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Abstract—In this paper, the design, simulation, and
implementation of the LIF model are performed for
recognizing handwritten characters. At first, the spike
response of the neuron to different amounts of input
currents was analyzed in MATLAB. Then, the accuracy
of the results was verified in order to confirm the correct
behavior of the neuron under different circumstances. In
the next step, the same model was implemented using
Python code to perform classification based on EMNIST
data set, converting the pixel values to spikes in a period
of time. Next, the model was run on the NVIDIA Jetson
Nano Developer Kit, resulting in a working system with
acceptable performance in an actual environment. As a
result, it could be understood that inference is possible
even in real-time mode without a significant amount of
energy consumption.

Index Terms—Edge Al, EMNIST dataset, Jetson Nano,
Leaky Integrate-and-Fire neuron, neuromorphic
computing, spiking neural networks, temporal coding.

I. INTRODUCTION

The neuron is the unit of information processing in
living organisms. Neurons exchange information by
generating spikes, i.e., electrical impulses that are
produced when the potential of the neuron exceeds a
predefined value. Contrary to standard models, such
an exchange process is highly sparse and timing-
dependent, which distinguishes it from regular
artificial neural networks.

The standard artificial neural network model is based
on continuous variables and synchronization of the
computations. Despite high applicability and good
results achieved, the usage of artificial neural

networks requires significant computational resources
and power. As a consequence, such a network cannot
be easily implemented into embedded systems due to
limitations in computational capacity. These issues
have led to the growing interest in Spiking Neural
Networks (SNN), primarily due to its event-driven
approach.
Among the existing neuron models, the Leaky
Integrate- and-Fire (LIF) model is one of the simplest
and most frequently applied. The LIF model accounts
for such phenomena as integration of input currents,
leaking over time, and spiking upon reaching the
threshold level. After generating a spike, the neuron is
reset, allowing the cycle to be repeated again. Despite
its simplicity, the model can represent rate and
temporal coding in many scenarios. The following
tasks are addressed in this study:
e Investigating the performance of the LIF neuron
model for various input currents with MATLAB
e Implementing the model for recognizing
handwritten characters based on the EMNIST
database.
e Evaluating the entire framework on Jetson Nano
to verify real-time operation

I1. BACKGROUND AND RELATED WORK

The Leaky Integrate-and-Fire (LIF) neuron model was
presented as a simple alternative to complicated
biological neuron models, such as Hodgkin—Huxley. It
was shown previously [1] that implementations of LIF
using MATLAB can mimic realistic spikes and yet
remain computationally efficient. Another research by
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Chaturvedi et al. [2] compared LIF model with the
more advanced Izhikevich model and concluded that
even though it is less complex, LIF may perform
relatively well for character recognition provided
correct parameter tuning.

In several studies, such as [3], some spike-based
character recognition approaches were presented as
opposed to typical training methods. Afterward,
adaptive thresholding techniques proposed by Bawane
[4] led to some improvement. Lu [5] suggested a
method to link LIF with deep neural network
architectures, thus making the training process more
efficient and easier.

From the viewpoint of hardware implementation,
Banik and Basu [15] showed how spiking neural
networks could be used on Jetson Nano for
recognizing digits. The study reveals that spike-based
networks may be performed on embedded hardware
devices without requiring excessive resources. In this
paper, attempts are made to unify the three stages

I1l. THE LIF NEURON MODEL

The membrane voltage for a LIF neuron can be
obtained using a first-order differential equation:

@ _y() + RID —(1)

dt

This means that the membrane voltage varies with
time based on the influence of the current as well as the
leakage effect.
V(t) > V (th) > emit spike - (2)

When the voltage becomes equal to a particular
threshold level, a spike occurs, and the voltage is
reduced.

V(t+At) = V(1) + (Atlt) [-V() + RI®)] -- ()

The behavior of the neuron is mostly determined by
some key parameters:

The membrane time constant, tm, which defines how
quickly the potential will drop.

Threshold potential, Vth, that determines the
triggering point of the neuron’s firing.

Refractory period, tref, which limits the frequency of
spike generation.

The tuning of these parameters is rather
straightforward, which greatly facilitates modelling
and simulation.
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IV. METHODOLOGY

A. MATLAB Spike Simulation

The following parameter values were used for the
simulation: R=50MQ, C=1nF, Vth=10mV, Vreset
= 0.2Vth, and tref = 5 ms. The current input to the
neuron ranged between 1 and 50 nA.

Euler's method was used to advance the membrane
potential in time at intervals of 1 ms for 50 ms. A spike
was counted every time the membrane potential
reached the threshold voltage. Then, the potential was
set to its reset value, and the neuron became inactive
until the end of the refractory period.

The waveforms were visually inspected. The desired
response was usually observed in the simulations, with
slight variations due to different inputs.

B. Python Character Recognition

EMNIST Letters Dataset was adopted for the
classification task. First, all the images were
normalized to a value range between 0 and 1. Then,
these numbers were scaled and considered input
currents to the neuronal model.

As a rule, brighter pixels translated into stronger
currents that generated more spikes per neuron. The
model was trained for several time steps with
collecting statistics on spikes by classes. Finally, the
decision of what letter to predict was made by the class
with the maximum number of spikes.

The Gradio application was built to facilitate
experiments. It enables users to load or draw letters and
instantly see the results.

C. Jetson Nano Deployment

The Python program was run on the Jetson Nano
system (Ubuntu 20.04, Python 3.8). For the
calculations part, NumPy library was utilized, whereas
TensorFlow was applied for the dataset operations.
The presence of GPU enabled some parallel
calculations to be performed, thus increasing
performance as compared to CPU only
implementation. Again, the same interface was
maintained as before, enabling easier comparison of
the results obtained with the earlier ones.

V. RESULTS AND DISCUSSION

A. LIF Neuron Behavior (MATLAB)
From the simulation results, it can be seen that the
firing rate is proportional to the value of the current
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being supplied.

Fig.1. Membrane potential responses of the LIF
neuron for synaptic input currents of (a) 1 NA, (b)
5NA, (c) 50 NA,

When the current being applied is low, there will be a
decrease in the spike rate since it takes time for the
membrane potential to increase.

As the value of the current is increased, the gap
between the spikes will become smaller.

In instances where the value of the current is high,
there is an increase in the firing rate despite its being
constrained by the refractory period.

B. Image Preprocessing and Encoding

Grayscale EMNIST images of characters were read
and normalized to values in the range of [0, 1]. Fig. 2
shows two such characters: A and C, along with their
processed counterparts.

The normalization procedure leads to a consistent,
high-contrast image, which corresponds directly to the
encoding of currents for neurons: an intensity of zero
in the image will correspond to an input current of zero
(or silence), and an intensity of one will correspond to
the highest possible current, resulting in the fastest
possible spike frequency.

Acly

Fig.2. Comparison of Sample EMNIST Dataset
Images and their Pre-processed Representations
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C. Spike Pattern Analysis

Each neuron will produce a unique spike train.

Fig.3. Spike pattern showing temporal spike activity
and neuron firing distribution.

The spike trains for each example are not the same, but
there is definitely a difference between the two classes.
It is this difference that helps the model classify the
characters, even if not perfectly.

D. Gradio Interface

Interface provides real-time testing as the input image,
the processed output image, and predicted label are
displayed simultaneously.

Fig.4. Gradio-based user interface showing input
image, preprocessing output and predicted character
using the LIF-based SNN

Offline testing revealed that predictions for the top five
most frequent EMNIST letters match the ground truth
in most of the trials. Most predictions have been
accurate. Nevertheless, certain mistakes have
occurred. Some mistakes occur for those characters
that look alike, like C and G or B and D.

E. Jetson Nano Deployment

Inference could be carried out in less than a second per
picture, making the system capable of being used in
real-time applications. The power requirement was
found to be in the normal range of about 5 to 10 W.
There were some errors in classification. This could
have been caused by similarities in the characters or
insufficient variety in the data set. Regardless, the
system’s performance was satisfactory at the prototype
stage.

206812 © IJIRT | www.ijirt.org MAY 2026 549



International Conference on Recent Innovation in Computer Science

Fig.5. Output on the NVIDIA Jetson Nano
V1. CONCLUSION

In this project, the development of an entire system
utilizing the LIF neuron was done to identify
handwritten characters. The use of MATLAB
simulation was helpful in analysing the behavior of the
neuron. The development process utilizing Python
helped understand how spike-based encoding could be
used for classifying characters.

Deployment of this model on Jetson Nano implies that
such models are feasible to implement on embedded
devices without needing extensive resources.
However, further improvements are possible. For
instance, applying learning algorithms such as STDP,
experimenting with deeper networks or enhancing the
encoding method would be some ideas for future
study.
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