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ABSTRACT As the boost of modern society, research on the extraction of road traffic markings has become
increasingly popular. To improve the regional convolutional neural network, improve the road surface cloud
segmentation algorithm based on the radius filtering algorithm and area division method, and combine the
two algorithms to improve the sparse point cloud road traffic marking extraction algorithm. Finally, the study
will integrate the single frame image and road surface cloud data frame by frame, apply the improved road
traffic marking extraction algorithm of sparse point cloud to the road surface cloud with single frame image,
and construct the road traffic marking extraction algorithm integrating single frame image and sparse point
cloud. The effectiveness of the improved regional convolutional neural network algorithm proposed in the
study was verified, and it was found that the average recall rate of the algorithm was 0.841, the average
accuracy was 85.4%, and the operation speed was 125.6 seconds. Its performance was superior to other
algorithms compared. In addition, the study also compared and analyzed the performance of the fusion road
traffic marking extraction algorithm, and found that the average extraction edge length difference of the
algorithm’s road marking extraction was 0.0315m, and the average relative error between the algorithm and
the internal verification points was 0.0493, which is better than the comparison algorithm. Based on the
comprehensive experimental results, it was found that the performance of the proposed improved regional
convolutional neural network algorithm and the traffic marking extraction algorithm that integrates single
frame images and sparse point clouds is superior to the comparison algorithm. Meanwhile, the proposed
fusion lane marker extraction algorithm has significantly improved the accuracy and precision compared to
traditional lane marker extraction algorithms, and has enormous application potential in the field of road
traffic.

INDEX TERMS Single frame image, LiDAR, mask R-CNN, point cloud extraction, road traffic markings.

I. INTRODUCTION
In recent years, with the continuous development of
autonomous driving technology, the accurate extraction of
road traffic markings has become more and more important.
Road markings are not only an important basis for drivers
to comply with traffic rules, but also a key information for
autonomous vehicles to perform environmental perception
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and path planning [1], [2]. Therefore, improving the accu-
racy and robustness of the road traffic marking extraction
algorithm is of great significance for the realization of a safe
and efficient intelligent transportation system. At present,
common road traffic marking extraction methods are mainly
based on image processing technologies, such as Canny edge
detection, Hough transform, etc. [3]. However, these methods
have some problems when dealing with complex scenar-
ios. For example, Canny edge detection is prone to false
detection and missing detection when the lighting conditions
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change greatly. However, Hough transform, on the other
hand, can lead to mistakes or missing edge detection and
straight line detection results when vehicles are moving fast
or road signs have complex shapes [4], [5]. In addition, the
extraction of road traffic lines is completed by the collection
of dense point cloud data by high-thread lidar. However,
due to the expensive price of high-thread lidar and the huge
amount of point cloud data, the production efficiency of
high-precision maps is low and difficult, which cannot meet
the market demand. Sparse point cloud extraction technology
is a method to extract useful information in sparse point
cloud based on point cloud data collected by sensors such
as Lidar or depth camera through processing and analysis of
point cloud [6]. At present, there are few researches on the
fusion of sparse point cloud extraction technology and road
extraction algorithm based on image processing technology,
so as to fill this gap. This paper fuses single frame image with
sparse point cloud extraction technology to construct sparse
point cloud road traffic marking extraction algorithm based
on single frame image. This algorithm can extract road traffic
markings from a single frame image, improve the accuracy
and robustness of the road marking extraction algorithm,
and control the calculation time and cost at a certain level,
which solves the problem of insufficient performance of the
traditional roadmarking extraction algorithm. The theoretical
contribution of this algorithm is that it can provide a reference
for the research of road marking detection and extraction.
At the same time, the algorithm also has a certain contribution
in the industrial field, and the algorithm has a positive impact
on the development of automatic driving, intelligent trans-
portation system and other fields. This paper will introduce
the relevant research on PC algorithms and road traffic extrac-
tion algorithms in the first section; In the second section,
the construction method of a road traffic marking extraction
algorithm that combines single frame images with sparse PCs
is introduced; The third section introduces the analysis of the
results of the improved algorithm for extracting road traffic
markings; The fourth section is the conclusion.

II. RELATED WORKS
As the boost of image technology, the application range of
PC technology is becoming wider and wider, and it has been
applied in multiple fields. Huang et al. proposed a fast PC
ground segmentationmethod in view of coarse to fineMarkov
random field to better segment the ground of autonomous
vehicle using 3D laser radar, and tested the method in the
field. The results show that this segmentation method pos-
sesses more excellent accuracy and stronger practical value
than the comparison method [7]. The Zou team proposed a
3D PC registration algorithm in terms of local angle statistical
histograms to address the 3D PC registration. By comparing
this algorithm with other global algorithms, it was found
that the presented algorithm has a wider application range
and high robustness to noise [8]. To optimize the traditional
surfactant separation and recovery system, Alibaba et al. pro-
posed combining PC technology with cloud point reminder

technology to construct an improved surfactant separation
and recovery system. Then empirical experiments were con-
ducted on the system, and it was found that the system can
perform multi-stage separation and recovery of surfactants,
effectively separate phenolic compounds, and has practical
application value [1]. In response to the issue of environ-
mental interference in the toxicity identification method of
metal based nanoparticles, Zhou et al. proposed to integrate
the PC extraction method with the cloud point extraction
method to construct a species identification model for metal
based nanoparticles. Then, the effectiveness of the model was
verified, and it was found that the composition and species
recognition performance of the metal based nanoparticles
were stable under different conditions, and the robustness of
the model was stronger than traditional methods [9].
With the rapid development of intelligent vehicles, the

demand for images and videos of road conditions by drivers
is increasing. Therefore, there are currently several methods
used to extract road conditions. To improve the quality of
road monitoring, the Heinz team proposed a mobile survey-
ing and mapping system based on kinematics laser scanner.
Then, the accuracy and precision of the system were tested,
and the outcomes indicated that the physical height accuracy
of the system was less than 10 mm, and its estimated standard
deviation for cross slope was less than 0.07%. The above
results indicate that the system has good road monitoring
performance [10]. Ye et al. proposed an extraction method
based on moving laser scanning PCs to improve the function
of lane feature extraction methods for curved roads. Then,
a performance comparison test was conducted on this extrac-
tion method, and it was found that its accuracy was 93.76%,
which has better accuracy and robustness compared to other
comparative algorithms [11]. The Wang team presented a
lane detection method in view of semantic discrimination for
improving the detection accuracy of lane detection, and incor-
porated a dual constraint random sample consistency method
into this method for improving the accuracy of image extrac-
tion. Then empirical analysis was conducted on the detection
method, and the results showed that the detection accuracy of
the detection method was much higher than the comparison
algorithm, and it had reliability in semantic recognition of
lane marking [12]. Liu et al. proposed a layered collision
avoidance strategy based on road extraction to address the
problem of multi-state coupled motion, which makes it diffi-
cult to achieve the required accuracy and universal feasibility
of different obstacle avoidance behaviors simultaneously in
high-speed scenes. This strategy is based on road extraction
methods and adopts different collision prevention measures
based on different results. Then empirical analysis was con-
ducted on the collision avoidance strategy proposed in the
study, and the results showed that the collision avoidance
strategy was adaptive to different collision avoidance behav-
iors and its practicality was better than other methods [13].
The Fang team proposed a transportation facility extraction
method based on a mobile laser scanning system to improve
the accuracy of transportation facility extraction. Then, when
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the extraction method was applied in practice, it was found
that the extraction accuracy of the method in the MLS dataset
was 96.35%, indicating that the presented extraction method
possesses excellent roadside detection performance [14].

The Mask Region-based Convolutional Neural Networks
(Mask R-CNN) algorithmmay have some difficulties in deal-
ing with occlusion and complex background.When the object
is obscured by other objects or background, the algorithm
may not be able to segment the object’s contour accu-
rately. To achieve fruit and vegetable image segmentation
in the supermarket environment, Hameed et al. proposed a
fractional-based improved MaskRCNN mask edge improve-
ment method. The empirical analysis of this algorithm shows
that compared with traditional image segmentation algo-
rithms, the segmentation accuracy of this algorithm has been
greatly improved [15]. In order to accurately calculate the
movement trajectory of maintenance personnel in surveil-
lance video, improved MASK-RCNN was mainly used to
detect and analyze the dynamics of maintenance personnel
based on power grid surveillance video. Tong et al. built
a video segmentation and centroid detection path drawing
model based on improved MASK-RCNN, and verified the
performance of the model. It is found that this model can
accurately calculate the trajectory of people with information
entering and leaving [16]. In view of the low efficiency and
low accuracy of non-folding detection of photovoltaic power
stations, Guo proposed an improved segmentationmethod for
defective photovoltaic panels based on improved Mask R-
CNN, and conducted an empirical analysis of this method,
and found that the accuracy and recall rate of thismethod have
been greatly improved, and it can be applied to industry [17].

The above research indicates that point cloud extraction
method has been widely used in many fields, and there are
various methods applied in road extraction, and there are
many improvement studies on Mask RCNN. However, there
is little research on the fusion of improved Mask RCNN
algorithm with point cloud extraction algorithm and its appli-
cation in road extraction. In order to fill this research gap,
the Mask RCNN algorithm and the point cloud extraction
algorithm were improved respectively, and the two algo-
rithms were integrated and applied to road traffic marking
extraction. The study hopes to improve road safety in this
way.

III. CONSTRUCTION OF IMPROVED SPARSE POINT
CLOUD ROAD TRAFFIC MARKING EXTRACTION
ALGORITHM BASED ON IMAGES
Regional convolutional neural network (Mask Region-based
Convolutional Neural Networks, Mask R-CNN) is a com-
mon method for dividing road traffic signs, but there are
some problems of incomplete dividing road traffic lines and
the target area is not obvious [18]. Therefore, the attention
module is added to the Mask R-CNN neural network to
realize the global sharing of the image and the pixel location
relationship, so as to improve the accuracy of the road traffic
line marking judgment and the integrity of the extraction line

marking. According to whether there are obvious kerbs on
both sides of the road, the improved fusion road surface cloud
segmentation algorithm is constructed based on the radius
filtering algorithm and the area division method, so as to
realize the segmentation and extraction of these two road
surface clouds. Finally, these two algorithms are combined to
build an image-based algorithm for sparse point cloud road
traffic marking extraction.

A. IMPROVED MASK R-CNN ALGORITHM BASED ON
FUSED ATTENTION MODULE
Road traffic markings are common signs on the current roads
in China, mainly divided into indicator markings, prohibition
markings, and warning markings [19].The current research
on the extraction of road traffic markings mainly focuses
on the extraction, detection, and segmentation methods of
linear road traffic markings, while ignoring the surface road
traffic markings [16]. To separate linear and surface road
traffic markings, an improved Mask R-CNN algorithm was
constructed by combining the attentionmodule with theMask
R-CNN algorithm. By improving the Mask R-CNN neural
network, the attentionmodule is added to the original network
architecture, so that it can identify the linear and plane road
traffic lines in the more accurate and complete image. As an
instance segmentation network based on candidate regions,
the overall framework of Mask R-CNN is shown in Figure 1.

Figure 1 illustrates that the overall architecture of Mask
R-CNN is constructed based on Fast RCNN, Residual Net-
work Feature Pyramid Network (ResNet FPN), and mask
mask prediction branches. Mask R-CNN includes two stages,
namely the region feature extraction stage and the processing
stage. In the region feature extraction stage, Mask R-CNN
uses ResNet as the backbone for extracting input image fea-
tures, and constructs an FPN through a fully convolutional
network. Then, the region of interest is selected through
Region Proposal Networks (RPN) to generate candidate
boxes for suspected target regions. In the processing stage, the
improved algorithm utilizes the classification, bounding box
regression, and segmentation mask Mask prediction branch
functions of the mask R-CNN to achieve target detection
and segmentation. In the average two-value cross-entropy
loss entropy loss function of Mask R-CNN, the formula for
calculating the classified branch loss is shown in equation (1).

L = Lcls + Lreg + Lmask (1)

In equation (1), Lcls represents the classification loss in the
RPN network; Lreg is the regularization loss of RPN bounding
box regression; Lmask represents the mean of mask prediction
mask sigmoid function. The formula for calculating the clas-
sification loss in the RPN network in the average two value
cross entropy loss function is shown in equation (2).

Lcls(pi, p∗
i ) = −Ib

[
pi, p∗

i + (1 − pi)(1 − p∗
i )

]
(2)

In equation (2), i represents the index value; pi represents
the true value of probability; p∗

i represents the probability
prediction value. The regularization loss calculation formula
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FIGURE 1. Mask R-CNN overall framework.

of RPN boundary box regression in the average two value
cross entropy loss function is shown in equation (3).

Lreg(ti, t∗i ) = smoothL1 (ti − t∗i ) (3)

In equation (3), i represents the index value; ti represents
the predicted bounding box; t∗i serves as the true value of
the predicted bounding box; smoothL1 is the loss function;
L1 represents the regularization value of RPN bounding box
regression calculation. The calculation formula of average
two value cross entropy loss function for mask’s sigmoid
mean is shown in equation (4).

Lmask (pi, p∗
i ) =

[
pilb(p∗

i ) + (1 − pi)lb(1 − p∗
i )

]
(4)

In equation (4), pi represents the true value of the probability;
p∗
i represents the probability predicted value; i represents the
index value. For enhancing the recognition capability ofMask
R-CNN for target information, a fusion attention module
was constructed by integrating spatial attention modules and
channel attention modules. The attention model added in the
research refers to the Convolutional Block Attention Module
(CBAM) model structure, which puts the spatial attention
model in the front and superposes features several times to
finally obtain the fusion features. The overall framework of
the integrated attention module constructed in the research is
shown in Figure 2.

Figure 2 reveals the fusion attention module. Figure 2
shows that the research fused the spatial attention mod-
ule and the channel attention module to construct a fused
attention model, which was placed in the region feature
extraction stage of Mask-RCNN for enhancing the recogni-
tion function of target information. Among them, the spatial
attention module can guide the Mask-RCNN network to
focus on the surrounding environment areas except for the

target, thus improving the overall feature extraction perfor-
mance of the Mask-RCNN network for images. The channel
feature module can combine all the channel features and
achieve the expression performance of the Mask RCNN net-
work by assigning channel weights. In the spatial attention
module, after inputting the feature layer, the module inputs
multi-channel feature maps into the pooling layer. The spatial
attention module can transform multi-channel feature maps
into single channel feature maps through global average pool-
ing and maximum pooling. Then, the transformed feature
map is overlaid with features and subjected to convolution
operation, and the feature map is activated using the sigmoid
function. Finally, the input original multi feature map is
multiplied by the activated single feature map, and the output
value is the weighted feature. In the channel attention mod-
ule, the module aggregates the features of the multi-channel
feature map, inputs the aggregated features into the shared
multi-layer perceptron (MLP) for multi-channel parameter
sharing, and then overlays the output features of each channel.
Finally, the sigmoid function is used to activate the stacked
features, and the activated data is the fused features.

B. FUSION ROAD SURFACE CLOUD SEGMENTATION
ALGORITHM BASED ON RADIUS FILTERING ALGORITHM
AND AREA DIVISION METHOD
At present, the main methods for extracting road lane mark-
ing information are obtained through 3D laser scanners
or LiDARs, and the obtained PC data are processed [20].
At present, there are three main types of research on road
PC data extraction, namely PCprojection-based extraction
methods, clustering analysis-based extraction methods, and
plane feature-based extraction methods [21]. In this study, the
improved fusion road surface cloud segmentation algorithm
is constructed based on the radius filtering algorithm and the
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FIGURE 2. Integrated attention module overall architecture.

FIGURE 3. The construction steps of the road point cloud extraction
algorithm.

regional segmentation method. The construction steps of the
fusion road surface cloud segmentation algorithm are shown
in Figure 3.

As shown in Figure 3, point cloud data is obtained by
lidar is studied, but point cloud data obtained by lidar is
prone to the problems of huge data and many interference
data. In order to accurately extract pavement point clouds,

FIGURE 4. Principle of radius filtering algorithm screening.

the study first uses radius filtering method and area division
method to remove noise points. Then, the study divided the
road types into roads with curb and roads without curb.
For the road with curb, the pavement fluctuation function
is studied and designed, the part with the mutation in the
relative height information is selected, and then the point
cloud position corresponding to the curb is found to divide the
road surface cloud. For the road without curb, the mutation
block of Euclidean distance on the pavement point cloud data
on the scanning line is used to find the beginning and end
of the non-pavement points on the scanning line to divide
the road surface cloud. The radius filtering algorithm is an
algorithm that achieves image denoising by calculating the
average distance between adjacent pixels in an image. The
filtering principle of the radius filtering algorithm is shown
in Figure 4.

Figure 3 shows that the radius filtering algorithm filters
the target PC by setting a threshold in view of the Euclidean
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distance between the PCs, and calculating the number of
points within the circular range of the set radius. Firstly,
define the PC dataset P(p1, p2, p3, . . . pi), with a threshold
of k and a circle radius of r . Subsequently, take any point
p (p ∈ P). Calculate the Euclidean distance from other points
qi (qi ∈ Q) to point p in the PC dataset. Equation (5) depicts
the calculation.

d =
√
(xqi − xp)2 + (yqi − yp)2 + (zqi − zp) (5)

In equation (5), xqi is the abscissa of point qi; yqi is the
ordinate of point qi; zqi is the vertical coordinate of point
qi; xp is the abscissa of point p; yp is the ordinate of point
p; zp is the vertical coordinate of point p. Perform neighbor
point filtering on point qi, and the filtering formula is shown
in equation (6).{

d < r, qi be a neighboring point
d ≥ r, qi not a neighboring point

(6)

In equation (6), r serves as the radius of the circle; d serves as
the Euclidean distance from point qi (qi ∈ Q) to point p. Filter
and calculate all qi in the dataset to obtain the number of qi
determined as neighboring points n. Perform noise filtering
on n using the filtering formula shown in equation (7).{

n < k, noise point
n ≥ k, target point

(7)

It repeats the steps of equations (6) and (7), performing
neighbor point filtering and noise filtering judgment on all
points pi in PC dataset P(p1, p2, p3, . . . pi) until all noise is
removed. The radius filtering algorithm can eliminate outliers
and achieve simplification of cloud point data. In addition,
there is also a problem of data interference in road extraction
cloud point data. To quickly remove such interference from
PC, a partition region filtering method is studied, which relies
on the coordinate information of PC data to partition regions
and process PC, achieving the filtering of PC data in the
target area. After the pre-processing of PC data is completed,
it is judged and identified whether there are standing curbs
on both sides of the road. For roads with curbs, the PC is
divided into equal areas, and the PC with obvious fluctuation
is selected. Finally, the PC on the road surface is extracted
from the elevation line chart. Firstly, the RANSAC algorithm
is used to randomly select three points from the original PC
to form a plane. If the PC data has the most points falling
on this plane, the plane model is output. Subsequently, the
coverage area of the PC is evenly separated into blocks, and
the road surface relief function is designed using the number
of PC in the blocks and the vertical distance between the plane
model and the ground points. The formula for calculating the
fluctuation function is shown in equation (8).

F =

√√√√√ n∑
i=1

(di − d)

2m
(8)

FIGURE 5. Schematic diagram of lidar road scanning line.

In equation (8), di represents the projection distance from the
i-th point in the uniform block to the planar model; d is the
average of the vertical projection distance from the midpoint
of the uniform block to the plane model; m is the number of
midpoints in a uniform block. It uses the fluctuation function
to find the PC with large fluctuation, numbers the PC in the
PC, and uses the PC number as the abscissa axis and the
z coordinate value as the ordinate axis to construct a line
graph. According to the line chart, it searches for the mutation
location, and then filters, segments and splices through the
abscissa to obtain a complete road surface PC. For roads with-
out curbs, this study achieves road surface segmentation and
extraction through the characteristics of multi linear LiDAR
imaging. The schematic diagram of the LiDAR road scan line
is indicated in Figure 5.

Figure 4 shows that based on the uniform distribution and
concentric circles of PC data collected by LiDAR, the entire
PC is divided into far and near areas and processed separately.
It targets the near range area and evenly divides the area
around the central axis to obtain n sector-shaped areas. It fur-
ther divides the sector into m rings, calculates the Euclidean
distance from the points on the scan line within the ring area
to the central axis, and performsthe roadPC judgment on it.
The judgment formula is shown in equation (9).{

1d > w1, not road point cloud
1d ≤ w1, be road point cloud

(9)

In equation (9), 1d represents the Euclidean distance dif-
ference between adjacent points in the annular zone and the
central axis; w1 represents the judgment threshold for the
annular zone. For remote areas, voxelization is performed on
PCs within the remote area andan elimination judgment is
performed. The judgment formula is shown in equation (10).{

amount > w2, eliminate
amount ≤ w2, save

(10)

In equation (10), amount serves as the quantity of points
in the remote area; w2 represents the threshold for determin-
ing the quantity of points in the remote area. Finally, the
PCs in the near distance and far distance areas are fused and
spliced to obtain a complete road surface PC without curbs.
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FIGURE 6. Schematic diagram of the algorithm for extracting road traffic
markings.

C. CONSTRUCTION AND PRACTICAL APPLICATION OF
ROAD TRAFFIC MARKING EXRACTION ALGORITHM FUSED
WITH SINGLE FRAME IMAGE AND POINT CLOUD
After the construction of the improved Mask R-CNN
algorithm based on the fusion attention module and the
fusion road surface cloud segmentation algorithm based on
the radius filter algorithm andthe area division method, the
two algorithms are studied and integrated to construct the
single frame image and point cloud integrating road marking
extraction algorithm. Firstly, based on the joint calibration
principle of lidar and camera, the single frame image and
road surface cloud data are fused frame by frame, and extracts
the three-dimensional lidar coordinates of traffic markings
are extracted by using the fused image. Then research using
improved Mask R-CNN algorithm and fusion road pastry
cloud segmentation algorithm processing equipment in the
experiment site to obtain image data and point cloud data,
then extract the corresponding road pastry cloud through the
matrix into the image coordinate system form fusion image,
fusion image processing for road traffic marking image coor-
dinates, finally through the road traffic marking in the laser
radar coordinate system of three-dimensional coordinates.
The schematic diagram of the proposed road traffic marking
extraction algorithm is shown in Figure 6.
Figure 6 reveals that the first step is to collect images and

cloud point data. A mobile measurement vehicle is used to
collect PCs and image data near the south gate of Sichuan
University (Jiang’an Campus), and the file is extracted and
analyzed for PC data through the ROS system. Then, the
obtained PC data and image data are pre-processed, and
internal and external verification points are established for
subsequent verification research. The second step is joint
calibration, in which the joint calibration of the camera and
LiDAR is investigated using Hesai’s 40-line LiDAR Pandar

FIGURE 7. Checkerboard calibration process.

and Flir monocular cameras. The third step is to use the
improvedMask R-CNN proposed in the study to segment and
extract road surface PC and images separately. Subsequently,
the extracted PC data is transformed into an image coordinate
system (CS) through amatrix to construct a fusion image, and
the image coordinates of road traffic markings are obtained
based on this. Finally, the three-dimensional coordinates of
the road traffic markings in radar coordinates are obtained
through matrix transformation. The commonly used methods
for joint calibration are the checkerboard method and the
feature point method. The joint calibration method used in
the research is the checkerboard method, and its calibration
process is shown in Figure 7.
As shown in Figure 7, Nc and Nl are the calibration board

normals of the origin of the LiDAR camera CS. The normal
vector of Nc is obtained, and the calculation is indicated in
equation (11).

Nc = R3(RT3D) (11)

In equation (11), R represents the rotation matrix after camera
calibration; R3 represents the third column vector of the
rotation matrix; D represents the translation matrix (TM); T
represents the matrix coefficient of the checkerboard calibra-
tion board. Subsequently, the normal vector ofN1 is obtained,
and its solution formula is shown in equation (12).

Nl = [A,B,C]T
√
D (12)

In equation (12), (A,B,C) represents the plane normal vec-
tor that fits the calibration plate plane; D represents the
TM; T represents the matrix coefficient of the checkerboard
calibration board. Then, the rotation matrix Rltoc and the
translation vector Dltoc from the laser radar to the camera
CS are solved according to the obtained normal vector. The
formula for calculating a random set of Dltoc values is shown
in equation (13). ∥Nl∥ − ∥Nc∥ = Dltocnl

nl =
Nl

∥Nl∥
(13)
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In equation (13), ∥Nl∥ and ∥Nc∥ represent the range from
the origin of the LiDAR and camera CSs to the calibration
board plane; nl represents the unit vector ofNl . Subsequently,
the Nc and Nl values of different groups were obtained by
adjusting the pose of the LiDAR and camera, and the optimal
Dltoc value was solved using the least squares method. The
expression of the unit vector nl in camera coordinates is
defined as Rltocnl , and its calculation formula is shown in
equation (14). Rltocnlnc = 1

nc =
Nc

∥Nc∥
(14)

In equation (14), ∥Nc∥ represents the range from the origin
of the camera CS to the plane of the calibration board; Nc is
the calibration board normal of the origin of the LiDAR CS;
nc represents the unit vector of Nc. Subsequently, the optimal
Rltoc-value is solved using the least squares method. Perform
iterative optimization on the obtained optimal Dltoc and Rltoc
values, with the iterative formula shown in equation (15).

F =

n∑
i=1

m∑
j=1

[
Nc,j(PltocPi,j + Tltoc)∥∥Nc,i∥∥ −

∥∥Nc,j∥∥]2

(15)

In equation (15), n is the total number of times the lidar
and camera adjust their pose; The number of points scanned
and mapped by LiDAR on the calibration board during the
i-th pose of m; Nc,i represents the vertical vector from the
origin of the camera CS to the calibration board; Pi,j repre-
sents the j-th LiDAR scanning point in the i-th pose;

∥∥Nc,j∥∥
represents the vector modulus of Nc,j. The obtained joint
calibration parameters are projected onto the collected image
to obtain a fused image, thereby establishing the link between
the PC data. Then the road traffic markings in the fusion
image are segmented, including color space conversion, ROI
binarization, graphic perfection and target area segmentation.
After completing the fusion image segmentation, the target
3D LiDAR coordinate information is obtained, and the pixel
coordinates of the PC projection are obtained within the seg-
mented area. Then it obtains the LiDAR three-dimensional
CS of the road traffic markings through the transformation
matrix between pixel and PCCSs.

IV. EMPIRICAL ANALYSIS OF ROAD TRAFFIC MARKING
EXTRACTION ALGORITHM BASED ON FUSION OF SINGLE
FRAME IMAGES AND SPARSE POINT CLOUDS
To verify the effectiveness of the improved Mask R-CNN
algorithm, the road surface cloud segmentation algorithm,
and the road traffic marking extraction algorithm with sin-
gle frame image and sparse point cloud. The study con-
ducted empirical experiments separately. The datasets used
for the experiments were KITTI dataset, Tusimple dataset
and SemanticKITTI dataset. Among them, KITTI data set
is a relatively large autonomous driving evaluation data set,
which contains real image data of urban, rural and express-
way. The Tusimple dataset is the data of the autonomous

FIGURE 8. Recall rate and F1 score curve of various comparison
algorithms.

driving race in the United States. It is collected by a pure
vision platform and contains images of a variety of weather
conditions, road conditions and time periods. SemanticKITTI
The data set contains 150 frames of road frame point cloud
data with curb and 150 frames of point cloud data without
curb. The experimental environment consists of TensorFlow
and Python deep learning framework platforms, as well as an
Intel Core i7-7700K 16GB computer.

A. PERFORMANCE COMPARISON EXPERIMENT OF
IMPROVED MASK R-CNN ALGORITHM IN ROAD
TRAFFIC MARKING EXTRACTION
It conducted a performance comparison analysis on the Mask
R-CNN algorithm proposed in the study, comparing the neu-
ral semantic segmentation network with Visual Geometry
Group Sound Source (VGG-SS) algorithm, DeepLabv3+
semantic segmentation network algorithm, and Convolu-
tional Recurrent Neural Network (CRNN) algorithm. The
dataset used for this experiment is the Tusimple dataset.The
study compares the recall rate, F1 value, accuracy, error, and
runtime of each algorithm to perform performance analysis.
The recall rate and F1 value of each algorithm are indicated
in Figure 8.
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TABLE 1. Edge length of road markings extracted from various algorithms and dense point clouds.

FIGURE 9. Accuracy and PR curve of various comparison algorithms.

Figure 8 reveals the recall rate and F1 results for each of
the comparison algorithms. Figure 8 (a) reveals the recall

FIGURE 10. Error and running time of various comparison algorithms.

rates of each comparison algorithm. Figure 8 (a) reveals that
the Mask R-CNN algorithm proposed in the study has the
highest overall recall curve, with an average recall rate of
0.841, which is 0.006 higher than DeepLabv3+. Figure 8 (b)
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FIGURE 11. The Hausdorff Distance comparison results of various algorithms.

TABLE 2. Edge length of road markings extracted from various algorithms and dense point clouds.

shows the F1 values ofeach of the comparison algorithms.
Figure 8 (b) shows that the overall F1 value curve of the
Mask R-CNN algorithm proposed in the study is the highest,
with an average F1 value of 0.847, which is 0.005 higher
than DeepLabv3+. The above results indicate that the Mask
R-CNN algorithm proposed in the study has better recall per-
formance and F1 value performance than other algorithms.
The accuracy and PR curve of each comparison algorithm are
shown in Figure 9.

Figure 9 shows the accuracy and PR curve of each com-
parison algorithm. 9 (a) is the accuracy curve of each com-
parison algorithm. Figure 9 (a) shows that the accuracy
of each comparison algorithm increases with the quantity
of iterations, among which the Mask R-CNN algorithm
proposed in the study has the highest accuracy, with the

highest accuracy of 89.3% and an average accuracy of
85.4%. Figure 9 (b) reveals the PR curves of each com-
parison algorithm. Figure 9 (b) reveals that the proposed
Mask R-CNN algorithm has the largest offline area of the
PR curve, with an offline area of 0.73. The above results
reveal that the Mask R-CNN algorithm proposed in the
study has better accuracy performance. Figure 10 shows
the recognition error and running time of each comparative
algorithm.

Figure 10 (a) shows the recognition error curves of each
comparison algorithm. Figure 10 (a) reveals that the Mask
R-CNN algorithm proposed in the study has the lowest
error of 14.4%, which is 2.2% lower than DeepLabv3+,
4.2% lower than CRNN, and 5.7% lower than VGG-SS.
Figure 10 (b) shows the operation time of each comparison
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algorithm. Figure 10 (b) indicates that the Mask R-CNN
algorithm proposed in the study has the shortest computa-
tion time and the fastest computation speed, at 125.6 sec-
onds, which is 2.6 seconds lower in error compared to
DeepLabv3+. Based on the above results, it reveals that the
Mask R-CNN algorithm proposed in the study has better error
performance and faster computation speed.

B. EMPIRICAL ANALYSIS OF IMPROVED GROUND
EXTRACTION ALGORITHM
To understand the effectiveness of the ground PC extrac-
tion algorithm proposed in the study, an empirical analysis
was conducted on it. The dataset used in the experiment
is SemanticKITTI, which contains 150 road frame PC data
with curbs and 150 PC data without curbs. In this study, the
Hausdorff distance (HD), chamfer distance and extraction
error between the PC extracted by the improved extraction
algorithm and the original PC are used as evaluation indi-
cators. Then, it is compared with the planar model fitting
algorithm and the moving windowmethod to explore the per-
formance and effectiveness of the improved ground extrac-
tion algorithm. The HD comparison results of each algorithm
are revealed in Figure 11.
Figure 11 shows the HD comparison results of each

algorithm. Figure 11 shows that the improved ground extrac-
tion algorithm proposed in the study has a lower HD com-
pared to other algorithms. In the PC data of roads with curbs,
the HD is 0.056; In the PC data of roads without curbs,the HD
is 0.063; A ground cloud point extraction algorithm with an
HD of 0.059 is proposed by combining thePC data from roads
with and without curbs. The above results indicate that the
road surface extraction algorithm proposed in the study has
higher extraction accuracy. On the road cloud point dataset
with curbstones, the photos are blurred, and the chamfer dis-
tance and error performance of each algorithm are compared.
The comparison results are illustrated in Figure 12.
Figure 12 (a) shows the extracted cloud point chamfer dis-

tances of each cloud point extraction algorithm. Figure 12 (a)
shows that the ground extraction algorithm proposed in the
study extracts cloud points closer to the original cloud point
data, and its cloud point extraction is more accurate, with
an average chamfer distance of 0.41 ∗ 45 ◦. Figure 12 (b)
shows the cloud point extraction errors of each cloud point
extraction algorithm. Figure 12 (a) shows that the fluctua-
tion amplitude of the error curve of the proposed ground
extraction algorithm is smaller than other curves, and its
error is more stable. The above results demonstrate that the
ground extraction algorithm proposed in the study has better
error performance compared to other comparative algorithms,
and can better extract ground PC data, which has practical
application value.

C. PERFORMANCE CONTRAST EXPERIMENT OF FUSION
EXTRACTION OF ROAD TRAFFIC MARKINGS ALGORITHM
After completing the effectiveness verification experiments
of the Mask R-CNN algorithm and ground PC extraction

FIGURE 12. Comparison results of chamfering distance and error
performance of various algorithms.

algorithm, the empirical analysis of the road traffic mark-
ing algorithm proposed in the study, which integrates single
frame images and sparse PCs, was conducted.The data set
used in the study is point cloud and image data collected
near the south gate of Sichuan University (Jiang’an Campus).
By comparing the PC data of 200 random internal verification
points and 50 random external verification points, the pixel
distance and edge length difference of the traffic markings
extracted by the fusion algorithm are compared. The compar-
ison results are revealed in Figure 13.
Figure 13 (a) shows the pixel distance distribution of the

internal verification points of the fused road traffic marking
extraction algorithm. Figure 13 (a) shows that the average
pixel difference between the proposed fusion traffic marking
extraction algorithm and the internal verification points is
0.394 pixels. Figure 13 (b) shows the comparison results
of the edge length differencethe lane markings at the exter-
nal verification points of the fusion lane marking extraction
algorithm. Figure 13 (b) shows that the average edge length
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FIGURE 13. Pixel distance and edge length difference of traffic markings
extracted by fusion algorithm.

difference of the proposed fusion road traffic marking extrac-
tion algorithm is-0.0025m, and the average relative error
of edge length is 0.0493. The above results show that the
proposed fusion road traffic marking extraction algorithm-
can accurately and effectively extract road traffic markings,
which has practical application value. To further validate
the extraction performance of the proposed fusion road traf-
fic marking extraction algorithm, a performance comparison
analysis was conducted on the algorithm. The comparison
algorithmswere k-means clustering algorithm (K-means) and
Full Convolutional Networks (FCN) road marking extraction
algorithms. Performance comparison experiments were con-
ducted with dense PC extracted road traffic marking edges
and their differences. The edge lengths of road markings
extracted by different algorithms and dense PCs are shown
in Table 1.

FIGURE 14. Comparison results of the operation speed and performance
of each algorithm.

Table 1 shows that the average side length of the road
markings extracted from dense PCs is 0.27945m; The average
extracted edge length of the fusion algorithm proposed in
the study is 0.26925m; The average extracted edge length of
the K-means extraction algorithm is 0.29495m; The average
extraction edge length of the FCN extraction algorithm is
0.29365m. The above results demonstrate that the road traffic
marking algorithm proposed in the study, which integrates
single frame images and sparse PCs, extracts the average
edge length more closely than the road marking algorithm
extracted from dense PCs. The difference in edge length
between each algorithm and dense PC extraction of road
markings is shown in Table 2.

Table 2 shows that the average extracted edge length dif-
ference of the fusion algorithm proposed in the study is
0.0315m; The average extracted edge length difference of
the K-means extraction algorithm is 0.0696m; The aver-
age extraction edge length difference of the FCN extraction
algorithm is 0.0546. The above results demonstrate that the
proposed road traffic marking algorithm that integrates single
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frame images and sparse PCs has a smaller average edge
length difference compared to other algorithms. It can extract
the edges of road markings efficiently and accurately.In
order to further explore the advantages of the fusion road
line extraction algorithm, the research on the basis of FCN
and K-means extraction algorithm, continue to study the
algorithm and Canny edge detection [23] and Hough trans-
formation [24] performance comparison, comparison for the
ROC curve offline area, icon extraction integrity, detection
quality and detection time. The comparison results of each
algorithm are shown in Figure Figure 14.

Figure 14 (a) shows the ROC curve of each algorithm.
From Figure 14 (A), the proposed algorithm has the largest
ROC line area of 0.87, which is higher than other comparison
algorithms and has the best performance. Figure 14 (b) shows
the comparison results of the icon extraction integrity, icon
detection quality and chart detection time of each algorithm.
From Figure 14 (b), the proposed algorithm not only has the
best icon extraction integrity and icon extraction quality, but
also takes the shortest detection time of 5.7s. These results
show that the proposed icon extraction algorithm is the best
algorithm with the fastest calculation speed.

V. CONCLUSION
With the increasing demand for road marking extraction,
traditional road marking extraction methods can no longer
meet the needs of today’s society. In response to the above
issues, the study combines the improved Mask R-CNN
algorithmwith the improved cloud point extraction algorithm
to construct a road traffic marking extraction algorithm that
integrates single frame images and PCs. The performance
analysis of the improved Mask R-CNN algorithm proposed
in the study found that the average recall rate of the algorithm
was 0.841, the average F1 value was 0.847, the average
accuracy was 85.4%, the error was 14.4%, and the operation
time was 125.6 seconds. This indicates that the algorithm
performs better than other comparative algorithms. In addi-
tion, empirical analysis was conducted on the proposed road
traffic marking extraction algorithm that integrates single
frame images and PCs. The analysis found that the aver-
age pixel difference between the algorithm and the internal
verification points was 0.394 pixels, the average extracted
edge length of traffic markings was 0.26925m, the difference
from the average edge length was -0.0025m, and the average
relative error was 0.0493. Its performance is superior to the
comparison algorithm. Based on the above results, it can be
found that the research proposes an improved Mask R-CNN
algorithm and a road traffic marking extraction algorithm that
integrates single frame images and PCs, which is superior
to comparative algorithms in terms of computational speed,
accuracy, and error, and has practical application value. The
subsequent research direction of the experiment is to conduct
empirical analysis on the performance of algorithms in more
complex signal environments. The subsequent research aims
to verify the accuracy of the absolute coordinates of the fusion
road traffic marking extraction algorithm.
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