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Abstract. Most of widely used datasets are not suitable for Spiking
Neural Networks (SNNs) due to the need to encode the static data into
spike trains and then put them into the network. In addition, the ma-
jority of these datasets have been generated to classify objects and can
not be used to solve object tracking problems. Therefore, we propose
a new neuromorphic dataset, SpikeBALL, for object tracking that con-
tributes to improve the development of the SNN algorithm for these type
of problems.
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1 Introduction

During the last years, deep learning has reached a level of human-like perfor-
mance in many areas [1, 2] owing to the combination of large scale datasets and
increased computing power. Nevertheless, for gradient-based algorithms and the
floating-point-based computation, artificial neural networks (ANNs) lack biolog-
ical features and interpretability [3]. The current deep learning technology can be
improved by blending computational neuroscience related knowledge and com-
puter technology. The so-called third generation of artificial neural networks [4],
Spiking Neural Networks (SNNs), simulate the human brain in terms of calcu-
lations and their representations, which shows strong biological interpretability.
Neuromorphic engineering is an emerging paradigm in which elements of a com-
puter are modeled after the human brain and nervous system. Mathematical
models and their implementation in physical circuits are required for that pur-
pose. Neuromorphic architectures are most often modelled from neurons and
synapses. Neurons use electronic and chemical impulses to send information be-
tween different regions of the brain and the rest of the nervous system. Neurons
use synapses to connect to one another and both are far more flexible, adaptable
and energy-saving information processors than traditional computer systems.

Due to the natural characteristics of SNNs, their hardware implementation (ana-
log or digital) generate advantages like real time processing and low consumption
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[5]. SNNs operate using spikes, which are discrete events that take place at points
in time, rather than continuous values. The occurrence of a spike is determined
by differential equations that represent various biological processes, the most
important of which is the membrane potential of the neuron. Essentially, once a
neuron reaches a certain potential, it spikes, and the potential of that neuron is
reset.

In this work, we propose a new neuromorphic dataset, SpikeBALL, for object
tracking that contributes to improve the development of the SNN algorithm for
this type of problem in which, given the initialization of a specific objective
(position of the object (z,y)), the trajectory of the objective will be followed
in the recording set obtained by the event camera. The dataset is formed by
trajectories of a ball generated by the players of a table football and belong
to a single ball The dataset is made up of trajectories of a ball generated by
the players of a table football and belong to a single ball hit by the players,
following the rules of this game. These trajectories have been obtained by the
event camera and their objective is to train a SNN to follow the ball and predict
its trajectory.

For that purpose, the background of this problem is presented in Section 2.
The methodology that has been followed to generate the dataset is presented in
Section 3. Then, we describe the dataset in Section 4. Finally, the conclusions
and future works are shown in Section 5.

2 Background

In recent years, many researchers have shown much interest in object tracking
in video sequences [6]. In the field of image processing and computer vision,
detecting the objects in the video and tracking its motion to identify its charac-
teristics has been emerging as a demanding research area. Object tracking have
been developed very fast in the past few years, most of these works have been
developed using Convolutional Neural Networks (CNN) and Recurrent Neural
Networks (RNN), however, few of them have used SNN to solve this type of
problem [17]. Object tracking is a nontrivial problem in computer vision, and
is widely used in sports events broadcasting, robotic, security monitoring and
other fields. The use of Siamese networks [7] and Transformers have achieved
to become very mature the object tracking with traditional cameras. However,
when the objects are moving under extreme conditions of high speed and high
dynamic range, traditional cameras have difficulty capturing their movements.
Recent developments in neuromorphic computing systems have focused on
the creation of new hardware based on biological characteristics. An example of
such hardware are event cameras, such as the Dynamic Vision Sensor (DVS), in
which pixels of the DVS work independently (i.e., asynchronously). Each pixel
announces when it discloses a relative change in the illumination intensity that
is above or below a defined intensity threshold. A further advantage of this asyn-
chronous approach is its enhanced dynamic range, since the pixel sensitivity does
not have to be set globally in the event camera. In such a way, the unnecessary
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static information, such as background landscapes, is not recorded, only the
dynamic information is registered. Consequently, event cameras are robust and
accurate motion detectors and automatically filter out any temporarily redun-
dant information [8]. This makes them extremely useful for scenes with motion
like high-speed counting, or driving safety systems.

The currently widely used datasets, such as ImageNet[9] and COCO[10],
have contributed significantly to the success of deep learning. Nevertheless, these
type of datasets are not suitable for SNNs due to the need to encode the static
data into spike trains and then put them into the network [11]. SNNs need
datasets generated by neuromorphic camera DVS avoiding the missing informa-
tion and can be fair to compare with the artificial neural networks. Researchers
have proposed many neuromorphic datasets using DVS such as N-MNIST[12] or
DVS-CIFARI10[13] which are traditional classification datasets that follow pre-
determined or random trajectories of motion. On the other hand, other datasets
has been obtained recording activities in natural environments using neuromor-
phic cameras, such as DVS-Gesture[14] and N-Cars[15]. However, the majority
of these datasets have been generated to classify object and can not be used to
solve object tracking problems. For this reason, with the creation of this dataset,
we intend to contribute to the development of neuromorphic databases in which
regression problems can be solved.

3 Methodology

In this work, a methodology have been developed to keep track of a ball inside a
table football. The procedure that has been followed begins with the automated
capture data. For that purpose, we use the DVS acquisition platform to shoot
videos that are played on a monitor, and use the DV software[16] to collect the
data automatically. The second stage consists of post-processing data in which
the noisy data are removed. Finally, the data is labeled. Fig. 1 shows the entire
construction process of the dataset.

3.1 Automated capture data

The acquisition device used for generating the dataset have been DVXplorer
camera of Innovation Company[16] which allows videos with a 640x480 reso-
lution. DVS camera prevents external light changes from interfering with the
experimental data collection. To display the trajectory of the ball, it has been
necessary to design a bracket to hang the camera from the ceiling, this bracket
has been created on a 3D printer. Fig. 2 shows the equipped laboratory with the
football table and the position of the event camera, hanging from the ceiling in
the vertical line, perpendicular to the table, in order to capture the trajectories
of the ball.

In the experiment, the DV software is used to process the captured event
data. When a player kicks the ball, the automatic capture process described in
figure 1A is activated. A video is obtained for each hitting the ball. This process
is finished when no player kicks the ball.
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Fig. 1. Complete process of data generation. Phase A is the capture stage, including
the building of the equipment environment, and the recording with the DV software.
Phase B is the data acquisition as event data format. Phase C' performs post-processing
removing noisy data. And Phase D carry out the data labeling.

Fig. 2. The equipped laboratory to capture the trajectories of the ball with the event
camera hanging from the ceiling.
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3.2 Post-processing of data

The obtained videos contain information about the track of the ball, but also
about the rods which have figures attached. For this reason, an algorithm has
been developed in order to remove data that do not take in part of track of the
ball. This algorithm has been designed exclusively for these dataset in order to
obtain the cleanest tracks possible. It is shown, broad terms, in Algorithm 1 and
it consists of determining a region which allowing computation of points that
are part of the track.

Algorithm 1 Remove noisy data

1: Determine a optimal size region

2: for Every point i in trajectory do

3 Calculate the region for ¢

4: Save the points inside the region

5 Add these points to the set of points belonging to the trajectory of the ball
6: end for

3.3 Data labeling

Data labeling is carried out from the cleaned data. The track of the ball is divided
into time frames of 10ms. The centre (cx,cy) of all the points that belong to a
time frame ¢ is calculated and (cz, cy) is the label for all points of the time frame
t. This process is repeated for each time frame that have been divided the track
of the ball. It is shown in Algorithm 2.

Algorithm 2 Data labeling

1: Divide the track in time frames of 10ms

2: for Every time frame ¢ do

3 Select the points that belong to ¢

4: Calculate the centre (cz, cy) of these points
5 Tag the points with the centre (cz, cy)

6: end for

4 Data base description

In order to store the dataset, we save the event data with the form of (z,y,t,p),
where the first two items z,y are the pixel coordinates of the event, the third
item ¢ is the timestamp of the event, and the fourth item p is the polarity with
value 1 and 0 indicating the increase or decrease of brightness separately. The two
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polarities are represented by two channels, and the pixels without events are filled
with 0. In addition, the labels corresponding to the centers (cz, cy), generated as
mentioned in section 3.3 of this work, are stored. For each trajectory a .csv file
is saved with the events write in previous format. The dataset is comprised of
10 different trajectories with between 80,000 and 100,000 events each one. One
trajectory is shown in Fig. 3, in blue dots events positions (x,y) and green stars
represent the target of these events.
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Fig. 3. One of the ten trajectories that are part of dataset. It comprises 83,580 events
that are plotted in (x,y) format, where z,y are the pixel coordinates of the event in
blue dots. Green stars are the targets of these events.

5 Preliminary results

5.1 Neural Arquitecture

With the intention of testing this dataset, Spike BALL, a network has been used
that avail of both the benefits of CNN and SNN.

On one hand, CNNs offer several distinct advantages that make them highly
effective for computer vision tasks.These advantages include:



SpikeBALL: Neuromorphic dataset for object tracking 7

1. Local Connectivity and Shared Weights: CNNs leverage the concept of local
connectivity, where neurons are connected to a small receptive field, resem-
bling the receptive fields of neurons in the visual cortex. This local con-
nectivity allows CNNs to capture local patterns and spatial dependencies
efficiently. Additionally, CNNs employ weight sharing, where the same set
of weights is shared across different spatial locations, enhancing parameter
efficiency and generalization capability [18].

2. Translation Invariance: CNNs exhibit translation invariance, meaning they
can detect and recognize patterns regardless of their location within an input
image. This property is achieved through the combination of shared weights
and convolutional operations, enabling CNNs to learn spatial hierarchies of
features that are robust to translation [18].

3. Hierarchical Feature Extraction: CNNs automatically learn hierarchical rep-
resentations of features from raw input data. Multiple convolutional layers
allow CNNs to learn low-level features (e.g., edges, textures) in early lay-
ers and progressively extract higher-level features (e.g., shapes, objects) in
deeper layers. This hierarchical feature extraction enables CNNs to capture
complex patterns and learn rich representations [18].

4. Parameter Sharing and Model Size: CNNs significantly reduce the number
of parameters compared to fully connected networks through weight sharing.
By reusing the same set of weights across different spatial locations, CNNs
achieve parameter efficiency, making them easier to train and less prone to
overfitting, particularly with limited training data[18].

5. Spatial Invariance and Robustness: CNNs exhibit spatial invariance, enabling
them to recognize patterns even with slight transformations, such as rota-
tions or scale changes. This spatial invariance and robustness make CNNs
well-suited for tasks where precise spatial location or scale is not critical,
such as object recognition and image classification [18].

These advantages have contributed to the remarkable success of CNNs in
various computer vision tasks, including image classification, object detection,
semantic segmentation, and image generation.

On the other hand, SNNs offer several advantages over traditional neu-
ral networks. Firstly, SNNs capture the temporal dynamics of neural infor-
mation processing by encoding information in the timing and order of spikes
[4]. This temporal coding enables SNNs to represent time-dependent patterns
and process dynamic inputs. Secondly, SNNs exhibit high energy efficiency due
to their sparse and event-driven computations [23]. By generating spikes only
when necessary, SNNs reduce overall power consumption and are well-suited
for resource-constrained environments or low-power devices. Furthermore, SNNs
have enhanced biological plausibility as they incorporate concepts such as refrac-
tory periods, spike timing, and synaptic plasticity mechanisms like Spike-Time-
Dependent Plasticity (STDP) [4]. This biological fidelity makes SNNs valuable
for studying and understanding neural information processing in biological sys-
tems. SNNs also demonstrate robustness to noise through their ability to filter
out noisy input and focus on relevant spike timings [24]. This feature enables
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SNNs to perform well in noisy or uncertain environments, enhancing their re-
liability in practical applications. In addition, SNNs operate in an event-driven
manner, generating spikes only when significant changes occur in the input .
This event-driven processing leads to efficient and real-time computations, as
computational resources are allocated only when required.
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Fig. 4. Network architecture used that includes a CNN and an SNN.The SSN is im-
plemented using a Leaky Integrate-and-Fire (LIF) model.

Fig. 4 shows the architecture of the network used to validate the set of data
proposed in this work. The SSN is implemented using a Leaky Integrate-and-
Fire (LIF) model. LIF model is a commonly used neuron model in computational
neuroscience and neural network simulations. It provides a simplified represen-
tation of the behavior of biological neurons, capturing essential dynamics while
maintaining computational efficiency [25]. In the LIF model, the membrane po-
tential of the neuron is modeled as an electrical potential that evolves over time.
It integrates incoming synaptic inputs and generates output spikes based on a
threshold mechanism. Notably, the LIF model incorporates a leak term, which
accounts for the gradual decay of the membrane potential over time. The LIF
model is computationally efficient and allows for analytical analysis, making it a
valuable tool for investigating neural dynamics and simulating SNN. Although
the LIF model simplifies the intricate dynamics of biological neurons, it serves
as a foundational framework for understanding basic principles of neural infor-
mation processing.

5.2 Performance Metrics

We propose root-mean-square error (RMSE) for evaluating the accuracy of the
predictive model. It measures the average magnitude of the differences between
the predicted values and the actual values. The RMSE metric provides a single
value that represents the typical error or deviation of the predicted values from
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the actual values. It is especially useful in regression tasks, where the goal is to
estimate a continuous target variable.

A lower RMSE indicates that the predicted values are closer to the actual
values, implying higher accuracy and better model performance. On the other
hand, a higher RMSE suggests larger errors between the predicted and actual
values, indicating lower accuracy and poorer model performance.

N — icted: )2
RMSE — \/Z‘Z:l(actuallN predicted;) O

5.3 Results and discussion

The process has been repeated 300 times and each time 60 epochs have been
performed. Fig. 5 shows the RMSE calculated for each epoch. It can be seen
that after 20 epochs the error stabilizes at around 1%.
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Fig. 5. RMSE depending on the epochs. After 20 epochs the error stabilizes at around
1%

To qualitatively measure how good the prediction is, Figure 6 shows one of
the ten trajectories in which the positions of the events appear with blue dots, the
centers calculated with the previously explained methodology with green stars,
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and the network prediction with red stars. It can be seen that the prediction
generates values very close to the calculated centers, which corroborates the
RMSE values obtained.
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Fig. 6. One of the ten trajectories in which the positions of the events appear with
blue dots, the centers calculated with the previously explained methodology with green
stars, and the network prediction with red stars.

6 Conclusions and future works

In this work, we propose a new neuromorphic dataset, Spike BALL, for object
tracking that contributes to improve the development of the SNN algorithm for
these type of problems. In this way, a methodology has been developed in order
to obtain a huge dataset to determine the trajectory of the ball in a table football.
The procedure that has been followed begins with the automated capture data,
post-processing data and, finally, the data labeling. Following this methodology,
a dataset, comprised of 10 different trajectories with between 80,000 and 100,000
events each one, has been generated. Thanks to developed methodology the
dataset is highly scalable, being able to generate a large volume of data in a
short time.

In order to test the effectiveness of SpikeBall and the potential to provide
new challenges for training SNN algorithms, experiments have been conducted
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on an architecture that combines the advantages of a CNN and an SNN.The
results obtained show that SpikeBall can be useful to improve the prediction of
SNNs in regression problems.

As future work, we think it would be good to use different architectures other
than the one proposed together with classical regression methods to compare the
results.
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