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Abstract—Time-frequency analysis plays a crucial role in var-
ious fields, including signal processing and feature extraction. In
this article, we propose an alternative and innovative method for
time-frequency analysis using a biologically inspired spiking neu-
ral network (SNN), encompassing both specific spike-continuous-
time-neuron (SCTN) based neural architecture and an adaptive
learning rule. We aim to efficiently detect frequencies embedded
in a given signal for the purpose of feature extraction. To achieve
this, we suggest using an SN-based network functioning as a
resonator for the detection of specific frequencies. We developed
a modified supervised Spike-Timing-Dependent Plasticity (STDP)
learning rule to effectively adjust the network parameters. Unlike
traditional methods for time-frequency analysis, our approach
obviates the need for segmenting the signal into several frames,
resulting in a streamlined and more effective frequency analysis
process. Simulation results demonstrate the efficiency of the
proposed method, showcasing its ability to detect frequencies
and generate a Spikegram akin to the Fast Fourier Transform
(FFT) based spectrogram. The proposed approach is applied to
analyzing EEG signals demonstrating an accurate correlation to
the equivalent FFT transform.

Index Terms—Neuromorphic computing, time-frequency anal-
ysis, SNN, frequency detection, STDP, features extraction

I. INTRODUCTION

NEUROMORPHIC computing aims to substitute tradi-
tional methods with algorithms inspired by the human

brain. Recent advancements in neuromorphic computing have
shown that Spiking Neural Networks (SNNs) can achieve
substantially reduced power consumption compared to con-
ventional deep learning methods [1] [2].

The extraction of features in the frequency domain is a
common approach for various applications [3] [4] [5]. Usually,
this involves dividing the signal into overlapping segments (i.e.
frames) and extracting features from each segment individ-
ually. However, this approach introduces several drawbacks,
including computation delays, redundant calculations, and
limited resolution [6] [7]. Adapting time-continuous methods
for feature extraction overcame this limitation, allowing a more
efficient and accurate time signal analysis.

In recent years, researchers are actively seeking alterna-
tive methods of applying time-frequency analysis for feature
extraction purposes [8] [9] [10]. M. Adeli et al. [11] use a
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cochleagram feature extraction method, which incorporates a
bio-inspired model for time-frequency processing.

In a recent study, we proposed the use of an SCTN-based
phase-shifting circuit for frequency detection and extracting
MFCC-like features in acoustic applications [12]. This paper
proposes an innovative method for time-frequency analysis
using a biologically inspired spiking neural network (SNN).
We suggest using an SCTN-based network for feature extrac-
tion in the frequency domain and functioning as a resonator
circuit to detect specific frequencies. A modified supervised
STDP learning approach is presented to train the network
and optimize the weights for targeted frequency detection.
Simulation results demonstrate the ability of the proposed
method to efficiently extract frequency features. The proposed
approach is applied to analyzing and classifying EEG signals
and serves as a low-cost and efficient alternative to the well-
known FFT transformation for feature extraction.

II. SCTN-BASED ARCHITECTURE FOR FREQUENCY
ANALYSIS

A. SCTN-Spike Continuous Time Neuron Model

This section briefly describe the SCTN model, presented in
[2]. The SCTN model is given by Equation (1).

V mj(t) = V mj(t− 1) +

N∑
i=1

Wij · Ii(t)− µj (1)

where, the membrane potential, V m(t), is given by:

V m(t) =


Vm0, t = 0

(1−2−LF )(Vm(t−1)+∑N
j=1(wj · Ij + ϕ) + Θ, t ·mod(LP ) = 0

Vm(t−1)+
∑N

j=1 wj ·Ij+ϕ+Θ, t ·mod(LP ) ̸= 0
(2)

The parameters, Leakage Factor (LF ) and Leakage Period
(LP ), represent the neuron’s integrator leakage rate and the
integrator operation rate, respectively. The parameters Θ and ϕ
signify the pre-leakage and post-leakage biases, respectively.
Every SCTN cell encompasses a leaky integrator whose time
constant is governed by a specific parameter: α = 1− 2−LF .
This enables the SCTN to delay incoming signals based on
a projected leakage time constant. For an appropriate choice
of the LP and LF parameters, the SCTN has the ability to
generate a phase shift of π

4 for a given frequency f0 [12]:

f0 =
fPulses · (1− α)

2π · (1 + LP )
=

fPulses

2LF · 2π · (1 + LP )
(3)
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Fig. 1: A phase shift of π
4 by using single SCTN neuron.
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Fig. 2: SNN-based Resonator architecture.

B. SNN-based architecture for frequency detection

This section presents the SCTN-based resonator circuit
which serves as a frequency detector utilizing the SCTN basic
phase shifting feature. Leveraging the fundamental phase-
shifting feature of SCTN, we suggest using SNN architecture
for detecting the embedded frequency components inherent in
a given signal.

Fig. 2 shows the SCTN-based network that operates as a
resonator circuit. The proposed circuit comprises four sequen-
tially linked SCTNs. The output of the fourth neuron (SN4)
is connected to the first neuron representing a shift of χ+ 3π

4
for the feedback path. Each neuron is designed to perform a
phase shift of π

4 , while the phase shift at the output of the
first neuron (χ) ranges from 0 to π

4 . The first neuron SN1

has actually two input synapses: (a) the input signal, and (b) a
signal shifted by χ+ 3π

4 . Fig. 3 depicts the four SCTN neurons’
outputs demonstrating a shift of π

4 by each neuron. Setting the
phase shift of the first neuron as χ allows an additional degree
of freedom in designing and determining the bandwidth of
the filter (f0 ±∆f0). Fig. 4 depicts the synapse weights wij

and bias Θ1 as a function of the shift phase χ of the first
neuron (SN1). The superposition of the two input synapses to
SN1 yields the desire shift χ (0 − π

4 ). The resonator circuit
has the capability to detect a broad spectrum of frequencies
embedded in a time-series signal utilizing the SCTN basic
phase shifting feature. The LP and LF parameters can be
configured to detect any desired frequency, represented by the
resonance frequency, f0. Upon detecting frequencies in the
range of f0 ± ∆f0 the output neuron (SN4) fire a train of
pulses, where the maximum rate achieved at f0.

III. A MODIFIED STDP-BASED SUPERVISED LEARNING

This section provides a detailed description of the training
process of the network aimed at detecting a desired frequency
(f0). First, we need to determine the LF and LP parameters
of each SCTN using Eq. 3. Then, the SNN training phase is
carried out using a modified STDP learning rule for adjusting
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Fig. 3: The output of the four SCTN neurons: (a) shift of
χ(25◦) by SN1, (b-d) shift of π

4 by SN2, SN3, SN4. Each bin
reflects the number of spikes within a time window N = 500
time stamps.

40 20 0 20 40

200

100

0

100

200
W11
W12

Fig. 4: The synapses weights (wij) and bias (Θi) as a function
of the phase shift χ.

and determining the Wij and Θi of the four neurons, to achieve
the desired frequency response.

The loss function is defined as the Mean Squared Error
(MSE) between each SCTN neuron output and its desired
output. This MSE error should be minimized to ensure a phase
shift of π

4 ± ∆ξ, and a gain of grefi ± ∆g. For simulation
purpose we generate four predefined desired signals (one per
each SCTN neuron output) to be used in the supervised
training phase. The loss function is formalized as follows:

Loss =
1

4

4∑
i=1

MSE(SNout
i (ξi, gi), V

ref
i (ξri , g

ref
i )) (4)

where the SCTN output (SNout
i ) is given by:

SNout
i = gi · sin(2πξit), i = 1, 2, 3, 4 (5)

and the desired output (V ref
i ) is defined as follows:

V ref
i = grefi ·sin(2πξrefi t+χ+

π

4
·(i−1)), i = 1, 2, 3, 4 (6)

where ξi, gi, and ξrefi , grefi are the actual and desired phase
and gain respectively. χ represents the shifting phase of SN1.

A. SNN training algorithm
This section presents the learning algorithm used to train

the SNN model. To determine the values of the weight and
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TABLE I: XOR function applied to the supervised STDP

SNout
i V ref

i A⊕B
0 0 0 → ⊘
0 1 1 → STDP
1 0 1 → Anti−STDP
1 1 0 → ⊘

biases, we employ a modified STDP learning algorithm. Un-
like the common unsupervised STDP method [13], we suggest
applying a supervised learning approach. This means that the
updating of the network weights is not triggered only when
the SCTN fires a pulse, but also according to the reference
desired signal.

Below is a description of the learning process. First, we
randomly determine Wij and Θi and the values of the neuron’s
synapses. In the first step, the goal is to change the Θi values
in order to produce at each SCTN output, an average pulse
rate of N

2 pulses per cycle consisting of windows of N time
samples per window. This actually represents the DC of the
signal and allows the stretching of the amplitude in the entire
pulse range (0 to N ). To obtain the desired pulse rate, we
change the Θi values, during the learning process, using an
inverse-Sigmoid-like function as follows:

∆Θ = (
2x−N

N
)2 · sign(N

2
− x) (7)

where x is the current pulse rate. After the Θi has been tuned
and the desired average pulse rate has been achieved, the
learning process continues in order to determine the network
weights through supervised STDP learning.

During the learning process, the weights of each SCTN
neuron are updated according to the following STDP rule [13]:

∆Wi,j =
∑

k∈Spre

∑
i∈Spost

{
A · e−|ti−tk|/τ , if ti > tk

−A · e−|ti−tk|/τ , if ti ≤ tk
(8)

As stated before, the updating of the network weights is not
triggered only when the SCTN fires a pulse, but also according
to the reference desired signal. To compare the desired signal
to the SCTN pulse- rate the reference signal should be encoded
in a pulse-like signal (like PDM). Fig. 3 shows the encoding
of the signal phase into spikes representation (y-axis), where
each timestamp is determined by the number of spikes within
a given window of size N. The desired spikes are randomly
distributed within this window and used as a reference for
the STDP learning rule. To decide whether or not to update
the SNN weights, an XOR operation is performed between
the SCTN output and the reference signal, as depicted in
Table I, strengthening or weakening of the synapse weight is
carried out according to the STDP rules given by Eq. 8. The
parameters A and τ represent the learning rate and the time
constant respectively. Choosing of a relatively small learning
rate A ensures robust learning [14]. The time constant τ
(usually on the order of several millisecond) defines the time
interval used to control the weight changes. The learning rate
A may depend on the difference between the actual and the
desired amplitude, and is defined by:

A = (1 + ρ) · 10−4 (9)

where:

ρ =
|grefi − gi|
grefi

(10)

The time constant τ may be adjusted according to the absolute
value of the phase error. A large error enables a larger
time interval for controlling the required weight changes for
convergence, and vice versa. Therefore, τ is defined as a
function of the phase error given by:

τ = K · |ξ
ref
i − ξi|
2π

(11)

where, K is determined as a function of the sample frequency.

B. Avoiding local minima

The initial values of the Θi (as described in Sec. III-A)
may lead to convergence to a local minima. In practice, during
the learning process there may be a scenario where the phase
converges while the amplitude error remains constantly large.
To avoid this, we suggest to continue simultaneously updating
both the bias Θi and the weights Wij , according to the
following equations:

Θi = Θi ±∆ψ, grefi − gi ≷ ∆ξ (12)

Consequently, we modify the weights based on the spike rate:

Wij =Wij ∓ 2∆ψ, grefi − gi ≷ ∆g (13)

where ∆ψ is constant value set to 0.002. Using these rules
preserves the desired average pulse rate (N2 pulses per cycle),
enabling stretching of the amplitude. Simulations show that
the improved learning process optimizes the learning speed
and avoids convergence to local minima.

C. Convergence of the learning process

The convergence learning process is depicted in Fig. 5. The
goal is to converge to the desired signal such that the amplitude
extends over a defined range and each neuron represents its
appropriate phase (χ, χ + π

4 ,χ + π
2 ,χ + 3π

4 ). The x-axis
represents the phase and the y-axis the magnitude encoded
according to the pulse rate (sort of PDM). The current and
desired signals of each neuron are marked with solid and
dashed lines respectively. The desired phase range (ξrefi ±∆ξ)
for each neuron are indicated by colored longitudinal bars.
The stopping condition is occurred when all neurons met the
following two criteria:
(a) The phase converges to the desired value: ξrefi ±∆ξ.
(b) The magnitude converges to a desired range: grefi ±∆g.
The amplitude values are represented as a function of the
desired pulse rate in a given time window (N ). Fig. 6
depicts the convergence of the MSE, amplitude, and phase
errors during the learning process while applying the above-
suggested learning rate and time constant. A minimal error is
achieved after about 650 epochs for both the phase and the
amplitude. Fig. 6c shows that after about 100 epochs the phase
converges to the desired value while the amplitude error is
still high. Moreover, the MSE for four of the SCTN neurons
(especially for SN4) is still high. Therefore, the suggested
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Fig. 5: The learning process: The neuron output for (a) random
weight values, and (b) convergence of the network to the
desired signal (for ∆g = 15 and ∆ξ = 3◦).
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Fig. 6: Error convergence during the learning process: (a)
MSE, (b) amplitude, and (c) phase error. The horizontal dashed
lines indicates the desired convergence range.

improved learning process is triggered and the bias Θi and
weights Wij are updated according to Equations 12, and 13.

As a result, although at first, it is possible to notice an
increase in the error, after an additional short training round
(about 100 epochs) the error, with respect to both phase and
amplitude, decreases for all neurons, and the MSE smoothly
converges to zero after about 650 epochs. This illustrates the
efficiency of the proposed STDP model enabling a smooth
convergence to the desired phase. The learning process con-
verges after 1000 epochs on average, where each training
round contains a complete cycle of the signal with 40 sampling
windows and 500 samples in each window (a total of 20K
samples for a complete cycle of the signal).

IV. EXPERIENTIAL RESULT

To evaluate the efficiency of the proposed approach we
applied the SNN-based resonator to detect the embedded
frequencies in EEG signals. The EEG signal is encoded using
pulse density modulation (PDM). The LF and LP parameters
of the four SCTN neurons, which compose the resonator,
are determined according to Eq. 3 to represent specific EEG
frequency within the delta range (0.1 - 4Hz). Then, the
SNN is trained to detect the desired frequency adapting the
weights (Wij) and the biases (Θi) for each SCTN neuron.
The EEG signal is composed of 5 sub-bands: Delta (0.1-
4 Hz), Theta (4-8 Hz), Alpha (8-14 Hz), Beta (14-32 Hz),
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(a) FFT spectrogram
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(b) Spikegram

Fig. 7: EEG frequency features: (a) FFT spectrogram, and (b)
SNN-based Spikegram.

and Gamma (32-60 Hz). To cover the whole frequency range
each of the five EEG sub-bands is further divided into five
specific frequencies. Therefore, an array of 25 SNN-based
resonators (five for each sub-band) is required to detect the
entire EEG frequency components. The frequency outputs of
the resonators are represented using the Spikegram method as
depicted in Fig. 7b demonstrating the occurrence of spikes
over time for sub-band. The strength of the signal is shown in
color where red represents the maximum spike rate. Fig. 7a
depicts the spectrogram of the FFT of the same EEG signal
under-test for the five sub-bands. A cross-correlation between
the frequency features in the FFT domain and the frequency
features extracted by the proposed SNN-based resonators show
a high correlation between the two features set, ranging from
0.8 to 0.93. This is a very interesting result leading to the
ability to use the proposed SNN-based approach as a low-cost
and efficient alternative to the well-known FFT transformation.

To evaluate the quality of the SCTN-based features we
utilize them for classifying situation awareness into three
categories [15] using SNN classifier with unsupervised STDP
learning. Results show a success rate of 96.8% for a 15-second
EEG frame.

V. CONCLUSION

This article proposes a biologically inspired SNN-based
resonator for accurate frequency detection and extracting fea-
tures in the frequency domain. We present a new supervised
STDP learning approach demonstrating a fast and efficient
convergence. The quality of the extracted features has been
examined for classifying EEG signals, demonstrating high
classification accuracy. A comparison to frequency features
in the FFT domain shows a high correlation with the SNN-
based extracted features, suggesting the potential of applying
this approach in various applications.
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