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Abstract
DAVIS cameras, which output both event streams and frames simul-
taneously, are increasingly being used to address the primary object
detection challenges posed by complex lighting and motion blur.
Nevertheless, fully leveraging the abundant temporal information
and effectively fusing data from these two modalities remains a
formidable challenge. In this paper, we first design a multi-scale
spatio-temporal aggregation (MSTA) module to distill richer se-
mantic information from event frames. Secondly, we assimilate and
harness the strengths of YOLOv8 and RT-DETR to develop an inno-
vative encoder with Multi-scale Cross-modal dynamic Interactive
fusion and multi-level feature interactive Fusion (MCIF). In MCIF,
we propose a dynamic channel switching and spatial attention with
learnable fusing factors (DCF-CSSA) to improve the complemen-
tary interaction of cross-modal features. Extensive experiments
demonstrate that our approach (which we call SCNet) significantly
outperforms existing state-of-the-art (SOTA) object detection meth-
ods that fuse events and frames, achieving an mAP50 improvement
of 6.2% on PKU-DAVIS-SOD and 12% on DESC-MOD, both contain
a large number of samples with challenging lighting conditions and
motion blur.

CCS Concepts
• Computing methodologies → Artificial intelligence; Com-
puter vision; Object detection.
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1 Introduction
Object detection [39] is a challenging core task in the field of com-
puter vision with a widespread of application scenarios, such as
autonomous driving [2], video surveillance [1], and robot nav-
igation [27]. Since object detectors based on single modal data
[15, 31, 44, 47] can hardly achieve satisfactory performance in real
scenes with challenging illumination and object motion, object de-
tection based on multi-modal signal fusion [5, 9, 33, 35, 40, 42, 43]
is a more realistic solution.

The Dynamic Active Pixel Vision Sensor (DAVIS) [3, 26] com-
posed of a traditional frame-based camera and a novel bio-inspired
event camera brings a new perspective to the field of multi-modal
object detection. Event cameras[20, 25] generate event streams
by triggering events in response to light changes in each single
pixel, thus they have ultra-low latency of 𝜇𝑠 level and high dynamic
range of up to 140 dB, which enables them to not only cope with
the lighting and high-speed motion challenges faced by traditional
frame-based cameras, but also provide rich temporal information
that other cameras cannot provide. Nevertheless, event cameras
also have their limitations: they are insensitive to static or extremely
slow-moving objects and lack color and texture information, which
can be supplemented by visible (RGB) images, but some key issues
remain unsolved.

One issue is how to make full use of the rich temporal infor-
mation of events. DAVIS object detection methods usually first
segment the event stream into fixed time intervals and perform
event aggregation [11, 22] to generate event frames aligned to image
frames, and then input both frames into the subsequent backbone
network to extract features. Recent studies mainly capture temporal
dependencies by adding lateral recurrent connections [19, 29, 32] or
turning to the Transformer architecture [10]. Although recurrent
networks can capture long-term dependencies, they face challenges
such as high computational cost, low parallelism, and difficulty in
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Figure 1: Samples from the PKU-DAVIS-SOD dataset under
low-light conditions (first row) and slow-motion scenarios
(second row). It can be observed that in different environ-
ments, one modality can complement the other, providing
more detailed information.

training. The Transformer architecture is memory intensive and
not good at capturing local temporal dependencies.

The second issue is how to effectively fuse the extracted features
of events and RGB images. The fusion methods can be divided
into two categories according to their strategies: decision-level
fusion [6, 14, 18, 37] and feature-level fusion [4, 17, 23, 36, 46].
Decision-level fusion directly combines the detection results of the
two modalities, lacks interaction between different modalities, and
cannot completely eliminate the problems of single-modal detection.
Feature-level fusion is mainly achieved in the feature extraction
stage through feature concatenation, addition or attention mech-
anisms, which can achieve better interaction between different
modalities. Nevertheless, most of the existing methods still suffer
from problems such as insufficient cross-modal interaction, failure
to fully utilize complementarity, and lack of interaction between
low-level and high-level features.

In this paper, we propose a novel network that fully exploits
the advantages of YOLOv8 [15] and RT-DETR [44] to achieve high-
precision multi-modal object detection across events and images
(SCNet) . As shown in Figure 2, SCNet consists of two key mod-
ules: Multi-scale Spatio-Temporal Aggregation (MSTA) and Multi-
scale Cross-modal Interactive feature Fusion (MCIF) encoder. (1) In
MSTA, we use 3D convolutions with different kernel sizes to effi-
ciently capture the temporal dependencies between bins in parallel.
Compared with Transformer-based and recurrent network-based
architectures, MSTA can capture more fine-grained (bin-based vs.
event frame-based) temporal dependencies, has higher computa-
tional efficiency and parallelism, and is easier to train. (2) In MCIF,
we fuse the feature maps of the two modalities generated by the last
three stages of the backbone network using our low-level feature
fusion (LLFF) and high-level feature fusion (HLFF) modules, respec-
tively. In LLFF, we design channel switching and feature fusion
with learnable factors and combine them with spatial attention

to achieve dynamic complementary feature fusion (DCF-CSSA)
with improved interaction and complementarity between features
of different modalities. In HLFF, we first capture the correlation
between different modalities and perform feature enhancement
through cross-modal cross attention and cross-modal self-attention
(CMA), and then send the enhanced results to DCF-CSSA to get
dynamic interactive complementary fusion results. Finally, PAFPN
is used to perform the interactive fusion of high-level semantics
and low-level features to further improve the encoding effect.

The main contributions can be summarized as:
• Wepropose a novel SCNet network that leverages the strengths
of YOLOv8 and RT-DETR for multimodal object detection
across events and images, and achieve 6.2% and 12% mAP50
improvements on two challenging datasets.

• We propose a dynamic channel switching and spatial atten-
tion with learnable mixing factors (DCF-CSSA) to improve
the complementary interaction of cross-modal features.

• We design a plug-in module (MSTA) to effectively aggregates
spatio-temporal information at different scales of bins to
obtain fine-grained spatio-temporal features.

2 Related Works
2.1 Object Detection Based on Events
Thanks for the outstanding characteristics of event cameras, many
event-based object detection methods have been proposed [10, 11,
13, 19, 22, 29]. The network grafting algorithm (NGA) [11] em-
ployed deep neural networks to extract features from event frames
and achieved enhanced object detection performance. RED [29] pro-
posed a recurrent network architecture that uses ConvLSTM [32]
to extract spatio-temporal features from the event stream. ASTM-
Net [19] introduced a temporal attention convolution module to
learn event feature embeddings from continuous event streams, as
well as a lightweight spatio-temporal memory module to extract
temporal cues. RVT [10] proposed a Transformer-based object de-
tection backbone that significantly reduces inference time while
maintaining performance similar to previous works.

2.2 Object Detection Fusing Events and Images
Object detection by combining events and RGB images is a more
reliable solution for challenging scenarios. According to different fu-
sion strategies, it can be mainly divided into two solutions: decision-
level fusion [6, 14, 18] and feature-level fusion [4, 17, 23, 36, 46].

In decision-level fusion, Chen et al. [6] used Non-Maximum
Suppression (NMS) to merge detection results from both modalities.
Li et al. [18] employed Dempster-Shafer theory to fuse detection
results from the two modalities. Although Jiang et al. [14] proposed
a confidence map to fuse the two modalities, these decision fusion
methods lack interaction between modalities and cannot effectively
utilize the complementary characteristics of the two modalities.

Recently, several feature fusion methods have been proposed to
guide the fusion of the two modalities at the feature level. Liu et
al. [23] calculated a channel attention map to guide the learning of
event-based and image-based features. Cao et al. [4] generated pixel-
level attention maps based on the features of the two modalities
and multiplied them with image features to obtain fused features.
Tomy et al. [36] used a simple concatenation operation to combine
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Figure 2: Overview of the proposed model. (a) The structure of SCNet. Event frames are first input into MSTA and then sent
to the YOLOv8 backbone, while RGB images are directly sent to the YOLOv8 backbone. The features of the last three stages
of the two backbone networks are comprehensively fused through the MCIF module. The RT-DETR decoder is employed to
output the objects’ classes and bounding boxes. (b) The structure of MSTA (see Section 5), which mainly consists of multiple 3D
convolutions with different kernel sizes. (c) The structure of MCIF (see Section 3.4), which consists of two LLFFs (see Section
3.4.1), one HLFF (see Section 3.4.2), and one PAFPN.

features from the two modalities at different resolutions. Zhou et al.
[46] proposed a bidirectional fusion module that models bimodal
features in both spatial and channel dimensions to form a shared
representation. Nevertheless, these methods do not fully utilize the
spatio-temporal information in event streams. Li et al. [17] proposed
a temporal Transformer model to leverage the rich spatio-temporal
information from continuous events and adjacent frames. However,
due to the use of a Transformer encoder, their inference speed is
very slow.

3 Methodology
The primary objective of this work is to design a fast and efficient
object detection network that integrates events and image frames.
The overall framework of the network is shown in Figure 2(a).

3.1 Network Overview
Our network consists of four stages: event representation, feature
extraction, cross-modal multi-scale feature fusion, and detection.
In the first stage, to make asynchronous events compatible with
traditional deep learning methods, we divide the continuous event
stream into multiple time bins 𝐵 = {𝐵1, 𝐵2, 𝐵3, ... 𝐵𝑛} . Each bin is
converted into an event frame using a Time Surface-based event
representation method. In the second stage, we use two YOLOv8
backbones [15] to extract features from the event frames and RGB
images, respectively. Where we first input the event frames into an
additional multi-scale spatio-temporal aggregation (MSTA) module
to obtain finer-grained spatio-temporal features before inputting

them into the backbone network. In the third stage, we design a
multi-scale cross-modal interactive feature fusion (MCIF) encoder
to comprehensively fuse the features generated by the last three
stages of the backbone network. In the fourth stage, we use the
decoder of RT-DETR [44] for detection, which does not require
post-processing and offers higher accuracy.

3.2 Event Representation
When the logarithmic brightness change in the environment ex-
ceeds a specific threshold, each pixel in the event camera can in-
dependently trigger an event. An event typically contains positive
polarity (𝑝=+1) and negative polarity (𝑝=-1), depending on the sign
of the brightness change. This process can be represented as:

𝑝 =


+1 𝐿(𝑥,𝑦, 𝑡) − 𝐿(𝑥,𝑦, 𝑡 − Δ𝑡) ⩾ 𝐶
−1 𝐿(𝑥,𝑦, 𝑡) − 𝐿(𝑥,𝑦, 𝑡 − Δ𝑡) ⩽ −𝐶
0 other

. (1)

Where (𝑥 , 𝑦) are pixel coordinates, 𝑡 is a timestamp, Δ𝑡 is a time
interval since the last event at pixel (𝑥 , 𝑦), 𝐿 represents logarithmic
strength, 𝐶 represents a preset threshold. Therefore, an event can
be represented as a tuple (𝑥 , 𝑦, 𝑝 , 𝑡 ).An event stream 𝜀 can be
represented as:

𝜀 = {𝑒1 ...𝑒𝑘 ...𝑒𝑁 }𝑁
𝑘=1 = {(𝑥𝑘 , 𝑦𝑘 , 𝑝𝑘 , 𝑡𝑘 )}𝑁𝑘=1 . (2)

In modern event cameras, an event stream can contain up to 10
million events per second, making asynchronous event-by-event
processing infeasible on traditional processing units. Most existing
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Figure 3: Structure of LLFF and HLFF. (a) LLFF. LLFF consists of a DCF-CSSA network, which contains two dynamic comple-
mentary channel switching (DCCS) blocks, a spatial attention block, and a dynamic addition block of feature maps. (b) HLFF.
HLFF consists of two modules: the CMA and the DCF-CSSA module. (c) The detailed structure of Cross-modal Cross-attention
and Cross-modal Self-attention.

methods convert asynchronous event streams into frame-like rep-
resentations [16, 28, 41, 45] or use spike neural networks (SNNs)
[7, 8] to process. Here, we use Time Surfaces (𝑇𝑆) as our event
representation method, which can preserve temporal information
while capturing the details of object movement. We first create a
four-dimensional tensor𝑇𝑆 . The first dimension consists of polarity,
the second dimension consists of 𝐵 components related to the divi-
sion of the event stream into 𝐵 time bins, and the third and fourth
dimensions represent the height and width of the event camera.
Thus, 𝑇𝑆 can be represented as:

𝑇𝑆 = {𝑡𝑠1, 𝑡𝑠2, 𝑡𝑠3 · · · 𝑡𝑠𝐵} , (3)

𝑡𝑠𝑖 =
∑︁

𝑒𝑘 ∈𝐵𝑖

𝛿 (𝑥−𝑥𝑘 , 𝑦 − 𝑦𝑘 )𝛿 (𝑝 − 𝑝𝑘 )
(
𝑒−

𝑡−𝑡end
𝑆

)
, (4)

where 𝑡end is the end time of the current time bin, 𝑆 is a time con-
stant and 𝛿 (·) refers to the Dirac delta function. The time of events
contained in each time bin is in the interval

[
𝑡0,

𝑡𝑁 −𝑡0
𝐵

· 𝑏
]
, where

𝑡0 is the start time of the current event stream and 𝑡𝑁 is the end
time of the current event stream, 𝑏 ∈ (0, 𝐵). In other words, we
create 𝐵 dual-channel time surfaces, resulting in an event repre-
sentation in the shape of a four-dimensional tensor (2, 𝐵, 𝐻,𝑊 ).
This four-dimensional tensor can be directly input into our MSTA
module.

3.3 MSTA: Multi-scale Spatio-Temporal
Aggregation

We design a module named MSTA, which can extract the spatio-
temporal features of event frames and the temporal dependencies of
event frames at different scales before they are fed into the backbone
network.

The overall structure of MSTA is shown in Figure 2(b). It pri-
marily uses 3D convolutions with different kernel sizes to perform
convolution operations in both spatial and temporal dimensions,
capturing the dynamic changes of multi-channel time surfaces and
learning rich spatiotemporal features. First, we use 3D convolu-
tions with kernel sizes of 1, 3, and 5 to aggregate and extract local
spatiotemporal information at different scales. The 3D convolution
with a kernel size of 1 captures spatiotemporal information at the
scale of a single time bin, while the 3D convolutions with kernel
sizes of 3 and 5 extract spatiotemporal features from adjacent time
bins, capturing contextual information in both dimensions. We then
use residual 3D convolutions with corresponding kernel sizes to
further aggregate and extract spatiotemporal features. Finally, we
reshape and concatenate the features at different scales and adjust
the number of channels using a 2D convolution with a kernel size
of 1, We express the computation of MSTA as follows:

𝑇𝑆 ′
𝑘
= C3D-k(𝑇𝑆), (5)

𝑇𝑆 ′
𝑘
=𝑇𝑆 ′

𝑘
+ C3D-k

(
𝑇𝑆 ′

𝑘

)
, (6)

𝑇𝑆 = 𝐶𝑜𝑛𝑣1×1(𝑅𝐴𝐶 (𝑇𝑆 ′1,𝑇𝑆
′
3,𝑇𝑆

′
5)), (7)
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where RAC represents the Reshape And Concat operation.

3.4 MCIF: Multi-scale Cross-modal Interactive
Feature Fusion Encoder

Efficiently fusing event features and image features is a key step
in integrating these two modalities for target detection. To com-
prehensively merge semantic information across different scales
between the two modalities, we designed a multi-scale cross-modal
interactive feature fusion encoder, as shown in Figure 2(c).

The entire module consists of three parts: low-level feature fu-
sion, high-level feature fusion, and progressive asymmetric feature
pyramid network (PAFPN) [12]. Specifically, we use two LLFFs
to merge shallow features extracted by the backbone network
(𝐸𝑆3, 𝐹𝑆3, 𝐸𝑆4, 𝐹𝑆4), and a HLFF to merge deep features (𝐸𝑆5, 𝐹𝑆5).
For the three different scales of fused features obtained, we use
PAFPN for multi-scale fusion to capture and utilize contextual infor-
mation at different feature levels, enhancing the flow of information
between features.

3.4.1 LLFF: Low-Level Feature Fusion. As shown in Figure 3(a),
LLFF consists of a dynamic complementary fusion module with
channel switching and spatial attention (DCF-CSSA), which is an
improved version of CSSA [5] with learnable factors for channel
switching and feature addition.

Cao et al. [5] proposed channel switching and spatial attention
(CSSA) to perform multimodal object detection on infrared (IR) and
visible light (RGB) images and achieved SOTA accuracy. In CSSA,
when the weight of the 𝑖 th channel of modality𝑚 is lower than a
preset threshold 𝑘 , the current channel is switched to the channel
of another modality, otherwise the current channel is retained.
CSSA enables better complementary interaction between the two
modalities through channel switching. However, when the weight
of the 𝑖 th channel of modality𝑚 is lower than the preset threshold
𝑘 , it does not mean that the weight of the switched modality𝑚′ is
higher than the threshold 𝑘 or is superior to modality𝑚.

To address this issue, we designed a dynamic complementary
channel switching (DCCS). By using a learnable mixing factor,
the channels that need to be switched are adaptively weighted
and fused with the channels of another modality, resulting in the
current channel being switched to the fused result. This process
can be described as:{

𝑥𝑚,𝑖 if𝑤𝑚,𝑖 ⩾ 𝑘

𝑥𝑚,𝑖 × 𝜎 (𝜃 ) + 𝑥𝑚′𝑖 × (1 − 𝜎 (𝜃 )) if𝑤𝑚,𝑖 < 𝑘
, (8)

where 𝑥𝑚,𝑖 is the 𝑖-th channel of modality𝑚, 𝑤𝑚,𝑖 is the weight
of the 𝑖-th channel of modality𝑚 after passing through the ECA-
Block [38],𝑚′ is another modality, 𝜎 is sigmoid function, and 𝜃 is
a learnable factor for dynamic channel-mixing.

After the dynamic complementary channel switching, we apply
spatial attention [5] as a supplement to our dynamic complementary
channel switching. Finally, in the process of generating the final
fusion result, we use learnable dynamic weight fusion instead of the
average fusion of CSSA. This calculation process can be represented
as:

𝑋fused = 𝑋RGB × 𝜎 (𝜃 ′) + 𝑋Event ×
(
1 − 𝜎 (𝜃 ′)

)
, (9)

where 𝑋fused represents the final fused feature, 𝑋R G B and 𝑋Event
are the feature maps after dynamic complementary channel switch-
ing and spatial attention, representing image features and temporal
features, respectively. 𝜃 ′ is a learnable factor for dynamic weight
fusion.

3.4.2 HLFF: High-Level Feature Fusion. The overall structure of
HLFF is shown in Figure 3(b). Unlike LLFF, HLFF first passes through
a cross-modal attention (CMA) and then through DCF-CSSA to
obtain the fused features. This is because applying attention mech-
anisms to high-level features with richer semantic concepts is ben-
eficial for object recognition and localization. In contrast, low-level
features lack semantic concepts, making intra-scale interactions
(cross and self-attention) unnecessary and potentially causing re-
dundancy and confusion with high-level feature interactions. In
CMA, cross-modal cross-attention is first performed to capture
the correlations between different modalities and enhance feature
associations. Then, cross-modal self-attention is applied to further
smooth and coordinate the fused features, optimizing the features
within a single modality after fusion. The architecture of cross-
modal cross and self attention is shown in Figure 3(c). The calcula-
tion of HLFF can be represented as:

𝑄𝐸 , 𝐾𝐸 ,𝑉𝐸 = Flatten (𝐸𝑆5) , (10)
𝑄𝐹 , 𝐾𝐹 ,𝑉𝐹 = Flatten (𝐹𝑆5) , (11)

𝐸𝑆 ′5 = Reshape (𝑆𝐴 (𝐶𝐴 (𝑄𝐹 , 𝐾𝐸 ,𝑉𝐸 ))) , (12)
𝐹𝑆 ′5 = Reshape (𝑆𝐴 (𝐶𝐴 (𝑄𝐸 , 𝐾𝐹 ,𝑉𝐹 ))) , (13)

𝑋fused = DCF-CSSA
(
𝐸𝑆 ′5, 𝐹𝑆

′
5
)
, (14)

where 𝐶𝐴 stands for cross-modal cross-attention, and 𝑆𝐴 stands
for cross-modal self-attention, Reshape represents restoring the
shape of the flattened feature to the same shape as 𝐸𝑆5 and 𝐹𝑆5.
The calculation process of MCIF can be represented as:

𝑋 3
fused = LLFF(𝐸𝑆3, 𝐹𝑆3), (15)

𝑋 4
fused = LLFF(𝐸𝑆4, 𝐹𝑆4), (16)

𝑋 5
fused = HLFF(𝐸𝑆5, 𝐹𝑆5), (17)

Ω = PAFPN(𝑋 3
fused , 𝑋

4
fused , 𝑋

5
fused ), (18)

where Ω represents the final fused result.

4 Experiments
4.1 Experiment Settings
Implementation details: For the PKU-DAVIS-SOD dataset, we
adopt the AdamW optimizer for training, starting with a 3-epoch
warm-up phase. During the warm-up, the learning rate quickly
increases from a small value to 3e-4, and then gradually decreases
to 3e-6 over a total of 35 epochs.

For the DSEC-MOD dataset, we also adopt the AdamW optimizer
with a 3-epoch warm-up phase. In this phase, the learning rate
rapidly increases to 4e-4 and then slowly decreases to 4e-6 over a
total of 120 epochs.

In both datasets, the batch size is set to 16, and the image size is
adjusted to 384×384. For event representation, the number of time
bins is set to 6. We employ random horizontal flipping as our data
augmentation method. The weights for classification loss, L1 loss,
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Table 1: Comparison with SOTA. Our method outperforms existing methods on both datasets.

Modality Method Input represention backbone mAP50
PKU-DAVIS-SOD DSEC-MOD

Events

SSD-event [13] Event image SSD 0.221 -
NGA-event [11] Voxel grid YOLOv3 0.232 -

YOLOv3-RGB [30] Reconstructed image YOLOv3 0.244 -
Faster R-CNN [31] Event image R-CNN 0.251 -

Deformable DETR [47] Event image DETR 0.307 -
LSTM-SSD [24] Event image SSD 0.273 -
ASTMNet [19] Event embedding Rec-Conv-SSD 0.291 -
SODFormer [17] Event image Deformable DETR 0.334 -
Our baseline Time surface YOLOv8+RT-DETR 0.407 0.293

Frames

Faster R-CNN [31] RGB frame R-CNN 0.443 -
YOLOv3-RGB [30] RGB frame YOLOv3 0.426 -

Deformable DETR [47] RGB frame DETR 0.461 -
LSTM-SSD [24] RGB frame SSD 0.456 -
SODFormer [17] RGB frame Deformable DETR 0.489 -
Our baseline RGB frame YOLOv8+RT-DETR 0.539 0.461

Events+Frames

MFEPD [14] Event image + RGB frame YOLOv3 0.438 -
JDF [18] Channel image + RGB frame YOLOv3 0.442 -

SODFormer [17] Event image + RGB frame Deformable DETR 0.504 -
FPN-Fusion [36] Channel image + RGB frame RetinaNet - 0.323

EFNet [34] Channel image + RGB frame UNet - 0.353
RENet [46] Channel image + RGB frame MOC-Detector - 0.384
Our SCNet Time surface + RGB frame YOLOv8+RT-DETR 0.566 0.504

and Giou loss are set to 2, 5, and 2, respectively. The weight decay
of 1e-4. The hyper-parameter 𝑘 mentioned in Equation 8 is set to
0.5, and the hyper-parameter 𝑆 mentioned in Equation 4 is set to
50ms. All experiments are conducted on a single NVIDIA GeForce
RTX 3090.
Evaluation Metrics: To compare different approaches, the mean
average precision (e.g., COCO mAP [21]) and running time (ms)
are selected as two evaluation metrics, which are the most broadly
utilized in the object detection task.

4.2 Comparison with SOTA
We compare our method with nine event-based methods: SSD-event
[13], NGA-event [11], YOLOv3-RGB [30], Faster R-CNN [31], De-
formable DETR [47], LSTM-SSD [24], ASTMNet [19], SODFormer
[17] and ours baseline; six frame-based methods: Faster R-CNN
[31], YOLOv3-RGB [30], Deformable DETR [47], LSTM-SSD [24],
SODFormer [17] and ours baseline; as well as six RGB-Event fusion-
based object detection method: MFEPD [14], JDF [18], SODFormer
[17], FPN-Fusion [36], EFNet [34] and RENet [46].

As shown in Table 1, our SCNet outperforms existing methods,
including single-modality and RGB-Event fusion-based methods.
For instance, in event-based methods, our baseline (i.e., SCNet
without MSTA and MCIF) achieves a 7.3% higher mAP50 on the
PKU-DAVIS-SOD dataset compared to the state-of-the-art (SOTA)
method SODFormer. In RGB image-based methods, our baseline
surpasses the SOTA by 5%. Furthermore, in methods based on the
fusion of event and RGB images, our SCNet significantly outper-
forms existing SOTA methods, achieving a 6.2% higher mAP50 on
the PKU-DAVIS-SOD dataset compared to SODFormer. Addition-
ally, our SCNet achieves a 12% higher mAP50 on the DSEC-MOD
dataset compared to RENet.

4.3 Performance Evaluation in Various
Scenarios

We comprehensively evaluate our SCNet on the PKU-DAVIS-SOD
dataset. We report quantitative results (see Table2) and representa-
tive visual results (see Figure4).

We observe that under normal conditions, our baseline using
RGB frames outperforms the baseline using event data. This is
because event cameras struggle to produce fine-grained textures
in static or slow-motion scenarios (see Figure 4(a)), whereas RGB
frames can provide detailed static textures. In motion blur scenarios,
the detection performance using frames degrades more significantly
than using events. This is because motion-blurred images cause
details to become fuzzy (see Figure 4(b)), reducing the contrast be-
tween objects and the background, making it difficult to accurately
locate and identify objects. Event-based methods, on the other hand,
can capture motion information of objects, providing richer spa-
tiotemporal features to address this issue.In low-light conditions,
the performance of our baseline using RGB frames drops sharply
by 21.7%, compared to a 12.8% drop for the event-based baseline.
Methods using RGB frames struggle to detect all objects in low-
light environments. This is because, under low-light conditions,
the dynamic range of image sensors is limited, making it difficult
to capture details in both bright and dark areas simultaneously,
leading to degraded image quality (see Figure 4(c)).

Although event-basedmethods can accurately locate and identify
objects in motion blur and low-light scenarios, they still struggle
to detect all objects due to the lack of fine-grained texture infor-
mation. This is particularly challenging when two small objects
partially overlap. Event-based methods find it difficult to detect
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Table 2: Performance evaluation of our method under various scenarios on the PKU-DAVIS-SOD dataset. Including event-based
baseline, RGB image-based baseline, and RGB-Event fusion.

Scenario Modality AP50 mAP50 mAP50:95 Runtime(ms)Car Pedestrain Two-wheeler

Normal
Events 0.54 0.287 0.515 0.447 0.213 5.6
Frames 0.834 0.383 0.595 0.604 0.319 5.5

Frames+Events 0.839 0.403 0.593 0.611 0.321 10.3

Motion blur
Events 0.403 0.209 0.445 0.352 0.16 5.7
Frames 0.628 0.343 0.46 0.477 0.244 5.6

Frames+Events 0.657 0.369 0.514 0.513 0.247 10.5

Low-light
Events 0.591 0.018 0.35 0.319 0.143 5.0
Frames 0.631 0.179 0.315 0.387 0.167 5.0

Frames+Events 0.665 0.195 0.444 0.435 0.187 10.6

All
Events 0.516 0.247 0.457 0.407 0.189 5.6
Frames 0.781 0.35 0.488 0.539 0.279 5.5

Frames+Events 0.792 0.375 0.531 0.566 0.288 10.8

Figure 4: Visualization of detection results for various scenes in the PKU-DAVIS-SOD dataset. Cars, pedestrians, and two-
wheelers are represented by red, blue, and green bounding boxes, respectively.

both objects. Therefore, our SCNet extracts rich spatiotemporal in-
formation from events through MSTA and efficiently fuses features
from both modalities through MCIF, consistently outperforming
single-modality methods in all three scenarios.

4.4 Ablation Study
Comparison With CSSA: To validate that our proposed DCF-
CSSA outperforms CSSA, we conducted comparisons on our SCNet
across two datasets. We replaced the DCF-CSSA in the HLFF and
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Table 3: Comparison results of our DCF-CSSA and CSSA on
two datasets.

Method mAP50 Params(M)PKU-DAVIS-SOD DSEC-MOD
CSSA [4] 0.551 0.483 73.7
DCF-CSSA 0.559 0.495 73.7

Table 4: Effects of LLFF, HLFF and MSTA on two datasets.
Ours Baseline* indicates the method using average fusion
and without MSTA.

LLFF HLFF MSTF mAP50 Params(M)PKU-DAVIS-SOD DSEC-MOD
Our Baseline* 0.548 0.476 65.3

✓ 0.553 0.489 65.3
✓ 0.554 0.488 73.7

✓ ✓ 0.559 0.495 73.7
✓ ✓ ✓ 0.566 0.504 73.7

Table 5: The impact of different combinations of three-
dimensional convolutions (C3D) with varying kernel sizes
in our MSTA module on the results of two datasets.

C3D-k mAP50
1 3 5 PKU-DAVIS-SOD DSEC-MOD
✓ 0.56 0.497

✓ 0.562 0.501
✓ 0.563 0.502

✓ ✓ 0.563 0.501
✓ ✓ 0.564 0.503

✓ ✓ ✓ 0.566 0.504

LLFF modules of the MCIF with CSSA, and neither used MSTA.
As shown in Table 3, our proposed DCF-CSSA outperforms CSSA
on both datasets. This is because our method fully considers the
complementary information between the two modalities and dy-
namically fuses the features from both modalities.
Contribution of Our SCNet Components: Table 4 shows the
results of different module combinations in our method. Compared
to baseline (without MSTA and only PAFPN in MCIF module), we
can observe that the fusion of low-level features and high-level
features is crucial for providing good performance in the proposed
SCNet. More specifically, LLFF can learn and provide the primary
features of objects, including edges, textures, colors, and shapes,
while HLFF can capture the global contextual information in the
image, helping the model to process and recognize objects and
relationships in complex scenes. By combining both, we can utilize
low-level detail information and high-level semantic information
simultaneously, improving the accuracy and robustness of object
detection. Compared to not using MSTA, the accuracy of the model
improved further after using MSTA, indicating that MSTA can
extract and aggregate rich spatiotemporal information from events.
Further research on MSTA.Finally, we conducted an ablation
study to examine the effects of different convolution kernel sizes
and their various combinations on the network’s performance. As

shown in the table 5, convolution kernels of varying sizes all con-
tributed to performance improvements. This enhancement is at-
tributed to their ability to capture spatio-temporal information at
different scales within the event flow. The 3D convolutional ker-
nel with size 1×1×1 captures fine-grained spatial features within
individual frames, while kernels of size 3×3×3 extract local motion
patterns through short-term temporal cycles. Larger 5×5×5 kernels
identify global dynamic correlations via long-range dependencies
spanning multiple event frames.

5 Conclusion
In this paper, we propose a novel RGB-Event fusion architecture,
SCNet, for object detection under challenging lighting and high dy-
namic range conditions. It consists of two key components: MSTA
and MCIF. MSTA extracts and aggregates spatiotemporal infor-
mation of events at different temporal dimensions, capturing the
dynamic changes in the event stream. MCIF enables dynamic com-
plementary fusion of the two modalities at different scales, leverag-
ing the advantages of both events and RGB images to compensate
for the missing information in each modality. We thoroughly val-
idate our method on two existing large-scale datasets based on
events and RGB images. Experimental results demonstrate that our
method outperforms state-of-the-art (SOTA) methods by effectively
utilizing the complementarity of the two modalities, enhancing the
robustness of object detection under challenging lighting and high
dynamic range conditions.
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