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Abstract—Because of the intricacy of neural data, spike
sorting is a challenging problem in neuroscience. Overlapping
clusters are one of the hardest issues to solve, along with the
similarity of spike shapes, excessive noise, and unbalanced
clusters. Here, we focus on analyzing the efficacy and
integrating the Superlets Transform as a feature extraction
method. Our results indicate that Superlets achieve not only
super-resolution in time and frequency, but also provide the
conditions for smooth clustering performance. The Superlet
Transform was analyzed in conjunction with Principal
Component Analysis, Singular Value Decomposition, and
Isomap Embedding as dimensionality reduction methods. The
Superlet-extracted features were classified using Neural
Networks in order to assess their relevance.

In spike sorting, the challenges are numerous, starting
from the diversity of spike shapes and firing rates, to the
overlapping clusters and noisy data.
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There are data (or neuron) related challenges such as
sparsely firing neurons, and more technical challenges such
as over-clustering. Neurons that only occasionally produce
action potentials are known as sparsely firing neurons. This
makes it hard to separate their spikes from spikes generated
by other neurons, which fire more frequently [1]. Moreover,
this leads to clusters of different densities. Because each
neuron fires at a distinct rate, unbalanced clusters are a
normal case in spike sorting.

I.

Transform,

data

INTRODUCTION

The separation of spikes of individual neurons from
extracellularly recorded data is one of neuroscience's most
difficult tasks at the moment. Optimizing the extraction of
neuronal relevant spike features that enable the study of
individual cells is crucial for the investigation of high-level
cognitive processes or brain disorders. In such cases,
individual neuron spiking is important because it helps
dissect the dynamics of neural circuits. In spike sorting, the
goal of the feature extraction step is to represent spikes fired
by the same neuron with extremely similar, if not identical
values that are very different from the values representing
the spikes of the other neurons. That would enable sorting
the spikes in separable clusters, the final goal being to
assign the spikes to their proper source (the neuron that
produced them).
A valuable representation of a signal is what highlights the
relevant signal characteristics for a specific problem. When
it comes to the challenge of traits extraction, a signal's
representation in the time and frequency domain is useful.
The time domain representation of a signal shows how it
evolves over time. How much of the signal is contained in
each particular frequency band over a frequency range is
depicted in the frequency domain.
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II.

THEORETICAL FOUNDATIONS

A. Challenges
Neuroscience is a broad field that studies the structure and
function of the nervous system as the source of all behaviors
and mental existence. It is necessary to understand each cell,
both individually and the connections between them, in
order to understand how the brain works as a whole.
Neurons process information through action potentials, also
known as spikes, therefore the shape of the spike is relevant.

Unbalanced clusters can be understood in a computational
framework as clusters with varying densities. Dense clusters
are the most noticeable to clustering algorithms, while
sparse clusters are the hardest to localize. Often, the most
dense cluster in a neural dataset is the one corresponding to
noise. Therefore, clustering algorithms may encounter
challenges in distinguishing the relevant clusters.
Ideally, a cluster is a group of spikes that have similar
characteristics and the same single neuron as the source. As
seen in Fig. 1., the spikes of the same neuron have a similar
shape. Due to their large number, if represented on the same
graph, some overlap, which makes the observation of the
components of the action potential difficult.

Fig. 1. Overlapping spikes in a cluster

Overlapping clusters happen because different neurons
produce similar spike shapes and feature extraction methods
are unable to identify features that are discriminant enough
to distinguish between these comparable waveforms.
When a clustering algorithm mistakenly assigns the spikes
from one neuron as belonging to two separate neurons,
over-clustering occurs (Fig. 2.), as a result of overlapping
clusters. However, this can be resolved post-sorting by an
expert observer by manually combining clusters that should
form a single cluster. Nonetheless, improper spike clustering
(identifying two different clusters as one) is worse than
excessive spike clustering [1].

Fig. 2. Ground truth on simulation 85 with 19 clusters

The dataset used is SYNTH_MONOTRODE [2] which
consists of 10 minutes of extracellular recordings, with
spikes from 2 to 20 neurons. To increase the complexity,
multiunit activity and background noise are emphasized. All
these characteristics were produced using recordings from
the monkey basal ganglia and neocortex [2].
The dataset represents a set of 95 generated simulations.
Each simulation consists of a signal, and a ground truth. The
signal was preprocessed into spikes of 79 points. Unlike the
real data, all the spikes are labeled, with ‘0’ for the
background noise spikes. Each simulation's noise was
created by overlapping 20 different types of spikes, creating
new spikes with values much lower than the spikes
produced by neurons [2].
In order to accomplish the multiunit activity, the neurons
used are those generating spikes with an amplitude higher
than the one of the noise, but not high enough to be able to
identify them individually [2].
The spikes from the dataset are made up of 79 samples,
illustrated in Fig.1, also outlining the rising phase, the
overshoot, and the falling phase.

B.
Feature extraction methods
The Short-Time Fourier Transform (STFT) [3],
t-Distributed Stochastic Neighbor Embedding (t-SNE) [4]
and Wavelet Transforms [5] are the most common feature
extraction methods used in the spike sorting process.
The STFT is a sequence of Fourier transforms applied to
signal windows. Contrary to the conventional Fourier
transform, which generates the average signal frequency
over the time interval, this transform is able to deliver
time-localized frequency information in conditions where
the signal's frequency components change with time.
t-SNE is a non-linear algorithm focusing on mapping
high-dimensional space to low-dimensional space. Its main
idea is to convert the high-dimensional Euclidean distances
between samples into conditional probabilities according to
their similarities. [4]
By applying the Wavelet transform, any function can be
represented in the form of a series of wavelets (wavelet
equals time-localized oscillation). Convolutions between the
signal and a wavelet created by shifting and distorting an
initial wavelet, commonly referred to as the "mother
wavelet" can be calculated to achieve this. In order to
rebuild the signal as a linear combination of the wavelet
function, the signal is first dissected into a collection of
wavelet coefficients. A small oscillation in the form of a
spike can be recognized by a minimal number of wavelet
coefficients. If there is a strong correlation at a given time
point between a wavelet and a signal, that wave can be
considered an approximate location of the oscillation in the
time domain.
C.
Dimensionality reduction methods
The analyzed algorithms are Principal Component
Analysis, Singular Value Decomposition and Isomap
Embedding.
Principal Component Analysis (PCA) is one of the most
used linear algorithms for dimensionality reduction. It can
also be used in extracting the relevant features of the data
and its main idea is to organize the data in principal
components to decrease the data loss [6].
Singular Value Decomposition (SVD) is an algorithm
based on the same mathematical concepts as Principal
Component Analysis. Its main focus is to find linear
combinations of features that lead to informative
representations of the dataset [7].
Unlike Singular Value Decomposition and Principal
Component Analysis, Isomap Embedding is a non-linear
algorithm which can identify embedded structures in the
data samples. It belongs to the manifold learning, exploiting
the geometric properties of the data, using the Euclidean
geometry [8].
D.
Time-frequency super-resolution
The Heisenberg-Gabor uncertainty principle states that a
signal cannot be precisely localized both in time and in
frequency. The classical methods used for the feature
extraction step have significant limitations determined by
the Heisenberg–Gabor uncertainty principle. The short-term
Fourier transform causes a good frequency resolution on
long time windows, but the temporal resolution is lost, and
on short time windows a good temporal resolution is
obtained at the expense of lower frequency resolution. To

overcome those limitations, the Superlet Transform[9]
combines several wavelets in the process of locating a signal
in the time-frequency domain. A single wavelet with several
cycles may identify a signal with a fixed level of resolution
in the time domain, but as the signal's center frequency
rises, the resolution in the frequency range falls. For the
Wavelet Continuous Transform, increasing the number of
cycles results in higher frequency resolution but lower time
domain resolution. Superlet combines wavelets with a low
number of cycles (time resolution) with wavelets with a
higher number of cycles (frequency resolution), to obtain
super-resolution in both of these domains.
As seen in [9], a superlet (SL) is defined as a set of
wavelets grouped around a fixed central frequency that span
a range of different cycles. Mathematically, this is
represented in (1), where o is the order number
(representing the number of wavelets applied) and
𝑐1, 𝑐2, ..., 𝑐𝑜represents the number of cycles corresponding

base cycles result in a change in resolution over the
time-frequency domain. To understand the role of each
parameter, we analyzed the result after progressively
increasing one parameter at a time and keeping the other
one at a constant value.
First, by keeping the order at a constant value of 2, we
were able to observe the effect of varying the number of
cycles. The values we tested for the number of cycles were:
1.5, 2, 2.5 and 3. By comparing Fig. 3 (c1=1.5) to Fig. 4
(c1=3), it is visible that in the latter, the resulting clusters
overlap, providing a less-performant separability.

to each wavelet.
𝑆𝐿𝑓,𝑜 = {ψ𝑓,𝑐| 𝑐 = 𝑐1, 𝑐2, ..., 𝑐𝑜}

(1)

Fig. 3. Results of Superlet with ord=2 and c1=1.5 on Sim8

The outcome of using the Superlet transform on a signal x
is described in [9] as the geometric mean of each wavelet's
distinct output. (2) provides a definition of mathematical
representation where, 𝑅[ψ𝑓,𝑐 ] is the result of applying the
𝑖

i-th wavelet on the signal.

𝑅[𝑆𝐿𝑓,𝑜] =

𝑜

𝑜

∏ 𝑅[ψ𝑓,𝑐 ]

𝑖=1

𝑅[ψ𝑓,𝑐 ] = 2 · 𝑥 ∗ ψ𝑓,𝑐
𝑖

(2)

𝑖

(3)

𝑖

Each SL of the Superlet transform is an approximation of a
group of oscillations at a specific frequency in the signal.
Super-resolution is provided in time-frequency as a result.
III.

Fig. 4. Results of Superlet with ord=2 and c1=3 on Sim8

To observe the effect of varying the order, we decided to
keep the number of base cycles constant at its minimum
possible value (c1=1.5). We changed the order through its
entire interval and, as it can be seen in Fig. 5 (ord=5) and
Fig. 6 (ord =15), a smaller order provides better
clusterization.

SOLUTION

A.
Superlet
The Superlet transform uses sets of wavelets to detect
relevant features in a spike, having super-resolution in the
time-frequency domain. These sets of wavelets (usually
based on the Morlet wavelet) have two specific parameters
that differentiate them from the classical methods used to
extract relevant characteristics: the order and the number of
cycles. The order of a Superlet is the number of wavelets in
the set. The number of cycles is representative for each
wavelet and it is a function of the wavelet bandwidth . In
our solution, the number of cycles is computed
multiplicatively following the formula: 𝑐𝑖 = 𝑖 · 𝑐1 for
𝑖 = 2, 3, ...., 𝑜 (where “o” is the order). However, it can be
computed additively as well, following the formula:
𝑐𝑖 = 𝑐1 + 𝑖 − 1 [9].
The order (ord) can have integer values in the [2,15]
interval. The number of base cycles (c1) can have values in
the [1.5,3] interval. Changes in the order and number of

Fig. 5. Results of Superlet with ord=5 and c1=1.5 on Sim8

Fig. 6. Results of Superlet with ord=1.5 and c1=1.5 on Sim8

For optimal clustering, it is necessary to determine a
balance between the order and the number of cycles. An
informative representation with super-resolution in the

time-frequency domain is obtained by simultaneously
varying the order and the number of cycles. In order to
obtain the optimal combination of these two parameters, we
compare the Superlet transform with the following pairs of
parameters: minimum ord and minimum c1 (Fig. 3),
minimum ord and maximum c1, maximum ord and
maximum c1 (Fig. 7).

Fig. 7. Results of Superlet with ord=15 and c1=1.5 on Sim8

After analyzing all the results of the experiments,
we concluded that from a separability point of view, the
optimal combination of parameters appears to be the
minimum order number and the minimum number of cycles.
To determine whether the optimal combination of
parameters depends in any way on the number of clusters in
a simulation, the analysis was done on multiple simulations
with different cluster numbers. The conclusion drawn is that
the Superlet transform has the same behavior regardless of
the number of clusters in a simulation.
B.
Time-frequency spectrum
A key element of the Superlet is that it combines multiple
wavelets of different bandwidths, offering high precision in
time and frequency simultaneously.
In order to generate the time-frequency spectrum, there are
three approaches used for applying the Superlet transform:
on average spikes of each cluster, individually on each spike
or on all the spikes in a single step.
Applying the Superlet Transform on the average spike
reduces significantly the input spikes for each cluster, thus it
is impossible to extract relevant features. Applying the
Superlet Transform on each spike individually is not a
viable solution as it is time and resource consuming in the
cases of simulations with more than 5 clusters. Applying
Superlet on all the spikes in a single step delivers the most
informative results, showing how accuracy in time and
frequency changes according to different Superlet
parameters.
The generation of the time-frequency spectrum
emphasizes that the highest precision in both, time and
frequency, is achieved by the minimum values of the
Superlet parameters. By modifying them, the spectrum
dilates, increasing the accuracy either in time or frequency,
but decreasing the other.

Fig. 8. Time-frequency spectrum of a cluster in Sim8 with ord=2 and
c1=1.5(top-left), ord=2 and c1=3 (bottom) and ord=10 and
c1=1.5(top-right) highlighting the high precision in frequency (right) and
high precision in time (left)

The precision in time is influenced by the number of base
cycles, c1 while the precision in frequency is more
dependent on the order, but also relies on c1.
C.
Dimensionality reduction
Dimensionality reduction represents an essential step in
visualizing the resulting features. Therefore, the chosen
algorithm has to be one that fits our dataset, as it can impact
the form of our data in an unsatisfactory manner, ignoring
its important characteristics that may offer separation of
clusters.

Fig.9. PCA applied on Sim8 with Superlet with ord=2 and c1=1.5

Fig.10. SVD applied on Sim8 with Superlet with ord=2 and c1=1.5

According to the metrics presented in tables I and II, all
the conclusions that resulted from the visual representations
are confirmed. The minimum parameters of Superlet
achieve the highest performance in cluster separability, as
well as PCA and SVD in simulations with more than 4
clusters and Isomap in simulations with a small number of
clusters (less than 4 clusters).
In order to understand and evaluate Superlet’s behavior
depending on the number of clusters, we choose simulations
8, 15 and 79 that contain 3, 10 and 21 clusters as can be
seen in the tables below.
Fig.11. Isomap applied on Sim8 with Superlet with ord=2 and c1=1.5
TABLE I. METRICS RESULTS OF FEATURES IN SUPERLET SPACE

For our dataset, PCA and SVD provide the same results.
They achieve a higher performance than Isomap on
simulations with a high number of clusters, for example
simulation 15 which has 10 clusters (Fig. 12).
Isomap, instead, offers better performance on simulations
with a small number of clusters, for example simulation 8
that has 3 clusters (Fig. 9, Fig. 10, Fig. 11). A drawback is
that this algorithm is not able to identify all the clusters in
simulations with signals generated by more than 5. As a
cluster is a group of spikes originating from the same
neuron, in real data analysis, it might be hard to recognize
all the neurons which are being monitored.

Performance metrics

Sim 8
(3 clusters)

Sim 15
(10 clusters)

Fig 12. PCA, SVD (left) and Isomap(right) applied on Sim15 with
Superlet with ord=2 and c1=1.5

IV.

Sim 79
(21 clusters)

RESULTS

A.
Performance evaluation
Visual representations of data are not enough to reach the
final conclusions regarding the feature extraction method.
Therefore, the performance of Superlet, both alone and
combined with PCA, SVD, and Isomap was evaluated using
the following internal clustering metrics: Davies-Bouldin
[10], Calinski-Harabasz [10], and Silhouette[10].
Davies-Bouldin is a metric used to measure the similarity
between clusters and has the minimum value 0, which
indicates a well-performed cluster separation, with no
maximum value. It is based on the ratio between the
distances inside the cluster and those between clusters.
Therefore, the highly-dense clusters, located farthest, will
result in higher scores [10].
Calinski-Harabasz, unlike Davies-Bouldin, does not have
any minimum or maximum limit, the highest value
indicating a better performance. What this metric actually
indicates is how well-defined the clusters are [10].
Silhouette is a metric used to measure how well-defined
and distinct the clusters are, having values in [-1,1]. The
scores close to 1 indicate high performance, while those
equal to 0 show indecision regarding the assignment of a
sample to a specific cluster. Negative values denote that the
sample was assigned incorrectly to a cluster [10].

ord

c1

CalinskiHarabasz

Silhouette

DaviesBouldin

2

1.5

7110.6

0.731

0.994

2

3

3097

0.639

1.267

5

1.5

3614.6

0.656

1.248

10

1.5

2346

0.603

1.507

15

1.5

1885.3

0.574

1.661

2

1.5

40316.1

0.541

0.853

2

3

36443.7

0.471

0.947

5

1.5

35179.4

0.489

0.916

10

1.5

23950.9

0.418

1.146

15

1.5

28150.9

0.379

1.521

2

1.5

10183.8

0.296

1.697

2

3

7481.8

0.255

1.828

5

1.5

5331.6

0.242

1.481

15

3

4120

0.226

2.092

15

1.5

4217.5

0.197

2.188

TABLE II. METRICS RESULTS OF FEATURES IN PCA, SVD AND ISOMAP

SPACE

Performance metrics
Sim 8
ord

c1

PCA
SVD

2

1.5

Isomap

CalinskiHarabasz

Silhouette

DaviesBouldin

7110.6

0.731

0.994

7110.6

0.731

0.994

7380.3

0.777

0.542

Performance metrics
Sim 15
ord

c1

PCA
SVD
Isomap

2

1.5

CalinskiHarabasz

Silhouette

DaviesBouldin

32711.8

0.488

3.288

32711.8

0.488

3.288

36310.3

0.365

3.294

B. Learning from Superlet-extracted features
The process of classifying data involves learning from a
group of values that belong to a specific class in order to
precisely predict the class of values with similar attributes
previously unseen. With a labeled data set each signal has
a corresponding label. This allows the classification of
features using neural networks which can reveal important
information about the relevance of the characteristics
extracted by the Superlet transform. The purpose of
applying neural networks was to train a model based on a
subset of Superlet's extracted traits and known labels to
predict the classification of the remaining data from the
whole set of traits. If a model is able to predict with high
accuracy the categorization of signals after training using
features extracted with Superlet, it indicates that Superlet
did indeed extract relevant features.
In our problem, the input data for a neural network are
the relevant features extracted by Superlet, the number of
initial signals being reduced in the feature extraction
stage. Additionally, the Superlet-extracted features will be
split into a training data set including a percentage of
validation data and a test data set, reducing the quantity of
input data required by the neural network. Nonetheless,
the input data set contains spikes from multiple clusters,
making this a problem of multiclass classification. Taking
all this into consideration, we decided to go further in our
study by implementing a Multilayer Feedforward neural
network.
The structure of the neural network was: an input layer
with 500 neurons (Superlet transforms generate 500
values corresponding to the time-frequency bins), a
hidden dense layer with ReLU as its activation function
and an output layer with 3493 neurons (the number of
encoded labels) with Sigmoid as an activation function. In
order for the neural network to perform at its best, one hot
encoding had to be performed on the labels (output layer
data) (Fig. 13).

TABLE III. TESTING RESULTS FOR THE NEURAL NETWORK
Performance metrics
Loss
function

Sim33
(5 clusters)
Sim84
(7 clusters)
Sim63
(15 clusters)
Sim79
(21 clusters)

Accuracy

F1 Score

0.02

0.996

0.888

0.021

0.993

0.738

0.078

0.975

0.683

0.034

0.993

0.439

V.

CONCLUSIONS

Compared to classical feature extraction methods, the
Superlet Transform has been proven to show improved
results in the separability of clusters in the spike sorting
process.
The optimal Superlet parameters for the data we
analyzed were the minimum values (ord=2 and c1=1.5),
providing a smooth performance for the clustering phase.
Also, performance evaluation highlights that the
behaviour of the Superlet Transform with the optimal
parameters is constant, regardless of the number of
clusters in a simulation.
Dimensionality reduction on Superlets-extracted features
revealed that Principal Component Analysis and Singular
Value Decomposition were equally efficient for
simulations with more than 4 clusters and Isomap
Embedding was better suited for those with less than that.
As real data comes with signals generated from a
multitude of neurons, the algorithm that would achieve
the highest performance is either Principal Component
Analysis or Singular Value Decomposition.
VI.
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