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Abstract 

This paper presents a human action classification system using a spiking neural network (SNN) and an event-based 

vision sensor (EVS).  The EVS captures asynchronous data with high temporal resolution, wide dynamic range, and 

motion blur resistance. SNNs, inspired by biological neurons, process this data event-driven, ensuring energy 

efficiency, low latency, and scalability. Using a custom EVS dataset of 600 videos across four action types and the 

optical flow for feature extraction, the system achieved 93% accuracy, offering an efficient solution for action 

recognition. 
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1. Introduction 

Human action classification involves automatically 

identifying actions like running, walking, or gesturing 

from visual input, with applications in surveillance, 

healthcare, and human-computer interaction. Traditional 

methods often face challenges like motion blur, limited 

dynamic range, and high computational demands, 

especially in dynamic or low-light environments. Event-

based vision sensors (EVS) provide solution by capturing 

asynchronous data triggered by scene changes, offering 

high temporal resolution, a wide dynamic range, and 

resistance to motion blur. These features make EVS ideal 

for human action classification [1]. In this paper, we 

propose integrating an EVS with a spiking neural 

network (SNN), a biologically inspired method that 

processes sparse, event-driven data, reducing 

computational complexity and energy consumption [2]. 

Recent studies have explored integrating EVS with 

SNNs for tasks like object and action recognition. One 

approach uses a hierarchical SNN architecture for action 

recognition, showing effectiveness on the dynamic vision 

sensor dataset. The SLAYER (spike layer error 

reassignment) training mechanism has achieved high 

gesture recognition accuracy, while another study 

introduces a spiking convolutional recurrent neural 

network to capture spatial and temporal correlations in 

event-based data [3], [4]. Our work uses the EVS with a 

feature extraction by the optical flow for efficient human 

action classification.  

2. Methodology 

2.1. Data collection using event-based vision sensor 

We collected the dataset for human action classification 

using the EVS, capturing asynchronous event data from 

dynamic scenes. It comprises four actions: running, 

jogging, walking, and boxing, recorded under varied 

lighting and motion conditions to replicate real-world 

environments. To ensure diverse perspectives for each 

action, we positioned the sensor at specific angles. The 

blue parts indicate negative events that fall below the 

negative event threshold, while the red parts represent 

positive events exceeding the positive threshold, as 

shown in Fig. 1. 

2.2. Feature Extraction and Preprocessing 

We used the optical flow to extract motion-related 

features from the asynchronous event data. The optical 

flow measures the motion of objects between consecutive 

events by analyzing changes in pixel intensity over time. 
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The equation for estimating optical flow between two 

consecutive event frames is given as follows, 

 
Fig. 1. Boxing action recorded by EVS. 

 

𝐼𝑡 + 𝐼𝑥𝑢 + 𝐼𝑦𝑣 = 0 (1) 

where the temporal derivative of image intensity is 

denoted as 𝐼𝑡. 𝐼𝑥 and 𝐼𝑦  are the spatial derivatives, and 𝑢 

and 𝑣 represent the velocity components in the 𝑥 and 𝑦  

directions, respectively.  

2.3. SNN for Event-Driven Classification 

We used an SNN to process the event-driven data. In 

SNNs, neurons accumulate input over time and fire when 

the membrane potential exceeds a threshold. The 

membrane potential of the 𝑖 -th neuron at time 𝑡  is 

updated as:  

𝑉𝑖(𝑡) = 𝑉𝑖(𝑡 − 1) +∑𝑊𝑖𝑗

𝐽

𝑆𝑗(𝑡) (2) 

where 𝑉𝑖(𝑡) is the membrane potential of the 𝑖-th neuron 

at 𝑡. 𝑊𝑖𝑗 represent the synaptic weight from the 𝑗-th to 𝑖-

th neuron. 𝑆𝑗(𝑡)  represents the spike train of the 𝑗 -th 

neuron at time 𝑡, indicating whether the neuron spikes (1) 

or not (0). 

 
Fig. 2. Proposed system that processes EVS data 

using the optical flow for feature extraction and 

performs classification using an SNN. 

 

As shown in Fig. 2, our proposed system processes EVS 

data by first extracting features through optical flow and 

then passing the data into the SNN for classification. The 

architecture is specifically tailored for event-based data. 

The SNN model processes event-driven data, with key 

parameters such as the membrane time constant and a 

spike threshold optimized for performance. The model 

incorporates decay and reset factors to regulate 

membrane potential dynamics, ensuring stability and 

effective signal processing. The learning mechanism 

involves mapping the preprocessed features to 

corresponding action labels, with synaptic weight scaling, 

firing thresholds, and membrane potential decay rates 

further tuned for optimal results. This integration of 

optical flow and the SNN ensures robust classification 

performance for various action recognition tasks. The 

model architecture consists of an input layer with 1024 

neurons, four hidden layers with 512, 256, 128, and 64 

neurons, respectively, and an output layer with 4 neurons 

(one per class). 

3. Results and Discussion 

We conducted an experiment using a dataset of 600 

EVS videos. To ensure robust evaluation, we used 80% 

of the videos for training and 20% for testing. During 

training, the network mapped the preprocessed optical 

flow features to corresponding action labels, with a 

learning rate of 1 × 10−3 and 10 epochs. 

Table 1.  Classification table for different type of action. 

Action Precision Recall Accuracy 

Boxing 1.00 1.00 1.00 

Jogging 0.83 0.83 0.83 

Running 1.00 0.80 0.90 

Walking 0.90 1.00 0.95 

Total 0.93 0.90 0.93 

The training process, as shown in Fig. 3 demonstrates a 

steady decline in loss from 1.3 to 0.6 over 10 epochs, 

indicating that the model is effectively learning and 

converging towards an optimal solution. The proposed 

system achieved 93% classification accuracy on the 

testing set, demonstrating its capability to recognize 

human action. 

 
Fig. 3. Training loss over epoch. 
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As summarized in Table 1, the system has achieved 

high precision and recall, with boxing and walking 

performing exceptionally well (1.00 recall for both). 

While jogging and running exhibit slightly lower recall, 

their precision remains strong. This combination of 

efficient training, high accuracy, and strong precision and 

recall highlights the model's effectiveness for real-time 

human action recognition. 

4. Conclusion 

This paper presents an EVS and SNN integrated system 

for human action classification. By utilizing the event-

driven nature of EVS, which only responds to changes in 

the scene, and the spike-based communication of SNN, 

we achieved 93% accuracy in classifying human actions. 

The membrane potential dynamics and spike-based 

communication between neurons further contributed to 

the model's effectiveness. For future work, expanding the 

dataset to include more diverse actions and exploring 

more advanced SNN architectures, such as hierarchical 

or recurrent networks, could improve robustness and 

scalability. 
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