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Abstract 

We propose a system for human activity recognition using an event-based vision sensor (EVS) with echo state 

networks (ESNs). Conventional cameras are susceptible to motion blur and require computationally intensive methods, 

whereas EVS provides no motion blur and low latency. Our research aims to enable accurate recognition of human 

activities by using energy-efficient methods. Therefore, we adopt ESNs, which require low computational costs, for 

the classifier. Additionally, we use feature extraction algorithms such as optical flow and histogram of gradients to 

improve accuracy. We used an EVS activity recognition dataset created by us containing six human activities and 600 

videos. The results showed that our hybrid approach outperformed several techniques. We achieved 89% accuracy 

when trained with ridge regression. 
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1. Introduction 

Human activity recognition is a vital task in today’s 

modern world and is used in many industries. Primarily, 

traditional cameras serve to accomplish this task, yet they 

present numerous drawbacks such as motion blur, 

increased latency, and reduced dynamic ranges. 

Convolutional neural networks (CNNs) are widely used 

for this purpose, but they have drawbacks like high power 

consumption and difficulty in handling temporal data.  

  To solve these problems, we propose a human activity 

recognition system with an event-based vision sensors 

(EVS) [1] and reservoir computing (RC) models, which 

complement our motive by efficiently processing 

temporal data to improve accuracy. EVS enables high-

speed, low-power object recognition, transforming 

robotics and neuromorphic research. We used echo state 

networks (ESNs) as RC implementations along with two 

feature extraction methods namely optical flow [2] and 

histogram of oriented gradients (HOG) [3]. 

2. Related Works 

This section provides recent related works utilizing EVS 

and RC to overcome the problems related to high 

computational cost, power consumption, and limitations 

in real-time performance. We also discuss the differences 

between our proposed method and the works in this 

section. 

  The study "Human Activity Recognition with Event-

Based Dynamic Vision" [4], used an EVS for action 

recognition but relied primarily on recurrent neural 

networks, which can still be computationally intensive.  

  Another notable work, "Event-based timestamp image 

encoding network for human action recognition and 

anticipation" [5], proposed a multi-sensor fusion 

approach using RC to improve recognition accuracy. 
This approach displayed high computational cost because 

of heavy reliability on CNN and long short-term memory 

(LSTM). 

3. Proposed Method  

This study integrates ESNs with EVS for human action 

recognition. Figure 1 shows an example of videos 

recorded by EVS. The blue parts indicate negative 

events that are below the negative event threshold and 

the red parts are positive events above the positive 

threshold. The threshold and reference voltage are 

constant values. Before feeding the EVS videos to the 

ESNs, we applied two feature extraction methods to the 

videos: optical flow and (HOG). 
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Fig. 1. Running person recorded by EVS 

Optical Flow 

Optical flow is a computer vision technique that 

quantifies the motion of objects by tracking the 

displacement of pixels between consecutive frames. The 

brightness change equation is: 

                   𝐼𝑥𝑢 + 𝐼𝑦𝑣 + 𝐼𝑡 = 0                            (1) 

 

Here, 𝑰𝒙  and 𝑰𝒚  are spatial gradients, and 𝑰𝒕 is the 

temporal intensity change. u and v denote the horizontal 

and vertical flow components. 

Histogram of Oriented Gradients (HOG) 

The HOG computes gradient, which is the rate and 

direction of change in intensity for each pixel in an 

image, capturing texture and edge information. 

𝐺𝑥(𝑟, 𝑐) = 𝐼(𝑟, 𝑐 + 1) − 𝐼(𝑟, 𝑐 − 1)   (2) 
𝐺𝑦(𝑟, 𝑐) = 𝐼(𝑟 − 1, 𝑐) − 𝐼(𝑟 + 1, 𝑐)   (3) 

In Equations 2 and 3, 𝐺𝑥 and 𝐺𝑦 are the gradients in x and 

y (horizontal and vertical) directions, 𝑟 and 𝑐 refer to the 

rows and columns, and I signifies the pixel intensity. 

Echo State Networks (ESNs) 

Figure 2 shows the complete architecture of the model, 

and how the feature input array is given to an ESN. ESNs 

use a reservoir of recurrently connected neurons to 

nonlinearly convert inputs into temporal patterns in a 

high-dimensional space. Weights in the hidden layer are 

fixed and not trainable. The sparsely hidden layer usually 

has less than 10% connectivity to make various patterns 

in the reservoir. Only output layer weights are trained so 

that the network generates outputs by utilizing the 

patterns in the reservoir and therefore, its training cost is 

low compared to normal neural networks. The reservoir 

state x(t) evolves as: 

Here 𝑊𝑖𝑛 and 𝑊𝑟𝑒𝑠 are the weight matrices of the input 

to reservoir layers and in the reservoir layer, respectively. 
𝑢(𝑡) is input, and 𝑓 is a non-linear function that was 

tanh. 

   For the input to the network, we use either the optical 

flow feature or the HOG feature from an EVS video. For 

the readout of the network, we use either a linear model 

or the  

 

Fig. 2. Task flow for the ESN-based architecture 

random forest. Therefore, the proposed framework 

includes four variants in total. 

   For the variant with the linear model, the output of the 

network y(t) is computed as follows: 

𝑦(𝑡) = 𝑊𝑜𝑢𝑡𝑥(𝑡)  (4) 
 

where 𝑊𝑜𝑢𝑡  is the weight matrix between the reservoir 

and readout layers. The 𝑊𝑜𝑢𝑡 is optimized by the ridge 

regression [6]. 

   For the variant with random forest, the output of 

the network y can be expressed as: 

                 𝑦 = 𝑓𝑅𝐹(𝑓𝐸𝑆𝑁(𝑈, 𝜃𝐸𝑆𝑁), 𝜃𝑅𝐹)  (5) 
where 𝑓𝑅𝐹  is the random forest prediction, 𝑓𝐸𝑆𝑁  is the 

ESN transformation function, U is the input signal, 

𝜃𝐸𝑆𝑁 is {𝑛𝑟𝑒𝑎𝑑𝑜𝑢𝑡,𝑛𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠 , weight scaling} , 𝜃𝑅𝐹  is 

{𝑛𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑜𝑟𝑠 , max depth}. 𝑛𝑟𝑒𝑎𝑑𝑜𝑢𝑡 is the number of units 

in the readout layer of the ESN, 𝑛𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠  represents 

the number of internal units in the reservoir ESN, weight 

scaling is the adjustment of the strength of the 

connections between the input layer and the reservoir 

layer, 𝑛𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑜𝑟𝑠  represents the number of decision trees 

in the random forest, and max depth describes the 

maximum depth of each decision tree in the random 

forest. 

4. Results and Discussion 

We used a dataset consisting of 600 EVS videos (with 

80% allocated for training and 20% for testing) and 

labeled four action classes.  

Class 1: Represents the action of Walking. 

Class 2: Represents the action of Jogging. 

Class 3: Represents the action of Running. 

Class 4: Represents the action of Boxing.  

We used 500 nodes for the reservoir layer with 25% 

connectivity. The spectral radius of the reservoir weight 

connections was set as 0.59 to satisfy the echo state 

property, which is characteristic to ensure the 

reproducibility of the reservoir. We adopted a grid search 

to find the best parameters for the random forest. The 

maximum depth of the random forest (max depth) was 10 

and the maximum number of 𝑛𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑜𝑟𝑠   was 75. 

  Figure 3 shows the graph for training accuracy with 

respect to the number of training videos. It depicts the 

training comparison between all variants we used. Table 

1 

shows the comparison of performance between the 
techniques we used. 

 

 𝑥(𝑡) = 𝑓(𝑊𝑖𝑛 𝑢(𝑡) + 𝑊𝑟𝑒𝑠 𝑥(𝑡 − 1))  (3) 
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Fig. 3. Training Accuracy Graph  

Table 1. Comparison of performances among variants 

Feature Set Training Method Accuracy (%) 

Optical Flow Ridge Regression 89 

Optical Flow Random Forest 80 

HOG Ridge Regression 65 

HOG Random Forest 58 

 

5. Conclusion  

We proposed an EVS-ESN-based architecture with 
optical flow feature extraction demonstrating a promising 
accuracy of 89% with ridge regression and an 80% 
accuracy with random forest. This shows the potential of 
ESN for these use cases. For the future scope, to further 
improve this study, we could use more sophisticated 
model architectures like graph neural networks (GNNs) 
[7]. It could be because optical flow features represent 
motion and spatial dynamics by encoding them into a 
graph. GNNs could learn more spatial-temporal features 
than ESNs. Further, optical flow may not always align 
with Euclidean representation of data, which refers to a 
space or a data structure that does not follow the 
traditional Euclidean geometry. Non-Euclidean data has 
many features or dimensions, which cannot be 
represented in a traditional Euclidean space. GNNs excel 
in handling non-euclidean data. 
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