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Abstract. Spiking Neuron Networks (SNNs), also known as the third
generation of neural networks, are inspired from natural computing in
the brain and recent advances in neuroscience. SNNs can overcome the
computational power of neural networks made of threshold or sigmoidal
units. Recent advances on event-based devices along with their great
power, considering the time factor, make SNNs a cutting-edge priority
research objective. SNNs have been used mainly for classification prob-
lems, but their application to regression tasks remains challenging due
to the complexity of training with continuous output data. In the litera-
ture we can find some first approximations in regression, specifically, for
problems of a single variable of continuous values. This work deals with
the analysis of the behavior of SNNs as predictors of multivariable con-
tinuous values. For this, a data set based on events has been generated
from a bouncing ball and an event-based camera. The goal is to predict
the next position of the ball over time.
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1 Introduction

Wolfgang Maass [1] classified past and current Artificial Neural Networks ANNs
research into three generations. First generation of ANNs is characterised by a
single layer of units using a binary activation function and Hebb learning rule,
allowing networks to simulate any Boolean function [2]. Second generation is
organised in multilayer architectures, using non-linear activation functions, that
make them representationally meaningful to stack more than one layer, and the
existence of their derivatives makes it possible to use gradient-based optimization
methods for training [3]. Second generation networks with one hidden layer, are
universal approximators, that is, they can approximate any continuous, analog
function arbitrarily well [4]. With recent advances in availability of large labelled
data sets, computing power in the form of general purpose GPU computing, and
advanced regularisation methods, Deep Learning (DL) [5] have emerged in the
last decade. Although they have allowed us to make breakthrough progress in
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many fields, they are biologically inaccurate and do not actually mimic the actual
mechanisms of our brain’s neurons.

In the third generation, SNNs include the concept of time into their operating
model, the idea is that neurons in the SNN do not fire at each propagation cycle
(as it happens with traditional neural networks), but rather they fire only when
a membrane potential reaches a certain threshold. This temporal dependence
makes the dynamics of this model closely resemble that observed in primate
brain activity [6].

Besides the biologically motivated definition of SNNs, there is a more prag-
matic application-oriented view coming from the field of neuromorphic engi-
neering, where SNNs are often called event-based instead of spiking [7]. Event
cameras produce asynchronous events for each pixel instead of intensity images.
These events are generated by changes in brightness, obtaining a high time res-
olution of the order of microseconds, low power consumption and reduced band-
width, by emitting only independent events instead of complete images. The
resulting spatiotemporal event patterns can then be processed through networks
of spiking neurons [8].

This processing exhibits interesting properties that make it particularly suit-
able for applications that require fast and efficient computation and where the
timing information of the input/output signals is crucial to make predictions
correctly[9]. In general, most of the works addressed so far with SNN and event
cameras have focused mainly on multiclass classification problems, and only a
few have addressed regression tasks. In [10], authors propose the use of the
membrane potential as the estimated output instead of spikes when using SNN.
However, there is currently no unanimity within the scientific community as to
whether these values of electric potential could be good estimators of continuous
values.

In this paper we follow, and extend, the mentioned approach based on the
membrane potential and a single output regression task, to apply SNN for a
regression task of two continuous output variables, the prediction of the position
of a bouncing ball. We have selected two specific SNN models in order to assess
their behaviour when membrane potential is taken into account in the learning
process.

To address this task, different considerations must be taken into account
about the spikes treatment both at the input of the SNNs as well as about the
specific SNN models.

The remainder of this paper is organized as follows: Section 2 reviews re-
cent literature surrounding SNN applications, spike coding and regression tasks.
Section 3 describes the methodology we follow to generate the dataset, perfor-
mance metrics adopted, the neuron models and the specific architectures based
on these models. Section 4 details the results obtained through the experiments
and finally we present in section 5 some concluding remarks and future research.
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2 Related work

Although SNNs still lag behind DL networks in terms of their performance,
the gap is vanishing on some tasks, while SNNs typically require much lower
energy for the operation. SNNs have largely been applied to image classifica-
tion on large datasets such as ImageNet[11][12], other works have been focused
on object detection tasks [13], [14], pose estimation, action identification, etc.
[15], [16], [17], [18], [19]. When computational resources or temporal information
are crucial, SNNs could be the desired alternative. However most applications
of SNNs are still limited to less complex datasets such as MNIST, N-MNIST,
and N-Caltech101 [20], due to the complex dynamics of neurons and the non-
differentiable nature of spike operations [21].

In regression tasks just a few research can be found based on event data or
SNNs as learning models. In [22] they predicted a car steering angle using a
Deep Learning approach specifically designed to work with the output of event
sensors. The first, significant work, that considered SNNs as part of the learning
architecture, was in [23], where authors dealt with the prediction of angular ve-
locities of a rotating event camera in continuous time, they used a convolutional
spiking neural network architecture with three, non-spiking, output neurons.
More recently, [10] presented an interesting framework for nonlinear regression
using SNNs. As they pointed out the use of SNN in regression it is determined
by the treatment of events, not only at the input layers but the transformation
into real numbers or continuous values of the output spikes.

At the input layers event data representations encode the event information
related to a time-interval or temporal-window extracted from an event-stream.

In some works, events have been transformed into image-like representations
compatible with natural images. The simplest way to use event data for super-
vised learning is to accumulate events pixel-wise over a period of time, either by
counting them or by accumulating their polarities[22]. Other approaches include:
2D time surfaces or maps of most recent timestamps [24] or interpolated voxel
grid [25]. This representation better preserves temporal information but requires
more memory and more computations.

At the output layer, different spikes decoding strategies exist, based on rate
decoding or latency decoding [26], however we follow the proposal of [10] where
they designed a network topology based on different SNN layers and the out-
put of the last spiking layer were transformed into a decoding layer taking the
membrane potential of every time step as input and providing real numbers as
output.

3 Methodology

3.1 Event-based Dataset

Events produced by a bouncing ball were recorded using a DVXplorer event
camera [27], which provides a high dynamic range, high temporal resolution,



4 E. Guerrero et al.

low latency, and low power consumption. This sensor is able to capture pixel-
level brightness changes instead of standard intensity frames, consisting of a
continuous flow of pixel events which represent the moving objects in the scene.
At each pixel position ui = (xi, yi), the event-based camera produces events
ei = (ui, ti, pi) with polarity pi = (−1, 1) when the intensity changes above a
threshold value at timestamp ti [26].

Once the events have been recorded, we need to apply a representation
method that converts asynchronous streams of events from event-based cam-
eras to a sequence of sparse and expressive event frames [28]. Inspired by [22]
the events recorded were binned over a time interval T (T=1000 microseconds) in
a pixel-wise manner, obtaining 2D histograms of events. We used Tonic package
[29] to transform events. The resolution of the camera were resized to 176×144
and time steps fixed to 100 miliseconds, providing a total of 166 x 100 frames.

Fig. 1. Integrated events into 1000 microseconds bins, these events were captured by
an event-based camera, the sensor were resized to 176x144 pixels. Each pixel (x,y)
reports when it detects a relative change in the illumination intensity that is above
or below a defined percentage of the previous intensity. In a) A 2D event frame (of
size 176×144) accumulated over 100 time steps, red cross indicates the interpolated
centers of the ball b) A 2D event frame (size 176x144) of a single time step and the
interpolated center for this event set.

To obtain a labelled dataset, events must be associated with the exact po-
sition of the ball, so we applied the E2VID software [30] to generate a series of
intensity frames from the event flow, in which the centers of the ball are cal-
culated applying computer vision techniques. Once the position in each frame
is obtained, a cubic interpolation is performed to calculate the position in each
desired instant of time. Due to the nature of the data, they are asynchronous
events with a temporal resolution of 1ms, so we obtained the position of the ob-
ject at that resolution and averaged over the fixed time step. Fig. 1a) shows 100
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accumulated frames and the interpolated centers of the ball. Fig. 1b) shows a
single frame from the previous series of 100 binned frames and the corresponding
center of the ball.

For learning purposes this dataset was split into two groups, the training set
(70%) and the test set (30%).

3.2 Performance Metrics

To evaluate the performance of our network we used the root-mean-square error
(RMSE), that measures the average difference between values predicted by a
model and the actual values. It provides an estimation of how well the model is
able to predict the target value (accuracy).

As a variance, RMSE can be interpreted as the standard deviation of the
unexplained variance, and it has the useful property of being in the same units
as the response variable. The lower the value of the Root Mean Squared Error,
the better the model is.

The RMSE is particularly useful for comparing the generalization capacity
of different regression models.

RMSE =

√
ΣN

i=1(targeti − predictedi)2

N
(1)

3.3 Neuron Model

In this work we used the Leaky Integrated-and-Fire (LIF) model given its com-
putational efficiency and capability of capturing the essential features of infor-
mation processing in the nervous system [31].

The LIF model is represented by a RC circuit with a certain threshold. The
state of a neuron is described in terms of its membrane potential, which is
determined by the synaptic inputs and the injected current that the neuron
receives. When the membrane potential reaches the fixed threshold, an action
potential (spike) is generated and the voltage is reset[32][33] (see Fig. 2 ).

This neuron is modelled by the following equation:

τm
du

dt
= −(U − Ur) +RIin(t) (2)

We refer to U as the membrane potential and to τm as the membrane time
constant of the neuron, Iin is the input current and R the membrane resistance.

The standard LIF is a feed-forward neuron, then in order to take into account
the changes in the recurrent connections and the dynamic strength of neuron
connections over time, we also considered in our experiments the Recurrent LIF
(RLIF) network.

RLIF assumes feedback connections where all spikes from a given layer are
first weighted by a feedback layer before being passed to the input of all neu-
rons[10]. This enables the network to use relationships along several time steps
for the prediction of the current time step [33][26].
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Fig. 2. The LIF model performs spatial and temporal integration of synaptic inputs,has
a leaky membrane, generates a spike when the voltage reaches a certain threshold and
goes refractory during the action potential

3.4 Neural Architecture

When using event-based data the key question in regression is how to inter-
pret the binary spike information in the output layer to obtain real numbers.
In[10] authors proposed training membrane potential to regress a single out-
put variable, following this work we trained the membrane potential of LIF and
RLIF-based SNNs consisting of two output units of continous values, in order
to be able to predict the 2D position of a bouncing ball over time.

To this end, a three-layer SNN architecture was adopted and tested on the
event-based dataset using LIF and RLIF principles. In every case the architecture
consisted of 3 fully connected layers, the input layer of 176x144 units, two hidden
layers of H and H/2 units and 2-units output layer. Figure 3 illustrates the
general topoloy used in this work.

The inputs of the first, second and third layer are passed through the fully
connected activation function before entering the LIF/RLIF neurons. Therefore,
information flows in the form of accumulated event frames into the input layer,
then is transformed into binary spikes in the spiking layers and taking back as
real numbers in the output layer.

The SNNs tested in this paper was developed in snnTorch[34], a Python
package for performing gradient-based learning with spiking neural networks,
extending the capabilities of PyTorch[35].

Networks were trained using the fast sigmoid as surrogate gradient function.
The loss function was the mean-squared error (MSE) between the output and the
target and the optimization method was ADAM with a learning rate of 0.001.
Exponential decay rates for the first and second moment estimates was 0.95.

We assessed the performance of SNN to investigate the following questions:

a) Are LIF and RLIF models capable of predicting continuous event-based
values with a sufficient accuracy?

b) How can the number of hidden units influence the accuracy of the results?
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Fig. 3. LIF network scheme to illustrate the topology used in this work: a three-layer
LIF network with H and H/2 hidden units at first and second hidden layers and 2
output units to predict the XY coordinates of the center position of the bouncing ball.

First, in order to check the predicting capability of LIF and RLIF models, we
trained both, LIF and RLIF SNNs during 40 epochs and using 50 hidden units,
we considered the continuous values obtained from the membrane potential of
the SNN output units as final response of the network. The purpose was to
study if membrane potential values could be good estimates of the multivariate
continuous target values instead of using some kind of codification of the output
spikes.

Once this issue was checked, we designed a more complete battery of experi-
ments in order to assess the generalization capability of the different models and
architectures and the influence of the number of hidden units.

We compared results between LIF and RLIF SNNs with three different num-
ber of hidden units H, namely, H=50, H=200 and H=500 for every first hidden
layer, as well as the number of hidden units in the second layer was always
assigned to half the number of neurons of the previous layer (H/2).

4 Results and Discussion

Every experiment was repeated 500 times and average values were calculated.
We use box plots in order to visually show the distribution of numerical aver-
aged RMSE and skewness by displaying the data quartiles (or percentiles) and
averages.

For LIF based architectures of 50, 200 and 500 hidden units, figure 4 shows
the RMSE error obtained after training and testing. From these results, it is
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straightforward to observe that the more hidden units, the more accurate re-
sults. As the training progresses along the epochs all the networks are capable
of improving the results. But always 500 hidden units provide a better accu-
racy, maybe if less complex networks were trained during more epochs we could
get acceptable results with all the networks, but at the cost of increasing the
computation time.

Fig. 4. Boxplot of RMSE test measurements for three different LIF SNNs.

For RLIF models the results show a different behaviour concerning the num-
ber of hidden units. In this case, the three architectures presented more similar
averaged RMSE values as we can observed from the boxplots of figure 5.

We also show in figure 6 the line plots of the three averaged test RMSE
measurements calculated over 100 epochs. On one hand, RMSE values for 50 and
500 hidden units are very similar during the first 20 epochs and then there exists
a slight difference in favor of the 500 hidden units, since the RMSE measurement
goes down during some more epochs to rise again from 27 epochs keeping variable
during the following epochs.

The difference between 50 and 500 hidden units is not significant enough to
opt for the most complex network. Thus, by analyzing the number of hidden
units of the RLIF SNNs, although 50 hidden units could require more epochs
to train the model, its simplicity against the 500 hidden units compensated the
generalization capability, and did not suppose a significant increase in compu-
tation time. In general, it can be observed that 500 units did not improve the
accuracy of the SNNs.

Table 1 reports the accuracy of each architecture in the form of the RMSE
measurement, that allows us to quantitatively identify the models and the ar-
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Fig. 5. Boxplot of RMSE test measurements for three different RLIF SNNs.

Fig. 6. Line plots of RMSE test measurements for three different RLIF SNNs.
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chitectures that better fit the data. Last column indicates the number of epochs
that each network reached the minimum test RMSE.

In all the cases we can observe that LIF models outperformed RLIF coun-
terparts, which tell us that they could obtain a better generalization capability
than RLIF based networks. Recurrent LIF networks enable the network to use
relationships along several time steps for the prediction of the current time step,
so it could be expected that these networks performed better than simple feed-
forward LIF models, but with this specific task, better results were obtained
with non-recurrent models. Thus, in this regression task, a feedforward spiking
neural network based on LIF model can predict relatively well the position of
the ball, and the more complex network the more accurate results. However
it is important to bear in mind that training neuromorphic data is expensive
as it requires sequentially iterating through many time steps, and this cost is
incremented as the complexity of the network.

Table 1. Generalization Error

Model Hidden Units RMSE Epochs

LIF 50 0.0815 99
LIF 200 0.0518 98
LIF 500 0.0392 99
RLIF 50 0.2521 18
RLIF 200 0.3460 27
RLIF 500 0.2340 18

5 Conclusions and Future Work

The goal of this work has been to predict the position (XY coordinates) of a
bouncing ball from 2D frames of events and using Spiking Neural Networks as
predictors of these continuous values, using the membrane potential of LIF and
Recursive LIF SNN models as the estimated outputs instead of the correspond-
ing spikes. Results show how membrane potential on the output of SNNs models
can be used as estimators of these continuous values with sufficient accuracy
and encourage the research towards the comparison with other SNNs models
and architectures. In addition we consider, as future work, the inclusion of con-
volutional layers to extract important features from the 2D event frames as well
as we will investigate more complex datasets with different architectures of Deep
SNNs for regression tasks, which will allow its application in robotic systems to
object tracking.
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