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Abstract

This paper introduces a novel mechanism for Moving Object Segmentation (MOS)
that utilizes Dynamic Mode Decomposition (DMD) applied to event streams from event
cameras to reconstruct missing dynamic information between RGB frames. First, we de-
velop an Event-Driven Dynamic Mode Decomposition (ED-DMD) framework capable
of capturing intrinsic motion dynamics between consecutive frames. By transforming
high-resolution event streams into structured event slices, we convert event data into a
compact Event-Driven Descriptor (ED-Dr), facilitating precise recovery of high-speed
object movements. We then introduce a Motion-Aware Segmentation Network (MAS-
Net) to seamlessly integrate these dynamics with spatial information, comprising a Dy-
namic Predict Block (DPB) and a Spatial Latent Block (SLB). During training, these
blocks collaboratively process the RGB frames and ED-Dr to learn static appearance
features and motion dynamics. During inference, the model operates in an event-free
mode, requiring only RGB inputs to achieve event-aware performance by leveraging the
learned motion priors. We also conduct a comprehensive analysis of the impact of differ-
ent ED-Dr features, block configurations, and backbone architectures on segmentation
accuracy using the DSEC-MOS dataset. Comparative evaluations with state-of-the-art
methods demonstrate that our approach consistently surpasses existing baselines in these
evaluation metrics, validating the robustness and effectiveness of our framework in cap-
turing spatiotemporal dynamics in complex real-world scenarios.
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1 Introduction
Moving Object Segmentation (MOS) is the cornerstone of computer vision and plays a key
role in a wide range of applications such as autonomous driving [1, 4, 17, 26, 27, 28]
and robotics [3]. In these areas, accurately identifying and segmenting moving objects in
a scene is crucial for tasks such as obstacle detection [7], path planning [19], and action
recognition[5, 6]. Traditional moving object segmentation methods typically rely on frame-
based video data, where each frame is processed to detect changes over time [12]. In re-
cent years, these methods have often combined complementary features such as optical flow
[4, 17, 26, 27], frame differencing [28], and background subtraction [1]. However, all of
these approaches are fundamentally limited by the fixed frame rate of traditional RGB cam-
eras, which can result in motion blur and temporal aliasing, especially in high-speed scenes
where critical motion information is lost between frames. As a result, the ability to accurately
segment moving objects is compromised.

Event cameras have emerged as a transformative technology in visual sensing, captur-
ing dynamic scenes with microsecond precision by detecting pixel-level brightness changes
asynchronously [8, 9]. This enables high temporal resolution that conventional cameras
cannot achieve. However, the sparse nature of event data complicates integration with tra-
ditional frame-based methods, requiring advanced algorithms to interpret high-dimensional
event streams. Previous approaches, such as aggregating entire event streams for dynamic
extraction, overlook the high temporal resolution of event data [29]. Recent developments
in asynchronous algorithms using Graph Neural Networks (GNN) [8, 20] and Sparse Neural
Networks (SNN) [18, 22] have been explored, but implementation costs remain high due to
the discrete nature of event data and SNN hardware limitations.

To address these challenges, Dynamic Mode Decomposition (DMD) [21] provides a
promising mechanism to analyze and reconstruct the underlying dynamics of complex sys-
tems. Originally developed for fluid dynamics, DMD decomposes data into patterns that cap-
ture spatial-temporal dynamics [23], making it well-suited for extracting meaningful infor-
mation from event data. Another benefit of modeling event data using DMD lies in achieving
an appropriate representation of asynchronous and high-dimensional event streams to effec-
tively capture the underlying dynamics. By applying DMD to event streams, high-resolution
event data can be transformed into a structured representation that highlights the main mo-
tion patterns, thus bridging the gap between event-driven sensing and frame-based vision
systems. This integration represents a novel approach, as it exploits the strengths of DMD
to process unique asynchronous data from event streams, which has not been extensively
explored.

This paper enhances MOS by integrating event camera data with RGB frames using a
DMD framework. We introduce the ED-DMD to capture motion dynamics and preserve
temporal details, improving segmentation in complex scenarios. Our work shows that com-
bining event cameras with DMD significantly boosts MOS accuracy and robustness, paving
the way for future hybrid systems. The contributions are as follows.

• Event-Driven Dynamic Mode Decomposition (ED-DMD): We propose a novel frame-
work that takes advantage of event data to reconstruct latent motion dynamics between
consecutive RGB frames. By applying DMD, high-resolution event streams are con-
verted into structured slices, generating a compact ED-Dr. This approach effectively
captures dominant motion patterns, enabling precise recovery of high-speed object
movements that are often missed by conventional frame-based methods.
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Figure 1: Pipeline of ED-DMD. Decomposition encompassing multi-scale event representa-
tion and dynamic mode decomposition as detailed in Sections 2.1.1 and 2.1.2.

• Motion-Aware Segmentation Network (MAS-Net): We propose a dual-branch ar-
chitecture comprising a Dynamic Predict Block (DPB) and a Spatial Latent Block
(SLB). During training, the network jointly processes RGB frames and ED-Dr to learn
both motion dynamics and static appearance features. In inference, the model oper-
ates in an event-free mode, using only RGB input to achieve event-aware performance
by exploiting learned motion priors. This architecture significantly outperforms the
current state-of-the-art in MOS task.

Our approach is rigorously evaluated on the DSEC-MOS [29]. Experimental results demon-
strate the effectiveness of ED-DMD and MAS-Net.

2 Proposed method

2.1 Event-driven dynamic mode decomposition

Conventional RGB cameras suffer from motion blur and temporal artifacts in high-speed sce-
narios due to lost sub-frame dynamics. Event cameras, however, capture per-pixel brightness
changes asynchronously with microsecond resolution [8, 9]. By extracting events between
consecutive RGB frames In and In+1, we bridge the gap between frame-based vision and
event-driven sensing, preserving fine-grained temporal details. Our approach uses event data
to enhance segmentation accuracy. Fig. 1 shows the ED-DMD pipeline, including multi-
scale event representation and DMD, detailed in Sections 2.1.1 and 2.1.2, which integrates
high-resolution event data for improved dynamic analysis.

2.1.1 Multi-scale event representation

To capture the dynamics between consecutive RGB frames, we propose a multi-scale event
representation approach that captures fine-grained temporal details while minimizing the
impact of event noise by changing the slice scale parameter T . This process is detailed in
Algorithm 1, which outlines the steps involved.

Different from [9], we choose to incorporate polarity information to better capture the
full range of dynamic information. By aggregating the absolute value of events, we empha-
size the intensity and frequency of motion without being affected by directionality, which
enhances the robustness of our approach in extracting major motion patterns and latent dy-
namic features.
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Algorithm 1: Multi-scale event representation.
Input : Event StreamEk

n = f (xi ;yi ; ti ; pi )gK
i= 1

Output: Event Slice Sn
1 Extract event streamEk

n = f (xi ;yi ; ti ; pi )gK
i= 1 betweenIn andIn+ 1, where(xi ;yi ) are pixel coordinates,ti is the timestamp,

andpi 2 f + 1; � 1g is the polarity of brightness change.k indicates thek-th event stream partition when multiple
intervals overlap;

2 Divide interval[tn; tn+ 1] into T equal sub-intervals:Dt =
tn+ 1� tn

T ;
3 for t  1 to T do
4 Assign events to slicet if ti 2 [tstart

t ; tstart
t + Dt), wheretstart

t = tn + ( t � 1)Dt;
5 Aggregate events:St (x;y) = å

i2E k;t
n

d(x� xi ;y� yi ) � j pi j, whered(�) is the Kronecker delta function;

6 end
7 Construct Event Slice Sn = f St 2 RX� YgT

t = 1.

Algorithm 2: Computation of event-driven descriptor.
Input : Event Slices Sn = f St 2 RX� YgT

t = 1
Output: Event-Driven DescriptorEn

1 Construct Data Matrices Vectorize and normalize each event sliceSt to establish temporal modeling; construct data
matricesXn = [ vec(S1) j � � � j vec(ST� 1)] andYn = [ vec(S2) j � � � j vec(ST )], whereXn;Yn 2 R(X�Y)� (T� 1) .

2 De�ne DMD Operator Compute the DMD operatorAn = YnX†
n , whereAn 2 R(X�Y)� (X�Y) andX†

n is the pseudoinverse of
Xn.

3 Singular Value Decomposition (SVD)Perform SVD onXn: Xn = UnSnV �
n , whereUn 2 R(X�Y)� (X�Y) , Sn 2 R(X�Y)� (T� 1) ,

Vn 2 R(T� 1)� (T� 1) ;
select topr singular values and vectors to form̃Xn = ŨnS̃nṼ �

n , whereŨn 2 R(X�Y)� r , S̃n 2 Rr� r , Ṽn 2 Rr� (T� 1) ,
0 < r � (X �Y).

4 Compute Low-Dimensional DMD Operator ComputeAn � Ãn = YnṼnS̃� 1
n Ũ �

n , whereÃn 2 Rr� r .

5 EigendecompositionPerform eigendecompositioñAnW = WL, whereW = [ w1;w2; :::;wr ] andL = diag(l 1; l 2; :::; l r );
compute dynamic modesf i = YnṼnS̃� 1

n wi .

6 Construct ED-Dr Setr = 1 to retain the most in�uential dynamic mode, highlighting major motion patterns and
reducing background noise; reshapef 1 to formEn = reshape(f 1;X;Y).

2.1.2 Event-driven descriptor

This section details the construction of ED-Dr between RGB frames[In; In+ 1], using event
stream slices Sn from Section 2.1.1. High-dimensional data like images make direct com-
putation ofAn challenging [21, 23]. We address this by projecting data onto the subspace
of Proper Orthogonal Decomposition (POD) modes ofXn, followed by Singular Value De-
composition (SVD) to capture key dynamic features ef�ciently. Algorithm 2 outlines the
computation of dynamic modes and eigenvalues for the DMD operatorAn, leading to the
�nal ED-D r.

To demonstrate ED-Dr's effectiveness, we visualize its ability to capture and reconstruct
missing dynamics between consecutive RGB frames. Fig. 2 compares the difference be-
tween framesIn andIn+ 1 with the corresponding ED-Dr from Section 2.1. At 20 fps, the 50
ms interval causes signi�cant dynamic information loss, especially for fast-moving objects.
Previous methods [5, 6, 28] using difference images often miss crucial features, lacking
background dynamics and object contours. In contrast, ED-Dr offers a continuous repre-
sentation in the interval[0;1], effectively modeling missing dynamics through mode decom-
position of event data. This approach recovers �ne-grained temporal details and captures
dominant motion patterns, providing a comprehensive representation of scene dynamics es-
sential for accurate MOS in complex environments.
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Figure 2: Visualization of event-driven descriptor. Our approach captures and reconstructs
missing dynamic information between consecutive RGB frames, providing a comprehensive
representation of scene dynamics.

2.2 Motion-aware segmentation network

Our proposed MAS-Net as shown in Fig. 3 ef�ciently performs MOS by integrating spatial
and dynamic information, inspired by [29]. The network uses a video-swin backbone [14]
for hierarchical learning, capturing long-range dependencies crucial for complex scenes. The
transformer encoder and decoder are based on [29]. Given inputIn 2 RH� W� 3, the backbone
produces featuresFn, which are fed into the encoder to obtainKn. DPB processesFn for
motion dynamics, while SLB combinesKn with motion predictions. The decoder fuses these
for MOS.

2.2.1 Dynamic predict block

The DPB predicts motion dynamics between frames, complementing segmentation. The
ED-DMD processing block in Fig. 3 uses event representation and DMD processing from
Section 2.1 to obtain ED-Dr. During training, it utilizes ED-Dr to learn the temporal evo-
lution of moving objects. DPB extracts multi-scale motion patterns from the backbone's
spatial featuresFn using multi-scale residual learning as below.

F̂n = CBR1� 1(Fn) ; (Feature projection)

f Mdg3
d= 1 = f CBR(d)

3� 3(F̂n)g ; (Multi-scale processing)

Rn = CBR1� 1(Fuse(f Mdg))+ W(Fn) ; (Residual)

Ên = CBR1� 1(Rn) ; (ED-Dr prediction)

(1)

where CBRk� k denotes a Conv-BatchNorm-ReLU sequence,Fusedenotes concatenation,
and+ denotes element-wise addition. Dilated convolutions expand receptive �elds to cap-
ture motion details and trends, while the residual connectionW preserves original motion
cues.Rn is fused with the SLB, whilêEn is used during training to learn motion trends.

In addition, Fig. 4 illustrates the ED-Dr mask generation process, which is crucial for
focusing on the dynamic region of interest. The ED-Dr captures motion dynamics between
consecutive frames, encompassing both background and moving object dynamics. To isolate
the motion features of interest, we generate an ED-Dr Mask (MED-Dr ) that speci�cally targets
the dynamics of moving objects. The process begins with the segmentation mask derived




