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Abstract

Event cameras have gained attention in segmentation due
to their higher temporal resolution and dynamic range com-
pared to traditional cameras. However, they struggle with is-
sues like lack of color perception and triggering only at mo-
tion edges, making it hard to distinguish objects with sim-
ilar contours or segment spatially continuous objects. Our
work aims to address these often overlooked issues. Based
on the assumption that various objects exhibit different mo-
tion patterns, we believe that embedding the historical mo-
tion states of objects into segmented scenes can effectively
address these challenges. Inspired by this, we propose the
ESS framework “Know Where You Are From” (KWYAF),
which incorporates past motion cues through spatio-temporal
propagation embedding. This framework features two core
components: the Sequential Motion Encoding Module (SME)
and the Event-Based Reliable Region Selection Mechanism
(ER2SM). SMEs construct prior motion features through
spatio-temporal correlation modeling for boosting final seg-
mentation, while ER2SM adapts to identify high-confidence
regions, embedding motion more precisely through local win-
dow masks and reliable region selection. A large number of
experiments have demonstrated the effectiveness of our pro-
posed framework in terms of both quantity and quality.

Code — https://github.com/SchuckLee/KWYAF

Introduction
In recent years, progress in deep learning has led to the de-
velopment of semantic segmentation models such as (Ron-
neberger, Fischer, and Brox 2015; Xie et al. 2021; Xu et al.
2024), significantly improving segmentation performance.
These methods mainly rely on traditional frame-based cam-
eras, which are difficult to handle the challenges of mo-
tion blur, over/underexposure in scenarios with high-speed
or extreme lighting conditions. To tackle this issue, event
cameras (Lichtsteiner, Posch, and Delbruck 2006; Suh et al.
2020) have emerged. Event cameras generate sparse data
streams by capturing brightness changes of moving pixels
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(A)

It’s underexposed, I 
can’t see the details.

Please segment these 
two RGB images.

Segmentation
models

(B) Previous ESS 
methods

We could use event
cameras to solve this.

Better! But they look
the same, I can't tell a
determined prediction. 

(C) KWYAF
(ours)

Prior Motion 
Cues

We can introduce the 
spatio-temporal prior
motion cues in events!

Now I can see a person 
and someone riding a 
bike. Now it is clear!

Figure 1: Illustration of our motivation. Event cameras can
overcome the inherent limitations of RGB frames; however,
the sparse data from event cameras lack color information
and often display similar textures along object edges. By in-
corporating historical motion trajectories, we aim to equip
models with prior motion states of each object for enhanc-
ing the semantic prediction capabilities.

only (Gallego et al. 2020), demonstrating superior perfor-
mance in high-speed motion and complex lighting environ-
ments(Deng, Chen, and Li 2024; Liu et al. 2024). Explor-
ing event-based semantic segmentation methods can signifi-
cantly enhance system adaptability in complex dynamic en-
vironments, presenting significant research value.

Despite the aforementioned advantages of event cam-
eras, current methods for event-based semantic segmen-
tation (ESS) remain limited. Most existing methods tend
to enhance the learning of sparse event data by adapting
them to mature learning architectures designed (Alonso and
Murillo 2019; Jia et al. 2023), employing domain adapta-
tion techniques (Sun et al. 2022c; Jing et al. 2024), propos-
ing cross-domain feature synthesis approaches (Jiang et al.
2023; Das Biswas et al. 2024; Yao et al. 2024) or introducing
new types of activation functions (Kim, Chough, and Panda
2022; Zhang et al. 2024).

Generally, these approaches treat event data as a special
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form of images for model customization, while neglecting
the nature of event cameras that their outputs are sparse,
lack of color perception and commonly triggered at moving
edges only. These peculiar properties of event cameras com-
paring to RGB images would hinder models make correct
prediction when come across situations such as segment-
ing spatially continuous or similarly shaped objects. In this
work, we suggest that supplementing prior motion knowl-
edge to segmentation scenes may address above problems,
since the motion modes and states of objects are generally
differs from each other. As shown in Figure 1, it is challeng-
ing to distinguish a person with or without a bicycle due to
the sparse and edge-similar output format while we solve
this issue by providing their historical motion information.

In this work, we propose a novel event-based semantic
segmentation framework called Know Where You Are From
(KWYAF), which integrates the historical spatio-temporal
information of event signals to impart prior motion cues to
the scene being segmented, thereby enhancing semantic pre-
diction. We first uniformly divide the entire input event se-
quence into multiple segments along the temporal dimension
and stack them into voxel grids as inputs to the framework.
Subsequently, we introduce the Sequential Motion Encod-
ing module (SME), where a series of SMEs are utilized to
embed the motion process of the segmentation scene to con-
struct joint spatio-temporal features. Within each SME, it
starts by calculating the visual correlation volume (Corr) be-
tween features extracted from earlier motion features and the
current event segment, then updating motion features con-
taining current spatio-temporal cues and refining the event
features jointly by cross-attention mechanisms. As time pro-
gresses, subsequent features gradually incorporate more dy-
namic context from earlier features, and finally form the
prior-motion-awareness representation of the segmentation
scene for final prediction.

Furthermore, considering the noisy and sparse nature of
event data, we propose an Event-based Reliable Region Se-
lection Mechanism (ER2SM) to ensure the reliability of
the extracted motion cues within SMEs. Particularly, the
ER2SM consists of two selective processes such as lo-
cal window masking (LWM) and reliable region selection
(RRS), which aims to avoid confusion from distant noisy
areas and recognize high-confidence regions during motion
embedding w.r.t the event density. Finally, we integrate the
spatio-temporal features across all input event segments and
feed them into an off-the-shelf decoder CFM (Sun et al.
2022a), for the final prediction.

In summary, our contributions are as follows:

• We propose a novel ESS framework named KWYAF.
KWYAF aims to inject the prior spatio-temporal prop-
agation clues into the segmentation scene, thereby alle-
viating the segmentation accuracy limitations caused by
the lack of color perception and high sparsity of event
cameras.

• By introducing the Sequential Motion Encoding mod-
ule (SME) , the model can endow the historical motion
states to the segmentation scene, contributing the spatio-
temporal information of event data to segmentation tasks.

• We design an Event-based Reliable Region Selection
Mechanism (ER2SM). By combining local window
masking and reliable region selection based on event den-
sity, ER2SM can effectively select high-confidence re-
gional features for precise motion capturing with SMEs.

• Experimental results on DDD17 (Binas et al. 2017) and
DSEC-Semantic (Gehrig et al. 2021) datasets demon-
strate that our method achieves state-of-the-art perfor-
mance w.r.t event-based semantic segmentation.

Related Work
Semantic Segmentation
Semantic segmentation can be seen as a pixel-level classi-
fication task (Long, Shelhamer, and Darrell 2015). Initial
works such as U-Net (Ronneberger, Fischer, and Brox 2015)
and SegNet (Badrinarayanan, Kendall, and Cipolla 2017)
present huge potential of this task in practice. Benefiting
from the progress in Transformer-based networks (Xie et al.
2021; Cheng et al. 2022; Jain et al. 2023) and unsupervised
learning techniques (Lan et al. 2023; Niu et al. 2024), mod-
els for segmentation achieve further performance improve-
ment. To make segmentation models more general to dy-
namic scenes in real world, several video semantic segmen-
tation (VSS) studies are proposed aiming to utilize tempo-
ral context for better understanding scenarios with complex
motion conditions. Methods such as EFC (Ding et al. 2020)
and ETC (Liu et al. 2020) adopt frame-by-frame inference,
considering temporal consistency between frames as an ad-
ditional constraint; TMANet (Wang, Wang, and Liu 2021)
and TDNet (Hu et al. 2020) use attention-based approaches
to aggregate features from sequential frames, enhancing tar-
get segmentation. Recently, MRCFA (Sun et al. 2022b) and
CFFM++ (Sun et al. 2024) recognize the multi-scale interac-
tive effects between reference frames and target frames and
achieve SOTA performance on this task. This paper gener-
alizes the motivation of VSS to the ESS field. Considering
the disadvantages of events being sparse and generated only
at edges, we believe that incorporating motion context of
the scene can assist the network in making more accurate
predictions. In addition, the SME and ER2SM designed ac-
cording to the imaging nature of event cameras assure the
effectiveness and reliability in the process of forming event-
based motion representations.

Event-based Semantic Segmentation (ESS)
The initial work (Alonso and Murillo 2019) in ESS presents
event streams as frame-based representations and adapt
Xception (Chollet 2017) structure for final prediction, in
which the first ESS dataset DDD17 is provided. To fur-
ther exploit the potential of event data, multiple perspec-
tives of studies has been proposed by researchers. For ex-
ample, methods in (Kim, Chough, and Panda 2022; Zhang
et al. 2024) try to fit the asychronous nature of event data us-
ing spiking neural networks; approaches in (Jia et al. 2023;
Smith, Doe, and Lee 2023) take advantages of powerful en-
coding ability in long-range features of Transformer-based
networks for the ESS task. Another popular stream aims to
utilize knowledge from other domains (Wang et al. 2021;
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Figure 2: Overview of the proposed Know Where You Are From (KWYAF) framework. The green region on the right illustrates
the Sequential Motion Encoding (SME) module, which infers and integrates spatio-temporal propagation messages between
event segments. Within the SME module, we also highlight the Event-based Reliable Region Selection Mechanism (ER2SM),
specifically addresses the negative effects caused by event noise and sparsity. Through the combined effects of Local Window
Masking (LWM) and Reliable Region Selection (RRS), ER2SM empowers SME to identify high-confidence regions and ag-
gregate reliable motion information.

Sun et al. 2022c; Das Biswas et al. 2024; Kong et al. 2024)
such as RGB images or introduce self-supervised learning
pipelines (Klenk et al. 2024) to enhance the optimization
of ESS models. While large performance gain is achieved
by previous works, they commonly overlook the issues of
highly sparse events triggered mainly at motion edges and
the lack of color perception in event cameras, resulting in
difficulties of distinguishing objects with similar contours
(Figure 1). To address this, we propose the KWYAF frame-
work consisting of the SME and ER2SM, endowing the seg-
mented scene with historical motion knowledge, thereby en-
hancing its semantic prediction capabilities.

Method
Problem Formulation
Event Representation. Event data are typically defined
as a set E = {ej}N = {(xj , yj , tj , pj)}N , where x, y are
pixel coordinates, t represents the event’s timestamp, and p
indicates the polarity (either positive or negative), reflect-
ing an increase or decrease in brightness changes. In this
work, we divide the input event stream E into multiple seg-
ments equally by time interval. Following prior work (Wang
et al. 2021), each segment Ek is converted into a voxel
grid Vk ∈ RB×H×W to be used as input for the network,
where {H,W} is the resolution of sensors and the integra-
tion channel B is defined as 3 in our approach.

Consequently, we obtain a sequence of voxel grids
{Vk}Sk=1, where we set S as 4 and focus on segmenting the
latest one V4.

Learning Pipeline. As shown in Figure 2, the pro-
posed KWYAF takes a sequence of event represen-

tations ({Vk}4k=1) as input to extract dense features
{Fi ∈ RC×HF×WF }4i=1 which represent the spatio-
temporal semantics behind each event segments.

Here, C (equals to 256) represents the number of fea-
ture channels, and the size of {HF ,WF } equals to {H

8 ,
W
8 }.

Then, these features are fed into the Sequential Motion
Encoding modules (SMEs) for embedding spatio-temporal
propagation to construct prior motion representations for en-
hancing the final prediction on V4. Through combining with
the proposed Event-based Reliable Region Selection Mech-
anism (ER2SM), SME can extract accurate motion mes-
sages by identifying high-confidence regions across event
segments, discarding the coding of motion regions that are
likely to have errors. Finally, we input the refined features
from all event segments into an off-the-shelf decoder CFM
(Sun et al. 2022a) for segmentation. In the following, we
will detail two core designs in our method, i.e., SME and
ER2SM.

SME: Sequential Motion Encoding
As shown in Figure 2, the input to the i-th SME module
is the prior motion embedding Pi output from the previ-
ous layer and the feature Fi+1 of the current event segment
Ei+1. Our goal is to enable Fi+1 to perceive how it has been
evolved from earlier event segment scene. To this end, we
first calculate the correlation volume (Teed and Deng 2020)
between Pi and Fi+1 to acquire spatio-temporal relation-
ships between them as formulated in Eq. 1.

Corri = Fi+1P
T
i ∈ RHF×WF×WF×HF , (1)

where the first two dimensions (HF ,WF ) of Corr represent
the feature point locations in Fi+1, and the last two dimen-
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sions (WF , HF ) represent the similarity between each fea-
ture point in Fi+1 w.r.t all feature locations in Pi. However,
as event data is noisy and commonly reliable only at mo-
tion edges, inevitable erroneous within the Corr related to
these locations, leading to imprecise spatio-temporal propa-
gation modeling. To this end, we apply the ER2SM to Corr
for regularizing prior motion knowledge by recognizing and
selecting high-confidence regions for feature aggregation,
resulting in rectified correlation volume Ĉorri. The details
of ER2SM are placed in the next section.

Next, similar to most re-weighting mechanisms (Zhang
et al. 2022; Shen et al. 2024), we apply SoftMax to obtain
a probability distribution and multiply it by the linearly pro-
jected Fi+1, resulting in the updated motion feature Pi+1

with newly embedded spatio-temporal cues from Ei+1 as
shown in Eq. 2.

Pi+1 = SoftMax
(
Ĉorri/

√
C
)
Linear (Fi+1) . (2)

In this way, Pi+1 ∈ RC×HF×WF can perceive motion
transforming process from the first event segment E1 to cur-
rent segment Ei+1. Intuitively, we can then update Pi+1 as
Pi+2 with the next SME module for fusing the long-range
motion propagation from E1 to Ei+2. Notably, we suggest
that although the calculated feature Pi+1 contains sufficient
motion information across event segments, it may lose some
spatial contextual features that are also critical to segmen-
tation. Therefore, to retain the semantics of Fi+1 itself, we
concatenate Pi+1 with the original feature Fi+1 and perform
dimensional reduction, resulting in F̂i+1 ∈ RC×HF×WF as
the input to the CFM for final prediction:

F̂i+1 = Linear (Concat (Pi+1, Fi+1)) . (3)

By applying our SME module across the input event seg-
ments, we encode the motion propagation of the scene, en-
abling subsequent event features to build motion awareness
from historical motions, thereby endowing the scene to be
segmented with prior motion awareness.

ER2SM: Event-based Reliable Region Selection
Considering the capturing characteristics of event cameras,
the resulting motion correlation volume (Corr) may be im-
paired by event noise or regions with low event densities.
To address this, we propose the Event-based Reliable Re-
gion Selection Mechanism (ER2SM), illustrated in Figure 3,
which focuses the network on aggregating high-confidence
feature regions through the combined effect of local window
masking and reliable region selection strategies, thereby en-
hancing the fidelity of extracted motion messages.

Local Window Masking (LWM). Event cameras natu-
rally lack of color capturing and with relatively low reso-
lution, so it is challenging for models to evaluate similarities
between pixels during motion correlation calculation, e.g.,
distinguishing whether these pixels are truly related or just
have similar appearances. To alleviate these issues, we set an
assumption that the motion messages are mostly related to
or propagated from its spatio-temporal neighborhood. Based
on this assumption, we propose a Local Window Masking

𝑭𝒊+𝟏𝑷𝒊

Event Signals

(𝒙𝒄, 𝒚𝒄)

𝑪𝒐𝒓𝒓𝒊 ∈ ℝ
𝑯𝑭×𝑾𝑭×𝑾𝑭×𝑯𝑭 𝓒𝒊

𝒙𝒄𝒚𝒄 ∈ ℝ𝑾𝑭×𝑯𝑭

.

𝑳𝑾𝑴𝒊
𝒙𝒄𝒚𝒄 ∈ ℝ𝑾𝑭×𝑯𝑭
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Compute for
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(𝒙𝒄, 𝒚𝒄)

Figure 3: Illustration of our ER2SM module. The correlation
volume are refined jointly with the proposed local window
masking and reliable region selection strategies.

(LWM) operation applied to the correlation volume (Corr)
calculated by Eq. 1, making motion embedding in each lo-
cation focus on its neighborhood and isolated with distant
unrelated messages. As shown in Figure 3, for any coordi-
nate (xc, yc) in Corri, we can get a corresponding feature
map (Cxcyc

i ∈ RWF×HF ), in which each value represents
the correlation level of Fi+1 and Pi. Next, we introduce
the LWMxcyc

i with the same size of Cxcyc

i , taking the loca-
tion (xc, yc) as the center, assigning 1 to the adjacent region
(Ra ∈ Rm×m) of the location (xc, yc) and 0 to the distant
region. In this way, while may lose some distant relevant as-
sistance, our model can largely benefits from avoiding the
influence of distant noise and unrelated pixels with similar
appearances. This work sets m as 7 for all datasets experi-
mentally as referred in Table 5.

Reliable Region Selection (RRS). We observe that al-
though event inputs are very sparse, due to pooling and ag-
gregation of receptive fields, such inputs become dense high-
level semantic features after being encoded by multi-layer
neural networks. Such dense features are undoubtedly nec-
essary for the goal we want to achieve, not only because
we need to get dense semantic segmentation prediction, but
also because we also want to find the association relationship
from the joint representation of local appearance and high-
level semantics in motion coding. However, we also realize
that it is not intuitive or reasonable to search for motion as-
sociation in the area where there is no event trigger in the
input. Therefore, we also propose a simple yet effective re-
liable region selection (RRS) strategy to achieve high confi-
dence region selection based on sparse event density besides
the LWM. Specifically, as shown in Figure 3, we first use the
events Ei→i+1 to generate an event histogram (Histei , Eq. 4)
then obtain the RRSi mask as formulated in Eq. 5. Notably,
different from the LWM that requires to be computed for
each coordinate in Corr, the RRSi mask is consistent for all
locations.

Histei (x, y) =
∑

ej∈Ei→i+1

δ(x− xj , y − yj), (4)

RRSi(x, y) =

{
1 if Histei (x, y) ̸= 0

0 if Histei (x, y) = 0
. (5)
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RGB Event GT ESS-Sup CFFM++ KWYAF(ours)

Figure 4: Qualitative results on the DDD17 dataset. Com-
pared to leading ESS and VSS methods, our approach
demonstrates reliable predictions for moving targets.

Finally, we can combine RRSi ∈ RHF×WF with
LWMi ∈ RHF×WF×WF×HF for reliably selecting motion
embedding regions by jointly considering sparse & noisy
nature of event cameras, where the ER2SM in Eq. 6 can be
detailed as follows.

Ĉorri =ER2SM (Corri)

=Corri · LWMi · RRSi.
(6)

Segmentation Head & Losses
This stage aims to integrate multi-segment spatio-temporal
features for final prediction, and we achieve this target by
adopting an off-the-shelf VSS decoder CFM (Sun et al.
2022a). This module enhances the target feature to be seg-
mented through cross-attention operation. As for training,
we choose commonly used cross-entropy (CE) loss and Dice
loss in this work for model optimization.

Experiment
We conduct experiments on two commonly used ESS
datasets, DDD17 (Binas et al. 2017) and DSEC-Semantic
(DSEC) (Gehrig et al. 2021), and compare our method with
state-of-the-art (SOTA) supervised ESS methods as well as
the baseline model SegFormer (Xie et al. 2021). Among
them, EV-SegNet (Alonso and Murillo 2019), ESS-Sup (Sun
et al. 2022c), EvSegFormer (Jia et al. 2023), HMNet (Smith,
Doe, and Lee 2023), and SpikingEDN (Zhang et al. 2024)
perform ESS training only with events, consistent with our
approach. Unlike these methods, E2VID (Rebecq et al.
2019), EvDistill (Wang et al. 2021), Vid2E (Gehrig et al.
2020) and ESS (Sun et al. 2022c) use knowledge transfer
techniques from RGB to event domains. Additionally, to
demonstrate the effectiveness of our KWYAF method, we
also compare it with advanced VSS methods such as CFFM
(Sun et al. 2022a), MRCFA (Sun et al. 2022b), and CFFM++
(Sun et al. 2024). We adopt mean Accuracy (Acc), mean In-
tersection over Union (mIoU) as evaluation metrics.

Evaluation on the DDD17 Dataset
Dataset and Training Details. DDD17 (Binas et al. 2017)
is the first event-based semantic segmentation dataset cap-
tured by a DAVIS sensor. Due to the relatively low resolu-
tion (346 × 260), multiple categories are merged and pro-
vide labels with six classes. We use the lightweight Seg-
Former backbone MiT-B0 as the network encoder. As for

Method Venue Backbone Acc mIoU

VSS methods
CFFM CVPR’22 MiT-B0 89.39 56.67
MRCFA ECCV’22 MiT-B0 89.46 56.32
CFFM++ TPAMI’24 MiT-B0 89.72 57.03

ESS methods
Ev-SegNet CVPRW’19 Xception 89.76 54.81
E2VID TPAMI’19 U-Net 85.84 48.47
Vid2E CVPR’20 Xception 90.19 56.01
EvDistill CVPR’21 ResNet34 - 58.02
ESS ECCV’22 E2VID 88.43 53.09
ESS-Sup ECCV’22 E2VID 89.12 56.67
EvSegFormer TIP’23 MiT-B1 94.72 54.41
SpikingEDN TNNLS’24 SNN - 53.15
SegFormer NIPS’20 MiT-B0 89.34 52.76
Ours MiT-B0 90.04 57.69
ESS-Sup* ECCV’22 E2VID 91.08 61.37
Ours* MiT-B0 91.32 62.41

Table 1: Results on the DDD17 dataset. All scores are given
in percentage (%). *: Constructing Voxel grids w.r.t event
numbers following (Sun et al. 2022c).

input, we build each voxel gird using events within 50ms
interval following (Alonso and Murillo 2019; Smith, Doe,
and Lee 2023; Zhang et al. 2024). During training, we em-
ploy data augmentation techniques such as random resizing
and flipping, and train for 60 epochs with the batch size of
32. We utilize the AdamW and “poly” learning rate sched-
ule, with an initial learning rate of 1e-3. All experiments are
implemented using Pytorch on two RTX 3090s.

Results. The quantitative results are shown in Table 1.
Compared to the baseline model and other SOTA event-only
trained ESS methods, our KWYAF framework demonstrates
a notable improvement (1.02% mIoU gain over ESS-Sup).
This result underscores the efficacy of incorporating spatio-
temporal motion information, effectively mitigating the lim-
itations of event data, which is noisy, sparse and lacks color
awareness. As demonstrated in Figure 4, our method is ca-
pable of accurately identifying moving humans and poles,
as well as precisely segmenting challenging boundaries be-
tween humans and vehicles.

Furthermore, our framework outperforms the SOTA VSS
method, CFFM++, by 0.66% mIoU. We attribute this im-
provement to our proposed ER2SM, which addresses the
sparse and noisy nature of event signals. Through the com-
bined effects of LWM and RRS, ER2SM filters out noise
and extracts high-confidence motion information. Compared
to methods based on RGB transfer learning, our approach
achieves competitive results. While we slightly trail be-
hind the EvDistill method, it is noteworthy that EvDistill’s
model parameters (58.64M) are several times larger than
ours (4.84M), which highlights the practical value of our
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Method Venue Backbone Acc mIoU

VSS methods
CFFM CVPR’22 MiT-B0 90.51 55.97
MRCFA ECCV’22 MiT-B0 90.67 55.74
CFFM++ TPAMI’24 MiT-B0 90.74 56.75

ESS methods
Ev-SegNet CVPRW’19 Xception 88.61 51.76
E2VID TPAMI’19 U-Net 80.06 44.08
ESS ECCV’22 E2VID 84.17 45.38
ESS-Sup ECCV’22 E2VID 89.08 52.30
HMNet CVPR’23 HMNet-L1 89.80 55.00
EvSegFormer TIP’23 MiT-B1 90.38 56.04
SpikingEDN TNNLS’24 SNN - 53.17
SegFormer NIPS’20 MiT-B0 90.12 54.19
Ours MiT-B0 90.87 57.75
ESS-Sup* ECCV’22 E2VID 89.37 53.29
Ours* MiT-B0 90.47 57.45

Table 2: Results on the DSEC dataset.

method. Finally, in the ESS-Sup* study, the use of event
counts to construct voxel grids effectively mitigates the issue
of uneven event distribution in the DDD17 dataset. There-
fore, we conduct experiments using the same input method,
and the results were consistent with our previous findings.
With balanced event distribution, our method better perfor-
mance over ESS-Sup* by 1.04% mIoU.

Evaluation on the DSEC Dataset

Dataset and Training Details. The DSEC dataset (Sun
et al. 2022c) includes 53 driving sequences captured by
event cameras with a resolution of 640× 480. Compared to
the DDD17, DSEC has more refined labels with 11 classes.
This paper splits the training and testing sets following (Sun
et al. 2022c). The training process is similar to DDD17, yet
with an initial learning rate of 6e-5.

Results. The conclusions drawn from the DSEC align
with those from the DDD17 dataset. Notably, our method
consistently achieves superior performance across all com-
pared approaches in Table 2, including both ESS methods
relying solely on events and those utilizing RGB knowledge
during training. We attribute this outcome to the broader
range of scenes and category labels present in the DSEC
dataset. This diversity enables our method, enhanced by his-
torical spatio-temporal awareness, to excel in more chal-
lenging scenarios. Furthermore, the higher resolution of the
DSEC enables our proposed ER2SM module to maximize
its potential in high-confidence feature selection. As demon-
strated in Figure 5, our method achieves clear identification
of small moving objects like humans and precise delineation
of roads and pole boundaries.

Variants SME ER2SM Acc mIoU
A × × 90.12 54.19
B ✓ × 90.63 56.93
C (Ours) ✓ ✓ 90.87 57.75

Table 3: Ablation study results showing the impact of SME
and ER2SM.

Variants Acc mIoU
A 90.49 56.38
B 90.67 57.46
C (Ours) 90.87 57.75

Table 4: Efficacy comparisons of different designs in motion
embedding.

Model Analysis
We conduct the a series of experiments on the DSEC dataset
to validate the effectiveness of our designs.

Impacts of SME and ER2SM. We first study the con-
tributions of the SME and ER2SM modules in our frame-
work. As shown in Table 3, with only SMEs, our method
achieves mIoU of 56.93%, which surpasses the baseline by
2.74%, demonstrating the efficacy of SMEs in supplement-
ing motion propagation cues for the segmentation scene, and
thereby assisting the model’s decision making. After ap-
plying ER2SM, the method further gains improvement in
mIoU with 0.82%. As shown in Figure 6, after employing
the ER2SM (C), small moving objects can be segmented
with more details than setting B does. We attribute this en-
hancement to ER2SM’s ability in selecting high-confidence
regions through the combined effects of LWM and RRS, en-
suring accurate and reliable motion estimation during the
SME aggregation process.

Designs for Motion Embedding. Here, we aim to eval-
uate the efficacy and rationality of the proposed SME (set-
ting C presented in Table 4 and Figure 7) with other two
heuristic approaches A (Sun et al. 2022b) and B (Su et al.
2023). Specifically, settings A&B both optimize the features
of the previous (A) or the next segment (B) only by using the
motion correlation of two adjacent event segments. Unlike
them, our method introduces P to encode all prior motion
propagation and injects itself to the target event segment, so
that the segmentation scene can obtain multi segment and
continuous motion association clues.

The quantitative results in Table 4 show that our approach
achieves better performance on this task. We attribute this to
that the separate processing of motion features (Pi+1) and
features used for segmentation prediction (F̂i+1) can enable
the network to better disentangle the prior motion propaga-
tion and adaptively apply it to downstream tasks. The visual
comparisons in Figure 7 also verify our point, in which our
approach achieves more accurate prediction and locating no
matter the dynamic part (walking person) and static regions
(traffic sign).
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Figure 5: Qualitative results on the DSEC dataset. We visually compare our proposed method with leading ESS and VSS
methods. The highlighted regions for comparison are within bounding boxes.
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Figure 6: Impact of our SME and ER2SM modules. A repre-
sents the baseline without these modules, B with SME only,
and C with both modules applied.
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Figure 7: The schematic diagrams and visual results w.r.t
different designs of motion embedding.

Efficacy of LWM and RRS. This section explores the
efficacy of two main component LWM and RRS inside
the ER2SM, the results are shown in Table 5. As can be
seen, adding the Local Window Masking (LWM) resulted
in a 0.4% mIoU improvement, indicating that the inclusion
of LWM made the calculation of the correlation volume
between event features more precise, helping the network
avoid the impact of distant event noise and irrelevant fea-
tures. Additionally, when the LWM window size is too small
(as seen in settings B and C), the Reliable Region Selec-
tion (RRS) mechanism appears to fail. We speculate that the
small window size, after undergoing double filtering, fails

Variants LWM RRS Size Acc mIoU
A × × - 90.63 56.93
B ✓ × 3 90.78 57.33
C ✓ ✓ 3 90.60 57.16
D ✓ × 7 90.75 57.40
E ✓ ✓ 7 90.87 57.75
F ✓ × 11 90.52 57.29
G ✓ ✓ 11 90.73 57.39

Table 5: Ablation study results showing the impact of differ-
ent settings of the LWM and RRS modules in ER2SM.

to capture sufficient regional semantic cues. As the window
size increases, the benefits of RRS become apparent, as it
can accurately select high-confidence region features within
larger windows, ensuring the reliability of motion informa-
tion aggregation. Based on the results, we select a window
size of m = 7 as our choice experimentally.

Conclusion
There are common issues identified in the event-based seg-
mentation task (ESS), i.e., it is challenging to distinguish
different object with similar contour appearances especially
when they are spatially continuous. This paper proposes a
novel ESS framework named Know Where You Are From
(KWYAF) to address the above problem. Based on the as-
sumption that objects within a scene normally hold vari-
ous motion modes or states, our framework equips a se-
ries of SMEs to model the spatio-temporal propagation and
represent these priors with spatial semantics jointly for fi-
nal prediction. Meanwhile, acknowledging the noisy and
motion-edge-triggered nature of event data, we introduced
the ER2SM to enhance the robustness of motion encoding to
event data with different distribution, in which local window
masking and reliable region selction operations are imposed
together to locate reliable regions during motion encoding.
Extensive experiments on DDD17 and DSEC datasets vali-
date the effectiveness of our framework and designs.
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