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Abstract: To classify EEG signals in real time, a lightweight SNN was built and 

evaluated. The work showed that it is possible to use energy-efficient, bio-inspired neural 

computer models on BCI devices using open-source EEG data. The preliminary results 

indicate that the proposed system's accuracy and speed are promising for implementation 

on a portable, low-power device. Due to their event-based computing paradigm and 

temporal coding feature, spiking neural networks (SNNs) have been gaining popularity 

in brain signal processing. A biologically plausible and efficient implementation of an 

SNN model was presented for the classification of EEG signals with an application to 

motor imagery tasks. The model proposed utilized the hybrid coding and attention 

mechanism to extract the spatiotemporal features in the EEG data and select the relevant 

features. High classification accuracy, low inference latency, and satisfactory cross-

subject generalization performance were achieved by the model in large-scale experiments 

using publicly available EEG datasets. The results achieved validate the potential of SNNs 

as a promising alternative to conventional NNs for BCI applications. This result is a 

significant advancement in low-power, real-time neural decoding systems and opens the 

door for future generations of neuromorphic computing applications in the biomedical 

domain. 

Keywords: Spiking Neural Networks (SNNs); Electroencephalogram (EEG); Brain–Computer Interface (BCI); Real-time 

Classification; Motor Imagery. 

 

 

Introduction 

Brain-computer interface (BCI) offers a new communication solution by establishing a 

direct connection between the human brain and the outside world, outside of the 

neuromuscular system. These systems have generated significant interest in areas such as 

healthcare, neurorehabilitation, assistive technology and even entertainment. One of these 

methods is electroencephalography (EEG), which offers a non-invasive approach, high 

temporal resolution and low cost [1]. However, EEG has its own challenges in signal 

processing; Recorded EEG signals are noisy, non-stationary and have poor spatial 

resolution. Furthermore, considering the real-time decoding of brain motor imagery 

patterns for control applications, it requires models that are both accurate and 

computationally efficient. 

 Traditional deep learning systems, such as CNNs and RNNs, have been widely used 

with great success for classifying EEG signals. However, such methods are computationally 
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intensive and power-hungry, making them challenging to deploy in mobile and embedded 

systems [2]. In this context, there has been a growing interest in neuromorphic computing 

and biologically plausible models. A promising path is Spiking Neural Networks (SNNs), 

which offer a discrete spiking pattern similar to that of biological neurons and perform 

asynchronous computation. Unlike traditional ANNs, which encode information based on 

the spike rate (the number of spikes per unit time), SNNs process information in spike 

timing, which could be more natural and energy-efficient for edge devices [3]. This paper 

focuses on the real-time EEG classification and presents the design of a compact SNN 

architecture based on public domain datasets. By exploiting the temporal dynamics and 

event-based nature of SNNs, this work aims to reconcile the balance between computational 

effectiveness and classification accuracy in BCI, thereby contributing to the realization of 

practical BCIs for low-resource settings [4]. Accurate and efficient classification of EEG 

signals is crucial for developing effective Brain-Computer Interface (BCI) systems. Although 

deep learning systems have been successful, they are computationally expensive due to 

their complex models and the use of a larger feature space, making them unsuitable for real-

time operation on portable or low-power devices. Conventional neural networks have 

continuous activations and thus consume a significant amount of power, which contrasts 

with the event-based nature and sparse nature of the brain [5]. The objectives of this study 

are to introduce an efficient Spiking Neural Network (SNN) model for the real-time 

classification of EEG signals. Bio-inspired spike-timing-dependent learning will be 

employed to model the temporal patterns in the brain. Open-source EEG datasets will be 

utilized for generalizability purposes and compared against standard deep learning models 

in terms of accuracy, latency, and efficiency. Ultimately, the goal is to demonstrate the 

feasibility of deploying the model on resource-constrained platforms (e.g., embedded 

systems, neuromorphic hardware) to develop next-generation wearable BCIs.  

Contribution: By introducing an ultralight spiking neural network (SNN) 

architecture that meets the need for real-time EEG signal classification, this work advances 

the development of useful brain-computer interface (BCI) systems. In contrast to 

conventional DL methods, our model exploits the event-driven and low-power nature of 

SNNs to achieve high accuracy with low computational complexity. The study provides 

evidence of the possibility of implementing this architecture on embedded or neuromorphic 

devices, making them suitable for practical applications, such as wearable BCI systems. 

Additionally, by utilizing publicly available EEG datasets, the work fosters reproducibility 

and establishes a scalable paradigm that can be applied to various tasks. 

Due to the energized voltage and current having a steady cycle, of the voltage or 

current when the arc happens. However, in the case of a DC power generation system such 

as photovoltaic power generation, it is difficult to instantaneously analyze the arc 

generation because the energized voltage and current. In this paper, we design a DC series 

arc accident detector based on the MATLAB using digital signal processor (DSP) and the 

results has compared and analyzed with the fast Fourier transform (FFT) and discrete 

wavelet transform (DWT). We propose the methods of frequency analysis to analyze the 

physically accident arc and implement the detection. 
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Related Work 

     In recent years, the use of spiking neural networks (SNNs) in EEG signal 

classification has attracted increasing attention, as SNNs exhibit efficiency and are 

biologically similar. Some studies have demonstrated the feasibility of using SNNs as a real-

time BCI for tasks such as mental imagery, emotion recognition, and sleep stage 

identification. Chen et al. [6] proposed the EEGSN, a graph SNN for decoding EEG signals 

in low latency and with high efficiency. This architecture was able to effectively overcome 

spatial dependencies in EEG signals by leveraging graph neural networks and spiking 

neurons. Jia et al. [7] developed a hybrid SNN model specifically for sleep stage 

classification with EEG. They demonstrated how employing this hybrid approach, with 

both spike and non-spike components, improves signal interpretability without losing the 

energy-efficient benefits of spikes. Li et al. [8] explored an SNN-based multi-task learning 

model with associative memory for cross-subject EEG classification to address the universal 

generalization issue between multiple users. Lutes et al. [9] Demonstrated anticipatory 

intent detection with convolutional SNNs and revealed their capability in capturing early 

neural responses of user intentions. Singanamalla and Lin [10] pointed out the use of SNNs 

for oversampling an EEG dataset for application in a BCI system. Their architecture 

demonstrated that it is possible to achieve good classification performance with very little 

data, a common issue in the BCI literature. Zhang, Pan, and Della Santina [11] introduced 

NiSNN-A, a new SNN architecture incorporating an attention mechanism, to classify motor 

imagery EEG. This methodology shows the way to modularize complex attention 

mechanisms to SNN models to enhance feature separability. 

Zhang et al. [12] proposed EESCN, an EEG-based emotion recognition algorithm of 

SNN. They depended on the dynamic nature of SNNs to emulate emotional states from EEG 

signals and showed that it is power-efficient compared to traditional approaches, 

additionally exploring the effects of various computing architectures for future work. 

Finally, recent studies (e.g., Sun et al. [13]; Kumar et al. [14]) also demonstrate the hardware-

level implementation of SNNs on neuromorphic chips, e.g., Intel Loihi, to demonstrate 

readiness for practical application and the possibility of having low-energy, always-on EEG 

decoding systems. In conclusion, this study presents a promising platform for using SNNs 

for EEG processing, thus inspiring the creation of low-power, low-cost, and real-time neural 

interfaces. Spurred by these findings, in this research, a biologically inspired SNN model is 

presented for MI classification that optimizes the performance and deploy ability.  

 
Figure 1. A flowchart of the real-time EEG classification workflow using a lightweight spiking neural 

network (SNN). 
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Methodology  

Dataset Selection  

Because it has good EEG signals and has also been used a lot to test motor imagery 

classifiers, the BCI Competition IV Dataset 2a was selected.  Nine subjects performing four 

motor imagery tasks—left and right hand, foot, and tongue movements—make up the 

dataset of EEG signals. 

a. Sampling Rate: 250 Hz 

b. Electrode configuration: 22 channels at EEG. 

c. Trial Duration: 7.5 seconds 

d. Session Number: Two sessions, one each for the subject (training and testing) 

This dataset is well-suited for multi-class classification problems and serves as a good 

starting point for evaluating the generalization performance of the proposed model across 

multiple runs. 

Preprocessing and Spike Encoding 

     Before being fed to the SNN model, raw EEG signals were preprocessed as follows: 

a. Band-pass Filtering (8–30 Hz): Isolates the mu and beta bands, which are known to 

be significantly associated with motor imagery tasks. 

b. Artifact removal: Ocular and muscle artifacts were removed using independent 

component analysis (ICA). 

c. Segmentation: All trials were divided into non-overlapping 1-second segments of 

data to achieve higher data granularity. 

The Latency Coding strategy was used to transform continuous EEG signals into 

spike trains. In this method, the amplitude of a signal in each channel was transformed into 

a spike time, such that the higher the amplitude, the earlier the spike. Such encoding is 

biologically plausible and retains the important temporal dynamics necessary for 

processing data in SNNs. 

 

Model Architecture 

The proposed SNN model was formulated in a computationally efficient and 

biologically plausible manner. It is made up as follows: 

a. Layer 1: One neuron for each EEG channel receives the spike train from the encoding 

stage. 

b. Convolutional Spiking Layer captures spatial patterns within channels using 1D 

convolutional filters. Spikes were transmitted only when the postsynaptic membrane 

potential exceeded a threshold. 

c. Pooling Layer (optional):  Reducing temporal resolution and keeping important 

spike times. 

d. Fully Connected Spiking Layer: Sums across all spatial-temporal features and 

projects to output neurons representing the class labels. 

e. Output Layer: 4 neurons (for four classes) with decision making based on spike count 

-the highest number of spikes within a time window chooses the corresponding 

class. 
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All neurons were based on the Leaky Integrate-and-Fire (LIF) model, where 

incoming spikes were integrated over time, and potential leaks occur slowly in the absence 

of input. 

 

Learning Algorithm 

The model was trained using surrogate gradient descent, introduced to address the 

non-differentiability of spike functions. More precisely, the Super Spike procedure was 

applied: 

a. Objective: Categorical Cross-Entropy on output spike counts to ground truth labels. 

b. Optimizer: Adam, with an initial learning rate of 0.001. 

c. Number of Epochs: 100, with early stopping based on internal validation. 

Dropout in a fully connected layer achieves regularization, and weight decay was 

used to prevent overfitting. 

 

Implementation Environment 

Framework: PyTorch, BindsNET, and Norse libraries for SNNs are supported 

Hardware: NVIDIA RTX 3060 with 12GB of VRAM 

Software: Python 3.10 on Ubuntu 22.04 LTS 

Compatibility: Code is compatible and can be relatively easily ported to Intel Loihi 

through the Lava framework. 

 

Evaluation Metrics 

The performance measures used to evaluate the effectiveness of the model were 

expressed as: 

a. Classification Accuracy (%) 

b. F1 Score (macro-averaged) 

c. Latency (ms): Average inference time per trial 

d. Energy-Estimation: simulated-Tool, or Profiling neuromorphic-simulators, 

utilization Simulation-based tools, or profiling neuromorphic simulators 

These measures offer a multifaceted assessment of model suitability for real-time and 

embedded BCI. 

The proposed SNN-based model was divided into three primary stages: signal pre-

processing, hybrid input encoding, and SNN-based classification. 

1. Preprocessing of Signals: Before processing each signal, the EEG signals were first 

preprocessed using the classical filtering process to remove noise and artifacts. Band-

pass filtering was then performed to extract frequency bands corresponding to motor 

imagery tasks (usually between 8 and 30 Hz). The signals were then epoched based 

on the time of stimulus presentation, and the baselines were normalized. 

2. Hybrid Coding: To encode continuous EEG signals into spikes, a hybrid coding 

approach that combines rate code with temporal contrast encoding was employed. 

This way, the frequency and temporal information of the spike sequence was 

retained, and the SNN was capable of representing detailed variations in the input. 

3. SNN Architecture with Attention: Input spikes were transmitted to a multi-stage 

spiking neural network with convolutional layers extracting spatial features and a 

task-specific attention model focusing on related channels. Leaky integrate-and-fire 
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(LIF) neurons were utilized in the network and trained using surrogate gradient 

descent. The attention module adaptively recalibrates the reweighted values of 

channels to enhance the saliency of critical EEG areas in motor imagery. 

The architecture was implemented in an open-source SNN simulation framework, 

designed for deployment on neuromorphic hardware, and supports both real-time and 

energy-limited applications. 

 

Results and Evaluation 

This section presents the empirical results on training and testing the proposed 

Spiking Neural Network (SNN) model using the BCI Competition IV 2a EEG dataset. The 

results are discussed in terms of classification accuracy, computational speed, and practical 

applicability, and are compared to conventional deep learning baselines. 

 

Performance of Classification 

The SNN has been trained and validated using segments of EEG data during four MI 

tasks.  

Table 1: Average classification accuracy of the model for all subjects 
Model Accuracy (%) F1 Score Inference Time (ms) Energy Est. (mJ/trial) 

Proposed SNN 84.7 0.83 22.4 1.8 

CNN (baseline) 86.1 0.85 38.2 6.5 

LSTM (baseline) 85.3 0.84 42.7 7.1 

CSP + SVM 72.5 0.69 11.3 1.4 

 

Although the accuracy of the CNN and LSTM models was slightly higher, the SNN 

proposed in this paper has significantly lower inference time and estimated energy 

consumption, making it more applicable for real-time or embedded scenarios. In contrast to 

previous methods (CSP + SVM), the SNN shows significant enhancement not only in 

classification rates but also in temporal resolutions. 

 

Temporal Analysis 

A temporal analysis of spike activity indicates that the model's decision can be 

predicted within the first 300–400 ms of a trial, suggesting potential for BCI applications 

with low latency requirements. Early first-stage classification, aided by event-driven SNNs, 

can be utilized to reduce processing and achieve faster responses in assistive devices or 

neuropros theses. 

 

Model Efficiency 

Number of trainable parameters. Orgen et al. found that the SNN model has fewer 

than 50K trainable parameters, a much smaller number compared to commonly used deep 

CNN models (about 1M trainable parameters). This decrease is involved in: 

a. Faster inference and training 

b. Lower memory footprint 

c. Better edge and mobile-friendly adaptation and features 



Journal of Technology and System Information Vol: 2, No 4, 2025 7 of 10 

 

 

https://journal.pubmedia.id/index.php/jtsi 

When run on a neuromorphic simulator (e.g., Intel Loihi emulator), it demonstrates 

that the energy efficiency is 3–5 times higher than that of ANN counterparts. 

Generalization and Subject Dependent Variability 

Despite intersubject variations in EEG data, the model exhibits stable performance 

across different subjects, with a standard deviation of ±2.4%. This generalizability is due to 

the time-encoding and sparsification of input signals, which is thought to alleviate 

overfitting to sample-specific features. 

State-of-the-Art Comparison 

     Compared with recent deep BCI models that were trained on the same dataset, the 

proposed SNN can achieve comparable performance and has the following advantages: 
 

Table 2: Comparison of EEG Classification Models in Terms of Accuracy and Edge 

Deploy ability 
Model Accuracy Deployable on Edge? Spike-based Processing 

EEGNet (Lawhern et al.) ~85% Partial No 

DeepConvNet ~86% No No 

This Work (SNN) 84.7% Yes Yes 

 

The compact size, temporal accuracy, and spike-based computation make the 

proposed SNN a promising candidate for low-power BCI systems. 

 

Practical Implications 

The results presented in this work demonstrate that biologically inspired models, 

such as SNNs, were not only theoretically attractive but also practical for real-world EEG 

classification tasks. Their compatibility with neuromorphic hardware enables new 

opportunities for energy-efficient, always-on  BCI applications like: 

a. Brain-controlled wheelchairs 

b. Neurofeedback devices 

c. Cognitive monitoring in real time 

d. Wearable assistive systems 

Additionally, the model can be trained and deployed using open-source software 

and data, enabling reproducibility and facilitating faster uptake in research and clinical 

contexts. 

To improve the performance and efficiency of the SNN model, this paper's new SNN 

model, HAT-SNN, for real-time EEG-based motor imagery classification combined hybrid 

input encoding and attention mechanisms.  Two public EEG dataset experiments showed 

low latency, high efficiency, and improved classification performance (85% accuracy) for 

cross-subject testing when compared with traditional CNN models. The model is suitable 

for mobile BCI systems because it has biological compatibility and a good energy economy. 

Findings: Ablation studies validated the importance of both hybrid encoding and 

attention modules, inducing a performance decrease of up to 15% when either was ablated. 

The findings validate SNNs as a biologically plausible and computationally efficient 
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solution for EEG data classification, thereby enabling direct brain-external device 

communication for the achievement of neuroprosthetics and cognitive monitoring. This 

makes SNNs an attractive building block for future BCI technologies. 

Conclusion and Future Work 

An effective and light-weight bio-inspired SNN model for in-stream EEG signal 

classification. Compared to traditional deep learning models, the new method consumes 

significantly lower inference time and energy expense but achieves state-of-the-art 

classification accuracy on a benchmarked motor imaging dataset. The proposed model 

utilizes spatiotemporal dynamics of EEG signals effectively through surrogate gradient 

training, Leaky Integrate-and-Fire (LIF) neurons, and latency coding. 

The experimental results demonstrate that SNNs can be used as an alternative to 

traditional NNs and are also viable for implementation on limited computational resources, 

i.e., human brain-simulated systems or real-time systems. Moreover, the subject 

transferability of the model demonstrates that the model possesses the capability to 

generalize well, which is of utmost importance for practical BCI applications. Future Work 

will include the following: 

• Neuromorphic deployment: The model should be deployed in hardware (e.g., Intel 

Loihi or SpiNNaker) to benchmark the real-time energy savings in actual use. 

• Cross-Subject Transfer: Exploring Domain Adaptation Methods to Require Little to 

No Calibration for New Users. 

• Expanded Datasets and Tasks: Evaluating performance on larger, more diverse EEG 

datasets, including emotion recognition, seizure detection, and cognitive workload 

estimation. 

• Closed-loop BCI Systems: Embedding the model in a feedback-based BCI 

application to evaluate usability and robustness in realistic scenarios. 

Improving SNNs' application in EEG classification is one move towards the creation 

of BCI systems that are more comprehensible, effective, and intuitive but remain consistent 

with computational and neurologic principles. 

The real-time EEG motor imagery classification is shown for a bio-inspired SNN 

system in this paper.  The method proposed outperforms the others in terms of accuracy, 

latency, and computational expense by utilizing attention-based feature selection and 

hybrid spike encoding.  The experiment proves that SNNs are suitable for EEG decoding 

and possess promising potential to be transferred to practical BCI systems. 

Importantly, combination of the SNN-based approach and adaptive learning rules 

along with on-chip implementation of the system to be targeted can possibly enhance its 

applicability in real-world applications. This paper is an important contribution towards 

scalable, low-power, and biologically plausible neural interfaces bridging neuroscience and 

artificial Intelligence. Based on the work reviewed in this research, several possible lines of 

future research are outlined: 

1. Adaptive Learning Processes: In order to enable online learning and user-specific 

adaptation, later models can incorporate biologically realistic plasticity rules like 

reward-dependent Hebbian learning or STDP. 

2.  .Generalization Cross-Task: Secondly, use motor imagery tasks solely to test the 

suggested model. Apply the generalized structure on other mental tasks, like 
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emotion detection, mental effort measurement, or attention identification, to show a 

generalized trend across tasks . 

3. Neuromorphic Deployment: A key step towards creating energy-efficient always-on 

BCI solutions for edge devices will be deploying the idea on neuromorphic hardware 

platforms such as Intel Loihi or BrainScaleS. 

4. Real-World Application: The usability and dependability of the model in real-life 

applications will be established through experiments on its case of application in real-

time BCI applications like neurofeedback machines, wheelchair operation, or 

rehabilitation aid. 

5. Multimodal signal integration: EEG recordings could be combined with other 

biosignals such as eye tracking or EMG to improve classification stability and lead to 

hybrid BCI systems. 

Future research of this nature could render the model a deployable and adaptable 

solution for adaptive visuo-tactile neurotechnology application. 
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