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Abstract— Lane detection is a critical part of autonomous
driving technology. When difficult situations are encountered
(i.e., adverse light, severe occlusion), the lane detection task is
still challenging. However, previous methods strongly depend on
the extracted image features and ignore other features. It is
necessary to consider the information from other modalities to
assist the model for lane detection, especially in the task of
curved lane detection. In this paper, considering that the vehicle
steering angle is closely related to the visual feature of lane
lines, we propose a novel model named Image-Angle Fusion
Network (IAFNet) to solve the lane detection problem by fusing
vehicle steering angle features with image features. To make the
steering angle features better match the image features, we use
the tensor outer product to extend the dimensionality of the
steering angle information. A lightweight Image-Angle cross-
attention module (LIA-CAM) is proposed to learn the implicit
relationship between steering angles and visual features of lane
lines, aimed at improving the performance of our model in
difficult situations. To guide the network to retain the correct
steering angle information, we introduced regression prediction
loss of steering angle. Besides, we also released a new dataset
based on the Udacity dataset: ImageAngle-Udacity (IA-Udacity)
dataset. Extensive experiments on the IA-Udacity dataset show
that our method outperforms the current state-of-the-art methods
showing both higher efficiency and accuracy. Code and data are
available on https://github.com/gongyan1/LIA-CAM.
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I. INTRODUCTION

UTOMATIC lane detection is an important part of

autonomous driving and the Advanced Driver Assistance
System (ADAS), aims to detect the precise location and type
information about lanes [1], [2], [3], [4]. This information
is crucial for self-position constraint and path planning of
vehicles [5], [6].

With the development of deep learning in recent years [7],
many convolutional neural networks (CNNs) [8], [9], [10],
[11] based methods for lane detection have been proposed.
Benefiting from the powerful feature extraction and repre-
sentation capabilities of CNNs, they both achieve promising
performance. LaneNet [12] detects locations of lanes through
a binary segmentation branch. To leverage the strong shape
priors of lanes, SCNN [13] and RESA [14] focus on improving
the model’s ability to capture spatial relationships of pix-
els across rows and columns, towards learning more global
features. Inspired by the anchor-based object detection meth-
ods [10], Line-CNN [15], LaneATT [16], SGNet [17] adopt
line anchors and follow a top-down roadmap to regress pre-
defined anchors into various shapes of lane lines. All methods
solely use pure visual information (i.e., images taken by cam-
eras mounted on vehicles) for lane detection [18], [19], [20].
The detection performance is highly dependent on whether
CNNs can extract highly discriminative features. However,
there are some shortcomings. First, they ignore the strong
shape priors of lanes and high correlations between lanes
in one image. Second, CNNs often have difficulty learning
accurate features in the presence of no visual clues (e.g.,
lanes occluded by vehicles or dashed lanes) or in extreme
lighting and weather conditions, resulting in poor detection
performance, as is shown in Fig. 1. Only CNNs are used
to extract the feature information of lane lines, which is not
conducive to the task of curved lane line detection in complex
environments.

In complex driving environments, a single sensor infor-
mation is not enough to effectively deal with changes in
the scene [21]. Therefore, the complementary of different
modal information will be more important in the task of
lane line detection. There are many works on multimodal
fusion nowadays. TFN [22] computes the correlations between
elements of different modalities via the tensor outer product.
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Fig. 1. Flowchart of different networks used for lane detection. The baseline
(a) is the flowchart without steering angle, and ours (b) is the flowchart with
fused steering angle features. It is worth noting that we normalize the steering
angle to [—1.0, 1.0], where a negative number represents a right turn and a
positive number represents a left turn.

LMF [23] uses low-rank matrix factorization to reduce the
amount of calculation in the above process of calculating
tensor outer products. Inspired by Transformer, MulT [24]
and MBT [25] use a cross-attention mechanism, transforming
the data of one modality into query and the data of another
modality into key and value, and adaptively fuse multi-modal
information by modeling relationships between query and key.
Facing the problem of detecting curved lane lines in an adverse
lighting environment, the above proposed multimodal fusion
method cannot extract the steering angle features in curved
lane lines and cannot effectively assist the network model to
extract the lane line features in images.

For vehicles, in addition to the camera, they are also
equipped with a variety of sensors to obtain different infor-
mation, such as steering angle sensors, LiDAR, etc [26]. For
example, TransFusion [27] uses LiDAR and image fusion to
perform 3D object detection [28], [29], [30]. These sensors
reflect the driving state of the vehicle and the surrounding
environment. Among them, the steering angle sensor reflects
the steering angle of the front wheel. However, no method
has been previously proposed for the multimodal fusion of
steering angles and images. In the case of adverse lighting and
curved lane lines, we believe that steering angle information is
important to assist the network model in accurately segmenting
lane lines. The steering angle has a great relationship with
the visual characteristics of the current lane. When the car
is driving straight, straight lanes and the front wheel will
form a nearly parallel spatial relationship. When the car turns
left, straight lanes form an angle with the front wheel, which
is expressed in the form of the steering angle. For curved
lanes, there is also an implicit spatial relationship between
lanes and the steering angle of the vehicle. The process of
vehicle deviation or lane change will produce a switch of the
lane from where the vehicle is located, and a switch of the
lane line to the left/right line will occur [31], [32]. Similarly,
lane line transitions involve vehicle steering angle information.
In summary, the vehicle steering angle can provide good
prior knowledge for the detection of lanes, improving the
performance of lane detection in difficult situations such as
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no visual clues or extreme lighting and weather, as shown in
Fig. 1. After adding the steering angle feature to the network,
the steering angle information will assist the network to learn
the image features better, and the image features can also
guide the steering angle information. The two complement
each other, thus improving the performance of the network.

In this paper, we propose a multimodal lane detection model
that fuses the steering angle of a vehicle with the images
captured by the camera on the vehicle, and uses the fused
features for lane detection. In this way, our model can use
both image features and steering angle features to detect lane
lines more effectively. In general, we first consider the lane
detection problem as a semantic segmentation problem, i.e.,
detecting the specific location of lane lines by classifying the
images pixel by pixel. We adopt the Encoder-Decoder network
structure to learn and segment the image features to solve
the problem of curved lane detection in adverse lighting envi-
ronments. In this process, the image features are attentively
fused with steering angle features of equal size several times.
We adopt a lightweight image-angle cross-attention module
(LIA-CAM) to fuse the information of these two modalities.
We leverage LIA-CAM for multimodal fusion to learn the
a priori knowledge of the relationship between steering angle
and lane line visual features to obtain better lane line seg-
mentation performance. To obtain steering angle features of
equal size to the image features, we apply multiple tensor
outer product operations to extend the scalar steering angle to
a dimension consistent with the image features. Besides, our
model finally performs the steering angle regression prediction
task, which acts as a supervisory signal for the network at the
same time as the lane segmentation loss. Such an operation
motivates the network to maintain the correct steering angle
characteristics from start to finish. To balance the losses of
these two tasks and reduce the performance degradation of the
two losses, we adopt the method in [33] to adaptively assign
the losses of the split task to the losses of the regression task.

Our contributions can be summarized in the following three
points:

1) We are the first work to introduce steering angle infor-
mation into lane detection, which adopts LIA-CAM to fuse
steering angle features with image features, allowing the
network to exploit the implicit relationship between the two
to assist lane detection in adverse lighting environments.

2) We propose the Image-Angle Fusion Network (IAFNet),
an encoder-decoder structure network to detect curved lane
lines by performing semantic segmentation. Furthermore,
we introduce an angle regression loss to induce the network
to retain the correct value through the network.

3) We release a new dataset based on the Udacity dataset:
ImageAngle-Udacity (IA-Udacity) [34], which contains part
of the images in Udacity. We annotate each image with lane
line masks and normalize the corresponding steering angle for
each image.

4) We conduct intensive experiments on the above dataset.
As a result, our network obtains performances that exceed
multiple previous state-of-the-art methods, reaching 78.41%
IoU and 87.99% F1-score respectively.

Authorized licensed use limited to: Xiamen University of Technology. Downloaded on September 29,2025 at 12:00:16 UTC from IEEE Xplore. Restrictions apply.



1472

II. RELATED WORK

A. Lane Detection Methods

Current deep-learning-based lane detection methods can
be broadly classified into several categories. In this section,
we will elaborate on these methods separately.

1) Segmentation-Based  Methods: ~ Segmentation-based
methods treat the lane detection problem as a pixel-wise
classification problem and perform lane recognition by
classifying each pixel in the image into lane class or
background class. LaneNet [35] casts the lane detection
problem as an instance segmentation problem. It mainly
consists of a lane segmentation branch and a lane embedding
branch to perform binary segmentation and disentangle the
segmented lane pixels into different lane instances respectively.
SCNN [13] proposes slice-by-slice convolutions to capture
spatial relationships of pixels across rows and columns,
which is suitable for learning objects with strong shape priors
but weak appearance coherences (e.g., lanes). Similar to
SCNN [13], RESA [14] proposes a recurrent feature-shift
aggregator to shift sliced feature maps recurrently, enabling
global information gathering. ENet-SAD [36] presents a
self-attention distillation approach, to leverage the learned
attention maps to encode rich contextual information. Inspired
by segmentation-based methods, we combine steering angle
information with image feature information and adopt an
attention mechanism for feature learning.

2) Detection-Based Methods: These methods can be
divided into line-anchor-based methods and row-anchor-based
methods. The former detects lanes by regressing the off-
sets between sampled points on line anchors and predefined
anchors. Line-CNN [15] is a pioneering work in line-anchor-
based methods, which emits a series of line anchors from the
boundary of a particular direction of the image. LaneATT [16]
proposes a novel anchor-based feature pooling and attention
mechanism to aggregate more global information. Row-
anchor-based methods, on the other hand, predict the grids in
predefined rows in the image where lanes are likely to exist.
UFLD [37] firstly treats the process of lane detection as a
row-based selecting problem using global features. Besides,
a structural loss is also proposed to explicitly model the struc-
ture of lanes. CondLaneNet [35] introduces a conditional lane
detection strategy based on conditional convolution and row-
wise formulation. It first detects the lane instances and then
dynamically predicts the line shape for each instance. Other
works formulate lane detection as a key-point estimation and
correlation problem to describe the shapes of lanes with more
flexibility. They gradually group adjacent key points belonging
to the same lane in a point-by-point manner [38] or a parallel
manner [15]. Different from the above methods, we did not
adopt the way of lane detection through anchor points but
designed a multimodal fusion lane detection network by using
segmentation.

3) Keypoints-Based Methods: Some works formulate lane
detection as a key-point estimation and correlation problem.
FOLOLane [38] models local patterns by two separate heads,
where the first one predicts the existence of key points and the
second one refines the locations and correlates key points of
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the same lane. GANet [39] predicts each key point by regress-
ing it with the start of the lane to which it is subordinate.
Furthermore, a lane-aware feature aggregator is also proposed
to adaptively capture relations between adjacent key points
to provide local information to the global association. The
detection algorithm based on key points does not require post-
processing, so the ability to describe the curve is limited by the
anchor, resulting in the loss of feature information. Through
the multimodal fusion of steering angle feature information
and image feature information, our model can better ensure
the integrity of lane line feature information.

B. Multimodal Information Fusion Methods

There is heterogeneity between the data of different modal-
ities, and it is worth considering how to fuse them in a way
that can take full advantage of their complementarity while
reducing fusion redundancy for the purpose of improving the
performance of the model. Overall, current multimodal fusion
methods based on deep learning can be broadly classified into
three categories: early fusion, deep fusion, and late fusion,
depending on the stage at which fusion occurs, i.e., data-level,
feature-level, or proposal-level. TFN [22], which belongs to
the early fusion, proposes a model named Tensor Fusion Net-
work, which calculates the correlation between different modal
elements through the outer product. LMF [40] reduces the
exponential time complexity in TFN to linear by decomposing
the tensor and weights in parallel to perform multimodal
fusion using mode-specific low-order factors. Previous tensor-
based multimodal fusion techniques only consider bilinear
or trilinear pooling, which fail to unleash the expressive
power of multilinear fusion and ignore the complex local
intercorrelations, thus a polynomial tensor pooling is proposed
in PTP [41] to integrate multimodal features by considering
high-order moments, followed by a tensorized fully connected
layer.

After the emergence of the attention mechanism, several
multimodal fusion methods based on the attention mechanism
have been proposed. It is worth noting that the following
multimodal fusion methods based on attention mechanisms
all belong to deep fusion. MFN [42] propose a Delta-
memory Attention Network and Multi-view Gated Memory
to model multi-modal interactions. Specifically, the memory
aims to preserve the multimodal information of the pre-
vious moment, where the gating mechanism is responsible
for filtering the information and the attention mechanism is
responsible for assigning different weights. With the suc-
cess of Transformer [43] in the field of natural language
processing, this structure has been introduced into the field
of computer vision, such as classification [44], [45], object
detection [46], [47], and segmentation [48], [49], [50]. Con-
sidering the natural ability of the cross-attention mechanism
in Transformer [43] to model relationships between two sets
of feature maps, there are many current works using it to
achieve multimodal information fusion. MulT [24] introduces
a directional pairwise cross-modal attention, which attends
to interactions between multimodal sequences across distinct
time steps and latently adapts streams from one modality to
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Fig. 2. The overall network architecture of IAFNet. The network structure contains two input branches, e.g., an image branch and a steering angle branch.
The steering angle branch is used in the encoder to fuse features with the latter three encoder feature maps to guide the network learning. The decoder
recovers the details of the target and the corresponding spatial dimension through the upsampling network layer. Finally, the network predicts the segmentation
maps and steering angle results. The structure diagrams of Tensor Fusion and LIA-CAM are introduced in detail in Fig. 3 and Fig. 4, respectively. The loss

functions of loss1 and loss2 are described in detail in Section III-C.

another. Neural Machine Translation with Universal Visual
Representation [51] introduces an aggregation module between
the encoder and decoder of a naive Transformer, which utilizes
a cross-attention mechanism to fuse the corresponding image
features to assist the machine translation. In MBT [25], it intro-
duces a shared token between two Transformers, thus the token
becomes the communication bottleneck of different modalities
to reduce the cost of computing attention weights. In the field
of autonomous driving perception, multimodal sensor infor-
mation fusion has been a very critical task. TransFusion [27]
proposes a spatially modulated cross-attention mechanism to
attentively associate and fuse the object queries (extracted
from LiDAR features) with the image features, leading to a
robust and effective fusion strategy. Maff-net [52] proposes
a module named dense attention fusion that fuses pseudo
images from multiple branches. EPNet [53] introduces a deep
LIDAR-Image fusion strategy that estimates the importance of
corresponding image features to reduce the noisy influence.
For the first time, we fuse steering angle information and
image feature information in a multimodal strategy to guide
network training for lane detection.

III. METHODS
A. Overall Structure

The overall structure of IAFNet is shown in the Fig. 2.
IAFNet has two input branches, one branch is the image and
the other branch is the current steering angle of the vehicle in
the image. In the encoder stage, the steering angle features
are extended to the image feature dimension size by the
tensor outer product. The LIA-CAM is applied to the steering
angle feature map and the image feature map. Different from
the single-layer fusion in other methods, we perform multi-
level fusion here, so that the image features and steering
angle information are fully integrated. Through the attentive

calculation between the two, the information of the vehicle
corner will be fused with the image features to assist the
network in segmenting the lane lines accurately. In the decoder
stage, we use the upsampling method of deconvolution to
recover the feature map size. And the feature maps of the two
stages are added with the corresponding feature maps of the
encoder. This operation can preserve multi-scale information,
which is beneficial for subsequent models to learn more refined
features. IAFNet has two prediction branches. A segmentation
head is used to get the final segmentation result and calculate
the loss. A steering angle prediction branch, which predicts
the current steering angle of the vehicle in the picture, and
calculates the loss with the ground truth.

B. Steering Angle Information and Image Feature Fusion

1) Image Feature Fetching: During passing the image
through the backbone, we get multiple image feature maps.
Feature maps of different levels and scales often contain
different image features and semantic information, which is
valuable for dense prediction tasks such as segmentation.

2) Steering Angle Information Fetching: In order to better
fuse image feature maps with steering angle feature maps
by LIA-CAM, we need to expand the steering angle to
some extent, and the expanded dimension needs to match the
dimension of the image feature map. If we expand the steering
angle to the same dimension as the image feature map, the
number of parameters to be learned is huge, which will make
the model very large and slow down the training speed.

A= FCi(a) ® FCy(a) ® FCz(a), (1

where a, A, FC, ® denotes the steering angle, angle feature
maps, fully connected layer, and tensor outer product, respec-
tively. Specifically, we expand the steering angle by passing
fully connected layers three times. If the dimension of the
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Fig. 3. Process diagram of tensor outer product. We first expand the angle
in three C x H x W dimensions, then leverage the multiplication of the three
expanded tensors separately. Next, we perform a spatial tensor fusion of the
obtained two-dimensional tensor maps.

image feature map is C x H x W, we expand the steering
angle by three fully connected layers into three feature vectors
with dimensions of 1 x C, 1 x H, and 1 x W, and then do
the tensor outer product of the three feature vectors to obtain
a C x H x W three-dimensional feature tensor of the steering
angle. The process diagram is shown in Fig. 3. In other words,
we use a very small computational cost to greatly reduce the
number of parameters to be learned and improve the training
speed and the degree of fusion of images and steering angles.

3) Lightweight Image-Angle Cross-Attention Module: We
perform LIA-CAM on the image feature maps and the steering
angle feature maps with the same shape, using the steering
angle feature maps as key sequence and image feature maps
as query sequence and value sequence. It leverages the cross-
attention mechanism to establish the soft associations between
the steering angle and image features, enabling the neural
network to adaptively determine the location and content of
the information extracted from the images, resulting in an
effective fusion strategy. The specific flow of the LIA-CAM
is illustrated in Fig. 4.

Firstly, we perform sequentialization for steering angle fea-
ture maps A and image feature maps /. The image feature size
is H x W x C. On the one hand, convolution with convolution
kernel size 1 x 1 and reshape operation is performed on / to
obtain Q sequence of size HW x d. On the other hand, /
is downsampled, convolved with a convolutional kernel size
1 x 1, and reshaped to obtain a V sequence of size hw X d.
The steering angle feature size is hw x d as K sequence. The
inputs to the LIA-CAM are K, Q, V, which are computed as:

K =AWk, Q=1Wy, V =1Wy, )

where Wx is learnable parameters of the steering angle linear
layer, Wg, Wy is learnable parameters of the linear layer of
the image feature map.

In Eq. 2, as we can see, we set the steering angle feature
maps as K, for this setting corresponds to our motivation of
needing the steering angle information for segmenting lanes
in images. We perform a multiplication operation on the Q
and KT to obtain a new feature map Z. Z is calculated as
Z = QKT, Z € REWXhw The feature map Z contains the
steering angle information and semantic information of the
image, and the steering angle feature information can guide
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Fig. 4. Framework of LIA-CAM. The module has image features as Q, V and
the angle features as K. Firstly, K, Q does matrix multiplication to get QK r
feature map. Secondly, the obtained feature map does matrix multiplication
with V. Finally, the result is summed with image features to get the final
output.

the network to learn the semantic information of the lane lines
in the image more comprehensively.

Secondly, in order to learn the steering angle information at
a deeper level, we need to combine Z with the value sequence
V to obtain a deep angle information image feature map
7', 7' € REXWXC The combination process first multiplies
Z and V, and then performs a reshape operation and a
1 x 1 convolution operation on the result obtained in the
previous step. This process can fully combine the steering
angle information with the image feature information and
restore the learned feature map to the original size. Z’ satisfies
the Eq. 3:

Z' = Conv[Reshape(Z x V)], 3)

Finally, there is a residual connection between the deep
angle information image feature map Z’ and the original input
image feature map [ to obtain the LIA-CAM output feature
map O, which is formulated as Eq. 4:

0=0K' xV+1, 4)

where O size is H x W x C. The feature map O combines
the steering angle infromation more comprehensively and
deeply, which can assist the network to learn the image feature
information more stably and effectively.

C. Loss Function

We propose a combined loss function to supervise the
two sub-tasks of segmentation and steering angle prediction,
respectively.

L= %(Lce + Laice) + %Lmse + lOgGI + lOgU2s @)
20 20

The lane line segmentation has the property of severe class
imbalance, where the foreground class (i.e., lane line class)
accounts for only 2 percent of all pixels. Therefore, using the
cross-entropy loss function [54] alone will get not good results.
Here we use a combination of cross-entropy loss function and
Dice loss to calculate the segmentation loss. In addition to
this, we use the mean square error loss to calculate the loss

Authorized licensed use limited to: Xiamen University of Technology. Downloaded on September 29,2025 at 12:00:16 UTC from IEEE Xplore. Restrictions apply.



GONG et al.: STEERING ANGLE-GUIDED MULTIMODAL FUSION LANE DETECTION FOR AUTONOMOUS DRIVING

1475

TABLE I

COMPARISON WITH COMMON DATASETS IN TERMS OF ANNOTATED DATA AND SCENES, WHERE FEW, MEDIUM, AND LARGE INDICATE THE PROPORTION
OF THAT SCENE IN THE ALL DATASET

Dataset Annotations Scenes
Angle Lane | Strong Light Dim Light Slight Turns  Rapid Turns  Straight Lane

Caltech Lanes [55] v Few Few Few Few Large
TuSimple [56] v Medium Few Large Few Large
CULane [57] v Large Medium Large Medium Large
OpenMPD [58] v Large Few Large Medium Large
BDDI100K [59] v Large Large Large Medium Large
IA-Udacity (ours) v v Large Large Large Large Large

(a) strong light (b) dim light

(c) slight turn

(d) rapid turn

(e) normal straight

Fig. 5. The ImageAngle-Udacity dataset includes examples with: (a) strong light and (b) dim light, which affect lane detection due to lighting effects, as well
as (c) slight turns, (d) rapid turns, and (e) normal straight driving, which affect lane detection due to angle effects.

of vehicle steering angle prediction, and our motivation is to
motivate the network to keep the correct vehicle steering angle
information from the beginning to the end by using this loss
function. To deal with the problem of large differences in
the scales of the two loss values of segmentation loss and
regression loss, we use a method to automatically learn the
loss weights for different tasks. They derived a principled loss
function that can learn relative weighting automatically from
the data and is robust to the weight initialization.

IV. EXPERIMENTS

Due to the common lane detection datasets not includ-
ing steering angle information, we have constructed a new
dataset based on the Udacity dataset that includes both
images and steering angle information, named IA-Udacity. In
the section IV-A, we introduce the proposed IA-Udacity. In the
section IV-B, we describe the implementation details of the
experiments. In the section IV-C, we select multiple previ-
ous lane line detection methods for comparison experiments.
In the section IV-D, we perform ablation experiments for
our proposed Angle-Image Fusion strategy (the number and
position of fusion) and multi-task losses. Finally, we discuss
the limitations of the steering angle and its potential impact
on future fields in section I'V-F.

A. Datasets

Table I shows the data annotations and scene coverage of
existing public datasets, such as Caltech Lanes [55], TuSim-
ple [56], CULane [57], OpenMPD [58], and BDD100K [59].
It is evident that these datasets primarily focus on lane

marking annotations and do not include crucial steering angle
information, which can be instrumental for more advanced
lane detection and driving assistance systems. Moreover,
these datasets exhibit limited coverage in challenging driv-
ing conditions such as strong light, dim light, and rapid
turns. In stark contrast to existing methods, our approach
aims to leverage steering angle information from vehicles
to enhance lane detection, thereby providing significant prior
knowledge that improves the robustness and accuracy of lane
detection systems. Therefore, we have constructed a dataset
based on the Udacity dataset [60], named ImageAngle-Udacity
(IA-Udacity),! which includes images, steering angles, and
lane markings. Our dataset is specifically designed to encom-
pass a wide range of challenging scenarios, including road
images captured under various lighting conditions (strong
light, dim light, and normal light) and featuring a range of
turning angles (slight turns, sharp turns, and straight lane),
as illustrated in Fig. 5. By incorporating steering angle data
and ensuring extensive coverage of difficult driving scenarios,
our dataset offers a more comprehensive tool for the devel-
opment and evaluation of advanced lane detection algorithms.
This not only fills the gaps left by previous datasets but also
offers new insights for research in the fields of autonomous
driving and ADAS.

The Udacity dataset [60] is composed of video frames
taken from urban roads, which provides a total number of
404,916 video frames for training and 5,614 video frames
for testing. Specifically, we select the C H20_02 part in the
Udacity dataset. It contains five driving scenarios with a total

1 https://ieee-dataport.org/documents/imageangle-udacity-ia-udacity
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TABLE 1T TABLE III
COMPARISON WITH PREVIOUS STATE-OF-THE-ART COMPARISON OF PERFORMANCE BETWEEN THE LEADING LANE DETEC-
METHODS ON [A-UDACITY TION METHOD WITH AND WITHOUT THE STEERING ANGLE
Methods ToU F1-score Precision Recall Method ToU Fl-score  Precision  Recall
LaneNet [12] 73.77% 84.69% 86.88% 82.60% GANet [64] 75.45 85.26 86.81 83.76
SCNN [13] 74.92% 84.88% 86.92% 82.93% GANet-Angle 76.28 85.91 87.42 84.93
RESA [14] 75.20% 85.30% 87.10% 84.40% CLRNet [65] 75.14 84.91 86.73 83.17
LDNet [61] 76.12% 85.87% 88.04% 83.80% CLRNet-Angle 76.09 85.83 87.46 84.26
ConvNeXt [62] 73.75% 84.36% 86.23% 82.49% BézierLaneNet [66] 76.12 85.47 86.27 84.68
FASeg [63] 72.65% 84.16% 85.97% 82.35% BézierLaneNet-Angle  77.33 86.60 87.70 85.54
SwinT [45] 71.13% 83.53% 85.68% 81.38% PGA-Net [67] 76.79 86.42 87.38 85.49
Ours 77.33% 86.59% 87.27% 85.91% PGA-Net-Angle 77.61 87.57 88.57 86.60
Ours+angle 78.41% 87.99% 89.01% 86.95%

of 1,694 seconds of video data. We select one image and its
corresponding steering angle per 10 frames to get a total of
6,308 images (640 x 480). Each of these images contains
a normalized turning angle within the range of —1 to 1,
with negative numbers representing right turns and positive
numbers representing left turns. After fine labeling, the masks
of lane lines are obtained. Then we randomly divide the
training set and testing set in a ratio of 7:3, with a total of
4,415 images in the training set and 1,893 images in the testing
set.

B. Implementation Details

In the process of network training and testing, the input
is a three-channel image of size 640 x 480. For the streering
angle, we first transform the value type into a one-dimensional
tensor and then extend its dimensionality to be the same as
the feature map dimension, which helps the network to learn
effectively. The network training epoch is set to 150 and the
batch sizes and max training iterations are 4 and 80k. We use
the Stochastic Gradient Descent (SGD) optimizer algorithm
with an initial learning rate of le — 3, momentum of 0.9,
and weight decay of 5e — 4 to train IAFNet. Besides, a poly
learning rate policy is adopted. We build our model with
PyTorch toolkit and all experiments are conducted on one
RTX 3090 GPU card with 24 GB memory.

C. Quantitative Results

In order to verify the effectiveness of the proposed method,
we compare our model with a variety of lane line detection
methods, including models such as LaneNet [12], SCNN [13],
RESA [14], LDNet [61], ConvNeXt [62], FASeg [63] and
SwinT [45]. The comparison metrics include IoU, Fl-score,
Precision, and Recall, towards comprehensively reflecting the
performance of the models. The comparison results are shown
in Table II. It can be seen that our model achieves the best
results, IAFNet’s IoU is 78.41% and F1-score is 87.99%,
outperforming the second place model in IoU and Fl-score
by 2.29% and 2.12%, respectively. Comparing our method
without the steering angle feature information with the steering
angle feature information, IoU and Fl-score are improved
by 1.07% and 1.4%, respectively. It demonstrates that by
utilizing the implied relationship between the steering angle
and image features, the steering angle can guide the network to

learn image features more efficiently and improve the network
performance.

To verify the benefits of steering angle information for lane
detection algorithms, we have incorporated the proposed angle
branch into GANet [64], CLRNet [65], BézierLaneNet [66],
and PGA-Net [67], and utilized LIA-CAM on the backbone
to adjust the lane feature map representation, as shown
in Table IIIl. It can be seen that incorporating steering
angle information results in an approximate 1% performance
improvement in terms of IoU for each method. The experi-
mental results demonstrate that the steering angle can provide
rich prior knowledge for lane detection algorithms, signifi-
cantly improving the accuracy of lane detection. Furthermore,
acquiring angle information is nearly zero-cost for vehicles,
which holds tremendous potential for applications.

In order to verify the effectiveness of the proposed LIA-
CAM, we compare with current state-of-the-art attention,
including Squeeze-and-Excitation Networks (SE) [68], Effi-
cient Channel Attention (ECA) [69], External Attention (EA)
[70], Pyramid Squeeze Attention (PSA) [71], Convolutional
Block Attention Module (CBAM) [72], and Feature Fusion
Module (FFM) [73]. The experimental results of the compar-
ison are shown in Table IV. It can be seen from the table that
LIA-CAM outperforms the other attention modules, achiev-
ing 78.41% and 87.99% on IoU and Fl-score, respectively.
Compared to the best attention mechanism CBAM, LIA-CAM
IoU and Fl-score are 4.32% and 2.50% higher than CBAM.
It demonstrates that the steering angle can provide prior
knowledge for lane line detection. The LIA-CAM that fuses
the steering angle features with image features can improve
network performance. Compared with the latest FFM [73],
our proposed LIA-CAM outperforms it by 2.87% in terms of
IoU. This is because FFM assumes that both modalities are
equally important by default. In stage 1 of FFM, it performs
self-attention operations separately within the two modalities.
However, the angle information itself, being a low-dimensional
tensor, does not possess any positional information and only
provides certain prior knowledge of the image features.

D. Qualitative Results

As shown in Fig. 6, our network is more accurate in detect-
ing the edge part of the lane lines compared to other networks
under harsh environments. Under poor lighting conditions,
it can be observed that our network is more accurate for lane
line detection. Especially for the lane line segmentation at the
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TABLE IV
COMPARISON OF PERFORMANCE WITH THE PREVIOUS STATE-OF-THE-ART ATTENTION MECHANISM METHODS

Attention ToU Fl-score Precision Recall #Parameters (K)
SE [68] 71.09% 82.57% 83.26% 81.88% 2.048
ECA [69] 72.31% 83.56% 84.49% 82.63% 0.003
EA [70] 72.03% 83.41% 84.37% 82.45% 1.638
PSA [71] 73.28% 84.47% 85.68% 83.26% 3.725
CBAM [72] 74.09% 85.49% 86.74% 84.24% 4.467
FFM [73] 75.54% 86.73% 88.05% 85.36% 15.048
LIA-CAM (ours) 78.41% 87.99% 89.01% 86.95% 1.722

Curved Lane Adverse Light

b) ©

Image

LaneNet
o - - -
o - - -
Ours

BN
e 7
o - - -

Fig. 6. Qualitative results on [A-Udacity dataset. (a)-(c) is the images of the curved lane line. (d)-(e) is the images of the adverse light. Green masks are
true positives, red masks are false positives, and blue masks are false negatives. Both over-segmentation and under-segmentation existed in the predicted

segmentation maps of each model.

far end of the road, our model can accurately segment the edge
of the lane line. Meanwhile, in the case of vehicle occlusion,
our model can accurately detect the lane lines in the occluded
part. When the road is under adverse light, we find it difficult

to distinguish the location of the lane lines, but the network
can learn the location of the lane lines. We also observe that
our model learns the detailed features of the lane lines in the
image. These demonstrate that networks fusing steering angle
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TABLE V

ABLATION STUDIES OF THE IMAGE-ANGLE FUSION STRATEGY. S2, S3
AND S4 REPRESENT THE FUSION OF STEERING ANGLE INFORMATION
AND IMAGE INFORMATION IN THE 2ND, 3RD AND 4TH STAGES OF
THE DECODER, RESPECTIVELY
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TABLE VI

ABLATION STUDIES OF THE MULTI-TASK LOSS FUNCTIONS. SEGLOSS
IS THE SEGMENTATION LOSS. REGLOSS IS THE REGRESSION LOSS.
REWEIGHT IS THE DYNAMICALLY ADJUSTED WEIGHT LOSS.
ANGLE IS THE STEERING ANGLE FEATURES

S2 S3 S4 IoU F1-score Precision Recall Segloss Regloss Reweight Angle| IoU  Fl-score Precision Recall
77.33% 86.59% 87.27% 85.91% v 77.33% 86.59% 87.27% 85.91%
v 77.39% 86.00% 87.30% 84.70% v v T77.57% 86.89% 81.32% 86.46%
v 77.41% 86.62% 87.38% 85.86% v v v 77.99% 87.23% 87.73% 86.73%
v 77.38% 86.61% 87.31% 85.91% v v v v |78.41% 87.99% 89.01% 86.95%
v v 77.80% 87.15% 88.41% 85.89%
v v | TIT%  87.04%  8836%  85.72% TABLE VII
(v | e man s seosn  APTIONSTONES on Do Scoves Scovs Cutuo e
v v v 78.41% 87.99% 89.01% 86.95% EXPERIMENTS ARE PERFORMED ON TwO MODELS WITH AND

features and image features can learn the implicit relationship
between steering angle features and image features to improve
the accuracy of detecting lane lines.

E. Ablation Study

We conduct ablation experiments on the [A-Udacity dataset
generally in three parts: the image-angle fusion strategy
(including the number and positions of fusion), the multi-
task loss, the steering angle embedding and LIA-CAM to
demonstrate their effectiveness.

The results of the ablation experiment for the fusion strategy
are shown in Table V. We perform the experiments from
two perspectives, the fusion number and the fusion position
respectively, and it can be seen from Table V that the best seg-
mentation performance can be obtained by fusing the steering
angle features with the image features in stages 2, 3 and 4.
In the case of single-stage fusion, the network performance
does not gain a significant improvement compared to the
network structure without the steering angle feature. In the
case of two-stage fusion, we can find the best fusion effect
in stages 3 and 4. Compared with the best fusion effect in
a single stage, the IoU and Fl-score are improved by 0.42%
and 0.64%, respectively. The IoU and Fl1-score are 77.83%
and 87.26% for the convergence strategy in stages 3 and 4,
respectively. The fusion strategy of stages 3 and 4 is superior
compared to the fusion strategy of stages 2 and 3 and the
fusion strategy of stages 2 and 4. It illustrates that combining
steering angle features with low-level semantic features of the
images is more accurate for the network to learn lane line
locations. We also observe that the three-stage fusion strategy
results in the best segmentation performance of the network.
The IoU and Fl-score are 78.41% and 87.99%, respectively,
mainly attributed to IAFNet. The three-stage fusion strategy
allows us to have a comprehensive fusion learning of steering
angle features and image features. The feature learning of lane
lines in images can be more accurate with the assistance of
steering angle features.

To illustrate the importance of the multi-task dynamically
adjusted weight loss function, we conducted ablation exper-
iments of segmentation loss, regression loss, and multi-task
dynamically adjusted weight loss. We also did experiments
incorporating steering angle information into our network and
training steering angle information features using a regression

WITHOUT STEERING ANGLE INFORMATION

Scenes Angle IoU Fl-score Precision Recall
ours 75.78%  84.54%  85.17%  83.91%

curved lane
ours+angle | 76.59% 85.04%  85.99%  84.09%
. ours 74.32% 83.68%  83.96%  83.40%

adverse light
ours+angle | 75.42% 84.08%  84.68%  83.51%

loss function. The experimental results are shown in Table VI.
The IoU and F1-score of our model reach 77.33% and 86.59%,
respectively, if the segmentation loss is used alone. If the
regression loss is added, the IoU and F1-score of our model
improve by 0.24% and 0.40%, respectively. In our model,
the IoU and Fl-score are 77.99% and 87.23%, respectively,
when using both segmentation loss, regression loss, and multi-
task dynamically adjusted weight loss. When we incorporate
the steering angle information into our network and train the
steering angle information features using regression loss, our
model IoU and F1-score are 78.41% and 87.99%, respectively.
Compared to the loss method using a combination of all
three, the IoU and Fl-score of the model are improved
by 0.42% and 0.76%, respectively. It can be seen that by
introducing the regression loss for the steering angle, the
segmentation performance of the model can be improved
noticeably. We believe this is because the presence of the
steering angle regression loss can induce the network model
to always retain the correct steering angle value, which in
turn ensures the performance improvement resulting from the
fusion of steering angle features with image features.

To verify the effectiveness of the fusion of angle features
and image features in different scenes, we present the results
of their ablation experiments in the Table VII. In the case
of curved lane lines, the model with steering angle features
fused with image features is superior to the model without
corners. The IoU and F1-score of the two combined networks
are 76.59% and 85.04%, respectively. Compared to the model
without steering angle features, the IoU and Fl-score of the
fused model with angle features and image features are higher
by 0.81% and 1.1%. In the case of adverse light, the IoU and
F1-score of the model with steering angle features fused with
image features 75.42% and 84.08%, respectively. Compared
to the model without steering angle features, the IoU and
Fl-score of the fused model with angle features and image
features are higher by 1.10% and 0.40%. These indicate that
the network with the steering angle information can learn the
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TABLE VIII

ABLATION STUDIES OF THE STEERING ANGLE EMBEDDING AND LIA-
CAM. TE Is THE ORDINARY TENSOR EXPANSION. CA IS THE
ORDINARY CROSS-ATTENTION. TPF IS THE TENSOR OUTER
PRODUCT FUSION

TE CA TPF LIA-CAM | Params (M) FLOPs (G) FPS
v v 64.21 240.45 19
v v 60.57 237.21 24
v v 59.43 235.10 25

v v 56.39 233.10 29

implict relationship between the steering angle features and
image features.

To verify the effectiveness of the combination of the steering
angle and LIA-CAM, we present the results of their ablation
experiments in the Table VIII. From Table VIII, we can
observe that the model complexity of combining the steering
angle and LIA-CAM into one, i.e., floating point operations
(FLOPs) is 233.10, and frames per second (FPS) is 29. When
we add the steering angle features and LIA-CAM to the model,
the parameters and complexity of the model are reduced
instead, and the model is computationally faster. This proves
that IAFNet can not only reduce the number of parameters
and the FLOPs but also enhance the FPS and the performance
of lane detection.

F. Discussion

To the best of our knowledge, our paper is the first to
propose the use of steering angle to assist lane detection
algorithms based on RGB cameras. Therefore, we wish to
further discuss the limitation of steering angle and its potential
impact on the field of lane detection and autonomous driving.

1) Our Limitation: Based on our observation of the videos
from the Udacity dataset [60], the driver’s maneuvers are rela-
tively stable. Although the steering angle information obtained
by drivers with limited steering control capabilities may not
be accurate, the general direction is certain. The steering
angle information merely assists lane detection in the form
of weak supervision, without causing significant performance
degradation in this situation. However, if the driver engages in
distracted driving, frequently changes lanes at will, or exhibits
malicious and irregular lane departure behaviors, such prior
knowledge could have a detrimental effect on lane detection.

2) Our Potentiality: Our paper presents the idea of incor-
porating steering angle information into lane detection, which
has a significant impact on the field of lane detection. This
idea has been validated through extensive experimentation, yet
this is just the beginning. What we wish to convey is that
vehicle information is of crucial importance to the entire field
of autonomous driving, encompassing all states of the vehicle,
including but not limited to steering angle, vehicle speed,
electric current, and torque. However, the majority of existing
autonomous driving methods focus on external sensors such
as radar, LiDAR, ultrasonic, and cameras, neglecting the
most reliable and cost-effective vehicle information. We firmly
believe that among the various existing methods, the inte-
gration of vehicle information will undoubtedly produce a
variety of remarkable effects. In the future, we plan to design

1479

a large-scale autonomous driving perception model by inte-
grating vehicle information, such as steering angle and speed,
along with sensor data from cameras, radar, LIDAR, and other
sensors. This approach aims to adequately address sensor
failure scenarios, enhancing the overall safety and reliability
of the autonomous driving system.

V. CONCLUSION

In this paper, a novel network with multimodal fusion
that combines steering angle features and image features
was proposed. The proposed method solves the problem of
curved lane line detection in complex environments. Firstly,
we introduce steering angle information and fuse the steering
angle information with image feature information to assist lane
detection. Secondly, IAFNet is an encoder-decoder network
structure that exploits the implied relationship between multi-
level steering angle features and low-level or high-level image
features by LIA-CAM, fusing multi-level steering angle fea-
tures with multi-level image features multiple times. Finally,
we have released a new dataset: IA-Udacity, which contains
some of the images in Udacity. IAFNet achieved state-of-
the-art performance on this dataset, surpassing other existing
methods.
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