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Abstract

Event-based semantic segmentation (ESS) has attracted re-
searchers’ attention recently, as event cameras can solve prob-
lems such as under/over-exposure or motion blur that are
difficult for RGB cameras to handle. However, event data
are noisy and sparse, resulting in difficulties for the model
to locate and extract reliable cues from their sparse repre-
sentations, especially when performing pixel-level tasks. In
this paper, we propose a novel framework ESEG to allevi-
ate the dilemma. Given that event signals relate closely to
moving edges, instead of proposing complex structures to ex-
pect them to recognize those reliable edge regions behind
event signals on their own, we introduce the explicit edge-
semantic supervision as a reference to let the ESS model
globally optimize semantics, considering the high confidence
of event data in edge regions. In addition, we propose a fu-
sion module named Density-Aware Dynamic-Window Cross
Attention Fusion (D2CAF), in which the density perception,
cross-attention, and dynamic window masking mechanisms
are jointly imposed to optimize edge-dense feature fusion,
leveraging the characteristics of event cameras. Experimental
results on DSEC and DDD17 datasets demonstrate the effi-
cacy of the ESEG framework and its core designs.

Code — https://github.com/cheesewawa/ESEG

Introduction
Semantic segmentation plays a significant role in computer
vision (Hao, Zhou, and Guo 2020), and has been success-
fully applied to numerous fields including autonomous driv-
ing (Papadeas et al. 2021; Muhammad et al. 2022), defect
detection (Usamentiaga et al. 2022; Xu et al. 2022) and
computer-aided diagnosis (Huang et al. 2022; Qureshi et al.
2023). Recently, large-scale models like SAM (Kirillov et al.
2023) and DINOv2 (Oquab et al. 2023) have made remark-
able progress in performance gains and scene generalization.

However, these semantic segmentation models usually
face challenges when the input data has quality issues, e.g.,
failure in extreme light conditions or high-speed motion
scenes. Event cameras show their potential to alleviate the
above issues (Gallego et al. 2020). Due to the special work-
ing principles such as asynchronously capturing brightness
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Figure 1: Our framework aims to assist models in focusing
on reliable regions of event-based representations by provid-
ing edge-semantic guidance, instead of expecting networks
to learn this ability without explicit assistance.

changes at each pixel, these cameras have higher temporal
resolution and dynamic range, and limited power require-
ments, and new studies demonstrated that they are promising
to offer more dependable data in extreme conditions for bet-
ter performance (Deng, Chen, and Li 2024; Liu et al. 2024).

Therefore, researchers turn their focus to exploring the de-
sign of segmentation models for event data which hold pecu-
liar data formats with noise and sparsity. Ev-SegNet (Alonso
and Murillo 2019) is the first model to perform the task
based on event data, followed by research employing new
mechanisms such as posterior attention (Jia et al. 2023) and
SNNs (Hareb and Martinet 2024). Other attempts include
cross-modal distillation (Wang et al. 2021), transfer learning
from still images (Sun et al. 2022), adapting large-scale pre-
trained models (Yao et al. 2024), and hybrid pseudo-labeling
(Jing et al. 2024). Recognizing that the event-based repre-
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sentation is sparse and commonly conveys valuable knowl-
edge at limited regions, previous studies aim to let the ESS
model learn how to locate these regions and extract reliable
messages from them implicitly by introducing novel learn-
ing architectures or transfer learning techniques. Based on
the above observation, a question is raised naturally: whether
we could explicitly inform models which regions they should
pay more attention to?

Inspired by the above observation, this work introduces a
novel ESS learning framework (Figure 1), ESEG, in which
the edge-semantic messages are directly imposed as super-
vision to make the network aware of the important and reli-
able regions that should be paid more attention to explic-
itly. First, considering there is no existing semantic edge
label in the event-based datasets, the SELSAM (Semantic
Edge Label with SAM) algorithm is proposed to generate
ground truth labels. The algorithm is based on SAM rather
than other models, because it can filter out most of the inter-
nal texture edges of objects by returning clear object bound-
ary contour according to the regional semantics. The inter-
nal texture edges of objects may harm the semantic segmen-
tation model in understanding different object boundaries.
Second, instead of using edge semantics just as a supple-
mentary for dense feature enhancement (Chen et al. 2020;
Yuan et al. 2020), we intend to arrange two roles for the
extracted edge semantics, i.e., an information density indi-
cator and edge locating distinguisher. Specifically, D2CAF
(Density-Aware Dynamic-Window Cross-Attention fusion)
combines the DIM (Density Indicator Matrix) for feature
mapping, dynamic window masking for edge-aware aggre-
gation, and cross-attention for feature fusion, which allows
edge information to offer more assistance while not letting
irrelevant non-edge information harm the feature encoding
during the optimization of the network.

By setting up the three branches including edge-semantic,
dense-semantic, and fusion branches, the ESEG can learn
high-confidence features under explicit edge-semantic su-
pervision and refine the exploitation of event data across var-
ious regions and levels.

The main contributions are summarized in four folds. (1)
The ESEG structure leverages the event camera’s nature in
sensitivity to moving edges by introducing explicit edge-
semantic supervision. (2) This work provides a new type of
label for common ESS datasets, such as DSEC and DDD17,
generated from a SAM-based pipeline. (3) The introduced
D2CAF module with density recognition, cross-attention fu-
sion, and dynamic window masking optimizes the fusion of
dense-semantic features under the guidance of sparser edge-
semantic features, making two types of features contribute
jointly for final segmentation. (4) Our approach achieves
state-of-the-art performance on multiple well-recognized
and widely used datasets DSEC and DDD17.

Related Work
Semantic Segmentation
Earlier semantic segmentation models employed FCNs
(Long, Shelhamer, and Darrell 2015) and CRFs(Chen et al.
2014). Inspired by the encoder-decoder architecture (Ron-

neberger, Fischer, and Brox 2015; Badrinarayanan, Kendall,
and Cipolla 2017), several later models continued upgrad-
ing the architecture. For instance, to enlarge the receptive
field, the DeepLab family (Chen et al. 2017a,b, 2018) em-
ploys dilated convolutional models, and several studies (Xie
et al. 2021; Strudel et al. 2021; Gu et al. 2022; Zhang et al.
2022) employs Visual Transformers for the task. Motivated
by large-scale models, some powerful approaches such as
SAM (Kirillov et al. 2023) and DINOv2 (Oquab et al. 2023)
are proposed and driven by predefined prompts. The other
stream that is related to ours considers edge factors in se-
mantic segmentation, e.g., adding additional edge detec-
tion branches (Chen et al. 2020; Bertasius, Shi, and Tor-
resani 2016), or focusing on edge refinement (Yuan et al.
2020). However, edge-related methods encounter their bot-
tleneck in RGB-based segmentation as the colorful and
high-resolution RGB images can handle the object bound-
aries well in normal cases thus limiting the efficacy of sup-
plementary edge features. Our work gets inspiration from
these works and provides the ESS field with new insights.
Through combining information density indicators, edge-
aware distinguishing, and cross-attention mechanisms, our
method can fully exploiting the edge-semantic cues while
fitting the data nature of event cameras.

Semantic Edge Detection
Semantic edge detection aims to identify boundaries and
their semantic meaning. Most methods related to this task
are based on deep learning, e.g., CASENet (Yu et al. 2017)
employs a skip-layer architecture for fusion and a multi-
label loss function for supervision. Some recent research
continues the attempt to optimize the task such as employing
lightweight networks (DFF) (Hu et al. 2019) or using diverse
deep supervision (DDS-R) (Liu et al. 2022). Due to DFF’s
characteristics of being lightweight and easy optimization,
this model is adopted in our work as the semantic edge de-
tection model.

Event-Based Semantic Segmentation
Event-based semantic segmentation research is still in its
infancy. Ev-SegNet (Alonso and Murillo 2019) is the first
research that performs the task using event input only and
provides the commonly used DDD17 dataset through an
RGB-event simulator. Subsequent work has made various
attempts to improve the learning capability of the ESS
model, such as transfer knowledge from RGB domains (Sun
et al. 2022; Wang et al. 2021; Rebecq et al. 2019), com-
bining with additional modalities (Zhang et al. 2023; Xie
et al. 2024; Ghasemzadeh and Shouraki 2023), introducing
temporal-sensitive learning architectures (Hamaguchi et al.
2023; Zhang et al. 2024) or augmenting the training data
with generative models (Gehrig et al. 2020). The mainstream
methods with leading performance primarily focus on intro-
ducing novel network architectures or performing transfer
learning to enhance the models’ ability to recognize reli-
able messages behind event data in a black-box mode. In this
work, we directly introduce edge information that correlates
to event trigger distributions as explicit supervision instead.
With additional edge supervision, our model can optimize
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semantic representations through recognizing more reliable
motion edge regions, and thereby enhance the segmentation
performance.

Approach
Problem Formulation
Event Representation. Event streams ({xi, yi, ti, pi}N )
can be integrated as a grid-like representations (V ∈
RB×H×W ) following the approach in (Zhou and Tuzel
2018; Messikommer et al. 2022), where B represents three
integration bins. In this work, we take 50ms events for con-
structing V and set B as 3 for all experiments and datasets.

Pipeline. The overall pipeline of the ESEG is shown in
Figure 2, where three branches can be distinguished: the
edge-semantic, dense-semantic and fusion branches.

The edge-semantic branch takes the event representation
V as input to aware semantic edge regions from event data,
where the DFF model (Hu et al. 2019) with ResNet34 back-
bone (He et al. 2016) is adopted for this branch. Since there
are no currently available labels for this task, we generate the
semantic edge supervision GTE based on given still images
and corresponding segmentation labels. As shown in Figure
2 (i), the ResNet34 is composed of 5 ResNet blocks, and we
utilize the last four output features ({EFi}4i=1) to guide the
feature fusion and refinement for semantics learned from the
dense-semantic branch.

The dense-semantic branch is supervised by original se-
mantic segmentation labels GTD with identical input V as
the edge-semantic branch, where the SegFormer architec-
ture is employed for this branch. We divide the encoder of
Segformer into four parts and note the output of these four
blocks as dense-semantic features ({DFi}4i=1).

In the fusion branch, a series of fusion modules, D2CAF,
are equipped to exploit edge-semantic features (EF ) as

guidance to refine and fuse multi-level dense-semantic fea-
tures (DF ). For i-th fusion module D2CAFi, it simultane-
ously refines the dense-semantic features (DFi) and fuses it
with the output of D2CAFi−1 as formulated in Eq. 1.

DF ′
i = D2CAFi(EFi, DF ′

i−1, DFi). (1)

After obtaining fused features from four stages
({DF ′

i}4i=1), we concatenate them with dense-semantic
features ({DFi}4i=1) accordingly and then input these
concatenated features into the simple Segformer decoder
for final prediction.

Problems. From the above description of the working
pipeline of the ESEG framework, it is easy to find there are
two problems that have to be addressed before leveraging
the powerful edge information for event-based segmentation
enhancement. (i) Lack of required labels. Currently, there
are no existing event-based segmentation datasets which in-
cludes semantic edge labels (GTE) for training. (ii) The
challenge to exploit edge-semantic features. For perform-
ing a dense semantic prediction task, inappropriate usage of
edge relative features even impairs the final results since it
may force the network to focus on edge regions while los-
ing decision fidelity on smooth regions. This issue is even
more serious for event-based models since their inputs are
in a sparse format as well.

In this work, we introduce the Semantic Edge Label
based on SAM algorithm (SELSAM) and Density-
Aware Dynamic-Window Cross Attention Fusion module
(D2CAF) to alleviate the label shortage and edge-dense fu-
sion dilemmas, respectively. In the following, we will detail
these two contributions in sequence.

SELSAM: Semantic Edge Label with SAM
The SELSAM algorithm aims to generate the semantic edge
labels as the edge-semantic labels GTE to train the edge-
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Figure 3: Procedure of the edge-semantic label generation.

semantic branch. Specifically, SAM is adopted as the base
model for the SELSAM since the edge maps produced by
SAM include fewer internal textures within each object than
other methods, e.g., PiDiNet (as shown in Figure 3.B). We
attribute these advantages to the strong robustness to dif-
ferent application scenarios provided by SAM while most
edge detection methods may fail in unseen samples. Inter-
nal edges are normally irrelevant to the detection of seg-
mentation boundaries so learning from them might turn
the model’s focus to the irrelevant internal parts instead of
important segmentation boundaries, impairing the perfor-
mance.

There are several stages to generate edge-semantic labels:
(i) Edge maps without semantic information are produced
first. For instance, the input images (Figure 3.A) are seg-
mented by SAM, followed by converting the masks to a
grayscale image, computing gradients, combining gradients
into an edge strength image, and transforming into a binary
edge map (Figure 3.B). (ii) Next, the semantic edge map is
generated by iterating over every edge pixel and counting
the semantic labels within the 5 × 5 neighbor area (Figure
3.C). Finally, a label image with the size of H ×W × Cls
for each input image is produced by the SELSAM, where H
and W are the input resolution and Cls represents the seg-
mentation categories of datasets. The visualization can be
seen in Figure 3.D.

D2CAF: Density-Aware Dynamic-Window Cross
Attention Fusion
The detailed architecture of D2CAF is illustrated in Figure
4, where an i-th fusion module D2CAFi aims to fuse DFi

and DF ′
i−1 under the guidance of EFi to form the refined

output DF ′
i . In particular, DF ′

i−1 and EFi are first resized
to the same size as DFi ∈ RCd

i ×Hd
i ×Wd

i , as RDF ′
i−1 and

REFi, via a linear layer followed by a pooling operation. In
the mapping phase, the DIM (Density Indicator Matrix) is
first calculated. Mapping is then performed by concatenating
different features together with the DIM and going through
linear layers as shown in the figure. The cross-attention fu-
sion phase allows the model to fuse the dense features (DFi,
DF ′

i−1) guided by the reference EFi. During fusion, the
dynamic window masking mechanism is applied to allow
the aggregating process to consider neighbor information
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Figure 4: Structure of the D2CAF (Density-Aware Dynamic-
Window Cross-Attention Fusion) Module

w.r.t edge or non-edge regions adaptively. Finally, the resid-
ual processing phase consists of a simple MLP network and
shortcut connections. In the following, we will detail the mo-
tivation and calculation of the introduced DIM and dynamic
window masking sequentially.

DIM: Density Indicator Matrix Edge features (REFi ∈
RCe

i ×Hd
i ×Wd

i ) are commonly with a relatively sparse for-
mat, while features (DFi) for dense segmentation are con-
sidered denser. The former carries valuable information
mainly at edge areas while the latter carries information
within all areas of the feature maps. Based on these observa-
tions, we tend to provide a reference so that our model can
adaptively identify which regions should be given more at-
tention for optimization after considering the differences in
information distribution of features from different sources
(REFi, DFi) in the same region. To achieve this, we build
a density information indicator for features from different
sources. For any location of these features, L1-distance, L2-
distance, and information entropy across all feature channels
are computer and result in two indicators both with the size
of (Hd

i ,W
d
i , 3). Then, we concatenate these two indicators

for building the final DIM w.r.t REFi&DFi with the size
of (Hd

i ,W
d
i , 6).

In particular, L1-&L2-distance and information entropy
can indicate information density at the position from dif-
ferent perspectives, where a higher value represents higher
density. Therefore, introducing the DIM that contains induc-
tive biases such as L1-&L2-distance and the information en-
tropy can give the fusion module insights into which posi-
tions might contain vital edge information or have a large
discrepancy in information distributions, aiding our model
in identifying edge areas, segmenting boundaries or recog-
nizing regions that require to be more concentrated.

Dynamic Window Masking During cross-attention ag-
gregation, we argue that a larger range of neighbor informa-
tion should be considered when coming across edge regions,
while less such information should be included for non-edge
regions. Intuitively, edge regions commonly contain seman-
tic boundaries from different objects. For such regions, it is
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necessary to increase the receptive field and clearly judge the
surrounding situation, to obtain the accurate location of the
boundaries of several objects. Instead, a non-edge smooth
area is usually located inside the object, thus considering a
large range may include edges from other objects and intro-
duce harmful noise.

In this paper, we introduce a dynamic window mask
mechanism (Figure 5) to respond to the above heuristic
issues. For a specific coordinate (xs, ys), the mechanism
first introduces a basic aggregation window (M ba

(xs,ys)
∈

RHd
i ×Wd

i ) based on approximate Gaussian function, and
changes the influence degree of neighborhood on the cen-
tral coordinate based on this window and the calculated edge
region probability. To generate M ba

(xs,ys)
, transparent radius

TR and gradient radius GR are defined first. Next, we fill
this mask with values that conform to the normal distribu-
tion S(loc). The visualization is referred to in Figure 5.

S(loc) = f(U(loc)) =

{
e(−

U(loc)2

2 ) if loc ≤ GR

0 if loc > GR
, (2)

where U(loc) = max(loc−TR,0)
GR−TR and loc is a positive integer

calculated by max(|x− xs|, |y − ys|), (x, y) is an arbitrary
coordinate in M ba

(xs,ys)
. This paper uses TR and GR values

as two and six consistently.
After getting the basic aggregation window w.r.t (xs, ys),

we try to adjust the attention proportion of its neighborhood
features according to the probability that the location is lo-
cated in the edge region. The purpose of this mechanism is
to make the attention mechanism get more help from the
neighbor information in the edge region, and less interfer-
ence from the neighbor region in the non-edge region. In
specific, to estimate the edge probability, we first retrieve a
feature matrix (FL1

i ) from DIM that corresponds to the L1-
distance of REFi, then compute the Sdri matrix in which
each value is derived from the second derivative of FL1

i . The
design concept here is that FL1

i can reflect the density of
edge features, and the presence of feature edges will cause
the density change nearby to be more obvious than that of
other parts. Therefore, using the second derivative operator
to detect the sharp change of FL1

i value can reflect the prob-
ability of edge existence to a certain extent. Finally, we can
achieve the dynamic window mask as formulated in Eq. 3.

Mdw
(xs,ys)

= Norm(Softmax(100(1− Sdri(xs, ys)M
ba
(xs,ys)

)), (3)

where Norm represents the normalization operation. With
Eq. 3, we can obtain Mdw

i ∈ RHd
i ×Wd

i ×Wd
i ×Hd

i for the
masking calculations in the cross-attention mechanism that
integrates Mdw

(x,y) ∈ RHd
i ×Wd

i masks from all features posi-
tions. As shown in Figure 5, due to the variations of second
derivative values, the basic aggregation masks will be multi-
plied by a different value before the Softmax operation and
normalization, making the neighbor areas more or less influ-
ential in the attention mechanism as the surface smoother or
sharper.

Cross-Attention Fusion The query, key, and value map-
ping processes for the cross-attention mechanism in the
D2CAFi module can be described as:

Qi =LinearQ([REFi, DIM ]), (4)

Ki =LinearK([DFi, RDF ′
i−1, DIM ]), (5)

Vi =LinearV ([DFi, RDF ′
i−1]), (6)

where [·, ·] represents the concatenation operation and
Linear represents linear projection layer. The cross-
attention mechanism with dynamic window masking in the
module can be described as:

WFi = Softmax(
(Qi ×KT

i ) ·Mdw
i√

dk
)Vi, (7)

where WF is the attention-weighted feature. Then, a short-
cut connection is employed to the weighted feature as for-
mulated in Eq. 8 for obtaining the refined dense-semantic
features under the edge information guidance.

DF ′
i = MLP([WFi, DFi]) +DFi, (8)

where MLP is the multi-layer perceptron network inside the
fusion module.

In this way, the fusion process based on the cross-attention
mechanism can adjust its attention to vital edge areas un-
der the guidance of edge-semantic reference and use high-
quality edge information for optimization. As for the en-
tire structure of our learning framework, multiple sequen-
tial fusion modules (D2CAF) allow the model to use high-
quality edge information for multi-level and multi-scale fea-
ture refinement and fusion, ultimately increasing the model’s
accuracy in locating object boundaries in the segmentation
scenes and therefore improve the overall performance.

Experiments
Experiments for this paper are conducted on two com-
monly used datasets for event-based semantic segmentation,
DSEC-Semantic (Gehrig et al. 2021) and DDD17 (Binas
et al. 2017). The ESEG method is compared with numer-
ous SOTA methods in this section. They can be categorized
into two folds: training and inference with only event data,
e.g., Ev-SegNet (Alonso and Murillo 2019), EvSegFormer
(Jia et al. 2023), SpikingEDN (Zhang et al. 2024), HMNet
(Hamaguchi et al. 2023) and ESS-Sup (Sun et al. 2022);
Learning or combining knowledge from RGB data domain
such as E2VID (Rebecq et al. 2019), Vid2E (Gehrig et al.
2020), EvDistill (Wang et al. 2021) and ESS (Sun et al.
2022).

10514



RGB Event GT SegFormer ESS-Sup ESEGHMNet-L

Figure 6: Visualization comparisons on the DSEC between ESEG and other representative methods.

Evaluation on the DSEC-Semantic Dataset
Dataset and Experiment Details DSEC is a dataset for
driving scenarios with both event and RGB data. DSEC-
Semantic provides semantic labels for eleven sequences
from the DSEC dataset, where 11-class labels are used for
training and evaluation. The DFF method with ResNet34
backbone is adopted for the edge-semantic branch and the
SegFormer architecture is for the dense-semantic branch.
We deploy two versions of the ESEG structure here: a base-
line version (ESEG-B) uses MiT-b0 as Segformer’s back-
bone, whereas the large version (ESEG-L) uses MiT-b1.

During training, data augmentation techniques including
random resizing and flipping are employed. The AdamW
optimizer and the Polynomial LR scheduler are used with
the initial learning rate as 6e−5. The model was trained for
40 epochs with the batch size as 4. The mean Intersection
over Union (mIoU) and Accuracy (Acc) are used as the eval-
uation metrics. As for the input, we stack voxel girds (V)
based on the fixed time duration (50ms) following (Alonso
and Murillo 2019; Jia et al. 2023; Zhang et al. 2024). All ex-
periments are implemented using Pytorch on an RTX 3090.

Comparison with Other Methods on DSEC Table 1
shows that both ESEG-B and ESEG-L hold leading or com-
parable performance over other methods.

First, the ESEG-B significantly outperforms the baseline
model SegFormer by 1.7%, indicating that the introduction
of explicit edge-semantic supervision with the new fusion
method effectively optimize the feature extraction and re-
finement processes.

Second, the performance enhancement by ESEG com-
pared to methods that use event data only such as Ev-
SegNet, EvSegFormer, SpikingEDN, ESS-Sup, and HMNet,
suggests that the unique approach of leveraging event data’s
sensitivity and higher dependability around edges is effec-
tive, and promising to offer new research path on this spe-
cific task. Moreover, ESEG holds comparable accuracy with
approaches that learn both event and RGB knowledge do-
mains such as Vid2E, E2VID, and ESS. Such results indicate
that even without extra modal assistance during learning, an

Method Venue Backbone Acc mIoU
E2VID TPAMI’19 U-Net 80.06 44.08
ESS ECCV’22 E2VID 84.17 45.38
Ev-SegNet CVPRW’19 Xception 88.61 51.76
ESS-Sup* ECCV’22 E2VID 89.08 52.30
HMNet-B CVPR’23 HMNet-B1 88.70 51.20
HMNet-L CVPR’23 HMNet-L1 89.80 55.00
SpikingEDN TNNLS’24 SNN - 53.17
SegFormer NeurIPS’20 MiT-b0 90.02 54.19
ESEG-B - MiT-b0 90.22 55.93
ESEG-L - MiT-b1 91.47 57.55

Table 1: Comparison results of methods on the DSEC. *:
The input is the same as our method while the original ESS-
Sup builds their input w.r.t fixed event numbers.

explicit edge awareness design that fully leverages the na-
ture of event cameras can also exploit semantics from event
data comprehensively. Visualization results in Figure 6 also
validate our conclusion, e.g., the proposed ESEG can seg-
ment polls, traffic signs, and traffic lights better than other
compared methods obviously, with reasonably smoother and
more refined contours for buildings, sidewalks, and vehicles.

Dataset and Experiment Details The DDD17 Dataset in-
cludes multiple modalities such as event-based vision data,
RGB images, and IMU data. The dataset also provides se-
mantic labels with six categories for driving scenarios and
objects, supporting tasks like object detection and seman-
tic segmentation. Training setups including learning archi-
tectures, data augmentation techniques, the optimizer, batch
size, number of epochs, and evaluation metrics are the same
as the experiments on DSEC. The learning rate scheduler is
the same as DSEC but the initial learning rate is 1 × 10−3

for DDD17.
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Figure 7: Visualizations on the DDD17 of ESEG and other
representative methods.

Method Venue Backbone Acc mIoU
E2VID TPAMI’19 U-Net 85.84 48.47
Vid2E CVPR’20 Xception 90.19 56.01
EvDistill CVPR’21 DeepLabV3+ - 58.02
ESS ECCV’22 E2VID 88.43 53.09
Ev-SegNet CVPRW’19 Xception 89.76 54.81
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 NeurIPS’20 MiT-b0 89.34 52.76
ESEG-B - MiT-b0 89.64 57.01
ESEG-L - MiT-b1 90.68 59.97

Table 2: Comparison results of methods on the DDD17

Evaluation on the DDD17 Dataset
Comparison with Other Methods on DDD17 Table 2
exhibits the results of comparison experiments with ours and
other ESS methods with leading performances on DDD17.
Basically, the conclusion of the performance comparisons
on the DDD17 dataset is consistent with which summa-
rized from the DSEC dataset. For instance, our approach
achieves a significant performance gain compared to the
baseline model Segformer. Also, our work is able to outper-
form other models that are trained using event data only such
as Ev-SegNet, SpikingEDN, ESS-Sup, and EvSegFormer.
As shown in Figure 7, boosted by edge-semantic features,
the proposed method can achieve better performance in seg-
menting challenging scenarios such as pedestrians and traf-
fic poles in the distance. Interestingly, we find that the mIoU
of ESEG-B is slightly lower than EvDistill which leverages
transfer learning techniques. We attribute this problem to in-
sufficient training of our model due to the relatively poor
image quality of ddd17. Instead, benefiting from power-
ful RGB priors, EvDistill could optimize the model easier.
Therefore, when equipped the ESEG with higher capable
backbones, our proposed method outperform the EvDistill
by a large margin.

Ablation Studies
This section aims to analyze the efficacy of our proposed fu-
sion strategy and report the performance of different settings
in Table 3. First, it is obvious that all fusion settings (B-F)

Var. Fusion
Strategy

Cross
Attn.

DIM
Mapping Window Acc mIoU

A No Fusion - - none 89.42 54.19
B Concatenation - - none 89.90 54.48
C Cross Attn. + - none 89.95 54.83
D DIM Cross Attn. + + none 90.02 55.22
E DIM Cross Attn. + + Mba 90.04 55.33
F D2CAF + + Mdw 90.22 55.93

Table 3: Ablation studies with ESEG-B on the DSEC.

DCBA E       F      GT

Figure 8: Results of ablation experiments

outperform A, which does not use edge-semantic supervi-
sion, indicating that explicit edge guidance is a valuable ref-
erence that can improve the feature representation. We can
find from comparisons between C and D that the introduc-
tion of DIM enhances the fusion effects and we attribute this
to the information density cues that might provide the at-
tention process with more beneficial indications. Next, the
better performance of E compared to D demonstrates that
masking distant weights can prevent irrelevant distant harm-
ful interference, e.g., the setting D falsely judge a part of
poles as road while E corrects this mistake (Figure 8). Fi-
nally, when equipped the setting E with dynamic window
masking, our proposed D2CAF module achieves the highest
accuracy and provides the best visualized results, suggest-
ing its capability to fuse and refine dense-semantic for per-
formance enhancements by fully exploiting the references
conveyed from edge features.

Conclusion

This paper proposes a novel learning framework named
ESEG that leverages explicit edge-semantic supervision for
boosting event-based semantic segmentation. Considering
the characteristics of event data that are commonly triggered
by moving edges, the edge-semantic information is believed
to be a reference to guide the model to be aware of which
regions are reliable or require more attention. To achieve the
above target, we first generate edge-semantic labels via a
SAM-based pipeline, then introduce the edge-dense fusion
module D2CAF with mechanisms derived from information
density and edge awareness for better dense-semantic rep-
resentation. Extensive experiments validate the efficacy and
rationality of the ESEG and its core designs. Notably, since
our framework has the potential for migrating to other vi-
sual tasks, we argue that it may open new research avenues
for event-based model learning.
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