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Abstract

Lane detection is crucial for autonomous driving, yet standard RGB cameras struggle
under extreme lighting conditions. Event cameras, with their high temporal resolution
and low latency, offer a promising solution in such environments, motivating the fusion
of RGB and event data to enhance lane detection robustness. To address this challenge,
we propose a pipeline incorporating the Multiple Feature Fusion Blocks (MFFB), which
leverages the temporal correlation of lane markings by maintaining the current state and
providing crucial information for subsequent timesteps. Additionally, we integrate edge
features to mitigate the insufficiency of lane edge information caused by insufficient mo-
tion in event cameras. Despite the availability of event camera datasets for autonomous
driving, no existing dataset simultaneously includes both event and RGB data with anno-
tation for lane detection. To address this gap, we extend the DSEC dataset by introducing
lane annotations and performing homographic alignment, resulting in the DSEC-Lane
dataset. This dataset provides RGB frames and event data, captured in parallel, from au-
tonomous driving scenes under challenging lighting conditions across urban, suburban,
and rural environments. Extensive experiments demonstrate that our approach surpasses
SOTA methods, highlighting the effectiveness of event-image fusion in challenging lane
detection scenarios.

1 Introduction

Autonomous driving has gained significant attention in academia and industry, focusing on
achieving detailed perception through sensor fusion and advanced control systems. With the
rapid advancement of deep learning[53, 62, 63, 73], remarkable achievements have also been
made in this field. Key tasks, such as lane detection [9, 18, 35, 46, 56, 66], object detection
[12, 47, 68] and traffic sign recognition [33, 51], are integral to this process, with lane
detection being particularly foundational. However, standard RGB cameras face limitations
in detecting lane markings under extreme lighting conditions.
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Figure 1: Visualization of the proposed DSEC-Lane dataset under diverse and challenging
driving scenarios. From top to bottom: RGB images, event frames, ground-truth (GT) lane
annotations, and model predictions. The dataset covers a wide range of lighting conditions,
including daytime, nighttime, and backlit scenes.

Unlike frame-based methods, which degrade under challenging lighting conditions [24,
59, 65], event-based bio-inspired cameras excel in low-light environments due to their high
temporal resolution and dynamic range [7, 23, 31]. By capturing illumination changes,
event cameras [52] effectively mitigate motion blur while reducing energy consumption,
bandwidth usage, and computational demands [13], making them particularly well-suited
for lane detection tasks. However, their effectiveness is limited when detecting lane mark-
ings with low contrast or subtle variations, reducing their reliability in certain scenarios. To
address this challenge, we fuse event cameras with standard RGB cameras, leveraging the
complementary strengths of both modalities to enhance robustness and accuracy in diverse
conditions.

In this paper, we propose a Multiple Feature Fusion Block (MFFB) that effectively lever-
ages the complementary strengths of asynchronous event streams and conventional RGB
frames for robust lane detection, as shown in Fig. 2. This module utilizes the temporal con-
tinuity of lane markings over time by preserving fused features from the previous timestep,
aiding the extraction of structural lane features at the current timestep and enhancing the ro-
bustness of lane detection. Additionally, considering the limitations of event-based models
for detecting distant lane markings due to insufficient relative motion and the subsequent
loss of event edge information [13, 19, 64], we incorporate edge features into the fusion
process. This allows the model to better capture lane boundaries, which are often weakened
in traditional event and image-based representations, as edges are typically transformed into
high-level features by feature extractors, neglecting low-level edge information. By guid-
ing the fusion of these two modalities with edge information, our approach enhances the
structural features of lane markings.

Despite the availability of event camera datasets for autonomous driving, there remains
a lack of lane detection datasets that integrate both event and standard camera modalities,
significantly hindering research on the application of event cameras in this domain. To bridge
this gap, we introduce DSEC-Lane, a dataset comprising 11,862 frames extracted from the
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DSEC dataset [15]. This newly introduced dataset captures a diverse range of challenging
driving scenarios, including various lighting conditions and complex traffic environments, as
illustrated in Fig. 1. To ensure temporal consistency, we provide timestamp-synchronized
data from both sensors and apply a homography transformation to align standard camera
images with the event camera’s perspective [47], accounting for resolution differences.

Our contributions are summarized as follows,

* We introduce DSEC-Lane, the first dataset for lane detection. DSEC-Lane comprises
11,862 annotated samples captured across dynamic urban, suburban, and rural traffic
scenes under both day and night conditions. Each sample includes temporally aligned
event streams, RGB frames, and precise lane-line annotations.

* We propose a Multiple Feature Fusion Block (MFFB), which fuses RGB frames with
asynchronous event streams through time-aware self-attention and edge cues, deliver-
ing robust lane estimates under extreme lighting.

¢ We establish the first benchmark for RGB-Event fusion in lane detection, evaluate
diverse frame-based and fusion baselines, and achieve state-of-the-art performance on
the real-world DSEC-Lane dataset using our event-image fusion strategy.

2 Related Work

Lane Detection. Lane detection has long been a critical component of autonomous driv-
ing systems|[ 14], initially addressed by traditional methods that relied on handcrafted features
and classical machine learning algorithms [5, 11, 27]. With the rise of deep learning, a new
wave of lane detection methods has emerged [3, 17, 18, 46, 66], methods such as LaneATT
[46], which uses attention mechanisms to highlight relevant lane features, and CLRNet [66],
which incorporates multi-scale feature fusion for improved lane boundary prediction. To
support the development of these deep learning-based approaches, a series of large-scale
datasets have been introduced [2, 4, 9, 22, 39, 49, 61]. Datasets like Tusimple [49], which
focuses on highway driving scenarios, and CULane [39], one of the largest datasets featuring
diverse traffic, weather and lighting conditions. Despite the success of these methods in con-
ventional driving environments, significant challenges persist in extreme scenarios, where
traditional RGB-based methods exhibit limited robustness.

Event-based Vision. Event cameras, with their advantages of low latency and high dy-
namic range (HDR), have been widely applied in tasks such as object detection [8, 25, 34,
68, 69], segmentation [1, 34, 43, 72], optical flow estimation [10, 30, 38, 71] and deblurring
[20, 37, 44, 67]. Meanwhile, a series of event-based camera datasets for autonomous driving
have emerged [9, 15, 70], such as DSEC [15], which provides synchronized event streams,
RGB frames, and LiDAR data from real-world driving scenarios. MVSEC [70] offers syn-
chronized event data along with stereo camera images, captured in outdoor environments,
and supports tasks like visual odometry and depth estimation. In this work, we integrate
event-based vision into lane detection, enabling complementary information fusion between
the RGB and event modalities.

Multimodal Fusion. With the development of event cameras, the fusion of event-based
and RGB data has gained increasing attention [32, 44, 45, 47, 48, 68], Zhou et al.[68] ex-
plicitly models both modality-specific features and shared representations, Sun et al.[44]
further leverages the transformer’s attention to better guide the feature fusion. We analyze
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Table 1: Comparison of various lane detection datasets, including the year of release,
modality, and dataset characteristics. The columns indicate whether datasets feature cer-
tain attributes, such as E-I Pair (Event-Image Pairing), MI (Multi-Illumination), MS (Multi-
Scenes), ML (Multi-Line Type), and MM (Multiple Moments). The annotation types, scale
and resolution of each dataset are also listed.

Dataset Year Modality E-IPair MI MS ML MM Real Annotations Scale Resolution
Caltech Lanes [2] 2008 RGB X X X X X v Key point coordinates 1,225 640x480
Tusimple [49] 2017 RGB X X X X v Key point coordinates 6,498  1280x720
CULane [39] 2017 RGB X X X X v v Key point coordinates 133,235  1640x590
VPGNet [22] 2017 RGB X X X v v v Key point coordinates 21,097  346x260
LLAMAS [4] 2019 RGB X X X v v 4 Pixel level 100,442 128x128
CurveLanes [61] 2020 RGB X v v 4 v v Key point coordinates 150,000  1280x800
DET [9] 2020 Event X v o/ v X v Pixel level 5424 1280x800
DSEC-Lane 2025 RGB+Event v v v v v v Key point coordinates 11,862  640x480

the strong temporal correlation of lane detection and the important structural information
of lane markings, and propose a method that incorporates temporal information and utilizes
edge features extracted from images to guide the fusion of event and image data. This ap-
proach effectively leverages the strengths of both sensors, while improving lane detection
performance under extreme conditions.

3 Methodology

3.1 Dataset

Data Preparation. Our DSEC-Lane, based on the DSEC dataset [15], uses stereo mono-
chrome event cameras with a 640x480 resolution and a 60 cm baseline, paired with color
cameras at 1440x1080 resolution and a 51 cm baseline. This setup leverages the high spatial
resolution of the RGB cameras while retaining the temporal precision of the event cameras.
The dataset was recorded in urban, suburban, and rural areas of Switzerland, covering both
daytime and nighttime conditions, with diverse and dynamic traffic scenarios that present
significant challenges for lane marking detection.

We compress the raw event stream along the time dimension with At = 50ms, which
corresponds to the frame rate of an RGB camera, allowing for better alignment. Af represents
the time span of the event stream corresponding to a single image. A total of 11,862 images
were carefully selected from all sequences in the DSEC dataset, encompassing a variety of
traffic scenarios for annotation. Tab. 1 presents a comparison between our dataset and other
lane detection datasets.

Data Annotation. The dataset contains Table 2: Distribution of lane annotation counts
manually annotated lane line instance point per image in our dataset.
sets, with points sampled at consistent
height intervals. The lane line annotation
protocol adheres to the guidelines estab-
lished by Tusimple [49]. In addition, we
classify the types of each lane line and an-
notate the road boundaries, as both are essential for constraining the vehicle’s motion in
autonomous driving systems.

We apply a homography transformation [47] to map the scene from the RGB frame to the

Lanes One Two  Three Four Total

Count 566 4033 4232 3031 11862
Percent (%) 4.77 34.00 3568 25.55 100
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Figure 2: Overview of the proposed pipeline for lane detection using RGB and event cam-
era data. The system consists of an Image Encoder, Event Encoder, and a Multiple Feature
Fusion Block (MFFB). The event features FS'" at time step n are processed through Down-
Sampling (DS) and an LSTM to maintain the contextual state C,. These features are then
fused with the previous state S,_; and the RGB features Fng through Multi-head Attention
(MHA) and a gating mechanism to update the current state S,.. The edge features Ff,dge, ex-
tracted from grayscale images, undergo Mutual Attention (MA) and are fused with both the
F'2® and F°" features. The fused features are processed through a Multi-Layer Perceptron
(MLP) layer with residual connections, followed by concatenation with the upsampled S,
and sent to the Decoder to produce the final lane detection output.

event camera frame, followed by annotating the lane lines on the transformed RGB image.
Each annotation includes up to four lane lines, and Tab. 2 provides the statistical details of
lane line quantities within the dataset.

3.2 Framework Overview

Our model is built upon the CLRNet [66] architecture, extending it into a dual-stream feature
extraction network and multi-scale fusion network to effectively process both event and im-
age data. Given the asynchronous nature of event data, integrating it with traditional image
frames poses unique challenges. To address this, we treat event volumes directly as event
frames, which are then combined with image frames and fed into our feature extraction net-
work to extract shallow features from both modalities.

The extracted features are passed through a Multiple Feature Fusion Block (MFFB),
which is designed to effectively integrate complementary spatiotemporal information from
both RGB images and event-based data. By leveraging the high temporal resolution of events
and the rich spatial details of RGB frames, MFFB enhances the quality of fused representa-
tions. In addition, edge information is incorporated to guide the fusion process, improving
robustness in regions with low motion where event may be sparse or degraded. The fused
features are then forwarded to the decoder for final prediction.

As illustrated in Fig. 2, the Multiple Feature Fusion Block (MFFB) operates directly on
the global feature map extracted from the backbone, rather than region-specific (ROI) fea-
tures. This design choice is intentional: lane detection is inherently a dense, scene-level task
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that requires modeling long-range spatial continuity of lane markings, rather than localized
object-centric semantics. By applying MFFB at the global scale, our framework can ex-
ploit complementary spatial-temporal cues from both event and image modalities, enabling
the fused representation to capture holistic structural information across the entire driving
scene. In contrast, restricting fusion to ROI features would compromise contextual integrity
and fail to leverage the global consistency that is critical for robust lane localization under
challenging conditions.

3.3 Multiple Feature Fusion Block

To integrate complementary cues from both event and RGB modalities, we propose a Multi-
ple Feature Fusion Block (MFFB) , as illustrated in Fig. 2. Given sequences of RGB frames
{X/£}7_ and event frames {X2"'}7_, (we follow [21, 36, 40, 71] and adopt a 4-channel
event representation as the network input), modality-specific features Fflgb and F&'! are first
extracted using independent encoders, i.e., FiE® = rgb(X,r;gb) and F'' = £,(X'), where
Erop(+) and ey (+) denote the RGB and event encoders, respectively. Here, the subscript n
denotes the n-th time step.

To account for the strong temporal continuity inherent in lane trajectories, we first down-
sample both the event and RGB features, obtaining D' and szgb, respectively. To model
temporal dependencies, We apply a ConvL.STM block to D', maintaining a temporal mem-
ory cell C,. Its output, together with the previous features and Di,gb, is fused and fed into a
multi-head attention module:

H, = MHA (Concat( Di*, S, 1, C,)), (1

where MHA (-) represents the Multi-Head Attention mechanism [50], and S,,_; denotes the
fused information from the previous time step. the updated representation H,, is fused with
the previous output S,_; through a gating unit, which adaptively controls the information
flow and updates the current state Sy,:

Sn :g(HVHSVl—l)- (2)

Here G(-) denotes a gating unit. Event data provides high temporal resolution and low
latency, making it particularly well-suited for capturing fine-grained motion dynamics in
lane detection. Its asynchronous nature enables the network to effectively model temporal
continuity, which is crucial for detecting lane trajectories that evolve smoothly over time.
However, event streams may experience edge degradation in areas with insufficient relative
motion, resulting in incomplete structural cues. To mitigate this issue, we introduce edge in-
formation extracted from grayscale images as a complementary signal. This additional struc-
tural guidance helps maintain the integrity of lane boundaries, particularly in low-motion or
static scenes where event activity is sparse, thus enhancing the robustness of the fusion pro-
cess. To further improve this, we design a Mutual Attention (MA) component, as illustrated
in Fig. 2.

Specifically, given grayscale image features X5, we extract edge features via F
Sobel (X5™), where Sobel(-) refers to the sobel operator introduced earlier. We then nor-
malize and modulate the edge features as follows:

edge
n

7B = f(F), A, =GN(FY o (1+7)+pB. 3)
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GT LaneATT [46] CLRNet [66] CLRKDNet [41] Ours

Figure 3: Qualitative comparison of lane detection results. From left to right: Ground Truth
(GT), LaneATT [46], CLRNet [66], CLRKDNet [41], and our method. Our method demon-
strates superior lane detection accuracy, particularly in challenging lighting and environmen-
tal conditions.

Here F¢'t denotes the event feature, and FS*¥° is the corresponding edge feature extracted
from the grayscale image. GN(-) applies Group Normalization [58], and f(-) is a modulation
network composed of multi-scale dilated convolutions that outputs spatially-adaptive scaling
v and bias 3, ® denotes element-wise multiplication, A, represents the final result.

We further leverage the adaptive representation A, as the basis for attention computation.
Specifically, we project A, to generate the keys and values, while the grayscale feature F§
is projected to obtain the query. The final cross-modal attention is computed as:

Q. = WoF K, = WxA,,V, = WyA,,
QJK,,) 4)

0, =V, - Softmax < p
Here Ffng denotes the RGB feature map used to compute the query Q,,, and A, is the adaptive
feature fused from event and edge information. Wo, Wk, and Wy are learnable projection
matrices applied to obtain the query, key, and value embeddings, respectively. 7 is a temper-
ature parameter that controls the sharpness of the attention distribution. The output O, is the
attention-enhanced representation.

To enhance feature expressiveness while preserving identity information, we adopt a
residual feed-forward structure following the attention module. The attention-enhanced fea-
ture O, is first added to the original RGB feature Ff,gb, yielding an intermediate represen-
tation H,, = Fi2° + O,,, which is further refined by a multilayer perceptron (MLP) with an
additional residual connection:

F'' =H, +MLP(H,). 5)
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Here MLP(-) consists of two linear layers with a GELU activation and dropout in between
[16]. Finally, we concatenate the upsampled state feature S, with the fused output FJ™, and
feed the combined representation Z,, into the decoder for final lane prediction.

Training Loss. We follow [66] and use classification, regression, LineloU, and segmentation
losses for our lane detection task.

Liotal = WeisLes + Wregﬁreg + Wseg‘cseg +wriov LLioU - (6)

4 Experiments

Dataset. We conduct experiments on the DSEC-Lane dataset, derived from the DSEC
dataset, which contains 11,862 image frames captured in real-world autonomous driving
scenarios across different times of day and night. Each image frame is paired with its cor-
responding event frame, ensuring accurate alignment. The dataset includes a wide range of
environments, such as urban, suburban, and rural settings. To thoroughly assess the robust-
ness of our fusion approach under challenging lighting conditions, we categorize the dataset
into three groups based on image exposure: well-exposed, overexposed, and underexposed
frames. Of the total frames, 9,856 are used for training, while the remaining 2,006 frames
are designated for testing. All image and event frames have a resolution of 640 x 480.
Implementation Details. Our method is fully implemented using Pytorch, and all exper-
iments are conducted on a single NVIDIA RTX 3090 GPU. We adopt the ResNet as our
pre-trained backbone. All input images are resized to 320 x 640. For data augmentation,
following established methods [26, 42], we apply random affine transformations (includ-
ing translation, rotation, and scaling) and random horizontal flips. Model optimization is
performed using the AdamW [29] optimizer with an initial learning rate of 1 x 1073 and a
cosine decay learning rate strategy [28], with the power set to 0.9. We set the lane-prior point
count to N = 72, and the sampled number N,, = 36, training the model for 100 epochs on the
DSEC-Lane dataset.
Evaluation Metrics. We evaluate lane detection performance following the methods of
[49] and [39], using the Accuracy and F1-score metrics. Accuracy quantifies the proportion
of correctly identified lane points within 20 pixels of the ground truth. Fl-score balances
precision and recall, considering Intersection over Union (IoU) above a set threshold for true
positives.
Evaluation Results. In this section, we evaluate the performance of our proposed method
on the DSEC-Lane dataset under various exposure conditions. As shown in Tab. 3, Ours-
B achieves state-of-the-art performance, surpassing CLRKDNet[41] by 0.7% in accuracy
(87.32% vs. 86.62%) and 2.25% in F1-score (81.57% vs. 79.32%) across all conditions.
In the overexposure scenario, Ours-B outperforms CLRNet [66] by 0.08% in accuracy and
CLRKDNet by 0.19%. In the underexposure case, Ours-B shows a more significant improve-
ment, surpassing CLRNet by 0.91% and CLRKDNet by 0.63% in accuracy. Additionally,
in normal conditions, Ours-B consistently outperforms both CLRNet and CLRKDNet, with
an accuracy increase of 1.03% and 0.87%, respectively (Ours-S represents the model using
ResNet-18 architecture, while Ours-B corresponds to the model utilizing ResNet-34 archi-
tecture). These results demonstrate the effectiveness and robustness of our approach across
a wide range of lighting conditions, particularly in extreme exposure scenarios.

We further visualize the experimental results in Figure 3. As depicted in the first row,
CLRNet fails to detect lane lines under overexposure, while CLRKDNet loses key struc-
tural features of the lanes. Furthermore, in third and fourth rows, LaneATT [46], CLRNet
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Table 3: Lane-detection results on the DSEC-Lane dataset for each method under overall,
normal, overexposure, and underexposure conditions. Acc.(%) represents Accuracy(%), and
F1(%) represents F1-score(%). Ours-S and Ours-B represent the small and base versions of
our proposed method, respectively.

Method Overall Normal Overexposure Underexposure
Acc.(%)t  FL(%)T  Acc(%)t FlL%)YT Acc.(%)t FL(%)t Acc(%)t FL(%)1
LaneATT [46] 84.80 73.42 85.48 70.04 83.16 73.11 85.05 74.21
CLRNet [66] 86.48 79.97 86.32 79.95 87.97 78.51 85.82 81.28
ADNet [60] 86.38 79.41 86.02 79.42 87.73 77.36 86.75 81.16
SRLane [6] 86.39 79.74 86.52 80.51 87.94 77.20 84.42 78.61
CLRKDNet [41] 86.62 79.32 86.48 79.70 87.86 77.07 86.10 79.69
Ours-S 86.92 81.41 86.67 81.48 87.99 79.07 86.10 82.80
Ours-B 87.32 81.57 87.35 82.14 88.05 78.03 86.73 82.21
Table 4: Ablation study on different Table 5: Ablation study on edge guidance in
Event and RGB fusion methods. mutual attention. w/o denotes the use of only
event and image features in Mutual Attention
Method Acc. (%) F1 (%) (MA), while w/ incorporates edge guidance to
Add 86.30 80.44 enhance the attention mechanism.
Concat 86.81 80.34 ;
CBAM [57] 36.58 30,38 Guidance Operator Acc. (%)t F1 (%)1
ECANet [54] 86.24 80.79 w/o edge - 86.00 80.49
CMT [55] 86.54 80.70 w/ edee Canny 86.45 80.91
Ours 87.32 81.57 & Sobel 87.32 81.57

and CLRKDNet exhibit missing lane detections under blackkit conditions. In contrast, our
method consistently demonstrates superior robustness, maintaining accurate lane detection
even under these challenging extreme lighting conditions.

Ablation of fusion method. In Tab. 4., we compare our proposed fusion method with
several baseline approaches, including addition, concatenation, CBAM [57], ECANet [54]
and CMT [55]. Our method outperforms all baseline methods in both accuracy and F1-score,
demonstrating the superior effectiveness of our fusion module.

Ablation of edge gudiance. The ab- Table 6: Ablation study on model components:
lation study in Tab. 5. examines the Baseline is concat fusion, Time refers to the tempo-
impact of edge guidance in the fu- ral information, and Edge represents the edge fea-
sion of event and image data for lane tures.

detection. Without the edge compo-  “Baseline Time Edge Acc.(%)! F1(%)}

nent, the model performs poorly, em-

v X X 86.81 80.34
phasizing the importance of edge guid- 4 v/ X 86.70 81.27
ance. Using the Canny operator im- v/ X v/ 87.22 81.00
proves lane boundary detection, and J/ v/ v/ 87.32 81.57

the Sobel operator yields the best per-
formance. Compared to the implicit
and high-level features extracted by an image encoder, Sobel provides explicit gradient-
based edge cues, which highlight boundary structures more effectively and preserve fine
details critical for lane markings. These results show that different edge methods provide
valuable structural cues, enhancing lane detection. Incorporating edge guidance alongside
event and image data is crucial for more accurate and robust lane detection.
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Ablation of component. The ablation study in Tab. 6. demonstrates the importance of
temporal and edge components in RGB and Event fusion for lane detection. The temporal
module captures the dynamic nature of lane markings, while the edge component addresses
the loss of boundary details in low-motion areas, ensuring accurate lane detection. Both
components are essential for improving robustness and accuracy in challenging scenarios.
Ablation of representation. In Tab. 7, Table 7: Ablation study on different event rep-
the timestamp representation consistently resentations.

outperforms the voxel approach for lane de-
tection. While voxel representation aggre-

Representation Acc. (%)t F1 (%)t

gates events into discrete time bins, poten-  Voxel(bin=3) 86.01 80.38
tially losing crucial temporal details, times- ~ Voxel(bin=6) 86.31 80.60
tamp encoding retains the exact time of  Ours(Timestamp) 87.32 81.57

each event, preserving fine-grained infor-
mation crucial for accurately capturing the
structural continuity of lane markings. Voxelization, by focusing on the overall scene trans-
formation and motion, does not emphasize the edge details as effectively. In contrast, times-
tamp representation excels at maintaining edge information, which is key for detecting lane
boundaries under dynamic lighting and motion conditions. This makes timestamp encod-
ing a more effective choice for lane detection, where precise edge and boundary details are
essential.

5 Conclusion

In this work, we design a pipeline for lane detection that combines RGB and event camera
data, addressing the limitations of standard RGB cameras in challenging lighting conditions.
The pipeline incorporates Multiple Feature Fusion Blocks (MFFB) to capture temporal cor-
relations in lane markings and integrates edge features to compensate for the lack of lane
boundary information in event cameras under low motion. To support this approach, we
introduce DSEC-Lane, the first dataset with synchronized RGB and event data for lane de-
tection. Extensive experiments demonstrate that our method outperforms state-of-the-art
techniques, highlighting the effectiveness of event-image fusion in enhancing lane detection
robustness under extreme lighting conditions.
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