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EventASEG: An Event-Based Asynchronous
Segmentation of Road With Likelihood Attention

Lakshmi Annamalai and Chetan Singh Thakur , Senior Member, IEEE

Abstract—Road detection is essential in autonomous driving,
but conventional camera-based road segmentation is resource-
intensive and slow. The emergence of event cameras presents a
promising solution, with benefits such as low power consump-
tion, data sparsity, and high temporal resolution etc. Existing
approaches implement synchronous frame-based encoder-decoder
architectures, resulting in significant computational overhead.
Hence, we introduce EventASEG (Event-based Asynchronous Seg-
mentation Network), a lightweight decoder-less transformer-based
architecture, which significantly reduces the computational load.
By directly processing the asynchronous and sparse event data,
EventASEG eliminates the overhead of dense processing and event-
to-frame conversion. However, processing raw events is challenging
due to the limited contextual information of the scene. To effectively
handle this lacuna, we introduce an innovative likelihood-based
self-attention module. Comparative studies demonstrate that Even-
tASEG achieves state-of-the-art performance on public datasets
and operates with low latency and computing. Our approach is
optimized for binary segmentation tasks and is particularly well-
suited for time-critical and power-constrained robotic platforms.

Index Terms—Segmentation, transformer, event camera.

I. INTRODUCTION

ROAD segmentation is an active area of research in the
realm of safe driving of autonomous vehicles. It involves

identifying the drivable areas to construct an occupancy map. In
scenarios with minimal dynamic objects or in assisted driving
systems where humans receive assistance from autonomous
systems, road segmentation, a sub-set of semantic segmentation,
is adequate to provide essential visual cues for autonomous
navigation.

While semantic segmentation can typically be used for road
segmentation, it often falls short of meeting the stringent com-
puting and real-time requirements of autonomous vehicles.
The primary reason is that semantic segmentation will require
complex encoder-decoder architecture to recognize complex
structures of the scene. However, roads are relatively smooth
and even textured except for little variations such as shadows,
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varying light etc.. Hence, simple binary segmentation networks,
prioritizing computational efficiency and real-time performance,
are preferred for road segmentation tasks.

Conventional frame-based cameras pose challenges to achiev-
ing real-time and low-power road segmentation in autonomous
driving scenarios. A novel sensor, known as an event cam-
era [10], has emerged as an alternative for low-power and
real-time robotics applications [35]. Event cameras respond
asynchronously at the pixel level to changes in illumination,
offering benefits such as sparsity, low power consumption, high
temporal resolution, high dynamic range, etc.

While pioneering work has been carried out on segmentation
using event cameras and segmentation of roads within multi-
class segmentation frameworks, dedicated models tailored for
binary road segmentation tasks have not been explored in this
domain. However, substantial progress has been made in road
segmentation using conventional cameras (details provided in
section II). Adapting sparse and asynchronous events to these
conventional networks requires accumulating events into 2D
grids, resulting in significant latency, synchronous processing,
and unnecessary computations. Hence, there is a need for a
paradigm shift in vision processing to leverage the benefits of
event cameras.

In this letter, we address these predicaments by introducing
EventASEG, a low-compute and low-latent road segmentation
system. EventASEG is designed as a decoder-less transformer-
based segmentation network, significantly reducing the com-
putational complexity. EventASEG is structured such that it
operates on raw events, eliminating the need to accumulate
events into frames. The key contributions of this design include
i) sparse processing, working only on pixels with events, and ii)
event-driven processing, triggered only by event occurrences.

However, designing algorithms that effectively interpret raw
events is challenging due to the limited contextual information
present in events. To account for this challenge, the transformer
architecture of EventASEG is equipped with a novel likelihood
attention mechanism. Additionally, the input layer of Even-
tASEG is specifically tailored to take advantage of the temporal
information of event data, allowing it to characterize the object’s
motion.

While our approach may not be optimized for complex multi-
class segmentation tasks, which typically necessitate sophisti-
cated architectures and extensive computational resources, the
strength of our approach lies in its ability to deliver high accuracy
and efficiency in binary road segmentation, especially in sce-
narios where low latency and low computation are imperative.
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Additionally, the proposed architecture can be applied to a wide
variety of binary classification tasks such as obstacle segmen-
tation, lane segmentation, road closure detection, construction
zone detection, detection of presence or absence of animals or
vehicles or pedestrians etc, visual wake word detection, detect-
ing the presence of a hand gesture to activate smart devices,
anomaly detection, motion detection etc.

II. RELATED WORK

As this letter is the first one to explore road segmentation
using an event camera, we present here a detailed survey of
related topics.

A. Road Segmentation Using Other Sensors

The road segmentation community primarily focuses on sen-
sors such as mono and stereo cameras as well as LiDAR. LiDAR-
based road detection typically involves converting point clouds
into Birds Eye View (BEV) or Spherical View (SV) images,
followed by the application of conventional deep learning archi-
tectures. [30] converted LiDAR point cloud into a spherical view
and introduced a Convolutional Neural Network (CNN) archi-
tecture known as ChipNet with a simulated quantization scheme
for hardware-friendly segmentation. [31] assessed the impact
of reducing the spatial resolution of LiDAR images on road
segmentation performance. [32] proposed BE-PCFCN (bound-
ary enhancement Point-Cylinder CNN), a point-wise network
operating directly on LiDAR data for unstructured road segmen-
tation. [33] presented SalsaNet, an encoder-decoder-based archi-
tecture for segmenting bird’s eye view projection of point cloud.
However, LiDAR-based segmentation encounters limitations
such as high cost, low resolution, and low data acquisition rates.

Initially, camera-based road segmentation relied on low-level
features but later transitioned to semantic segmentation net-
works [18], which imposed a significant computation burden.
This spurred the development of lightweight road segmentation
networks. [13] proposed a fully convolutional network followed
by [14] where a multi-task inception-v2-based network was
introduced to realize object detection and road segmentation. A
bilateral lightweight segmentation network known as RoadNet-
RT was designed in [15]. [16] proposed a fast encoder-decoder
network to further increase the speed. A low-level feature-
dominated bilateral road segmentation network known as LFD-
RoadSeg was proposed in [17]. However, these are designed
for frame-based inputs, and adopting them for event data would
entail computational costs due to dense and synchronous pro-
cessing.

B. Event Data Processing

A comprehensive review of event data processing can be
found at [36]. Event camera processing can be classified into
three approaches: i) ideal for sparse and asynchronous data,
Spiking Neural Networks (SNN) [20] face optimization chal-
lenges due to their non-differentiable nature and often require
specialized hardware. ii) graph Convolutional Networks (GCN)

process events by converting them to dynamic spatiotempo-
ral graphs [19]. The main challenge lies in the formation of
computationally expensive graphs. iii) dense Neural Networks
(DNN), where events are stacked into 2D representations [26]
[27] to make them compatible with DNNs. These approaches
increase latency due to synchronous processing and unwarranted
computations.

C. Semantic Segmentation Using Event Camera

Existing approaches for semantic segmentation using event
cameras have followed a deep neural network-based approach.
While the state-of-the-art event-based semantic segmentation
works mentioned below include road as one of their classes,
they are designed with computationally complex blocks, limit-
ing their utility for road segmentation in constrained robotics
platforms.

The first work to explore semantic segmentation in event
cameras is [1]. Similar work was proposed in [3]. [2] proposed
a recursive and event-wise processing network, which models
g = f(event) with a Multi-Layer Perceptron (MLP) network
and a temporal coding scheme. However, this approach is not
scalable, as handling long sequences would require deeper and
complex networks. [5] proposed a network named EvDistill,
which trains a student network on frames accumulated from
unlabeled event data by distilling knowledge from a teacher
network trained with labelled image data. [6] converts events
into grid-like representation and learns semantic segmentation
in the event domain via unsupervised domain adaptation from
the image domain.

Unlike these works, [7] leveraged the properties of event data
by introducing a novel posterior attention module. However,
similar to other approaches, [7] operates on a 2D event grid,
overlooking the sparse and asynchronous nature of event data.
In contrast, EventASEG works directly on raw events and adopts
a decoder-less architecture, thereby resulting in minimal latency
and efficient computing. Unlike the posterior attention module
of [7], which operates on 2D patches, the proposed likelihood
attention module operates on the event point cloud, avoiding the
need for synchronous and dense processing.

D. Event Camera and Transformers

Transformer architecture has found its application in various
event domains such as classification [21] [22], image recon-
struction [23], semantic segmentation [7], depth estimation [24],
object detection [22] etc..

[21] introduced a patch-based event data representation as
input to the transformer. Sparsity is addressed by considering
only active patches for further processing. [23] also follows a
similar design of active and inactive patches. [22] generated a 4
dimensional tensor from event data to enable compatibility with
the transformer network. In [24], the event stream was made
compatible with ET-Net by converting the former into a grid-
like event voxel grid. [25] proposed an event-based recurrent
transformer known as EReFormer. Events are split into temporal
bins, and events in each bin are converted into event images,
which form the input for the EReFormer.
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However, these approaches involve synchronous and dense
processing. To enable asynchronous and sparse processing,
transformers have been incorporated into the spike-driven
paradigm in [28] [29] etc. However, optimizing spiking neurons
remains complex, thereby exhibiting lower accuracy compared
to dense neural networks.

III. PROPOSED SOLUTION

In this section, we delve into the technical details of Even-
tASEG. The section begins with the introduction of the likeli-
hood self-attention estimation mechanism, subsequently provid-
ing an in-depth description of the EventASEG architecture and
highlighting its adaptability to the structure of raw event data.

A. Preliminaries of Event Data

Events are emitted at pixel (x, y) at time t (with a unit of
a microsecond) with polarity p as and when the change in
intensity exceeds a given threshold. Each event has an associated
polarity, which can take the value +1 or −1, indicating whether
the intensity value at a given pixel has increased or decreased
compared to the previous value.

B. Likelihood-Based Self-Attention Estimation Mechanism

This section furnishes technical intricacies of the likelihood
self-attention estimation mechanism, elucidating the theory be-
hind how EventASEG discerns and prioritizes the relevant in-
formation from event data.

1) Standard Attention Mechanism in Transformers: Input to
the transformer is translated into query, key and value as Q ∈
RN×d, K ∈ RN×d and V ∈ RN×d. The self attention output
SA ∈ RN×d is estimated as weighted average of the rows of V
(Vj),

SAij =

N∑
j=1

θijVj . (1)

The weights θij are estimated as ψ
[
QiK

T
j√

d

]
, a non-linear

function between Qi and Kj . The non-linear function generally
used is the softmax function. Hence, θij can be written as,

θij =
exp

(
QiK

T
j

)
∑N

k=1 exp
(
QiKT

k

) . (2)

2) Likelihood-Based Attention: The input vector consists of
a set of N events E = {ei = (xi, yi, pi, ti)}Ni=1, where E ∈
RN×d, with d = 4. The input vector is converted toQ,K andV.
In the standard self-attention mechanism, θij of (1) indicates the
attention between event i and j. In our attention mechanism, we
introduce event spatial information xj and yj into this standard
self-attention mechanism.

Following the work done in [7], for a given query Qi, we
define a non-linear function between Qi and KT

j as fij =

exp
QiK

T
j√

d . The distribution of fi,x andy are modelled as Dirich-
let distribution with parameter θij , which can be interpreted as
the probability of getting the sample ej given ei. θij is estimated

by maximizing the following joint probability,

P(fi,x,y|θi) = P (fi|θi)P (x|θi)P (y|θi) . (3)

fi, x and y are assumed to be independent and identically
distributed. Substituting the probability distributions of fi,x and
y in (3), we get

P(fi,x,y|θi) =

N∏
j=1

θij
fij

N∏
j=1

θij
xj

N∏
j=1

θij
yj . (4)

We estimate the parameters by maximizing the following,

max
θi

log [P(fi,x,y|θi)] ,

s.t.
N∑
j=1

θij = 1. (5)

Combining the maximization function with the constraint, we
get the Lagrangian L(θij , λ) as,

L(θij , λ) =

N∑
j=1

[fij + xj + yj ]log θij + λ

⎛
⎝1−

N∑
j=1

θij

⎞
⎠ .

(6)
DifferentiatingL(θij , λ)with respect toθij and setting it equal

to zero, θij turns out to be,

fij
θij

+
xj
θij

+
yj
θij

− λ = 0, (7)

θij =
fij + xj + yj

λ
. (8)

Substituting (8) into the constraint
∑N

j=1 θij = 1, we solve
for λ,

N∑
j=1

fij + xj + yj
λ

= 1,

λ =

N∑
j=1

fij + xj + yj . (9)

Substituting the value of λ into the (8), we get the estimate of
θ as

θij =
fij + xj + yj∑N

k=1 fik + xk + yk
. (10)

C. Architecture of Frameless EventASEG

The network architecture is shown in Fig. 1. EventASEG’s ar-
chitecture starts with an event data encoding block, which takes
an input vector (of dimension N ) of raw causal event sequence
E. Each event in E comprises 4 elements, ei = (xi, yi, pi, ti).
Event data encoding projects each 4 dimensional causal event
vector onto a learnable embedding space of 12 dimensions, con-
structed with a dense layer of 12 neurons. Positional information
is introduced by adapting the embedding layer of the deep learn-
ing framework, KERAS. Given an input integer corresponding
to the position of the event, the positional embedding layer learns
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Fig. 1. Architecture of EventASEG. When an event ei occurs, itsN causal raw events are fed to EventASEG. The event data is projected onto learnable embedding
space, followed by the application of positional encoding. The transformer of EventASEG is comprised of M = 4 blocks, each comprising the following elements:
i) multi-head attention and ii) feed-forward network. The conventional scaled dot-product attention estimation of multi-head attention is substituted with the
proposed novel likelihood attention estimation module. The final layers of the architecture include two dense layers and a classification layer.

to generate a 12 dimensional vector, which is then added to the
12 dimensional projection of events.

The architecture consists of M = 4 feature extraction blocks
stacked one upon the other to enable the network to capture
complex structures. The core of each block is a multi-head
attention module with four self-attention heads. The traditional
scaled dot product-based attention estimation mechanism has
been replaced with our custom module, which was described in
the previous section. The attention weights, θij , ofN events are
computed using (10) and the output j of the attention module
is calculated as θijVj . This is followed by layer normalization
and residual connection to prevent vanishing gradients. Feature
extraction block ends with a feed-forward network consisting of
two dense layers with 24 and 12 neurons, respectively, utilizing
the GeLu activation function.

The feature extraction block is succeeded by layer normal-
ization and two dense layers with 2048 and 1024 neurons, with
each layer being followed by the GeLu activation function. The
final features are fed to a classification layer to predict the
segmentation label of the given event.

IV. EXPERIMENTS AND RESULTS

This section presents and discusses the experimental results
encompassing ablation study and comparison with state-of-the-
art semantic segmentation methods in terms of performance,
computation, and latency.

A. Dataset

The experiments were conducted on two publicly available
datasets: the DSEC-Semantic dataset, an offshoot of the original
DSEC dataset [8] and DDD17 [1]. The DSEC-Semantic and
DDD17 dataset consists of 11 and 6 pixel-level semantic labels,
respectively. The multi-labels of DSEC-Semantic and DDD17
were merged into two labels, road and non-road, by combining
the events of non-road into one class. The train and test sequences
are chosen similarly to [6] [7].

In the ground truth annotations provided by DSEC at a 50 ms
interval, each pixel location is associated with a label indicating
its classification as road or non-road. However, due to the high
temporal resolution of the events, multiple events can occur in
the given pixel location during 50 ms intervals. Hence, events
occurring at the same pixel location within this interval are
assigned the same label based on the most recent ground truth
available.

B. Implementation Details

The input to the transformer (ti, pi, xi, yi) is normalized using
the feature mean and variance estimated from the training data.
The value of t is normalized between 0 to 1 within each N
sequence. The weights are initialized randomly using Xavier
uniform initialization. The network is trained using AdamW [9]
optimizer with a batch size of 256, learning rate of 0.0001, and
weight decay of 0.0001 for a total of 15 epochs. During training,
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TABLE I
COMPARISON OF THE PROPOSED APPROACH WITH STATE-OF-THE-ART SEMANTIC SEGMENTATION METHODS ON THE DSEC-SEMANTIC DATASET AND DDD17
DATASET IN TERMS OF PERFORMANCE (ACCURACY AND MIOU) AND EFFICIENCY (NUMBER OF PARAMETERS IN MILLION, GFLOPS, AND INFERENCE TIME)

N event samples from the dataset were fed into the network,
and the loss was computed with the corresponding ground truth
label available at the end of the interval at which ground truth
annotation was available.

C. Performance Comparison With State-of-The-Art Methods

EventASEG is the first to provide event-level segmentation
of roads. State-of-the-art segmentation techniques typically pro-
vide semantic labels at the pixel level. Since there is no similar
kind of work, we compare EventASEG with related semantic
segmentation methods, including EvSegNet [1], VID2E [3],
EvSegFormer [7] and Mask2Former [34].

State-of-the-art semantic segmentation methods are retrained
for binary road segmentation tasks, with inputs generated by
accumulating events as proposed in the respective papers. The
input to [34] is similar to that of [1], but with three channels.
A single representation is used to assimilate information from
positive and negative polarity events. [34] was initialized with
Swin Large pre-trained weights. Default parameters of publicly
available implementation have been used to train these networks.

Table I shows the results of the comparison on DSEC-
Semantic and DDD17 datasets in terms of accuracy and mean
Intersection Over Union (mIOU). It is worth noting that for a bi-
nary classification task such as road segmentation, a decoder-less
network is sufficient to achieve performance at par with state-
of-the-art semantic segmentation networks. It is also important
to highlight that, unlike state-of-the-art semantic segmentation
methods, EventASEG operates on raw events, showcasing its
unique approach in this domain.

D. Efficiency Comparison With State-of-The-Art Methods

In this section, we rigorously evaluate the computational
efficacy and latency characteristics of EventASEG, achieved
through event-driven processing and optimal network architec-
ture design.

1) Event-Driven Vs. Frame-Driven Processing: This section
demonstrates the efficacy of EventASEG’s event-driven process-
ing, validating the tangible benefits that it brings by inheriting
the low latency and sparsity benefits of the event camera.

a) Power Efficiency via Efficient Computing: The state-of-the-
art event segmentation methods convert events into 2D grids and
subsequently apply segmentation networks to process this data.
Consequently, these methods must process M ×N × C data
within a given time period δt, whereM ,N , andC represent the

Fig. 2. Left plot: Histogram of number of data points (|E|) processed by
EventASEG within a 50 ms interval. x axis represents |E| and y axis shows the
number of 50 ms windows with |E| events. Note the variability in the number
of data points from 0.017 ∗ 105 to 0.32 ∗ 105, allowing efficient allocation of
compute resources. Right plot: Histogram of latency induced by EventASEG
while accumulating N = 50 events. x axis indicates the latency δt. It is
estimated as the average of the time of occurrence of N = 1 and N = 50th

event within 50 ms interval. y axis shows the number of 50 ms windows with
δt latency. Latency is consistently low, ranging from 1− 10 μs.

rows, columns, and channels of the 2D event grid respectively.
To provide an illustrative example, let’s consider a particular
frame-based method, EvSegNet. The volume of data to be pro-
cessed within a time interval of 50 ms amounts to approximately
1.8432 ∗ 106 (M ×N × C, M = 640, N = 480, C = 6), re-
gardless of whether or not there are significant changes in the
scene.

In contrast, the event-driven processing of EventASEG fa-
cilitates the dynamic allocation of resources based on scene
dynamics. To empirically validate the same, we present the
density plot of the number of input data points processed by
EventASEG every 50 ms in Fig. 2 (left plot). The plot illustrates
that the number of data points to be processed varies dynamically
based on the information content of the scene, ranging from
0.017 ∗ 105 to 0.32 ∗ 105. Moreover, the average number of
data points that EventASEG processes within 50 ms interval
are approximately 0.102 ∗ 105 � 1.8432 ∗ 106.

b) Low Latency; Traditional event segmentation algorithms
accumulate events within a time interval δt into 2D grids,
introducing a minimum latency of δt (e.g., 50 ms for the DSEC-
Semantic dataset). In contrast, EventASEG accumulates only a
small number (N = 50) of events. Fig. 2 (right plot) shows the
histogram of latency associated withN = 50 events. The latency
is estimated as average within every 50 ms interval. Given the
small value of N and the high temporal resolution of the event
camera, the plot demonstrates negligible latency compared to
traditional methods.
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Fig. 3. Visual results of EventASEG on DSEC-Semantic dataset. Red (road)
and cyan (non-road) colours are assigned based on the true (left) and predicted
(right) labels.

2) Benefits of Decoder-Less Architecture: To ascertain the
supremacy of the decoder-less architecture of EventASEG in
terms of latency and compute, Table I presents a comprehensive
comparison with respect to the number of parameters in a
million (M), GFLOPs, and inference time estimated on NVIDIA
GeForce RTX 3090 GPU. Note that state-of-the-art segmenta-
tion networks typically exhibit significant computational com-
plexity. In contrast, EventASEG requires a minimal number of
parameters and fewer computations, which consequently leads
to faster inference speeds.

E. Ablation Study

1) Qualitative Analysis: This section presents the visual re-
sults of the proposed method on the DSEC-Semantic dataset
(Fig. 3) and the DDD17 dataset (Fig. 4). The top row shows the
spatio-temporal event point cloud. These events are converted
into a 2D grid by populating each pixel with the latest event
that occurred within the duration of 50 ms and furnished in
the bottom row. The events/pixels are colour-coded as per their
ground truth (left plots) and predicted labels (right plots). Upon
observation, it becomes evident that the proposed algorithm
achieves high accuracy in segmenting the events as road or
non-road. More visual results are provided in the supplementary
video.

2) Different Values of N: In this section, we conducted a
comparative analysis of EventASEG’s performance across vari-
ous choices of N (left of Table II) . We observed an increase
in accuracy and mIOU with an increase in the value of N .
However, the performance improvement stagnated whenN was
increased beyond 50. This suggests that while a larger value
of N contributes to improved performance, the performance
gain becomes minimal beyond a certain value of N . Therefore,
to strike a balance between performance and latency, we have

Fig. 4. Visual results of EventASEG on DDD17 dataset. Color assignment as
described in Fig. 3.

TABLE II
LEFT PLOT: ABLATION STUDY OF EVENTASEG FOR VARYING VALUES OF N

TABLE III
COMPARISON OF THE PROPOSED EVENTASEG WITH ADDITIONAL

CONVENTIONAL SEGMENTATION NETWORKS (∗ RETRAINED FOR BINARY

SEGMENTATION)

chosen N = 50 as the optimal value for the experiments that
follow.

3) Attention Mechanism: Table II (right plot) shows the com-
parison between the proposed attention mechanism and the
conventional scaled dot-product attention. The results clearly
indicate that the introduction of a special attention mechanism
effectively enhances the performance of road segmentation with
only a minimal increase in computation (two additions in the
numerator and 2 ∗N additions in the denominator).
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Fig. 5. Visualization of result from zurich_13_a sequence. (a) Event frame (left plot) and ground truth label (right plot). Pink: Road, Black: non-road.
(b) Ground truth label of events (left plot). The event label is predicted by EventASEG (right plot). (c) Predicted pixel label of SegFormer [37], PSPnet [38]
[39], DeepLabV3 [40], DeepLabV3+ [41], FCN [42], MobileNetV3 [44] (top left to bottom right).

F. Extended Comparative Analysis

This section presents the results of comparing EventASEG
with a broader range of state-of-the-art semantic segmentation
networks to provide a clearer context for its performance. At
intervals of 50 ms, the events are aggregated into a 3 channel
representation similar to the input of Mask2former [34] as
explained in section IV-C. State-of-the-art conventional road
and semantic segmentation networks such as LFD _ Road-
seg [17], SegFormer [37], PSPnet [38] [39], DeepLabV3 (Mo-
bileNetV2) [40] [43], DeepLabV3+ (MobileNetV2) [41] [43],
FCN (MobileNetV2) [42] [43], MobileNetV3 [44] have been
trained for the binary segmentation task. Networks are initialized
with their respective pre-trained weights. The default parameters
from the implementation provided at [45] have been adhered
to during training. The experiments in this section utilize the
DSEC-Semantic dataset.

1) Qualitative Comparison: This section provides visual re-
sults of EventASEG and other state-of-the-art semantic segmen-
tation networks. Fig. 5(a) shows the event image and ground
truth labeling of pixels. Results of conventional algorithms are
presented in Fig. 5(c). The true and predicted event labels of
EventASEG are provided in Fig. 5(b). State-of-the-art semantic
segmentation networks display a higher rate of false positives.

2) Quantitative Comparison: This section compares Even-
tASEG with state-of-the-art methods in terms of performance
(accuracy and mIOU) and efficiency (parameters and GFLOP).
Note that except for SegFormer [37] and DeepLabV3+ [41] [43],
other methods do not match the performance of EventASEG.
Moreover, the computational complexity of state-of-the-art
methods, including SegFormer [37] and DeepLabV3+ [41] [43],
far exceeds that of the proposed EventASEG.

V. DISCUSSION

In this section, we discuss the analysis of the potential benefits
and limitations of our approach, aiming to elucidate the appli-
cability of the proposed method in both simple and complex
scenarios.

EventASEG has been meticulously designed as a simple
decoder-less architecture to tackle binary segmentation tasks,
particularly in resource-constrained scenarios. Our approach, as
applied to road segmentation, shows performance on par with

state-of-the-art road segmentation while displaying a significant
reduction in computational complexity and latency.

Additionally, the proposed EventASEG architecture can be
used for a wide variety of binary classification and segmentation
tasks such as i) detecting the presence or absence of pedestrians
or obstacles in autonomous vehicles, ii) detecting the presence or
absence of a specific hand gesture to enable the human-computer
interaction, iii) recognizing binary commands such as thumbs
up or down in smart devices, iv) suspicious activity detection in
surveillance systems etc

However, extending the proposed approach to a multi-class
segmentation task presents several challenges. While we do not
present here the complete experimental results of extending the
proposed approach to multi-class segmentation, it’s important
to note that the performance of EventASEG deteriorates with
an increase in the number of classes. The inherent complexity
of the multi-class segmentation task necessitates modifications
to our architecture to achieve state-of-the-art performance. This
will be thoroughly explored in our future research.

VI. CONCLUSION

This letter introduced EventASEG, an event camera-based
decoder-less and event-driven road segmentation solution suit-
able for real-time and resource-constrained robotics applica-
tions. Empirically, we showed that EventASEG exhibits minimal
latency and computational complexity while achieving state-
of-the-art performance in terms of accuracy and mIOU. The
re-factored transformer of EventASEG, along with a likelihood
self-attention mechanism, helped in overcoming the challenges
faced in raw event processing. In future research, we aim to
extend the proposed binary classification framework to encom-
pass multi-class semantic segmentation tasks.
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