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Abstract. Object classification in event-based computer vision is a task that is at-
tracting considerable research attention. Event-based object classification is a funda-
mental task in the fields of security and applied computer vision, which typically use
synchronous frame-based cameras and computing pipelines for operation. This ap-
proach has several practical flaws. The size, weight and power consumption of the de-
vice could prohibit deployment at the extreme edge or in covert sensing environments.
Besides this, there are security concerns inherent in cloud-based or other “off-device”
computation approaches due to the requirement of sending and receiving potentially
sensitive data. Furthermore, this transmission of data introduces latency and requires
consistent connectivity to the cloud infrastructure to function.

The use of Spiking Neural Networks (SNNs) hosted on neuromorphic devices attempts
to solve several issues present in this conventional approach. Research into event-based
object classification methods are hindered by the lack of high-quality vision datasets
to use. To this end, the ANTShapes simulation tool has been previously proposed
to create and label event-based vision datasets. In this paper, four novel datasets of
varying “difficulties” are created using the tool and are benchmarked against existing
spiking datasets commonly used for event-based vision research (N-MNIST, CIFAR10-
DVS, DVSGesture and POKER-DVS). Classification is performed using a convolu-
tional SNN. This work simultaneously provides four datasets with rich details for fu-
ture experiments to use and validates the output of the ANTShapes dataset simulation
tool as being suitable for its purpose.
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1 Introduction

Spiking Neural Networks (SNNs) promise a low-power alternative to traditional Artificial
Neural Networks (ANNs) by their asynchronous approach to performing computations [1,2].
As a bio-inspired approach, processing units (or neurons) within a neuromorphic computing
device (such as Intel’s Loihi chips [3], SpiNNaker [4] and BrainScaleS [5]) only consume power
when performing computations.
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This event-driven approach to computation is a fundamentally different approach to com-
putation on Von Neumann architectures using conventional clock-driven processors, where
power is dissipated continuously regardless of whether meaningful computation is occur-
ring [6]. Inference from SNNs hosted on neuromorphic hardware can be performed at mi-
crosecond time scales and at a fraction of the power budget required by conventional deep
learning hardware [3}[7,[8]. As a result, SNNs are particularly well-suited for deployment at
the extreme edge or in other instances where size, weight and power of the device must be
carefully managed, or when low latency operation is a high priority consideration [9}(10].

The potential energy efficiency and inference speeds of neuromorphic computing devices
make them especially attractive for computer vision tasks where inference must often be
performed continuously and in real time. Object classification represents one of the most fun-
damental such tasks, forming the basis of broader applications including scene understand-
ing [11,/12], autonomous navigation for vehicles and robots [13,/14] and anomaly detection in
security [15] and monitoring [16,/17] contexts. In the context of anomaly detection, an accurate
object classifier serves as a prior for defining normality. Deviations from expectations in the
classes of objects populating a scene or in the temporal dynamics (alternatively, the “event sig-
natures”) expressed by objects can then be flagged as anomalous events. This has significant
practical implications across industrial quality control, surveillance and safety-critical moni-
toring, where low power consumption and latency are equally important constraints [17,(18].

Currently, there is a shortage of suitable benchmark datasets for object classification using
neuromorphic devices [19//20]. Existing neuromorphic datasets present a number of limitations
that restrict their utility for evaluating object recognition pipelines. These limitations include
the absence of true spatiotemporal features encoded into data from naturally evolving scene
dynamics and the lack of purpose-built neuromorphic vision datasets for the classification of
3D objects. There remains a clear need for a purpose-built, noise-characterised, temporally
rich neuromorphic datasets that directly addresses the object classification task.

2 Background

To understand the needs of a proposed neuromorphic vision dataset for object classification,
four datasets which are frequently used in literature are examined here. The scope is restricted
to the N-MNIST, CIFAR10-DVS, POKER-DVS and DVSGesture datasets which are often
studied in literature for event-based classification tasks [19].

2.1 N-MNIST

The Neuromorphic MNIST (N-MNIST) dataset is an event-based representation of the MNIST
handwritten digits dataset. It was produced by mounting an Asynchronous Time-based Image
Sensor (ATIS) event camera on a pan-tilt actuated platform and moving it in front of an LCD
monitor displaying static MNIST digit images [21]. The camera performed three pre-defined
smooth movements, or saccades, roughly emulating the saccadic movements of the eye. Each
saccade lasts approximately 105 ms and takes the path of an isosceles triangle. Examples of
digits 0 to 3 from the N-MNIST dataset are visualised in Figure [I]

The relative motion between the sensor and the displayed image induces local changes in
pixel intensity, which the DVS encodes asynchronously as a stream of events in the Address-
Event Representation (AER) format. Each event is a tuple (x,y,t,p), where x and y denote
the pixel address within the 34 x 34 sensor array, ¢ is a microsecond-resolution timestamp
and p € {41, —1} is the polarity, indicating whether local log-intensity increased (“on” event)
or decreased (“off” event). On average, each recording contains approximately 4,172 events
and spans 360 ms in total. The dataset mirrors the structure of the original spatial MNIST



dataset, consisting of 60,000 training and 10,000 test samples. Accordingly, there are 10 classes
represented in the N-MNIST dataset for the digits 0 to 9.

N-MNIST has been used for several studies into neuromorphic computer vision as a proxy
for object classification . The reasoning for this is clear; the N-MNIST digits contain
distinct features in space for each of the 10 digit classes. Therefore, parallels can be drawn
between digit and object recognition tasks as both require the separation of features present
in the visual data.
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Fig. 1. Examples of the 0, 1, 2 and 3 classes taken from the N-MNIST dataset. A denoising process
(explained later in Section is applied before events are accumulated per-pixel for display. Pixels

with more "on" than "off" events are coloured red whilst pixels of the opposite case are coloured
blue.

However, it has also been noted that N-MNIST contains little meaningful temporal infor-
mation as the scene content remains static over time, with events generated from the motion
of the dynamic vision sensor . Fundamentally, a digit from the dataset is a two-dimensional
image which exists as surface detail on the object it is written on. Although digits can be
manipulated to produce variance in spatial detail (such as rotating, flipping or skewing digits,
or animating a motion path for the digit to follow), the spatial data produced cannot be as
rich as the potential data represented in a 3D object recognition dataset where objects may
be viewed from any number of angles and features between classes can be similar or dissimilar
based on the viewing angle. The distinction between 2D image and 3D object classification
can be formalised on this basis. Whilst the fundamentals of detail and object classification are
broadly similar, the inability to represent variance in viewing angles for 2D datasets such as
N-MNIST demonstrates that they are not ideal substitutions for object classification tasks.



2.2 CIFAR10-DVS

CIFAR10-DVS is an event-stream counterpart of the CIFAR-10 image classification
dataset, designed to offer a benchmark of intermediate difficulty for neuromorphic vision
research. The dataset was produced by displaying 1,000 images per class (10,000 in total) on
an LCD monitor and moving them in a “repeated closed-loop smooth” (RCLS) pattern within
the field of view of a DVS camera with a sensor resolution of 128 x 128 pixels. This is also
to emulate saccadic eye movements, although the approach taken here moves the on-screen
image itself rather than the DVS. Examples from the CIFAR10-DVS dataset are visualised
in Figure [2|

Prior to display, the original 32 x 32 CIFAR-10 images were upscaled to 512 x 512 via bicu-
bic interpolation to ensure sufficient contrast when rendered on the monitor. The resulting
event streams contain richer spatiotemporal structure than their MNIST-derived counter-
parts, reflecting the more complex textures and object classes described in the CIFAR10
dataset (aeroplanes, automobiles, birds, cats, deer, dogs, frogs, horses, ships and trucks).

Like N-MNIST, the CIFAR10-DVS dataset can be viewed as a detail classification dataset
rather than true object classification. Although the classes represented in CIFAR10-DVS
are real objects that can exist independently in the real world (unlike a hand-drawn digit),
the method of producing the dataset is similar to N-MNIST; no scene evolution is encoded
into the source CIFARI0 dataset so the data represented is spatial in nature, rather than
spatiotemporal. This limits the application of CIFAR10-DVS towards object classification in
neuromorphic contexts in a similar manner as explored in Section 2.1} Furthermore, as shown
in Figure [2] features are dominated by “on” polarity events. This may pose issues during the
training of an SNN if both polarity channels are treated with equal importance due to the
relative sparsity of spikes in the “off” channel.
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Fig. 2. Examples of the "airplane", "cat", "truck" and "horse" classes taken from the CIFAR10-DVS
dataset.



2.3 POKER-DVS

The POKER-DVS dataset was introduced as a benchmark for high-speed event-driven object
recognition . It was recorded by rapidly browsing a custom-made poker card deck in front
of a DVS at close range. Each card passes through the sensor’s 128 x 128 pixel field of view
in approximately 20-30 ms, producing dense streams of events at rates approaching 8 mega-
events per second. Individual playing card suits (clubs, diamonds, hearts and spades) were
subsequently tracked and isolated offline to yield 131 labelled recordings, each nominally
cropped to a 32 x 32 pixel window centred on the card suit. Similarly to the N-MNIST
dataset, examples in the POKER-DVS dataset are represented in AER format. Figure [3]
shows examples from each of the four classes of suits included in the dataset.
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Fig. 3. Examples of the four classes of poker card symbols taken from the POKER-DVS dataset.
The resolution of 35 x 35 pixels shown here is used in practice for POKER-DVS rather than the
published value of 32 x 32. Some Python implementations of the dataset, such as the Tonic package
implementation, use a resolution of 35 x 35 pixels.

POKER-DVS is similar to the other datasets explored so far, albeit with a smaller number
of classes compared to the 10 present in N-MNIST and CIFAR10-DVS. The poker symbols
extracted from the DVS data represent surface detail on a 3D object and may not be suit-
able as a proxy for object classification. However, POKER-DVS differentiates itself by being
sourced from real-world data, as opposed to converting a purely spatial dataset using a DVS.
Therefore, POKER-DVS contains true spatiotemporal features in its data.

2.4 DVSGesture

The DVSGesture dataset is a natively event-based action recognition dataset, distinct
from the converted datasets described above in that its events arise from real dynamic scenes



rather than static images displayed on a monitor. It was recorded using the iniVation DVS128
camera at a 128 x 128 pixel resolution, capturing 29 subjects each performing 11 hand and
arm gestures in a single sequential trial under three different illumination conditions (natural
light, fluorescent light, and LED light), yielding 1,342 gesture instances in total. The 11
gesture classes include hand waving with both arms, large clockwise and counter-clockwise
arm rotations, forward and backward forearm rolling, air guitar, air drums, and an open-ended
“other” class for miscellaneous gestures which were chosen at the discretion of the performers.
Gestures from the dataset are visualised in Figure [4

Hand Clapping . . Right Arm CW
96 96
64 64 - 200
32 32
B - 100
0 0 2
0 32 64 96 128 0 32 64 96 128 g
-0 Q
Left Arm CW Arm Roll £
128 128 =
- —100
96 96
64 64 - _200
32 32
0 0
0 32 64 96 128 0 32 64 96 128

Fig. 4. Examples of the "hand clapping", "right arm CW", "left arm CW" and "arm roll" classes
taken from the DVSGesture dataset. The right and left arm gestures represent moving the relevant
arm in a circular motion clockwise.

Like POKER-DVS, DVSGesture is sourced from real-world data using a DVS camera so
the samples within contain true spatiotemporal events. However, the actions expressed by
individuals are not a perfect analog to the events produced by different object classes in
action. Strictly, the human shown in DVSGesture scenes is the “object” in motion and the
gestures expressed represent different classes of action the object can experience. An equivalent
scenario using a primitive object (such as a cube) could contain different patterns of rotation,
translation and so on. The object itself does not change, only its actions. This illustrates the
difference between action and object classification and suggests the DVSGesture dataset is
not a suitable proxy to be used for evaluating object classification tasks using SNNs.

2.5 Summary of Existing Datasets

An overview of the four datasets studied here is presented in Table [} It can clearly be seen
that none target object classification specifically and of the two which contain natural features
from evolving scenes, neither are specifically targeted towards object classification.



Spatial Type of |Contains

Dataset Purpose Resolution Num. Classes Features | DVS Noise?
N-MNIsT |Hemdwritten g sy o Saccadic |y,

digit classification eye mimic
CIFAR10-DVS|Image classification|128 x 128 |10 Sacca(-hc. Yes

eye mimic

POKER-DVS |OPiect detail 32%x32 |4 Natural =1y

classification scene

Object detail 10 Natural
DVSGesture classification 128 > 128 + 1 “other” scene Yes

Table 1. Overview of the four existing datasets discussed here. Only one dataset, CIFAR10-DVS; is
specifically targeted towards the classification of an entire object rather than just details expressed
on or by an object (such as suit printed on a card or gesture expressed by a person’s body).

The N-MNIST and CIFAR10-DVS datasets both produce spatiotemporal events from
spatial image data by mimicking the saccadic movements produced by the eye. This is a
valid method of translating spatial data into spatiotemporal event patterns, although the
data contained in the dataset remains strictly spatial in character. Therefore, these datasets
contain no meaningful temporal structure within samples, as the apparent motion is artificially
induced by camera movement rather than arising from natural scene dynamics [24].

Furthermore, the saccadic patterns produced by the movement of the DVS for N-MNIST
or the translation of the image on the monitor itself for CIFAR10-DVS follow fixed, pro-
grammatic trajectories. Consequently, the temporal structure of the resulting spike trains is
an artefact of the recording motion rather than a property of the object class itself and all
samples share the same broad event signature dynamics irrespective of their content.

All neuromorphic datasets produced with DVS cameras are also affected by inherent sen-
sor noise. DVS pixels fire asynchronously in response to changes in log-luminance, causing
thermal noise and junction leakage to produce spurious spike events that cannot be attributed
to an actual change in scene luminance |28]. This noise is present throughout standard bench-
marking datasets explored in this paper. Whilst event-based noise reduction processes can
filter some of this spurious noise away, ideally any noise present in a neuromorphic object
classification dataset should be minimised as much as possible and tightly controlled wherever
else. This would prevent any features relevant to the data in the scene from being removed
in the process and provide an idealised scenario to study in the process of developing neuro-
morphic vision systems.

Finally, datasets such as POKER-DVS [26] and DVSGesture, while widely cited in the
neuromorphic computing literature, are not strictly object classification benchmarks. For
example, POKER-DVS is designed to evaluate the detection of suit symbols on playing cards
under constrained conditions. Whilst visual classification can be performed on the four classes
of suits, the symbols are two-dimensional printed features on the surfaces of moving playing
cards. Alternatively, DVSGesture targets the classification of hand and arm gestures. The
dominant features of samples from DVSGesture arise from the movement of limbs attached
to a body positioned in frame, rather than from the identity of a fully discrete object class.
Therefore, gesture classification is not an ideal proxy for object classification.

From this discussion, it is evident that there is a necessity for an object classification
dataset for the benchmarking of SNN computer vision pipelines. The criteria for such a
dataset is as follows:



— True spatiotemporal data: the dataset must contain natural features that arise as a
description of the scene as it changes over time.

— DVS-style data representation: the dataset must be fundamentally comparable to
data captured from real-world scenes using a DVS.

— Free from spurious noise: the dataset must be free from stochastic noise, as produced
by dynamic vision sensors, to provide clean data for study.

The simulated datasets proposed in the following section aim to address these identified
needs.

3 ANTShapes Dataset Generation

To fulfil the desired criteria specified above, it was decided that the benchmarking datasets
proposed here would be simulated computationally rather than captured using a DVS. This is
to eliminate the stochastic noise captured by the DVS and to allow for tight control over the
features represented in the dataset by means of parameterisation. The ANTShapes (Anoma-
lous Neuromorphic Tool for Shapes) simulation software is used for this purpose as it can
represent 12 distinct object classes with rich spatiotemporal dynamics for object classifica-
tion [29]. The classes of shapes included in the dataset are as follows:

— Flat-faced objects: cuboids, icospheroids, pyramids, “Tetris”-style L. and T-blocks.
— Smooth-faced objects: spheroids, cylinders, cones, toroids, capsules.
— Complex meshes: Utah teapot and Suzanne monkey head reference meshes.

It is noted that datasets produced by the ANTShapes software has not been validated by
experimental means [29]. The experiments presented here also aim to demonstrate that the
software is fit for its designed purpose of simulating scenes populated by simple 3D objects for
event-based computer vision tasks. Principal Component Analysis (PCA) of the event data
produced for each labelled sample will also indicate the degree of separation between class
features. PCA is applied using the sklearn package in Python and the two highest principal
components of samples are clustered for visualisation; these plots are shown in Section [7]

Simulated data is exported in Address Event Representation (AER) format, similarly to
DVS sensors, where changes in scene luminance over time are represented as packets of data
containing the X and Y screen coordinate, timestamp and “on” or “off” polarity.

Four benchmarking datasets are produced in total. The first is labelled as the “standard”
dataset, which is intended to be the baseline ANTShapes dataset. Three additional datasets
are derived from this standard dataset, with each presenting some additional challenge by
introducing some additional behaviour to simulated objects. An overview of each ANTShapes
dataset is as follows:

— Standard: 1 of 12 discrete object classes is presented in an empty scene with some
variation in its (z,y) position. Each object begins with some random rotation around the
(z,y, z) axes. Objects continue to rotate around all three axes over time as defined by a
constant unit vector, producing natural features from changes in scene log-luminance.

— Shape Translation: The 3D objects also translate across the scene with some random
(x,y) velocity which is independent for each simulated example. When approaching the
edge of the scene, the objects “bounce” back into the view of the virtual DVS so objects
never leave the simulated area.

— Shape Distortion: Objects are scaled around the (x,y, z) axis independently by some
random 3D vector. This distorts the proportions of each rendered object, squashing and
stretching along each axis and altering the spatiotemporal patterns produced by the
object’s rotation over time.



— Random Rotation: Rather than rotating each shape around the (z,y,2) axes by a
constant unit vector, a random rotation vector is used for each rendered example. This
alters the spatiotemporal patterns produced between examples by introducing variation
to the streams of events generated by the object’s motion.

Each ANTShapes dataset contains 3,000 examples (or ~ 250 examples per object class)
and is rendered at a temporal resolution of 1 ms per event. All rendered examples are 836 ms
long and a shape rotates around its axes once every 209 ms, assuming a unit rotation vector of
(1,1,1). Lighting between rendered scenes is constant and rendered as a neutral-toned global
light source approximating outdoor conditions.

3.1 Standard ANTShapes Benchmarking Dataset

The software parameters used to simulate this dataset are provided in Table 2] Parameters
not described in this table are left at their default values.

Parameter Setting |Description
Randomises the initial rotation
Initial Rotation o, (x,y, 2)|180 position of the object around

the (z,y, z) axes.

Displaces the shape from the
center of the scene on the
horizontal and vertical axes.
Initial Position o (z,y) 0.15 This provides variance in the
dataset by randomising object
positions within scenes over
each example.

A constant scaling value is
applied to all shapes to

Scale p (z,y, 2) 4 enlarge them in the scene.
Scaling is applied uniformly
across the (z,y, z) axes.
Applies normal-mapped noise
to the surfaces of objects.
This applies visual texture

Surface Noise 41 0.2 to shapes which is dependent
on the incident angle of the
scene light source.

All anomaly labelling supported

Anomaly Labelling Disabled by ANTShapes is disabled as it

is not relevant to the object
classification task.

Table 2. Configuration used to generate the standard ANTShapes dataset in the simulation program.
These configurations are applied globally to all classes of objects. ANTShapes parameters are defined
as normal distributions and accept values for the mean p and variance o. Per-shape parameters are
sampled from these defined distributions, causing each example rendered for the dataset to be unique.



The standard ANTShapes object classification dataset features a single object, selected at
random from the acceptable list of classes. The object is allowed to rotate around its centre
point along all 3 axes. A 3D unit vector with the components specified as (z,y,z) = (1,1,1)
defines a constant rotation for all simulated objects. An example of classes contained in this
dataset are shown in Figure
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Fig. 5. Examples of four classes taken from the "standard" ANTShapes dataset. As in Figures[I]to[d]
the events pictured are accumulated over the simulation period leading to the "smearing" effect seen.
Variance in the positioning of the objects is seen between examples, as each appears in a different
location in the scene. The simulated data is also free from background noise.

3.2 Translation of Shapes

The methodology used to produce the standard ANTShapes dataset is repeated, with extra
provisions to allow the simulated objects to move around the scene. Four examples from the
“translation” dataset are shown in Figure [6]

Movement is constrained to the X and Y axes (left/right and up/down); objects cannot
approach or recede from the camera position. When an object reaches the boundary of the
scene, it is reflected back into the space to prevent it from leaving the simulated area. The
variance of relevant global translation settings in ANTShapes were set to 0.15. This caused
most of the simulated objects in scenes to move around at a reasonable speed on average;
not so fast that the events produced are aggressively smeared across time and not so slow
that motion is imperceptible. However, the normal distribution sampling method used to
sample ANTShapes object parameters does allow for some extreme cases to be included in
the dataset by design. Therefore, whilst most rendered examples express steady translation
vectors, some examples are allowed to move at very fast or slow speeds which increases the
difficulty of the class separation task further.
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Fig. 6. Examples from the ANTShapes "translation" dataset. Compared to the standard dataset
shown in Figure[5] it can be seen that the shapes move with different trajectories and rebound from
the edges of the simulated scene whilst rotating.

3.3 Distorted Shapes

A similar approach is taken to distort the scale of rendered objects. The standard ANTShapes
dataset is adapted again to introduce random scaling vectors across all 3 axes. The variance
of relevant global scaling parameters were set to 0.1. This causes shapes to appear squashed
or stretched along each axis which, when combined, results in objects appearing distorted.
Some objects appear subtly distorted whereas others are extremely squashed and stretched.
An example of this is shown in Figure [7}
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Fig. 7. Four classes taken from the "distortion" dataset. These objects each have 3 randomly-assigned
scaling vectors which are each applied to the X, Y and Z dimensions to distort the object’s event
signature.



3.4 Random Rotation Vectors

In this final variation of the ANTShapes benchmarking datasets presented here, the unit
rotation vector is substituted for random rotation vectors per object. An example is shown

in Figure
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Fig. 8. Four examples from the "rotation" dataset. Unlike the standard dataset, where each object
is assigned a random initial rotation then continues to rotate around the X, Y and Z axes uniformly,
each simulated object is assigned a random 3D rotation vector. This introduces additional variance
between event signatures within classes by introducing independent rotational behaviour for all shapes
between examples.

In effect, each rendered example will feature an object rotating in a random direction and
at variable speeds around its central point. It is therefore not guaranteed that an object will
complete exactly 4 rotations around its centre point in the 836 ms exposure window.

To ensure that all examples expressed some meaningful rotation, two separate sets of
data containing 1,500 examples each were rendered and merged. One set used a vector of
(z,y,2) = (1,1,1) as the mean rotation speed vector, with the variance of all 3 dimensions
set to 0.1 to produce variation in rotation speed and angle. The same was repeated with
a mean rotation vector of (—1,—1,—1). This causes the objects to rotate in the opposite
direction, with the same variance in direction and speed.

If the dataset were to be created in a single pass with a mean rotation vector of (0,0, 0),
the normal distribution sampling method in ANTShapes would cause many rendered objects
to appear stationary or rotate too slowly to produce meaningful event data.



4 Evaluation

To validate the simulated ANTShapes datasets, they are benchmarked against the four
datasets explored in Section [2} N-MNIST, CIFAR10-DVS, POKER-DVS and DVSGesture.
This is achieved by constructing deep convolutional SNNs for multi-class classification and
training them on the above datasets, plus the ANTShapes datasets, over multiple indepen-
dent trials. The trained networks are evaluated on out-of-sample testing data and the average
performance and variance between trials is compared. This section describes this process,
using the Python snnTorch library for model implementation and Tonic library for dataset
management.

4.1 Dataset Preparation

Prior to constructing and training the SNNs, the datasets must be prepared and loaded into
memory. The dataset preparation procedure is as follows:

— Spatial cropping: The spatial resolution of all datasets are constrained to being powers
of two in both axes. In practice, only N-MNIST and POKER-DVS are cropped (from
34 x 34 and 35 x 35 respectively, both to 32 x 32). Both datasets are close to the cropped
resolution making the data dropped minimal. The rationale for this procedure is justified
later in Section

— Noise suppression: Datasets captured using DVS cameras are cleaned of the noise that
is typically introduced by these sensors. This is implemented by filtering events which
do not have an adjacent neighbouring event in space or time (that is, the event appears
as spurious noise with no relation to the features of the dataset). Noise suppression is
not applied to the ANTShapes datasets as the software event simulator does not seek to
emulate a DVS; the datasets are already clean of any background noise that could detract
from training.

— Train/test splitting: The 3,000 samples in each ANTShapes dataset are split into train-
ing and testing subsets. An 80,/20% train/test split is used, producing 2,400 training sam-
ples and 600 testing samples. These subsets are saved for later recall so the same training
and testing data can be used between trials. POKER-DVS does not define separate train-
ing and testing datasets, so the same procedure is applied to generate the training and
testing sets.

— PyTorch dataloader creation: Datasets are then loaded into PyTorch dataloader
classes for compatibility with the snnTorch package. This also allows the order of samples
in training and testing sets to be shuffled prior to each training cycle.

4.2 SNN Design

A convolutional SNN design is implemented for the following benchmarking experiments, a
diagram of which is shown in Figure [9]

Working backwards from the final spiking layer towards the input, the convolutional layers
reduce the feature space by a factor of 2 per layer, until the source input spatial dimensionality
is reached. For example, at 128 x 128 for the DVSGesture dataset, the convolutional SNN
contains 3 hidden layers; first reducing the dimensionality to 64 x 64, then 32 x 32 and finally
16 x 16. The number of hidden layers is therefore dependent on the spatial resolution of the
input data. Consequently, lower resolution datasets (N-MNIST and POKER-DVS specifically)
contain just one hidden layer.

The convolutional SNN design is implemented such that the final layer of neurons will
always be fixed into a 4 x 4 grid. Classification is performed using a densely-connected linear
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Fig. 9. A diagram of the spiking convolutional network design used for the following benchmarking
experiments. Here, T is the total number of time steps in the dataset where the time between frames
is Ims. X and Y are the sensor dimensions in pixels; for ANTShapes datasets, this is the spatial
resolution of the simulated scene. C' is the number of classes in the dataset being evaluated and B is
the batch size. The network architecture pools the features from previous layers, learning the most
relevant features through surrogate gradient training. The readout head is trained on the flattened
features from the output of the final hidden layer using the cross-entropy loss function. The stage 2
and 3 layers are optional and are only created if the length of the shortest spatial dimension P, is
greater than 4 pixels.

regression layer after the final spiking layer. This layer is the only part of the design which
is non-spiking and operates on features extracted from neuron membrane potentials which
are recorded at every time step. The features extracted are the mean, variance, minimum,
maximum and range, resulting in 5 x 16 = 80 features per neuron for regression. The size
of the final spiking layer is therefore restricted to ensure all networks have the same feature
space dimensionality for fair comparisons to be made, regardless of input data dimensionality.

A leaky integrate-and-fire (LIF) neuron design is used for all spiking neurons in the net-
work. Here, 7, is the membrane time constant, V' is the active membrane potential, Vieg is
the resting membrane potential, Vieset is the membrane potential after firing and s(t) are the
input spikes at time ¢. Each incoming spike from presynaptic neurons increases the active
voltage V' by nV. If V crosses the firing threshold voltage V;y, an action potential is emitted
and the neuron fires. The neuron then resets to its resting voltage Viest. This process is shown

in Eq.

dv
T = = (V = Viest) + (1), (1)

V ‘/reset if V > Vvth~

When using the snnTorch package for constructing SNNs, Eq. [I] becomes transformed to
a discrete time representation. Here, U is analogous to the neuron voltage, Uiy, the threshold
voltage, 8 = eAt/™ is a dimensionless unit representing decay rate, X is the series of presy-
naptic spikes arriving at the neuron, S is the series of spikes leaving the neuron and W is the
learnable weight. This is shown in Eq.



Ult+1] = BUt) + WXt + 1] — S[t]Us, 2)

For the purposes of the experiments presented here, Uy, = 0.5 and 8 = 0.5. By extension,
Tm = jnAﬂt = 1.44ms, given that each discrete time step is 1ms in length.

Classification is performed by extracting the final membrane potentials at the output layer.
Here, a fully-connected linear layer projects the features extracted from the stage 3 hidden
layer to C-many neurons, with a neuron representing each class. These neurons are leaky
integrators; they do not ever reach a threshold and emit an action potential to postsynaptic
neurons but hold a charge by integrating presynaptic spikes and allow it to leak over time. The
neuron with the highest membrane capacitance at the end of the simulation period represents
the class label that is selected as the prediction in a winner-takes-all regime. The formula for

the leaky integrator neurons is shown in Eq. |3} note the missing leaky term —(V — Viest).

v
T = =V + 5(0) (3)

The discrete-time version used in snnTorch is given in Eq. [ It is implemented in code
by setting the reset mechanism for a neuron to “none”.

Ult+1] = BU + WXt + 1] (4)

4.3 SNN Training

The convolutional SNN is trained using the snnTorch surrogate gradient process [23]. The
derivative of the spike emission function is the Dirac delta, 9S/0U = §(U — Uy, ), which is zero
everywhere except at threshold, where it is undefined. As this factor enters multiplicatively
into every credit-assignment path, the exact gradient is unavailable for optimisation.

Backpropagation through time unrolls Eq. 2] over the T simulation steps, so that the loss
gradient accumulates along both a spatial path through the weights and a temporal path
through the membrane state [23], as in Eq. [5| The reset term dU[t]/dW is shown to the right
of the equation.

T

L = 0L OS[ U] dUM] <=~ .,
oW ~ £« 95[{] oUft] AW AW —;B X]s] )

As snnTorch detaches the reset term of Eq. ] from the computational graph, the recurrent
Jacobian collapses to the scalar decay rate, U [t]/OU[t — 1] =  [23]. Unrolling the resulting
recursion dU[t]/dW = X[t] + BdU[t — 1]/dW weights the input at time step ¢ — k by 8* so
credit assignment decays geometrically over time.

The surrogate gradient method leaves the forward pass unchanged [30] and binary spikes
are still emitted according to Eq. 2] Only in the backward pass is the Dirac delta function
replaced by the derivative of a smooth relaxation o(x) of the emission function, allowing
gradients to propagate. This is shown in Eq. [6]

S = o0l - Ua) (6)

The default snnTorch surrogate, used throughout the forthcoming experiments, is the
shifted arctangent with oo = 2 |22|, given in Eq.

1 1 2
olx)==-+= arctan(@) , o'(x) = L?
A (o)

(7)



Because the forward pass emits binary spikes while the backward pass differentiates a
distinct smooth function, the resulting update is a biased descent direction that approximates
the true gradient.

4.4 Benchmarking Results

To visualise the results obtained from the SNN for the ANTShapes datasets with respect to
the four established datasets, plots have been produced and included at the end of this paper
for legibility (Section . Table |3| presents an overview of the mean accuracy and standard
deviation for all datasets evaluated.

ANTShapes| ANTShapes |ANTShapes| ANTShapes
(Standard) |(Translation)|(Distortion)|(Rotation)
Mean Accuracy|97% 55.6% 96.6% 88.9% 92.2% 89.1% 83.5% 89.8%
Variance 28x 1077 [5.3x 1077 11.0 x 10°° 120x 1077 |120x10°° [8.6x 10 ° 16.0x107° [78x 107

N-MNIST|CIFAR10-DVS|POKER-DVS|DVSGesture

Table 3. Summary of the mean accuracy and variance for all datasets. 10 convolutional SNNs, each
with unique random initial weights, were trained. The mean accuracy and variance of the ensembles
are shown.

As expected, the standard ANTShapes dataset achieved the highest prediction accuracy
among all four of the ANTShapes datasets evaluated at 92.2% mean accuracy. This is be-
cause it represents the simplest classification problem of the ANTShapes datasets, insofar
as the examples represented within it do not exhibit any variance in rotational or transla-
tional behaviour and are not distorted in shape. The distorted shape dataset achieved the
lowest reported mean accuracy at 83.5%. This is also to be expected given the deviations in
visual signatures between examples of the same class in this dataset. The other ANTShapes
datasets used objects that are uniform in shape across all examples which allowed for simpler
classification, despite deviations in rotation angle and speed or translation trajectory.

The classification performance of the four ANTShapes datasets are largely consistent with
the established N-MNIST, POKER-DVS and DVSGesture datasets, each achieving compa-
rable mean accuracy with respect to the novel datasets. This observation is reinforced for the
confusion matrices produced for the ANT-Shapes datasets, shown in Figure [I0] The clear di-
agonal shown in these plots demonstrates that class separation has been consistently achieved
by the SNN for all examples. However, some meaningful confusion exists between the L-block
and T-block classes in all examples. This is due to the visual similarity between these two
classes, which is confirmed by the confusion matrices produced for the ANTShapes rotation
and distortion datasets. These datasets introduce additional confusions between these classes
by representing only partial rotations or by distorting the proportions of the objects so their
event vision signatures appear more similar to each other under certain conditions.

A clear outlier is the CIFAR10-DVS dataset, which achieved a mean accuracy of 55.6%.
One possible reason for this is the domination of positive-polarity spiking events, as visualised
in Figure 2] This uneven distribution of events is not present in any of the other datasets
and is the most likely source of the class confusions for this reason. Examining the Principal
Component Analysis (PCA) cluster diagram for the CIFAR10-DVS dataset in Figure
reveals significant overlap between the 10 classes, suggesting strong similarities between their
features which are difficult for the SNN to separate. Further comparative evidence can be
seen in the confusion matrix diagrams presented in Figure [I0] where the number of class
confusions for the CIFAR10-DVS dataset are visibly higher than any other evaluated dataset.
Despite this, there is still a clear diagonal visible in the confusion matrix, demonstrating the
ability of the convolutional SNN to distinguish between classes in some cases.



4.5 Discussion

The outcome of the experiments presented in this paper are summarised as follows:

— ANTShapes datasets are fit for purpose: The standard ANTShapes dataset pro-
vides a clear baseline for event-based object recognition tasks. Besides the class of object,
variance between examples exists as independent initial rotation vectors and positions in
the scene. The other three datasets produced (“translation”, “distortion” and “rotation”)
each provide an additional challenge by introducing additional variance between exam-
ples. This is confirmed by the results shown in Table[3] where the standard dataset scored
higher than the other ANTShapes datasets.

— ANTShapes software can generate DVS-like datasets: The four ANT-Shapes
datasets shown in this paper each have large number of classes and examples and are
rendered at a high resolution, all relative to the N-MNIST, CIFAR10-DVS, POKER-DVS
and DVSGesture datasets also investigated here. Through the various visualisations and
experimental procedures shown in the preceeding sections, it can be confirmed that the
ANTShapes simulation tool can produce data suitable for event-based computer vision
tasks.

— Separation of class features in established datasets may be insufficient for
object classification experiments: It was also revealed through plotting the principal
components of individual dataset examples in cluster diagrams that the CIFAR10-DVS
dataset exhibits highly similar features between classes (Figure . As demonstrated in
the experiments conducted here, this overlap of features leads to difficulty in classification.
This may complicate the design and analysis of SNNs by researchers if the data is not
suitable for the task at hand.

Some limitations in the experimental process can also be identified however. Firstly, the
datasets are evaluated only using the spiking convolutional network design described in Sec-
tion Although care has been taken to assess the average SNN performance over a number
of trials, other network models could be used to assess the viability of the datasets for event-
based computer vision tasks.

Furthermore, there is not a significant degradation in performance between the standard
ANTShapes datasets and the three more challenging datasets; between the standard and
distortion datasets, there is only a < 10% loss in average classification performance. There-
fore, the additional challenge presented by these datasets may not be sufficient for future
experiments and more sophisticated examples may need to be simulated.

Finally, the PCA plots shown in Figure [II] do not fully describe the separation of class
features. The clustering does indicate the location of principal features for all examples in
each dataset discussed, which gives a strong impression of class separation. However, the event
data being separated by the SNN is extremely high-dimensional and can only be represented
in two dimensions with an accepted loss in accuracy with respect to the true features.

5 Conclusions

To conclude, the four novel ANTShapes datasets produced for this research fulfil their in-
tended purposes for object classification. This has been validated by benchmarking them
against existing event-based datasets for object classification, where each achieved compara-
ble results to existing datasets that are used as approximations for object classification. The
datasets presented here encode spatiotemporal changes in simple, idealised scenes contain-
ing single objects which are free from the noise captured by real-world event-based sensors.
This makes them ideal candidates for event-based computer vision experiments which rely



on the classification of 3D objects. Furthermore, the experiments demonstrated here validate
the data simulated by the ANTShapes simulation tool and demonstrates its suitability for
simulating data specialised towards event-based computer vision tasks.

5.1 Further Work

As stated in the introduction to this paper, object classification is the fundamental core
problem from which deeper event-based scene decomposition, object recognition and anomaly
detection pipelines can be built. To this end, the ANTShapes simulation tool is capable of
automatically simulating and labelling scenes containing multiple objects. Furthermore, the
tool automatically labels “anomalous” objects as defined by their deviations from expected
“normal” behaviours based on central limit theorem. This describes a fuzzy boundary between
normal and anomalous objects as defined by their behaviours, which can be exaggerated by
the inclusion of multiple behaviour parameters (such as translation and rotation vectors).

Therefore, ANTShapes is capable of simulating rich 3D scenes with automated labelling
of anomalies through pixel-perfect masks and bounding boxes. Further work in the wider con-
text of autonomous anomaly detection could use the tool to simulate more detailed scenes,
consisting of multiple objects. One suggested research opportunity is scene decomposition;
decomposing an event-based scene containing many objects into “regions of interest” encap-
sulating single objects. Algorithms have been proposed to decompose an event-based scene,
which could be applied to data simulated by ANTShapes. From here, the object classification
approach presented in this paper could be used to classify the objects present in the scene.

A further limitation of the datasets presented here is that the classification task is simple
overall. The classification of shapes is time invariant; the class of shape cannot change in a
single example, so only one class label must be predicted that describes the shape shown in
the scene. A more complex, time dependent problem could involve classifying more than one
type of shape per example and sensing when the object is replaced by one of another class.
This would be beneficial for assessing the ability of an SNN to separate temporal events by
incorporating these features into the classification task. In such a scenario, the SNN would be
tasked with classifying the shapes in the scene and the onset of change, where one object is
switched for another. Therefore, whilst the four ANTShapes datasets presented here contain
spatiotemporal events that describe the changing content of a scene, the classes described in
each example do not change over time.

6 Data Availability

The ANTShapes simulation tool is available on GitHub: https://github.com/EDGYOrganism/
ANTShapes/.

The benchmarking datasets produced for these experiments are available on Zenodo [31]:
https://zenodo.org/records/21813140.
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Fig. 10. Confusion matrices produced for each dataset, illustrating the class confusions predicted
by the convolutional SNN. The mean over all 10 trials is plotted here to give an impression of the
average confusion matrix produced by the network for a given dataset.

100%

80%

60%

- 40%

- 20%

- 0%

Mean rate — row-normalised per trial, then averaged over trials



POKERDVS
131 samples - 4 classes

N-MNIST
70000 samples - 10 classes
2

DVS Gesture
1341 samples - 11 classes

CIFAR10-DVS
10000 samples - 10 classes

ANTShapes (Standard)
3000 samples - 12 classes

il

-1

PC2 (13.0%)

-2

-3

0

2 -2 0
PC1 (12.5%)

-1 0 i
PC1 (15.3%)

-2 -1 0 1
PC1 (16.5%)

PC1 (18.0%)
e 0 o 4 e 7 e clubs e diamonds e Hand clapping e airplane e dog
e 1 e 5 e 8 ® hearts e spades ¢ Right wave ® automobile e frog
e 2 e 6 o 9 e Left wave e bird e horse
e 3 e Rightarm CW e cat e ship
e Right arm CCW e deer e truck
e Leftarm CW
e Left arm CCW
e Arm roll
e Air drums
e Air guitar
e Other

ANTShapes (Translation)
3000 samples - 12 classes

ANTShapes (Rotation) ANTShapes (Disto

3000 samples - 12 classes

rtion)

3000 samples - 12 classes

— 1 —_ —_
® X X
© =1 n
=0 ) TS
N_l o~ o~
9 Qo Q-1
-2 -2
-1
-3 -3
-2 0 2 -2 0 2 -2 0 2 -2 0 2
PC1 (13.1%) PC1 (15.8%) PC1 (14.7%) PC1 (15.3%)
e Cube ® |cosphere e Pyramid e Capsule e L-Block e Teapot
® Sphere e Cylinder e Cone e Torus e T-Block e Suzanne

Fig. 11. PCA plots created for each of the datasets evaluated in this paper. The DVSGesture plots
show clear separation, but also class overlap between clockwise (CW) and counter-clockwise (CCW)
motion, which leads to difficulties in separating the classes. POKER-DVS shows clear separation,
but only contains 4 classes and a limited number of samples. CIFAR10-DV'S shows extreme overlap
of principal elements for all classes, demonstrating that the principal components for each class are
largely similar and are difficult to separate. The standard ANTShapes dataset has clear separation
between most classes, with some overlap between the L-block and T-block objects, and between the
various smooth-faced objects (such as cones and capsules). The separation between principal com-
ponent clusters becomes less well-defined when random rotation, translation and scaling (distortion)
vectors are introduced to the objects presented in each example. For all ANTShapes datasets, the
sphere objects remain the most cleanly separated from the rest of the classes. This is due to their
near-uniform appearance when rotated, with events only being generated from the motion of sim-
ulated roughness on the sphere’s surface. Their event signature is therefore distinct from the other
objects presented, which can appear different depending on their angle of rotation.
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