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RGB-Event sensing and moving-object detection
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Abstract—Moving object detection (MOD) is essential for au-
tonomous driving. Although conventional frame-based methods
can achieve high detection accuracy under favorable illumination
conditions, challenges remain in low-light, overexposed, and fast-
motion scenarios. Dynamic vision sensors (DVS), also known
as event cameras, provide high temporal resolution and high
dynamic range, making them complementary to RGB cameras.
In this paper, we propose a channel-based complementary fusion
network, termed CCFNet, to jointly process RGB frames and
event signals for moving object detection. The proposed CCFNet
mainly introduces a Bidirectional Channel Interaction Module
(BCIM), which consists of: 1) a channel switching mechanism
that estimates channel-wise importance and performs bidirec-
tional cross-modal channel exchange to enhance complementary
information; and 2) a spatial attention refinement mechanism
that reweights fused features in the spatial dimension to highlight
informative object regions and suppress redundant background
responses. Experimental results on RGB-Event moving object
detection datasets show that CCFNet achieves competitive per-
formance compared with representative fusion methods and
improves robustness under challenging illumination conditions.

Index Terms—Moving object detection, RGB-Event fusion,
Multimodal fusion, Channel fusion

I. INTRODUCTION

Moving object detection (MOD) plays an important role
in autonomous driving and intelligent transportation systems
[1]. Although deep learning-based detection methods have
achieved significant progress, most existing approaches rely
on conventional frame-based cameras, whose performance
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can degrade under challenging conditions such as low light,
overexposure, and fast motion [2], [3]. This is because frame-
based cameras are limited by fixed frame rates and are highly
dependent on image quality, making it difficult to capture
reliable motion and appearance information in complex driving
environments [4], [5].

Event cameras have recently attracted increasing attention as
a complementary sensing modality for visual perception [6].
Unlike conventional cameras, event cameras asynchronously
record pixel-level brightness changes and output sparse event
streams [7]. Owing to their high temporal resolution and
high dynamic range, event cameras are robust to fast motion
and illumination changes [8]. However, they usually provide
limited texture and semantic information, and their responses
can become weak in static or extremely slow-motion scenes
[9]. Therefore, RGB images and event streams are naturally
complementary, and their effective fusion is crucial for robust
moving object detection.

Existing RGB-Event fusion methods usually combine fea-
tures by direct concatenation, summation, or attention-based
interaction [10], [11]. However, these strategies may not fully
address the modality discrepancy between RGB frames and
event streams. On the one hand, the reliability of the two
modalities varies across different illumination and motion
conditions. On the other hand, event data and RGB images
have different temporal and spatial distributions, which may
lead to feature misalignment and modality bias during direct



fusion [12], [13]. Therefore, it is necessary to adaptively eval-
uate the importance of modality-specific features and exploit
their complementary information in both channel and spatial
dimensions.

To address these issues, we propose a channel-based com-
plementary fusion network, termed CCFNet, for RGB-Event
moving object detection. The core component of CCFNet is
a Bidirectional Channel Interaction Module (BCIM), which
contains a channel switching mechanism and a spatial attention
refinement mechanism. The channel switching mechanism
evaluates channel-wise importance and exchanges comple-
mentary features between RGB and event modalities, while
the spatial attention refinement mechanism further emphasizes
informative regions such as motion boundaries and object
contours. In this way, CCFNet enhances cross-modal feature
interaction and improves the robustness of multimodal detec-
tion.

In summary, the main contributions of this paper are as
follows:

« We propose a channel switching module that enables deep
fusion between RGB and event features by evaluating
channel-wise importance and exchanging complementary
features to improve cross-modal information interaction.

e We design a spatial attention fusion mechanism that
further integrates complementary features in the spatial
dimension, improving the accuracy of target localization.

o We conduct comparative experiments, ablation studies,
threshold sensitivity analysis, and illumination-condition
analysis on RGB-Event moving object detection datasets
to evaluate the effectiveness and robustness of the pro-
posed fusion strategy.

II. METHOD

This section first introduces the event camera representation.
Then, the overall architecture of CCFNet is described. Finally,
the proposed Bidirectional Channel Interaction Module is
presented in detail.

A. Event Camera Representation

The event camera responds to the light intensity change
R(u,t) of each individual pixel and outputs it as an
event stream. Specifically, an event e, is a quadruple
(Tn, Yn, Pn, tn), represented using Address Event Represen-
tation (AER). For a pixel v = (2,,y), an event is triggered
at the timestamp ¢, when the logarithmic change in light
intensity exceeds a preset threshold 6;;,. This process can be
expressed as:

In R (tn,tn) —In R (tn, tn — Aty) = pnbin, (D

where At,, is the time sampling interval at the pixel location,
and polarity p indicates whether the light intensity is decreas-
ing or increasing. Intuitively, asynchronous events manifest as
sparse and discrete points in the spatiotemporal domain. This
can be expressed as:

N
S(x7/yat):an(s(w_mn7y_yn7t_tn)a )
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where NN, is the number of events within the time window. The
Dirac delta function, denoted as 4(-), satisfies [ §(¢)dt = 1 and
d(t) =0 for t # 0.

B. Framework Overview

This section details the network architecture of the Channel-
exchange-based Complementary Fusion Network (CCFNet),
which is designed to fuse bimodal RGB-Event data for moving
object detection. The model is designed to alleviate RGB
feature degradation caused by sudden illumination changes.

As illustrated in Figure 1, CCFNet takes multi-temporal
frames from both an RGB camera and an event camera as
input. It incorporates the Event-based Temporal Multi-scale
Aggregation (E-TMA) module [15] to leverage multi-scale
temporal information from the event stream.

The network first employs a lightweight bimodal feature
extraction structure, using CSPDarkNet [14] as the backbone
network to process inputs from both modalities. To mitigate
the information loss in the RGB modality under challenging
environmental conditions, an Adaptive Feature Completion
Module (AFCM) [10] is adopted to enable explicit feature in-
teraction between the two modalities. This module adaptively
supplements missing information in the RGB feature maps
caused by environmental disturbances using features from the
event modality. Subsequently, the adaptively complemented
bimodal features are fed into a Bidirectional Channel Interac-
tion Module (BCIM) for effective cross-modal feature fusion.
The fused features are further enhanced by a Feature Pyramid
Network (FPN) [16] for multi-scale feature extraction, and
finally, the detection head decodes the output to generate
bounding box information for each detected moving target.

C. Bidirectional Channel Interaction Module

RGB-Event feature fusion is a relatively unexplored area
compared to other multimodal fusion tasks such as RGB-
Depth or RGB-Point Cloud. Existing studies often rely on
straightforward concatenation or convolution-based fusion, or
alternatively leverage transformer attention that primarily em-
phasizes the channel dimension. However, these approaches
tend to overlook the crucial spatial cues that are indispensable
for tasks such as detection and segmentation. To address this
limitation, we propose a Bidirectional Channel Interaction
Module (BCIM), as illustrated in Fig. 2. BCIM is designed
to enable cross-modal interaction in both channel and spatial
dimensions. Specifically, it incorporates two stages: channel
switching and spatial attention refinement. This design ensures
that the two modalities can exchange complementary infor-
mation during the encoding stage while preserving modality-
specific discriminative cues.

For simplicity, we take the highest-level fusion as an ex-
ample. Formally, let the RGB features be denoted as fr €
RE*hxw and the event features fr € RE*"**  Channel
exchange is first performed, followed by spatial attention re-
finement. Specifically, we first use element-wise multiplication
and addition to mutually enhance the most informative com-
mon features in the dual modalities. This preliminary fusion
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Fig. 1.
bidirectional channel interaction fusion module, and utilizes an Adaptive Feature Completion Module (AFCM) adapted from [10]. The decoding and loss
functions are also derived from [15].

step enhances shared informative responses before channel
exchange, reducing the negative influence of large modality
discrepancies on subsequent fusion. The enhanced features are
formulated as follows:
f;:fr®fe+fr§ fé:fr®fe+fe~ 3)
In our module, we introduce a channel exchange mech-
anism, motivated by the observation that the information
strength carried along the channel dimension is often imbal-
anced across different modalities (RGB and Event). Specifi-
cally, certain channels in one modality may contain highly dis-
criminative cues, while the corresponding channels in the other
modality may primarily encode noise or irrelevant information.
Conventional fusion strategies, such as direct summation or
concatenation, tend to preserve these weak channels, thereby
diluting the contribution of informative signals. The proposed
channel switching module is designed to selectively replace
or reallocate weak channels by importing highly informative
channels from the complementary modality, thus enhancing
the overall discriminative representation. To achieve this, we
first perform a channel-wise importance evaluation on the fea-
ture maps of both modalities. This evaluation is implemented
through global average pooling (GAP), followed by a one-
dimensional convolution and a sigmoid activation function.
Based on the resulting channel weights, discriminative channel
substitution is carried out to accomplish effective channel
exchange. Formally, the computed weights after weight eval-
uation wy® and wS® are as follows:

wy = 0 (ConvlD (GAP (f)));
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The overall architecture of the proposed CCFNet. The network is built upon a CSPDarkNet [14] backbone for feature extraction, incorporates a

where
H-1W-1

GAP(f) = ﬁ SN (5)

i=0 j=0

where ConvlD denotes a one-dimensional convolution along
the channel dimension, and o denotes the sigmoid activation
function. The channel weights wy® and w® first use GAP
(Global Average Pooling) to reduce the input RGB and Event
feature maps to 1 x 1 x C' vectors, then after alignment through
1D convolution, the weights are passed through a sigmoid
function. The resulting channel weights w_® and w¢® are used
for channel exchange. The channel exchange process is defined
as follows:

if wit, > ke,

if wit, <k,

/
out __ r,c?
r,e /
fe,cy

out _ { é,c’
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where c represents the ¢ — th channel, and k is a prede-

termined threshold. When the weight of the ¢ — th channel

is lower than the threshold k, the model replaces it with the
corresponding channel from the other modality.

After completing the channel-level information interaction,
to further achieve fine-grained fusion and semantic alignment
between RGB and event features, this study introduces a
spatial attention mechanism to enhance the network’s respon-
siveness to key spatial regions. This module performs channel
concatenation and spatial weighting on the fused feature maps,
enabling the model to identify critical regions shared across
both modalities (such as motion edges and object boundaries).

(6)
if wes, > ke,

if we, < ke.
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Fig. 2. Structure of the proposed Bidirectional Channel Interaction Module (BCIM). It consists of channel switching and spatial attention refinement to

perform channel-wise cross-modal exchange and spatial feature enhancement.

Consequently, the final fusion output preserves both static se-
mantics and dynamic information. This mechanism effectively
alleviates the semantic misalignment between RGB and event
data, providing the subsequent detection branch with more
consistent and higher-quality fusion feature inputs.

As shown in Figure 2, after channel exchange, the RGB and
event features are concatenated along the channel dimension
to form a joint multimodal representation. To generate spatial
attention maps, the concatenated features are processed by
channel-wise average pooling and channel-wise max pooling,
producing two spatial descriptors. The channel-wise max pool-
ing operation emphasizes the most discriminative response re-
gions, such as moving-object boundaries and high-confidence
motion cues, while the channel-wise average pooling oper-
ation preserves the overall spatial structure and contextual
information. The two descriptors are then passed through
convolutional layers and normalized by a sigmoid function
to obtain pixel-level spatial attention maps. These attention
maps are used to reweight the concatenated features, enabling
the network to suppress redundant background responses and
enhance informative regions. The computation process can be
expressed as:

M, = o(Conv(CAP(feat))); .
M., = o(Conv(CMP(feat)))- @
féat — Ma ® fcat + Mm ® fcat (8)

2 )
where f.,; denotes the concatenated RGB and event features.
Conv represents the convolution operation, and ¢ denotes the
sigmoid activation function. CMP and CAP denote channel-
wise max pooling and channel-wise average pooling along the
channel dimension, respectively. The spatial attention maps
M, and M,,, generated through CAP and CMP, are utilized
to modulate the fused features, enabling the network to focus
on the most informative spatial regions. f/,, represents the final

concatenated feature after attention modulation, and ® denotes
element-wise multiplication.

Finally, the refined feature map is split back into RGB and
event feature components, which are then added element-wise
to obtain the final fused representation, as formulated below:

ST = Split(fl), ©)
SA | ¢SA
IR (10)
where f34 and f54 represent the RGB and event fea-

tures obtained after spatial attention output, respectively. The
weighted feature maps f74, f54 € REXWXC have the same
dimensions as the input feature maps.

III. EXPERIMENTS
A. Experimental Setup

1) Datasets: Experiments are conducted on DSEC-MOD
and PKU-DAVIS-SOD. DSEC-MOD is built from the DSEC
benchmark and contains frame-level annotations for eight
moving object categories under morning, afternoon, and night
conditions. It is used as the primary dataset for quantitative
comparison, ablation study, and illumination-related analysis.

PKU-DAVIS-SOD contains three common moving object
categories and is used as an auxiliary dataset to further evaluate
the robustness of the proposed method under illumination
variations and motion degradation conditions.

2) Data Preprocessing: Due to the asynchronous nature
of event data, the event stream is first converted into frame-
like event representations. The RGB frames are processed by
convolutional layers, while the event stream is represented at
multiple temporal scales. Specifically, the E-TMA module [15]
is used to extract and aggregate informative event features
across different temporal windows. For DSEC-MOD, the
temporal windows are set to 15 ms, 30 ms, and 50 ms, while
for PKU-DAVIS-SOD, they are set to 15 ms, 25 ms, and 40
ms.
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Fig. 3. Visualization of detection results across different illumination con-
ditions (morning, afternoon, evening) on the DSEC-MOD and PKU-DAVIS-
SOD datasets. The number of video sequences in DSEC-MOD for morning,
afternoon, and evening is 2:2:1, while in PKU-DAVIS-SOD it is 6:7:15.

3) Training Details: CSPDarkNet [14] is adopted as the
backbone network, and all input frames are resized to 288 x
288. During training, common data augmentation strategies
are applied, including photometric transformation, random
scaling, and positional jittering. The model is optimized using
Adam with an initial learning rate of 5 x 10~%, which is
reduced by a factor of 10 at the 10th and 15th epochs. The
entire model is trained for 30 epochs.

B. Experimental Results

1) Comparative Experiments on the DSEC-MOD Dataset:
Table I reports the comparison results on the DSEC-MOD
dataset. Self-attention based methods improve intra-modal fea-
ture representation but lack effective cross-modal interaction,
resulting in limited gains in RGB-Event fusion tasks. Cross-
attention based methods introduce inter-modal information
propagation; however, asymmetric fusion strategies may cause
modality bias under challenging conditions.

Compared with existing methods, the proposed CCFNet
introduces bidirectional channel exchange and spatial atten-
tion refinement for adaptive multimodal fusion. As a result,
CCFNet achieves the highest FmAP of 44.14 on DSEC-
MOD, slightly outperforming FRN and clearly surpassing
other representative fusion methods. The qualitative results
in Fig. 3 further demonstrate its effectiveness under complex
illumination and motion conditions.

2) Sensitivity Analysis of the Threshold k on the DSEC-
MOD Dataset: Table II shows that the threshold has a no-
ticeable influence on performance rather than being negligible.
When the threshold is too low, weak channels may be retained,
limiting the benefit of complementary exchange. When the
threshold is inappropriate for one modality, the exchange
process may introduce noisy or mismatched channels. The best
result is obtained when both thresholds are set to 0.5, suggest-
ing that a balanced criterion between feature preservation and
cross-modal replacement is beneficial.

3) Performance Analysis across Different Time Periods:
Table III presents the performance of CCFNet under different

TABLE I
COMPARISON WITH SOTA FUSION ALTERNATIVES ON THE DSEC

DATASET.
Model Type Fusion Module | FmAP@0.5 (%)
SENet [17] 29.28
Self-Attention CBAM [18] 36.22
ECANet [19] 34.49
SAGate [20] 33.62
Cross-Attention DCF [21] 32.20
SPNet [22] 32.70
FPN-Fusion [23] 32.28
EFNet [24] 35.33
RGB-Event RENet [15] 38.38
FRN [25] 43.59
CCFNet (Ours) 44.14

TABLE 11
SENSITIVITY ANALYSIS OF THE THRESHOLD PARAMETERS ON THE
DSEC-MOD DATASET. THE PERFORMANCE IS REPORTED BY FMAP@0.5

(%).
Varied Fixed Threshold Value
Parameter | Parameter 0.1 0.2 0.3 0.4 0.5
kr ke = 0.5 4044 4174 42.08 38.836 44.14
ke kr =0.5 40.73 3942  40.69 42.00 44.14

illumination conditions on the DSEC-MOD and PKU-DAVIS-
SOD datasets. The proposed method achieves stable perfor-
mance during daytime conditions and maintains competitive
detection capability under nighttime scenarios.

The relatively lower nighttime performance on DSEC-MOD
is mainly due to the limited number of nighttime testing
samples. In contrast, the more balanced distribution in PKU-
DAVIS-SOD leads to more consistent results across different
time periods. The qualitative results in Fig. 3 further verify
the robustness of the proposed fusion framework.

TABLE III
PERFORMANCE COMPARISON OF CCFNET ACROSS DIFFERENT TIME
PERIODS ON DSEC-MOD AND PKU-DAVIS-SOD.

Dataset F.mAP (%)
Morning | Afternoon | Evening All
DSEC-MOD 46.17 47.98 29.36 44.14
PKU-DAVIS-SOD 63.34 57.10 79.82 71.02

4) Ablation Study: To evaluate the effectiveness of each
component, we conduct ablation experiments on the DSEC-
MOD dataset. The results are summarized in Table IV.

The baseline model using direct RGB-Event concatenation
achieves only 15.37 FmAP, indicating that naive fusion cannot
effectively exploit multimodal complementary information.

After introducing the channel exchange module, the perfor-
mance significantly improves to 41.20 EmAP, demonstrating
the effectiveness of adaptive cross-modal feature interaction.
Using only the spatial attention module also improves perfor-
mance to 42.91 EmAP by enhancing salient spatial responses.



By jointly integrating channel exchange and spatial atten-
tion, CCFNet achieves the best performance of 44.14 F.mAP,
showing that the two modules provide complementary benefits
for multimodal fusion.

TABLE IV
ABLATION STUDY OF KEY COMPONENTS ON THE DSEC-MOD DATASET.
No. R-E Channel Spatial F.mAP@0.5

Baseline | Switching | Attention (%)
1 v - - 15.37
2 v v - 41.20
3 v - v 4291
4 v v v 44.14

IV. CONCLUSION

In this paper, we propose CCFNet, an RGB-Event fusion
framework for moving object detection in challenging driving
environments. By combining bidirectional channel exchange
and spatial attention refinement, CCFNet adaptively exploits
complementary information from RGB images and event
streams. Experiments on DSEC-MOD demonstrate competi-
tive performance compared with representative fusion meth-
ods, while additional analysis on PKU-DAVIS-SOD evaluates
its robustness under different illumination conditions. Abla-
tion studies further verify the effectiveness of the proposed
components. In future work, we will explore more efficient
temporal modeling strategies and lightweight designs for real-
world deployment.
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