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Abstract—Moving object segmentation (MOS) in dynamic
scenes is an important, challenging, but under-explored re-
search topic for autonomous driving, especially for sequences
obtained from moving ego vehicles. Most segmentation methods
leverage motion cues obtained from optical flow maps. However,
since these methods are often based on optical flows that are
pre-computed from successive RGB frames, this neglects the
temporal consideration of events occurring within the inter-
frame, consequently constraining its ability to discern objects
exhibiting relative staticity but genuinely in motion. To address
these limitations, we propose to exploit event cameras for better
video understanding, which provide rich motion cues without
relying on optical flow. To foster research in this area, we first
introduce a novel large-scale dataset called DSEC-MOS for
moving object segmentation from moving ego vehicles, which
is the first of its kind. For benchmarking, we select various
mainstream methods and rigorously evaluate them on our
dataset. Subsequently, we devise EmoFormer, a novel network
able to exploit the event data. For this purpose, we fuse the
event temporal prior with spatial semantic maps to distinguish
genuinely moving objects from the static background, adding
another level of dense supervision around our object of interest.
Our proposed network relies only on event data for training but
does not require event input during inference, making it directly
comparable to frame-only methods in terms of efficiency and
more widely usable in many application cases. The exhaustive
comparison highlights a significant performance improvement
of our method over all other methods. The source code
and dataset are publicly available at: https://github.com/ZZY-
Zhou/DSEC-MOS.

I. INTRODUCTION

Achieving precise moving object segmentations (MOS) in
urban scenes plays a vital role in many vision tasks like
image/video synthesis [1], [2]. This segmentation is always
achieved through cross-frame affinity matrices [3], [4]. How-
ever, in more challenging scenarios, such as videos recorded
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(b) Annotations from
competing dataset

(¢) Our dense per-frame
MOS annotations

Fig. 1: DSEC-MOS Examples and Visual Comparison.
The top part (a) shows calibrated-to-Event RGB frames,
and our DSEC-MOS Ground Truth Segmentation Masks
visualized on calibrated RGB frames. The bottom part (b,
c) shows that our dataset provides per-frame annotation and
distinguishes the motion attributes, which are not available
in the previous dataset [11]. Best zoomed in.

from moving ego vehicles, conventional methods often falter,
primarily due to the significant impact of unavoidable ego-
motion [5], [6]. Consequently, there exists a critical need for
a high-performing MOS model from moving ego vehicles.

Recently, event cameras [7], [8] have disrupted traditional
computer vision paradigms. Different from frame-based cam-
eras, event cameras operate asynchronously [7], enabling
them to capture rapid motion and react to dynamic scenes
with remarkable precision. In addition, their sensitivity to
pixel intensity changes and innate ability to adapt to vary-
ing illumination conditions make them a robust choice for
challenging scenarios [9], [10].

In this work, we aim to fully exploit the potential of
event cameras for MOS from moving ego vehicles. Our
problem extends the conventional (automatic) video object
segmentation (VOS) [12] in a broader, challenging, and more
daily-usage oriented setting with three crucial differences:
(a) VOS typically aims to segment salient or foreground
objects [13], [14], often a single object, while our goal is
to segment all moving objects at once; (b) most automatic
VOS methods preprocess the optical flow as input [15], [16]
while we leverage ground truth event data; (c) in VOS, the
camera motion is usually negligible compared to the object
motion, while in our scenarios both objects and the cameras
(embedded in the ego vehicle) are in unknown motion.
These differences make our task an exceptional challenge,
which, to our knowledge, is the first time being addressed
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comprehensively.

To promote the research in the domain, we introduce
a substantial dataset of 13,314 frames, derived from the
DSEC dataset [17], [18]. This new dataset, called DSEC-
MOS, covers a wide range of challenging driving scenarios,
including different lighting conditions and complex traffic
scenarios, as shown in Figure 1. It includes 8 categories of
moving objects such as vehicles, pedestrians, cyclists, etc.,
each with different motion patterns, appearances, and scales,
making the dataset highly suitable for both training and
evaluation of MOS algorithms. Furthermore, DSEC-MOS
provides dense pixel-level annotations for moving objects.

Leveraging our proposed dataset, we performed a system-
atic benchmark involving mainstream object segmentation
methods in video tasks. Intriguingly, we observe that the
leading methods [14], [15], [19], [20] do not necessarily
maintain their competitiveness on our challenging dataset.
Nevertheless, with the same backbone, RGB-flow methods
[14], [19] consistently outperform RGB-only approaches
[15], [21]. Additionally, [14], [20] with deeper architectures
such as transformers [22] outperform CNN-based counter-
parts [23], [24] even when the latter uses extra flow cues.
Consequently, we introduce a straightforward yet highly
effective model, termed EmoFormer, that incorporates event
clues as additional dense supervision during training while
remaining event-free during inference. Detailed comparative
analyses show that our method significantly outperforms all
existing SOTA approaches.

In summary, our contributions are three-fold:

« We introduce a new MOS task with moving ego vehicles
and present a generously sized and densely annotated
dataset called DSEC-MOS.

o To establish a benchmark, we rigorously select main-
stream segmentation methods in video tasks with pure
image input or with image-flow inputs.

« We introduce EmoFormer, which fully benefits from
event clues during training while being event-free during
inference. Our model outperforms all SOTA counter-
parts by a large margin and can serve as a strong
baseline to facilitate further research in this domain.

II. RELATED WORK

Automatic Video Object Segmentation (AVOS): AVOS
represents a specialized task focused on segmenting objects
within video sequences without prior knowledge about the
target objects [12]. Within the realm of AVOS, the primary
cues for segmentation stem from the motion exhibited by
objects. Traditional approaches involve computing similarity
matrices [25]-[27] across different video frames, implicitly
harnessing temporal context to guide object identification.
Another category of AVOS methods [28]-[32] explicitly uses
the optical flow as a guiding cue. Considering that target ob-
jects in AVOS are typically salient and predominantly occupy
the foreground, and camera motion is generally negligible
in comparison to object motion [33]-[35], extracting the
target object from the flow map is relatively straightforward
compared to a real-world setting [36].

Event Vision and Benchmarking: Event cameras have
attracted considerable research interest due to their unique
ability to capture rapid motion through asynchronous event
processing [37], [38]. Recent studies [39]-[41] have begun
to explore the potential of event data for high-level tasks,
especially in the context of driving scenarios. Pioneering
works, such as [17], [42], have collected large RGB-Event
datasets tailored to urban scenes. Nevertheless, these datasets
often lack comprehensive manual high-level annotations.
Some approaches resort to off-the-shelf techniques to gen-
erate pseudo ground truth annotations, such as the use of
YOLO bounding boxes [43] or semantic segmentation [44].
However, the quality of such pseudo annotations may be
limited. Furthermore, these efforts typically focus on global
detection without distinguishing between motion features,
i.e., discerning moving objects from static ones. The con-
current works [45]-[47] detect moving objects but only a
small number of sequences with indoor event input. In this
paper, we introduce a novel large-scale MOS dataset that
provides pixel-level annotations of scenes with moving ego
vehicles. Our dataset stands as the first of its kind, designed
specifically to tackle the distinctive challenges posed by
moving objects in dynamic urban environments.

III. METHODOLOGY

Given a video clip, denoted as {I, € R*>**>*W1T_ com-
prising a sequence of T frames, our objective is to predict
masks {# € RT*W1T | corresponding to the moving objects
within the frames. These predicted masks are intended to
closely align with the ground truth masks {M, € RV}
for the respective frames.

In the following sections, we introduce our end-to-end
learnable EmoFormer as shown in Figure 2. In contrast to
the conventional approach of pre-computing the optical flow,
our method harnesses motion cues directly from the recorded
event data. Moreover, we seamlessly integrate the event prior
as an additional dense supervision, resulting in event-free
inference. This pivotal advance not only brings our model on
par with RGB networks but also improves its suitability for
real-world applications. For the sake of brevity in subsequent
discussions, we omit the notion {.,}7_,.

A. Prior Generation

Without loss of generalizability, we take the encoded RGB
feature F € R from the last layer of the backbone
from one image as an example. While the RGB feature is
rich in appearance information, it inherently lacks awareness
of temporal variations. Although inner-frame motion can be
modeled by comparing two consecutive images, the video’s
limited frames per second (FPS) restrict its ability to capture
rapid motion. Hence, our objective is to estimate the rapid
motion from a single RGB image, with the help of event
data acquired during the frame time.

Specifically, we use a combination of depth-wise separable
convolutions as the generation module. First, we project F
into a deeper latent feature space using a Convyx operation,
capture local motion awareness with DSConvsy3, and then
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Fig. 2: Architecture. In addition to the standard RGB Encoder-Decoder architecture, we introduce an auxiliary branch
dedicated to harnessing the motion insights derived from the recorded event data (Sec. III-A). This learned representation is
subsequently merged into the main processing pipeline, thereby enhancing feature modeling (Sec. III-B). To further refine
event-based learning and the understanding of object dynamics, we employ semantic maps to transfer global scene motion
into targeting objects’ motion (Sec. III-C). Such a filter strategy leads to a tightly coupled semantic-guided event awareness,

ultimately shaping our joint learning scheme.

project the result back using another Convix;. The choice
of depth-wise separable convolution stems from the obser-
vation that rapid motion typically occurs within a localized
region. Furthermore, the depth-wise convolution contributes
to efficient processing.

Consequently, we obtain an intermediate representation
corresponding to the high dynamic features, denoted as
F € R Mathematically, we have:

F = Convyx1(DSConvss3(Convi«1(F))). (1)

To provide explicit guidance for the intermediate feature,
we initially use a Conviyx; operation to generate a one-
channel prediction map P based on F. We then integrate
event supervision, as described in Sec. III-C.

B. Prior Fusion

To seamlessly integrate the high dynamic feature £ with
the visual feature F, we introduce a novel prior fusion
framework shown in Figure 2. Traditional RGB-Event fusion
methods such as [43] often operate in an equal or higher
dimensional feature space. However, the direct application
of such methods to our context poses a challenge. Since
one feature is estimated based on the other, even with event
supervision, it may still exhibit a high degree of redundancy
compared to the other. Consequently, these methods may
retain redundant information rather than mutually comple-
mentary ones.

We propose to project both of these features into a smaller
subspace, denoted as r < C. This projection can be likened
to a low-rank decomposition, wherein only the most infor-
mative modality-specific features are preserved. Moreover,
this approach naturally reduces the computational overhead
compared to alternative fusion techniques. Mathematically,
we achieve this projection as follows:

f=Convix1(F); f=Convix(F). )

We then conduct cross-modal feature modeling within this
lower-dimensional space r.

To facilitate this, we initially concatenate these feature
maps, forming a correlation matrix f, € R™""  followed
by per-pixel attention using a global Softmax function:

Att = Softmax( f; );
fe =Convi 1 (Concat( f; f))

We then apply this attention map to the low-rank RGB
feature, thereby mitigating the domain gap. Subsequently,
we obtain the shared embedding by merging the attention-
enhanced RGB feature and the motion feature by concate-
nation. Finally, this mixed embedding is projected back into
the full-rank space C to yield the fused feature U € RE"*v:

3)

U = Convy 1 ( Concat( f x Att; f)). )

C. Semantic-Guided Event Filter

Event data provide invaluable insights into the global
scene motion. However, the dense distribution of events is
not solely limited to areas occupied by moving objects, but
can also encompass the contours of static or background
elements. This complexity arises from the fact that our ego
vehicle is also in motion, which makes it difficult to discern
the motion exclusively associated with the target objects.

To solve this dilemma, we propose a novel approach that
combines event data with ground truth semantic supervision.
This hybrid strategy allows us to pass from the overall scene
motion into the object motion, constraining the network
attention around the moving object with dense supervision.

Specifically, it involves suppressing background regions by
element-wise multiplication with the spatial semantic mask.
However, the direct multiplication of the spatial semantic
mask with the temporal event map can inadvertently remove
essential motion cues, especially when the event motion map
extends beyond the object boundaries due to motion blur.
To mitigate this, We employ a dilation operation on the
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spatial mask with a specified kernel size before conducting
semantic-guided event filter. Mathematical, let M € R¥*W
be the ground truth (GT) semantic mask, D € R3*3 be the
dilation matrix, and E € R7*W be the event data. The filtered
map M € R>W s obtained by:

M=(M®D)oE, 5)

where @ is the morphological dilation and o is the Hadamard
product. In our application, we set D as an all-ones matrix,
and we treat positive and negative polarization changes
equally in the binary form of event data.

Subsequently, we utilize M to supervise the intermediate
representation P introduced in Sec. III-A. To minimize the
disparity between these two maps, we leverage conventional
MSE loss as the auxiliary loss denoted as £.

D. Overall Learning Pipeline

Our event-guided training methodology departs from the
conventional RGB learning pipeline by introducing addi-
tional semantic-guided event filter. On top of our RGB
baseline [20], we incorporate the extra prior generation
module (Sec. III-A) and the prior fusion module (Sec. III-B).
Our objective function can be summarized as follows:

argmin (L({P}; {M )+ L({BY;{M,})). (6)

It is noteworthy that the event prediction {7} is exclusively
employed during training to leverage event supervision, but
it is not required during testing. During inference, our model
operates solely on frames for outputting {F} , ensuring an
event-free process.

IV. OUR DSEC-MOS DATASET
A. Dataset Annotation

Our DSEC-MOS dataset builds upon the DSEC-MOD
dataset [18], originally designed for moving object detection
with bounding box annotations. To create DSEC-MOS, we
followed a systematic process:

Candidate Mask Generation: We initiated the process by
employing the modified SOTA segmentation model [48] with
bounding box prompts to generate candidate masks.
Annotator Training: Next, we train three annotators to
become proficient in video segmentation tasks. They are
provided with guidance and instructions on well-established
VOS benchmarks to familiarize themselves with the task.
Manual Verification: After training, each annotator was
tasked with reviewing the candidate masks, aided by ref-
erence to adjacent frames. If a candidate mask was found
to be suboptimal with a visually incomplete or inaccurate
segmentation, the annotator was asked to correct it manually.
Specialization by Illumination Condition: Since our
dataset comprises sequences captured under various illumi-
nation conditions, we assigned each annotator to sequences
from one typical condition to develop specializations.
Cross and Double Verification: The sequences from each
illumination condition underwent cross and double verifica-
tion. In case of uncertainty or discrepancies, annotators were
encouraged to discuss and jointly modify the masks until a
consensus was reached.

TABLE I: Datasets Per-Attribute Comparison

Dataset GT Outdoor Per-Frame MOS
EV-IMO [45] v X - v
DSEC-Sem [44] X v v X
DSEC Night-Sem [11] v v X X
Ours v v v

B. Dataset Comparison

In Table I, we offer a comprehensive per-attribute com-
parison with established event-based segmentation datasets.
Significantly, our dataset emerges as a pioneering initiative,
distinguished as the first of its kind to provide dense MOS
masks from a moving ego vehicle. While EV-IMO [45]
stands as another notable MOS dataset, it is confined to
indoor settings and lacks paired RGB frames. This absence
hinders its applicability for assessing RGB models, under-
scoring the unique nature of our dataset.

V. EXPERIMENTS
A. Experimental Setup

Implementation Details: We take video-swin [49] as the
encoder that extracts features from 6 frames. Following [20],
each input frame is resized to 360x409. Similar to [18], we
leverage event data from 50ms, in accordance with the frame
time. Classic data augmentation methods such as multi-scale
training and flipping are adopted. We adopt AdamW as the
optimizer, with an initial learning rate le-5 and le-4 for the
backbone and others, respectively. The weight decay is set
to le-4 and the polynomial learning rate decay is employed
with a power of 0.9. Our network is built upon Pytorch.
The whole network training takes around 2 days on a 3090
GPU. Unlike most VOS works, our method does not require
any pretraining on large-scale datasets. For benchmarking,
we retrain all the SOTA counterparts from their official
resources. For practical application consideration, we exclude
the time-burden CRF post-processing for all.

Evaluation Metrics: We use classical evaluation metrics,
including region similarity J and contour accuracy F, in
accordance with the VOS tasks [34]. We compute both the
mean and recall measures for each metric, as well as the
overall performance J&JF based on their mean measures.

B. Benchmark and Comparison

It is noteworthy that our benchmark does not include
comparisons with RGB-Event object segmentation methods,
as none have been identified thus far. Despite the availability
of certain semantic segmentation techniques [11], [44], [50],
[51], these methods do not deal with the distinction between
moving and static objects, so they do not fall within the scope
of our benchmark.

Comparison against SOTA Methods: Our moving object
segmentation task is very similar to Automatic Video Object
Segmentation (AVOS) tasks; in that we do not provide man-
ual clues such as initial masks or bounding boxes to identify
the target objects. Instead, we aim to automatically segment
moving objects based solely on video sequences. To evaluate
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TABLE II: Quantitative Comparison with SOTA AVOS Approaches on Our DSEC-MOS. Our EmoFormer outperforms
both RGB and RGB-Flow counterparts with large margins. MS Inf. refers to Multi-Scale Inference. Our EmoFormer achieves
the best performances during both single-scale and multi-scale inferences.

Method Pub. & Year Backbone Optical Flow  MS Inf. J Mean 7 Recall F Mean F Recall J & F Mean
RTNet [24] CVPR’21 ResNet-101 v - 57.8 65.8 71.7 82.2 64.8
AMCNet [23] ICCV’21 ResNet-101 v - 60.6 71.3 76.1 86.8 68.4
TMO [15] WACV’23 ResNet-101 v - 56.2 62.1 73.0 82.8 64.6
Isomer [19] ICCV’23 Swin-T v - 55.9 65.3 72.2 86.0 64.1

T F2Net 211 ~ 7| AAAT'21 | ResNet-50 | =~ 7|7 -7 T 451 1 484 7|7 669 | 745 | T T 560
TMO [15] WACV’23 ResNet-101 - - 53.5 57.1 70.3 81.8 61.9
MED-VT [20] CVPR’23 Swin-B - - 58.0 67.3 81.0 90.6 69.5
EmoFormer Ours Swin-B - 66.5 72.9 82.2 92.2 74.4
HFAN [14] ECCV’22 Swin-T v v 62.6 69.5 76.8 85.7 69.7
MED-VT [20] CVPR’23 Swin-B - v 63.5 71.8 81.5 90.3 72.5
EmoFormer Ours Swin-B - v 68.9 71.7 83.7 93.1 76.3
) TABLE III: Ablation Study on Supervision Strategies. o
£ | is the Hadamard multiplication to suppress static responses.
—— .- Aux. Sup. Source oGT | Dilation | M | FM | J&FM

1 - - - 63.5 81.5 72.5

2 Flow - - 66.2 80.7 73.5

RGB GT Qurs 3| Semantic - - 672 | 822 74.7

4 Semantic - v 67.6 83.1 75.4

5 Event - - 65.4 80.1 72.8

6 Event v - 67.9 82.8 75.4

7 Event v v 68.9 83.7 76.3

MED-VT

HFAN RTNet

Fig. 3: Qualitative Comparison. Our generated masks are
closer to the Ground Truth (GT) compared to the counter-
parts. Please zoom in for details.

the effectiveness of our method, we compared 8 state-of-
the-art automatic VOS methods as reported in Table II. To
ensure fair comparisons, we evaluated our performance with
both single-scale and multi-scale inference techniques. The
results demonstrate a significant performance improvement
over all other methods. In the case of single-scale inference,
our network significantly improves the performance of our
RGB baseline (MED-VT) with an absolute gain of +8.5%
J Mean, outperforming the current state-of-the-art method,
AMCNet [23]. It is worth noting that AMCNet requires both
RGB and flow maps during inference, whereas our method
operates only on RGB frames. In the case of multi-scale
inference, we achieve an absolute gain of +5.4% J Mean
over MED-VT. We also provide qualitative comparisons in
Figure 3, illustrating that our method excels at exploring
temporal cues and generating prediction masks that closely
match ground truth, outperforming any pure RGB or RGB-
Flow counterparts.

C. Ablation Studies

We perform multi-scale inference for ablation studies on
Supervision Strategies. In our training pipeline, we leverage
event data as auxiliary supervision, facilitated by a semantic
mask. To assess the effectiveness of this approach, we con-
ducted experiments in which we replaced the intermediate
representation with alternative supervision methods, such as
optical flow only, semantic mask only, and event data only.
The quantitative results are shown in Table III. It is evident

that, while the auxiliary supervisions consistently improve
our baseline, their individual performance is inferior to our
full approach. We observed that omitting the semantic map
guidance and the dilation operation leads to performance
deterioration. This outcome can be attributed to the role of
semantic guidance in attenuating noisy event responses from
static regions. In addition, dilation plays a crucial role in the
alignment of spatial masks with temporal motion blur.

VI. CONCLUSION

We demonstrate the effectiveness of using the event prior
for moving object segmentation in dynamic scenes. Our
method combines the inherent advantages of event data for
capturing global motion with semantic supervision. This
leads to an intermediate representation that enables the
network to separate moving objects from the static back-
ground, resulting in another level of dense supervision.
Moreover, our method no longer requires any event in-
put during inference, which makes it particularly efficient
and suitable for real-world applications based on standard
RGB cameras. We also introduce a new large-scale dataset
designed for moving object segmentation in dynamic au-
tonomous driving scenarios, which is the first of its kind. Our
method significantly outperforms the state of the art and con-
firms the potential of event-based pipelines for autonomous
driving. To sum up, we hope that our method and dataset
can promote further research in this field.
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