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Abstract

Modern brain-computer interfaces and neural implants allow interaction between the tissue, the
user and the environment, where people suffer from neurodegenerative diseases or injuries.This
interaction can be achieved by using penetrating/invasive microelectrodes for extracellular
recordings and stimulation, such as Utah or Michigan arrays. The application-specific signal
processing of the extracellular recording enables the detection of interactions and enables user
interaction. For example, it allows to read out movement intentions from recordings of brain
signals for controlling a prosthesis or an exoskeleton. To enable this, computationally complex
algorithms are used in research that cannot be executed on-chip or on embedded systems.
Therefore, an optimization of the end-to-end processing pipeline, from the signal condition on the
electrode array over the analog pre-processing to spike-sorting and finally the neural decoding
process, is necessary for hardware inference in order to enable a local signal processing in real-time
and to enable a compact system for achieving a high comfort level. This paper presents a survey of
system architectures and algorithms for end-to-end signal processing pipelines of neural activity
on the hardware of such neural devices, including (i) on-chip signal pre-processing, (ii)
spike-sorting on-chip or on embedded hardware and (iii) neural decoding on workstations. A
particular focus for the hardware implementation is on low-power electronic design and
artifact-robust algorithms with low computational effort and very short latency. For this, current
challenges and possible solutions with support of novel machine learning techniques are presented
in brief. In addition, we describe our future vision for next-generation BCls.

Used abbreviations CIFF Cascade of Integrators with
Feed-Forward

AC Alternative Current CL Competitive Learning

ADC Analog-Digital Converter CMOS Complementary

AFD Aligned first derivative Metal-Oxide-Semiconductor

ASIC Application-Specific Integrated CPU Central Processing Unit
Circuit CNN Convolutional Neural Networks

ASO Amplitude Slope Operator DAC Digital-Analog-Converter

AT Amplitude Thresholding DBS Deep Brain Stimulation

BCI Brain-Computer-Interfaces DC Direct Current

CAR Common Average Reference DSL DC Servo Loop

CAOM Cluster Accept and Merge ECoG Electrocorticography

CCA Canonical Correlation Analysis EDO Electrode Drift Offset
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EEG Electroencephalograph

EMG Electromyography

ENOB Effective Number of Bits

EF Error Feedback

EOC End of Conversion

ESN Echo State Network

FE Feature Extraction

FIR Finite-Impulse-Response

fMRI Functional Magnetic Resonance
Imaging

fNIRS Functional Near-Infrared
Spectroscopy

FSDE First and Second Derivative Extreme

FPGA Field Programmable Gate Array

GANs Generative Adversarial Network

IIR Infinite-Impulse-Response

KF Kalman Filter

KLDM Kullback-Leibler Divergence
Minimization

LSB Least Significant Bit

LFADS Latent Factor Analysis via Dynamical
Systems

LSTM Long Short-Term Memory

MA Mean Absolute

MAD Median Absolute Derivation

MEG Magnetoencephalography

MCU Microcontroller

MSB Most Significant Bit

MEA Microelectrode Array

NEO Nonlinear Energy Operator

NS-ADC Noise-Shaping ADC

NTF Noise Transfer Function

LFP Local Field Potentials

OSR Oversampling Ratio

OTA Operational Transconductance
Amplifier

PCA Principle Component Analysis

PDAC Peak Detection with Area
Computation

PVT Process, Voltage and Temperature

rEFH Recurrent Exponential-Family
Harmonium

ReFIT-KF Recalibrated Feedback
Intention-Trained KF

RMS Root-mean-square

RNN Recurrent Neural Networks

SAR Successive Approximation

SDA Spike Detection Algorithm

SES Salient Features Selection

SNN Spiking Neural Networks

SNR Signal-to-noise ratio

SVD Singular Value Decomposition

SVM Support Vector Machines

™ Template Matching

Q-RNN Quasi Recurrent Neural Network

VCM Common-Mode Voltage

VKF Velocity Kalman Filter

WD Window Discrimination

ZCA Zero-Phase Component Analysis

1. Introduction

Neurodegenerative diseases and injuries of the
nervous system result in a reduction in the quality
of life of patients. For many of these diseases, there
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are currently no long-term cures or treatments avail-
able. Today, neural devices can relieve symptoms and
substantially increase patients’ quality of life.

e Patients with Parkinson suffer from uncontrollable
tremors, leading to significant restrictions in every-
day movements. One treatment option is the deep
brain stimulation (DBS) of the midbrain, in which
dopaminergic neurons in the substantia nigra are
stimulated electrically to recover motor control and
reduce tremors [97].

e Patients with Retinopathia pigmentosa go blind in
the long term due to the death of the photosensit-
ive cell layers. Retinal implants with recording and
stimulation capabilities can be used to restore sight
by translating a data stream from an external cam-
era into neural signals of the retina via electrical or
optical stimulation [45].

e Spinal cord injuries can often cause severe para-
lysis which leads to restricted freedom of move-
ment. By recording the activity of motor neurons
in the brain, it is possible to predict movement
intentions and control an exoskeleton [50] or a
prosthesis [33].

o Patients with severe paralysis or cognitive disorders
can also suffer from speech impairments, resulting
in social isolation and a strong reduction in their
quality of life. Here, brain-computer interfaces
(BCIs) in the motor cortex can be used to record
neural population activity and directly decode
intended speech or handwriting patterns [138].

In all of these cases, a reliable and real-time closed-
loop signal processing of neural activity is neces-
sary. In addition, a deeper understanding of neural
information coding in different brain structures is
required to further optimize decoder techniques. This
would enable improved recognition of movement
intentions or speech patterns to control an actuator
or enhance targeted neurostimulation for haptic feed-
back or restoration of impaired sensory. To allow the
seamless integration of such approaches into regu-
lar daily life advances in the implementation of end-
to-end processing pipelines and Al-powered decod-
ing techniques for on-implant and wearable neural
devices and BClIs are needed. With increased num-
ber of electrodes it is necessary to move the pro-
cessing to the brain, because sending all digitized
raw data from all electrodes would damage the tis-
sue due to the needed transmission power. Thus, the
number of features should be reduced as much as
possible. Therefore, the main challenge is to trans-
fer the methods from a remote processor to resource-
restricted hardware platforms, like an application-
specific integrated circuit (ASIC) which have the
highest power efficiency and the highest resource-
optimization. There, the algorithm have to be optim-
ized on their power consumption, computational
resources (memory, area) and latency. Thus, the
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memory and computational effort have to be minim-
ized to fit on small devices with low power techniques.
In addition, the algorithms need to be adaptable to
allow robust performance over long time scales.

To achieve high accuracy and long-term robust-
ness during runtime, sophisticated signal processing
algorithms must be used which can be supported by
state-of-the-art machine/deep learning techniques,
A neural decoder is then used to isolate the relev-
ant information in the biological neural network.
Depending on the neural structure, different decoder
techniques are required. Also, neural decoders can be
used for adaptive or closed-loop stimulation to adjust
the stimulation parameters during runtime to induce
specific neural response patterns [71].

This survey paper provides an overview of system
architectures and techniques for achieving a signal
processing in BCIs by using penetrating microelec-
trode arrays (MEA). Here the techniques on differ-
ent hardware platforms (workstation, embedded, on-
chip) of the end-to-end pipeline are discussed, from
the analogue pre-processing stage with recording the
neural input, spike sorting with spike detection, fram-
ing, feature extraction and clustering through to
decoding movement intentions. The structure of this
review is as follows: Chapter II explains the neural
input, the pipeline and the corresponding require-
ments for the hardware implementation in more
detail. Chapter III mentions methods for analogue
processing with a focus on quantisation. Chapter IV
covers neural signal pre-processing with spike sorting.
Chapter V presents methods for neural decoding of
motion intentions and chapter VI gives a brief out-
look on future work.

2. Concept of an end-to-end BCI

This section introduces the basics of neurosignals and
the steps of a neural signal pipeline using in invasive
BCIs. Therefore, this section is divided into (a) char-
acteristics of detectable neurosignals, (b) a high-level
description of a possible distributed system architec-
ture of a neural signal processing pipeline and (c) an
overview of the corresponding challenges and design
requirements. This knowledge is still necessary for
the next sections. Also, we also discuss two operation
modes, offline versus online processing and their use
cases.

2.1. Characteristic of neural signals

Brain activities can be captured via invasive techno-
logies like penetrating microelectrode array (MEA),
e.g. in the motor cortex [125]. From recording extra-
cellular neural activities, two important biosignal
features are available on each electrode channel:
Local field potentials (LFP) and action potentials
(or spikes). The LFP is the recording signal of the
constructive superposition of many neuronal activ-
ities inside the neural tissue. Typical characteristics
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Figure 1. Timing of an extracellular spike waveform
recorded from one channel of the invasive
microelectrode array.

of this signal are peak-to-peak amplitudes Upp in
the mV-range with low-frequency reactions in the
time domain (U, < 10mV,0.2Hz < f< 200Hz).
Spike activity serve as a stimulus transmission
between individual neurons and are used for inform-
ation transmission in neuronal networks (Upp <
500 pV,100Hz < f< 7kHz). Figure 1 shows an
example of a spike waveform from extracellular
recordings. Such types of spikes have typical values
peak-to-peak amplitude up to 300 4V within a time
window range between 1.2ms and 1.8 ms.

In general, the spike shape depends on sev-
eral factors of (i) electrode-tissue behaviour Hy; .
(healthy of the tissue, distance between electrode
and neuron), (ii) impedance characteristic from the
electrode, and (iii) characteristics of the analog pre-
processing (noise, gain, filtering, input impedance).
Formula (1) shows the input signal present at the pre-
amplifier, which is the sum of (i) the noise voltage U,
through tissue/electrode and electronics and (ii) the
voltage of the extracellular activities U,,,. The extra-
cellular input is attenuated with

Z

U (H==—2__.U_()+U(1). 1
fm,pre() Zpre+Zelec —ext() fn(> ( )

Therefore, the shape of the measured waveform from
one neuron should be similar to the last few wave-
forms except for noise. However, the waveform may
change over time due to electrode movement result-
ing in changed tissue impedance [7].

Typical values from recordings MEAs, like the
Utah array by Blackrock Systems or Neuropixels by
University College London, have an electrode imped-
ance Z,.. in the upper kQ)-range (e.g. Neuropixels
with 149k at 1kHz [22]). What these MEAs have
in common is that the electrodes have a high imped-
ance and a diameter of a few pm. This is necessary
in order to be able to record neuronal activity well
with high-density probes. For achieving a high signal
quality, it is important that the input impedance of
the pre-amplifier is 10-times larger than the electrode
impedance.
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Figure 2. Illustration of an end-to-end neural signal processing pipeline from sensing the input from by multi-electrode array
(MEA) over the analogue processing, the spike sorting as neural signal pre-processing and the neural decoding for readout the
movement intentions from the motor cortex to control a prosthetic hand.

2.2. Signal processing pipeline
In processing the spike activity of the extracellu-
lar recordings, the activities from multiple neurons
that are close to the same electrode are often meas-
ured together. Spike sorting techniques are therefore
used to detect and isolate neural signals from indi-
vidual cells. This is done by extracting various fea-
tures from the measured input signal, such as the
shape and magnitude of the spike waveform, and
then clustering the spikes that originate from dif-
ferent neurons. When electrodes are placed nearby
(<50 pm distance) the same spikes can also be
recorded by multiple electrodes, strongly facilitat-
ing clustering performance by taking into account
the spread of the spike waveform across recording
sites [93]). The amount of recorded neurons strongly
depends on the recorded brain region. For example,
26-47 neurons can theoretically be recorded within
a radius of 50 pm around each electrode tip of the
Utah array in the primary motor cortex in mon-
keys (neuron density varies from 50 000-90 000 neur-
ons per mm? [144]) and even higher neuron density
(300000 neurons per mm?) can be found in the rat
hippocampus [40]. However, due to tissue perturba-
tions upon electrode insertion and theoretical limita-
tions in isolating low-magnitude spikes, the number
of correctly identified neurons is usually limited to 8—
10 neuron units per recording site [89]. Ideally, spike
clusters map to individual neurons but in reality, the
spikes of multiple neurons with weaker signals can be
indiscernible and are therefore often combined in the
same cluster [102]. The identified clusters are there-
fore usually described as multi- or single-unit activity,
to indicate how likely they are to reflect the activity of
asingle neuron [93]. The clustering output results in a
so-called spike train, a sequence of time points where
spikes from a given cluster are detected.

Figure 2 presents a signal chain for processing
spike activities within an end-to-end BCI or mod-
ern experimental tools, like Utah-Array [124],

NeuroPixel probes [22] or NeuraLink’s BCI-
system [74]. In the following, the different steps
of processing the bitstream of high-density MEA
systems like NeuroPixels 2.0 (385 electrodes) are
presented.

Analogue processing: All electrodes of the implanted
MEA are connected to the recording front-end of
the implant, in which all signals are first passed
through the pre-amplifier, which removes some of
the unwanted disturbances (e.g. movement artefacts,
electronic noise) and the low-frequency LFP by band-
pass filtering. Subsequently, the filtered spike activity
can be digitized by an ADC with oversampling and
noise-shaping to reduce the quantization noise of the
ADC (signal in figure 2(2)). This raw data is sent
telemetrically to a remote processor device [100].
For transmission of the raw data, high data rates in
the upper MBit/s range are needed, which requires a
high data transmission bandwidth and leads to high
energy consumption. For example, the data rate per
channel is in a range of 0.43 Mbits ™! (NeuroPixels,
163.8Mbits™'  with 384 electrodes at 10-bit
and 30kHz) and 0.48Mbits™' (Blackrock Cerebus
combined with the Utah array, 184.8Mbits '
with 96 electrodes at 16-bit and 30kHz) by using
external data acquisition system. With an implant-
able data acquisition system for the Utah array, the
data rate is reduced to 0.16Mbits™' [39] which
provides long-term stable recording and strongly
reduces energy consumption [16].

Spike sorting: The generated bitstream is pre-
processed to reduce noise, artefacts, and cross-talk
between recording channels. The resulting signal
will be fed into the spike sorter pipeline. At this
point, via a spike detection algorithm, a spike frame
with the spike shape is captured from the bitstream
(example in figure 2(3)) and processed in the next
stage in order to determine the spike train. The spike
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Figure 3. Illustration of the neural signal processing of the end-to-end BCI from system point-of-view in which the pre-amplifier
has a voltage gain v, and the analogue digital converter (ADC) for on-chip processing.

sorter is responsible for separating different neur-
onal responses from each other and from non-neural
signals for each electrode usually implemented via
feature extraction (FE) and clustering (example in
figure 2(4)). In this process, specific characterist-
ics (e.g. signal area, mean values, eigenvalues) are
determined in a very computationally intensive way,
and subsequently applied for clustering or classific-
ation to enable separation of spiking signals from
individual neurons. To each detected time point of
a spike frame, the corresponding cluster or classi-
fication number (spike-identifier) is determined to
generate a spike tick (example in figure 2(5)). From
the bitstream, a sequence of spike times from indi-
vidual units is generated which serves as the input to
a neural decoder.

Neural decoder: The resulting spike sequences from
different neurons are then sent to the neuronal
decoder, to allow the interpretation of movement
intentions or responses to external stimulation from
the neural activity. Another task of the decoder is that
the detected spike frames can be assigned to the biolo-
gical neuron type via a database to adapt the function
of the existing neural structure. In addition, for long-
term robust signal processing, several sensor inputs
can be combined, e.g. EEG, ECoG, and LFP.

2.3. System design and requirements

The used modules of the end-to-end BCI pipeline
from the analog processing to the neural decoder can
be understood as a modular system. In each stage,
different methods can be chosen or cascaded to per-
form spike sorting and interpret the resulting neural
signals. Each module impacts the performance para-
meters like accuracy, latency, computational effort,
and total power consumption. For example, integ-
rating the spike sorter into a wearable platform or
ASIC could impair the sorting accuracy but signi-
ficantly reduce the data rate by up to 600-fold per
channel by directly transmitting spike trains instead
of raw data bitstream. Moreover, integrated spike

5

sorting strongly decreases the latency, and power con-
sumption of closed-loop applications. This survey
paper gives an overview of these modular methods
for performing spike sorting on different hardware
systems. Figure 3 shows an example of a state-of-the-
art end-to-end BCI which also describes the trend of
transferring all necessary algorithms from the remote
processor to the on-implant electronic. This can be
done in three stages. Firstly, they are developed on
workstations with high computational power and full
data quality (Datatype: float, high sampling rates, ...).
Secondly, the methods are optimized for a wearable
device with low computational power and quantized
input. Finally, more power-, memory- and latency
optimizations take place in order to implement these
methods into an ASIC for in-body neural devices.
For a unique comparison, we distinguish where the
calculations are performed because the position of
the computing platform favours different hardware.
Thus, we distinguish between (i) on-implant elec-
tronics, usually ASICs, (hereinafter referred to as
on-implant), (ii) an on-body wearable device, usu-
ally wearable computing platforms like MCUs and
FPGAs, (referred to below as wearable), and (iii)
a remote processing workstation (hereafter called
remote processor). Also, we differentiate between ii.a)
data processing in real-time (online) or ii.b) data
analysis after measurements (offline). In the future,
to increase patients’ life quality, the end-to-end BCI
pipeline should run on implanted hardware or wear-
able hardware. Therefore, this paper has three main
contributions.

o Classification of the used analogue processing for
digitizing neural activity.

e Classification of spike detection, feature extraction
and clustering algorithms for on-implant online
spike sorting.

e Share our vision on the future of on-implant online
spike sorting. Focus on the transition from remote
to wearable to on-implant online spike sorting.
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e Explanation of system architectures for neural sig-
nal processing in invasive BCIs.

The pipeline must be robust against environmental
changes which include artefacts from muscle activity
or electrical stimulation, modulation of signal shape
due to bursting spike activity [18, 81] or electrode
drift. The electrode drift changes in the signal shape
due to physical movements of the electrode in the tis-
sue. Some micrometers leads to a significant drop of
the amplitude.

3. Digitization of neural input

The first step for invasive BCls is to digitize the
input signal to enable neural signal processing, like
spike detection or sorting, in digital manner. Such a
recording front-end consists of analogue circuit and
the design is crucial for the whole signal processing
pipeline in wearable systems. The design choices have
a huge impact on the signal quality and integrity.
Thus, we discuss each component of recording front-
end in detail with the related requirements.

The analogue front-end of neural recording units
can be divided into three modules: (i) Amplification
and Filtering, (ii) Analogue-digital conversion and
(iii) Compressed sensing. The last case includes other
pre-processing techniques for artefact suppression
and data-rate reduction which is discussed in the
spike sorting chapter. At the end of this section, the
topologies of recording front-ends for different MEAs
is presented (low- vs. high-density). Figure 4 shows
these modules including the relevant circuit topolo-
gies and methods, which is described in the following.
In general, the research goal is to work on new sys-
tem topologies in which there is an optimum between
small chip area, low power consumption and low
effective input noise with simultaneously high accur-
acy and artefact suppression for the following pipeline
stages.

3.1. Analogue amplification and filtering

The module of amplification and filtering in figure 4
shows the related topologies. These pre-amplifiers
have a band-pass filter characteristic in order to
capture the neural input signal with the following
requirements.

e Input impedance: To avoid the signal attenuation
and damages at the electrode, the input impedance
of the pre-amplifier should be 10-times larger than
the electrode impedance to prevent charge trans-
fers into the electrode which causes an accelerated
electrode ageing (= 10 M(2).

e Input noise: To achieve high signal-to-noise ratios,
the effective input noise of the pre-amplifier U,
should be less then 5 x4V in the filter bandwidth
in order to have the electrode noise as a primary
source.

A Erbsloh et al

e Input offset: The pre-amplifier should be robust
against the electrode drift offset (EDO) and stim-
ulation artefacts which moves in the range up
to 100 mV [12].

For this, a simple amplifier can be realised with a
one-transistor inverter, but this topology is highly
sensitive to process, voltage and temperature vari-
ations (PVT). Also, the output voltage is very sensitive
against changes on the power supply and it requires a
DC voltage at the input for setting the working point
which is not recommended for use in neural record-
ing of high-density MEAs.

The impact of these drawbacks can be reduced
by using feedback circuits with operational transcon-
ductance amplifier (OTA) combined with differen-
tial signal processing. A often-used topology is the
capacitive-coupled amplifier with the circuit diagram
in figure 5(a). The midband gain is set over the capa-
city ratio Ciy/Cpp, and the corner frequency of the
low-pass fyp can be adjusted via the transconduct-
ance of the OTA g,, and the capacity load at the out-
put Cp. To achieve a high-pass corner frequency in
the lower Hz-range, high ohmic resistors in the T2-
range are realized with pseudo resistors but they are
highly PVT-sensitive [34]. In [20], a tuneable ver-
sion is presented which allows to modify the high-
pass corner frequency to the desired value and is PVT-
robust. In general, these amplifier topologies is often
used for low-power applications due to low charging
current of the high-impedance capacities. This results
in reducing the bias current of the OTA to values in
the nA-range in order to save power and chip area
by using the g,,/Ip design methodology. The final
OTA design depends on the desired noise character-
istic which requires large transistor areas of the load
and the differential stage in order to reduce the level
of thermal and 1/f noise. The disadvantages of this
amplifier is that (i) no DC input processing is pos-
sible and (ii) input impedance (Z,,. = (27 f Cin) ")
in the lower M{2-range are available. This range is not
sufficient to avoid a signal attenuation and a charge
transfer into the tissue.

To handle DC voltages, chopper-stabilized amp-
lifiers are more effective due to the modulation and
the demodulation of the input signal. Chopping takes
place via polarity-shifting switches that perform amp-
litude modulation with a square wave function via
a digital clock. This causes a conversion from DC-
to AC-signal and the other way around. Here, the
carrier frequency is at the chopper frequency fu. In
order to minimize the output offset, the duty cycle of
the digital clock should be exactly 50%. At the out-
put of the amplifier, the signal is a DC signal again
and parasitic properties of the OTA (e.g. noise, off-
set, ...) are modulated up to fi, which can be removed
by a low-pass filter. This results in fewer design con-
traints of the OTA (smaller chip area and power
consumption with the same noise characteristics)
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frequency (single-ended) - (b) CMOS circuit of capacitive-coupled chopper amplifier with input impedance boosting at the input

in order to compensate the increased circuit com-
plexity. An auto-zero amplifier should be added in
order to improve the noise properties at very low
frequencies [90]. The disadvantages of choppers are
that (i) the input impedance is even lower than with
capacitive-coupled amplifiers (fo, > fiig) [60, 101]
and (ii) due to the switching of the parasitic capacit-
ies from the switches, the charge current will gener-
ate voltage ripples on the output. The impact of (ii)
can be reduced by using small transistors and redu-
cing the chopping frequency fa, [25].

Figure 5(b) shows the CMOS circuit diagram of
the chopper-stabilized amplifier for neural applica-
tion [79, 91]. Chopping takes place around the first
low-noise OTA stage with a settable gain over the
ratio Ci,/Cp. A DC servo loop (DSL) is used in the
feedback for applying a high-pass filter characteristic
in order to eliminate the electrode drift offset (EDO)
in the range of £100mV. The desired corner fre-
quency depends on the 0 dB-frequency ((Rp Cine) ™)
of the integrator and the integrator gain Cgz /Cy,. The
low-pass filter corner frequency is set by the OTA con-
ductance g,, and the load capacity Cy, at the output.

The capacity Cpc adds an high-pass filter for block-
ing charge currents due to the active DSL in order
to attenuate the ripples on the output voltage up
to 60 dB [11]. A further method to reduce output
ripples is to shift a time delay to the demodulator
clock signal by the time constant of the ripple.

The module of impedance boosting tackles the
problem of the low input impedance from previous
topologies. A boosting can be achieved by adding (i)
a positive feedback loop and (ii) an impedance buf-
fer. In the following, the two methods are discussed
briefly. The positive feedback loop is implemented
easily by an additional path from the gain feedback to
the input (left connection of the input capacity Cy,)
which decreases the effective input capacity by (1 —
Cp/Cr). The ratio Cpg,/Cq, must be nearly zero in
order to increase the input impedance and to avoid
instability [109] which can not be avoided absolutely
due to the PVT changes. To prevent this instabil-
ity problem, the method of impedance boosting can
be used. Here, an additional voltage buffer path is
included at the input in order to charge the input
capacity for certain time points of the chopping [100].
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This requires a changing of the modulator clock sig-
nal in which a dead time between each clock edge is
added. During this dead time, the input capacity are
charged from the buffers and in the rest time from the
electrode input. With this technique, the initial input
impedance can be increased exponentially by the ratio
of the chopping period T, to the dead time AT [109].
The bottleneck of this method is that using two differ-
ent voltage buffers occurs to different offset voltages
on both paths. This leads to ripple artefacts on the
output due to the DSL. A method to compensate this
is reported in [100] on which a fully-differential buf-
fer with with switching properties is used. The bene-
fits are a reduction of the offset voltage from mV-
range to uV-range and the offset on both signal parts
are identical.

A further reduction in chip area and noise proper-
ties of chopping amplifiers can achieved by changing
the amplification over the capacity feedback to a cur-
rent feedback [109]. Therefore, also the input capa-
city is lower then capacitive-coupled chopper ampli-
fiers which leads to reduced output ripples due to less
charge current at the input. In addition, a decoupling
between gain and input impedance is available.

3.2. Analogue-digital converter

After amplification and filtering of the neural activ-
ities, these signals can be converted from the ana-
logue domain into the digital domain for further pro-
cessing within the end-to-end BCI. Figure 4 shows
different analogue-digital conversion (ADC) tech-
niques for neural application. In general, after the
conversion the digital signal is presented over the
ratio of the input signal to the voltage of the least
significant bit (LSB) which depends on the applied
voltage reference AUy (= Uretp — Urety) and the
ADC bit-resolution N. The residual voltage Uy, —
Uapc is a converting error or defined as quantiza-
tion noise. For ideal converters, it moves in the range
of {—1/2,1/2}- Uigg. This has an impact on the
effective input noise of the whole recording pipeline
via (2).

Unamp\~ . (U, 2
Un,eff = \/Un,elec2 + (;aP) + <n1,/ADC>

To achieve a total effective input noise of 20 1V with
an electrode noise of 18 Vg and an amplifier noise
of 5 1Vfr, the input-related LSB voltage must be lower
then 7.74 uVeg. This can be achieved with an 15-bit
ADC atareference voltage AUsof 1.8 Vand againv,
of 20 V/V.

Figure 4 shows different techniques for analogue-
digital conversion. Regarding to these estimation
with the required bit resolution at sampling rates up
to 3 kHz with an high energy-efficiency, only the
methods of successive approximation (SAR) and delta
sigma converting (AY) are suitable for the neural
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applications applications. In the following, these two
topologies are presented shortly.

Figure 6(a) shows the setup of a first-order AY
converter. It integrates the difference between the
input signal and the feedback signal over time. The
corresponding output voltage is compared with a ref-
erence voltage by using a clocked comparator to gen-
erate a digital 1-bit bitstream D x. This digital sig-
nal updates the feedback voltage between the refer-
ence voltages { Uyetp, Uretn} of the ADC. This effects
in a regulation of the difference voltage on the input
to zero over the running time. In order to extract
the analogue information from the pulse-density bit-
stream, a low-pass filtering in the digital domain is
applied. This structure allows high bit resolution up
to 24-bit with high accuracies, but this requires a very
high oversampling rate (OSR) in combination with a
decimation filtering and it needs a high-order modu-
lator with multiple feedbacks to avoid stability prob-
lems. The big advantage of these structure is, that the
integration of the residual voltage A X causes a noise
transformation, where the quantization noise is shif-
ted from the low frequency range to higher frequen-
cies. Due to the low-pass filtering, the impact of the
shaped noise is suppressed. However, such converters
have a high static power consumption and are usable
in application for low sampling rates.

Figure 6(b) shows the setup of a SAR-ADC,
consisting of a comparator, a capacitive digital-to-
analogue converter (C-DAC) to generate an internal
reference voltage Us,, and the SAR logic. The advant-
ages of the SAR ADC are that the power consumption
is fully dynamic, the circuit complexity is lower and
the design can be transferred quickly to smaller tech-
nology nodes. The disadvantage is that the resolution
depends on the SAR logic and the bit resolution of
the C-DAC. The SAR logic performs the binary search
for driving the binary-weighted capacitances of the C-
DAC to generate the digital output Dapc in N con-
version steps. The aim of the binary search is, that the
difference between the input signal U, and the gener-
ated voltage signal Uy, is closely to zero. This search is
starting with the most significant bit (MSB) and it is
updated from the result of the comparator from each
conversion step. Control techniques of the binary
search like the splitting the MSB-arrays and common-
mode voltage (VCM)-based recovery [63] reduces the
energy consumption per conversion with 99,53% and
it leads to an area reduction up to 75% for the same
bit-resolution.

Nowadays, the integration of the noise-shaping
method into SAR ADCs is possible which results
into a higher effective bit-resolution, reduced quant-
ization noise (increased SNR) [48] and it enables
an error-reduction method. This type of convert-
ers combine the benefits from AX- (low noise) and
SAR ADC (higher speed, high energy efficiency, low
circuit complexity), which is a potential candidate
for edge computing in Internet of Things- (IoT)
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Figure 6. Electrical setup of (a) a delta-sigma analogue-digital converter (ADC) and (b) a successive approximation (SAR) ADC.
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Figure 8. Timing diagram of the Successive Approximation Analog-Digital Converter (SAR ADC) control with noise shaping of

the residual voltage AU after each conversion step.

and medical applications. In the following, the cir-
cuit implementation of a noise-shaping SAR-ADC
(NS-ADC) is presented shortly. The CMOS circuit is
shown in figure 7(a) with the corresponding timing
diagram in figure 8 of the control signals. In general,
the input signal can be applied to the top-plate and
bottom-plate of the DAC capacities. The benefit of
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the top-plate charging is that a higher linearity can
be achieved due to the lower parasitic capacities from
the fabrication point-of-view, but for input sampling
the input switches must be bootstrapped in order
to reduce the parasitic discharging of the transistor.
Important for the chopping pre-amplifier is that the
impact of chopper artefacts/ripples on ADC output
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can be reduced by shifting the transition of the chop-
per to the conversion phase. In this time duration,
the pre-amplifier is disconnected from the ADC input
via the bootstrapped switch [99]. The execution steps
of one full conversion including noise-shaping (addi-
tional circuits in the red box) are described below.

e Sampling: The conversion starts with the incom-
ing flag of the sampling clock signal. During
the sampling signal ®gy,, the top-plates of
the DAC-capacities are charged with the input
signals Uiy p,Uinny on each side against the
voltage Uem.

o Conversion: During the conversion, the bineary
search is performed for an N-bit ADC output in N
conversion steps. The most significant bit (MSB)
is decided directly in the first step over the sign of
the voltage difference from the input signals. In the
residual steps, the difference from the input signal
and the reference voltage is generated in depend-
ency of the results from the previous conversion
steps via setting the capacities. The corresponding
voltage shift depends data signal of each bit ®p (i)
of the active selection signal &g (7).

o Noise-shaping: After the conversion, the residual
voltage of the top-plate capacitances represents the
error voltage of this ADC sampling event. This
voltage will be stored on an additional capacit-
ance Cg, which modifies the comparator outputs of
the next conversion phase.

e End of conversion (EOC): After N conversion
steps, the data word Dy, (z) is determined and the
signal ®go( is active during the idle time before the
next conversion will be triggered.

For performing noise shaping, different types of pro-
cessing the residual voltage are available: residual
integration with a cascade of integrators with feed-
forward (CIFF) and residue compensation with error
feedback (EF). Both methods requires the residual
voltage AU after a complete conversion. It builds up
from the difference of the applied input voltage and
the determined SAR output Dq,, (see (3)).

AU= Uin (Z) - ULSB : Dsar (Z) . (3)

In CIFF NS-ADCs, the residual voltage is sampled
during the phase ®y and integrated during the
phase @i, Via a switched capacity circuit. This sig-
nal will be applied to the second comparator input
for the next conversion step in which the compar-
ator decision will be slightly adapted with the gain g,
in order to shift the comparator noise U, to higher
frequencies and to compensate DAC mismatches/er-
rors during the runtime. Figure 7(a) shows the CMOS
circuit diagram and figure 7(b) shows the signal flow
diagram of such a CIFF NS-ADC.
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=NTF

The effectiveness of the noise shaping depends on
the transfer function of the integrator H, in the
feedback. Formula (6) shows the digital output of
the NS-ADC with the output result in which the
noise transfer function (NTF) can be modified. With
an ideal integrator (H, = (1 —z"')"!) the NTF is
transformed into a first order high pass order. An
improvement can be achieved by increasing the order
number and by changing the transfer function in
order to fit an optimum between in-band noise
and out-of-band noise with FIR-IIR filtering [134].
Modern implementations are still using passive integ-
ration and summation in order to achieve minimum
power consumption and to have a scaling-friendly
technology [133].

Pl c+Pdac+Pcmp
FoM,, = —2£ == 7
Oy ZENOB'maX(f;) ( )
SNDR — 1.72dB
ENOB= > — /= (8)
6.02dB

GBW
FoM; = SNDR + 10 - log < P > 9)

tot

Important key metrics for the ADC characteriz-
ation are the Walden figure of Merit FoM,, and
Schreier FoM;. The Walden FoM in (8) describes
the power efficiency of ADCs in dependency of
power consumption for one conversion cycle X.P;, the
effective number of bits (ENOB) and the maximum
sampling rate. With NS-ADC, a minimum FoM,,
of 4.63 fJ/conv-step is achieved [118]. The FoM;
in (9) includes the harmonic distortion and SNR
to the speed and power consumption. Here, the
highest value of 183 dB are accessible. These values
are achieved with passive NS SAR ADC (CIFF) by
using capacitive stacking for summation and dynamic
floating inverting buffers for sampling the residual
voltage [133].

3.3. Compressing techniques
The last row of figure 4 shows some techniques
for using compressed sensing are shown. In neural
applications, an effective way to reduce the data rate is
the introducing of the event detection which can also
be used for event-based sampling. This can be done
with the integration of an analogue spike detection,
which is discussed in section 4.6.

Here, we want to mention the used compres-
sion technique in combination of an event detection
in [73]. They present a method for robust readouts
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and the low field potential from the neural input Ui, (7): (a)
Digital filtering - (b) Analogue filtering.

LFP

from massively parallel recordings with a data-rate
reduction of 40x, in which each channel of the MEA
has a single-slope ADC. The active readout of the
neural event takes place if the value of the ADC out-
put is outside of the estimated noise distribution. The
reconstruction of the event takes place on a wearable
device in order to reconstruct the spike waveform.

3.4. Topologies of recording front-ends

This section presents different often-used approaches
for neural signal processing. Figure 9 shows two
recording front-end topologies for different kind of
applications, in which the separation of LFP and spike
activity is done with filtering in digital domain (a) or
in the analogue domain (b).

The benefit of a) is, that the implementation is
very resource-efficient, in which the electronic of
these probes have only one pre-amplifier and one
ADC per channel or time-multiplexed-ADC for N
number of channels. The disadvantage is, that the
dynamic range of the LFP is dominant and higher
bit resolution are required for achieving a high res-
olution of the spike activity. These structures are
used in the Utah-Array on the external headstage or
neural probes with electrode depth control via elec-
trode time-multiplexing [113].

The major change of structure in figure 9(b) is,
that the splitting of the LFP and spike activity is
done in the analogue domain with a second amp-
lifier stage. Each line has its own ADC with differ-
ent sampling rates and bit resolution. These topolo-
gies are used in high-density MEA approaches like
the NeuroPixel [22] or in neural systems for ECoG
applications [100]. The benefit is that the focus is on
achieving high signal quality for both biosignals. This
is effected at the cost of a higher power and space
requirement.

In future, there is research on novel approaches to
integrate amplification and filtering directly into the
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ADC structure (direct digitisation), so that the neces-
sary chip and power consumption for high-density
applications can be further reduced [52, 119]. Also,
inference effects and crosstalk between the different
channels can be reduced. Furthermore, new neural
probes must be developed in which the pre-amplifier
or the hybrid-ADC is directly placed at the electrode
directly for avoiding long wire cables.

When an electrical stimulation front-end is also
implemented in order to provide an information
flow into the tissue, then a methods for suppressing
stimulation artefacts must be included. During the
stimulation phase, an absolute change in the elec-
trode voltage in the upper mV range is available.
Without any action, the pre-amplifiers go into satur-
ation and a recording is after a long settling time pos-
sible again [11]. This effect can be reduced by using
the (i) blanking, (ii) pole-shifting and (iii) adaptive
substraction method.

With the blanking method, the input of the pre-
amplifier is switched from the active electrode to a
reference during the stimulation period. This method
is not effective because small voltage differences such
as the electrode offset and residual charge on the
electrode from the stimulation artefacts can lead
to saturation. A better method is the pole shifting
method, in which the high-pass corner frequency
of the pre-amplifier is increased to high frequencies
which results in a low total gain and the input of
the pre-amplifier remains actively connected to the
electrode [24]. The corresponding dead time is in
the lower of us range so that the responses can sub-
sequently be recorded [98]. The adaptive substrac-
tion method tracks the stimulation-induced voltage
change during the stimulation phase and adapts
the pre-amplifier input in order to eliminate the
artefact [104].

4. Spike sorting

After digitization of the neural input from
extracellular recordings, the raw data must be pro-
cessed in order to detect spike activity and to perform
spike sorting for separating several neuron activit-
ies in order to get a spike-train for further neural
decoding. This processing step is important because
it compresses the number of features for the neural
decoding drastically. Figure 10 shows an overview of
different methods for pre-processing, spike detection,
feature extraction and clustering in order to build a
modular spike sorting pipeline. Each of the presen-
ted techniques is crucial for deploying a online signal
processing pipeline. Therefore, we classify the tech-
niques into their target application of the hardware
location (remote, wearable, on-implant). Building on
these classes, we provide detailed information about
needed system architectures. First, we present and
discuss the methods for each step of spike sorting
starting with pre-processing in section 4.1, the spike
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Figure 10. Overview of different modules of the Spike Sorting Pipeline which is used in the digital domain and is categorised into

the suitable hardware platform (Processor, Embedded, On-Chip).

detection and frame generation in section 4.2, the
feature extraction methods in section 4.3, and the
clustering approaches in section 4.4. Also, an over-
view of different system architectures for spike sorters
and their use cases are explained in section 4.5.

4.1. Pre-processing

In this section, we give an overview of the used pre-
processing with a focus on filtering methods. They
can be classified into three categories (i) frequency-
specific, (ii) channel-specific, and (iii) channel-
overreaching.

Frequency-specific filters are used to reduce noise
and suppress artefacts and local field potentials. This
is usually implemented with a band-pass filter (LFP:
0.1-100 Hz, Spike: 0.1-7 kHz). These filters can be
implemented as an IIR filter and a FIR filter. While
FIR can only be implemented digitally, IIR can be
implemented digitally and analogue. The disadvant-
age of using FIR filters in neural applications is
that the frequency selectivity increases with higher
orders. But latency and resource consumption also
increase due to the feed-forward structure. IIR fil-
ters are easy to implement due to the feedback struc-
ture and the latency is quite low in the range of the
sampling period. For all of these reasons, the IIR
implementation is recommended inside the analogue
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amplification stage and digital post-processing after
quantization.

Channel specific filters are used e.g. for denoising
neural input. This can be achieved by a deep learning
method, called autoencoder [5, 46, 111]. The autoen-
coder is divided into an encoder and a decoder. In
the encoder, the incoming data are reduced to min-
imal representation. In the decoder, the features are
used to reconstruct the original data. The neural net-
work is usually trained by using the difference, called
loss, between the original data and the reconstructed
data to find the best-fitting minimal representation.
Noisy spikes from the same neuron share a very sim-
ilar minimal representation and are therefore recon-
structed close to each other. This approach shows in
ECG applications an increased SNR of 20 dB [68,
108] and in neural applications with increased SNR
up to 13 dB and minimal error compared to conven-
tional methods [51, 96].

Channel overreaching filters use the spatial inform-
ation provided by high-density probes for reducing
background noise and artefacts. Common Average
Reference (CAR) method and spatial whitening are
often used digitally in spike sorting pipelines [64,
81]. Figure 11 shows the electrode configuration for
different recording strategies. (a) shows the normal
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Figure 11. Methods of suppression artefacts in extracellular
recordings with high-density electrode arrays: (a) normal
configuration—(b) global common average reference—(c)
local common average reference with distance-based
weights.

configuration, in which neural input of the active
electrode (red) is recorded against the global refer-
ence (green). This setup does not use spatial benefits
and is therefore fragile to environmental influences.
In (b), global CAR is used. CAR extracts the global
average of each reference electrode and subtracts it
from the recording input. The suppression factor here
takes a maximum value of 1 if the interfering signal is
present on all channels and the SNR increases by VN
with a number of reference electrodes considered.
A)reduction of the suppression factor is reduced by
channels that are defective (electrode, amplifier, ...)
and thus do not allow the acquisition of signals. These
channels can be detected by channel selection meth-
ods for extracting electrodes with non-neural activ-
ity [80] and neglected in the CAR and spike sorting
pipeline. In (c), the local CAR algorithm is applied
to allow for higher selectivity and further reductions
in global and local artefacts like electrical stimula-
tion. In addition, the Laplacian filter is used in EEG
recordings for determining the reference from the
neural input [127, 151]. The main difference between
CAR and the Laplacian filter is that in Laplacian
filter the input is weighted with the distance from
the center electrode. Both methods achieves similar
results.

Signal whitening is used to make signals of elec-
trodes more independent from each other. This is
useful for high-density spike sorters, that perform a
single-channel spike sorting and merge the results
afterwards. [18, 81] state that this drastically increased
the performance of their algorithms. This is usually
done by computing the covariance matrix on the
electrode signals and then decorrelate the signals per
channel by using matrix decomposition like the zero-
phase component analysis (ZCA). ZCA whitening is
often used because of its computational efficiency. On
a data set X with n-channels and m-samples a covari-
ance matrix C is calculated with (10).
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C=m'X-X" (10)
Wyca = C1/2 (11)
Y=Wyca-X. (12)

Afterwards, whitening matrix Wyca is determined
via the inversion and squaring A with (11). Finally,
Wyca is multiplied with its input X in order to the
decorrelated matrix Y with (12). The computation of
these channel-overreaching filters is done offline on a
workstation and further research for hardware imple-
mentations is needed.

4.2. Spike detection and frame generation

After the pre-processing, the neural events inside the
raw data of neural spike activity have to be detected.
The used spike detection algorithm (SDA) extracts
spike events and the following frame generator cuts
a window/frame from the spike activity data stream
at the time point of these events. These frames are
passed to the spike sorter. In the following, the dif-
ferent methods for SDA are discussed.

In general, the SDA needs a threshold value for
detecting spike events in the bitstream. The easiest
method is to use amplitude thresholding (AT) on the
neural raw data. Whenever the signal crosses the set
threshold, a spike frame with a pre-defined window
length is generated. Figure 12 (Left) shows an example
of different SDA methods.

. |xin _ximl
Xiho = C-med _ 13
tho = &+ edian ( 0.6745 (13)
C x=N
Xin1 (z — Xin (2 — X) — Xin 2 14
w1 (2) VN & (xin (z—x) —Xin)”  (14)
c X
Xma (2) = 1.25 N Xgl |%in (z— x) | (15)

Xnpo (2) = xin (2)° — xin (2 — k) xin (z4+k). (16)

For thresholding, different methods like the median
absolute derivation (MAD) in (13), the window-
determined root-mean-square (RMS) in (14) or the
mean absolute (MA) in (15) are used [107]. In gen-
eral, with all thresholding methods, the statistical
deviation of the noise is determined with an addi-
tional scaling value C, which is determined via hyper-
parameter analysis on the used data set in order to
reach a trade-off between missing spikes (false neg-
ative) and detecting noise/artefacts (false positive).
This scaling value is usually in the absolute range
of 4 and 6. In these calculations, the mean value cal-
culation can be neglected, as the mean value of the
bandpass-filtered raw data should be close to zero.
For the hardware implementation, MAD is not
sufficient due to the high computational effort and
is only used in offline processing. In hardware, noise
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Figure 12. Performing and results from the spike detection algorithm (applied on dataset [93]) - Top: Determining the threshold
directly on input signal—Bottom: Performing non-linear energy operator (NEO) on input signal with threshold

calculation—Right: Detected spike frames (72 points).

distribution is determined more by window methods,
like RMS or MA.

The disadvantage of using AT is that this method
is prone to noise. Therefore, especially for input
signals with low SNR, the nonlinear energy oper-
ator (NEO), also called Teaser Energy Operator,
with (16) at k=1 [72] is popular for processing neural
inputs. This operator applies frequency-dependent
amplification so that large signal changes are amp-
lified and small changes like noise are damped. This
gain effect comes from the window viewing method
with multiplication, squaring and subtraction. The
proposed SDA methods can be implemented in hard-
ware easily [110, 130, 131].

The challenge in spike detection is, that the back-
ground activity is hard to detect due to a SNR
below 0 dB. Here, some modifications of NEO-based
SDA have been done in order to increase the sens-
itivity for detecting background activity. Therefore,
methods like kKNEO [72], MTEO [17], Wavelet-
transformation-based spike detection [78], integer
coefficient filter [21] and amplitude slope oper-
ator (ASO) [152] are available.

kKNEO introduces the tuning parameter k in order
to arrange the frequency-selective property of NEO
in order to minimize the false-positive rate due to
noise influences. MTEO is the superposition of sev-
eral KNEO approaches, in which the maximum of all
operators is used as output. The integer coefficient fil-
ter works like a short-window convolution for captur-
ing spike-like windows.

Xspa (z) = 128 xin (1) — 48 xin (n— 1)
— 156 xin (1 —2) — 36 Xy (n — 3)

+56xin(n—4)+32xn(n—5). (17)
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Formula (17) shows the working principle without
using any multiplier, but the parameters must
be determined empirically with a hyperparameter
optimization on the used data sets. This method
achieves better accuracy results like NEO and AT
with less computational effort [21].

The amplitude slope operator (ASO) [106, 152]
reduces the computational effort by half compared
to NEO by using only one multiplier, one subtrac-
tion and only two taps in the hardware. Formula (18)
shows that a high amplification is achieved with a
high slope and amplitude from the neural input x;y.

(18)
(19)

Xas0 (2) = %in (2) - [xin (2) — xin (2 — k)]
Xapo (z) = abs (xin (2) — xin (2 —k)) .

In addition, a higher accuracy has been shown in syn-
thetic and real data [152]. The smoothing properties
can be added by sweeping the tuning parameter k.
An optimum is reported with k = 4 at a sampling rate
of 30 kHz [106].

It is also reported, that the detection accuracy
of the SDA can be increased by smoothing the SDA
output with the Hamming or Bartlett window of
length 4k+ 1 in order to suppress noise influences.
The best result is achieved by using a tuning para-
meter k of 4 [107]. Also, the accuracy is sensitive
against the firing rate of the input spikes, in which
the accuracy decreases from 60% to 25% at a SNR
of 0 dB when the firing rate increases from 10 Hz
to 200 Hz [107]. This error appears from the used
thresholding method during the runtime. With the
normalization of the input as pre-processing or the
noise estimation as post-processing, this effect can be
minimised [107].
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From hardware perspective, the logic consump-
tion of NEO, MTEO and ASO are higher compared
to the AT method, resulting from the necessary num-
ber of multiplication units and logic cells for calcu-
lating the SDA and the threshold value. This results
in higher complexity on hardware and less number
of SDA channels in a high-density recording unit for
neural implants and it gets more critical if smooth-
ing filters with an additional FIR filter is used. In
order to achieve a trade-off between i) high accur-
acy, high robustness against noise and artefacts, ii)
low logic utilization and low power consumption, the
Absolute Difference Operator (ADO) is recommen-
ded [153]. Formula (19) shows that only the abso-
lute different of two input values is used with a set-
table delay window k. It applies a high-pass filter on
the neural input in order to remove LFP and other
low-frequency artefacts. Its hardware implementa-
tion needs only 300 logic cells per unit with an detec-
tion accuracy of 96% in recordings with a runtime
over 200 days [153, 154].

With the SDA trigger output of the available
neural spike event, the corresponding spike frame is
generated for further spike sorting. Figure 12(right)
shows an example with a window size of 72 samples
which are stored in a FIFO memory buffer. The
window length of the spike frame depends on
the ADC sampling rate f; and the refraction time
of the spikes 7y, (= 1,6ms). For example, the
Data Acquisition System of the Utah Array from
Blackrock Neurotech generates the spike frame
within a window of 48 samples at a sampling rate
of 30 kHz [128].

For some feature extraction methods, an align-
ment of spike frames is required in order to maximise
cluster accuracy. The alignment of all spike frames is
done at the window position at a delay time of 300 s
with the maximum peak, minimum peak, maximum
absolute peak or maximum slope [29]. This delay
requires a time delay filter between the SDA input and
the frame generator input in order to extract neural
information before the active SDA trigger output.

Current research also shows interest in deep learn-
ing approaches for spike detection by combining
convolutional neural networks (CNN) and recur-
rent neural networks (RNN) with long short-term
memory (LSTM) cells. These large CNN+LSTM net-
works are quite complex to implement on FPGA and
are more often designed for offline processing on
workstations. Also, the authors of [128, 129] used
CNN architectures. One architecture is designed for
the discard of unstable channels. Another one is built
for a background activity rejection. Both are server-
grade solutions.

To sum up, the accuracy of spike detection
depends strongly on the threshold method in order
to achieve high accuracy. In determining the scal-
ing value C for hardware execution, a trade-off must
be found between the detection accuracy, the noise
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sensitivity, the energy consumption of the logic and
the computational effort of the whole spike sorter
pipeline must be performed. Also, this value should
be updated automatically during runtime.

4.3. Feature extraction

On the captured spike frames, the feature extrac-
tion (FE) for performing clustering in order to
determine the spike trains for neural decoding has
to be done. This step is necessary due to the scal-
ing of the computational complexity of most clus-
tering algorithms exponentially with the number of
features. To reduce this overhead, feature extraction
algorithms can be used. They compute a set of fea-
tures that represent the spike frame without los-
ing critical information. Clustering can then be per-
formed on these features instead of the full spike
frame signal. FE algorithms can be divided into:

i) matrix decomposition,
ii) geometric,
iii) important samples and
iv) deep learning based FE.

In the following, we describe these in more detail,
including information on how they are implemen-
ted, which limitations they have, and what promising
ideas are not covered by current research.

Matrix decomposition based FE uses the idea to rep-
resent the input spike frames as a matrix and then
decompose this matrix to find a smaller representa-
tion of it. Two approaches that use matrix decompos-
ition are principal component analysis (PCA) [43, 88]
and singular value decomposition (SVD) [41]. PCA
is used for spike sorting, e.g. by [18, 128]). It first
computes a covariance matrix C out of m input spike
frames X with zero mean with (20). Then, a matrix
decomposition on the covariance matrix computes
its eigenvalues A and eigenvectors V with (21). The
highest ones can be used to select and weight the most
characteristic features (or principal components) P
with (22). In contrast, SVD represents the input spike
frames as a matrix and decomposes this matrix dir-
ectly into singular values [81] with a unitary matrix U
and transposed eigenvectors V with (23). The prin-
cipal components can also be computed when first
computing SVD to calculate 3. With (24) A can be
computed. This is useful since computations on the
covariance matrix can be ineffective for a high num-
ber of spike frames.

C=X"X (m—1)" (20)
C=VAVT (21)
P=X-A (22)
X=Uxv! (23)
A=X2(m—1)"". (24)
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Figure 13. Visualization of performing a geometric feature extraction by using (a) aligned first derivative (AFD), (b) first and
second derivative extreme (FSDE) and (c) peak detection with area computation (PDAC).

Both algorithms usually work offline on a work-
station, since they need all spike frames as input.
Online algorithms, like incremental PCA, are possible
but have not been used widely for spike sorting, yet.
Similarly, while these algorithms are computationally
complex, hardware accelerators exist [8] and could be
used for spike sorting. For on-implant, the computa-
tional power might be too high for hundreds of chan-
nels. Further research investigating the reduction of
computational power is needed.

Geometric FE algorithms are using geometric cal-
culable features. They can include the extreme point
of the spike and its derivatives and areas under the
curves. Aligned first derivative (AFD) [70] and first
and second derivative extreme (FSDE) [84] are two
examples. Usually, the FSDE algorithm should give
the same features as AFD plus the features of the
second derivative. Peak detection with area compu-
tation (PDAC) [13] calculates the areas under the
curve and scales them with the difference between
the minimum and maximum extreme. Figure 13
shows an example of the three mentioned methods.
Alternatively, the authors propose to take the area
above the curve divided by the maximum and scale
them as well. All these geometric-based algorithms
are unsupervised and are computed online, spike by
spike. In addition, they are computationally inex-
pensive. Hence, it is convenient to implement them
on FPGAs or ASICs, which makes them feasible for
on-implant implementations. To our knowledge, no
analogue implementation of one of those FE exists,
but because of the low computational complexity.
This could be feasible in combination with analogue
spike detection heavily reducing the load of the ADCs.

Sample selection is another FE class. The idea is to
reduce the features by only passing important samples
to the clustering. To do so, an algorithm has to
select the samples that distinguish the clusters most.
Therefore the clusters need to be known in advance.
This can be computationally expensive, but once
selected the computational cost are almost nonex-
istent. To our knowledge, the only approach of this
class is the salient features selection (SES) proposed
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in [116]. They have a training and inference phase. In
the training phase, a shadow spike sorter computes
the incoming spikes and creates labels for a set of
spikes. A mean waveform of each cluster is computed.
For each cluster, an optimizer selects the samples
of the mean waveforms that distinguish the cluster
most. These samples are the configuration, that can
be used for inference. The training can be computed
on different hardware than the inference. This allows
a FE inference to be implemented on-implant. The
inference is not adapting to changes automatically.
Those could be updated by the shadow spike sorter.
Therefore an online spike sorter could compute the
mean waveforms on a sparse number of frames per
channel. A salient feature optimizer could then recal-
culate the salient samples and update the inference
unit. The computation power of the inference unit
scales with the number of channels, while the shadow
spike sorter only needs a multiplexer to swap between
the channels.

Deep learning FE are the most recently used class.
The most used architecture uses autoencoder [5, 46,
111]. Autoencoders showed success as FE in dif-
ferent application cases [77, 95]. They are usually
self-supervised and benefit from supervised training
mechanisms. The encoder minimizes the number of
features which are usually directly used for the clus-
tering. The neural network is usually trained by using
the difference, called loss, between the original data
and the reconstructed data to find the best-fitting
minimal representation. However, this will just lead
to a feature reduction which allows a good recon-
struction and does not take into account the cluster
separability with the generated features. Seong et al
[114] targets this issue and proposes a modifica-
tion of the loss function that takes clustering accur-
acy into account. This way the authors improve the
features for better clustering accuracy. Radmanesh
et al [96] proposes a modification of the input layer
which punishes noise sensitivity. While the inference
is already implemented on FPGAs and ASICs, the
training is usually done on workstations and needs
further optimizations to be implemented on FPGAs
or ASICs.
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4.4. Clustering

Clustering is used to distinguish between the differ-
ent neurons due to the neural response. The goal of
the clustering algorithm is to assign all detected spike
waveforms from the same neuron to its own cluster.
The clustering algorithms have to deal with electrode
drift, which causes a slight change in the features of
the clusters over time. In addition, they have to delete
clusters, when neurons die and create new ones when
a new neuron moves into the measuring range of the
electrode. This allows classification into three classes,
(i) Cluster initialization given, (ii) Number of clusters
given and (iii) Adaptation through runtime. In addi-
tion, we distinguish between analogue and digital
implementations, and offline and online processing.

(i) Cluster initialization given: These are online clus-
tering algorithms and can be configured for single-
or multichannel activity. They can be divided into
two sub-classes; Optimized for workstations, and
optimized for on-implant. Both require a training
phase, which is usually implemented offline. After the
training, the configuration is given to the clustering
algorithm for online inference.

A deep learning approach for clustering uses
CNNes. [57, 94] present an approach for online spike
sorting for multi-channel activity. The CNN is a
classifier with a fixed number of clusters and needs
no previous feature extraction. However, a feature
extraction could be beneficial for the reduction of
computational complexity. For the training, ground
truth is required. Once trained the network can
be used for online inference. The CNN is usually
executed on a workstation. Like the other CNNs,
they could also be implemented for on-implant.
The adaptation during runtime would be possible
if another system is training on a sparse subset and
updates the weights of the inference system.

The next two algorithms, Template match-
ing (TM) [81, 130] and window discrimina-
tion (WD) [29, 116] could be executed on-implant.
TM is a classification algorithm used for online infer-
ence in the domain of spike sorting. The algorithm
calculates the distance of the incoming spikes’ fea-
tures to all feature sets of each template. Either the
algorithm matches the incoming spike to the closest
template or additionally checks if the distance is
below a threshold. If not the spike is discarded. The
algorithm is computationally not intensive and can be
implemented on-implant. The configuration of the
templates can be done by another system. WD sets an
upper and lower limit, called window, for each feature
for each cluster. If each feature matches the window
of a cluster, it is assigned to it otherwise the spike is
discarded. This approach is even more efficient than
template matching but also requires another system
to generate the configuration for each window of each
feature. [116] proposed this approach for on-implant
spike sorting.
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(ii) Number of clusters given: k-means [62] is the
most common offline clustering algorithm. It is a par-
titional clustering algorithm executed on a remote
processor with a fixed number of clusters. Except
for the number of clusters, the algorithm is per-
formed without any hyperparameter. Usually, the
clustering is executed on previously extracted fea-
tures. For each cluster, the mean is set to a random
data point. Next, each data point is assigned to the
cluster with the least increased variance. For calcu-
lating the variance the Euclidean distance is used.
After the assignment, the cluster mean is recalculated.
The assignment and cluster mean update is repeated
till convergence. The algorithm is not robust due to
bad cluster initialization. Since it is a very common
clustering algorithm, various adaptations of k-means
exist and one, k-means++ [3], improves the cluster
initialization leading to a much more robust cluster
algorithm.

Another well-known offline algorithm that is
executed on a remote processor is the support vec-
tor machine (SVM). Typically it is used to distin-
guish between two classes and has also no hyper-
parameters. Therefore for each extracted feature, a
variable is created, which defines a hyperplane. The
hyperplane orients itself in between the clusters to
divide and maximizes the area around it where no
data point is. This way the clusters are parted away
from each other the most. For each additional cluster,
another hyperplane is needed to distinguish between
the clusters. This approach is used by [96]. Both
k-means and SVM can be used for single-channel
activity.

Competitive learning (CL) can be used for the
single-channel activity. The algorithm trains itself
during inference. The cluster centroids are initial-
ized with a random selection of the first incom-
ing spikes. After initialization, incoming spikes are
assigned to the nearest cluster. The cluster centroids
are updated with a learning rate | and the differ-
ence between the assigned clusters centroid and the
spikes features. This approach can adapt to com-
pensate for the electrode drift [14]. One problem
is that it can not adapt to the number of clusters
during runtime. The algorithm can be executed
on-implant.

(iii) Adaptation through runtime: The here presen-
ted algorithms adapt through the number of clusters
through runtime, also called unsupervised clustering.

One solution to make clustering algorithms adapt
the number of clusters after its runtime is the cluster
accept or merge (CAOM) algorithm by [128]. This
can be done offline after the feature extraction of all
spikes and is usually executed digitally on a work-
station. ur Rehman et al [128] use it with k-means
and set a maximum number of clusters for k-means.
Afterwards, they compute a similarity feature and
depending on a threshold either merge or accept
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Figure 14. Visualization of ISO-Split: (a), (c) Feature Space
of two clusters with different cluster center distances - (b),
(d) Histogram of the 1D-projection.

a cluster. The proposed ISO-SPLIT [66] density-
based clustering algorithm is executed on a remote
processor. The algorithm was proposed in an offline
version but recently an online-capable ISO-SPLIT
version was proposed by [56]. The numbers of the
cluster are adaptable. Each data point is a new cluster.
Then it compares each cluster to each other. Figure 14
shows in (a) and (c) two clusters. Next, they are
mapped on a 1D-projection of the two clusters, (b)
and (d) shows the histogram of the 1D-projection. A
statistical uni-modality test is performed on the 1D
projection. If accepted, the clusters are merged, which
is shown in figure 14(a). Otherwise, the data points
of the two clusters are reassigned at the optimal split,
like in figure 14(b). Since they are already split at the
optimal point, the clusters are not rearranged. The
comparison of the clusters is performed till conver-
gence is reached. This algorithm is also implemen-
ted online where only changing clusters are compared
to each other. An adaptation could also be to start
with the closest cluster for comparison reducing the
computational complexity. However, the algorithm’s
weakness is, that it stores each spike’s features. Thus,
it is only executed on a workstation. In general
density-based clustering algorithms are not widely
used in spike sorting. We would expect better per-
formances from density-based than distance-based
clustering algorithms because most feature extractors
deliver non-circular features. Therefore, we recom-
mend further research with density-based clustering
algorithms.

Another clustering approach uses reinforcement
learning. It is an online approach executed on a
remote processor automatically adapting the num-
ber of clusters. The algorithm, called Dyna-Q [123],
is based on the Q-learning algorithm. Reinforcement
learning tries to find the optimal action for a cer-
tain task. First, an agent explores the almost ran-
dom actions and the environment gives feedback, also
called reward, to the actions. Over time the agent
learns which feedback to expect for action and can
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now decide which actions to take for an optimal out-
come. Dyna-Q learning adds a model phase after the
action which stores the next state and the reward
pairs to learn about the environment and train the
agent on the self-created environment in a planning
phase. Moghaddasi et al [70] use Dyna-Q reinforce-
ment learning for clustering the features. The authors
compute the reward for new clusters by the number
of existing clusters and a number of features and scale
that with a punishment coefficient. The reward for
adding the spike to a cluster is computed on feature
sets of 20 random spikes. They state that the stabil-
ity of the algorithm is very sensitive to the punish-
ment coefficient. We experienced the same. Thus, we
recommend an investigation into a better approach
for the reward for new cluster action. The algorithm
is usually executed on a workstation. In our opinion,
an implementation on-implant could possible with
some adaptations. Therefore, we recommend using
only a buffer of the last 20 spikes to compute the
reward. Due to its computational intensity, we can
not recommend the Dyna-Q algorithm.

The distance-based clustering algorithm, called
OSort [105], can be executed online on-implant.
The algorithm has two phases. In the assignment
phase, incoming spike waveforms are matched to the
nearest cluster centroid. If the distance is below the
assignment threshold the spike is matched. If the
closest cluster is far away a new cluster is created.
In the cluster update phase, the clusters’ centroid is
updated. After the update, the distance between the
new centroid and the other cluster’s centroids is com-
puted. If the new centroid is to close the clusters
are merged. Usually, OSort is used without a feature
extraction because of its lightweight implementation.
If the clusters centroids would not be updated one
could see it as a template for a spike cluster. Also, mul-
tiple adaptations are made to improve the algorithm’s
efficiency. OSort is used by [110, 131].

Concluding this, there are to our knowledge no
online spike sorters adapting the number of clusters
automatically and work without hyper-parameters,
which is essential for on-implant spike sorting. The
closest on-implant spike sorting approach that is also
feasible for multi-channel approaches is OSort.

4.5. System architecture for spike sorting
The presented and explained modules from the last
sections can be connected to one pipeline. In this
section, we show some general approaches for the sys-
tem architecture of state-of-the-art spike sorters in
hardware and present a subset of concrete pipelines.
We can distinguish between different dimensions.
One s the decision if the adaptation of the spike sorter
takes place on the inference system or another com-
puting platform. If it takes place on the inference sys-
tem the algorithms are usually more complex. If not
the algorithms of the inference systems need to be
configurable. The adaptation can be performed on a
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sparse subset of the data. The second dimension is the
placement of different phases. The inference could be
split up into different computing platforms to reduce
the data rate. Thus, the system can be split at any step
after the spike detection.

In addition, we can distinguish between two
application-dependent problems; (a) wide area cov-
erage with sparse observation (e.g. Utah array) and
(b) small area coverage with detailed observation (e.g.
NeuroPixels). Depending on the neuron density of
the implant brain area different system architectures
are useful.

a) Ifthebrainarea hasalow neuron density and typ-
ically not more than one neuron is expected, a sys-
tem using only a spike detection without a feature
extraction or sorter can be accurate enough. If a
low number of neurons (one with maybe occa-
sionally two or three) is expected, it might be
useful to implement a simple spike sorter. This
heavily depends on the application. However, for
brain areas with more than one expected neuron,
a spike sorter is necessary.

b) For small area coverage with detailed observation
different system architectures can make sense.
Not every channel of nowadays sensors-devices
can be digitized in parallel. Therefore a selection
of the most important channels is needed. For
brain areas with low neuron density, a spike sort-
ing should be performed for a neighbourhood.
Then there are two options. Either the channels
can be selected to which a neuron is closest so
that one neuron per channel is mapped. Then
a spike detection for those channels might be
enough. However, this implies two problems with
their own solutions. One is that spike detection
might still be necessary because another neuron
could be also very close and therefore its action
potential could be high enough to trigger both
channels’ spike detections. Thus, these channels
should be merged afterwards. The other disad-
vantage might be that the number of neurons
exceeds the number of parallel digitized channels.
Both mentioned problems can also be tackled
with another system architecture. For those cases
where neurons are relatively close together, an
electrode can be selected where all spikes are eas-
ily detected. Then spike sorting can be performed
for those electrodes. The increased overhead for
a spike sorter might not be worth it, especially
due to the overhead of signal routing during the
runtime. Therefore, we suggest for future work to
take a look at mixed system architectures.

With the different dimensions, we have seen four
different system architectures in existing hardware
spike sorters.
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e Type I: spike-detection-based systems with pre-
processing and spike detection

e Typell: feature-extraction-based systems with pre-
processing, spike detection and feature extraction

e Type III: spike-sorting-based systems with pre-
processing, spike detection, feature extraction and
clustering

e Type IV: inference spike-sorting with pre-
processing, spike detection, feature extraction and
clustering and a training system to update the con-
figuration

Table 1 shows an overview of different spike
sorter pipelines which are already implemented in
hardware.

4.6. Neuromorphic approaches

A new approach is using neuromorphic techniques
as an on-implant neural processor for spike sorting
and neural decoding. These structures try to emulate
the biological neural network with neurons and syn-
aptic input on technical systems. The benefits of these
structures are that an event-based and in-memory
computation is available which results in high energy
efficiency, high data throughput, minimal data con-
version, low memory requirements and low latency
for several channel [117, 150]. The idea of performing
spike sorting and neural decoding in neuromorphic
structures should lead to high similarities between
biological neural networks and artificial networks,
which can significantly reduce computational effort
and allow high plasticity. The artificial neurons are
mostly working on the integrate-and-fire method and
the classification is done on the winner-takes-it-all
principle.

For achieving a long-term stable spike sorting,
the actual learning rules are very sensitive to ini-
tial conditions, and quite often unstable without
meta-plasticity [143]. Therefore, more research on
new system architectures including pre-processing,
algorithms for pattern recognition, online train-
ing phases and long-term stable and implantable
memory devices, like memristor or resistive RAMs,
are necessary. In the following, the concept of using
spiking neural networks (SNN) and analogue com-
putation via memristor are shortly discussed.

In memristor-based analogue computation, the
neural input is applied on memristive crossbar arrays.
Such memristors are non-volatile devices which
shows resistive behaviour and it saves applied inform-
ation until a reset voltage is achieved. In spike sorting,
such devices are used in order to determine the resist-
ive change when a spike waveform is applied and the
changes can be clustered afterwards [35, 36, 117].

SNN uses the firing rate of each layer as a specific
characteristic to the corresponding classification out-
put using the spike-timing-dependent plasticity in the
training phase [137]. In addition, SNN shows high
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Table 1. Overview of different spike sorting systems running on hardware platforms—Comparing the used methods of spike detection algorithms (SDA),
feature extraction (FE) and clustering with different properties and common metrics.

Properties Methods Metrics

Acc. Amt/Ch. Pdis/Ch. Pdis /Atot fclk
Year Type Platform Processing SDA FE Clustering Training % mm?® W pW/mm? MHz
2009 [10] 1T ASIC Digital NEO Min-Max N/A N/A N/A 176 114 64.8 40
2011 [29] I ASIC Digital NEO DD kMeans Offline 92 0.06 2.03 30 1.6
2013 [49] III ASIC Digital AT PCA kMeans Offline 75 0.07 4.68 66.86 0.48
2013 [44] III  FPGA  Digital NEO Hebbian Fuzzy cMeans Offline 96 N/M N/M N/M N/M
2014 [65] I  ASIC Digital NEO DWT-PCA kMeans Offline N/M 0.06 0.68 9.7 20
2015[19] III  ASIC SNN Pulse-coded RNN Online N/M N/M N/M N/M N/M
2016 [47] TII  ASIC Digital AT Min-Max Bayesian Offline 95.3 0.12 1.74 14.5 0.03
2016 [59] 1II FPGA Digital AT N/A OSort Online 93 0.077 10.3 133.8 56
2016 [137] III  Board SNN N/M Memristive change Online 86.6 N/M 8.1 N/M N/M
2017 [141] III  ASIC Digital NEO Haar DWT Decision Tree Offline 76 0.023  0.75 32.61 0.16
2017 [14] TII ASIC Digital NEO PDAC CL Online 95.4 0.027 18.18  683.43 1
2017 [58] III  FPGA Digital AT Event polarity Min-Max Offline 964 N/M N/M N/M N/M
2018 [147] TII ASIC Digital KNEO DD C-Sort Online 84.5 2.7 148 54.81 0.96
2019 [21] III  ASIC Digital Integer DD kMeans Online 86 0.03 0.175  58.33 0.025
2019 [131] III ASIC Digital NEO N/A OSort Online 87 2.57 2.78 1.085 0.024
2019 [130] III ASIC Digital NEO ™ Offline 90 0.03 0.064 2.13 0.024
2019 [35] III  Board Memristor N/M Resistive change Offline N/M N/M N/M N/M N/M
2019 [73] 1 ASIC Digital Dual-AT N/A N/A N/A N/A N/A N/A N/A N/A
2020 [116] IV ASIC Digital N/M Salient WD Online 88 6.55 9059 138.24 N/M
2020 [148] III ASIC Digital N/M Dictionary Subspace N/M >92  0.09 10.48 116.44 N/M
2021 [132] III  ASIC Digital NEO Binarized NN Offline 91 0.33 2.02 6.21 0.024
2021 [38] 1III  ASIC Analogue AT FSDE kMeans N/M 93.2 1.02 4.35 4.25 0
2021 [114] TII ASIC Digital AT CNN AE kMeans Offline  95.54 0.75 168.56 224.75 7.68
2022 [117] TII Board Memristor N/M Memristive TM N/M 94.62 0.0008 2.15 2687.5 N/M
2022 [121] I  ASIC Digital AT SS kMeans++  Online 92 0.023  0.33 143.48 0.025
2022 [149] III ASIC Digital NEO AFD CL N/M 94.12 0.014 2.79 199.28 125

N/A: Not available, N/M: Not mentioned, ch: channel, Acc.: Accuracy,
Ayor: Total area for the pipeline for each channel, Pg;s : Power dissipation of the pipeline, f;: Clock frequency.

stability against quantization errors where the accur-
acyloss is under 0,28% at a reduction from 32bit-float
to 4bit-integer [120].

A first approach for SNN-based spike sorting in
hardware has been done with [19] with an accur-
acy of 96% on synthetic datasets. It contains 256k
neurons with 64k short-term (analogue, program-
mable) and 64k long-term plasticity (binary, train-
able) arrays.

A new framework of SNN-based spike sorting
is published with NeuSort [145], which achieves an
accuracy of 78.69% with real datasets. It consists of a
two-layer structure, in which the encoding layer (first
layer) converts the neural input into spike sequences
in order to detect if a spike is available and to extract
specific features with the receptive field encoder.
The perception layer (second layer) maps the spike
sequences to the biological cluster with the integrate-
and-fire approach. This system is suitable for online
training using the Hebbian learning rules with the
winner-take-all mechanism in order to generate the
templates. With this learning technique, it is possible
to detect changes in the spike waveform in order to
update the corresponding cluster.

In order to improve the metrics of future spike
sorters, SNN and memristors can be combined in
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order to reduce the circuit complexity for achieving
high-density approaches. A first trial in [137] have
tested it on a prototype which achieves an accuracy
of 86.6% with a power consumption of 8.1 nW and
a latency below 1 us. For using the neuromorphic
approaches in future implants, an advanced event-
based processing of the neural input is necessary.
Figure 15 shows an example of the used sampling
technique applied to the neural input with (a) the
classical Riemann method and with (b) the event-
based Lebesque method. In the Lebesque sampling
technique, a trigger signal is generated if the amp-
litude exceeds or falls below a delta [4, 103]. In the
following, some approaches for memristor-based and
SNN-based pre-processing are presented.

For memristor-based pre-processing, an analogue
spike detection like an amplitude-window discrimin-
ator with dual thresholds [58] or nonlinear energy
operator (NEO) [53, 54, 142] can be used in order
to control the memristor for further processing.
Analogue NEO has a high circuit complexity by using
a high-pass filter, a squarer/multiplier and a sub-
tractor. An improved method with enhanced energy
derivation has reduced the circuit complexity and
achieves higher robustness against artefacts due to
the LFP [24]. It only needs a second-order high-pass
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Figure 15. Example of sampling techniques: (a) Rieman
(classical with ADCs) - (b) Lebesque (event-based).

filter and a squarer. For thresholding, (i) a constant
voltage [24, 54, 58], (ii) lossy peak detection [53],
(iii) low-pass filtered input [23, 54] or (iv) automatic
noise estimation [142] can be used, but they have only
be tested on simulated data sets and until now not on
neural inputs directly. For the further spike sorting
process, a time delay of 500 us via a high-order all-
pass filter [38] is required in order to capture the spike
information prior to the active trigger output. But it
needs a large chip area.

For SNN-based pre-processing, analogue spike
detection can also be used to identify the time point
of a spike, but the classification needs pattern recog-
nition to the corresponding neuron type. For this, a
pulse-density bitstream with polarity detection, like
the example in figure 15(b), is used for the SNN via
a one-bit delta-modulator ADC [19, 37], a threshold
adjustable 1-bit comparator [58] or a frequency-
modulation with voltage controlled oscillators and
spike-encoding [87]. The output of this bitstream has
a ternary weighting in order to distinguish between
the states (i) no activity, (ii) positive or (iii) negative
event.

This technique allows a reconstruction of the
input signal by counting the ternary bitstream over
time in order to apply classical machine learning tech-
niques for benchmarking.

to+AT
Eout :/ P(t) dt (25)

to
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For benchmarking different kind of system architec-
tures, we propose to use the metric of the energy con-
sumption for processing one event with (25). This
metric allows a comparison between neuromorphic
and digital strategies which considers the power con-
sumption of the architecture P(t) and the computa-
tional duration AT.

5. Neural decoder

Neural decoding involves turning the complex activ-
ity patterns in our brains into understandable signals,
essentially interpreting what’s going on inside the
biological neural network. What we can learn from
brain activity varies greatly based on the specific brain
area being observed. This could range from under-
standing sensory processing, thought and memory, to
the brain’s involvement in planning and carrying out
movements. In all these scenarios, the primary aim is
to capture the essential information embedded within
these neural patterns [146].

In the realm of BCIs that utilize advanced MEAs
that penetrate the brain, these interpreted neural sig-
nals are put to work. The neural decoder is used
to predict motor behavior, perceptions, or cognitive
states and the interpreted data can be used in various
ways, for example, to control a prosthetic device in
real-time or enable direct brain-to-text communica-
tion. The extent of optimization of the neural signal
processing pipeline varies depending on the intended
use. For instance, fine-tuning the decoding process
in motor decoding BClIscan significantly enhance the
control over a prosthetic hand, whereas focusing too
much on details of spike-sorting might not markedly
improve accuracy [27].

This chapter is divided into a short overview of
(i) different types of neural inputs and (ii) decoding
techniques, including data pre-processing.

5.1. Types of neural signals

To fully understand how various decoder architec-
tures work, it is crucial to understand what techno-
logies are used to record neural signals. This record-
ing can be done in humans, as well as in non-
human primates and other research animals, using
a range of techniques. These include invasive meth-
ods, like microelectrode arrays (MEAs) or electrocor-
ticography (ECoG) and non-invasive methods, such
as electroencephalography (EEG), functional mag-
netic resonance imaging (fMRI), magnetoencephalo-
graphy (MEG) and functional near-infrared spectro-
scopy (fNIRS).

The degree of invasiveness, along with the tem-
poral and spatial resolution, varies significantly
across these recording modalities. Invasive tech-
niques provide more immediate access to specific
brain regions, thus offering superior temporal and
spatial resolution. For instance, Neuropixels probes
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can track the activity of hundreds of individual neur-
ons with the precision of detecting single neuron
activity. In contrast, EEG measures the collective elec-
trical fields produced by brain activity over broader
areas, yielding much lower signal strength and resol-
ution [9]. fMRI, while capable of monitoring neural
activity across the entire brain, relies on the slower
process of blood oxygenation to deduce neural activ-
ity, with a spatial resolution of approximately one
cubic millimeter. These differences highlight the
inherent trade-offs between achieving high spatial
and temporal resolution versus the level of invasive-
ness. Electrophysiological methods, such as MEAs,
are particularly noteworthy. Their high resolution
and the possibility for integration into fully implanted
closed-loop systems make them especially promising
for applications designed for patients that rely on
assistive technology daily.

This paper focuses on neural signal processing
using spikes recorded by MEA. Methods for decoding
spike trains—sequences of neural action potentials—
to identify movement intentions are discussed in the
next section.

5.2. Overview of methods for decoding movement
intentions

Neural decoders for neuroprostheses control have
been in development for about 40 years. Research
in the field of decoding movement intentions is
currently very active. Therefore, we will provide a
detailed overview only of the most current trends
here.

Early approaches to decoding neural signals, such
as the population vector method [28], relied heavily
on intricate feature engineering and lacked robust-
ness. However, the emergence of advanced machine
learning technologies, especially deep learning, has
marked a significant paradigm shift within the field of
neuroscience. Deep learning has proven to be a potent
tool, enhancing both the accuracy and adaptability of
neural decoding for various tasks [61]. This advance-
ment is supported by numerous studies which have
shown that modern machine learning techniques can
surpass traditional decoding strategies [31], includ-
ing Kalman filters and logistic regression, in perform-
ance. The subsequent section will showcase a selec-
tion of studies focused on the neural decoding of
movement intentions (see table 2), utilizing super-
vised machine learning methodologies. While not
comprehensive, this overview aims to highlight signi-
ficant and recent contributions to the domain, illus-
trating the transformative impact of machine learn-
ing on enhancing our understanding and interpreta-
tion of neural signals. Understanding the connection
between neural activity and its corresponding state,
such as the position of a hand, necessitates a statist-
ical model capable of accurately identifying and fil-
tering out noise and artifacts from the training data.
Over time, this model learns the intricate relationship
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between the patterns of neural activity and the associ-
ated behavioral task, effectively mapping brain signals
to specific physical actions or states.

Linear models have long been a staple for map-
ping neural signals to motor activity. Techniques
like Linear Filtering, utilizing linear equations, have
shown to be effective for real-time control of 2D
cursor movement based on neural activity [83, 115,
136]. However, this approach operates on the premise
of a linear relationship between the firing rates of
neurons and motor actions. The level of confid-
ence or uncertainty of the models is also not taken
into account, which could limit their applicability
for predicting complex, temporal motor patterns. To
overcome these limitations, the Kalman Filter was
introduced. This technique is adept at accounting
for noise within the data and operates over much
shorter intervals (approximately 70 ms), making it
more suited for real-time applications. The Kalman
Filter employs a recursive algorithm to update estim-
ates of the target state continually, enhancing the pre-
diction performances.

When controlling a cursor using neural activity
in a position-based closed-loop system, the move-
ments tend to be longer and more curved compared
to the direct, straight-line paths typically executed by
people without individuals. Additionally, users often
find it challenging to bring the cursor to a halt pre-
cisely at a target or to keep it steady in a fixed loc-
ation. To address these challenges, researchers have
explored the use of velocity-based closed-loop control
systems incorporating a Kalman Filter, specifically
designed for velocity (referred to as Velocity Kalman
Filter or VKF), to achieve more accurate and stable
control of the cursor through neural signals [55].
This approach was tested in a study involving two
tetraplegic patients, using a task that requires mov-
ing a cursor to a target and then returning it to
the center, to evaluate the effectiveness of neural-
based cursor control. While employing velocity-based
systems has led to improvements in controlling the
cursor through neural activity, the overall perform-
ance still lags significantly behind that of natural arm
movements, posing a substantial barrier to their prac-
tical application in clinical settings. One of the short-
comings of the VKEF is its slower trajectory comple-
tion times and reduced accuracy in comparison to
natural arm movements. It tends to require more time
for target acquisition, and the paths it creates are
longer. To overcome the limitations of the Velocity
Kalman Filter (VKF) in neural-based cursor con-
trol, Gilja et al [30]. introduced the recalibrated feed-
back intention-trained Kalman filter (ReFIT-Kalman
Filter). This approach enhances VKF by implement-
ing a two-stage optimization to better match the
neural prosthesis with intended velocity estimates
and by incorporating both cursor position and velo-
city into the decoding process, thereby improving
control accuracy. Experiments with two monkeys
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Table 2. Overview of different implementations of neural decoding for the movement intention using spikes.

Year Decoding Objective Primate Architecture Methods Comparing

2003 [140] Cursor Control NHP KF Linear Filter

2008 [55] Cursor Control Human VKF KF

2012 [30] Cursor Control NHP ReFIT-KF VKF

2012 [122] Cursor Control NHP  ESN (RNN variant) VKF

2018 [135] Hind limb Kinematics NHP LSTM WE PLDS+WE, XGBoost, RNN

2018 [67] Reach Kinematics NHP  rEFH (RBM variant) WE KF UKF

2018 [26] Wrist EMG NHP GAN(ADAN)-LSTM LSTM, CCA-LSTM, KLDM-LSTM

2019 [76] Wrist EMG NHP LSTM WE WC

2019 [85] Reach Kinematics NHP  sd-LSTM VKE, Velocity-LSTM

2019 [126] Reach and Hind limb Movement NHP  Multilayer LSTM WE, KF, UKFE, LSTM

2020 [31] Reach Kinematics NHP LSTM WE WC, KE NB, SVR, XGB, FNN, RNN,
GRU, Ensemble

2020 [75] Hand Kinematics, Cursor Control NHP SBP+ReFIT-KF KE SVM

2021 [2] Reach Kinematics NHP Quasi-RNN WE, WC, KF, UKF, SRNN, GRU, LSTM

2022 [139] Hand Kinematics NHP ReFIT-NN ReFIT-KF

showed that ReFIT-KF significantly outperforms VKF
in cursor control tasks. Cursor movements with
ReFIT-KF were straighter, more similar to natural
arm movements, and completed more quickly. The
efficiency in target acquisition with ReFIT-KF was
markedly higher, achieving 75%—-85% of the per-
formance of natural arm control and doubling the
efficiency of VKE.

The successful application of ReFIT-KF in con-
trolling neural prostheses has been adapted in other
modern decoding settings. Specifically, the integra-
tion of spiking-band power (SBP), a neural fea-
ture for motor prediction defined as an average
of absolute 300-1000 Hz band-pass-filtered signal,
with ReFIT-KF has been employed to decode the
one-dimensional movements of individual fingers
(index, middle, ring, and pinky). In research conduc-
ted by Nason et al [75], this combination of SBP
and ReFIT-KF was evaluated against support vec-
tor machines (SVM) in classifying two-dimensional
finger movements without restrictions. Furthermore,
SBP combined with ReFIT-KF was also benchmarked
against the standard Kalman Filter in predicting
two-dimensional arm movements in a center-out
task.

While linear approximation methods have
achieved success in controlling neural prostheses,
their effectiveness in executing more complex tasks-
such as the precise and realistic movement of indi-
vidual fingers-is somewhat constrained. Neural sig-
nals are inherently dynamic and non-stationary, and
they are frequently influenced by non-stationary
noise. The complexity of neural signals poses sig-
nificant challenges to the reliability of linear approx-
imations in capturing the full spectrum of nuanced
movements required for detailed tasks.

For enhanced and more reliable control of pros-
thetics in complex tasks, incorporating non-linearity
into existing models is crucial. This is because non-
linear models are capable of approximating more
complex mathematical functions. A prime example
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of such a function approximator is a neural network.
It learns the desired relationship between inputs
and outputs by minimizing the discrepancy between
estimated and actual outputs through backpropaga-
tion. Willsey et al [139] introduced the state-of-the-
art recalibrated feedback intention-trained neural
network (ReFIT-NN), an advancement over ReFIT-
KE ReFIT-NN is specifically designed to accurately
decode brain activity related to finger movements,
enabling the replication of natural finger motions at
high velocity. This shallow feedforward neural net-
work undergoes a two-stage training process: ini-
tially, it learns optimized parameters (weights) akin
to those in a classic Kalman Filter (KF), and sub-
sequently, it fine-tunes these parameters to correct
for any misalignments when the prosthetic limb is
not moving towards the target. The efficacy of the
ReFIT-NN decoder was tested using data from two
Rhesus macaques, each implanted with Utah arrays in
M1. The findings revealed that ReFIT-NN surpasses
the performance of its linear predecessor, achiev-
ing a 36% improvement in throughput during two-
dimensional finger movement tasks.

Deep learning techniques such as Recurrent
Neural Networks (RNNs), Long Short-Term Memory
networks (LSTMs), and Autoencoders have set new
benchmarks, outperforming both linear models and
statistical non-linear methods like the VKF in decod-
ing neural signals for kinematic control tasks [2,
26, 31, 76, 82, 85, 122, 126]. RNNs, known for
their ability to model temporal dependencies due to
their recursive nature [112], along with their vari-
ant, the Echo State Network (ESN) [122], have shown
superior performance in tasks like reach decod-
ing in monkeys. For instance, ESN surpassed VKF
across several metrics including success rate, dis-
tance ratio, and average error angle during a center-
out reach task. However, it did not match the per-
formance of ReFIT-KF, which benefits from its two-
stage online decoding process. Continuous training
of RNN-based ESNs has been suggested to enhance
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performance robustness over time. Nevertheless, a
limitation of standard RNNs is their susceptibility
to the vanishing gradient problem, leading to diffi-
culties in learning long sequences, which can dimin-
ish decoding performance.

LSTMs solve the forgetfulness issue inherent in
traditional RNNs, excelling over both RNNs and
standard filtering techniques such as the Kalman
Filter in decoding locomotion-related hind limb
kinematics [42]. This was demonstrated in stud-
ies involving non-human primates, with single-unit
activity recorded from the leg region of M1 [135].
The effectiveness of LSTMs was further highlighted
in processing data from a large neuron population
(134-402 neurons) across several brain areas for com-
plex tasks like arm reaching and walking [126]. By
incorporating multiple layers, LSTMs adeptly man-
aged high-dimensional data, outperforming tradi-
tional filters and capturing essential physiological fea-
tures of brain activity, such as directional tuning and
dynamics.

The robustness and generalization across differ-
entbrain areas is a key trait which is desired in a neural
decoder. In a comprehensive comparison [31] repor-
ted that LSTM based neural decoder outperformed
most standard decoders, for example the Kalman
Filter, SVM, a standard RNN and Naive Bayes. The
cursor control task was performed by monkeys when
recorded from the motor cortex and somatosensory
cortex area of the brain.

In arm movements, the motor cortex encodes dir-
ectional information more robustly than speed, sug-
gesting that estimating speed and direction separately
rather than combined velocity could enhance decod-
ing accuracy [32].In [85] a specialized dual-mode
LSTM (sd-LSTM) was developed to predict speed and
direction independently, leveraging the non-linear
relationship between neural signals and arm kinemat-
ics. Tested on data from non-human primates per-
forming a center-out task with recordings from a 96-
channel microelectrode array in M1, utilizing 158
neurons, sd-LSTM demonstrated superior perform-
ance over both the VKF and a velocity-predicting
LSTM.

Previous studies have developed task-specific
neural decoders, limiting their use in diverse beha-
vioral settings. Recognizing the need for decoders
that perform well across a broad spectrum of activ-
ities, research by Naufel et al [76] tested an LSTM-
based decoder’s ability to map neural signals from the
primary motor cortex (M1) to muscle activity across
three different motor behaviors: unloaded move-
ments, spring-loaded movements, and isometric con-
tractions. The decoder was trained on these tasks sim-
ultaneously, using a weighted cost function inversely
proportional to muscle activity variance to mitig-
ate bias toward tasks with higher variability. This
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method allowed the LSTM to surpass the perform-
ance of traditional Wiener Filter decoder, demon-
strating its versatility and effectiveness in a dynamic
task environment.

Ahmadi et al [2] enhanced neural decoding
by introducing Entire Spiking Activity (ESA) as an
input, used with a Quasi Recurrent Neural Network
(Q-RNN) to decode hand movements from Ml
neural signals in non-human primates. This ESA-
Q-RNN approach outperformed conventional meth-
ods (Wiener Filter, Kalman Filter, RNN and LSTM)
in accuracy for specific tasks. Q-RNN combines a
Convolutional Neural Network (CNN) for parallel
data processing and a pooling module for managing
temporal dependencies, enabling efficient learning
of both short- and long-term neural patterns with
reduced computational resources.

The non-stationary nature of neural data means
that shifts in implanted electrodes can lead to record-
ings from different neurons across sessions, caus-
ing rapid changes in the relationship between neural
activity and behavior. In this context, domain adapt-
ation algorithms are crucial. Farshchian et al [26]
developed a method using Generative Adversarial
Networks (GANs) to transform high-dimensional
neural data into a stable, generalized low-dimensional
latent space, which is then mapped to decision space
using a LSTM. They evaluated the effectiveness of
this approach against other domain adaptation tech-
niques, including Kullback-Leibler divergence min-
imization (KLDM) and canonical correlation analysis
(CCA).

Pandarinath et al [82] introduced a machine
learning method called latent factor analysis via
dynamical systems (LFADS), employing non-linear
recurrent neural networks (RNNs) to model neural
spiking activity as if it were produced by a dynamical
system. LFADS, building on variational auto-encoder
principles, captures trial-to-trial variability and gen-
erates underlying firing rates from observed spiking
activity, outperforming other methods like Gaussian
process factor analysis in tests.

Makin et al [67] aimed to improve motor con-
trol through BCIs with a new filter, the recurrent
exponential-family harmonium (rEFH), which mod-
els spike counts with Poisson distribution and incor-
porates non-linear dynamics. This method offers a
novel approach by not just viewing neural activity as
mere observations of kinematic states, but by consid-
ering the latent dynamics that could underlie these
spike counts.

In conclusion, the application of deep learning
methods for decoding movement intentions holds
significant promise. Currently, these models primar-
ily operate on CPUs within workstations or laptops.
However, efforts are underway to adapt model infer-
ence for embedded systems, a transition that requires
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further research. A notable example is Chen et al
[15], who have implemented a neural decoder on
a field-programmable gate array (FPGA), enabling
real-time decoding of neural activity from calcium
imaging data. This advancement indicates a move
towards more versatile and efficient deployment of
neural decoding technologies.

6. Future vision

Recent advancements in analog processing, embed-
ded spike sorting, and neural decoding techniques
have significantly improved. A key challenge in
migrating algorithms from a remote processor to
the on-implant level lies in determining the required
signal resolution for quantization. This is essential
to minimize computational demands and memory
usage.

Currently, the application of deep learning archi-
tectures in neuroscience is having a significant
impact. However, there remain unresolved issues that
necessitate innovative solutions. These are briefly dis-
cussed in the subsequent sections.

6.1. Future of analogue processing

Analogue processing research must optimize two
main system topologies to support deep learning
techniques in future devices. This involves trans-
itioning offline processing methods to hardware,
while evaluating the accuracy and noise robustness of
the entire pipeline to minimize hardware resources
and computational effort. Figure 16 illustrates two
strategies for (a) event-based sampling and pro-
cessing of spike frames and (b) detecting all neural
spike events using low-power denoising methods.
Further research into NS-ADC topologies is neces-
sary, which includes amplification in the feedback
path and allows a time-multiplexing of the input to
reduce the power and area consumption. This topo-
logy is popular for neural applications due to its low
complexity and high-energy efficiency.

To use neuromorphic techniques in future
devices, extensive research into long-term stable and
compact memristor devices, as well as advanced sig-
nal processing and learning techniques is required,
to ensure robust and sustainable processing of neural
signals. Implementing this topology could lead to
enhanced energy efficiency while reducing computa-
tional demands.

6.2. Future of urting

The ideal spike sorting algorithm for future devices
would operate online, learns autonomously dur-
ing runtime, and be implemented directly on the
implant. Employing deep learning techniques shows
promise in enhancing spike sorters to meet these cri-
teria, although currently only a few models achieve
this. Therefore, we anticipate key developments in the
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following spike sorting modules i) spike detection, ii)
feature extraction, and iii) clustering.

i) In spike detection, the threshold method is
critical, where deep learning topologies can be
employed to predict threshold values. These
methods can be transferred into the analogue
circuits to enable event-based sampling. Also,
new deep learning architectures that enable
unsupervised and automatic spike detection,
including thresholding, are essential, as noise
sensitivity significantly impacts both the accur-
acy and computational efficiency of the entire
process.

ii) For feature extraction, we anticipate a significant
shift toward the use of autoencoders, given their
noise insensitivity and capability for automatic
training. However, the computational power
required for on-implant spike sorting does not
scale efficiently with the increase in electrode
numbers. Consequently, we foresee the adoption
of simpler feature extractors when dealing with a
large array of electrodes

iii) For clustering, the online approaches developed
so far are not feasible. While OSort and com-
petitive learning are already available for on-
implant computing, their scaling for multichan-
nel spike sorting is not enough and the poten-
tial for optimization is limited. We expect to
see more density-based clustering methods for
online spike sorting.

Concerning architecture, one practical approach
could involve the use of a ‘shadow’ spike sorter. This
would provide a pre-trained deep neural network,
templates for template matching (TM), or windows
for waveform discrimination (WD) to the inference
system. Consequently, we anticipate that a subset
of incoming spikes will be continuously sent to the
shadow spike sorter. While this approach still reduces
the data rate, it enables optimized inference. This is
particularly important as the scarcity of data presents
a significant challenge in deep learning. Overall,
we expect an increase in the use of shadow spike
sorter systems for adaptive purposes and the imple-
mentation of simpler spike sorters for on-implant
applications.

We anticipate high-density probes to become
increasingly prevalent and more biocompatible in
the future. A study on non-human primates demon-
strated that Utah arrays led to a 63% reduction in
neuron density around the probes [86], a phe-
nomenon that likely also occurs in the human
brain. However, while high-density probes signific-
antly increase data rates and cover only a small brain
area, BCIs ideally require a broader area to be access-
ible to the neural decoder. This would necessitate
multiple implants in the brain. The advantage of
high-density probes is that they simplify the task of
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Figure 16. Design topologies for implementing a spike sorting pipeline into hardware for one channel: (a) State-of-the-Art - (b)
proposed structure to tackle the crucial threshold impact on the accuracy and computational effort of the pipeline.

spike sorting. As the signal is likely detected by mul-
tiple electrodes, noise becomes less of an issue, and
noise filtering is enhanced by the spatial information.
Consequently, the spike sorting algorithms required
could be simpler and more accurate compared to
single-channel spike sorters.

In the field of spike sorting, selecting neural chan-
nels of interest is a recognized practice. Yet, the auto-
mation of this process-choosing electrode channels
with high neural activity during recordings-is not
widespread. Implementing online selection of chan-
nels could significantly enhance the performance of
neural decoders by focusing on useful channels.

6.3. Future of neural decoding
Deep learning based neural decoders (among others
ESN, rEFH, GAN, LSTM) have outperformed clas-
sical methods (among others VKF, WE, KE, WC) in
various behavioral tasks such as cursor movement
prediction, reach kinematics and wrist EMG pre-
dictions [26, 67, 85, 122]. However, the extensive
parameter space of these deep learning algorithms
demands more computational resources for both
training and inference compared to statistical func-
tion approximators

The computational demands of deep learning
pose significant challenges for effectively integrat-
ing these architectures into embedded hardware sys-
tems implanted in the body. For real-time or clin-
ical applications, these algorithms must not only be
highly accurate but also require reduced computa-
tional costs to function efficiently within embedded
systems. Future advancements must focus on optim-
izing these methods for hardware execution, taking
into account resource consumption, computational
effort, performance, and latency. Currently, various
deep learning techniques such as fully-connected
neural networks [1], convolutional neural networks
[6], and LSTM cells [69, 92] are implementable in
such devices.
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7. Conclusion

This survey paper provides a detailed overview of the
current state of the art in end-to-end signal processing
of brain-computer interfaces with invasive electrode
arrays for movement intention detection.

Great progress has been made in all of these areas
in recent years. We described and classified differ-
ent SOTA methods and techniques for analogue pro-
cessing, spike sorting and neural decoding. Also, we
highlighted the advantages and drawbacks of those
methods for possible on-implant integrations. In
addition, we could show that different system archi-
tectures for spike sorting-based systems can be useful
under certain circumstances. Concluding our obser-
vations, we briefly presented our future vision for
next-generation BCI pipelines. We expect the use of
deep learning methods in neuroscience will make fur-
ther advances. Thus, we are optimistic that future
implementations in hardware will be developed so
that patients can receive more benefits.
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