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Abstract

Event Cameras offer appealing advantages, including power
efficiency and ultra-low latency, driving forward advance-
ments in edge applications. In order to leverage mature frame-
based algorithms, most approaches typically compute dense,
image-like representations from sparse, asynchronous events.
However, they are often unable to capture comprehensive in-
formation or are computationally intensive, which hinders the
edge deployment of event-based vision. Meanwhile, pillar-
based paradigms have been proven to be efficient and well-
established for dense representations of sparse data. Hence,
from a novel pillar-based perspective, we present EventPil-
lars, an efficient, comprehensive framework for dense event
representations. To summarize, it (i) incorporates the Tem-
poral Event Range to describe an intact temporal distribu-
tion, (ii) Activates the Event Polarities to explicitly record
the scene dynamics, (iii) enhances the target awareness by
a spatial attention prior from Normalized Event Density, (iv)
can be plug-and-played into different downstream tasks. Ex-
tensive experiments show that our EventPillars records a new
state-of-the-art precision on object recognition and detection
datasets with surprisingly 9.2x and 4.5 lower computa-
tion and storage consumption. This brings a new insight into
dense event representations and is promising to boost the
edge deployment of event-based vision.

Code — https://github.com/Fineshawray/EventPillars.git

1 Introduction

Event Cameras are novel, bio-inspired sensors that trans-
mit logarithmic brightness changes termed “events”. Un-
like conventional frame-based cameras, they offer a unique
trade-off between visual information and temporal reso-
lution with minimal bandwidth and power consumption
(Hamann et al. 2024), making them highly appealing for
edge computer vision, e.g., object recognition and detection.
However, by only encoding time, location, and polarity of
these changes (Zubi¢ et al. 2023), the stream of events is
inherently sparse and asynchronous, thereby holding back
their integration with mature frame-based algorithms.
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Figure 1: Comparisons of accuracy, input size (storage) and
representation time on event-based object recognition given
the fixed 224 x 224 input resolution. Red arrow indicates
superior optimization direction.

To address this, prior approaches create dense represen-
tations from sparse events. Early research (Maqueda et al.
2018; Zhu et al. 2018, 2019) merely encoded one or two
aspects of event information, resulting in suboptimal perfor-
mance. Accordingly, subsequent studies (Gehrig et al. 2019;
Kim et al. 2021; Zubi¢ et al. 2023) demonstrated the criti-
cality of comprehensive event information including count,
polarity, and temporal information, despite often incurring
substantial computational and storage overhead. However,
few studies have adequately discussed the optimal trade-off
between performance and efficiency of dense event repre-
sentations. This unresolved tension may constrain the edge
deployment of event-based vision.

On the other hand, pillar-based paradigms, a research line
of dense representations tailored for sparse data such as
point cloud, have shown the effectiveness of encoding ex-
plicit feature dimensions into individual channels. Consid-



Representation Dimensions Description Main Characteristics

Event Frame HxW Sum polarities w/o temporal & w/o polarity info.

Event Count 2x HxW Event counts w/o temporal & implicit polarity info.

Voxel grid BxHxW Sum polarities by temporal bins w/o polarity & implicit temporal info.

SAE 2x HxW Newest event timestamp incomplete temporal & implicit polarity info.
HOTS 2x HxW Exponential of newest timestamps ~ incomplete temporal & implicit polarity info.
HATS 2x HxW Aggregated newest timestamps w/o temporal & implicit polarity info.

DiST 2x HxW Sorted discounted timestamps implicit polarity & implicit count info.
Event Image 4x HxW Event counts&newest timestamps ~ incomplete temporal & implicit polarity info.
EST 2x Bx HxW  Sample event point-set into a grid  implicit polarity info. & compute costly
TORE 2x K x HxW  Time-ordered timestamp volumes  w/o count & implicit polarity info.

MDES M x HxW Mixed density event stack w/o polarity info. & compute costly
ERGO-12 12x HxW Search across representations implicit polarity info. & compute costly
EventPillars 4x HxW Pillar-based framework complete, explicit info.; compute efficiently

Table 1: Comparison of prior image-like representations in event-based vision, ours is in bold. H x W denotes spatial resolution
of input, B = 9 the number of temporal bins, KX = 3 the depth and M = 10 the stacks number in the original related works.

ering the sparsity of event data, we argue that a similar pat-
tern can be employed to design a comprehensive and efficient
dense event representation framework under strict storage
and speed constraints. However, when revisiting event data
from a pillar-based perspective, there are still several limita-
tions: (i) existing Newest Event Timestamp (NET) discards
the earliest timestamp, resulting in inadequate descriptions
for temporal distribution of events, (ii) binarized event po-
larity differs from the continuous reflectance of point cloud,
necessitating a new approach for explicit polarity characteri-
zation and (iii) lack of spatial distributional information hin-
ders the differentiation between target and noise.

To overcome these bottlenecks, we propose the Tempo-
ral Event Range (TER), which offers a simple but intact
description for temporal information in each pillar. Then,
we present the Activated Event Polarity (AEP) to efficiently
summarize a continuous and explicit polarity information in
each pillar. Finally, we devise the Normalized Event Density
(NED) as an attention prior to guide target-noise differentia-
tion, supplementing polarity and temporal components with
spatial distributional information. By integrating these com-
ponents, EventPillars achieves a comprehensive characteri-
zation for event data, while maintaining high computational
and storage efficiency for edge applications.

We conduct extensive experiments across various tasks
and datasets to evaluate our approach. By merely replac-
ing the original representations, EventPillars yields signif-
icant improvements across all relevant baselines. For object
recognition, accuracy gains of 3.6%, 4.6% and 3.4% are ob-
served on N-Caltech101, N-Cars and N-ImageNet dataset
respectively with 9.2 x and 4.5 x lower computation cost and
input size, as shown in Fig. 1. In object detection, the mean
average precision (mAP) also improves by 2.7% and 3.8%
on Genl and 1 Mpx datasets. Notably, we achieve a new
detection precision record on Genl dataset by 53.1% mAP,
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which demonstrates the superiority and robustness of Event-
Pillars. In general, this paper introduces a novel, pillar-based
perspective into the study field of dense event representa-
tions and shows a promise in facilitating the edge deploy-
ment of event-based vision. Our main contributions are:

* We propose the Temporal Event Range, enabling a better
description for temporal distribution of events.

* We put forward the continuous Activated Event Polarity
to explicitly summary the binarized scene dynamics.

* We present the Normalized Event Density as a spatial
attention prior to enhance target-noise differentiation.

* Based on the above representation components, we con-
struct an efficient, comprehensive pillar-based frame-
work termed EventPillars. With only 9.2x and 4.5x
lower computation and storage consumption, it sets new
precision records on both of recognition and detection
benchmarks, which demonstrates its superiority at edge.

2 Related Works

Dense Event Representations Dense event representa-
tions involve transforming sparse events into grid-like ten-
sors, making them compatible with frame-based architec-
tures such as convolutional neural networks (CNNs). To
start, the Binary Event Image (Cladera et al. 2020; Cohen
et al. 2018) solely recorded occurence of events. Later Event
Frame (Rebecq, Horstschaefer, and Scaramuzza 2017) ag-
gregated events within a constant temporal window. Al-
though simple and intuitive, it lacks crucial polarity and tem-
poral information. In steering-angle prediction, Event His-
togram (Maqueda et al. 2018) segregated events by opposite
polarities to preserve polarity information, albeit implicitly
encoded within two separate channels. Subsequently, Voxel
Grid (Zhu et al. 2019) partitioned constant temporal window
into several sub-windows, summing events within each, yet
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Figure 2: Overview of our EventPillars from raw, sparse events to comprehensive, plug-and-play dense representations.

neglecting polarity information. To summarize, these works
share a common reliance on foundational event counts, but
lack explicit description for event polarity or temporal infor-
mation. This deficiency limits their capacity to fully capture
the rich information inherent in event data.

Surface of Active Events (Zhu et al. 2018; Benosman
et al. 2013) and Event Image (Wang et al. 2019) directly
encode the newest event timestamps while disregarding ear-
lier ones. Later, the Histogram of Time Surface (Lagorce
et al. 2016) was introduced to capture local spatiotemporal
dynamics, yet the computation is time-consuming and per-
formance remains limited. The Time-Ordered Recent Event
Volumes (Baldwin et al. 2022) encode timestamps in a
form close to Voxel Grid, while at the expense of compu-
tational efficiency and without incorporating count informa-
tion. Mixed-Density Event Stack (Nam et al. 2022) divides
events into a sequence of overlapping event stacks to adapt
varying scene dynamics, but discards polarity information.

Another line of research have sought to incorporate com-
prehensive information (count, polarity and time) to enhance
performance. To this end, EST (Gehrig et al. 2019) de-
vised an end-to-end learnable representation that samples
event points into a grid. However, it retains implicit polar-
ity and involves redundant computation. Subsequently DiST
(Kim et al. 2021) employed a discount mechanism to miti-
gate the event noise in timestamp representations. More re-
cently ERGO-12 (Zubi¢ et al. 2023) conducted extensive hy-
perparameter searches for optimal components across var-
ious dense representations. Despite lacking intuitive inter-
pretability, it achieves state-of-the-art performance on Genl
dataset. Recent Hyper Histogram (Peng et al. 2023) uniquely
stores time, polarity, and count information in 2B channels.
This further demonstrates the advantages of using informa-
tion across all dimensions of event data. Tab. 1 summarizes
the main characteristics of these frameworks.

Pillar-based Perspective In the domain of point cloud,
pillar-based encoders have been widely adopted for edge vi-
sion applications due to their computational efficiency. The
early BirdNet (Beltran et al. 2018) directly encoded point
height, intensity and density information into a single im-
age, enabling the transformation of sparse points into struc-
tured 2D representations, thus leveraging mature CNN de-
signs on given hardware. Similarly, PIXOR (Yang, Luo, and
Urtasun 2018) records height information and computes a
3D data cube. PointPillars (Lang et al. 2019) introduced an
efficient encoder that learns features from stacked pillars,
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which can be scattered back to 2D pseudo-images. More re-
cently, TinyPillarNet (Li, Zhang, and Lai 2023) explicitly
records comprehensive information of sparse data. It cate-
gorizes the maximum and minimum coordinates on Z-axis
and mean reflectance of points within each pillar as intrinsic
information, while treating the number of points as distribu-
tional information for spatial attention priors. This approach
significantly reduces computational overhead while compre-
hensively summarizing information from sparse points.

Inspired by these works, we propose a dense representa-
tion framework for event data from a novel pillar-based per-
spective. With significant performance improvements, our
goal is to boost the edge deployment of event-based vision
through the lens of dense event representations.

3 Preliminaries

Event cameras capture pixel-wise log brightness changes
by a contrast threshold, each of which is triggered asyn-
chronously and termed an “events”. Following the com-
mon definition, an event can be described as a tuple e;
(24, yi, ti, p;) triggered at pixel (z;,y;) at timestamp t; with
polarity p; € {—1,1}, where p; indicates the direction of
change. Within a temporal window At, an event camera gen-
erates a set of events £ = {ei}i\il, where N is the number
of triggered events. To build a dense representation R from
the sparse events £, a mapping M : &€ — R needs to be
discovered (Zubi¢ et al. 2023).

Let N (z,y) € £ (Kim et al. 2021) denote the events on
(z,y), which can also be regarded as events ina 1 x 1 “pil-
lar” alone the T™-axis. Taking a 1-channel image as an exam-
ple, we then construct a dense representation R € R7*W
through a selected pixel-wise mapping function

R(z,y) = M(N(z,y)),y < H,z <W, (1)

where H x W is spatial resolution. Optimally, this mapping
should strive to preserve the essential event characteristics,
namely temporal, polarity and count information. In what
follows, we elaborate on specific designs of EventPillars.

4 Innovative Framework: EventPillars

In this section, we present an innovative event representa-
tion framework, as illustrated in Fig. 2. Given a set of input
events, our goal is to preserve various critical information
while encoding them into a dense tensor. In Sec. 4.1, we
propose the Temporal Event Range (TER) to capture intact
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Figure 3: Illustration of intact timestamp and event noise
disturbance. 1-dimensional events discarding polarity are
shown. NET and EET can summarize the temporal range
of events, yet they can not distinguish noise pillar (red) from
the target (green) properly without the help of event count.

spatiotemporal structure of asynchronous events. In Sec. 4.2,
we devise the Activated Event Polarities (AEP) to empha-
size continuous, explicit polarity information. In Sec. 4.3,
we propose the Normalized Event Density (NED) to lever-
age count information as a spatial attention prior for target-
noise differentiation. By concatenating the proposed TER,
AEP and NED as a comprehensive event tensor encompass-
ing count, polarity, and temporal information, our EventPil-
lars enables plug-and-play and efficient inference with a host
of algorithms, exhibiting superior performance.

4.1 Temporal Event Range

Timestamp Image (Zhu et al. 2018; Wang et al. 2019)
have proven highly effective in event-based vision. Draw-
ing parallels with pillar-based 2D projection (Lang et al.
2019) in point cloud processing, these pseudo-maps record
the T-axis distribution of events in each pillar, akin to the
Z-axis in point clouds. TinyPillarNet (Li, Zhang, and Lai
2023) has demonstrated that the height range in each pil-
lar is significant for representing the 3D space occupation
of objects. However, existing event representations typically
record only the newest event timestamp (Zhu et al. 2018;
Benosman et al. 2013), while neglecting earlier occurrences.
This will fail to capture the spatiotemporal trajectories of
event point cloud, which is crucial for downstream tasks
(Peng et al. 2023).

Unlike EST, which samples event point-set, and DiST,
which uses a discounted mechanism, we draw inspiration
from pillar-based research to introduce the Temporal Event
Range (TER) to overcome this limitation. As shown in
Fig. 3, this component involves directly storing the newest
and earliest event timestamps (NET&EET) disregarding po-
larity into dedicated feature channels. This enables an effi-
cient, explicit representation of temporal event information
without redundant computation.

Specifically, refer the prior definition (Kim et al. 2021),
TER computes two 1-channel pseudo-maps N € R#*W and
E € RE>XW py

Thew (N(x, Y))

N(a,y) = =, @
Tota(N(a,
E(r,y) = 120N 0) 3)
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Figure 4: Mechanism of AEP. The balance of polarities from
100 samples of the N-Cars dataset were analyzed. By em-
ploying an appropriate continuous activation function, ex-
treme balance of polarities can be filtered out while preserv-
ing the majority, thus avoiding the suppression to the princi-
pal polarity information.

where T},.,, and T,;4 obtain the newest and earliest times-
tamp of A/ (z,y) in each pillar respectively, At denotes the
temporal window normalizing timestamps into [0, 1]. We set
TER as the key component for temporal information.

4.2 Activated Event Polarity

Pillar-based point cloud explicitly encoders record the in-
trinsic reflectance r within each pillar into a single chan-
nel, which has proven instrumental in model comprehen-
sion of scene information (Beltrdn et al. 2018; Lang et al.
2019; Li, Zhang, and Lai 2023). Analogously, event po-
larity p € {—1,1} carries the brightness dynamics infor-
mation. However, unlike continuous reflectance, the binary
event polarity possesses entirely different physical proper-
ties and data forms. Hence, the effective summarization of
polarity information from a pillar-based perspective emerges
as a critical challenge for EventPillars.

Existing works either haven’t explored polarity (Rebecq,
Horstschaefer, and Scaramuzza 2017) or inefficiently handle
it via separate channels (Maqueda et al. 2018), leading to
suboptimal learning for dynamics. To address this, we pro-
pose using the balance of polarities to summarize this binary,
intrinsic feature of events in each pillar, rather than merely
regard it as a cancellation of opposite events (Maqueda et al.
2018). To this end, we propose the Activated Event Polarity
(AEP), while mitigating the disturbance caused by extreme
balance of polarities (saturation in Fig. 4).

Specifically, AEP computes a 1-channel pseudo-map P €
RH xW by

1
Pz,y) = o(5- > mkd(x —z,y —yr)ek €N, (@)

where o denotes a continuous activation function that
smooths a meaningful range of polarity differences and fil-
ters out extreme, abnormal ones. § is the Kronecker delta,
and C'is a factor that enhances the robustness of AEP across
varying dynamic scenes and sensors, particularly in response
to disparate balance of polarities. It is given by

C=a-mar|y ped(r—aiy -yl N CE ()

ey
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Figure 5: Real event noise in EventPillars. As a distributional prior, NED is less sensitive to typically small-quantity noise.

where o € (0,1] is a constant that controls the degree of
scaling, and the maximum is taken over the balance of po-
larities among all event pillars.

In this way, distinct from prior approaches (Maqueda et al.
2018; Zhu et al. 2018), the proposed AEP preserves explicit
and adaptive polarity information using only an efficient 1-
channel representation. We establish AEP as the component
that records intrinsic polarity information for EventPillars.

4.3 Normalized Event Density

In dynamic scenes, edge areas of moving objects typically
trigger a higher number of events compared to event noise
(Kim et al. 2021), serving as a natural spatial perception
cue. Given that the temporal and polarity components do
not directly distinguish between noise and targets, as illus-
trated in Fig. 3 and Fig. 5. Consequently, we propose uti-
lizing the Event Frame (Rebecq, Horstschaefer, and Scara-
muzza 2017), which records event quantities, as an attention
map containing prior distributional information. This ideally
complements other components, helping the model in more
effectively differentiating targets and noise.

However, as noted in BirdNet (Beltran et al. 2018), differ-
ent sensors and imaging environments may record varying
point cloud quantities. This variability can potentially mis-
lead models trained on data collected under specific condi-
tions when generalizing to other scenarios, thereby limiting
downstream task performance. We argue that similar issues
exist in Event Frame that solely record absolute quantities.

Hence, we introduce the concept of Normalized Event
Density (NED). It normalizes the number of events in each
pillar by the maximum one, thereby generating a relative dis-
tribution prior map on the XY plane. This approach can ac-
commodate disparities in event quantities arising from dif-
ferent devices, sampling rates, or scene velocities.

Specifically, the process of NED can be expressed as

1
D(z,y) = M'Z‘s(x*xkay*yk)aek EN, (6

where M denotes the maximum events number among all
event pillars:

M :mﬁx|25(x—xk,y—yk)|,NC E.

ek

(N

Here, D € RH*W represents the resulting 1-channel
pseudo-map. We then incorporate NED as a distributional
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attention prior into EventPillars, establishing an efficient,
comprehensive representation framework in conjunction
with other components.

S Experiments

We conduct extensive experiments to evaluate our proposed
framework, and analyze the empirical results.

5.1 Setup

In this section, we introduce the primary baselines and cor-
responding datasets and show the implementation details.

Tasks & Datasets For object recognition, we employ
three widely-used event-based datasets: N-Cars (Sironi et al.
2018), N-Caltech101 (Orchard et al. 2015), and N-ImageNet
(Kim et al. 2021). Recorded using an ATIS event camera
(Posch, Matolin, and Wohlgenannt 2010), N-Cars comprises
24,029 samples of background and cars, each consisting of
events within 100ms temporal window. N-Caltech101, de-
rived from recording the displayed Caltech101 dataset with
a moving event camera, expands the number of classes to
100, encompassing 8,246 samples. N-ImageNet is a larger-
scale dataset and recorded using Samsung DVS Gen3 (Son
et al. 2017) with a similar methodology. We evaluate our
EventPillars on these datasets for consistency with relevant
baselines. Following prior works (Zubi¢ et al. 2023; Kim
et al. 2021), all inputs are resized to 224 x 224 resolution.

For object detection, we select Gen1 (de Tournemire et al.
2020) and 1 Mpx (Perot et al. 2020) automotive detec-
tion datasets to facilitate comparison with relevant baselines.
Genl dataset, recorded by a 304 x 240 resolution QVGA
event camera, includes 228k car and 28k pedestrian tar-
gets, with label frequencies of 1, 2, or 4 Hz. Adhering to
existing evaluation metrics (Perot et al. 2020; Zubi¢ et al.
2023; Gehrig and Scaramuzza 2023), we exclude targets
with boundary below 10 pixels and diagonal below 30 pix-
els. The 1 Mpx dataset, recorded in similar scenarios, of-
fers higher spatial resolution (720 x 1080) and labeling fre-
quency (30 or 60 Hz). It comprises 25 million bounding
boxes across three categories: cars, pedestrians, and two-
wheelers. We remove targets with boundary below 20 pixels
and diagonal below 60 pixels before halving resolution to
360 x 640 (Gehrig and Scaramuzza 2023).

Implementation Details For object recognition, we use
ResNet-34 (He et al. 2016) pre-trained on ImageNet (Deng



Newest Event  Earliest Event
. . Acc (%)
Timestamp Timestamp
v 89.23
v 88.95
v v 92.86

Table 2: Ablations of two temporal representations.

Representation ~ Activation « ‘ Acc (%)
Event Histogram - - 86.54
0.2 83.78
. . 0.4 84.12

sigmoid

0.6 84.05
Activated Event 0.8 83.63
Polarity (ours) 0.2 85.22
tanh 0.4 85.57
0.6 84.94
0.8 84.70

Table 3: Test accuracy of AEP and its different setups, com-
pared with Event Histogram that implicitly encode polarity.

et al. 2009) for a fair comparison, modifying the first and
last layers to accommodate our framework and the number
of classes. We train the network using an ADAM optimizer
(Kingma and Ba 2017) with a learning rate of 2e-4 and a
batch size of 32, maintaining other experimental setups con-
sistent with prior works (Gehrig et al. 2019; Kim et al. 2021).

For object detection, we adopt optimal YOLOv6 head
(Li et al. 2022) with Swin V2 transformer backbone (Liu
et al. 2022) from ERGO-12 (Zubic¢ et al. 2023), utilizing
pre-trained weights from MS-COCO (Lin et al. 2014). Fol-
lowing ERGO-12, we expand channels from 4 to 12 to en-
sure aligned temporal windows thus to fairly compare with
HOTS, TORE, ERGO-12 and etc in detection. We employ
a batch size of 16 and an ADAM optimizer with a learning
rate of le-4 for both Genl and 1Mpx datasets, maintaining
other experimental details consistent with ERGO-12.

For a comparative analysis of computational efficiency
across various representations, we follow the evaluation
metrics proposed in prior work (Gehrig et al. 2019), which
records the total time required to process a 100ms sample
from the N-Cars dataset. This evaluation was conducted on a
CPU (AMD EPYC, 64bits, 2.9GHz of RAM). All represen-
tations were implemented based on their publicly available
source code, and we utilizes identical core operators, such
as torch.scatter, to ensure a fair comparison.

5.2 Ablation Studies

In this section, we conduct ablation experiments to analyze
our key innovations. All ablation studies are performed on
the N-Cars dataset to optimize training cost.
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Representation Normalized ‘ Acc (%)
Event Frame (count) X 81.32
Normalized Event Density v 86.06

Table 4: Test accuracy of NED compared with Event Frame
that uses count measurement.

Representation
NET EET AEP NED | Acc (%) !
Time (ms)
v 89.23 0.19
v v 92.86 0.29
v v 91.33 0.33
v v v 95.92 0.60
v v v 95.37 0.31
v v v v 97.12 0.62

Table 5: Complementarity of all representations in EventPil-
lars, each of them continues improving the performance.

Temporal Representation We initially evaluate the effec-
tiveness of our temporal component TER that consists of
NET and EET. As in Tab. 2, while EET alone slightly un-
derperforms NET, the combination of them significantly en-
hances accuracy from 89.23% (NET only) to 92.86%. This
substantiates our assertion that comprehensive temporal in-
formation is essential in event-based deep learning.

Polarity Representation Next, we assess the effective-
ness of the polarity information component, AEP. As indi-
cated in Tab. 3, despite AEP’s marginally lower performance
compared to implicit polarity-recording histograms, this per-
formance gap is understandable given the richer event count
information inherent in Event Histogram. Notably, different
activation functions and « setups, as mentioned in Sec. 4.2,
influence the performance. Through experiments with var-
ious activation functions and « setups, we established that
tanh activation with @ = 0.4 provides optimal settings for
AEP. Results in Tab. 5 further demonstrate the complemen-
tary advantages of explicit AEP with other components.

Density Representation Subsequently, we evaluate the
proposed NED and its normalization design described in
Sec. 4.3. Tab. 4 illustrates that NED significantly outper-
forms the unnormalized Event Frame with count measure-
ment by 4.74%, validating the effectiveness of our design.

Comprehensive EventPillars Finally, we test the com-
plementarity of main components constituting EventPillars
through various combinations. Tab. 5 reveals that temporal
information, as corroborated by numerous previous studies,
is highly beneficial for event-based vision. Furthermore, the
integration of polarity and temporal information elevates ac-
curacy above 95%, already surpassing our primary compar-
ison methods (Kim et al. 2021; Gehrig et al. 2019). Ulti-
mately, with the introduction of density prior, our final clas-
sification performance reaches an impressive 97.12%. This



. Acc (%)
Representation
N-Caltech101  N-Cars  N-ImageNet
HOTS 21.0 62.4 443
Event Histogram 71.3 86.1 47.7
Event Image 81.4 91.3 45.8
HATS 69.1 90.9 47.1
Voxel Grid 78.5 86.5 48.1
DiST 80.9 91.5 48.4
EST 81.7 92.5 48.9
EventPillars 85.3 971 52.3

Table 6: Comparisons of representations on N-Caltech101,
N-Cars, N-ImageNet event-based recognition dataset, best is
in bold and the second is underlined.

) Representation  Speed
Representation !
Time (ms) (KEv/s)
HOTS 148.43 27.3
HATS 6.89 832.0
Voxel Grid 0.86 4586.7
DiST 2.40 1655.7
EST 5.73 691.9
EventPillars 0.62 6397.0

Table 7: Comparisons of representation time that processes
a single sample from N-Cars dataset.

demonstrates the exceptional performance of the proposed
EventPillars while reiterating the critical importance of pre-
serving comprehensive event information in dense event rep-
resentations for downstream tasks.

5.3 Benchmarks

Object Recognition Tab. 6 presents evaluation results of
various dense representations across three primary event-
based recognition datasets. Our EventPillars shows sig-
nificant performance gains over all baselines (3.6% in-
crease on N-Caltech101, 4.6% on N-Cars, and 3.4% on N-
ImageNet), underscoring its performance superiority. More-
over, it utilizes only two additional channels compared to
the representations with the fewest channels (e.g., HOTS,
Event Histogram, Timestamp Image, HATS and DiST) as
shown in Tab. 1, while substantially reducing input storage
(4.5 x reduction) relative to EST, the second-best performing
method. This also demonstrates the high storage efficiency
of our EventPillars, laying a solid foundation for the edge
deployment of event-based high-level vision.

Object Detection Tab. 8 presents a comparative analysis
of various representations in event-based detection. Notably,
EventPillars significantly enhances detection performance,
surpassing ERGO-12 by 2.7% and 3.8% respectively, which
is, to our knowledge, the existing state-of-the-art approach
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Representation ~ Augmentation mAP (%)
Genl 1 Mpx

HOTS X 49.0 38.3
TORE X 43.6 38.1
VoxelGrid X 39.5 37.5
MDES X 42.7 37.8
ERGO-12 X 493 40.0
ERGO-12 v 50.4 40.6
EventPillars X 522 42.8
EventPillars v 53.1 44.4

Table 8: Comparisons on Genl and 1 Mpx event-based de-
tection dataset. Augmentation is identical with ERGO-12.

on Genl. This demonstrates EventPillars’ robustness and
generalization across diverse high-level vision tasks, thereby
corroborating the validity of our approach further.

Representation Time Previous works (Gehrig et al. 2019;
Gehrig and Scaramuzza 2023) show that representation time
(Ims-6ms) matches downstream network inference time (3-
Sms), creating a significant bottleneck. As illustrated in
Tab. 7, the representation time of our proposed EventPil-
lars is 9.2x and 3.9 lower than the existing state-of-the-art
methods EST and DiST. This high representation efficiency
of EventPillars is particularly crucial in edge vision applica-
tion scenarios with real-time requirements.

6 Discussion

One thing to note that our primary focus is on investi-
gating effective event information encoding within a sin-
gle temporal window. Consequently, we do not incorpo-
rate approaches that implicitly express temporal informa-
tion through temporal bin partitioning, as employed in some
works. Furthermore, to maintain consistency with other
methods, we have not explored alternative temporal window
sizes, which can potentially be a factor influencing the per-
formance of EventPillars. In general, excessively short tem-
poral window may result in insufficient events accumulation,
while overly long window risks introducing too early scene
dynamics unrelated to the target into EventPillars. This lo-
cal spatiotemporal consideration of events presents a notable
distinction from temporally synchronized point cloud.

7 Conclusion

In this paper, we propose EventPillars, a comprehensive and
efficient dense event representation framework. Our work
reexamines critical features of events in X YT  space from a
pillar-based perspective, transforming asynchronous, sparse
event streams into synchronous, dense event tensors across
polarity, count, and temporal information dimensions. It
achieves state-of-the-art accuracy on both recognition and
detection with extremely low storage and minimal compu-
tation cost, exhibiting plug-and-play applicability across di-
verse downstream tasks. We hope our efforts will accelerate
the deployment of event-based vision in edge applications.
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