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ABSTRACT

By improving the standard U-Net architecture, this paper proposes a novel semantic segmentation
model, which incorporates multiple attention mechanisms to enhance the model's capacity to capture
multi-scale features. Specifically, we introduce the Efficient Multi-Scale Attention Module with Cross-
Spatial Learning (EMA), Spatial and Channel Squeeze and Excitation (SCSE), and Squeeze-and-
Excitation (SE) mechanisms into the standard U-Net network. These modules assist the network in
learning significant information from feature maps at multiple scales while suppressing interference
from irrelevant background. Experimental results demonstrate that incorporating attention
mechanisms effectively enhances the prediction accuracy of the standard U-Net network for lane line
semantic segmentation. The new model outperforms the standard U-Net model on our custom dataset,
with particularly significant improvements in lane detection accuracy in scenarios with certain
interference.
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1. Introduction

With the development and maturity of the new generation of digital technologies such as artificial
intelligence, Internet of Things, and 5G mobile communication, automatic driving technology is
becoming more and more mature [1-2]. In the future, automatic driving still has a good development
prospect and will develop in the direction of driverless. All major countries in the world have attached
great importance to the development of automatic driving [3-4]. As China's comprehensive national
power continues to improve, the rapid development of social and economic development, the people's
living standards and quality of life has been continuously upgraded and improved, in order to meet the
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demand for high-quality travel, new modes of transportation and innovative transportation services
continue to emerge, but traffic congestion and traffic accidents are still the main problems and
challenges faced by the traffic travel [5-8]. Traffic accidents not only bring significant economic losses,
but also cause serious consequences such as casualties [9]. In order to solve the related problems,
countries have introduced relevant policies and systems to improve transportation services, and the
industry and academia have also focused on emerging technologies to innovate transportation
technologies, and various intelligent technologies have been popularized and applied in vehicle-
assisted driving systems [10-13]. In order to reduce traffic accidents, alleviate road congestion, and
improve people's quality of life, academia and industry have conducted in-depth research on advanced
assisted driving systems and autonomous driving systems [14-16].

Lane lines, as important traffic signs, carry intuitive road information, which is important for
ensuring the safety and stability of autonomous driving systems and assisting drivers to make correct
decisions [17-18]. Lane line detection, as one of the core cornerstones in the automatic driving
technology system, plays a pivotal role in the environment perception algorithm [19-20]. Its core
function lies in accurately extracting road surface feature information to provide decision support for
the self-driving vehicle, thus ensuring that the vehicle can drive safely, stably and reliably [21-22]. In
advanced assisted driving systems, lane line detection technology plays an indispensable support role
for the completion of basic tasks such as direction keeping, lane changing, offset warning, forward
collision warning, intelligent cruise control and emergency braking [23-25]. Together, these functions
guarantee the safety and comfort of driving and promote the continuous progress of intelligent driving
technology [26].

Literature [27] describes the underlying logic and commercial application scenarios of lane
departure systems, and comparatively analyzes the performance of traditional image processing and
semantic segmentation in lane departure systems. Literature [28] conceptualized a lane segmentation
monitoring method with semantic segmentation as the core logic, and evaluated and tested it in
conjunction with cityscape database to confirm the feasibility of the proposed Lane-DeepLab.
Literature [29] based on a computer vision algorithm pipeline that enables lane line detection
algorithms to enhance each other, and based on this, a reliable lane line detection and tracking
technique is envisioned, and in evaluation tests, the proposed lane line detection and tracking
technique is confirmed to be fully adapted for intelligent assisted driving. Literature [30] conceived a
new safe lane change trajectory model and anti-collision control strategy, and tested them in a physical
simulation platform, which provides an important reference for the research of automated intelligent
driving. Literature [31] envisioned an advanced road detection and tracking scheme, in which the focus
is on the convenient and accurate identification and prediction of lanes, and verified the effectiveness
of the scheme in lane detection as well as road tracking through real tests. Literature [32] introduces
Lanelet2, an open source map framework developed in C++ to accurately match intelligent automated
driving, and provides an advanced demonstration of the open source map framework Lanelet2
structure as well as automated driving applications.

To address these limitations, this paper proposes an enhanced version of the U-Net model to
improve its ability to extract features across multiple scales by introducing EMA, SCSE, and SE modules.
These attention mechanisms allow the network to focus on critical regions of lane lines, thereby
effectively enhancing detection accuracy. The main contributions of this paper are as follows.

1) A novel U-Net architecture that integrates EMA, SCSE, and SE modules is proposed to improve the
model's ability to learn multi-scale features.

2) The effectiveness of the proposed method is validated on a custom dataset, taking into account
interference scenarios such as rainy conditions, strong lighting, and road wear. Experimental results
show that the new model achieves superior performance across diverse conditions.

3) The impact of each attention module on the model's performance is analyzed in detail through
experiments, offering valuable insights for future research on semantic segmentation problems.



SEMANTIC SEGMENTATION MODEL FOR LANE LINES BASED ON MULTI-SCALE ATTENTION 6541

2. Network Architecture

U-Net is a convolutional neural network architecture originally designed for medical image
segmentation, where it demonstrated high performance. The U-Net architecture consists of an encoder
that extracts image features and a decoder that reconstructs these features into a segmentation mask
of the same size as the input. A prominent feature of U-Net is the implementation of Skip Connections,
which directly connects the feature maps of each layer in the encoder to the corresponding layer in the
decoder. This approach provides the decoder with access to high-resolution features from the early
stages of the encoder, which is crucial for recovering details and boundaries.

In recent years, attention mechanisms have received significant attention in computer vision tasks.
The attention mechanism allows models to focus on which parts of the input are most influential to
the output. Additionally, the attention mechanism captures long-range dependencies, enabling the
model to directly reference the entire encoder's output during decoding, thereby improving the
processing of long sequences.

In EMA, in addition to recalibrating the channel weights in each parallel branch by encoding global
information, the output features of both parallel branches are aggregated through cross-dimensional
interaction to capture pixel-level pairing relationships. This parallel subnet design effectively
facilitates the capture of inter-dimensional interactions and the establishment of inter-dimensional
dependencies. EMA focuses on preserving information in each channel while minimizing
computational overhead by reshaping certain channels into batch dimensions and grouping channel
dimensions into multiple sub-features, thereby ensuring that spatial semantic features are evenly
distributed across each feature group. SCSE combines spatial and channel attention mechanisms.
Spatial attention mechanisms emphasize specific regions in the image, while channel attention
mechanisms prioritize the most relevant channels in the feature map. The SCSE module enhances
feature representation by computing the weight of each spatial position and the importance of each
channel, enabling the model to focus more effectively on the target object. By adaptively reweighting
each feature map. the SE module enables the network to dynamically adjust attention resources to
focus on the most useful information. This mechanism first compresses global information, then
generates weight coefficients for each channel through the excitation process, and finally applies these
weights to the original feature map.

According to the characteristics of the lane dataset, we implement specific improvements to the
standard U-Net network structure. Specifically, EMA modules are integrated into each skip connection,
meaning that data is fed into the EMA module before each downsampling and then fused with the
upsampling data. This process effectively mitigates data loss caused by downsampling and enhances
feature extraction. The core concept of EMA’s enhanced feature extraction lies in feature grouping and
parallel subnetworks. For any given input feature map x <R“", EMA divides it into G sub-features
along the channel dimension to learn diverse semantic information.

SCSE modules are incorporated into several convolutional layers of U-Net encoders and decoders to
enhance feature representation. The SCSE module integrates both spatial and channel attention

mechanisms. In the channel attention mechanism, the input feature map, denoted as U =[u,u ,...u ],

is composed of multiple channels, where # €R"" refers to an individual channel. The channel
attention is obtained by applying spatial squeezing through a global average pooling layer, generating
avector zeR",where Z, denotes the global average of the K -th channel.
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Subsequently, this vector undergoes transformation via two fully connected layers and is processed
through the ReLU activation function.
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Z=0oW,2) (2)

Where, W crR 7, W e R” , O is the ReLU activation function. Then, % is normalized to the
interval [0,1] by the sigmoid activation function to recalibrate the input feature map.

U, =10C)u,. 0 )u,,...0(Z ) ] (3)

In the spatial attention mechanism, the input feature map is conceptualized as a series of positions
IxIxC .
represented by U =[U .U ,..... U4 ..Uy ], where u,; eR" " denotes the feature vector at position

(#, /) . The spatial attention mechanism executes spatial compression of the input feature map through

IxIxCx1

the convolution operation ¢ =W, *U,with W, eR generating a projection tensor ¢ <R, This

projection is subsequently normalized to the interval [0, 1] using the sigmoid function, which serves
to calibrate the input feature map.

Uy =10 DUy 150 O (G U 2 O (G gy Wy ] (4)

Following the SCSE module, the SE module is introduced to enhance channel-level features further.
The SE attention mechanism autonomously learns the significance of various channels by compressing
and activating the channel dimensions. This mechanism is mathematically represented by Eq. (5):

M (F)=o(MLP(AvgPool(F))) = MLP(F,) = o(W; (W, (F.))) (5)

Where F represents the input feature map, #o and %, are the weight matrices of the two fully

connected layers, f. is the channel dimension feature vector after average pooling, and <
represents the sigmoid activation function. After passing through the SCSE module, the output feature
chartis Eq. (6):

Fout :Mse(F)®F (6)

Figure 1 illustrates the comprehensive architecture of the network, wherein the EMA, SCSE, and SE
modules enhance feature extraction across multiple scales. Notably, these modules do not alter the
dimensions of the image.
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3. Experiment

Firstly, the evaluation was conducted using the standard U-Net architecture, with metrics such as mloU,
MPA, Mean Precision, and Mean Recall computed on the test dataset. Subsequently, EMA, SCSE, and SE
were individually integrated into the U-Net framework for testing purposes to assess each module's
impact on the model's overall performance. Additionally, we examined how each attention module
responded to various interference scenarios. Finally, EMA, SCSE, and SE modules were incorporated
into the standard U-Net network following the structure illustrated in Figure 1 to further investigate
potential enhancements in relevant performance indicators.

3.1. Dataset

A custom dataset was used in the experiment, consisting of a total of 15,000 images of lane lines across
various traffic scenarios. Specifically, the dataset includes annotations for solid lane lines, dotted lane
lines, and Zebra crossing. The dataset is highly diverse, featuring scenarios with varying weather
conditions, lighting, and road types. Images and corresponding labels in the dataset are provided at a
resolution of 1920*1080 pixels. Figure 2 presents some sample images and labels from the dataset.

Fig. 2. A portion of the dataset consisting of images and corresponding label

Prior to training, the dataset underwent preprocessing, involving random rotation, horizontal
flipping, and brightness adjustment. Additionally, label data image values were standardized to
enhance the effectiveness of model training.

The dataset was randomly divided into a training set (80%), a validation set (10%), and a test set
(10%). In terms of evaluation metrics, Mean Intersection over Union (mloU) and Mean Pixel Accuracy
(MPA) served to assess the overall performance of the model. Specifically, loU and MPA are core
evaluation metrics in semantic segmentation tasks, with loU typically used to measure the degree of
overlap between two areas (usually bounding boxes or segmentation masks). MPA is a metric for
image segmentation tasks, measuring the proportion of predicted labels that agree with real labels per
pixel. For an image segmentation task with multiple categories, MPA calculates the average pixel
accuracy for each category.

Among the evaluation indicators in Table 1, TF isthe number of correctly predicted True Positives
in category i. FF isthe number of False Positives incorrectly predicted for the i class. VN, isthe
number of pixels in the i class that are incorrectly predicted as other classes (False Negatives). IoU,
tinna Indicates the IoU of category i. N..represents the total number of pixels in the image. N
represents the total number of categories. Frecision; represents the accuracy of category i. Recall,
represents the recall rate for Category :.

Table 1. Evaluation Metrics

Metrics Full name Formula
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loU I i Uni loUj=— 1
0 ntersection over Union TR FRAFN;
. . 1N
mloU Mean Intersection over Union mloU:ﬁ 2 IoU;
i=l
N
MPA Mean Pixel Accuracy MPA= > TP,
Niotal i=1
Precisi Precisi Precivion'—iTPi
recision recision SO = p L FE
TP,
Recall;=———1
Recall Recall TP FN;

Unlike classification problems, in semantic segmentation, it is typically necessary to compute the
average Precision and Recall of all categories, namely Mean Precision and Mean Recall.

N
Mean Precision =— 7} Precision, (7)
i=1

Mean Recall =

2|_ 2|_

gRecalli 8)

3.2. Model training

To prevent the decentralization value of the backbone network from becoming too scattered and
random, VGG16 was employed as the backbone network pre-training weight during the model training
process. The model utilized the VGG16 network as the encoder in U-Net, with the model weights pre-
trained on the Pascal VOC dataset. VGG16 is a widely adopted convolutional neural network (CNN)
architecture. Due to its simple design and high performance, it has been extensively applied in various
computer vision tasks, particularly image classification. This pre-trained weight file can initialize
another U-Net model, facilitating fine-tuning on a new task without the need to train from scratch,
significantly saving time and computational resources. These pre-trained weights exhibit a degree of
generalizability across different datasets and can significantly enhance the feature extraction
capabilities of the model.

Model training was conducted using the Ubuntu 20.04 operating system and PyTorch 2.3.0 as the
deep learning framework. Hardware configuration was as follows. CPU: Intel(R) Xeon(R) W5-2455X,
Graphics Card: NVIDIA RTX A5000, 24GB, CUDA Version: 11.7. Key hyperparameters established for
training are presented in Table 2.

Table 2. Hyperparameter

Hyperparameter Values Remarks
num_classes 4 Categories
backbone vgg Pre-initialized Weights
epoch 100 Quantity of iterations
batch_size 4 Batch size
learning rate le-4 Learning rate
optimizer Adam Optimizer
sync_bin False Whether to use mixed precision

3.3.  Experimental results

To verify the role and influence of each attention module, an ablation study was conducted. Initially,
the basic U-Net architecture was used for testing. The test data were evaluated using the optimally
trained model, and the metrics mloU, MPA, Mean Precision, and Mean Recall were calculated for the
test set.
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As shown in Figure 3, according to the test set results, the mloU index was 68.68%, while the MPA
index reached 77.04%, with no indication of overfitting. To verify the contribution of each attention
mechanism in the architecture, we incorporated each attention module into the U-Net framework
during experimentation to observe their respective roles and impact. Initially, the EMA attention
mechanism was integrated into the skip connection component of U-Net to enhance feature extraction
and mitigate information loss resulting from downsampling.

mioU = 68.68% MPA = 77.04%
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DottedLine DottedLine
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SolidLine

background background 1.00
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Fig. 3. The mloU, MPA, Mean Precision, and Mean Recall metrics on the test set utilizing the standard U-Net
architecture

As shown in Figure 4, based on the experimental results, the incorporation of the EMA module into
the U-Net architecture led to a 2.37% increase in the mloU index, a 1.5% improvement in the MPA
index, a 1.38% rise in Mean Precision, and a 1% decrease in the Mean Recall index. Testing the data in
the test set, as shown in Figure 5, demonstrates that incorporating the EMA attention mechanism

enables the model to focus more on lane line-related content, thereby reducing the number of
incorrectly predicted pixels.
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Fig. 4. The mloU, MPA, Mean Precision, and Mean Recall metrics of the U-Net network on the test set were evaluated
after incorporating the EMA attention mechanism

Fig. 5. The Standard U-Net architecture and the mIoU curve on the validation set following the incorporation of the
EMA mechanism

SCSE combines spatial and channel attention mechanisms, facilitating the extraction of finer image
features. The channel attention mechanism enables the network to learn the dependencies among
different feature maps and reassign the importance of each feature accordingly. This approach proves
useful for extracting global information about lane lines, as they may be more visible in certain regions,
with channel attention able to emphasize such regions. The spatial attention mechanism focuses on
the distribution of features across spatial dimensions and generates a weight map to emphasize
critical pixels or regions. For lane detection, this aids in capturing the precise shape and position of
lane lines and helps maintain high detection accuracy even in the presence of complex backgrounds
or occlusions. By combining these two mechanisms, SCSE enhances the network’s ability to more
accurately identify and segment lane lines, particularly in complex scenarios. For instance, on
highways or urban roads, a variety of interfering factors, such as vehicles, pedestrians, trees, and signs,
may be present. SCSE enables the model to disregard these factors and focus on lane lines, thus
improving segmentation accuracy. The experiment assesses the impact of the SCSE module on the
model's overall performance by incorporating it individually before each skip connection. Upon
integrating the SCSE attention mechanism into the U-Net framework, the metrics mloU, MPA, Mean
Precision, and Mean Recall are presented in Figure 6.
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Fig. 6. The mloU, MPA, Mean Precision, and Mean Recall metrics of the U-Net network on the test set were evaluated
after incorporating the SCSE attention mechanism

The experimental results indicate that the incorporation of the SCSE attention mechanism can
mitigate interference to a certain degree and enhance feature extraction efficacy. As illustrated in the
upper section of Figure 7, the standard U-Net architecture predicts numerous curb positions as solid
lane markings; however, when the SCSE attention mechanism is integrated, there is a significant
reduction in mislabeled pixels. In the lower portion of Figure 7, it is evident that the standard U-Net
architecture lacks precision in detail processing—such as incorrectly designating distant areas with
poor visibility as sidewalks—but with the addition of the SCSE attention mechanism, these details are
rendered more distinctly, effectively decreasing the number of misclassified pixels.

Fig. 7. In comparison to the prediction outcomes of the standard U-Net network enhanced with the SCSE attention
module, the inference results of the standard U-Net network are presented on the left, while those incorporating the
SCSE attention module are illustrated in the image on the right

The SE attention mechanism acquires global information from each feature map via Global Average
Pooling and produces weights for each channel through Fully Connected Layers. These weights are
subsequently employed to reweight the feature map of each channel, enabling the network to
concentrate more on the significant features. In the task of semantic segmentation of lane lines, the SE
mechanism can assist the model in capturing the features of lane lines more effectively. Given that lane
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lines might occupy a small portion of the image and be disturbed by background noise, the SE
mechanism can facilitate the model to spotlight these crucial features and enhance the accuracy of
segmentation. Additionally, the SE module has a straightforward structure and can be effortlessly
integrated into the neural network structure. Considering that the module is situated in the upper
sampling part of the entire structure, its primary function is to reinforce feature selection and reduce
the quantity of model parameters. Upon integrating the SCSE attention mechanism into the U-Net
framework, the metrics mloU, MPA, Mean Precision, and Mean Recall are presented in Figure 8.

mioU = 70.18% MPA = 78.04%
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Fig. 8. The mloU, MPA, Mean Precision, and Mean Recall metrics of the U-Net network on the test set were evaluated
after incorporating the SE attention mechanism

From the test results, upon the sole addition of the SE attention mechanism, core indicators such as
mloU and MPA have been enhanced to a certain extent. Regarding the specific details, the SE attention
mechanism demonstrates superior error correction capabilities in aspects like unclear lane lines and
misrecognition. In Figure 9, the U-Net network fails to effectively identify the unclear lane lines
resulting from wear and tear, whereas the new model incorporating the SE attention mechanism can
effectively do so. In Figure 9, U-Net misidentifies the grid area dedicated to fire protection as a sidewalk,
and the inclusion of SE attention can effectively prevent this occurrence.

Fig. 9. The In comparison to the prediction outcomes of the standard U-Net network enhanced with the SE attention
module, the inference results of the standard U-Net network are presented on the left, while those incorporating the SE
attention module are illustrated in the image on the right
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Based on the analysis of prior experimental results, the standard U-Net architecture can enhance
model performance at various levels by incorporating MEA, SCSE, and SE modules individually. As
shown in Figure 10 to Figure 13 and Table 3, the MEA module contributes to improved convergence
stability, while both SCSE and SE modules increase the model's adaptability to diverse interference
scenarios and significantly enhance the mloU index. These three modules have now been integrated
into the network structure illustrated in Figure 1 for comprehensive testing and analysis.

U-Net U-Net + EMA U-Net + SCSE
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Fig. 10. Variations in the U-Net loss function during the training process with the incorporation of EMA, SCSE, and SE
modules
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Fig. 11. The variation in mloU of the U-Net network, enhanced with EMA, SCSE, and SE modules, on the validation set
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Fig. 12. The mloU, MPA, Mean Precision, and Mean Recall metrics on the test set were evaluated after incorporating
EMA, SCSE, and SE attention mechanisms into the standard U-Net architecture
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Table 3. Results of mloU, MPA, Mean Precision, and Mean Recall Metrics across Different Network Architectures

Network Architectures mloU MPA Mean Precision Mean Recall
U-Net 68.68% 77.04% 83.38% 78.04%
U-Net + EMA 71.05% 78.54% 84.76% 77.04%
U-Net + SCSE 70.93% 78.29% 84.51% 77.09%
U-Net + SE 70.18% 78.04% 84.38% 79.54%
U-Net+EMA+SCSE+SE 72.30% 79.29% 85.01% 78.29%
—o— el |
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Fig. 13. Comparison of mloU, MPA, Mean Precision, and Mean Recall Metrics across Different Network Architectures
4. Conclusion

Based on the U-Net network, this paper presents a novel semantic segmentation model for lane lines
by incorporating an attention mechanism. This paper examines the effects of EMA, SCSE, and SE
attention modules on U-Net networks. Experimental results indicate that EMA not only enhances the
model's performance metrics but also efficiently handles interference. SCSE is more effective in
handling specific interference scenarios, whereas SE is better at addressing blurred scenes caused by
lane wear. Additionally, the combination of multiple attention mechanisms led to significant
improvements in core metrics such as mloU and MPA. Compared to the standard U-Net network, mloU
increased by 3.62%, MPA by 2.25%, Mean Precision by 1.63%, and Mean Recall by 0.25%.
Experimental results demonstrate that attention mechanisms can significantly enhance the overall
performance of semantic segmentation models, while also improving the accuracy and robustness of
the U-Net network for lane line segmentation.
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