars indicate 95% confidence interval.

illustrated in Fig. 5. As the window size increases, the
binning method on average takes relatively constant elapsed
time, that is 11.8 £ 0.7us (12.4 £ 0.7us) for 8 ms (400 ms)
window size. On the other hand, the elapsed time of the
BAKS method increases as the window size increases. The
BAKS takes an average of 16.1+1.1us (117.2+£14.9us) for
8 ms (400 ms) window size. This corresponds to 1.37 —9.46
times slower than that of the binning method. Even though
BAKS method requires larger elapsed time, this value is still
amenable to real-time application.

IV. DISCUSSION

This study demonstrates that employing a smoothing
technique for spike rate estimation is able to improve the
decoding performance. This improvement is consistently
observed for different window size. This smoothing may act
as ‘denoising’ input signal for the decoder to provide better
regularization. Performing binning method in an overlapping
fashion can also be considered as simple smoothing tech-
nique, which also provides performance improvement over
the non-overlap counterpart. Our results are in agreement
with the previous study [14] showing that a smooth estimate
of spike rate can provide an improvement over simple
binning method.

Our proposed method, BAKS, allows for a smooth esti-
mation of spike rate in finer timescale. Some studies suggest
that faster control rate and feedback rate, which corresponds
to finer time scale, may improve the decoding performance
[5], [15]. The BAKS method computed in an overlapping
fashion provides significant improvement compared to non-
overlapping binning. This improvement comes at the expense
of increased execution or elapsed time. In this study, we
have not imposed any optimization on our implementation
codes. We may reduce the elapsed time by using optimization
technique. This work only compares the performance under
offline BMI decoding which does not directly translate
into similar improvement in the online BMI setting. In
addition, we only use Kalman filter decoding algorithm for
performance benchmark. A more thorough assessment of

the impact of BAKS to BMI decoding performance under
different decoding algorithm will be performed in the future
work. In addition, it is also of interest to apply BAKS and
evaluate its impact to decoding performance in online BMI
setting.
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