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Abstract: The recognition of lane line type plays an important role in the perception of advanced
driver assistance systems (ADAS). In actual vehicle driving on roads, there are a variety of lane line
type and complex road conditions which present significant challenges to ADAS. To address this
problem, this paper proposes an improved YOLOv5 method for recognising lane line type. This
method can accurately and quickly identify the types of lane lines and can show good recognition
results in harsh environments. The main strategy of this method includes the following steps: first,
the FasterNet lightweight network is introduced into all the concentrated-comprehensive convolution
(C3) modules in the network to accelerate the inference speed and reduce the number of parameters.
Then, the efficient channel attention (ECA) mechanism is integrated into the backbone network to
extract image feature information and improve the model’s detection accuracy. Finally, the sigmoid
intersection over union (SIoU) loss function is used to replace the original generalised intersection
over union (GIoU) loss function to further enhance the robustness of the model. Through experiments,
the improved YOLOV5s algorithm achieves 95.1% of mAP@0.5 and 95.2 frame-s~! of FPS, which
can satisfy the demand of ADAS for accuracy and real-time performance. And the number of model
parameters are only 6M, and the volume is only 11.7 MB, which will be easily embedded into ADAS
and does not require huge computing power to support it. Meanwhile, the improved algorithms
increase the accuracy and speed of YOLOv5m, YOLOV5], and YOLOv5x models to different degrees.
The appropriate model can be selected according to the actual situation. This plays a practical role in
improving the safety of ADAS.

Keywords: ADAS; YOLOvVS5; FasterNet lightweight network; ECA mechanism; SIoU loss function

1. Introduction

With the continuous increase in the number of motor vehicles, road traffic problems are
becoming increasingly serious. In many road accidents, a significant proportion is caused
by driver-related factors. To reduce the occurrence rate of road accidents and improve
driving safety, many domestic and international universities and companies have con-
ducted extensive research on ADAS [1-4]. Machine vision-based lane line type recognition
technology is part of the ADAS perception module. It collects environmental information
on lane lines using visual sensors and performs classification, playing an important role
in providing guidance for the decision-making, control, and execution modules of the
subsequent ADAS. Quickly achieving accurate recognition of lane line type is particularly
important for the driver to make correct judgements about the vehicle. It enables motor
vehicles to perform operations such as overtaking, lane changing, and U-turns without
violating traffic line rules, thus providing a certain guarantee for driving safety.

For lane line type recognition technology, it can be divided into traditional image
processing methods and deep learning methods. Traditional image processing methods,
generally based on information such as colour and texture direction, separate lane lines
from the background region by filtering. For example, Ma et al. [5] proposed a lane
marking region detection method based on Lab colour feature clustering. The RGB channel
of the original image is converted into a Lab channel so that it can bring in more lane line
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information. Eventually, the lane lines are identified using K-mean clustering. Rui et al. [6]
used grayscale space to identify white lane lines and HSV space to identify yellow lane lines.
The two lane line methods are merged, and the edges of the lane lines are extracted using
edge detection. Then, the image is converted to bird’s-eye view using inverse perspective
transform, and finally the lane lines are extracted through fitting. However, this type of
method is more demanding for the process of lane line painting. If the lane lines are broken
or defective, or there is complicated weather such as foggy or rainy days, then this method
will most likely fail.

Therefore, this paper proposes a deep learning-based method for detecting the cate-
gories of lane lines. Deep learning techniques have powerful learning capabilities and thus
have become the dominant approach in machine vision. Girshick proposed a region-based
convolutional neural network (R-CNN) [7], a fast region-based convolutional neural net-
work (Fast R-CNN) [8], and a faster region-based convolutional neural network (Faster
R-CNN) [9], which were initially applied to object detection tasks. However, these algo-
rithms suffered from slow detection speeds and struggled to meet real-time requirements.
Despite their improvement in many works in the literature [10-12], the results are still
unsatisfactory. The YOLO [13-18] series made significant improvements in detection speed.
Among them, the YOLOV5 algorithm has been widely used in various object recognition
scenarios, with many engineering projects incorporating and improving it.

Musha et al. [19] proposed a lightweight model called CEMLB-YOLO to detect maize
leaf blight in complex field environments. The method uses CIPAM attention mecha-
nism to retain key information. After that, feature re-structuring and fusion module is
introduced to extract semantic information, and finally MobileBit is added to the fea-
ture extraction network. The method achieves an accuracy of 87.5% on the NLB dataset.
Abolghasemi et al. [20], based on the improved YOLO model, applied it to the detection
of skin cancer. The method adds convolutional layers and residual blocks to the YOLO
model and also introduces feature splicing of different layers to achieve multi-scale fusion.
Tsoulos et al. [21] used bird image datasets captured in the field to train the YOLOv4 model.
Through experiments, it is demonstrated that YOLOv4 can be used for bird detection in
the field and has achieved good detection results. Pérez-Patricio et al. [22] detected the
behaviour of lambs based on predictive modelling and deep learning. In this regard, a
model, an object-tracking algorithm, and a decision tree-based behavioural classifier based
on YOLOvV4 applied to top-view videos are proposed. Experimentally, the method achieved
99.85% accuracy in detecting lamb activity. He et al. [23] proposed a target recognition algo-
rithm named TE-YOLO based on the improvement of YOLOv3. The method firstly clusters
the dataset using K-means++, after which the base model is optimised using the idea of
FPN. Through the experimental surface, TF-YOLO can improve the detection accuracy of
small targets and achieve the light weight of the network.

While deep learning techniques have been used in a number of fields, fine-grained
methods for recognising lane line type are not yet available. Some deep learning-based
lane line detection methods can only singularly go about identifying the shape or colour of
a lane line [24]. This is difficult for meeting the requirements of ADAS. In summary, this
paper proposes a lane line classification method based on improved YOLOvV5. The main
contributions include incorporating the FasterNet [25] lightweight network into the C3
module of the overall network to achieve parameter reduction and speed improvement.
The ECA [26] mechanism is introduced to enhance the model’s feature extraction capability.
The SIoU [27] loss function is used instead of the original GIoU [28] loss function to further
improve the model’s inference speed and accuracy. Through experiments, it is found that
the method in this paper has high accuracy and very fast detection speed. The type of lane
lines can be identified even under adverse conditions. This can fully meet the needs of
ADAS. It also plays a role in promoting the development of ADAS.

The structure of the rest of this article is as follows. Section 2 outlines the underlying
network used in this paper and the strategy for improving the network. Section 3 outlines
the experimental setting, the dataset, and the evaluation metrics of the model for this paper.
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Section 4 analyses the experimental results of the network improved in this paper. Finally,
Section 5 summarises the article.

2. Method
2.1. Basic Principles of the YOLOuvS Algorithm

The YOLOV5 algorithm is a representative neural network in the field of deep learning.
It belongs to one-stage detection algorithms, which accomplish both object recognition
and classification. In one-stage algorithms, the input dataset images are passed through
only one network for feature extraction. Anchor frames are used in the last layer for
prediction, and the result generated contains both location and category information. In
contrast, two-stage detection algorithms requires first generating candidate frames. Based
on the candidate frames, the corresponding features are extracted, and a classifier is used to
classify the target for each candidate frame. Finally, based on this, bounding box regression
is performed on the candidate boxes to determine the target location. Compared to two-
stage algorithms, one-stage algorithms have lower accuracy but require less computation,
resulting in faster processing speed. Lane line classification is part of the perception module
in ADAS, which demands real-time capability. Taking these factors into consideration, the
YOLOVS5 algorithm is selected for lane line classification.

The YOLOV5 algorithm has four versions: YOLOv5s, YOLOv5m, YOLOvS], and
YOLOv5x, based on different model depths and feature map widths. Among them,
YOLOV5s has the smallest model depth and feature map width among all versions, fol-
lowed by YOLOv5m, YOLOVS], and YOLOv5x. Specific data are shown in Table 1. As the
model size increases, the recognition accuracy gradually improves, but the inference speed
decreases. According to different tasks and requirements, you can choose the appropriate
version to use. For tasks requiring high detection speed, choose YOLOvV5s or YOLOv5m.
For tasks requiring high accuracy, choose YOLOVS5I or YOLOv5x. Considering the real-time
requirements of ADAS, this paper selects the YOLOv5s algorithm as the network model
for lane line classification.

Table 1. Parameters of different YOLOV5 versions.

Model Depth Multiple Width Multiple
YOLOvb5s 0.33 0.50
YOLOvV5m 0.67 0.75
YOLOvSI 1.00 1.00
YOLOvV5x 1.33 1.25

YOLOVvS5s consists of the input, backbone network, neck network, and head output,
as shown in Figure 1. The input is augmented with mosaic data, adaptive anchor frame
computation, and adaptive image scaling. Its main role is to pre-process the dataset
images to improve the accuracy and generalisation of the model. The backbone network
contains a network of classifiers with good performance, including the C3 module, the
CBL module, and the spatial pyramid pooling (SPP) module. It is mainly used to extract
feature information from the input image for subsequent object detection tasks. The neck
network adopts the FPN [29] + PAN [30] structure. It can enhance the multi-scale semantic
representation and localisation ability of the model, and further improve the diversity and
robustness of image features. The header output layer is responsible for generating the
final object recognition result. This part applies multi-level feature fusion and loss function
to improve the detection performance of the model.
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Figure 1. YOLOv5s network structure.

2.2. Improved YOLOv5 Algorithm

This paper proposes an improvement scheme for the original YOLOV5s algorithm,
which has problems such as low detection accuracy and poor real-time performance. The
improved network structure is shown in Figure 2. The improvements are mainly reflected
in the following three aspects.
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Figure 2. Improved YOLOv5s network structure.
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1. Inthe C3 module of the backbone network and neck network, the FasterNet lightweight
network is introduced to form the C3_Faster module. This effectively reduces redun-
dant computations and memory access, reducing the model size and accelerating the
inference speed.

2. The ECA mechanism is introduced at the end of the backbone, which incorporates
attention on both channel and spatial dimensions. This significantly enhances the
model’s feature extraction capability.

3. Inthelocalisation loss function, the SIoU is used instead of the original GIoU function.
SloU takes into account the vector angle between the ground truth box and the pre-
dicted box, redefining the penalty metric. This further improves training convergence
speed and inference accuracy structure.

2.2.1. FasterNet Lightweight Network

The main idea behind using the FasterNet lightweight network is to achieve model
lightweight transformation and faster inference speed while ensuring recognition accu-
racy. This paper introduces the FasterNet lightweight network into the C3 module of the
original YOLOvV5 network, forming the C3_Faster module, as shown in Figure 3. The
FasterNet block stack is added to each C3 module. The FasterNet block consists of a
PConv layer followed by two 1 x 1 convolution layers. To maintain feature diversity and
achieve lower latency, normalisation and activation functions are placed between these
two convolution layers.

C3_Faster

I
|
| Fastr,crth Block|
ey ..y rasterietBlocd
A )
1 icony] /i V| Partal Convolution (®Conv)
i = | PConv3<3 | T : i
! | h 0 | input output
! Conv / ! v L | Identity i
|
| BNReLU Faster_Blu- } Convixl i !
1 | BN : } ¢ Filter }
| R |
| M 1 1 I
} | vReI,L : } }
| ~———— Concat i Convixd | }h % — h }
} l | L 2 : } D cp k " o w Cp }
! | Concat I e
| " !
i Conv i IS B i
! BN ReLU | % : convolution operation
,,,,,,,,,,,,,,,,,,, i,,,,,,\

Figure 3. C3_Faster module.

The partial convolution (PConv) layer performs conventional convolution on only
some of the input channels to extract spatial features while keeping the rest of the channels
unchanged, thus effectively reducing computational redundancy and memory access. For
consecutive or regular memory access, the first or last continuous “c,” channels are treated
as representatives of the entire feature map for computation. In general, it is assumed that
the input and output feature maps have the same number of channels. The floating-point
operations per second (FLOPS) of each PConv can be calculated as

hxwxk xc 1)
where h and w represent the length and width of the feature, respectively, ¢, represents the
number of channels, and k represents the convolution kernel. The FLOPS of the PConv is
only 1/16 of the flops of a conventional convolution layer. Additionally, the PConv has a
smaller memory access and its data are approximately

hxwx2cp+k2xc%%hxwx2cp )

which is only 1/4 of a regular convolution layer.

The normalisation layer uses the batch normalisation (BN) [31] layer, which can be
fused into its adjacent convolution layer to accelerate the model’s inference speed. The
activation layer adopts the rectified linear unit (ReLU) [32] function to reduce runtime and
enhance the effectiveness of recognition.
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2.2.2. ECA Mechanism

The attention mechanism can be seen as a dynamic weight adjustment process based
on input features. In terms of vision, humans can naturally and effectively extract the
desired regions in complex scenes through their brains. Inspired by this observation,
attention mechanisms have been introduced in computer vision to mimic this aspect of the
human visual system.

In this paper, the ECA mechanism is used to implement a non-dimensional reduction
local cross-channel interaction strategy using one-dimensional convolution, as shown in
Figure 4. This module takes the global average pooling of the feature map for each channel
and generates a weight coefficient using a linear layer and sigmoid activation function. The
original feature map is then multiplied by this weight coefficient, resulting in a weighted
feature map. It requires only a small number of parameters to achieve performance
improvement. Avoiding dimensionality reduction is crucial for learning channel attention,
so the ECA mechanism enables cross-channel interactions while significantly reducing
model complexity and maintaining performance.

X
: —— =

5% L | 5%
1x1xC 1x1xC

Figure 4. ECA mechanism.

Given the aggregated features [C, 1, 1] obtained through the average pooling layer, the
ECA mechanism generates channel weights by performing one-dimensional convolution
with a kernel size of k, as shown in this equation:

w = o(C1D(y)) ®)

where C1D indicates 1D convolution. The adaptive determination of the kernel size k is
based on the mapping of the number of channels C, as shown in this equation:

log, C+b
v

k:

4)
odd
where C represents the number of channels. Through ablation experiments, v is set to 2
and b is set to 1. These parameters are used to adjust the proportion between the number
of channels C and the kernel size k. When the number of channels is large, the kernel size k
will increase with C. Conversely, when the number of channels is small, the kernel size k
will decrease with C. This approach enables effective interaction among different channels,
thereby facilitating fusion.

2.2.3. SIoU Loss Function

The detection head of the YOLOV5 algorithm consists of three loss functions: classi-
fication loss, confidence loss, and localisation loss. In this paper, the GIoU loss function
in the localisation loss is replaced with the SloU loss function. SloU takes into account
the vector angle between the required regression loss and the matching direction of the
ground truth box and the model-predicted box. It redefines the penalty metric, which can
accelerate the convergence speed during training and improve the accuracy of inference.
The SloU loss function consists of four cost functions, including angle cost, distance cost,
shape cost, and IoU cost.
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The schematic diagram of the SloU loss function calculation scheme is shown in
Figure 5. The definitions of each cost function are as follows:
s Cpy Tt

DAngle cost:A=1—-2x% sin? (arcsin(%h) — Z) = Cos(Z * (arcsin(;) — Z)) (5)

2 2
where ¢ = \/<ng —BCX> + (B?yt —ch) ,and ¢, = max(B?yt,ch> — min(B%J,ch)
(B%’j,B%;) and (BCX,B
boxes, respectively.

Cy) represent the centre coordinates of the true and predicted

@Distance cost:A= Y (1—e ) =2—¢ W —¢ Py (6)
t=xy
Bgt _B B%t —B. .
where py = ”ch ], Py = ych L), and v = 2 — A. Cy and Cj, represent the width

and height of the minimum enclosing rectangle for the ground truth box and predicted
box, respectively.

(®Shape cost :() = Z (1 - efwf)a = (1 — e*ww)e + (1 _ e*wh)o ?)
t=w,h
|w—ws!| |h—het . .
where wy, = Tax(w 8 and wy, = ————or iy W and h represent the width and height of the

predicted box, respectively; wgt and hgt represent the width and height of the ground truth
box, respectively. The parameter “6” controls the attention given to shape loss. To prevent
excessive emphasis on shape loss, which could hinder the movement of the predicted box,
the parameter range is constrained to [2,6].

BB

®@IoU cost:IoU = W

®)

where B and B8! represent the region framed by the model prediction and the region framed
by the actual label, respectively.
Based on the calculations mentioned above, the SIoU loss function can be obtained:

A+ QO

SIoU : Ly, = 1 —ToU + )

Bt
w!

Ground truth box

|

h

L Predictionbox | -
w

Figure 5. SIoU loss function calculation scheme diagram.

3. Experimental Section
3.1. Experimental Environment and Hyperparameters

The software and hardware environment configurations used for algorithm training
in this paper are shown in Table 2.
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Table 2. Experimental environment.
Type Parameter
CPU Intel(R) Xeon(R) Platinum 8255C CPU @ 2.50 GHz
RAM 45GB
GPU NVIDIA RTX3090 GPU with 24 GB of VRAM
VRAM 24 GB
Programming language Python 3.7

Pytorch 1.10.2, CUDA 11.6, Cudnn 8.3.2,
Numpy 1.19.5, tqdm 4.64.1, tensorboard 2.10.1,
OpenCV-Python 4.6.0.66

Deep learning framework and
dependency library

The hyperparameter settings for the algorithm are presented in Table 3.

Table 3. Hyperparameter settings.

Hyperparameter Value
Epochs 300
Batch size 16
Image size 640
Optimiser SGD
Learning rate 0.01
Momentum 0.937

3.2. Experimental Dataset

The dataset used for the experiments includes the CULane [33] dataset and custom
dataset with inverse perspective transformation. As shown in Figure 6, the road image is
transformed using inverse perspective transform to create a bird’s-eye-view road image
that reflects the real world. This image shows lane line features more clearly and facilitates
feature extraction for the network.

(b)

Figure 6. Inverse perspective transformation: (a) original image; (b) after perspective transformation.

In the inverse perspective transformation, the relationship between the original image
and the transformed image can be represented by a 3 x 3 transformation matrix. This
matrix is computed based on four corresponding points in the data image, as shown in
this equation:

tix§ X;
tiyl| = map_matrix - |y; (10)
t; 1

where map_matrix represents the computed 3 x 3 inverse perspective transformation matrix,
and (x;, y;) and (x}, ;) represent the coordinates of the input point and the output point,
respectively. The value of i ranges from 0 to 3, indicating the corresponding four points.
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This method allows us to obtain a bird’s-eye view of the road without requiring exten-
sive computational resources. It is a simple operation that only requires processing the
region of interest (ROI) containing the lane lines, thereby removing significant amounts of
irrelevant information.

According to GB 5768.3-2009 National Standard of China [34], the classification of
road traffic markings includes categories such as white dashed lines, white solid lines,
yellow dashed lines, yellow solid lines, double white dashed lines, double white solid
lines, white dash-solid lines, double yellow solid lines, double yellow dashed lines, yellow
dash-solid lines, orange dashed lines, orange solid lines, blue dashed lines, and blue solid
lines. Among these, the type of lane markings used to separate traffic flows or restrict
vehicle crossings include white dashed lines, white solid lines, yellow dashed lines, yellow
solid lines, white dash-solid lines, double yellow solid lines, double yellow dashed lines,
and yellow dash-solid lines. The white dash-solid lines and yellow dash-solid lines can
be further classified as left-dashed right-solid and left-solid right-dashed based on their
position in the driving lane. These lane line types are the targets we need to identify in this
paper. The dataset categories are annotated, and the label names are shown in Table 4.

Table 4. Lane line type data and labels.

Label Name Lane Line Name Legend
s w_i white dashed line
s w_f white solid line
s_y_i yellow dashed line
s_y_f yellow solid line
w_If_ri
white dash-solid line
w_li_rf
d_y_f double yellow solid line
d_y_i double yellow dashed line
y_1f ri
yellow dash-solid line
y_li_rf

The data images were filtered to exclude road images that do not contain lane lines.
Data images with different weather conditions and brightness levels were collected to en-
hance the model’s generalisation capability. After the filtering process, a total of 5480 images
containing lane lines were selected. The dataset was then divided into training, validation,
and testing sets in an 8:1:1 ratio.

The sample distribution of training dataset for each type of lane line is shown in
Figure 7.
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Figure 7. Sample size of all types of lane lines.

3.3. Evaluation Metrics

To evaluate the results of lane line category recognition and measure the performance
of the trained model, evaluation metrics are used. There are many types of evaluation
metrics, but they all rely on a confusion matrix, as shown in Figure 8.

Confusion True Value
Matrix Positive

Negative

Predicted | Fositive

Value

Negative

Figure 8. Confusion matrix.

The four values in the confusion matrix are primary indicators: TP (true positive)
represents actual positive samples correctly predicted as positive; EN (false negative)
represents actual positive samples incorrectly predicted as negative; FP (false positive)
represents actual negative samples incorrectly predicted as positive; TN (true negative)
represents actual negative samples correctly predicted as negative.

To limit the values of the metrics between 0 and 1, secondary indicators are used to
calculate precision and recall. Precision is calculated using the following formula:

.. TP
Precision = TPLED (11

Recall is calculated using the following formula:

TP

Recall = m

(12)

Precision and recall are conflicting measures. When a higher precision is desired, the
recall decreases and vice versa. Therefore, this paper uses mAP@0.5 as the evaluation
metric for the model. AP represents the accuracy based on the IoU threshold of positive and
negative samples, determining the correctness of sample classification based on confidence
levels. The AP value is calculated by measuring the area under the precision—recall curve
(P-R curve), effectively balancing the conflicting nature of the two indicators. The calcula-
tion formula for AP is

AP = /O ' p(R)AR (13)
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mAP represents the average AP value across all classes and is calculated using the
following formula:

L1 AP
k

In this paper, mAP@0.5 is used as the evaluation metric to represent the average AP
values when the IoU threshold is set to 0.5.

The complexity of a model can be evaluated by the number of parameters it has,
which is mainly related to the overall structure of the model. Parameters represent the
total number of trainable parameters in the network model. The larger the number of
parameters, the more complex the model structure.

Real-time performance is an important metric for lane line category recognition in
ADAS. Frames per second (FPS) is used to evaluate the real-time capability of the model. A
higher FPS indicates faster detection speed and better real-time performance, while a lower
FPS indicates poorer real-time performance.

mAP = (14)

4. Result

In order to verify the effectiveness of the improved algorithm, this paper carries out
three sets of experiments based on the YOLOv5 network: the comparison experiment
of attention mechanisms, the comparison experiment of loss function, and the ablation
experiment of the improved algorithm. After that, comparison experiments with other
mainstream target recognition algorithms and YOLO series are also set up. Finally, different
environments are simulated using grayscale values and peak signal-to-noise ratios to
analyse the applicability of the algorithm in real road conditions.

4.1. Comparative Experiment of Attentional Mechanisms

To verify the effectiveness of the ECA mechanism, a comparison was made with other
attention mechanisms, including the convolutional block attention module (CBAM) [35]

and the squeeze-and-excitation module (SE) [36]. The experimental results are shown in
Table 5.

Table 5. Comparison of results with different attention mechanisms.

Model mAP@0.5 (%) Parameters (M) FPS (frame-s—1)
YOLOv5s 92.1 7.1 91.3
YOLOv5s + CBAM 94.1 7.6 82.6
YOLOv5s + SE 93.7 8.3 79.4
YOLOv5s + ECA 94.3 7.2 84.7

From the table, it can be observed that all three attention mechanisms can improve
the mAP@0.5 of the model. However, by comparison, it is found that introducing the
ECA mechanism has a higher improvement in mAP@0.5 compared to the SE and CBAM
mechanisms. It improved 2.2% over the original model.

4.2. Comparison Experiment of Loss Function

Based on the good performance of the ECA module in previous experiments. In
this section, the effectiveness of the SIoU loss function is evaluated on this basis. And
the training results are compared with the training results of the three loss functions,
GloU, complete intersection over union (CloU) [37], and efficient intersection over union
(EIoU) [38]. The experimental results are shown in Table 6.

From the table, it can be observed that using the SloU loss function outperforms
the other three loss functions, effectively improving the model’s mAP@0.5. Compared
with the GloU loss function in the original model, it was increased by 1.1%, and FPS also
improved slightly.
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Table 6. Comparison of results using different loss functions.

Model mAP@0.5 (%) Parameters (M) FPS (frame-s—1)
YOLOV5s + ECA + GloU 94.3 7.2 84.7
YOLOv5s + ECA + CloU 95.0 7.2 87.7
YOLOV5s + ECA + EloU 94.8 7.2 89.3
YOLOvS5s + ECA + SloU 95.4 7.2 85.5

4.3. Ablation Experiment

To validate the overall effectiveness of the improved algorithm, a set of ablation exper-
iments were conducted. The experiment included six models with different configurations:
@ Original YOLOV5s; @ YOLOv5s + C3_Faster; 3) YOLOv5s + ECA; (® YOLOv5s + SloU;
® YOLOvV5s + ECA + SIoU; (® YOLOvSs + C3_Faster + ECA + SloU. The experimental
results are shown in Table 7.

Table 7. Comparison of results from ablation experiments.

YOLOv5s C3 Faster ECA  SloU mngo@fo.s Par:‘h‘/[“)eters ( fral;qul)es-s*l) V:’I\l/}‘];‘)‘e
v 92.1 7.1 913 13.8
v v 91.9 58 99.0 114
V v 943 7.2 84.7 13.9
v v 93.8 7.1 926 138
v v v 95.4 7.2 85.5 139
V V v V 95.1 6.0 952 11.7

/: Introduction of the module.

From the table, it can be observed that compared to the original model, introducing the
FasterNet lightweight network in the C3 module alone speeds up the model’s processing
speed and reduces the number of parameters. The introduction of the ECA mechanism and
SloU loss function both improve the model’s mAP@0.5. When the three improvements are
introduced simultaneously, the accuracy of the model increases by 3.0%, the FPS increases
by 3.9 frame-s~!, the number of parameters decrease by 1.1 M, and the volume decreases
by 2.1 MB. In conclusion, the method proposed in this paper has higher robustness and
real-time performance in lane line type recognition compared to other methods. Meanwhile,
the parameters and volume of the model are effectively reduced.

4.4. Comparative Experiment of Different Algorithms

To demonstrate the good performance of the YOLO algorithm on the task of lane line
species recognition, this section cites one two-stage algorithm, Faster R-CNN, and two
one-stage algorithms, SSD [39] and RetinaNet [40], as comparison networks. These are the
current mainstream target recognition algorithms. These algorithms have been applied
by many researchers in various task scenarios. The above algorithms are applied to the
lane line pattern recognition dataset for training and testing. And the results of YOLOv5
algorithm are compared with the results of the above algorithms. The results are shown in
Table 8.

As can be seen from the table, the detection speed of Faster R-CNN is too slow and
bulky. This is not suitable for application and deployment in ADAS. Compared with Faster
R-CNN, the SSD and RetinaNet algorithms improve the detection speed, but the average
accuracy is lower, which is still difficult for meeting the needs of ADAS. The YOLOv5
algorithm is superior to the above three algorithms in terms of average accuracy and
detection speed. On this basis, the improved YOLOV5 algorithm proposed in this paper has
further improved in each performance. This algorithm is fully applicable to the working
requirements of ADAS.
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Table 8. Comparison of results from different algorithms.
Model mAP@0.5 (%) FPS (frame-s—1) Volume (MB)
Faster R-CNN(Vgg16) 88.1 13.5 522.1
Faster R-CNN(ResNet50) 86.0 6.3 108.5
SSD(Vggl6) 86.7 45.5 95.1
SSD(ResNet50) 82.8 68.9 49.8
SSD(MobileNetv2) 73.1 712 18.8
RetinaNet 85.6 53.3 139.9
YOLOv5s 92.1 91.3 13.8
Oure-YOLOv5s 95.1 95.2 11.7

4.5. Comparative Experiment of YOLO Series Algorithms

In order to further verify the effectiveness of the improved algorithm, this paper
sets up a comparison experiment between different YOLO algorithms. It mainly includes
YOLOv3, YOLOv4, and YOLOVS5. The experimental results are shown in Table 9.

Table 9. Comparison of results of different YOLO versions.

Model mAP@0.5 (%) Parameters (M)  FPS (frame-s—1) Volume (MB)
YOLOv3 88.5 61.6 26.5 117.9
YOLOv3-tiny 76.8 8.7 140.8 16.7
YOLOv4 89.5 64.4 24.0 224.6
YOLOv4-tiny 81.5 5.9 128.4 22.6
YOLOvV5s 92.1 7.1 91.3 13.8
YOLOv5m 94.4 20.9 41.2 40.3
YOLOV51 95.5 46.2 25.1 88.6
YOLOvV5x 96.7 86.3 134 165.2
Ours-YOLOvbs 95.1 6.0 95.2 11.7
Ours-YOLOvSm 95.8 15.8 43.7 30.6
Ours-YOLOV5I 96.1 32.3 26.9 62.1
Ours-YOLOv5x 96.9 57.0 15.3 109.4

From the table, it can be seen that although YOLOv3 and YOLOv4 have improved
their recognition accuracy compared to the other algorithms listed in the previous section,
their detection speeds are still far from adequate. YOLOv3-tiny and YOLOv4-tiny used
CSPdarknet53_tiny as the backbone network and improved on the basis of the original
network. Although the detection speed has been greatly improved, the detection accuracy
has dropped off a cliff. After the improved algorithm in this paper, compared with the
original YOLOv5s, YOLOv5m, YOLOVS5], and YOLOV5X, the four different models have
different degrees of improvement in detection accuracy and speed. The improved algorithm
reduces the parameters and volume of the model. In practical applications, the appropriate
detection model can be selected according to the embedded deployment of ADAS.

From Figure 9, the improved algorithm has a higher confidence in the recognition of
various types of lane lines. Especially in various complex situations, it can effectively avoid
leakage or misdetection. This suggests that the improved YOLOV5 algorithm has a wider
range of applications and is more suitable for ADAS applications and deployments.

As can be seen in Figure 10, the improved algorithm improves the detection accuracy
for all categories of targets to different degrees, especially for the lane line category with
more complex features. When using YOLOv5s, the detection of the yellow dash-solid line
is poor. However, under our improved algorithm, the detection results of the two types of
short yellow dash-solid lines are improved by 11% and 11.9%, respectively, which indicates
that our improved strategy has some effect.
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Figure 9. Results of different YOLO algorithms: (a) YOLOV5s; (b) Ours-YOLOVS5s; (¢) YOLOv5X;
(d) Ours-YOLOvV5X; (e)YOLOV4-tiny.
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4.6. Analysis of Influence of Light Intensity

In this paper, in order to analyse the applicability of the improved algorithm in
different light intensities, different light intensities outdoors are simulated using different
levels of contrast and brightness. In order to simulate a real scene, the range of grayscale
values is set between 0-175, and the pixels of the pictures in the test set are modified.

Through experiments, the original YOLOv5s algorithm is able to correctly identify
lane line type with grayscale values ranging from 10-137, with detection failures in ranges
smaller than 6 and larger than 164. The rest of the ranges are false-positive cases, mainly
in that yellow lane lines are incorrectly identified as white lane lines. While the improved
YOLOVvS5s algorithm can correctly identify the type of lane line grayscale values ranging
between 8-155, less than 4 and greater than 171 are the range of detection failure. The
rest of the range are cases of false positives. As shown in Figure 11, where the Z-axis
indicates the detection results, 1 indicates accurate recognition, 0 indicates false positive,
and —1 indicates recognition failure.

YOLOVS5s
I Ours-YOLOVSs

_—

Figure 11. Comparison of the algorithm before and after improvement under different light intensities.

In summary, the method proposed in this paper has a wider detection range for
different light intensities compared to the original algorithm.

4.7. Analysis of the Influence of Noise

In this paper, in order to analyse the applicability of the improved algorithm in the
case of noise interference in different weather, different levels of Gaussian noise are added
to the images to simulate rain, snow, or foggy weather. The peak signal-to-noise ratio
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(PSNR) is utilised to evaluate the quality of the image after adding noise. PSNR is defined
based on mean square error (MSE). The definition of MSE is

MSE = mi i i 16,j) — K(i, )2 (15)

where m x n represents the size of the image, and I(i,j) and K(i j) represent the pixels of the
original image and the pixels of the noisy image, respectively.
Then, PSNR can be defined as

(16)

PSNR = 20log;, ( MAX; )

vVMSE

where MAX] is the maximum pixel value of the image.

Through experiments, under the influence of noise, the original YOLOvV5s algorithm
correctly recognises lane line type in the range greater than 15.2 dB, while the range of
recognition failure is less than 11.8 dB. The rest of the ranges are false positives or false
negatives. While the improved algorithm correctly recognises the lane line type in the
range greater than 13.3 dB, the range of recognition failure is less than 9.8 dB. The rest of
the ranges are false positives or false negatives. As shown in Figure 12, where the Z-axis
indicates the detection results, 1 indicates accurate recognition, 0 indicates false positive or
false negative, and —1 indicates recognition failure.

YOLOv5s
- Ours-YOLOV5s

Figure 12. Comparison of the algorithm before and after improvement under different levels of noise.

In summary, compared to the original algorithm, the method proposed in this paper is
able to accurately recognise lane line type in more severe weather.

5. Conclusions

To ensure the accuracy and real-time performance of lane line category recognition,
this paper proposes an improved YOLOVS5 algorithm. Through experiments, the following
conclusions have been drawn:

1.  Introducing FasterNet into the C3 module of the backbone and necking networks can
speed up the inference speed of the model and reduce the calculation parameters.

2. Introducing the ECA mechanism into the backbone network can significantly improve
the recognition accuracy of the model.

3. The use of SloU loss function can further improve the accuracy of the model and
speed up the inference speed to some extent.

According to the experimental results on the dataset, the improved YOLOv5 model
achieves the mAP@0.5 of 95.1% and the FPS of 95.2 frames-s~! in the test. This meets
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the requirements for accuracy and real-time performance in lane line type recognition.
Moreover, the parameters and the volume of the model are only 6.0 M and 11.7 MB,
respectively. It also has a wider detection range than the original YOLOVS algorithm in
different environments. Therefore, the proposed method can be effectively applied to lane
line category recognition and has practical significance for application in ADAS.
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