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Abstract—This project explores the use of spiking neural
networks (SNNs) for recognizing American Sign Language (ASL)
hand gestures from neuromorphic event-based camera data.
Traditional frame-based vision technologies process redundant
spatial information, whereas neuromorphic cameras capture
asynchronous pixel-level changes, making them well-suited for
energy-efficient and temporally precise gesture recognition. In
short, neuromorphic event-based cameras capture changes in
pixel brightness which is useful for capturing and focusing on
only hand movement for gesture classification. The key objective
of this project is to determine the effectiveness of an SNN
implementation for learning and classifying ASL signs from the
event-based data provided by the ASL-DVS dataset.

To handle and preprocess the neuromorphic data, event
streams were organized into structured spike-based frames using
temporal binning and denoising techniques. A convolutional SNN
(CSNN) architecture was implemented using leaky integrate-and-
fire (LIF) neurons, enabling the model to process spatiotemporal
patterns across multiple time steps. The network was trained on
labeled ASL samples representing 24 static hand signs (excluding
dynamic letters) from 5 different subjects and optimized using
spike-based loss functions.

The model achieved high training accuracy, reaching approxi-
mately 96.7% after 7 epochs, indicating strong learning capability
on the training data. However, test performance remained low,
suggesting challenges with generalization, likely due to limited
data diversity, overfitting, or suboptimal hyperparameters. These
results highlight both the potential and current limitations of
SNNs for event-based gesture recognition tasks as well as areas
for possible future improvements to the model.

I. INTRODUCTION AND MOTIVATION

The overarching goal of this project is to develop a system
capable of recognizing American Sign Language (ASL) hand
gestures using neuromorphic event-based camera data and
a spiking neural network (SNN). Unlike traditional image
classification approaches that rely on static frames, this project
focuses on processing temporally rich, asynchronous data to
better capture the dynamics of hand movements and shapes.
The system aims to classify 24 ASL letters (excluding dynamic
gestures such as ”j” and ”z”) by learning spatiotemporal
patterns in event streams. To achieve this goal, we analyzed

the ASL-DVS dataset, which currently stands as the largest
event-based dataset for ASL gestures [1].

Fig. 1. Visualization of the ASL-DVS dataset [1].

The primary research question addressed in this work is:
Can a spiking neural network effectively learn and generalize
ASL gesture patterns from neuromorphic event-based data?
More specifically, the project investigates whether the tem-
poral processing capabilities of SNNs provide an advantage
when working with sparse, time-dependent inputs compared
to conventional neural network approaches.

This topic was selected for both practical and technical rea-
sons. From a personal perspective, ASL recognition presents
an engaging and meaningful application, as it could serve as
a tool to assist individuals who are not familiar with sign lan-
guage. From a technical standpoint, the use of neuromorphic
data and SNNs introduces a novel and less commonly explored
paradigm in machine learning. Neuromorphic cameras capture
changes in pixel intensity over time rather than full images,
making the data inherently temporal and sparse. This aligns
well with the design of SNNs, where neurons accumulate input
over time and emit spikes once a threshold is reached. The



biologically inspired mechanism of integrating information
through time makes SNNs particularly suitable for this type
of data.

Additionally, this project provided an opportunity to explore
emerging technologies and gain hands-on experience with
event-driven data processing and bio-inspired learning models,
both of which are becoming increasingly relevant in energy-
efficient and real-time AI systems.

II. RELATED WORK

The capabilities of SNNs was formalized by Maass [2] who
had demonstrated their theoretically greater computational
power over traditional neural network approaches of the time,
such as models based on McCulloch Pitts neurons. Unlike
conventional deep learning approaches, such as convolutional
neural networks (CNNs), SNNs process discrete spikes over
a given time period, making them well suited for processing
temporal data, further enabling energy efficient computation
on neuromorphic hardware [3].

Fig. 2. Visualization of a SNN, with input pre-neural spikes producing output
post-neural spikes. [3].

The utility of SNNs has been made more apparent with the
development of neuromorphic hardware, such as the dynamic
vision sensor (DVS), which was pioneered by Lichtsteiner et
al. [4]. The DVS they had introduced was capable of recording
a 128x128 asynchronous pixel grid, where each pixel would
act independently to detect changes in local relative intensity,
which enabled the sensor to produce spike events. The sensor
produces these sparse, low-latency event streams that naturally
align with the temporal processing capabilities of SNNs.
Gallego et al. [5] provide a comprehensive overview of the
field of event based vision, discussing DVS designs, their
applications in fields such as robotics, and the methods that
would be used to process the event-based data generated by
DVS, establishing the broader context in which this work sits.

A closely related work is that of Amir et al. [6], which
discusses the development of an energy efficient end-to-
end gesture recognition system implemented through a DVS
and a CNN configuration on IBM’s TrueNorth neurosynaptic
processor. Their work demonstrated the feasibility of real-
time gesture recognition utilizing event-based neuromorphic
hardware, as they had achieved a strong accuracy of 96.5% on
their dataset consisting of 11 separate hand gestures. Our work

aimed to expand upon this by targeting the 24 ASL letters
present in the ASL-DVS [1] dataset, which would introduce
more challenges of inter-class similarities.

Sign language recognition has been widely studied through
a more traditional computer vision lens. Such is seen in the
work of Molchanov et al. [7] which showcased the applica-
tion of 3D convolutional networks to dynamic hand gesture
recognition utilizing continuous RGB and infrared data. Their
model presented a strong accuracy, only slightly below human
accuracy, yet it could not leverage the sparse, energy-efficient
data that would be produced by a DVS camera. Furthermore,
Pigou et al. [8] explored recurrent and convolutional methods
for continuous gesture recognition to demonstrate the inef-
fectiveness of a simple temporal feature pooling strategy for
accounting the temporal aspects of video. While successful in
their approach, their work also examines video, rather than
leveraging event-based data to exploit its inherent temporal
nature.

This work has been expanded upon in more recent years as
others such as Ceolini et al. [9] have begun to utilize DVS
cameras and event-based data for gesture recognition tasks. In
their work they had demonstrated hand gesture recognition
that utilizes a sensor fusion framework, which relies on
electromyography (EMG) signals from muscles, as well as
visual information. This multi-sensor approach held a high
degree of accuracy and robustness, though it also came with a
high computational cost. As such, they were able to utilize the
low computational cost of neuromorphic technologies, namely
DVS cameras and neuromorphic processors, to counteract the
high cost. Their work showcased the robustness that could
come from fusing sensor modalities.

Compared to these prior works, this project specifically
targets ASL alphabet recognition from purely event-based
data. To do this, we focused on implementing a convolutional
spiking neural network (CSNN) that was trained with surrogate
gradients, without a reliance on the fusion of other data
modalities.

III. METHOD/APPROACH/EXPERIMENTAL SETUP

This project implements a spiking neural network (SNN)-
based pipeline for classifying American Sign Language (ASL)
gestures from neuromorphic event data. The system is built off
of the PyTorch [10] and SnnTorch [11] libraries, which provide
support for biologically inspired neuron models such as leaky
integrate-and-fire (LIF) neurons, as well as surrogate gradient
methods for training. Additionally, the Tonic library [12] is
used for preprocessing event-based data, including denoising
and conversion into frame-based spike representations.

The ASL-DVS dataset [1] was utilized for all training and
testing purposes within this work. This dataset consists of
100,800 samples, with each sample lasting for approximately
100ms, which were reordered from 5 subjects utilizing a
iniLabs DAVIS240c NVS set up in an environment with
low environmental noise as well as a constant illumination.
Each class contains 4,200 samples to ensure a balanced class
distribution. The dataset contains each of the letters in the ASL



Fig. 3. A representation of the dynamics of LIF neurons. The membrane
potential spikes and leaks over time before reaching a given threshold and
firing, after which the neuron enters a refractory period. [3].

alphabet with the exclusion of ”j” and ”z”, as these gestures
require dynamic motion, which makes them fundamentally
different from the rest of the alphabet which can be represented
by static hand positions. For our purposes, we used a subject
based split, with subjects 1 through 4 being used for training,
while subject 5 was utilized for testing. The purpose of this
was to both avoid data leakage and evaluate the model’s
ability to generalize on an entirely unseen individual, which
would provide a more realistic evaluation on the model’s
performance.

Raw input data consists of event streams captured by
a neuromorphic camera, where each event encodes spatial
coordinates, timestamp, and polarity. Polarity consists of either
on/off, representing if the pixel increased or decreased in
brightness. An example representation of the neuromorphic
data is shown below.

Fig. 4. Example of neuromorphic camera data. Green pixels are ones that
increased in brightness while red indicates a decrease in brightness.

These events are first converted into a structured format
and passed through a preprocessing pipeline that applies
temporal denoising and bins events into a fixed number of
time steps. This results in a tensor representation of shape
(time x channels x height x width) suitable for input into the

SNN model.

The architecture of the model is illustrated in Figure 5. The
network consists of 2 convolutional layers (3x3 kernels) fol-
lowed by LIF neuron layers to introduce temporal dynamics. A
max-pooling layer reduces spatial dimensionality, and a fully
connected layer maps extracted features to 24 output classes
corresponding to ASL letters. At each time step, the network
processes input spikes sequentially, and neuron membrane
potentials accumulate information over time before generating
output spikes.

Fig. 5. ASL SNN Model Structure.

Experimentally, the model is trained using a supervised
learning approach with a spike-based loss function that en-
courages correct firing behavior for target classes. Training is
conducted over multiple epochs using the Adam optimizer,
with performance evaluated using classification accuracy. The
dataset is split into training and testing sets with a fixed
number of samples drawn from each file (40 per class) to
control dataset size and training time. The primary aspect
being investigated is the model’s ability to learn meaningful
spatiotemporal patterns from event-based input and generalize
them to unseen data.

The source code for this project is publicly available at:
https://github.com/BrianStew/CS420FInalProject.

IV. RESULTS

The performance of the proposed spiking neural network
(SNN) was evaluated using training loss, training accuracy, and
a confusion matrix on the test set. These results provide insight
into both the learning behavior of the model and its ability to
generalize to unseen data. Figures depicting the performance
of the proposed model is shown below.



Fig. 6. CSNN Training Loss.

Fig. 7. CSNN Training Accuracy.

The training accuracy curve shows a steady and significant
improvement over time, increasing from near 0% to approxi-
mately 95-97% by the end of training. This indicates that the
model successfully learned to classify the training data and
was able to extract meaningful spatiotemporal features from
the neuromorphic input. Similarly, the training loss decreases
consistently throughout training, dropping from above 1.2 to
below 0.1. The smooth downward trend in loss suggests stable
optimization and effective learning using the spike-based loss
function.

Fig. 8. Confusion Matrix showing the results from the test set (subject 5)
when evaluated with the trained CSNN. Rows represent true labels, columns
represent predicted labels.

However, the confusion matrix for the test set reveals a stark
contrast in performance. Predictions are widely distributed
across incorrect classes, with very few strong diagonal ele-
ments, indicating correct classifications. This is further con-
firmed by the overall test accuracy of approximately 4.56%,
which is significantly lower than the training accuracy. The
confusion matrix also does reveal some logical misclassifica-
tions, as there are similarities between some of the classes.
For example, the letter ”a” is frequently misclassified as ”m”,
which would make sense as the signs for those letters are
fairly similar. It is also interesting that the model was capable
of correctly classifying ”i” specifically, while struggling with
the rest of the classes. If the results were purely random, it
would be unlikely to have such a high success rate on a specific
class.

This discrepancy between training and testing performance
suggests that the model is overfitting to the training data and
failing to generalize. Several factors may contribute to this
outcome. First, the dataset size is limited due to restricting
the number of samples per file, which may prevent the model
from learning robust, generalizable features. This was a choice
made to reduce training time to a workable time-frame given
our hardware limitations. Second, variability between subjects
as well as recording conditions could introduce differences
between training and test data distributions. Furthermore, the
SNN architecture and hyper-parameters, while effective for
learning training patterns, may not be sufficiently regularized
for generalization. It is also worth noting that some incorrect
classifications could be due to very similar patterns and
gestures for different letters. For example, in American Sign
Language (ASL), the letters A and E are often considered
very similar because they both involve a closed fist, but they
are distinguished by the position of the thumb. Other pairs



that are frequently confused due to similar hand-shapes and
orientations include:

• G and Q: Both are made with the index finger and thumb,
but ”G” points sideways, while ”Q” points downward

• M and N: Both involve folding fingers over the thumb,
but ”M” covers three fingers (including the ring finger),
while ”N” covers only two

• S and T: Both are closed fists, but ”S” has the thumb
across the front of the knuckles, while ”T” has the thumb
tucked between the index and middle fingers

Since several pairs of letters are very close visually, this
could be difficult for the model to distinguish, especially with
our restricted dataset, which could lead to many incorrect
classifications as well.

Overall, while the model demonstrates strong learning capa-
bility on the training set, the results highlight a key limitation
in its ability to generalize, emphasizing the need for improved
data diversity, model tuning, or regularization techniques in
future work.

V. DISCUSSION, CONCLUSION, AND FUTURE WORK

The results of this project demonstrate that spiking neural
networks (SNNs) are capable of learning meaningful spatio-
temporal representations from neuromorphic event-based data.
The model achieved high training accuracy (approximately
96.7%), indicating that the architecture-combining convolu-
tional layers with leaky integrate-and-fire (LIF) neurons-was
effective at capturing patterns within the training set. The
steady decrease in training loss further supports that the net-
work was able to converge and learn the underlying structure
of the data.

However, the extremely low test accuracy (approximately
4.56%) highlights a major limitation in the model’s ability
to generalize. This suggests that the network overfit to the
training data and failed to learn features that transfer well to
unseen samples. Potential causes include limited dataset size,
insufficient variability in training samples, suboptimal hyper-
parameters, and a lack of regularization within the model. Ad-
ditionally, inconsistencies in the data or preprocessing pipeline
may have contributed to the gap between training and testing
performance.

A significant constraint in this project was hardware avail-
ability. Training SNNs on event-based data is computation-
ally intensive due to the temporal dimension and sequential
processing across time steps. One team member had access
to a desktop with an NVIDIA RTX 3070 GPU, while other
experimentation had to be conducted using cloud-based en-
vironments such as Google Colab utilizing the A100 GPUs,
which proved to be slow and restrictive. These limitations
made it difficult to iterate upon the model, tune hyper-
parameters, increase the number of training samples per file,
or train for additional epochs. As a result, optimally tuning and
exploring the capabilities of the model was not as feasible as
we had originally desired.

For future work, there are several improvements that could
be made. Firstly, increasing the dataset size and diversity

would likely improve generalization. Additionally, having ac-
cess to more powerful and consistent hardware would enable
more thorough experimentation, such as hyper-parameter tun-
ing, deeper model architectures, as well as longer training
durations. Furthermore, the incorporation of regularization
techniques such as dropout, data augmentation, or normal-
ization could help reduce the model’s tendency to overfit to
the training data. Given more time, we could aim to explore
alternative SNN architectures, different encoding schemes for
event data, or hybrid models that combine traditional neural
networks with spiking components may also yield better
performance. Finally, extending the system to handle dynamic
ASL gestures (such as ”j” and ”z”) would provide a more
complete and practical application.

Overall, this project demonstrates both the promise and
challenges of applying SNNs to neuromorphic data, highlight-
ing the importance of data quality, model design, and compu-
tational resources in achieving strong real-world performance.
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