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Abstract— High density implantable microelectrode arrays
record large amounts of highly correlated data, which causes
large strains on limited bandwidth telemetry systems. Previous
work has shown that the use of a spatial filter can significantly
reduce the number of channels that must be transmitted to
adequately represent the data. However, the limitations on
power and size for an implantable neuroprosthetic device
impose significant limitations on the computational complexity
of the spatial filter. We assess the performance of the floating
point operations of spatial filtering and show that it can be
approximated to integers with negligible losses to signal fidelity,
thus reducing the computational complexity.

I. INTRODUCTION

H igh density microelectrode arrays (MEAS) are becoming
increasingly popular for recording large ensembles of
neurons in the brain. The current generation of
neuroprosthetic devices that utilize MEAs is capable of
simultaneoudly recording and decoding neural information
from hundreds of neurons. Paving the way, however, for
fully implantable high density MEAs requires more
sophisticated signal processing to be implemented at the
front-end to enable only the useful information to be
transmitted. The current generation of these devices is only
capable of transmitting a handful of channelsin real-time due
to telemetry bandwidth restrictions. Increasing the number of
channels for a fixed bandwidth amounts to an increased in
latency and compromises the real time performance.

A viable solution to reduce bandwidth requirements is to
detect neuronal spikes prior to telemetry. Spike detection
contains a large portion of the neural information sought, but
may not yield an ultimate solution to the latency problem
when the number of channels is considerably large, save that
spike detection is a complex task when neural nonstationarity
is encountered.

Previous work [1] has shown that the data recorded has
considerable temporal and spatial redundancy. This
correlation can be exploited to reduce the required
bandwidth. By implementing a spatial whitening filter, the
number of channels that need to be transmitted can be
considerably reduced. An optimal solution for whitening the

recorded data requires floating point operations.
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While this operation can be managed with state-of-the-art
DSP chips, a custom designed integrated circuit that
conforms to the size and power constraint of an implantable
device is better suited. To enable implementing the
whitening process in ASIC, integer fixed point operations is
highly desired because of the amount of memory,
multiplications and additions are considerably reduced.

This paper describes the whitening process of recorded
neural data and the various types of approximations
introduced to enable real-time hardware implementation. We
further assess the impact of these approximations on signal

integrity.
[1. THEORY

A. Array Model

The observation model for the multielectrode data
assumes that P signal sources impinge on an array of M
electrodes within the recording interval T =[t;,...,ty]. The

observation matrix is expressed as
Y=AS+Z Q)

where AT AM"P denotes the mixing matrix that expresses
the array response to P neural sources, ST AP N denotes

the signd matrix, and ZT AM' N denotes a zero-mean
additive noise component with an arbitrary spatial and
temporal correlation [2].

B. Whitening Process

The redundancy caused due to observing the signals with
multiple closely spaced electrodes can be reduced using
advanced signal processing techniques. A spatia filter
decorrelates the data by aggregating the signal energy spread
across many physical channels to a few principal channels
that can be further filtered and compressed. This process is
known as whitening the data, while the inverse process will
be referred to as coloring the data.

Decorrelation in space can be optimally achieved [2] by
first estimating the sample spatial covariance matrix of the
data as

B= L Yy @
YUND
n=1
where yn]T AM ' is the array snapshot at time sample n,

and N denotes the length of time interval from which the



filter is estimated. This covariance can be further
decomposed using singular value decomposition (SVD) to
yield

M
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where /,, denotes the m" eigenvalue corresponding to the

m" diagonal entry inand U, =[u,, u,, ,u,]T A""
comprises the eigenvectors spanning the column space of
Ry . The whitening process is performed by the following
matrix multiplication

Y =ULY 4
The matrix U, is the optimal whitening matrix and its
entries are generally represented by floating point numbers.

C. Low Rank Approximation
One way to reduce the number of transmitted channels in

V is to use low rank approximation (LRA) [2] to shrink the

sum in (3) to only the principal channels comprising most of
the signal energy. This is guaranteed if PEM and the P
signal sources have orthogonal waveforms. However, in a
typical neural recording experiment, both conditions are
often violated. Spike waveforms from distinct neurons are
generally not orthogonal amongst each other [3][4], and
typically the number of single units recorded exceeds the
number of electrode channels [5]. Nevertheless, the principal
role of the spatial processing stage is not to sort out the
distinct signal sources, but rather reduce the overall signal
energy impinging on the M channel array to a much smaller
number of principal channels, say Q<<M, that can be

encoded and transmitted, thus reducing the required
bandwidth.
Performing a LRA on (4) is equivalent to zeroing out the

M-Q rightmost columns of U,. This is denoted as

Uo =[uy, Uy, ,Ug.0,..,0, o]T AM M. If the data is

whitened using U, the mean square error between the
original data and the reconstructed data is defined as
2
eLRA(Q): (Y' UgYUo) (5)
Thiserror decaysto zerowhenQ M.

D. Integer Approximation

The hardware constraints imposed by implantability
requirements relies on the minimization of chip size and
power consumption. Typically, the computations being
undertaken on chip require the elements be processed and
stored in quantized integer format. Since the whitening
process defined in EQ. 4 is a floating point process, the

coefficients of U, must be approximated to integers to
reduce the hardware complexity of the whitening process.

This creates a hardware-friendly whitening filter, which will
bereferredtoas U - .

Quantizing the filter amounts to expressing the real
numbersinU 4 by their quantized values as

.\ floor|2% Ui, j

UHF(I’J): ( 58 O( J)) (6)
where B is the number of bits for quantization. It should be
noted that the smaller B is, the more size and power efficient
the hardware implementation is. Thus, a trade off arises
between the resulting error from selecting a suboptimal B
and the system performance. The following example
illustrates the process of quantizing the Spatia Filter. A

sample U, is approximated to U - with B=3 and B=5
bits.

B=3 B=5
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It is obvious from the first row of the example that the
error between quantizing to 3 bits versus 5 bits can be
substantial. The error from approximating the coefficients of

to U, the hardware-friendly U - will be defined as

e (B)=(v-urvu,. f ()

This error occurs due to the loss of orthonormality when
approximating U  to integers.

To smplify the hardware to perform the spatial filtering,

the denominator of U, . can be moved outside of the

matrix, leaving an integer multiplication. To perform the

divison, a simple hardware truncation is performed by

dropping the least significant bits, and is equivalent to eq. 9.
T

Y¢= floor YeeY (8)
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The error due to the loss of the decimal places will be
defined as

ex(8)=(Ve V) ©

The ideal signal processing situation when performing
LRA is to perform the entire whitening process, and then
determine the principal channels Q via thresholding. This
approach is hardware intensive, as each sampling interval
requires M Zmultiplications Since it is expected that
Q<<M, if Q isdetermined in advance, only M~ Q
multiplications need to be performed. Reducing Q also
reduces the amount of bandwidth required to transmit the
neural data. Additionally, only M~ Q coefficients of the

spatial filter need to be stored in memory, further reducing
the amount of hardware required for Spatia Filtering.



However, as Q is lowered, € g, increases. Additionally, if
U, is replaced with U -, a low rank approximation of

U, then €, increases as a function of €, . The error
dueto IA and LRA is defined as

2
€nra(Q B) = (Y -UYU, )
Thiserror decaysto €, whenQ M.

The tota error is equal to the superposition of all of the
individual errors incurred in the implementation of the

spatial filter, i.e.
;
UZH;Y U, /2,,

This error is indicative of the hardware friendly spatial
filter performance. In the actual hardware implementation,
the three types of errors are interdependent.

(10)

(11)

€ia+LRATR (Q, B) = Y- floor floor

I11. RESULTS
Fig. 1 compares four of the errors listed in this paper as a
function of the number of bits B used for quantizing U - .
Note that g, isnot afunction of B, and is included to show

that the hardware performance approaches that of the
floating point optimal whitening filter. Additionally, for
lower bit values, the effect of truncation, illustrated by e,
is larger then when it is combined as with low rank
approximation, as e, ..x- T1NiS interesting fact arises
because the truncation of the whitening filter has a larger
effect on smaller coefficients, and thus LRA minimizes the
effect of e, for smaller levels of quantization.
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function of B. M=8, P=8, Q= 3.

Fig. 2 compares the use of LRA with Uy to U,

quantized to 3, 4 and 5 bits. We notice that for the case B=3,
the error decreases for Q/M < 0.3 for which the LRA error
component dominates. For Q/M > 0.3, the error increases
because the number of multiplications is increased and

therefore is more influenced by the IA and TR errors.
Increasing the quantization resolution to 4 bits helps reduce
the IA and TR errors significantly up to Q/M < 0.7. Lastly,
resolution of 5 bits stabilizes the error surface significantly
and approaches the optimal floating point performance,
which trandates into substantial savings in computations and
memory requirements.
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Fig. 2. A comparison of €ra and e
B=3,4 and 5. M=32, P=32.
Fig. 3 shows a comparison between the optimal spatial
filter U and the quantized spatial filter U, with B=3.

The activity of seven distinct neurons can be discerned in the
original data displayed in Fig. 3a. Careful examination of the
neural traces reveals that event ‘A’ can be detected on al 8
channels, with various SNR, while event ‘B’ can be reliably
detected on the bottom 4 channels. In the optimal spatial
filtering case, illustrated by Fig. 3b, the energy of event ‘A’
is completely contained in the first principal channel, while
the energy of event ‘B’ extends to the first three principal
channels. Despite this mismatch, it is clear that the spatial
whitening process has a large effect on reducing the total
number of channels that need to be transmitted. For the
quantized filter case, illustrated by Fig. 3c, we can see that a
large amount of energy is condensed into the first principal
channel in for event ‘A’, however, energy also exists in all
channels for this event. How much of this energy is actually
needed for adequate signal representation depends on the
acceptable loss to signa fidelity. Additionally, some of this
energy may cause more error, asillustrated by Fig. 2.
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Fig. 3. (8) 100 ms of experimental data across an 8-channel electrode array
before, (b) after optimal filtering with Uy and (c) quantized filtering with
Uy with B=3. The datain the top panel indicates that the number of

channels from which datais to be transmitted has been effectively reduced
from 8 to 3 for optimal filtering. Two events ‘A’ and ‘B’ are boxed to
illustrate the additional energy that is spread across all channels due to
integer approximation of U o

IV. CONCLUSION

Practical considerations in the implementation of a spatial
filter for decorrelating highly redundant neural recordings
have been discussed. It was shown that three types of errors
are encountered that render the filter to be suboptimal. The

effects of quantization on Low Rank Approximation have
been investigated. In the case where the electrode array is
closely spaced such that large correlation is observed,
guantization of the filter coeffcients to 3 bits is acceptable
for channel compression ratios of up to 30%. When the array
is largely spaced such that no significant correlation is
observed, quantization to 5 bits seems a reasonable choice
compared to the optimal floating point representation. The
proposed design was motivated by the need to efficiently
process highly correlated neura recordings from high-
density implantable neuroprosthetic devices. The anticipated
reduction in chip area and power consumption without
reducing the performance to a noticeable degree strongly
suggests that the proposed spatial filter design is well suited
for implementation in next generation neuroprosthetic
devices.
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