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Abstract: This paper presents an interpretable, spiking neural classifier (IpT-SNC) with time-varying
weights. IpT-SNC uses a two-layered spiking neural network (SNN) architecture in which weights of
synapses are modeled using amplitude-modulated, time-varying Gaussian functions. Self-regulated
particle swarm optimization (SRPSO) is used to update the amplitude, width, and centers of the
Gaussian functions and thresholds of neurons in the output layer. IpT-SNC has been developed to
improve the interpretability of spiking neural networks. The time-varying weights in IpT-SNC allow
us to describe the rationale behind predictions in terms of specific input spikes. The performance
of IpT-SNC is evaluated on ten benchmark datasets in the UCI machine learning repository and
compared with the performance of other learning algorithms. According to the performance results,
IpT-SNC enhances classification performance on testing datasets from a minimum of 0.5% to a
maximum of 7.7%. The significance level of IpT-SNC with other learning algorithms is evaluated
using statistical tests like the Friedman test and the paired t-test. Furthermore, on the challenging
real-world BCI (Brain Computer Interface) competition IV dataset, IpT-SNC outperforms current
classifiers by about 8% in terms of classification accuracy. The results indicate that IpT-SNC has better
generalization performance than other algorithms.

Keywords: self-regulated particle swarm optimization; spiking neural network; classifier; interpretable
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1. Introduction

Biological neurons process and transmit information based on discrete temporal events,
which are termed spikes. Artificial neurons that use spikes for signal processing are known
as spiking neurons, and neural networks composed of these neurons are termed spiking
neural networks (SNNs). In [1], it is shown that SNNs are more computationally powerful
than neural networks made up of sigmoidal neurons. This enabled the development of
SNNs for various tasks, such as classification [2], recognition [3], object detection [4], etc.;
the Gradient-based backpropagation learning rule cannot be directly implemented in SNNs
because of the discontinuous nature of spikes. Hence, in SpikeProp [5], to evaluate the
gradient, linearity is assumed at the time of the spike in the potential developed using a
spiking neuron. Similarly, many studies are available in the literature, such as [6,7], which
evaluate surrogate gradients to update weights in SNNs.

Other than gradient-based approaches, several bio-inspired learning algorithms for
SNNs are also available in the literature. Spike timing-dependent plasticity (STDP) [8] is
one such biological phenomenon that served as the foundation for SNN learning algorithms
in [2,3]. In STDP, if the neuron connected at the input side of the synapse (presynaptic
neuron) fires earlier than the neuron connected to the output side (postsynaptic neuron),
then the weight of the synapse is increased, and vice versa. Other biologically inspired
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phenomena, like rank-order learning [9] and astrocyte-inspired learning [10], have also
been utilized as a basis for developing learning techniques for SNNs. All of the learning
techniques previously stated assume that the weight of synaptic connections between
two neurons in an SNN does not change over time after updation. This long-lasting
phenomenon in the weights of the synapses is defined as long-term plasticity (LTP) [11] in
the brain.

Contrary to this, short-term plasticity (STP) refers to changes exhibited by biological
synapses that last up to a short duration [12,13]. The synapses that exhibit STP are also
termed dynamic synapses, and their update functions depend on the input spikes. This
ability of dynamic synapses increases the computational power of the SNN, making them
suitable for the development of compact neural network architectures [14]. SNNs with dy-
namic synapses have been utilized for speech recognition [14–16], pattern classification [17],
neuromorphic computing [18], etc. Even though dynamic synapses are updated using a
dynamic function, their strengths are represented using a static function. In [19], a synaptic
efficacy function-based leaky integrate and fire neuRON (SEFRON) is proposed in which
a synapse model whose strength and updating are both formulated using time-varying
functions. Each synapse in SEFRON is modeled using amplitude-modulated, time-varying
Gaussian functions. The update for this time-varying weight of a synapse is also distributed
over time using Gaussian functions. The time-varying weight synapse model proposed in
SEFRON has shown better classification performance when compared with the dynamic
synapse model. This alleviates the need to develop SNNs with synapses that are more
dynamic in nature for better performance results. The classifier developed in SEFRON is
suitable only for binary classification problems. In [20], SEFRON work is further extended
for multi-classification problems with the addition of a meta-neuron to the network. Hence,
it is termed a meta-neuron spiking classifier with a time-varying weight model (MeST).
MeST utilizes the concept of a meta-neuron for online learning in SNNs [10]. Both SEFRON
and MeST employ dynamic synapses, but it is not possible to interpret the reasoning
underlying their predictions. In [21], a method is developed to process the time-varying
weights in SEFRON for better interpretability. For each input feature, a shape function is
estimated from the time-varying weights in [21] to understand the significance of features
for classification performance. The approximation used to estimate the shape functions
may result in a loss of information and lead to inaccurate interpretations.

In [22], an evolving SNN architecture is proposed that updates the weights based
on the normalization of the potential of neurons. The weights in [22] are updated until
the difference between the spike times of neurons reaches a certain threshold; hence, it
is termed a threshold margin maximization learning algorithm for an evolving spiking
neural network (TMM-SNN). Researchers have also trained SNNs by incorporating fuzzy
logic techniques as in contribution degree-based SNN (CD-SNN) [23] and triangular spike
response function-SNN (T-SNN) [24]. In CD-SNN, three membership functions are evalu-
ated using the potential developed via spiking. These membership functions are further
used to train an SNN. In T-SNN, a fuzzy C-means clustering algorithm is used to encode
real-valued data to spikes. However, fuzzy techniques have limitations related to dimen-
sionality, scalability, etc. In addition to fuzzy techniques and conventional learning, the
search-based particle swarm optimization (PSO) algorithm is also used to train artificial
neural networks in recommendation systems [25], to protect wireless sensor networks [26],
etc. Optimization methods based on evolutionary computation provide an effective al-
ternative approach to developing SNNs without relying on approximations for learning.
Quantum-inspired particle swarm optimization (QiPSO) for feature selection and opti-
mizing the parameters of an evolving SNN was proposed in [27,28]. QiPSO utilizes the
probabilistic properties of quantum bits to optimize the parameters of SNNs with stochastic
responses. In [29], a cooperative PSO (CPSO) was developed to optimize the parameters of
SNNs. It was demonstrated in [29] that, by improving the weights and delays of the SNN,
CPSO outperforms SpikeProp. It can be observed that existing optimization methods for
SNNs do not focus on the interpretability of solutions.
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In this paper, we develop an interpretable, time-varying, weight-spiking neural classi-
fier (IpT-SNC) in which weights are modeled using multiple amplitude-modulated Gaus-
sian functions. The centers of the Gaussian functions are located at different time instants
over the simulation interval. Thus, the weight of a given presynaptic spike at a particular
synapse is determined according to the temporal separation between the time of that
spike and the center of all Gaussian functions associated with that particular synapse. A
search-based algorithm based on self-regulated particle swarm optimization (SRPSO) [30]
is implemented to update the amplitude, width, and centers of all Gaussian functions,
along with the potential thresholds of the neurons in the output layer of IpT-SNC. SRPSO
is a variant of PSO [31] that employs self-regulation to overcome premature convergence.
Further works are carried out to improve the performance of SRPSO, such as in [30,32]. As
a preliminary step in this work, SRPSO is used to update the parameters of IpT-SNC in
order to overcome the computational complexities in the learning algorithms. We show
that the output of IpT-SNC can be interpreted in terms of the times of the spikes generated
via the input neurons. The interpretability of IpT-SNC is demonstrated using a synthetic
classification problem by identifying a region using the simulation interval (with respect to
input spikes) that influences the predictions.

Ten benchmark datasets from the UCI machine learning repository [33] are used to
evaluate the performance of IpT-SNC. The performance of IpT-SNC is then compared
with Spikeprop [5], TMM-SNN [22], DC-SNN [2], SEFRON [19], MeST [20], CD-SNN [23],
and T-SNN [24]. Hypothesis testing is used to statistically validate the significance of IpT-
SNC over other learning algorithms. These statistical findings demonstrate that IpT-SNC
outperforms other learning algorithms utilized for comparison in terms of generalization
performance. Further, the performance of IpT-SNC is evaluated on the Brain-Computer
Interface (BCI) competition IV-2a dataset to classify left-hand vs. right-hand movements.

The main contributions of this paper are as follows:

• To the best of our knowledge, this is the first time in the literature that a heuristic-based
SRPSO algorithm has been used to update the parameters of a spiking neural classifier.

• Inherent interpretations of the proposed IpT-SNC’s performance are drawn in relation
to the input information using trained weights.

• Performance results indicate that the proposed IpT-SNC has 8% higher accuracy with
3.5% less of a standard deviation than existing classifiers while classifying complex
EEG-based BCI datasets, resulting in better generalization.

• Performance results show that, in classifying complex EEG-based BCI datasets, the
proposed IpT-SNC achieves a 3.5% lower standard deviation and 8% higher accuracy
than existing classifiers, leading to better generalization.

The paper is organized as follows. The architecture of the IpT-SNC and the SRPSO-
based parameter update are described in Section 2. The performance evaluation and
comparison with different learning algorithms for SNNs results are presented in Section 3.
The conclusions are summarized in Section 4.

2. Interpretable Spiking Neural Classifier IpT-SNC

The network architecture of the IpT-SNC and the modeling of the time-varying weights
are described in this section. Self-regulated particle swarm optimization (SRPSO) for
updating the parameters of IpT-SNC is also described in this section.

2.1. IpT-SNC Architecture

A two-layered SNN architecture is used in IpT-SNC. The input layer consists of m
neurons, which are used to feed the network with input samples {(x1, c1), ...(xn, cn), ...}.
The spike pattern of the nth input sample is represented as xn (= [x1

n, ...xi
n, ...xm

n ]), which
is m-dimensional. If C represents the total classes in the dataset, then the class label of
input sample xn is represented as cn, (∈ {1, ...C}). The input spike pattern with Fi spikes
is represented as xi

n (= [t1
i , ...t f

i , ...tFi
i ]), where t f

i denotes the f th spike produced via the
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ith input neuron. The output layer consists of C leaky integrated and fire-spiking neuron
models, as in [5]. The neurons in the output layer are associated with a class in the dataset
and designated as {y1, ...yj, ...yc}. The spike patterns of these output neurons are used to
predict the class for a given input sample. Figure 1a shows the network architecture of
IpT-SNC.

(a) (b)

Figure 1. IpT-SNC architecture and time-varying weight model of a synapse. (a) The architecture
of the time-varying weight spiking neural network. (b) Time-varying weight w(t) of a synapse
connecting a presynaptic neuron and postsynaptic neuron. g1(t), g2(t), and g3(t) represent the
Gaussian functions constituting w(t).

wij(t) represents the time-varying weight of the synapse between the ith input neuron
and the jth output neuron. Hence, the input neurons are termed presynaptic neurons, and
the output neurons are termed postsynaptic neurons. The potential developed in the jth

postsynaptic neuron due to the incoming spikes is given as

vj(t) = ∑
i

∑
f

wij(t
f
i ) · ϵ(t− t f

i ) (1)

where ϵ is the unweighted potential known as the spike response function [5] given by
Equation (2).

ϵ(s) =
s
τ

exp
(

1− s
τ

)
(2)

where τ denotes the neuron’s time constant. A spike is produced when the potential of the
jth postsynaptic neuron rises over a potential threshold (θj). The class predicted via the
network for a given input spike pattern, xn, is identified using spikes produced through
postsynaptic neurons, as shown below.

ĉn = arg min
j∈{1,...,C}

t̂j (3)

where t̂j represents the time of the first spike generated via the jth output neuron. From
Equation (1), note that the potential contributed via a particular presynaptic spike depends
on the weight, wij(t), of that connection at the time of the spike. The weight of each
synapse, wij(t), in IpT-SNC is modeled as a mixture of multiple amplitude-modulated
Gaussian functions. If Kij Gaussian functions are present in the synapse connecting the
ith presynaptic neuron and the jth postsynaptic neuron, weight wij(t) of the synapse is
evaluated as

wij(t) =
Kij

∑
k=1

gk
ij(t) (4)

where gk
ij(t) represents the output of the kth Gaussian function at time t, given by

gk
ij(t) = αk

ij exp

− (t− µk
ij)

2

2σk
ij

2

 (5)
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where, for the connection between the ith input neuron and the jth output neuron, αk
ij, µk

ij,

and σk
ij represent the amplitude, center, and width of the kth Gaussian function present

in that connection, respectively. It is assumed that the IpT-SNC architecture number of
Gaussians in all synapses is equal. Therefore, Kij can be replaced with K, which represents
the number of Gaussians per synapse in the IpT-SNC architecture. Figure 1b shows the
time-varying weight for a synapse between a presynaptic neuron and a postsynaptic
neuron. Below the synapse is a presynaptic spike, tpre, between 0 to T, where T represents
the duration of the simulation, g1, g2, and g3 represent the response of the Gaussians on
this synapse at each time step during the simulation. w(tpre) represents the weight at the
presynaptic spike, tpre.

The amplitudes, centers, and widths of all synapses and the potential thresholds of all
postsynaptic neurons in the IpT-SNC network are updated using SRPSO. This update is
carried out in such a way that the postsynaptic neuron associated with the same class as
that of the input sample always fires first. The SRPSO-based parameter-update strategy is
presented in the next section.

2.2. IpT-SNC Parameter Update Strategy Using SRPSO

SRPSO is a variant of particle swarm optimization (PSO) that adds features such as
self-cognition and social cognition to PSO for better optimization. In this work, SRPSO
is used to search for optimal parameter settings of IpT-SNC in order to obtain better
classification performance At first, SRPSO is used to initialize a population of solutions
(termed swarm size, P), each of which represents a single possible setting for the parameters
being optimized. The individual solutions in the population are also termed particles, and
the associated parameter values represent the position of a given particle. The position
of particles is then adjusted in each iteration to estimate parameter values that yield the
best value for the considered fitness function. In this paper, SRPSO is used to estimate
the values of the amplitude, center, and width of all the Gaussian functions and the
threshold of all output neurons in IpT-SNC. It uses classification accuracy in evaluating the
fitness function.

Without losing generality, let us assume that h iterations have been completed and
that the lth particle’s current position is indicated by ρl

h. ρl
h consists of the updated values of

parameters of all Gaussian functions in the IpT-SNC architecture, along with the potential
thresholds of postsynaptic neurons after h iterations.

ρl
h =

{
αk

ij, µk
ij, σk

ij(∀i ∈ [1, m], j ∈ [1, C], k ∈ [1, K])
}h ⋃ {

θj(j ∈ [1, C])
}h

(6)

For ease of understanding, the particle ρl
h can be expressed as below:

ρl
h = {ρl1

h , ρl2
h , ρl3

h , ..., ρ
ld
h ..., ρlD

h } (7)

where ρ
ld
h denotes the ρl

h position in dth dimension. D denotes the number of dimensions in
the ρl

h particle. It is equal to the total number of parameters that are being updated using
SRPSO, and it is evaluated as

D = (m · C · K · 3) + C (8)

The position of the ρ
ld
h in h + 1th iteration is obtained using the velocity function vld

h+1,
as shown below

ρ
ld
h+1 ← ρ

ld
h + vld

h+1

vld
h+1 = ωvld

h + z1r1γ1(Pbestld
h − ρ

ld
h ) + z2r2γ2(Gbestd

h − ρ
ld
h )

(9)
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where Pbestld
h denotes the personal best position of ρ

ld
h in the dth dimension, and Gbestd

h
denotes the personal best position in the dth dimension until h iterations. These best
positions are the ones that give the least values for the fitness function F. The fitness
function F is evaluated such that decreasing it improves the overall accuracy, ηo, as shown
in Equation (12). Mathematically the fitness function, F, is given as

F = 100− ηo (10)

The acceleration coefficients z1 and z2 in Equation (9) are selected such that the particle
reaches its best position as quickly as possible. According to [30], these z1 and z2 coefficients
are set to 1.49. r1 and r2 in Equation (9) are set so that the solution obtained using SRPSO
does not get stuck in the local optimum. The uniform distribution over the range [0, 1] is
used to generate the random values for r1 and r2 [30].

The inertia weight, ω, in Equation (9) is used to balance the processes of exploration
and exploitation while searching in SRPSO. The best particle ω is linearly incremented to
ensure that it maintains the current rate of acceleration in the search space. For particles
other than the best particle, the ω decreases linearly, as the direction in which these particles
are heading is not the best direction [30].

γ1 and γ2 in Equation (9) are factors for self-cognition and social cognition, respectively.
The self-cognition factor γ1 enables particles to accelerate toward their personal best-known
position. Due to the social cognition factor γ2, particles are made to advance more quickly
toward the global best-known position. For the best particle, γ1 and γ2 are set to zero. This
is because the best particle disregards both self- and social cognitions because it thinks its
orientation is the best. For other particles, γ1 is set to one, thus enabling them to search in
the direction of their personal best-known positions. γ2 is set to either zero or one. When
γ2 is set to one, the solution will be biased towards the global best-known position in the
current iteration, which may not be the overall global optimum. When γ2 is set to zero, the
solution may never converge to the global optimum. If u is any uniform random number,
then, to achieve balanced social cognition, the value of γ2 is chosen as described in [30].

γ2 =

{
1, if u > 0.5
0, else

(11)

The SRPSO search process is performed for all particles for 500 iterations. The pseu-
docode for searching the gaussian parameters and threshold of output neurons of IpT-SNC
is provided in Algorithm 1. The final performance accuracies are evaluated for a given
dataset. The demonstration of interpretability and a performance comparison of IpT-SNC
are described in the next section.

Algorithm 1 Pseudocode for the updating of the IpT-SNC parameters using SRPSO

1: for each spike pattern in training do
2: Compute output spike pattern
3: Compute accuracy, ηo, using Equation (12)
4: Compute fitness function, F, using Equation (10)
5: while F ̸= 0 Or h ≤max iterations do
6: Search for Gaussian parameters (α, µ, σ) & potential threshold using SRPSO
7: Compute accuracy, ηo, using Equation (12)
8: Compute updated fitness function F using Equation (10)
9: h = h + 1

10: end while
11: end for

3. Interpretability Demonstration and Performance Evaluation of IpT-SNC

The performance of the IpT-SNC is evaluated in this section using ten benchmark
datasets from the UCI machine learning repository [33]. The problems were chosen to
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include binary and multiclass problems with different levels of difficulty. The results
obtained are compared with existing SNN classifiers such as Spikeprop, TMM-SNN,
DC-SNN SEFRON, MeST, CD-SNN, and T-SNN. When the performance is compared
in multiclass problems, SEFRON is not considered, as it was developed only for binary
classification problems. The overall accuracy of IpT-SNC on a given dataset is evaluated
using Equation (12).

ηo =
100

∑a,b qab
∑
a

qaa (12)

where Q represents the confusion matrix, and qab stands for the element in the ath row and
bth column in Q. MATLAB 2021a and a Windows computer with 12 logical cores, 16 GB of
memory, and a speed of 3.2 GHz are used for the performance evaluation of IpT-SNC.

Population coding: Real-value data-input features are encoded to spike patterns
using the population-coding approach [5]. In this approach, each real-valued feature (v) is
encoded into spikes using R Gaussian receptive field neurons. Each receptive field neuron
emits a single spike in the interval [0, Te]. If tr denotes the spike emitted via the receptive
field ϕr for v, then

tr = Te(1− ϕr) (13)

where ϕr represents the output of the rth Gaussian receptive field neuron. The upper limit
of the encoding interval Te used for population coding is set to 3 ms. If µr

pop and σpop are
the center and spread of the receptive field ϕr, then

ϕr = exp

(
−
(v− µr

pop)
2

2σpop2

)
(14)

µr
pop =

2r− 3
2(R− 2)

(15)

σpop =
1

0.7(R− 2)
(16)

The values for µr
pop and σr

pop are set based on the method presented in [5].

3.1. Discussion on IpT-SNC Parameters

To obtain the best performance of IpT-SNC, a suitable search range for parameters
that are optimized using SRPSO should be selected. The range [0, T] ms is used as the
search interval for the centers of Gaussian functions, which is the same as the simulation
interval (where T is the limit of the simulation interval). T is set to 4 ms. The search interval
for widths of Gaussian functions is set to [0.01, 0.6] ms. The search interval for widths is
chosen to ensure that Gaussians have a non-zero output over the entire encoding interval
even if the center is set at its maximum permitted value in the search range (i.e., 4 ms).
The threshold (θ) of each neuron is another parameter that is optimized using SRPSO. The
search range for threshold (θ) is set to [0.1, 2]. From Equation (3), as only the first spikes of
the postsynaptic spiking neurons are used for decision-making, the neuron time constant τ
is set to Te.

Table 1 shows the search for the parameters such as the magnitude of Gaussian
amplitude (AR) (where [−AR, +AR] is the search range for amplitudes of Gaussians in each
synapse), the number of Gaussians per synapse (K), and the swarm size (P) that have a
significant effect on the performance of IpT-SNC. Figure 2 shows the impact of variations
in these parameters on the performance of IpT-SNC in the IRIS classification problem (a
description of IRIS presented in Table 2). As shown in Figure 2, the training and testing
performance accuracies of IpT-SNC on IRIS are used for this study. Next, the impact of
variation in each parameter on IpT-SNC performance is discussed.

• Number of Gaussians per synapse (K): A high value for the number of Gaussians
per synapse (K) results in a large number of parameters that need to be updated
using SRPSO. This, in turn, affects the complexity of the model. From Figure 2a, it
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can be observed that the testing performance of IpT-SNC increases from K = 3 and
is the maximum for K = 6. For values of K greater than 8, it can be observed that
the training performance of IpT-SNC starts decreasing. Due to the trade-off between
performance and computational complexity, the suitable values for K are chosen in
the interval [5, 8], as shown in Table 1.

• Magnitude of Gaussian amplitude (AR): From Figure 2b, it can be observed that the
impact of variation in the magnitude of Gaussian amplitude (AR) is high on the
performance of IpT-SNC. However, the testing performance of IpT-SNC reaches its
peak multiple times when AR is in the range of (1–3). Therefore, the satisfactory values
for AR are chosen in the interval [1, 3].

• Swarm size (P): The testing performance of IpT-SNC in Figure 2c is higher when the
value of swarm size (P) increases beyond 90. Hence, for the rest of the classification
problems, the suitable initialization interval for swarm size (P) is set to [90, 100].

(a) (b) (c)

Figure 2. The variation in thetraining and testing classification accuracies of IpT-SNC with respect to
variations in (a) the number of Gaussians per synapse-K , (b) the magnitude of Gaussian amplitude
(AR) (where [−AR, +AR] is the search range for amplitudes of Gaussians in each synapse) , and
(c) swarm size-P .

Table 1. Hyperparameters.

Parameter Value

K [5, 8]
AR [1, 3]
P [90, 100]
R 6
Te 3 ms
T 4 ms

Table 2. UCI repository datasets used for performance evaluation.

Datasets # Features # Classes # Training Samples # Testing Samples

Liver 6 2 170 175
ECG 10 2 66 65

MMG 9 2 80 11
HEPATITIS 19 2 78 77

PIMA 9 2 384 384
BC 9 2 350 333

ION 34 2 175 176
Iris 4 3 75 75

WINE 13 3 60 118
AE 5 4 62 137
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3.2. Computational Complexity

The computational complexity of IpT-SNC is estimated separately for feedforward
propagation through the network and optimization using SRPSO. In the feedforward stage,
the computations are carried out until the IpT-SNC predicts a certain class for a given
input sample (Equation (3)). The computational complexity for the feedforward stage in
O-notation is given by

κ1 = O(m · C2 · K) (17)

If P and D denote the swarm size and dimension of each particle, then the computa-
tional complexity of the SRPSO is computed as mentioned in [30], which is given by

κ2 = O(P · D) (18)

3.3. Interpretability Demonstration of IpT-SNC Using a Synthetic Classification Problem

To study interpretability, IpT-SNC is used to classify a two-class synthetic dataset.
Each sample in the synthetic dataset consists of two features, X and Y, as shown below

class− 1 =

{
0 ≤ X ≤ 0.4
0 ≤ Y ≤ 0.4

class− 2 =

{
0.6 ≤ X ≤ 1
0.6 ≤ Y ≤ 1

(19)

If the value of both features is lower than 0.4, then the sample belongs to class 1. In
class 2 samples, both features are incorporated at greater than 0.6. Each class contains
50 randomly generated samples, which are divided into training and testing sets. The two
classes in the dataset are represented by two neurons in the output layer. Each synapse
is modeled using three Gaussian functions. SRPSO is used to update the parameters
associated with all Gaussian functions in the network, as described in Section 2.2.

The relation between the presynaptic spike times for a randomly chosen sample from
each class and the Gaussian functions present in synapses of the IpT-SNC architecture
is depicted in Figure 3. All synapses connected to the output neuron associated with
class 1 are shown in the top two rows of Figure 3 (i.e., from Figure 3a–h). Similarly,
synapses connected to the output neuron associated with class 2 are shown in the bottom
two rows of Figure 3 (i.e., from Figure 3i–p). A random class 1 sample is selected, and the
response of all Gaussian functions in the network for the spikes generated via this sample
is represented as black dots in Figure 3. Similarly, black diamonds represent the same for
spikes generated via a random class 2 input sample. Three lines (dashed red, solid blue,
and dotted orange) in each figure represent the Gaussian functions associated with that
synapse over the duration of the simulation. The parameters for these Gaussian functions
were estimated using SRPSO. From Figure 3a, it can be observed that the sum of the outputs
of Gaussian functions is higher at the time of class 1 presynaptic spikes when compared
with class 2 presynaptic spikes. Similarly, it can be reported from Figure 3i that the sum of
the outputs of Gaussian functions is higher for class 2 presynaptic spikes when compared
with class 1 presynaptic spikes. This property enables the correct class output neuron in
IpT-SNC to fire first.

Figure 4 shows the weights of the synapses whose Gaussians are represented in
Figure 3 . These synapses transmit spikes generated via the first presynaptic neuron to
the class 1 and class 2 postsynaptic neurons, respectively. It can be observed that the
amplitudes of weights connected to the class 1 output neuron are larger before 1.1 ms. This
indicates that input spikes before 1.1 ms strongly determine the response of the output
neurons associated with class 1. Similarly, input spikes after 1.4 ms strongly determine the
response of the output neuron that belongs to class 2. This kind of similar interpretation
can be drawn from the weights of other synapses in the IpT-SNC network.
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Figure 3. Gaussian functions present in synapses connecting input and output neurons. The first
two rows of the figure show the gaussians present in synapses connected to output neuron 1 and
the next two rows show the gaussians present in synapses connected to output neuron 2. The dot
represents the response of Gaussian functions for spikes generated via a class 1 input sample, and the
diamond represents the same for the class 2 input sample. Gaussian functions in synapses connecting
(a) input neuron 1 to output neuron 1, (b) input neuron 2 to output neuron 1, (c) input neuron 3
to output neuron 1, (d) input neuron 4 to output neuron 1, (e) input neuron 5 to output neuron 1,
(f) input neuron 6 to output neuron 1, (g) input neuron 7 to output neuron 1, (h) input neuron 8
to output neuron 1, (i) input neuron 1 to output neuron 2, (j) input neuron 2 to output neuron 2,
(k) input neuron 3 to output neuron 2, (l) input neuron 4 to output neuron 2, (m) input neuron 5
to output neuron 2, (n) input neuron 6 to output neuron 2, (o) input neuron 7 to output neuron 2,
and (p) input neuron 8 to output neuron 2.
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Figure 4. The blue line denotes the synapse’s weight connected in between input neuron 1 and output
neuron 1. The red line denotes the synapse’s weight connected between input neuron 1 and output
neuron 2.

The performance of IpT-SNC is evaluated using ten benchmark datasets from the
UCI [33] machine learning repository. Table 2 lists the details of these datasets, such as the
number of features in each sample of the dataset, the number of classes in a dataset, and the
number of training and testing samples in the dataset. Table 3 compares the performance of



Mathematics 2024, 12, 2846 11 of 16

the IpT-SNC with those of the Spikeprop, TMM-SNN, DC-SNN, SEFRON, MeST, CD-SNN,
and T-SNN spiking neural classifiers for binary-class datasets, whereas Table 4 shows the
performance comparison for multi-class datasets. The performance accuracies mentioned in
Tables 3 and 4 are the mean values obtained across 10 random trials, as in [21]. In each trial,
the whole dataset is randomly split into training and testing sets. Among the learning algo-
rithms in Table 3, Spikeprop, TMM-SNN, and DC-SNN utilize constant weights, whereas
SEFRON and MeST employ time-varying weights. CD-SNN and T-SNN incorporate fuzzy
logic into the SNNs. Tables 3 and 4 display Ni : Nh : Nj as the architecture of an SNN em-
ployed with the learning algorithms. The total number of input neurons, hidden neurons,
and output neurons are denoted, respectively, as Ni, Nh, and Nj. For two-layer networks,
the architecture is presented as Ni : Nj. IpT-SNC, SEFRON, and MeST utilize single-layer
networks, while other algorithms employ multi-layer networks.

Table 3. Performance comparison of IpT-SNC on binary-class classification datasets with SpikeProp,
TMM-SNN, DC-SNN, SEFRON, MeST, CD-SNN, and T-SNN.

Dataset Learning Algorithm Architecture Training Accuracy (%) Testing Accuracy (%) # Epochs

Liver

SpikeProp 37-15-2 71.5(5.2) 65.1(4.7) 3000
TMM-SNN 36-(5-8)-2 74.2(3.5) 70.4(2.0) 442

DC-SNN 36-8-2 68.8(4.4) 70.0(2.0) 1000
SEFRON 37-1 91.5(5.4) 67.7(1.3) 100

MeST 36-2 74.8(3.9) 71.1(3.2) 100
CD-SNN 37-10-2 73.9(1.4) 72.9(1.7) 74
T-SNN 36-12-2 79.1(2.1) 73.0(1.2) 35

IpT-SNC 36-2 85.4(0.6) 80.7(2.8) 500

ECG

SpikeProp 61-10-2 86.6(2.5) 84.5(3.0) 1000
TMM-SNN 60-(2-3)-2 86.5(2.1) 85.4(1.7) 177

DC-SNN 60-8-2 88.2(4.1) 86.5(2.1) 1000
SEFRON 61-1 88.6(3.9) 86.5(3.3) 100

MeST 60-2 86.5(3.2) 85.5(1.5) 100
CD-SNN 61-8-2 87.0(2.0) 87.0 (2.2) 45
T-SNN 60-8-2 81.5(2.8) 78.5(7.2) 81

IpT-SNC 60-2 92.8(0.7) 92.7(2.3) 500

MMG

SpikeProp 55-10-2 82.8(4.7) 81.8(6.1) 1000
TMM-SNN 54-(5-7)-2 87.2(4.4) 84.9(8.6) 176

DC-SNN 54-8-2 80.4(6.2) 94.5(8.3) 1000
SEFRON 55-1 92.8(5.0) 82.7(10.0) 100

MeST 54-2 98.2(0.8) 98.0(0.4) 100
CD-SNN 55-6-2 85.3 (7.2) 84.4 (9.1) 53
T-SNN 54-8-2 85.7(2.1) 85.6(6.7) 57

IpT-SNC 54-2 93.7(0.7) 95.6(4.2) 500

HEPATITIS

SpikeProp 115-15-2 87.8(5.0) 83.5(2.5) 1000
TMM-SNN 114-(3-9)-2 91.2(2.5) 86.6(2.2) 192

DC-SNN 114-8-2 87.7(3.0) 88.3(1.4) 1000
SEFRON 115-1 94.6(3.5) 82.7(3.3) 100

MeST 114-2 90.9(5.7) 88.7(2.0) 100
CD-SNN 115-8-2 95.0(3.2) 95.0(2.6) 69
T-SNN 114-8-2 88.5(1.7) 86.4(4.2) 75

IpT-SNC 114-2 95.3(0.6) 94.1(1.6) 500
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Table 3. Cont.

Dataset Learning Algorithm Architecture Training Accuracy (%) Testing Accuracy (%) # Epochs

PIMA

SpikeProp 55-20-2 78.6(2.5) 76.2(1.8) 3000
TMM-SNN 54-(5-14)-2 79.7(2.3) 78.1(1.7) 160

DC-SNN 49-12-2 78.6(1.9) 77.8(1.2) 1000
SEFRON 49-1 84.1(1.5) 74.0(1.2) 100

MeST 48-2 78.4(2.5) 77.3(1.3) 100
CD-SNN 49-13-2 79.4(1.2) 78.4(2.4) 48
T-SNN 24-18-2 79.6(1.0) 79.0(0.8) 48

IpT-SNC 48-2 82.5(0.6) 82.5(1.2) 500

BC

SpikeProp 55-15-2 97.3(0.6) 97.2(0.6) 1000
TMM-SNN 54-(2-8)-2 97.4(0.3) 97.2(0.5) 70

DC-SNN 54-8-2 97.4(0.7) 97.8(0.5) 1000
SEFRON 55-1 98.3(0.8) 96.4(0.7) 100

MeST 54-2 98.2(0.8) 98.0(0.4) 100
CD-SNN 55-8-2 97.8(1.0) 97.3(1.1) 55
T-SNN 24-15-2 97.8(0.3) 97.4(0.2) 36

IpT-SNC 54-2 98.4(0.1) 98.8(1.5) 500

ION

SpikeProp 205-25-2 89.0(7.9) 86.5(7.2) 3000
TMM-SNN 204-(23-34)-2 98.7(0.4) 92.4(1.8) 246

DC-SNN 199-20-2 97.1(1.2) 92.7(1.5) 1000
SEFRON 199-1 97.0(2.5) 88.9(1.7) 100

MeST 198-2 98.3(2.6) 93.2(1.8) 100
CD-SNN 205-12-2 93.0(2.6) 91.2(2.1) 38
T-SNN 204-15-2 97.8(1.2) 94.5(0.7) 35

IpT-SNC 198-2 99.2(0.4) 95.4(1.1) 500

Table 4. Performance comparison of IpT-SNC on multi-class classification datasets with SpikeProp,
TMM-SNN, DC-SNN, SEFRON, MeST, CD-SNN, and T-SNN.

Dataset Learning Algorithm Architecture Training Accuracy (%) Testing Accuracy (%) # Epochs

IRIS

SpikeProp 25-10-3 97.2(1.9) 96.7(1.6) 1000
TMM-SNN 24-(4-7)-3 97.5(0.8) 97.2(1) 246

DC-SNN 24-11-3 96.1(2.9) 97.7(1.4) 1000
MeST 24-3 98.1(1.5) 98.0(1.4) 100

CD-SNN 25-8-3 98.3(0.3) 97.9(1.7) 51
T-SNN 24-10-3 97.5(0.5) 97.3(0.4) 48

IpT-SNC 24-3 98.7(0) 98.9(0.8) 500

WINE

SpikeProp 79-10-3 99.2(1.2) 96.8(1.6) 1000
TMM-SNN 78-3-3 100(0) 97.5(0.8) 80

DC-SNN 78-10-3 98.2(2.0) 96.3(1.0) 1000
MeST 78-3 100(0) 98.0(1.2) 100

CD-SNN 79-8-3 100(0) 98.8(1.1) 33
T-SNN 52-8-3 99.8(0.2) 98.9(0.4) 38

IpT-SNC 78-3 100(0) 98.8(0.8) 500

AE

SpikeProp 31-10-4 98.5(1.7) 97.2(3.5) 1000
TMM-SNN 30-(4-7)-4 97.6(1.3) 97.5(0.7) 12

DC-SNN 30-20-4 96.6(2.2) 96.5(1.5) 1000
MeST 30-4 99.2(0.9) 99.1(0.3) 100

CD-SNN 31-8-4 99.4(0.2) 99.0(1.0) 58
T-SNN 25-10-4 99.4(0.1) 99.1(0.2) 35

IpT-SNC 30-4 98.7(0.6) 98.9(0.4) 500
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3.4. Performance Comparison of IpT-SNC on UCI Repository Datasets

Liver and PIMA are low-dimensional, high-interclass-overlap binary classification
tasks. The performance of IpT-SNC on a training dataset of the liver is better than that
of the other learning algorithms except for SEFRON. The performance of IpT-SNC on a
testing dataset of the liver is 7.7–19% higher than that of all the other algorithms. For the
PIMA dataset, SEFRON has the highest training accuracy, which is 2% higher than that
of IpT-SNC. But IpT-SNC exhibits 3.5–10% higher performance on a testing dataset than
all the other algorithms used for comparison. A mammogram (MMG) is another problem
similar to that of the liver and PIMA. The performance of IpT-SNC on the testing dataset of
MMG is better than the 1–14% of the other learning algorithms except for MeST. In this
case, MeST outperforms IpT-SNC by 2.5%.

Echocardiogram (ECG) and breast cancer (BC) are simple binary classification prob-
lems mentioned in Table 3. All learning algorithms perform almost similarly on the training
dataset of ECG, while, on the testing dataset of ECG, IpT-SNC has the highest performance
accuracy compared to that of the other algorithms. An increment of approximately 1%
can be seen in the performance of IpT-SNC on the testing dataset of BC. The multi-class
classification problems mentioned in Table 4 are IRIS, wine, and acoustic emission (AE).
IRIS and wine are three-class problems, while AE is a four-class problem. From Table 4,
it is observed that almost all algorithms perform similarly on these simple multi-class
classification datasets.

For high-dimensional problems like ionosphere (ION) and hepatitis, IpT-SNC achieves
the best performance on training and testing datasets of ionosphere (ION). IpT-SNC exhibits
an improvement of 0.5–13% on the training dataset and 0.9–9% on the testing dataset of
ION, respectively, when compared with the other learning algorithms, while an increment
of 1–8% and 6–11% is observed in the performance of IpT-SNC on the training and testing
datasets of hepatitis, respectively, when compared with other learning algorithms except
CD-SNN. CD-SNN performs 0.9% better than IpT-SNC in the case of a testing dataset of
hepatitis. These findings indicate that IpT-SNC exhibits a significant performance increment
on complex problems with high interclass overlap and high dimensional problems when
compared with other learning algorithms, while there is a moderate increment in the
performance of IpT-SNC on simple classification problems when compared with other
learning algorithms.

Statistical analysis of the performance comparison: Statistical tests such as the
Friedmann test and paired t-tests are used to evaluate the significance of the performance
of IpT-SNC when compared with that of SpikeProp, TMM-SNN, DC-SNN, SEFRON,
MeST, CD-SNN, and T-SNN. The testing accuracies of the algorithms are used for this
statistical analysis. At first, with the help of the Friedmann test, the significance of all the
algorithms as a group is evaluated. That the testing accuracies of all the algorithms used for
comparison do not differ significantly from one another is the null hypothesis considered
for the Friedmann test. Using the Friedmann test, a p-value of 0.000009 was achieved, which
indicates a 95% confidence level in rejecting the null hypothesis. This suggests that at least
one algorithm operates differently from the others in terms of performance. The pair-wise
significance between IpT-SNC and each learning algorithm in Table 3 is evaluated using a
paired t-test. The null hypothesis of the two algorithms does not differ significantly, and
it is considered for the paired t-tests. The p-values of 0.0017, 0.0018, 0.007, 0.0009, 0.0613,
0.0165, and 0.0153 are obtained using the paired t-test when IpT-SNC is compared against
SpikeProp, TMM-SNN, DC-SNN, SEFRON, MeST, CD-SNN, and T-SNN respectively. From
these p-values, it can be inferred that the null hypothesis can be rejected with a 95% degree
of confidence when IpT-SNC is compared with SpikeProp, TMM-SNN, DC-SNN, SEFRON,
CD-SNN, and T-SNN. The p-value of 0.0613 obtained when IpT-SNC is compared with MeST
indicates that the null hypothesis is rejected with a 90% confidence level.
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3.5. Performance Comparison of IpT-SNC on BCI Competition IV Dataset

In this section, the performance of IpT-SNC in classifying right-hand versus left-
hand movements from the Brain-Computer Interface (BCI) competition IV dataset is dis-
cussed [34]. The BCI competition IV dataset is a real-world dataset obtained from the
recordings of electroencephalograph (EEG) signals from the brain. These EEG recordings
are obtained from various participants while they are imagining movements of body parts
without actually moving them. The BCI competition IV dataset has several such recordings,
which are termed motor-imagery tasks. The 2a dataset in BCI-IV consists of data when
participants are imagining the movement of the right hand, the left hand, both feet, and
the tongue. These recordings are obtained using 22 electrodes placed on different regions
of the scalp of the participant. A total of nine participants are considered, and recordings
are carried out in two different sessions, each with 144 trials. In this paper, the problem of
right-hand versus left-hand movement classification is considered.

The problem of hand movement classification for each participant is evaluated sepa-
rately using IpT-SNC. Out of the total 144 trials 72 trials from each session are considered
for training, and the remaining 72 are considered for testing. For each, six features are
extracted using the Robust Common Spatial Pattern technique [35]. The testing perfor-
mance of IpT-SNC on this motor imagery task is compared with the Common Spatial
Pattern-Linear Discriminant Analysis (CSP-LDA) [36] classifier, the Self Regulated Interval
Type-2 Neuro-Fuzzy Inference System (SRIT2NFIS) [37], and DC-SNN. Table 5 presents
this comparison results. The nine participants in this task are indicated as A1–A9 subjects
in Table 5. The mean and deviation indicated in the comparison clearly show that IpT-SNC
outperforms the other learning algorithms by a margin of 8–13%. The lower standard
deviation indicates that IpT-SNC has better generalization performance compared to the
other algorithms.

Table 5. Performance comparison of IpT-SNC with CSP-LDA, SRIT2NFIS, and DC-SNN on BCI
competition IV 2a dataset.

Subjects CSP-LDA SRIT2NFIS DC-SNN IpT-SNC

A1 88.89 93.06 92.36 97.22
A2 51.39 68.75 66.67 79.86
A3 96.53 97.22 96.53 100
A4 70.14 75.00 77.78 86.81
A5 54.86 65.97 63.89 78.47
A6 71.53 72.22 73.61 86.80
A7 81.25 86.11 82.64 93.75
A8 93.75 97.22 97.92 100
A9 93.75 93.75 93.75 97.92

Mean 78.01 83.26 82.79 91.2
Standard deviation 17.01 12.76 12.27 8.45

4. Conclusions

This paper has presented an IpT-SNC for classification problems and a search-based
method for IpT-SNC parameter updation. The weight of each synapse in the IpT-SNC was
modeled using multiple amplitude-modulated Gaussian functions with centers located at
various points throughout the simulation interval. The time-varying weight modeling of a
synapse is used in the IpT-SNC architecture to exploit the advantages of its dynamic nature.
A search-based self-regulated particle swarm optimization (SRPSO) technique is used to
update the values of the parameters in the IpT-SNC in order to achieve better performance.
In the interpretability study, it was shown that the rationale behind the predictions was
described with the help of time-varying weights in IpT-SNC. The performance of IpT-SNC
was compared with that of other learning algorithms with the help of ten benchmark
datasets from the UCI machine learning repository. The IpT-SNC outperformed the other
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existing classifiers by a maximum of 1–7.7% while classifying highly overlapped datasets,
whereas, for datasets with higher dimensions, IpT-SNC outperformed other classifiers
by 0.9–6%. The statistical analysis of performance comparison showed that IpT-SNC
performed better in terms of generalization while still providing the benefit of interpretable
outcomes. Further, the performance of IpT-SNC was evaluated in real-world motor imagery
classification tasks. An average improvement of 8% in the performance of IpT-SNC was
seen in the performance of right-hand versus left-hand movement classification when
compared with the other algorithms.
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