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Abstract— Spike sorting is a pivotal signal-processing
technique used to extract information from raw extra-
cellular recordings. Its performance is influenced by the
characteristics of the neural recording front-end. This study
explores how design choices in amplifiers, filters, and
analog-to-digital converters (ADCs) affect the accuracy
of well-established spike sorting algorithms. Our primary
objective is to identify the minimal requirements that
ensure high sorting accuracy while facilitating power- and
area-efficient analog front-ends, which is especially needed
for multi-channel recording-only applications. To achieve
this, we use both synthetic and real datasets, serving as
ground truth, processed through a generic MATLAB model
of a neural recording front-end that simulates key electrical
parameters impacting the signal integrity. These include
the filter order and cutoff frequency, ADC resolution, ADC
sampling frequency, and nonlinearity. Our findings indi-
cate that optimal spike-sorting results are obtained with a
1st-order bandpass Butterworth filter ranging from 700 Hz
to 7.5 kHz, coupled with an ADC that offers a 15-kHz
sampling frequency at 8-bit resolution and no missing
codes. These insights are crucial for designing high-
channel-count neural interfaces where CMOS circuits must
efficiently be optimized.

Index Terms— Spike sorting, neural-recording front-end,
high channel count, extracellular recording.

. INTRODUCTION

EUROSCIENCE has greatly benefited from extracellular
Nrecording, a method that enhances our understanding
of brain activity by locally capturing and processing the
electrical signals emitted by neurons. This technique also
provides researchers with detailed insights into the behavior of
individual neurons. Depending on the research questions and
experimental designs, various methods are used to analyze the
neurons’ action potentials (APs) or spikes, aiming to extract
meaningful information about the properties and dynamics of
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the neuronal activity. One essential method is spike sorting,
which involves classifying spikes into clusters based on their
waveform characteristics to distinguish the signals originating
from different neurons. Accurate classification and categoriza-
tion of these spikes allow researchers to understand the firing
and communication patterns of individual neurons, as well as
their interactions within neural networks. High-performance
spike sorting requires a meticulous analysis of the signal
quality in extracellular recordings and the optimization of the
algorithms used in the sorting process.

Recent research in neural-recording integrated circuits
focuses on improving the area and power efficiencies while
ensuring optimal signal quality [1], [2], [3], [4], [5]. As shown
in Table I, typical specifications of published state-of-the-art
high-channel-count recording systems [6], [7], [8], [9], [10]
include a sampling frequency of 20-30 kHz, a resolution of
10-12 bits, an input-referred noise lower than 10 Vs in
the AP band, and a total harmonic distortion (THD) lower
than —40dB. Although these specifications are intended for
high-quality signal capture, their necessity for effective spike
sorting remains unclear, especially in multi-channel readouts
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where more relaxed requirement that minimizes the power and
area are crucial.

In parallel, significant efforts have been dedicated to
the development of accurate spike sorting algorithms. This
research spans both software [11], [12], [13], [14], [15] and
hardware [16], [17], [18], [19], [20], [21], [22], [23], [24]
implementations, with numerous studies, such as [25], pro-
viding comprehensive comparisons and evaluations of the
prevalent algorithms used in the spike-sorting workflows,
including spike detection, feature extraction, and clustering.

Despite the advancements in these two areas, the rela-
tionship between the required neural recording front-end
performance and the spike sorting accuracy has not been
investigated thoroughly. Some initial studies have begun
exploring this relationship. For instance, the work in [26]
introduces a novel dual-path spike detection algorithm and
analyzes the performance of various spike detectors across
different sampling frequencies and bit resolutions. Similarly,
[27] reports the development of a two-stage spike sorting
algorithm, with an emphasis on determining the minimal
requirements for the neural-recording front-end. Additionally,
the study in [28] examines the hardware parameter relax-
ation for power savings in wireless brain-computer interfaces
(BCls), considering parameters such as noise, the filter cut-off
frequency, and the ADC resolution. These studies, however,
have limited scope since [26] focuses only on spike detec-
tion where spike morphology is not critical, [27] uses only
a single algorithm (WAVEclus [15]) for spike sorting, and
the decoding application in [28] primarily relies on binned
spike counts where the spike waveform information is not
important. Another limitation is that the datasets used in
these studies are based on single-channel recordings or sim-
plistic multi-channel extensions, thus failing to accurately
represent the spatial correlations observed in actual neuronal
spike patterns. Furthermore, the spike amplitudes of these
datasets are normalized or simply divided into a few signal-
to-noise ratio (SNR) scenarios, thus neglecting the up-to 10x
amplitude variations that occur in real multi-channel neural
recordings [29]. Also, nonlinearities such as harmonics and
missing/sticky codes, which are important front-end design
specifications, are not taken into account in the above studies.
In summary, a comprehensive and systematic analysis of the
interplay between the neural recording front-end and spike
sorting performances is yet to be realized in full.

This work aims to systematically study how different
front-end design choices affect the sorting accuracy of well-
established spike-sorting algorithms. Our main goal is to
derive the minimum required specifications of the analog
front-end that can guarantee good spike-sorting accuracy,
which is crucial to designing implantable high-density neu-
ral interfaces with minimum area and power. In this work,
we focus on optimizing circuit performances specifically for
high-density neural recording and spike-sorting applications.
Therefore, aspects related to bidirectional or closed-loop neu-
ral interfaces, such as stimulation artifact tolerance, are not
considered in this study. Additionally, this work does not seek
to review or compare different recording architectures and
their power/area trade-offs, as these aspects are covered in
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Fig. 1. Study methodology overview.

other dedicated studies [30], [31], [32]. Instead, our focus is on
optimizing the performance requirements of the key building
blocks of neural recording front-end design, ensuring that the
proposed optimizations remain as applicable as possible across
various recording architectures. Our study incorporates three
key innovations:

1) A comprehensive neural recording front-end model is
developed, including key electrical parameters that affect
the neural signal integrity;

2) Multiple state-of-the-art spike-sorting algorithms are
employed for the analysis, ensuring the reliability and
universality of the findings;

3) High-channel-count datasets are used, incorporating the
spatial relationships and redundancy among channels in
high-density neural recording.

The remaining of the paper is organized as follows. The
methodology, including the neural datasets used as ground
truth, neural-recording front-end modeling and spike sort-
ing algorithms, will be presented in Section II. Section III
will benchmark the performance of different spike-sorting
algorithms against different front-end requirements. The con-
clusions will be drawn in Section IV

[I. METHODOLOGY
A. Methodology Overview

Fig. 1 illustrates the methodology of the proposed study.
Initially, we generate synthetic datasets to replicate raw
extracellular recordings induced by brain activity, including
complete ground truths. These raw recordings, together with
real datasets, are then preprocessed through a parametrized
model of a neural recording front-end. This step is designed
to replicate the impact of various front-end design parameters,
such as the filter order, quantization noise and nonlinearity,
on the signal quality. These parameters have a direct impact
on the area and power consumption of the front-end circuits.
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Following this, we apply multiple established spike-sorting
algorithms to the processed data to isolate and categorize
the spikes. This process enables a detailed examination of
the spike-sorting performance across different algorithms and
front-end requirements. The insights gained from this study
are intended to guide researchers and engineers in developing
neural recording front-ends that have minimal require-
ments while achieving a consistent and reliable spike-sorting
performance.

B. Ground-Truth Datasets

Ground-truth data is crucial to validate spike-sorting algo-
rithms quantitatively. These data can be obtained with three
different methods: paired recordings, hybrid recordings, and
synthetic recordings [33]. In this work, we employ both
synthetic and real datasets to comprehensively evaluate
spike sorting performance. Synthetic datasets generated with
biophysically-detailed simulators because of the following
advantages: i) all the neurons making up the recordings are
known, which allows for full and exhaustive benchmarks of
the sorting results; ii) it is possible to model many neural
sources at different firing rates and noise levels to emulate
the complexity of real recordings; and iii) it is possible to
generate high-channel-count datasets emulating the spatial
relationships of well-stablished neural probes such as Neu-
ropixels [5], [10]. Although synthetic datasets may not entirely
reflect the intricacies of actual biological noise, their thor-
oughness and exceptional controllability make them a valuable
tool for algorithm development. The inclusion of real datasets
complements this approach by ensuring that the methods are
also evaluated under biologically realistic conditions.

In our study, we use the open-source Python-based soft-
ware MEArec [34] to create synthetic ground-truth datasets.
MEArec is a versatile simulator that offers fast, user-friendly,
and biophysically accurate extracellular recordings, ideal for
testing and optimizing spike sorting algorithms. This tool
supports multi-channel probes and can be integrated with the
Spikelnterface platform [35], which will be discussed in detail
in Section II-D. Within MEArec, we utilize the topology of
a 128-channel Neuropixels 1.0 probe [5] to simulate a high-
channel-count recording system. To assess the performance of
various spike sorting algorithms, we have chosen a standard
recording duration of 10 minutes. A cohort of 60 neurons is
employed, comprising 48 excitatory and 12 inhibitory cells.
Two distinct cell types are also characterized by two default
spike firing rates of 5 Hz and 15 Hz. The datasets contain
far-neuron colored noise, typically at a level of 10 ©Vips.
The spike amplitudes vary from 40 to 300 wVpp. The resulting
SNR ranges from 8.5 to 48.5 (i.e., 18.6 dB to 33.7 dB), with
a mean SNR of 19.2 (corresponding to 25.7 dB). The SNR
is calculated following the definition in [36], after applying
a commonly used bandpass filter (300-6000 Hz, 5%M-order
Butterworth, zero-phase filter using filtfilt).

To further validate the robustness of our results and
conclusions, we have extended our simulations to include
real paired neural recordings. For this, we utilized the
Paired-Boyden datasets available in the open-source platform
SpikeForest [36]. The specific dataset used in our simulations
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Fig. 2. (a) Spectrum and transient waveform of the MEArec datasets.

(b) Spectrum and transient waveform of the real Paired-Boyden
datasets.

(419_1_7) contains 32 channels, with a spike amplitude of
305 1 Vpp and an SNR of 27 (i.e., 28.6 dB).

The FFT spectra and transient waveforms of both the
MEArec and Paired-Boyden datasets are depicted in Fig. 2.
As shown, the MEArec recordings contain only far-neuron
noise and lack low-frequency local field potentials (LFPs).
In contrast, the Paired-Boyden dataset, being a real neural
recording, includes both high-frequency spike-related noise
and low-frequency LFP components, reflecting the broader
spectral characteristics of actual biological recordings.

C. Neural Recording Front-End Model

1) Front-End Model Overview We have developed a

detailed generic MATLAB model of a typical neu-
ral recording front-end, consisting of three blocks:
a low-noise amplifier (LNA), a band-pass filter (BPF),
and an analog-to-digital converter (ADC). First, the
neural signal is amplified by the LNA, then filtered to
remove out-of-band noise, and finally digitized by the
ADC for subsequent digital processing such as spike
sorting. In such a neural recording front-end, the various
blocks present different design choices, and introduce
various types of nonidealities. These design choices
and nonidealities are illustrated in Fig. 3 and will be
explained in detail below.
Although various readout architectures exist (e.g. ded-
icated ADC per channel [37], [38], time-multiplexed
ADC [5], [7], [8], [10], and direct-to-digital appro-
aches [1], [4], [9], [39], [40]), each offering different
area versus power trade-offs, our analysis is conducted
at the building block level rather than the architectural
level. As a result, our findings remain applicable across
different architectures, beyond the typical configuration
considered in this study.

2) Amplifier Modeling Amplifiers introduce two major
nonidealities in the system: nonlinearity and noise. Har-
monic distortion is the main factor to consider regarding
nonlinearity, with a transfer function y = f (x) typically
represented by the following power series [41]

y=f@=a +ax+ax*+ax®+... (1)
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In this series, the term ag is the DC component, a; is the
small-signal gain, apx? represents 2"%-order nonlinearity,
and a3x> represents 3'9-order nonlinearity. Higher orders
of harmonic distortion, such as fourth and beyond, are
typically less significant and, therefore, often neglected.
Since amplifiers are usually designed to be differen-
tial, the 2™-order harmonic distortion can be cancelled
out. However, the 3"-order harmonic distortion (H D3)
remains. In harmonic studies, we typically use a sine
wave as the input signal, x = sin (2w f¢). When this
signal is processed, distortion can create new frequen-
cies, like 2fand 3 f. The 3™-order harmonic distortion
is measured by the ratio of the amplitude at 3 f to the
amplitude at the fundamental frequency f. This ratio
is given by HD3 ~ 4aT}1A2 [41], where A represents
the amplitude of the signal relative to the amplifier’s
full-scale input. We assume A 1 to consider the
worst-case scenario, even if the signal does not reach
the system’s limits.

In the design of neural-recording analog front-ends,
a 3"-order harmonic distortion of up to 1% (i.e. —40 dB)
is traditionally considered acceptable, but the rationale
behind this limit is unclear. In our study, we examine a
range of 0% to 5% for HDs3 to determine how much
distortion can be tolerated without significantly affecting
spike-sorting accuracy.

As will be detailed later, the front-end noise is not
included in this study, as it is typically optimized such
that it does not significantly contribute to the overall
system noise.

Filtering Modeling To define the signal band in our
neural-recording front-end model, we select a But-
terworth filter because of its flat passband response,

Digital Output

4)

‘STICKS’

*JUMPS’
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Analog Input Analog Input
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Representation of sticky codes and missing codes in an ADC

a common choice in analog filter design. Two crucial
aspects of the filter design are the filter order and the
passband cutoff frequencies. A higher filter order results
in a sharper transition between the passband and the
stopband, but it can increase the phase distortion. The
cutoff frequency, which helps to eliminate unwanted
signal components and noise, is usually selected as a
trade-off between noise suppression and signal loss.

In this study, we compare 1%-, 2™- and 3"- order
Butterworth filters. The low-pass cutoff frequency is set
at the Nyquist frequency, which is half of the sam-
pling frequency f;. For the high-pass cutoff frequency,
we sweep it from 100 Hz to 2000 Hz to determine
the optimal point for spike sorting performance. It is
important to note that most spike sorters include their
own filters in their preprocessing steps. To ensure a
fair comparison in our study, these built-in filters are
disabled.

ADC Modeling To model the impact of the ADC
on the spike-sorting accuracy, we examine three main
properties: the sampling rate, the resolution, and the
nonlinearity.

Sampling rate: The sampling rate is usually cho-
sen as a trade-off between the power consumption
and the signal loss. Here, we compare different
sampling rates ranging from 6 kHz to 40 kHz, align-
ing with the typical 20-30 kHz used in most AP
recording systems.

Resolution: To assess the impact of the quantization
error, we vary the ADC resolution (defined based on
the SNR, as distortion is treated separately) from 6 to
14 bits, maintaining a fixed dynamic range of +500 ©V,
which corresponds to the typical maximum ampli-
tude of the AP signals measured extracellularly. This
ADC resolution range covers the common resolu-
tions of 8 to 12 bits found in most neural recording
front-ends.

Nonlinearity: Since harmonic distortion is already
addressed in the amplifier model, our ADC modeling
focuses on missing and sticky code errors [42] as
illustrated in Fig. 4. Sticky code errors are depicted as
horizontal ‘sticks’ in the transfer function, indicating
that the output remains ‘stuck’ at a digital code over
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TABLE I
DEFAULT MODEL SETTING FOR NEURAL-RECORDING FRONT-ENDS
Circuit Characteristic Defz}ult
Component setting
Amplifier Harmonic Distortion 0%

High-pass order 1* order

High-pass cutoff 300 Hz
Filter Low-pass order 1% order
Low-pass cutoff 15 kHz

Sampling Frequency 30 kHz

Resolution 10 bits

ADC Sticky-code error 0 codes
Missing-code error 0 codes

5)

6)

a broad range of analog inputs. Conversely, missing
code errors are shown as abrupt vertical ‘jumps’ or gaps
where certain output values are skipped. These errors
typically arise from component mismatches within the
circuit and are mostly prevalent in the mid-range of the
transfer function, particularly when all digital bits are
active during conversion (e.g., transitioning from 0111 to
1000 in a 4-bit ADC). In this study, we evaluate the
impact of 1, 2, 4, and 6 consecutive missing and sticky
codes, occurring at seven transition points within the full
ADC range: 1/8, 1/4, 3/8, 1/2, 5/8, 3/4, and 7/8.
Default Model Settings To compare how the various
design choices in each of the blocks discussed above
affect the spike sorting accuracy, we have established
default settings for our analysis. These default settings,
presented in Table II, are aligned with the most widely
used design specifications in state-of-the-art analog
front-ends. In the experiments described in Section III,
these default values are used unless otherwise
specified.

Other Relevant Parameters Not Considered in This
Study While this study focuses on the impact of the
front-end performance parameters on the spike-sorting
accuracy, several other factors that mainly influence the
neural recording performance and less the spike sorting
are not explicitly analyzed here.

LNA Noise: Higher noise levels reduce the SNR,
impacting the spike detection and sorting accuracy.
However, the total system noise includes electrode
noise and biological background activity noise, which
often dominate over the amplifier noise. To prevent
the LNA noise from becoming the limiting factor,
a widely accepted design guideline is to keep it between
5 to 10 uVims. Given these well-established con-
straints, the LNA noise is not explicitly analyzed in
this study.

Input impedance: A sufficiently high input impedance
is critical to minimize the signal attenuation, preserv-
ing the SNR, and ensuring accurate spike detection.
Additionally, high input impedance helps maintain a
high common-mode rejection ratio (CMRR), which is
essential for artifact suppression, particularly for stimu-
lation and movement artifacts [39], [40]. A commonly
accepted guideline is to keep the input impedance at

least 100x higher than the electrode impedance. How-
ever, since the electrode properties (size, material, and
chronic degradation) largely dictate this requirement, the
input impedance is not a focus of this study.

Crosstalk: While crosstalk can be a concern in high-
channel-count neural probes, worst-case reports in the
literature indicate that crosstalk levels remain well below
1% [5], [43], [44], [45], which is too low to mean-
ingfully affect spike sorting. Given that the crosstalk
level in well-designed AFEs is below the noise floor
of the system, its impact on the spike sorting accuracy
is negligible, and thus it is not further considered in this
study.

Stimulation and movement artifacts:This study focuses
on recording-only AFEs, where stimulation artifacts are
not a concern. In stimulation-based applications, artifact
severity depends on multiple external factors (e.g., elec-
trode impedance, reference schemes, and stimulation
pulse characteristics), making it difficult to generalize
in a model-based study. Various system-level techniques
can be implemented to tolerate or mitigate stimula-
tion artifacts, though they do not necessarily have a
direct impact on spike-sorting accuracy. Movement arti-
facts also depend on external factors such as electrode
matching and reference configurations, and they can be
effectively mitigated through post-processing techniques
such as common average referencing (CAR) [46], [47].
Since our study is concerned with optimizing front-end
parameters under controlled recording conditions, arti-
facts are outside its scope.

D. Spike-Sorting Algorithm Platform and Performance
Metrics

After the raw signals pass through the previously
described neural recording front-end model, it is essential
to employ well-established spike-sorting algorithms to eval-
uate spike-sorting performance in a coherent and consistent
methodology.

1) State-of-the-Art Spike Sorting Algorithms

We use Spikelnterface [35] as a comprehensive
framework for spike sorting, fulfilling two essen-
tial requirements. Firstly, it encapsulates a variety
of spike-sorting methods, facilitating easy invocation
and execution of these sorters. Secondly, it provides
standardized and contemporary approaches for evaluat-
ing the sorting performance. The seamless integration
of the MEArec datasets with Spikelnterface further
streamlines the implementation and comparison of
spike sorters.

In this study, we compare 5 different spike-sorting algo-
rithms: HerdingSpikes [14], Tridesclous [48], Spyking
Circus 2 [11], Kilosort (3 and 4) [12] and Iron-
Clust [13]. These algorithms are specifically designed
for high-channel-count neural recording, supporting
up to 5000 channels. They primarily employ two
clustering methodologies: Kilosort, Tridesclous and
Spyking Circus 2 are based on template matching [49],
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whereas IronClust and HerdingSpikes rely on density-
based clustering [50]. While Kilosort3 is used for the
MEArec datasets, Kilosort4 is employed for the Paired-
Boyden dataset, as Kilosort3 was unable to reliably sort
this dataset and resulted in inconsistent results.
Performance Metrics

To assess the performance of the spike sorting, ground-
truth neurons and detected units are matched using the
“Best Match” method with a best score threshold of
0.1, following the evaluation methodology outlined in
SpikeForest [36]. The Best Match method pairs each
ground-truth neuron with the detected unit that exhibits
the highest accuracy. The 0.1 best-score threshold stipu-
lates that only units with an accuracy greater than 0.1 are
included in the calculations. The performance is evalu-
ated using three common metrics: accuracy, good units,
and bad units. Accuracy can be computed individually
for each neuron, and it is defined as follows [35]:

TP

ACCy = ———
NO=FP TP+ FN

2
where TP, FP and FN refer to true positives, false
positives, and false negatives, respectively. Fig.4(a) illus-
trates the concept of TP, FP and FN using a Venn
diagram with two circles, N and U. Circle N represents
all the spikes from one ground truth neuron, while circle
U represents all the spikes in a sorted cluster. The
intersection of N and U shows the TP, which are spikes
correctly classified into the cluster. The area of N outside
U represents the FN, which are spikes in the ground
truth neuron that were not sorted into the cluster. The
area of U outside N represents the FP, which are spikes
in the sorted cluster that do not belong to the ground-
truth neuron.

While accuracy evaluates performance from the per-
spective of ground-truth neurons, the “good” and “bad”
unit metrics assess the performance at the population
level [35]. Fig. 5(b) illustrates this distinction. The
ground truth contains 5 neurons (NI-N5), which are
sorted by an algorithm into 8 units (UI-US). “Good”
units, like Ul and U5, have high accuracy (>0.8)
with matched neurons. “Bad” units include over-merged,
redundant, and FP units. For example, U4 is over-
merged, showing relatively high accuracy (>0.2) for
multiple ground-truth neurons (N3, N4). U8 is redun-
dant, with relatively high accuracy (>0.2) but not the
best match (since U5 is the best match for N5). FP units,
such as U3, U2 and U7, have low accuracy (<0.2).
Notably, U2 and U7, consisting solely of noise without
ground-truth neurons, are excluded from accuracy cal-
culations. This means that sorters can sometimes exhibit
a high accuracy while still having many bad units,
indicating potential issues in unit classification.

Fig. 6 presents the baseline performance of the five
selected sorters and the combination method on the
MEArec dataset. The performance is evaluated using
the metrics of accuracy, good units, and bad units.
This dataset features a 30-kHz sampling frequency,
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6. MEArec dataset baseline performance comparison of the five

selected sorters and a combination method based on accuracy, good
units, and bad units. Kilosort shows high accuracy but many bad units,
while others have lower accuracy with fewer bad units.

floating-point precision, no filtering, and no nonlinearity.
Notably, Kilosort shows exceptionally high accuracy
and a large number of good units, but also a signifi-
cant number of bad units, mostly FP. This underscores
the need for post-processing, such as manual curation,
to refine the results by rejecting, merging, or splitting
clusters based on spike features. Tridesclous, Spyking
Circus 2 and IronClust, while yielding lower accuracy
and fewer good units, have considerably fewer bad
units. According to Spikelnterface, combining different
spike-sorting techniques can help identify and eliminate
FP units, which are the main contributors to bad units.
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Therefore, we introduce the combination of Kilosort +
IronClust in our study, demonstrating that the number
of bad units can be reduced by more than 10x.

As shown in Fig. 6, the five sorters exhibit signif-
icant variation in performance on the same dataset.
Therefore, we included all sorters in this study to
better demonstrate the overall impact of the neural
recording front-end characteristics. Additionally, since
the good-units and accuracy metrics generally follow
the same trend, we selected accuracy as our benchmark
because it is a normalized metric, which makes it more
suitable for consistent comparisons.

Il1. RESULTS AND ANALYSIS

In this section, we evaluate the performance of the 5 spike
sorting algorithms (HS: HerdingSpikes, TDC: Tridesclous,
SC: Spyking Circus 2, KS: Kilosort 3 and 4 and IC: IronClust)
as well as the combination method (KS+IC) across various
specifications of the neural recording front-end. Our analysis
covers: i) the orders and cutoff frequencies of the high-pass
and low-pass filters; ii) the ADC sampling frequency and
the associated quantization noise; and iii) the nonlinearities
induced by the ADC and the amplifiers, which include har-
monic distortion, missing-code errors and sticky-code errors.
The results are presented for both the MEArec (M) and the
Paired-Boyden (B) datasets.

A. Filter Order and Cutoff Frequency

The assessment of the filter order is conducted separately for
the high-pass and low-pass filters. Fig. 7 (a) shows the results
of the low-pass filter order test, with a fixed 15'-order high-pass
filter set at a typical cutoff frequency of 300 Hz. Interestingly,
the performance of the sorters shows minimal variation, with
only 0.67% (Paired-Boyden) and 0.43% (MEArec) increases
in average accuracy across sorters when going from 1%
to 3" order filtering. This suggests that the order of the
low-pass filter does not significantly impact the sorting accu-
racy. Therefore, when the goal is to minimize the design
complexity, a 1%t-order filter is sufficient. Fig. 7 (b) shows the
results of the high-pass filter order evaluation, with a fixed
1%t-order low-pass filter set at 15 kHz. Surprisingly, the average
accuracy across sorters declines by 25.44% (Paired-Boyden)
and 11.83% (MEArec) as the filter order increases from 1%
o 3", Upon analyzing the spike waveforms in the MEArec
dataset, we arbitrarily selected the average waveform of one
neuron for demonstration in Fig. 7. It is evident that higher
high-pass filter orders effectively suppress the low-frequency
noise, but they also introduce significant distortion to the spike
waveforms [51]. This distortion is caused by the inherent
group delay associated with these filters. As the filter order
increases, so does the group delay, causing different frequency
components to experience different delays and leading to
waveform distortion.

To verify that the waveform distortion is caused by group
delay, we conducted an experiment comparing causal fil-
ters (using MATLAB’s ‘filter’ function) and non-causal filters
(using MATLAB’s ‘filtfilt’ function). The non-causal filter,
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Fig. 7. (a) Comparison of the accuracy and spike waveforms across

different low-pass filter orders, with a cutoff frequency of 15 kHz and a
fixed 1St-order high-pass filter at 300 Hz. (b) Comparison of the accuracy
and spike waveforms across different high-pass filter orders, with a cutoff
frequency of 300 Hz and a fixed 15t-order low-pass filter at 15 kHz.

also known as the zero-group-delay filter, processes data by
applying the filter twice: once from the beginning to the
end and then from the end to the beginning, effectively
nullifying any group delay. It is important to note that such
a filter can only be implemented with even orders due to its
bidirectional nature. Although a non-causal filter is impractical
for hardware implementation because it requires bidirectional
filtering, we use it in this experiment to isolate the impact
of the group delay. We compare a 2"4-order bandpass causal
filter with a 2"-order bandpass non-causal filter, both ranging
from 300 Hz to 15 kHz. We maintain a constant magnitude
response, varying only the phase response and the group delay.
Fig. 8 shows that the waveform after the non-causal filter
resembles the raw spike more closely, and the accuracy using
the non-causal filter exceeds that of the causal filter by 0.64%
(Paired-Boyden) and 5.13% (MEArec). This confirms that the
group delay significantly contributes to the decline in sorter
performance with higher filter orders.

We have also conducted tests on the filter cutoff fre-
quency. Fig. 9 shows the average accuracy of all sorters across
various high-pass filter orders and cutoff frequencies. The
average accuracy initially increases but then begins to decline
around 1000 Hz for the MEArec dataset. In contrast, for
the Paired-Boyden dataset, the accuracy increases by around
1% from 100 Hz to 300 Hz, remains relatively stable, and
then drops more abruptly around 700 Hz. This trend can be
attributed to the fact that both the spikes and the background
far-neuron noise typically follow a 1/f spectrum. Thus, setting
a high-pass filter at a higher frequency effectively filters out
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significant portions of both the signal and the noise. As the
filter order increases, the average accuracy decreases, and the
optimal cutoff frequency shifts to lower values. This occurs
because higher-order filters provide more noise suppression
around the cutoff frequency. For cutoff frequencies higher
than the optimal frequency, the spike amplitude starts to be
attenuated by the filters.

The results of these experiments highlight the expected
trade-off between noise reduction and signal preservation,
which is crucial for achieving optimal spike-detection accu-
racy. In conclusion, the best high-pass filter setting to achieve
high average accuracy in both datasets is a 1%%-order filter at
around 700 Hz. Finally, it is interesting to observe that Kilosort
consistently performs the best and demonstrates less sensitivity
to variations in the filter order and cutoff frequency.

B. ADC Sampling Frequency

Fig. 10 (top) compares the accuracy of the different sorters
across varying ADC sampling frequencies. The MEArec
dataset, being synthetic, allows for adjustable sampling fre-
quencies. The Paired-Boyden dataset, however, has a fixed
sampling rate of 30 kHz, thus tests at higher frequencies
are not possible. As previously mentioned, the low-pass filter
cutoff is set to the Nyquist frequency, so it varies together with
the sampling frequency. As shown in the figure, the average
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Fig. 10.  Comparison of the accuracy and spike waveforms across
different ADC sampling frequencies (top) and dataset snippets for the
MEArec dataset (bottom). The 1St-order low-pass-filter cutoff frequency
scales with the sampling frequency (Nyquist). A 15t-order 300-Hz high-
pass filter is used.

accuracy increases sharply when going from 6 kHz to 10 kHz,
with an improvement of approximately 40% for both datasets.
Beyond this point, the rate of improvement slows down, and
after 15 kHz, the accuracy appears to level off. This pattern
suggests that a sampling frequency of 15 kHz, which yields
accuracies of 75.89% (Paired-Boyden) and 75.11% (MEArec),
should be adequate for spike sorting. Notably, at sampling
frequencies of 10 kHz and above, Kilosort (for Paired-Boyden
and MEArec) and IronClust (for MEArec only) consistently
outperform other sorting algorithms. However, at lower sam-
pling frequencies, such as 6 kHz, Tridesclous exhibits a higher
accuracy, indicating its lower sensitivity to variations in the
sampling frequency. It is also important to note that IronClust
does not function properly at a 6-kHz sampling frequency,
which is also the reason why the combination KS+IC cannot
be simulated at this frequency.

The MEArec spike waveforms at the different sampling
frequencies are also shown in Fig. 10 (bottom). At higher
sampling rates, the spike waveforms are more detailed, but
also include an increased amount of high-frequency noise. This
explains why the accuracy plateaus or even begins to decline,
as observed with HerdingSpikes, for sampling frequencies
beyond 15 kHz.

C. ADC Resolution

A comparison of the accuracy and the spike waveforms
across different ADC resolutions is shown in Fig. 11. The
Paired-Boyden dataset shows sorting accuracy saturation from
a resolution of 6 bits, while the MEArec dataset saturates after
8 bits. For the Paired-Boyden dataset, all sorters maintain a
stable accuracy, resulting in <1% change when going from
6 bits to float point. In contrast, the MEArec dataset is more
sensitive to the ADC resolution. In this case, the accuracy



2188

IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 33, 2025

100
5 76.69 75.93 76.86 76.48 76.31 76.14 75.89 76.67 76.37 76.19
o
@ sof
¥
)
<C
_ 100 5
9 60.40 75.28 75.53 75.67 77.00 75.55 74.26 75.75 76.09
= o ———0— ¢ — 0
s sof 46621/
o
o
< 0 i |
—~ 6b 7b 8 9b 10b 11b 12b 13b 14b float
=
2 L,{Pu mlf"v- \Jv"\* u‘kf ‘- \,ni(\w- uv'\v*- m|f\v~ u‘v‘“r- kﬂ(\v‘- \.niﬁh
(]
—8— average HS mmm TDC IC mmm SC KS mmm KS+IC

20 : r T T T T
— 10
>
2 0
[
S -10
=
2 .20
£
< .30

40 s . s . ‘ . ’

1 1.5 2 25 3 35 4 4.5 5
Time [ms]
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different ADC resolutions (top) and dataset snippets for the MEArec
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(300 Hz) filters are used.

increases by 23% when going from 6 to 7 bits, followed
by a 6% gain from 7 to 8 bits, after which it levels off.
At 6 bits, Spyking Circus fails, and Tridesclous achieves nearly
0% accuracy, indicating their high sensitivity to quantization
errors. Kilosort, however, maintains the highest accuracy and
shows robustness to reduced resolution.

Although the overall trend is similar for both datasets, the
optimal ADC resolution differs due to variations in SNR,
as discussed in Section II-B. The MEArec dataset has a lower
average SNR and a broader SNR distribution, making it more
susceptible to quantization noise. This likely explains why a
higher resolution of 8 bits is optimal for the MEArec dataset,
compared to the 6 bits of the Paired-Boyden dataset. The
analysis of the spike waveforms in Fig. 11 shows that the
signals maintain their details at resolutions above 8 bits for
the MEArec dataset.

D. Nonlinearity Analysis

The accuracy results and spike waveforms obtained with
different percentages of 3'-order harmonic distortion are
shown in Fig. 12. Remarkably, for both datasets, the accu-
racy of all sorters remains consistent, with less than 2%
variation, even when subjected to 5% of H D3. Additionally,
the spike waveforms exhibit minimal variation, and only a
slight difference is noticeable in the spikes with maximum
amplitude. These results indicate that harmonic distortion does
not significantly impact the performance of spike sorting.

The comparison of the accuracy and spike waveforms across
different ADC sticky-code errors is shown in Fig. 13. The
results indicate that, in both datasets, errors of up to 6 sticky
codes do not significantly reduce the accuracy. This is because
errors occurring at the mid code (0 V) blend into the noise
floor, causing no significant information loss, while errors
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at other transition points do not noticeably distort the spike
waveforms or obscure any spike features.

Fig. 14 presents a comparison of the accuracy and spike
waveforms under different ADC missing-code error condi-
tions. Interestingly, the results with the Paired-Boyden and
the MEArec datasets show different trends. With the MEArec
dataset, missing codes have a significant impact on the
accuracy of the sorters. When there are no missing codes,
the average accuracy is 75.67%. This accuracy decreases to
74.34% with just one missing code and drops further to
63.84% when there are 6 missing codes. Fig. 14 shows that,
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as the number of missing codes increases, there is a significant
rise in the noise levels of the spike waveforms in the MEArec
dataset. Notably, while most sorters are affected by this issue,
Kilosort3 remains unaffected by missing codes. In contrast,
the Paired-Boyden dataset shows less than a 2% change
in accuracy from 0 to 6 missing codes, indicating minimal
sensitivity to these errors.

The difference between the two datasets is primarily due
to their SNR variations. This is illustrated in Fig. 15, which
shows the relationship between the clustering accuracy and
the minimum SNR for the MEArec dataset under different
numbers of ADC missing codes (EC = 0, 1, 2, 4, 6),
where EC = 0 represents no errors. As all sorters except
KS follow a similar trend, the TDC accuracy is shown as a
representative example. As mentioned earlier, the minimum
SNR of the MEArec dataset is 8.5 (left red dashed line).
Below an SNR of 15, the accuracy declines significantly,

TABLE IlI
RECOMMENDED SPECIFICATIONS FOR NEURAL-RECORDING
FRONT-ENDS
Circuit Characteristic Recommended specification
Component
Amplifier =~ Harmonic Distortion <5%
High-pass order 1* order
. High-pass cutoff 700 Hz
Filter Low-pass order 1% order
Low-pass cutoff % Sampling Frequency
Sampling Frequency 15 kHz
Resolution 8 bits
ADC Sticky-code error <6 codes
Missing-code error 0 codes

particularly for higher EC values. As the SNR increases, the
accuracy improves, and the differences between the EC levels
become less pronounced. Above an SNR of 30, missing codes
have little to no impact. The green dashed line represents the
SNR of the Paired-Boyden dataset (27), where the influence
of missing codes is minimal.

E. Summary

Based on the results described in Section III-A-III-D,
we can derive the optimal specifications of a neural recording
front-end designed to achieve both high power and area
efficiencies, as well as high spike-sorting accuracy. These
optimal specifications are summarized in Table IIL

V. CONCLUSION

This paper has analyzed the critical interaction between the
electrical performance specifications of the neural recording
front-end and the performance of established spike-sorting
algorithms. By analyzing relevant synthetic and real datasets
with various state-of-the-art sorting algorithms, this paper
has thoroughly examined the requirements for the ampli-
fier, filter and ADC design, including the filter order, cutoff
frequency, ADC resolution, ADC sampling frequency, and
nonlinearity. Although some spike-sorting algorithms exhibit
a low accuracy, our study demonstrates that front-end design
parameters still have a significant impact on their performance.
In contrast, high-accuracy algorithms like Kilosort show a
greater robustness, displaying a reduced sensitivity to front-
end imperfections.

Our findings indicate that optimal sorting performance can
already be achieved with a 1%-order Butterworth bandpass
filter with a band from 700 Hz to half the sampling rate
(Nyquist frequency). Regarding the ADC design, a minimum
sampling frequency of 15 kHz, a resolution of 8 bits, and
zero missing codes ensure a stable sorting performance, while
sticky-code errors of up to 6 codes can be tolerated. Addition-
ally, it has been found that harmonic distortion up to 5% does
not impact the spike sorting accuracy. These insights offer
a comprehensive understanding of the minimum building-
block requirements essential for developing power-efficient
and compact neural recording front-ends tailored for accurate
spike-sorting analysis.
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