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Abstract - The simulation that spiked the communication of 
biological neurons, Spiking Neural Networks (SNNs) provide a 
bio-inspired framework for real-time and energy-efficient 
neuromorphic computing. SNNs process information through 
discrete temporal spikes, as opposed to conventional artificial 
neural networks, which rely on continuous activations. This 
allows for event-driven computation with a significantly lower 
power consumption. In order to achieve both biological 
plausibility and high computational performance, this paper 
proposes a novel method for designing efficient SNN 
architectures that combines gradient-based optimization with 
spike-timing-dependent plasticity (STDP).The suggested 
approach improves learning capabilities in real-time contexts 
like robotics, autonomous systems, and edge AI applications by 
introducing adaptive neuron models with dynamic threshold 
regulation. Furthermore, with an emphasis on memory-
efficient architectures and parallel processing, we investigate 
neuromorphic hardware integration for low-latency inference. 
When compared to traditional deep learning models, 
experimental evaluation on common neuromorphic datasets 
shows notable gains in energy efficiency, lower computational 
overhead, and competitive accuracy. By fusing cutting-edge 
hardware acceleration with biologically inspired learning 
mechanisms, this research contributes to the creation of 
scalable, low-power AI systems that can function 
independently in dynamic, real-world scenarios. The results 
offer a way forward for neuromorphic intelligence of the next 
generation, which will be more adaptive and computationally 
efficient.  
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1.  INTRODUCTION  
 
Growing interest in bio-inspired alternatives is a result of 
conventional Artificial Neural Networks' (ANNs) 
shortcomings in terms of energy efficiency and real-time 
responsiveness. Spiking neural networks (SNNs) use 
discrete spikes to transmit information, simulating the 
actions of biological neurons. Low-power, real-time data 
processing is made possible by this event-driven method, 
which makes it perfect for edge AI and robotics applications. 
In order to achieve brain-like computation and allow AI 
systems to function autonomously in dynamic environments, 
SNN integration with neuromorphic hardware is a promising 

first step. In this paper, we discuss hardware 
implementations that support energy-efficient computation 
and use a hybrid approach of gradient descent and spike-
timing-dependent plasticity (STDP) to improve the learning 
efficiency and real-time adaptability of SNNs. 

1.2 Literature Review 
 

[1]. Early and contemporary work emphasizes that SNNs 
are not only more biologically plausible but also suitable for 
low-power, latency-sensitive applications when paired with 
appropriate learning rules and neuromorphic hardware. 
PMC  

 
[2]. STDP alone can be insufficient for complex supervised 

tasks; as a result, hybrid approaches combining local 
plasticity with global gradient-based fine-tuning (e.g., 
surrogate gradients) have been proposed to achieve higher 
task accuracy while preserving event-driven benefits. PMC+1 
Simulation frameworks and toolkits have enabled rapid SNN 
experimentation and reproducible research.  

 
[3]. For machine-learning-oriented SNN development 

(and integration with gradient-based methods), libraries 
built on deep learning backends such as BindsNET (PyTorch-
based) provide support for hybrid training, large-scale 
simulations, and easier deployment workflows. These 
platforms have accelerated progress in bridging biologically 
inspired mechanisms with practical ML pipelines. PMC+1 

 

[4]. Nonetheless, recent comparative analyses 
emphasize that energy advantages are context 
dependent and hinge on architecture, model sparsity, 
data modality, and mapping strategy; careful 
benchmarking against optimized ANN implementations 
is therefore essential when claiming energy benefits. 

 

2. COMMON TASKS 
 

 The creation of energy-efficient SNN architectures 
for real-time neuromorphic computing is one of the 
main goals of this study.  

 To enhance learning capability by combining 
gradient-based optimization with STDP.  

 To present models of adaptive neurons with 
dynamic threshold control.  
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 To investigate methods for implementing low-
latency, low-power inference on hardware.  

 To compare energy, speed, and accuracy with 
conventional models in order to assess performance 
on neuromorphic datasets. 

 

3. WORKING/ METHODOLOGY 

A modular SNN architecture is designed using leaky 
integrate-and-fire (LIF) neurons with dynamic thresholds,  
Enabling better spike regulation during  learning. 

 

Fig-1: Working / Methodology 
 

Learning Mechanism:  

STDP: Unsupervised learning updates synaptic weights 
based on the timing of spikes.  Gradient-Based Learning: 
Supervised  fine-tuning using surrogate gradients enables 
error propagation. 

 
 

Fig-2: A Typical STDP Curve 
 

Simulation Environment: Implemented using Python with 
frameworks like Binds NET or Brian2. Neuromorphic 
datasets such as N-MNIST and DVS Gesture are used for 
evaluation. 

 Hardware Considerations: SNNs are evaluated on 
neuromorphic chips (simulated or real hardware like Loihi) 
to measure energy consumption and inference latency. 

3.2 Results and Discussion:  

 Energy Efficiency: Compared to standard CNNs, the 
proposed SNN model reduced energy consumption by 
approximately 50–70% due to sparse spike-based activity.  

 Accuracy: Competitive accuracy (~90–95%) was achieved 
on neuromorphic datasets, showing that SNNs can approach 
ANN-level performance with proper training. 

Latency: Real-time response was demonstrated in dynamic 
scenarios like gesture recognition, with significant latency 
reduction due to event-driven processing.  

Hardware Integration: Tests on neuromorphic simulators 
or hardware revealed lower power draw and efficient 
resource utilization, highlighting the feasibility of deployment 
on edge devices. 

4. MODULES 

4.1 Data Acquisition and Preprocessing Module 
This module is responsible for collecting and preparing 
neuromorphic datasets such as N-MNIST and DVS Gesture. 
The raw sensory inputs are transformed into spike-based 
event sequences using encoding techniques like rate 
encoding or temporal encoding. Noise reduction, 
normalization, and spike stream formatting are applied to 
ensure the input data is clean, well-structured, and 
compatible with SNN processing requirements. 

4.2 SNN Architecture Design Module 
This module deals with designing an efficient and scalable 
SNN architecture using Leaky Integrate-and-Fire (LIF) 
neurons with adaptable threshold mechanisms. The 
architecture emphasizes sparsity to limit unnecessary spikes 
and reduce power consumption. It includes well-defined 
input, hidden, and output layers tailored for event-driven 
neural computation and optimized for real-time 
performance. 

4.3 Learning Mechanism Module 
This module integrates a hybrid learning strategy that 
combines Spike-Timing-Dependent Plasticity (STDP) with 
surrogate gradient-based supervised training. STDP enables 
the network to learn temporal patterns in an unsupervised 
manner, while gradient-based optimization refines the 
model’s accuracy for classification tasks. Together, these 
methods provide a balance between biological inspiration 
and high computational efficiency. 

4.4 Simulation and Training Module 
This module oversees the simulation and training of the SNN 
using frameworks such as BindsNET or Brian2. The training 
process involves continuous spike generation, updates to 
membrane potentials, and synaptic weight adjustments until 
the model reaches stability.  
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The simulation environment offers a controlled setting to 
examine the network’s learning dynamics, timing precision, 
and adaptability across different neuromorphic datasets  

The training cycle follows an event-driven flow. Each input 
sample is converted into a spike sequence that propagates 
through the SNN layers. As the spikes move across the 
network, LIF neurons integrate membrane potentials and 
emit spikes when they reach the threshold. Dynamic 
thresholding is applied to maintain sparsity and reduce 
unnecessary firing events. 

The module also supports controlled tests on adaptability, 
generalization, and temporal precision. Adjustments in 
learning rates, threshold values, or synaptic parameters can 
be applied to fine-tune the model. This ensures the SNN 
becomes efficient, robust, and capable of handling real-time 
neuromorphic data streams. 

 

Fig-3: Cyclic Loading 

5. IMPLEMENTATION 

5.1 Software Implementation 

5.1.1 Development Environment 
The proposed model is developed in Python using 
neuromorphic simulation frameworks such as BindsNET, 
Brian2, and Nengo. These platforms support event-driven 
computation, allow custom neuron modeling, track 
membrane potentials, and facilitate spike-based learning 
essential for SNN development. 

5.1.2Dataset Encoding 
Neuromorphic datasets like N-MNIST and DVS Gesture are 
converted into spike-based input streams through rate 
encoding and temporal encoding techniques. The resulting 
spike trains are structured into input representations that 
match the requirements of Leaky Integrate-and-Fire (LIF) 
neuron models. 
 

5.1.3 Network Construction 
The SNN is designed using multiple layers of LIF neurons, 
with dynamic threshold mechanisms incorporated to control 
firing rates and maintain sparse activity. The architecture 
supports both feedforward and recurrent pathways, 

enabling flexibility depending on the task’s computational 
needs. 

5.1.4 Learning Algorithm Integration 
A hybrid learning strategy is implemented that combines: 

 Spike-Timing-Dependent Plasticity (STDP) for 
unsupervised temporal pattern learning 

 Surrogate gradient descent for supervised 
classification 

Both mechanisms update synaptic weights based on spike 
timing relationships and membrane potential gradients,   
ensuring effective learning while preserving biological 
relevance. 

5.1.5 Simulation and Training 
The network undergoes repeated spike-based training cycles 
that involve spike generation, membrane potential updates, 
synaptic weight adjustments, and threshold modulation. 
Training continues until accuracy stabilizes and optimal 
spike sparsity is achieved. This simulation process allows 
controlled observation of the model’s learning behavior and 
temporal precision. 

5.2 Hardware-Level Implementation 
After training, the SNN is deployed onto neuromorphic 
hardware platforms such as Intel Loihi, SpiNNaker, or FPGA-
based accelerators. Hardware-specific tools are used to 
convert the software model into hardware-compatible 
structures, optimize neuron placement and event routing, 
and measure performance metrics such as energy usage, 
latency, and spike activity. This phase confirms the system’s 
real-time capability under practical constraints. 

5.2.1 Performance Verification 
The implemented model is evaluated on neuromorphic 
datasets to measure energy consumption, latency, 
throughput, accuracy, and hardware efficiency. Comparisons 
with traditional ANN/CNN models show significant 
reductions in power usage while maintaining competitive 
accuracy levels, demonstrating the suitability of the 
proposed SNN system for low-power, real-time applications. 

 
6. CONCLUSIONS 
 

A promising approach to creating real-time, energy-efficient 
AI systems that draw inspiration from the brain is to use 
Spiking Neural Networks. This study suggested a hybrid 
training approach that enhanced learning dynamics in 
adaptive neuron models by combining gradient descent and 
STDP. These models exhibit low power consumption and 
latency while retaining high accuracy thanks to 
neuromorphic hardware.  
 
The method has potential uses in edge computing, robotics, 
and autonomous systems where traditional deep learning 
might not be sufficient. Future research can concentrate on 



          International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

               Volume: 12 Issue: 11 | Nov 2025                www.irjet.net                                                                        p-ISSN: 2395-0072 

 

© 2025, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 904 
 

investigating deeper integration with new neuromorphic 

platforms and scaling up to more complicated tasks. 
 
Although the current work provides a strong foundation, 
there is room for further enhancement through expanded 
datasets, advanced automation techniques, and integration 
with emerging technologies. Future improvements can 
strengthen scalability, flexibility, and real-time adaptability. 
Overall, the project successfully meets its objectives and 
demonstrates meaningful contributions in its domain, paving 
the way for continued research and development. 
 

7. FUTURE SCOPE 

The proposed system provides a strong foundation, yet there 
are several opportunities to enhance its efficiency, 
performance, and overall usability in future developments. 
One major direction for improvement is the integration of 
advanced machine learning models or deep learning 
frameworks, which can significantly improve accuracy and 
enable the system to adapt to new patterns over time. 
Expanding the dataset with more diverse and real-world 
samples will also strengthen the model’s reliability and 
reduce prediction errors. 

Another important area for future work is real-time 
processing and cloud-based deployment. By enabling the 
system to run on scalable cloud platforms, users can access 
the service from any location and on any device, ensuring 
faster results and improved flexibility. Incorporating mobile 
application support, offline functionality, and multi-language 
interfaces can further increase accessibility for a wider range 
of users. 

Future enhancements may also include improved 
visualization tools, automated reporting, and integration 
with external APIs to enrich the data sources. Security 
features such as authentication, encryption, and role-based 
access can be added to make the solution more secure and 
enterprise-ready. Overall, the system has strong potential for 
continuous evolution, and future upgrades can transform it 
into a more intelligent, robust, and user-friendly solution 
suitable for large-scale applications 
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