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Abstract

Spiking Neural Networks (SNNs) offer a promising alternative by leveraging event-driven processing,
which reduces power consumption while maintaining high detection accuracy. However, training
SNNs remains a challenge due to the absence of conventional backpropagation and the need for
specialized training algorithms. This study develops a neuromorphic vision system using Spiking
Neural Networks (SNNs) for energy-efficient, low-latenicy object recognition, inspired by the human
visual system. Leveraging event-based datasets — DVS Gesture (dynamic gestures) and N-Caltech101
(static objects) — the study implements a hardware-agnostic SNN framework to outperform traditional
Convolutional Neural Networks (CNNs) in real-time applications like robotics and autonomous
vehicles. Using Python libraries (Norse, Brian2), the system processes asynchronous event streams,
reducing computational overhead compared to frame-based methods. A React.js frontend, combined
with D3.js, enables real-time visualization of spike events and detection outputs. Key objectives include
designing an SNN model, preprocessing event data, benchmarking against CNNs (e.g., MobileNetV2)
on accuracy, latency, and energy efficiency, and addressing software-based neuromorphic challenges.
Implemented on Google Colab’s T4 GPU, the SNN achieved 60% mAP on N-Caltech101 and ~85%
accuracy on DVS Gesture, with significantly lower latency (30ms vs. 60ms) and energy consumption
(~10x less) than CNNs. Despite challenges like data scarcity and SNN training complexity, the system
demonstrates the viability of software-based neuromorphic vision, contributing to accessible, brain-
inspired Al for resource-constrained environments.

Keywords: Neuromorphic, Spiky Neural Network (SNN), Object Recognition, Dynamic
Vision Senso (DVS)

INTRODUCTION
Neuromorphic vision is a biologically inspired approach to visual processing that seeks to
emulate the human visual system using Spiking Neural Networks (SNNs).

Traditional object recognition models rely on frame-based image processing, where each
frame is captured, stored, and processed sequentially. This approach results in significant
redundancy, as static information is continuously reprocessed, leading to high computational
costs and energy consumption. These limitations make conventional deep learning models
unsuitable for real-time applications on resource-constrained devices (Liu and Delbruck,
2010).
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Traditional cameras and frame-based systems struggle with rapid movement, making them
less effective in fast-changing environments such as autonomous vehicles, robotics, and
surveillance (Gallego et al., 2020; Scaramuzza and Fraundorfer, 2011). Gallego et al. (2020)
demonstrated that real-time decision-making requires vision systems that can handle rapid
changes in the environment without being hindered by redundant information processing.
Event-based vision, which processes only the changes in a scene rather than static frames,
offers a potential solution but requires specialized neural architectures (Rebecq et al., 2018) for
effective feature extraction. The challenge, however, is that most event-driven vision models
require neuromorphic hardware, which is not widely available and can be expensive (Davies
et al., 2018; Schuman et al., 2017). Many of the existing solutions are hardware-dependent,
limiting their accessibility for researchers who do not have access to neuromorphic chips or
event-based cameras (Stromatias et al., 2017).

Spiking Neural Networks (SNNs) provide a promising alternative by leveraging event-driven
processing, reducing power consumption while maintaining high detection accuracy (Roy et
al., 2019; Pfeiffer and Pfeil, 2018). According to Roy et al. (2019), unlike traditional deep
learning models that process images using static frames, SNNs operate on event-driven data,
making them more efficient in real-time object recognition tasks. This approach is particularly
useful in scenarios that require low power consumption, high-speed processing, and
robustness to motion blur (Davies et al., 2018; Maass, 1997).

Recent advancements in Spiking Neural Networks (SNNs) have demonstrated their potential
for improving object detection and recognition. Fan et al. (2025) introduced SpikSSD, a novel
object detection model that improves feature extraction and fusion using spiking neurons,
leading to enhanced detection accuracy. Cordone et al. (2022) explored the application of
SNNs for object detection in automotive event-based vision, showing that event-driven data
processing can outperform conventional frame-based methods in dynamic environments.
Also, Paek and Kong (2025) proposed SpikingRTNH, a spiking neural network model
optimized for 4D radar object detection, highlighting the advantages of neuromorphic
computing in real-world sensor applications. This model demonstrated that SNNs could
process high-dimensional spatial and temporal data efficiently, reducing power consumption
while maintaining accuracy.

Shariff et al. (2025) investigated a hybrid SNN-ANN model for face detection, leveraging the
strengths of both spiking and artificial neural networks to process neuromorphic event
streams efficiently. This approach allowed for better adaptation to real-world conditions,
where illumination changes and occlusions often affect traditional face detection models.
Similarly, Hussaini et al. (2024) explored the use of SNNss for visual place recognition, a critical
component in navigation systems. Their research demonstrates that SNNs can effectively
encode and recall visual scenes, facilitating accurate localization in changing environments.
This study highlights the applicability of SNNs beyond object recognition, extending to spatial
awareness and memory tasks.

In addition, Xiang et al. (2022) introduced Spiking VGG7, a deep convolutional SNN model
that allows direct training for object recognition. This work demonstrated that SNNs could
achieve competitive accuracy compared to conventional deep learning methods while
significantly reducing power consumption. The ability to train deep SNN models directly
using specialized optimization techniques has opened new pathways for their practical
implementation in neuromorphic vision applications.
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The key advantage of neuromorphic vision and SNN-based object recognition is in its” event-
driven nature. Traditional computer vision techniques process static images, leading to
unnecessary computations and increased latency. In contrast, event-based vision sensors
capture only the changes in a scene, reducing redundant processing and enabling real-time,
low-power object detection. By mimicking the way biological neurons communicate through
spikes, SNNs enable real-time, energy-efficient, and robust object detection, making them an
attractive alternative to conventional machine learning models.

Despite these advances, several challenges remain, including the complexity of training
SNNss, the lack of efficient optimization methods, and the need for better hardware-software
integration. This study seeks to explore these challenges and investigate the feasibility of
implementing SNN-based object recognition using software frameworks, without requiring
specialized neuromorphic hardware.

Materials and Methods

The study employs a Spiking Neural Network (SNN)-based Neuromorphic Computing
approach for object recognition, adapting methodologies from established neuromorphic
vision research (Gallego et al., 2020; Pfeiffer and Pfeil, 2018). This methodology integrates
event-based vision processing, spike-based learning models, and real-time inference to
enhance object recognition efficiency.

The study follows a Hybrid Neuromorphic Vision Methodology, which consists of event-
based vision processing adapted from event camera simulation techniques (Rebecq et al.,
2018), Spiking Neural Network modeling using both direct training and ANN-to-SNN
conversion approaches (Rueckauer et al., 2017; Sengupta et al., 2019), and energy-efficient
computation methods informed by neuromorphic hardware implementations (Davies et al.,
2018). Performance Evaluation and Optimization, measuring accuracy, latency, and
computational efficiency using neuromorphic benchmarks (Neil et al., 2016)

This methodology ensures that object recognition is performed efficiently with low latency
and reduced power consumption, key advantages of neuromorphic computing.

Data Source
Several publicly available datasets were utilized to train and evaluate neuromorphic vision

models.

Table 2.1: Dataset Description

Dataset Source and Description

Contains event-based gestures recorded using a Dynamic Vision Sensor
DVS Gesture (DVS). Useful for training neuromorphic models on motion-based object
Dataset IBM Research recognition.

Neuromorphic version of Caltech101 with event-based data. Includes
N-Caltech101 Caltech 101 object categories captured using event-driven sensors.
Prophesee Real-world event-based dataset for autonomous driving applications,
Automotive Dataset |Prophesee including vehicle and pedestrian detection.

Contains event-based sequences recorded with the DAVIS sensor, used
DAVIS 240C Dataset|University of Zurich |[for evaluating motion tracking and object detection.

Data Processing

Data preprocessing ensures the DVS Gesture and N-Caltech101 datasets are suitable for SNN
training. The DVS Gesture dataset, contains. aedat files (AEDAT 3.1 format, 128x128
resolution) with events [timestamp, X, y, polarity] and .csv annotations [class, startTime_usec,
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endTime_usec] for 11 gestures. The N-Caltech101 dataset, includes .bin files (40-bit events,
304x240 resolution) across 101 categories, with annotation .bin files for bounding boxes. The
following preprocessing steps were applied (as shown in Figure 1):

i.  Noise Filtering: Temporal filtering removes events outside gesture windows (DVS
Gesture) or with invalid timestamps; spatial filtering discards events beyond sensor
resolution.

i.  Spike Encoding Normalization: Convert raw event streams into structured formats
suitable for SNN processing. Timestamps are scaled to [0, 1] to stabilize SNN training.

ii. Data Augmentation: Apply transformations like jittering, rotation, and contrast
adjustments to enhance model generalization.

iii. =~ Event-to-Frame Conversion: Convert asynchronous event streams into frame-based
representations for hybrid model compatibility. Events are aggregated into 10ms
frames for hybrid SNN-ANN models, producing tensors of shape (128, 128, 2) (DVS)
or (240, 304, 2) (Caltech).

The loris library resolved AEDAT 3.1 parsing issues for DVS Gesture, while struct parsed N-
Caltech101 .bin files. Preprocessed data was saved as npy files to optimize memory usage on
Colab’s T4 GPU.

Data Loading

.aedat |
Noise Filtering

A 4
> Normalization

.bin
Augmentastion
r v ~
Event-to-Frame 4,[ frames ]

sparse
tensors

Figure 1: Preprocessing Pipeline

Frontend Infrastructure Design
The frontend is designed to visualize real-time event-based object recognition outputs. The
key aspects include:
i.  Framework: The frontend is developed using React.js for an interactive and responsive
UL
ii.  Visualization Libraries: D3.js and Chartjs are used to display spike-based object
detection results.
iii. = Real-time Event Streaming: WebSockets enable real-time streaming of neuromorphic
vision sensor outputs.
iv.  Backend Integration: The UI connects to a Flask/Django-based API for model
inference and event processing.
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v.  User Interaction: The interface includes adjustable parameters for latency control,
object detection thresholds, and visualization modes.

System Analysis

In developing the new system, a detailed analysis of the existing system on neuromorphic
vision was carried out. The existing system by Fan et al. (2025), as described in SpikSDD,
consists of key components: i) Input layer (event-based Data Processing) uses neuromorphic
vision sensors, e.g., DVS, DAVIS; to capture real-time event streams and converts traditional
frame-based images into asynchronous event-based representations. ii) Spiking Feature
Extraction Module; utilizes spike-encoding techniques to transform raw event data into spike-
based feature maps. This layer also implements convolutional spiking neural networks
(SNNs) for feature extraction. iii) Fusion Mechanism for Object Detection employs a multi-
scale feature fusion approach to integrate spatial and temporal features. The layer also uses
temporal spike accumulation for improved recognition of dynamic objects. iv) Output Layer
(Object Detection and Classification), implements spike-based SSD (Single Shot MultiBox
Detector) for real-time object detection. It produces bounding boxes around detected objects
with classification confidence scores.

Despite advancements in neuromorphic vision and object recognition, the existing system has
several limitations: high computational cost; the SpikSSD requires significant computational
resources, making real-time implementation on edge devices challenging. Limited
Generalization; the system struggles with generalizing across diverse datasets due to the
dependency on pre-trained feature extraction models. Latency in Event Processing; although
neuromorphic processing is inherently low-latency, certain event accumulation techniques
introduce delays in real-time object recognition. Hardware Dependency: efficient deployment
of the system requires neuromorphic hardware, such as Loihi or TrueNorth, which are not
widely accessible. Limited Scalability: the architecture is optimized for specific datasets,
making it less adaptable to different environmental conditions (e.g., varying lighting, motion
blur).

To address the limitations of the existing system, the proposed system introduces an
optimized SNN-based object recognition framework with:

i) Hybrid Event-Based and Frame-Based Processing: which combines event-driven vision data
with frame-based learning, improving generalization across diverse datasets.

ii) Enhanced Spike Encoding and Learning Mechanism: Implements direct training of SNNs
(e.g., Spiking VGG, Spiking ResNet) instead of conversion-based models for better accuracy.

iii) Optimized Latency Reduction: Introduces low-latency spike processing techniques,
ensuring faster object recognition with minimal event accumulation delays.

iv) Hardware-Agnostic Deployment: The system is designed to run on both neuromorphic
and conventional hardware, reducing dependency on specialized chips.

v) Adaptive Feature Fusion: Uses multi-scale spiking feature extraction to improve
recognition in varying environmental conditions.

This approach enhances the accuracy, efficiency, and real-time performance of neuromorphic
vision for object recognition.

The System

The proposed system is a software-based neuromorphic vision framework for object
recognition using Spiking Neural Networks (SNNs). It integrates event-driven data
processing, directly trained SNN models, and a real-time visualization interface. Unlike
existing systems (e.g., SpikSSD), it combines event- and frame-based processing to improve
generalization, reduces latency through optimized spike encoding, and operates on standard

B. O. Ahubele, E. O. Onoyake, DUJOPAS 11 (4b): 83-96, 2025 87



Neuromorphic Vision Using Spikz Neural Network for Ob'lect Recognition

hardware, addressing hardware dependency and scalability issues. The architecture supports
the study’s objectives: designing an SNN, utilizing DVS Gesture and N-Caltech101 datasets,
comparing with CNNs, and overcoming software-based neuromorphic challenges.

Key Components:

1. Input Layer (Event-Based Data Processing): Loads and preprocesses event streams from
DVS Gesture and N-Caltech101; applies noise filtering, spike encoding normalization, data
augmentation (jittering, rotation), and event-to-frame conversion for hybrid models.

2. SNN Core: Implements a hybrid SNN (inspired by Spiking VGG7/ResNet) with Leaky
Integrate-and-Fire (LIF) neurons. Uses surrogate gradient descent for direct training,
enhancing accuracy and reducing latency. Includes convolutional layers for feature extraction
and multi-scale feature fusion.

3. Feature Fusion and Detection Module: Combines spatial and temporal features for robust
object detection; employs a spike-based Single Shot MultiBox Detector (SSD) for bounding
box generation and classification; optimizes for low-latency processing with minimal event
accumulation.

4. Evaluation Module: Benchmarks SNN performance against a lightweight CNN (e.g.,
ResNet) using mean Average Precision (mAP), inference time, and simulated energy
consumption; tests on N-Caltech101 (object diversity) and DVS Gesture (motion-based tasks).
5. Frontend and Visualization: Built with React.js for a responsive UI; uses D3.js for spike event
and bounding box visualization; integrates WebSockets for real-time event streaming and
Flask/Django for backend inference.
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Figure 2: The Proposed System Architecture
System Design

Specific Unified Modeling (UML) Diagrams were used for the design of the proposed
neuromorphic vision framework using Spiking Neural Networks (SNNs) for object
recognition. It includes use case, activity, sequence, and class diagrams to describe system
interactions, processes, data flow, and structure, supporting the study’s objectives of efficient,
hardware-agnostic object recognition using DVS Gesture and N-Caltech101 datasets.

Use Case Diagram

The use case diagram (Figure 3) illustrates interactions between actors (users, datasets,
external systems) and the system. Actors include:
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1. Researcher: Configures the SNN model, preprocesses datasets, and evaluates
performance.
2. System Admin: Manages backend API and frontend deployment.

3. Datasets: DVS Gesture and N-Caltech101 provide event-based input.
4. External Systems: SNN libraries (Norse, Brian2) and visualization tools (D3.js).
Use Cases
1. Load and preprocess event-based data (noise filtering, spike encoding).
2. Train and optimize SNN model for object recognition.
3. Perform real-time object detection and visualization.
4. Compare SNN performance with CNNs (accuracy, latency, energy).
5. Adjust visualization parameters (e.g., detection thresholds).
Load and preprocess Datasets
event-based data DVS Gesture
N-Caltech101
Train and optimize
SNN model
External Systems
Researcher SNN libraries
Perform real-time Visualization tools

object detection and
visualization

Adjust
Compare SNN visualization
performance with CNNs parameters

System Admin

Figure 3: Use Case Diagram

Sequence Diagram
The sequence diagram in Figure 4, depicts interactions over time among components.
1. Actors/Objects: Researcher, Frontend (React.js), Backend (Flask/Django), SNN Core
(Norse/Brian2), Datasets.
2. Process:
i.  Researcher requests data loading via Frontend.
ii.  Backend retrieves datasets (DVS Gesture, N-Caltech101).
iii. =~ Backend preprocesses data and sends to SNN Core.
iv.  SNN Core trains model and performs detection.
v.  Results are sent to Backend, streamed to Frontend via WebSockets.
vi.  Frontend visualizes outputs using D3 js.
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Figure 4: Sequence Diagram

Class Diagram
The class diagram (Figure 5) defines the system’s structure.
1. Classes:
i.  DatasetLoader: Attributes (file_path, format); Methods (load_events(),
preprocess()).

ii. ~SNNModel: Attributes (neuron_type: LIF, layers); Methods (train (), detect ()).
iii.  FeatureFusion: Attributes (scales, fusion_type); Methods (fuse_features()).
iv.  Detector: Attributes (bounding_boxes, confidence); Methods
(generate_boxes()).
v.  Visualizer: Attributes (ui_framework: React.js, viz_library: D3.js); Methods
(render_spikes(), stream_events()).
vi.  Evaluator: Attributes (metrics: mAP, latency); Methods (compare_CNN()).
vii.  Relationships: DatasetLoader feeds SNNModel, which interacts with
FeatureFusion and Detector. Visualizer connects to Backend via APIL.
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Figure 5: Class Diagram

RESULTS AND DISCUSSION

The SNN achieved promising results (Figures 6 and 7) that align with and extend current
neuromorphic computing literature. On the N-Caltech101 dataset, the model achieved a mAP
of 60% across 101 classes compared to MobileNetV2's 65%, demonstrating the characteristic
accuracy-efficiency trade-off well-documented in spiking neural network research. This 5%
performance gap is consistent with findings from Rueckauer et al. (2017), who reported that
converted SNNs typically maintain within 1-5% accuracy of their ANN counterparts on
neuromorphic datasets. The 50% lower latency (30ms vs. 60ms) and approximately 10x
reduction in simulated energy consumption through spike-based estimation corroborates
energy efficiency claims by Roy et al. (2019), who established that SNNs can achieve 20-100x
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energy reduction depending on sparsity levels, while our results reflect more conservative
software-based simulations. Recent work by Sengupta et al. (2019) reported similar N-
Caltech101 performance in the 58-62% range with spiking ResNet variants, positioning our
findings within expected parameters for contemporary SNN implementations.

In DVS Gesture recognition, the 85% accuracy on 11 classes compared to CNN's 90%
demonstrates competitive performance while maintaining neuromorphic advantages. This
aligns with Pfeiffer and Pfeil's (2018) observation that software-based SNN implementations
typically achieve 80-88% accuracy on dynamic vision sensor datasets. The ~20ms latency
achieves real-time performance requirements for gesture recognition applications,
approaching the sub-10ms benchmarks reported by Amir et al. (2017) on specialized
neuromorphic hardware but demonstrating significant improvement over conventional
frame-based systems. When compared to most recent works, our DVS Gesture results show
advancement over Kugele et al.'s (2020) 87% accuracy with direct training methods, while
slightly trailing Li et al.'s (2021) 94% achieved through hybrid CNN-SNN architectures that
sacrifice some energy efficiency for accuracy.

The energy efficiency findings, validated through PyTorch profiling, confirm the theoretical
advantages of sparse spike processing over dense matrix operations originally proposed by
Maass (1997). Our computational cost reduction through event-based processing
demonstrates practical realization of the sparse activation benefits that Davies et al. (2018)
measured at 1000% improvement on Loihi hardware, though our software-based
implementation shows more modest but still significant gains.

Results were visualized using ROC and precision-recall curves, highlighting trade-offs
between accuracy and efficiency (Figure 9) that Orchard et al. (2015) identified as crucial for
evaluating neuromorphic systems, demonstrating that while absolute accuracy may trail
state-of-the-art CNNs by 3-5%, the obtained efficiency gains of 50% latency reduction and
order-of-magnitude energy improvements still validate the practical viability of SNNs for
real-time, energy-constrained applications as anticipated in recent neuromorphic computing
literature.
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Figure 6: Performance Comparison
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Figure 8: Clean phase

The SNN system demonstrated competitive accuracy with superior latency and energy
efficiency, validating its suitability for real-time applications. The hardware-agnostic
approach, enabled by software-based tools, addressed accessibility barriers. However,
challenges included:
i.  Data Scarcity: Limited event-based datasets necessitated augmentation.
ii.  Training Complexity: Surrogate gradient descent required careful hyperparameter
tuning.
iii.  Frontend Scalability: Real-time visualization strained Colab’s resources for large event
streams.

The hybrid event- and frame-based processing improved generalization, outperforming
frame-only CNNs in dynamic scenarios (DVS Gesture). Future work includes integrating
emerging SNN frameworks, testing on neuromorphic hardware (e.g., Intel Loihi), and
enhancing frontend scalability for edge deployment.
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Figure 9: ROC Curves
CONCLUSION

Based on the thorough analysis of the results and how they compare to current literature, this
study shows that Spiking Neural Networks (SNNs) are a viable and promising alternative to
traditional deep learning methods for energy-efficient, real-time object recognition. The SNN
architecture achieved competitive results with a mAP of 60% on N-Caltech101 and 85%
accuracy on DVS Gesture, while providing significant efficiency improvements—50%
reduction in latency and roughly 10x better in energy consumption compared to
MobileNetV2. These results confirm the theoretical benefits of neuromorphic computing in
real-world applications, especially the effectiveness of sparse, event-driven processing in
cutting computational costs without major accuracy loss.

The modest accuracy trade-off of 3-5% observed across datasets is consistent with established
patterns in SNN research and represents a reasonable compromise given the significant
efficiency benefits. This trade-off aligns with findings from recent works by Sengupta et al.
(2019) and Rueckauer et al. (2017), confirming that SNNs can achieve near-equivalent accuracy
to ANNs while operating with substantially lower resource requirements. The demonstrated
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latency of 20-30ms meets real-time processing constraints for applications in autonomous
systems, robotics, and mobile devices where both timing and power efficiency are critical.

These results strongly support the practical deployment of SNNs in resource-constrained
environments where traditional deep learning models face limitations. The energy efficiency
achieved through spike-based processing, validated via PyTorch profiling, provides empirical
evidence for the scalability of neuromorphic approaches in edge computing scenarios. While
specialized neuromorphic hardware could further amplify these benefits, our software-based
implementation already demonstrates significant advantages that make SNNs suitable for
immediate application in latency-sensitive and power-aware systems.

Future work should focus on bridging the remaining accuracy gap through improved training
techniques and hybrid architectures while maintaining the efficiency advantages that make
SNNs uniquely positioned for the next generation of intelligent, autonomous systems. The
findings collectively affirm that neuromorphic computing has matured beyond theoretical
promise to deliver practical solutions for real-world computer vision challenges.
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