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Abstract

A lightweight, high-definition vector map (HDVM) enables fully autonomous vehicles.
However, the generation of HDVM remains a challenging problem, especially in complex
urban scenarios. Moreover, numerous factors in the urban environment can degrade the
accuracy of HDVM, necessitating a reliable error quantification. To address these chal-
lenges, this paper presents an open-source and generic HDVM generation pipeline that
integrates the global navigation satellite system (GNSS), inertial navigation system (INS),
light detection and ranging (LiDAR), and camera. The pipeline begins by extracting seman-
tic information from raw images using the Swin Transformer. The absolute 3D infor-
mation of semantic objects is then retrieved using depth from the 3D LiDAR, and pose
estimation from GNSS/INS integrated navigation system. Vector information (VI), such
as lane lines, is extracted from the semantic information to construct the HDVM. To assess
the potential error of the HDVM, this paper systematically quantifies the impacts of two
key error sources, segmentation and LiDAR-camera extrinsic parameter error. An error
propagation scheme is first formed to illustrate how these errors fundamentally influence
the accuracy of the HDVM. The effectiveness of the proposed pipeline is demonstrated
through our codeavailable at https://github.com/ebhrz/HDMap. The performance is
verified using typical datasets, including indoor garages and complex urban scenarios.

1 INTRODUCTION

Accurate, reliable, and absolute positioning is the base of
the intelligent transportation system [1]. It is significant for
autonomous systems with navigation requirements, such as
unmanned aerial vehicles (UAV) [2] and autonomous driving
vehicles (ADV) [3]. The multi-sensor integrated localization
solutions [4–6] are extensively investigated by combining the
global navigation satellite system (GNSS) [7], inertial navigation
system (INS), light detection and ranging (LiDAR), and cam-
era sensors. Satisfactory positioning accuracy can be achieved
in open areas with satisfactory satellite visibility. However, the
absolute positioning accuracy is significantly degraded in urban
canyons with excessively tall buildings reflecting the GNSS sig-
nals, leading to poor GNSS positioning accuracy [8]. In this
case, high-definition (HD) maps currently are regarded as the

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original work is

properly cited.
© 2024 The Author(s). IET Intelligent Transport Systems published by John Wiley & Sons Ltd on behalf of The Institution of Engineering and Technology.

most accurate localization method [9], and researchers sought
to include the pre-built HD map into the multi-sensor inte-
grated localization, leading to the GNSS/INS/LiDAR/HD
map-based localization solution [10–22]. Specifically, absolute
positioning can be obtained by matching the real-time 3D
point clouds with the pre-built 3D point cloud map. In other
words, the globally referenced positioning is guaranteed even
when the GNSS is not available. Due to the high reliability
of the GNSS/INS/LiDAR/HD map-based localization solu-
tion, it is extensively used by the research community. In short,
the pre-built map is significant for reliable autonomous driving
localization in complex urban canyons.

Generating a high-accuracy HD map composed of dense
3D point clouds depends heavily on the carrier’s pose. Hence,
many methods are investigated based on multi-sensor fusion
to improve the pose estimation [4, 23, 24]. Specifically, the
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high-accuracy pose estimation is obtained by complementar-
ily integrating the measurements from the GNSS, INS, and
LiDAR sensors. Then, the high-accuracy 3D point cloud map
can be obtained by accumulating the continuous 3D point
clouds from 3D LiDAR based on the high-accuracy pose esti-
mation from multi-sensor integration. Although the 3D point
cloud map is a frequently used pipeline, it is cumbersome and
hard to maintain. It is a significant bottleneck problem that lim-
its the large-scale deployment of the 3D point cloud map, mainly
caused by the structureless point cloud form. To fill this gap, the
high-definition vector map (HDVM) [25–30] is investigated as
a potential replacement for the conventional cumbersome 3D
point cloud map. Unlike the conventional 3D point cloud map,
the HDVM is lightweight and mainly includes vectorized infor-
mation (VI), such as the lane lines and poles, which are massively
available in typical urban scenarios. Moreover, the HDVM is
easy to maintain and can even be updated using the crowd-
sourced images collected by large-scale users [31, 32]. In short,
as pointed out by a recent survey paper [33], the HDVM is a
promising solution for the reliable navigation of autonomous
driving vehicles. However, several issues still affect the usage of
HDVM in complex urban environments.

To tackle the challenges listed above, this paper presents
a generic pipeline for HDVM automatic construction based
on GNSS, INS, camera, and LiDAR. The proposed pipeline
extracts semantic information from camera images using the
recently developed Swin transformer [34, 35]. Second, the depth
of the semantic information is recovered using the 3D point
clouds captured by the 3D LiDAR. Then, the reprojection is
performed, and a local semantic point cloud is gathered to be an
HDVM with the help of pose estimation from a high-accuracy
RTK-GNSS/INS integrated navigation system. Meanwhile, the
VI includes the lane lines and poles, the two most essential
components for the map-based localization of ADV. Finally,
the error quantification model is introduced to quantify the
potential error of HDVM based on the two listed vital
factors.

Therefore, our contributions are mainly three points
below:

(1) This paper proposes a pipeline that enables reliable and
incremental HDVM generation based on onboard sensors.
Unlike existing methods, the proposed pipeline encom-
passes both horizontal (ground) and vertical components.
Moreover, the proposed pipeline is encapsulated and open-
sourced to the community via https://github.com/ebhrz/
HDMap.

(2) This paper first presents a theoretical and experimental
quantification analysis between the listed two key factors
and the potential error of the generated HDVM. This error
quantification model can benefit the academic and industry
community in developing the HDVM, especially for dense
urban environments.

(3) This paper verifies the effectiveness of the proposed
pipelines using datasets collected in indoor garages and
challenging outdoor urban canyon scenarios.

The rest of the paper is structured as follows: Section 2
presents an overview of the framework with pre-definitions
of important mathematical symbols. Concretely, the specific
procedure of each step is described in Section 3. The error
analysis will be discussed in detail in Section 4. Moreover, the
experimental results and discussions are displayed in Section 5.
Conclusions and prospects are given in Section 6. Section 7 is
the acknowledgments.

2 RELATED WORK

2.1 HDVM generation

Generally, the construction of an HDVM involves two essen-
tial components: (1) Semantic segmentation, leveraging sensors
like LiDAR and cameras and (2) VI extraction from the seg-
mentation results, rendering the map more lightweight. Current
methodologies in semantic segmentation can predominantly be
categorized into two classes, focusing either on point cloud
analysis or image processing.

A conventional approach within the field consists of per-
forming the semantic segmentation directly, utilizing the inten-
sity of the point cloud within the 3D domain. In 2008, Kammel
[36] utilized the Radon transform to extract lane lines, but
recently, the works in [37–39] all directly used reflective inten-
sity as a filter to find the lane lines. Based on LiDAR scans, the
extracted lane lines can easily retrieve the depth information in
3D. Unfortunately, these LiDAR intensity-based methods could
only extract lane lines or road signs on the ground, as the LiDAR
intensity is mainly reliable for the lane lines with high reflec-
tivity. The poles, trees, traffic lights, and obstacles cannot be
fully recovered based on LiDAR intensity. Moreover, owing to
the substantial advancements achieved by convolutional neural
networks (CNNs) and transformer in the realm of object detec-
tion and segmentation within 2D images, commonly referred to
as pixel-based methods, several researchers have endeavoured
to employ CNNs and transformer to process LiDAR point
cloud-based segmentation. PointNet [40] and PointNet++ [41]
tried to directly do semantic segmentation on the point cloud
and used symmetry function to solve the problem caused by
unstructured point cloud. Nevertheless, compared to pixel-
based object detection and segmentation, voxel CNN-based [40,
42] and transformer-based [43] object detection on point cloud
require lots of computation due to the sparse and unstructured
points. Although some improvements [44, 45] are obtained, the
performance of direct object detection in 3D point clouds is still
limited by the sparsity of the point clouds compared with the
image-based segmentation. Thus, RangeNet++ [46] projected
the point cloud to a panorama grey scale image and did the seg-
mentation on 2D domain. But this method also is limited to the
poor texture information.

Unlike the sparse 3D LiDAR point clouds, the pixels in an
image are structured in the 2D domain, providing rich tex-
ture information. Since AlexNet [47], CNN-based methods
have developed dramatically, skeletons like InceptionNet [48],
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VGGNet [49], and ResNet [50], with some recent architecture
such as RCNN and Transformer [51, 52], have vastly increased
the accuracy in object detection and instance semantic segmen-
tation. Inspired by the strong capability of the image-based
learning networks, the works in [30, 53, 54] performed semantic
segmentation in the image domain for HDVM map construc-
tion. However, these methods rely on a strong assumption that
the vehicles are driving on a plane road with necessary lane lines.
Therefore, the VI can be reprojected to the 3D domain based
on inverse perspective mapping (IPM) [55]. In short, the image
has rich texture information, easily segmented by leveraging the
recent dramatic progress in deep learning. However, the image
cannot provide the depth information in the 3D domain, which
the HDVM requires.

As an extension, the LiDAR-image-fused solution was inves-
tigated. The work from [56, 57] used GNSS to get the
positioning solution and then projected the LiDAR points to
OpenStreetMap to get the semantic information, where Open-
StreetMap is regarded as an image. However, the accuracy of
the OpenStreetMap is not guaranteed. Interestingly, the effort
from [58] utilized a CNN to segment the image. The output is
regarded as the prior probability to estimate the posterior prob-
ability of the sparse parts of the 3D point clouds. The work in
[59] used CNN to detect road surfaces and lane lines in the
image. Then, the lane lines were projected to the 3D domain
using the depth information from LiDAR. As an aggressive
method, the work in [60] introduced an end-to-end method,
which utilizes a vast network to simultaneously process image
and point cloud, which directly outputs a topological map. How-
ever, the generalization capability of the end-to-end method is
limited by the training dataset applied. In conclusion, contem-
porary methods that fuse camera and LiDAR data also tend
to emphasize the ground components, often predicated on the
assumption of a planar road surface. This method fails to uti-
lize the depth information to recover vertical components fully.
Regarding 2D localization, ground components like lane lines
are limited to determining only one degree of freedom. The
localization can only attain accuracy when vertical components
are considered and integrated into the model.

2.2 HDVM error quantification

The existing research on the HDVM generation [56, 59] mainly
focused on the open area with limited traffic participants
and stable illumination conditions. As a result, the semantic
information can be easily detected and segmented. Thus, the
accuracy of the HDVM can be reliably guaranteed. Unfortu-
nately, this is not true for complex urban scenarios with dense
traffic. Given the additional challenges from the complex urban
scenarios for HDVM construction, it is of great significance to
quantify the potential errors of the HDVM before its massive
deployment in safety-critical ADV applications. Unfortunately,
there are few works on the systematic quantification of the
errors for the HDVM. It is recognized that [61] the error from
the (1) inaccuracy of semantic segmentation of the image to
extract the VI and (2) the depth recovery of the VI arising

from the inaccuracy of the LiDAR-camera extrinsic parame-
ters are the two significant sources dominating the accuracy of
the HDVM based on LiDAR-camera-fusion. Quantifying the
impacts of the listed two key error sources on the HDVM is
highly expected.

Instead of quantifying the error of the HDVM construction,
some work is devoted to analysing the error of the HDVM
update, given the potential crowdsourcing of image data. Zhang
[62] used the metric of intersection over union (IoU). In [31],
Kim proposed an approach based on the shell structure, which
can calculate the distance between the map points and the new
income points on a shell structure. However, these metrics are
all evaluated in the experiment step, where the quantification of
the errors from extrinsic parameters and semantic segmentation
errors are not presented, which can reduce the accuracy of the
HD map as the potential safety risk is not revealed in advance.

3 OVERVIEW OF THE PROPOSED
METHOD

The overview of the proposed pipeline is shown in Figure 1.
Our construction consists of three kinds of raw data: image
from Zed 2 camera at 30 Hz, point cloud from Velodyne LiDAR
at 10 Hz, and the 6 degrees of freedom (DoF) pose derived
from a high-accuracy GNSS/INS integrated positioning sys-
tem, namely the SPAN-CPT, operating at a high-frequency rate
of 100 Hz [63].

Before the map construction, preprocessing is required to
calibrate intrinsic and extrinsic parameters between LiDAR and
the camera. The most common camera calibration method
is from Zhang [64], and it will provide intrinsic parame-
ters and distortion parameters. This calibration process yields
exact intrinsic parameters, thereby minimizing the potential
introduction of significant mapping errors. LiDAR-camera
extrinsic parameters are fundamental and will significantly affect
the accuracy of the HD map. Most methods are based on
perspective-n-points (PnP) [65] and iterative closest point (ICP)
[66], which are the 3D-to-2D and 3D-to-3D methods [49],
respectively. Besides, it is postulated that no extrinsic parame-
ters exist between the LiDAR and SPAN-CPT. This assumption
is grounded in the positioning of the LiDAR directly above the
SPAN-CPT, resulting in minimal translational differences. Addi-
tionally, the yaw angle remains consistent, and typically, there is
an absence of pitch and roll variations when the vehicle operates
on level terrain.

In addition, the effects of image and point cloud distor-
tion need to be considered to obtain refined raw data. Image
distortion is due to the convex spherical lenses—the image
magnification increases with the distance from the optical axis.
Point cloud distortion is caused by the simultaneous rotation
of the LiDAR and the vehicle’s motion. Fortunately, LiDAR
provides the accurate time delay of each point, and high-
frequency pose estimation from SPAN-CPT can help fix the
issue.

After rectifying the distortion, it is essential to capture the
image and point cloud simultaneously. Typically, hardware trig-
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1480 HU ET AL.

FIGURE 1 The framework of the proposed pipeline includes four parts. (1) System intrinsic calibration in green part, (2) system extrinsic parameters
calibration in blue part, (3) integration of the information from light detection and ranging (LiDAR) and camera in yellow part, and (4) High-definition vector map
(HDVM) construction. The two calibrations are the preprocess before the map construction. Integration of LiDAR and camera is the key to the map construction.
Lastly, it is about how to build the vector map.

gers are employed to synchronize LiDAR and the camera.
However, leveraging high-frequency pose estimation facilitates
frame alignment by displacing the positions of the closest point
cloud frame to match the image frame. The temporal difference
between the nearest point cloud frame, captured at a frequency
of 10 Hz, and the image frame, captured at 30 Hz, is less than
0.07 s. It ensures that the two frames exhibit minimal parallax.

After the synchronization, the image goes through the
semantic segmentation neural network to be a semantic image.
It is also a key point of map construction because the accuracy
of the HDVM relies heavily on the accuracy of the semantic
segmentation.

There are lots of segmentation networks, such as Mask R-
CNN [52], FCN [67], and UNet [68]. In our implementation,
we choose the current state-of-the-art Swin transformer as the
solution, and the model is pre-trained with the Mapillary Vistas
dataset [69]. Meanwhile, the point cloud synchronized with the
image is projected to the camera plane by intrinsic and extrin-

sic parameters, and in this paper, it is called a LiDAR image.
The semantic image with depth information can be generated
by merging LiDAR and the semantic image. Reprojecting the
semantic image can get a semantic point cloud. Then, instance
segmentation is performed by the DBSCAN [70] algorithm, as
the number of clusters within the point clouds is unknown. For
the last step, each instance with extracted semantics can be fit-
ted with different models to get vectorized. Specifically, the lane
lines are continuous, and a growing strategy is used to get it
vectorized, while poles are separated and extracted by the top
centre point. Based on the above process, the generation of
HDVM has been finished.

Before diving into the expanded introduction of the pro-
posed method, the coordinates involved are clarified as follows:

The LiDAR frame l {⋅}: Originated at the geometric center
of the LiDAR with the x-axis, y-axis, and z-axis pointing
to the right, front, and up, respectively.
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The camera frame c{⋅}: Originated at the geometric centre
of the camera with the x-axis, y-axis, and z-axis pointing
to the right, down, and front, respectively.

The image frame i{⋅}: Originated at the top left corner of
an image with the x-axis and y-axis pointing to the right
and down, respectively.

The east-north-up (ENU) frame n{⋅}: Originated at the ini-
tial vehicle position with the x-axis, y-axis, and z-axis
pointing to the east, north, and up, respectively. It is also
the world frame in this paper.

The symbol b
a{⋅} denotes a transformation from frame a to

frame b.
By default, all matrix operations employed in this paper,

such as point transformations, are conducted in homogeneous
form. Any operation not originally in this form is converted to
homogeneous form before actual computation.

4 HDVM GENERATION VIA
MULTI-SENSOR INTEGRATION

This section presents the construction of the HDVM based on
the integration of GNSS/INS/camera/LiDAR.

4.1 Pose estimation and interpolation by
GNSS-RTK/INS integration

Due to the high frequency of pose estimation from SPAN-CPT
at 100 Hz, the motion can be regarded as uniform between
two adjacent frames. Thus, the interpolation can be used to
obtain the nearest point to achieve distortion correction and
synchronization. The interpolation strategy is as follows:

n𝐓n denotes the nth pose estimation from SPAN-CPT and
is the ground truth at a discrete time tn, providing position
𝐭n including east, north, up, and orientation 𝐪n, which is a
quaternion. An interpolated pose estimation at a given time t

is represented as n𝐓t , which also contains position 𝐭t and ori-
entation 𝐪t . The two kinds of pose estimation can be expressed
below:

n𝐓n = {𝐭n, 𝐪n, tn} (1)

n𝐓t = {𝐭t , 𝐪t , t } (2)

The two adjacent pose estimation frames can be found as:

{n𝐓n−1,
n𝐓n|tn−1 < t < tn} (3)

Then, the interpolated pose can be calculated by following
equations:

k =
t − tn−1

tn − tn−1
(4)

𝐭t = 𝐭n−1 + k∗ (𝐭n − 𝐭n−1) (5)

FIGURE 2 The image distortion and the correction result.

𝐪t = 𝐪n−1
(
𝐪−1

n−1𝐪n

)k
(6)

After getting the interpolated pose estimation, the following
parts describe the details of the framework.

4.2 Image distortion correction

Image distortion includes radial distortion and tangential distor-
tion. Tangential distortion is caused by the lens not paralleling
the imaging plane, but its influence is unnoticeable under
modern manufacturing technology. On the other hand, radial
distortion results from the different refractive indices of the
camera lens surface. In short, the better the lens’s materials, the
less the radial distortion is. Hence, the radial distortion should
be corrected, and its model [71] can be described by Taylor
expansion as:

x′ = x
(
1 + k1r2 + k2r4 +⋯+ knr2n

)
(7)

y′ = y
(
1 + k1r2 + k2r4 +⋯+ knr2n

)
(8)

where x′ and y′ denote a corrected pixel position, while x and y

are the original pixel positions. kn denotes the coefficients. r is
the distance between the pixel and the image centre. Usually, the
first and the second orders are accurate enough for modelling.
These parameters can be obtained by camera calibration. An
image distortion correction sample is shown in Figure 2.

4.3 Point cloud motion distortion correction

In a typical situation, points from a point cloud frame are
expected to be captured at the same time. However, LiDAR
works by rotating its sensor and getting the reflected signal
to measure the distance; reflected signals in one point cloud
frame are not received simultaneously. Once the LiDAR moves,
motion distortion occurs. Figure 3 depicts the theoretical prin-
ciple of distortion and an example. In Figure 3a, The blue solid
line is the vehicle trajectory. The red dots are the real point
clouds that the LiDAR captures. The blue dots are the point
clouds that the LiDAR captures statically. In Figure 3b, the area
in the red circle is a wall captured by LiDAR, and the wall is
split due to motion distortion. This distortion can be ignored
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1482 HU ET AL.

FIGURE 3 The theoretical principle of the distortion and an example
with correction.

FIGURE 4 The framework of time synchronization.

in a low-speed situation, but in a high-speed situation, it will be
fatal.

Fortunately, most LiDAR sensors provide the scan’s start
time and each point’s return time. The motion distortion can
be fixed by the equation below:

l 𝐩 f =
l
n𝐓p

n
l
𝐓s

l 𝐩d (9)

where l 𝐩 f is the fixed coordinate of a LiDAR point, l
n𝐓p is the

transformation from ENU frame to LiDAR frame at the each
point’s return time gotten from ground truth, n

l
𝐓s is the trans-

formation from LiDAR frame to ENU frame at the scan’s start
time gotten from ground truth, and l 𝐩d is the coordinate of the
distortion point in LiDAR frame. In Figure 3c, the distortion in
(b) is fixed by Equation (9).

4.4 Camera LiDAR time synchronization

LiDAR and camera should capture the scene simultaneously.
However, the two devices can only be configured with distinct
sampling rates in most situations. A solution is to design hard-
ware to trigger both, which is expensive. Besides, a software
solution relies on high-frequency pose estimation, moving the
point cloud to align the nearest camera frame available, as shown
in Figure 4.

The proximate image frame can be identified for a specified
point cloud frame, and their pose estimations can be acquired.
Points in the point cloud are directly transformed through the
pose estimations. It is like LiDAR motion distortion, and the

detail is as follows:

l 𝐩i =
l
n𝐓i

n
l
𝐓l

l 𝐩l (10)

where l 𝐩l represents the original coordinate of the points in the
moving point cloud. n

l
𝐓l is the transformation from the LiDAR

frame to the ENU frame at the LiDAR data receiving time. l
n𝐓i

is the transformation from ENU to LiDAR frame at the image
receiving time, and l 𝐩i is the aligned coordinate.

4.5 Image semantic segmentation

Semantic elements constitute a necessary component of the
HDVM. With the development of deep learning and pattern
recognition, automatic annotation by computer is available.
Convolution is the most powerful method to extract the
features. However, in contrast with 2D convolution, 3D con-
volution is less mature because the raw point cloud is too
large to be convoluted. Although down-sampling is performed,
voxel-based convolution [42] still needs many calculations.
Degenerating the voxel to point pillars [44] will create a pseudo
image to be processed with the 2D convolution. Thus, in this
paper, we do the semantic segmentation in the image domain
and reproject it to the 3D domain via LiDAR and extrinsic
parameters.

To achieve semantic segmentation, in this paper, a Swin
transformer [34, 35] model is employed to do this step. Swin
transformer is an architecture proposed by Meta, and the model
is pre-trained on the Mapillary Vistas dataset [69]. The Map-
illary Vistas consists of 25,000 high-resolution images and 66
semantic object categories. The images were taken in various
weather, seasons, and times of day globally, covering six con-
tinents. It guarantees the robustness of the model. The model
training on the dataset was iterated 3,000,000 times, making the
mIOU reach 60.8%. Moreover, the model received images of
any size and directly outputted a tensor of the same size in the
first two dimensions. The size of the third dimension is 66, con-
taining the probability of each category. Accordingly, the third
dimension will be merged into one by picking up the serial num-
ber of the categories which has the maximum probability. It can
be formulated as follows:

S1 (u, v) = {P1, P2, P3 … P66} (11)

S2 (u, v) = argmax
n

Pn, Pn ∈ S1 (u, v) (12)

where u and v are the locations of a pixel, and S1 represents
the semantic segmentation model, which outputs the probability
Pn corresponding to the semantic categories of a given pixel at
location (u, v). Each Pn represents the probability that the pixel
belongs to the nth category. S2 refers to the function that iden-
tifies the category with the maximum probability in S1, thereby
determining the most probable classification for the pixel. In
short, in this step, the input is an RGB image of size W × H ,
and the output is W × H × 1.
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In our implementation, dynamic objects can be easily classi-
fied through our semantic segmentation. In Mapillary dataset,
lane line is defined as 24 and pole is defined as 45, while car is
defined as 55. In the map construction, we only concern these
two elements, lane line and pole, and filter other objects to build
our map.

4.6 Point cloud projection

Map elements are segmented in the image domain; thus, repro-
jecting them to the 3D domain needs depth information. The
depth information comes from LiDAR, which means that the
LiDAR should emulate the camera, not only be at the same place
but also use the same intrinsic parameters. Hence, the point
cloud in the LiDAR frame should first be transformed into
the camera frame via extrinsic parameters between LiDAR and
the camera. Then, the camera’s intrinsic parameters are used to
project these points to the image plane. The following equations
can formulate this:

c𝐩 = c
l
𝐓 l 𝐩 (13)

d

⎧⎪⎨⎪⎩
u

v

1

⎫⎪⎬⎪⎭
= 𝐊 c𝐩 (14)

where c𝐩 and l 𝐩 denote the point coordinate in the camera
frame and LiDAR frame, and c

l
𝐓 denotes the transformation

from the LiDAR frame to the camera frame, which is the
extrinsic matrix. 𝐊 represents the intrinsic matrix, while u and
v denote the coordinates within the image. The depth infor-
mation is encapsulated in the variable d . The image under
consideration exhibits sparsity, featuring several distinct lines.
Notably, each pixel with a non-zero value is embedded with the
depth information.

4.7 Combination and semantic points
reprojection

In this step, the semantic result and the depth information are
merged in the image domain. Suppose the image size is m × n,
then the semantic output size is m × n × 1, and the “image” size
from LiDAR is also m × n × 1. Combine the two sources pixel
by pixel. The shape of the output turns to be m × n × 2, which
contains both the semantic and depth information. Figure 6c
shows the visualization of the combination.

After the combination, some pixels possess depth informa-
tion, and reprojection is subsequently conducted. Each pixel is
first projected from the image frame to the camera frame and
then transformed from the camera frame to the LiDAR frame.
The detail is as follows:

c𝐩 = 𝐊−1 d

⎧⎪⎨⎪⎩
u

v

1

⎫⎪⎬⎪⎭
(15)

FIGURE 5 The process of vectorization for lane lines.

l 𝐩 =
(

c
l
𝐓
)−1 c𝐩 (16)

Based on Equations (15) and (16), the semantic points with
depth are reprojected to the LiDAR frame.

4.8 Splicing and vectorization

To this point, the semantic image has been reprojected to the
3D domain, but it should be noticed that only a sparse point
cloud is obtained. With the help of the pose estimation from
SPAN-CPT or LiDAR odometry and mapping (LOAM), the
sparse point cloud can be stacked to be a dense point cloud.
It is stored as the HD semantic map (HDSM).

This paper mainly vectorises lane lines and poles as the two
elements can represent the horizontal and vertical features, sig-
nificantly aiding map-aided localization [72]. Notably, while lane
lines are continuous, poles are discrete, necessitating distinct
vectorization methods for each.

Vectorization for lane lines uses a growth strategy. Due to
the sparse point cloud, a sliding window is utilized to main-
tain ten frames of the lane line point cloud, chosen from the
whole semantic point cloud. DBSCAN [70] then segments the
instance by clustering the lane line points. Once each lane line is
determined, the centre point is calculated to represent the cur-
rent lane line. Given lane lines’ continuity, clustering focuses on
points within a set distance (5 m, e.g.). With the moving of the
vehicle, new centre points and previous centre points are con-
nected to be a polyline, and lane lines are vectorised. The detail
of the process is shown in Figure 5.

Illustrations from (a) to (e) in Figure 5 show the vectoriza-
tion process for lane lines. Blue lines are the lane lines, the
green box is the sliding window, and the red points denote the
cluster centre point. First, in (a), centre points are generated,
and in (b), new centre points are generated with the window
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1484 HU ET AL.

FIGURE 6 (a) The original image; (b) the LiDAR image; (c) the semantic
image; and (d) the integration of LiDAR image and semantic image. The depth
information is in the white lines. (e) The generated HDSM and HDVM. After
vectorization, the red and green solid lines are the lane lines and poles.

moving. Calculate all the distance between each previous and
current centre point and connect the nearest point in the pre-
vious centre points. However, when lanes are merging in case
(c), this will make an issue that one current centre point con-
nects two previous centre points. Another case (f) is that the
cluster fails to connect the current centre point with the pre-
vious one in the same lane, causing different lane lines to be
connected. The black lines are the mismatched lines. To prevent
these two cases, a limitation should be added: the connection
distance should not be longer than the width of the lanes. In
the context of lane bifurcation, as depicted in Figure 5d, it is
noteworthy that no complications arise. It can be attributed to
connections emanating from the previously established centre
points. As a result, two points on the same lane line in two dif-
ferent time frames must have the shortest distance. Figure 5e
acts as a sequential extension of Figure 5d, and the progression
remains uninterrupted.

Vectorization for poles is simpler than lane lines because
different poles are discrete, and the serial number of the
pole category can also filter the pole point cloud. Therefore,
DBSCAN can directly segment all the poles, and for each pole
cluster, the centre points are calculated, and its z value is the
maximum z-axis value of its cluster.

Figure 6 visualizes the result of each step of the HDVM
construction: (a) is the original image, (b) is the semantic
segmentation result, (c) is the LiDAR and semantic image

combination, and (d) includes the generated HDSM and
HDVM.

5 HDVM ERROR QUANTIFICATION

In this framework, many factors can cause errors and affect
the HDVM accuracy, such as camera intrinsic parameters, cam-
era LiDAR time synchronization, etc. However, there are two
primary error sources. The first is the semantic segmentation
accuracy, and the second is the LiDAR-camera extrinsic parame-
ters accuracy. These two factors enormously influence semantic
map accuracy. Quantifying the errors in these two specific fac-
tors is crucial for ensuring the safety of using the map and for
making necessary updates or improvements. This section will
try quantifying the error propagation scheme.

5.1 Process review

First, the primary process of the proposed pipeline in Section 4
needs to be reviewed to help perform the error quantification,
which can be formulated as follows:

1) Transform the points in the LiDAR frame to the camera
frame via extrinsic parameters and project them to the image
plane via intrinsic parameters using Equations (13) and (14).

The data can be expressed as a 2D array D:

D(u, v) = d (17)

D(∗) can be regarded as a function in which the input u and
v are the pixel coordinates, and d is the depth information.

2) Perform the semantic segmentation in the image domain,
and the semantic result can also be expressed as a 2D array
S:

S (u, v) = c (18)

Also, the segmentation can be regarded as a function S (∗),
and c is the pixel class.

3) Combine the projection in Equation (17) and semantic infor-
mation in Equation (18), and a new semantic array C (∗) with
depth information can be obtained:

C (u, v) = {d , c} (19)

4) Reproject these points to the 3D domain via the depth
information, intrinsic and extrinsic parameters using Equa-
tions (15) and (16).

To clearly describe the issue, []
m∶n

and []
n

denote the mth to
the nth elements and the nth element in the vector. Moreover,
to formulate this problem, assume that the z-axis coordinate is a
constant g in the error quantification due to the lane line on the
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HU ET AL. 1485

ground. Furthermore, the extrinsic parameters matrix between
LiDAR and the camera is obtained based on the Euler angle
𝛼, 𝛽, 𝛾, which follows the z–x–z rotation order and translation
i, j , k:

c
l
𝐓 =

[
𝐑 (𝛼, 𝛽, 𝛾) 𝐭

0 1

]
(20)

where:

𝐑(𝛼, 𝛽, 𝛾) = 𝐑z (𝛾)𝐑x (𝛽)𝐑z (𝛼) (21)

𝐑z (𝜃z ) =

⎡⎢⎢⎢⎣
cos𝜃z −sin𝜃z 0

sin𝜃z cos𝜃z 0

0 0 1

⎤⎥⎥⎥⎦
(22)

𝐑x (𝜃x ) =

⎡⎢⎢⎢⎣
1 0 0

0 cos𝜃x −sin𝜃x

0 sin𝜃x cos𝜃x

⎤⎥⎥⎥⎦
(23)

𝐭 = [i, j , k]T (24)

The intrinsic parameters are denoted as:

𝐊 =

⎡⎢⎢⎢⎣
k1 0 p1

0 k2 p2

0 0 1

⎤⎥⎥⎥⎦
(25)

where p1 and p2 represent the coordinate of the optical center
in the image, k1 and k2 represent the focal length in terms of
pixel units along the x-axis and y-axis respectively.

The coordinate of the point is defined as:

𝐩 =

⎡⎢⎢⎢⎣
x

y

g

⎤⎥⎥⎥⎦
(26)

The homogeneous form is:

𝐩̂ =

⎡⎢⎢⎢⎢⎣

x

y

g

1

⎤⎥⎥⎥⎥⎦
(27)

The two kinds of errors are introduced in the combination
step, as shown in Equation (19). Extrinsic parameters error
makes the pixel project to a wrong location in the camera frame;
thus, its influence will reflect in both the image domain and vec-
torised lane lines. Moreover, semantic segmentation error exists
due to the accuracy of the segmentation neural network, and its
effect will act on the vectorised lane lines. Therefore, the error
quantifications are represented in three aspects:

1) LiDAR-camera extrinsic parameter errors in the image
domain.

2) Semantic segmentation errors for vectorised lane line in the
3D domain.

3) LiDAR-camera extrinsic parameter errors for vectorised
lane line in 3D domain.

5.2 LiDAR-camera extrinsic parameter
errors in the image domain

Errors in the extrinsic parameters will result in an identical spa-
tial point projection to a disparate location within the image
domain. Extrinsic parameter errors include the following errors:
�ff,�fi,�fl, Δi, Δ j , Δk, which are the errors of Euler angle
and translation. The affected transformation matrix changes
from c

l
𝐓 to ˜c

l
𝐓, which is the extrinsic parameters transformation

with error:

˜c
l
𝐓 =

[
𝐑 (𝛼 +�ff, 𝛽 +�fi, 𝛾 +�fl) 𝐭′

0 1

]
(28)

where:

𝐭′ =
[
i + Δi, j + Δ j , k + Δk]

T

The location of the projected point in the image domain is:

⎡⎢⎢⎣
ue

ve

1

⎤⎥⎥⎦ =
1
d
𝐊
[
˜c

l
𝐓𝐩̂

]
1∶3

(29)

where ue and ve are the location of the pixel projected by 𝐓e .
Meanwhile, the ground truth of the pixel is:

⎡⎢⎢⎣
u

v

1

⎤⎥⎥⎦ =
1
d
𝐊
[

c
l
𝐓𝐩̂

]
1∶3

(30)

Therefore, the distance between the pixel (ue, ve ) and (u, v)
can represent the error in the image domain.

5.3 Semantic segmentation errors for
vectorised lane line in the 3D domain

The lane line constitutes a unique element within a map, wherein
its z-axis value can be regarded as a constant, denoted as g.
This is a basic assumption for the error evaluation in this part.
Semantic segmentation error is on the image domain. It can be
described as the offset Δu, Δv for the pixel location u, v. Then,

the pixel coordinate changes to [
u + Δu

v + Δv

1
]. Define the two depth

information d1 and d2, and reproject the pixel point using the
following equation:

𝐩 = c
l
𝐓−1 𝐊−1d1

⎡⎢⎢⎣
u

v

1

⎤⎥⎥⎦ (31)
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1486 HU ET AL.

𝐩′ = c
l
𝐓−1 𝐊−1d2

⎡⎢⎢⎢⎣
u + Δu

v + Δv

1

⎤⎥⎥⎥⎦
(32)

Meanwhile, there is the assumption that:

[
𝐩]

3
=

⎡⎢⎢⎢⎣
c
l
𝐓−1𝐊−1d1

⎡⎢⎢⎢⎣
u

v

1

⎤⎥⎥⎥⎦
⎤⎥⎥⎥⎦3

= g (33)

[
𝐩′
]

3
=

⎡⎢⎢⎢⎣
c
l
𝐓−1𝐊−1d2

⎡⎢⎢⎢⎣
u + Δu

v + Δv

1

⎤⎥⎥⎥⎦
⎤⎥⎥⎥⎦3

= g (34)

Due to the constant assumption in equations in (33) and
(34), d1 and d2 can be calculated. Then, substitute it into Equa-
tion (30), and the coordinate of the reprojected point can be
calculated. The distance between 𝐩 and 𝐩′ can denote the error
in the vectorized lane line.

5.4 LiDAR-camera extrinsic parameter
errors for vectorised lane line in the 3D domain

As Equation (28) shows, the transformation matrix turns to c
l
𝐓

from ˜c
l
𝐓. For lane lines, extrinsic parameter errors make the orig-

inal point and error point project to the same location. In an
image frame, it can be formulated as:

1
d ′
𝐊

[
˜c

l
𝐓𝐩′

]
1∶3

=

⎡⎢⎢⎢⎣
u

v

1

⎤⎥⎥⎥⎦
=

1
d
𝐊
[

c
l
𝐓𝐩

]
1∶3

(35)

Then, there are equations below:

d =
[
𝐊
[

c
l
𝐓𝐩

]
1∶3

]
3

(36)

d ′ =
[
𝐊
[
˜c

l
𝐓𝐩′

]
1∶3

]
3

(37)

𝐩′ =
d ′

d
˜c

l
𝐓
−1

c
l
𝐓𝐩 (38)

Since it is assumed that the coordinate z value is a constant
and then:

[
𝐩′
]

3
=

d ′

d

[
˜c

l
𝐓
−1

c
l
𝐓𝐩

]
3
= g (39)

d ′ is the only unknown in Equation (39), so it can be solved.
Taking the d ′ to Equation (38), and 𝐩′ can be solved. The dis-
tance between 𝐩 and 𝐩′ can denote the error in the vectorized
lane line.

FIGURE 7 Sensor setup deployment during the experimental data
collection. (a) The real sensor kit and the sensors we used are labelled. (b) The
sensor kit on our Honda Fit around the science park. LiDAR stands for the
light detection and ranging, while SPAN stands for the synchronous position,
attitude navigation.

6 EXPERIMENTAL VALIDATION

6.1 Experimental setup

6.1.1 Sensor setups

To validate the effectiveness of the proposed method, the exper-
iments were conducted in two typical scenarios in Hong Kong.
The first is an indoor scenario, the garage on the Hong Kong
Polytechnic University (PolyU) campus, and the second is the
driving road under the open sky around the science park in Tai
Po, Hong Kong. The sensor kit in Figure 7 is equipped with
a Velodyne HDL-32 LiDAR and a Zed 2 camera. Besides, the
ground truth of the positioning with centimetre-level accuracy is
postprocessed by commercial software from NovAtel using an
integrated GNSS real-time kinematic and fibre optics gyroscope
inertial system, under the open sky. All the data were collected
and synchronized using the robot operating system (ROS) [73].
The LiDAR-Camera-RTK/INS extrinsic and camera intrinsic
parameters were calibrated beforehand. Figure 8a,b indicates
the actual garage and driving road scenarios. The garage and
whole driving road lengths are 110 and 10000 m. In the exper-
iment, the annotation needs to be manually set for evaluation.
Considering that the results are not affected by the distance
length, only a 500-m section of driving road was selected to
validate the proposal efficiently.

Figure 8a is the scenario in the garage of PolyU. We only used
Velodyne HDL-32 LiDAR and Zed 2 camera in this scenario. (b)
is the scenario around the science park, Hong Kong. We used
Velodyne HDL-32 LiDAR, Zed 2 camera, and SPAN-CPT in
this open sky scenario. (c) and (d) are the HDSM for the garage
and science park, respectively. (e) and (f) are the HDVM of the
garage and science park, respectively.

Section 6.2 will quantify the theoretical error and explore the
error propagation scheme. Sections 6.3 and 6.4 will show the
experiments in garage and science park scenarios, respectively.
The garage HDVM contains lane line vectors, and the science
park HDVM contains lane line and pole vectors. To evaluate
the accuracy of our HDVM, cloud-to-cloud distance is used
as the metric. Specifically, the ground truth and HDVM vector
points are interpolated at 0.01-m intervals to be a dense point
cloud. Subsequently, the ground truth point cloud is used as the
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HU ET AL. 1487

FIGURE 8 (a) The garage scenario and (b) the science park scenario. (c,d)
are their HDSM in the colour point cloud, while (e,f) are the HDVM for them,
respectively.

reference to find the nearest point for each point in the HDVM
point cloud. The distance between the point in HDVM and its
nearest point in ground truth is defined as the error of the point.

6.2 Error quantifying

This section will quantify the error from semantic segmenta-
tion and LiDAR-camera extrinsic parameters. First, the error of
the extrinsic parameters will be quantified in the 2D domain via
Equations (29) and (30). Then, the lane line elements will be
quantified in the 3D domain using Equations (32) and (38). In
this part, our calibrated transformation matrix from LiDAR to
the camera is as follows:

c
l
𝐓ours =

⎡⎢⎢⎢⎢⎣

0.9999 0.0048 −0.0010 0.1135

−0.0009 −0.0245 −0.9997 −0.1617

−0.0048 0.9997 −0.0245 0.0516

0 0 0 1

⎤⎥⎥⎥⎥⎦
(40)

Once the sensors are fixed on the sensor kit, extrinsic
parameters are invariant in normal conditions. Thus, extrinsic
parameters are off-line calibrated to guarantee that all sensors
coincide.

The intrinsic parameters of our camera are:

𝐊 =

⎡⎢⎢⎢⎣
543.5046 0 630.7183

0 540.5383 350.9063

0 0 1

⎤⎥⎥⎥⎦
(41)

FIGURE 9 (a,b) The distance errors by rotation and translation errors
using our extrinsic parameters.

The ground truth point which is chosen for evaluation is:

𝐩 = [1, 3, −1.1]T (42)

The proposed method can provide more trustworthy initial
guesses than the conventional method in the scenario con-
structed for this experiment. Moreover, the proposed method
can complete the entire matching and pose estimation process
in the challenging scenario, which is an essential improvement
over the conventional method.

Since extrinsic parameters includes rotation error and trans-
lation error, in our quantification, we fix one when evaluating
the other one. And there still are three error sources both in
rotation error and translation error, thus, the axis x, y, z repre-
sents �ff,�fi,�fl in rotation error in Figures 9a and 11a, and
Δi, Δ j , Δk in translation error in Figures 9b and 11b. And the
colour indicates the value of the error. The colour closer to yel-
low means a more significant error. For Figure 10, the x and
y-axis denote the horizontal and vertical pixel errors on image,
and the z-axis denotes the error value.

6.2.1 LiDAR-camera extrinsic parameter errors
quantifying in the image domain

The error quantifying in the image domain is to measure the
distance between the ground truth and the projected point in
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1488 HU ET AL.

FIGURE 10 The impact of semantic segmentation error.

the image. According to Equations (29) and (30), the error in
pixel position, defined as the discrepancy between the point
location projected via our calibrated extrinsic parameters, can
be formulated as:

e =

√
(u − ue )

2
+ (v − ve )

2 (43)

The variables in the equation are the errors of the extrinsic
parameters, including �ff,�fi,�fl, Δi, Δ j , Δk. The pixel posi-
tion errors derived from the angle error �ff,�fi,�fl and the
translation error Δi, Δ j , Δk are evaluated, in which the intervals
of angle error and translation error are from −10◦ to 10◦ and
−10 to 10 cm, respectively. The unit of the error is one pixel.

All the resulting computations utilize the intrinsic matrix 𝐊
specified in Equation (41). Both (a) and (b) employ our transfor-
mation delineated in Equation (40). As shown in Figure 9, angle
error dramatically affects the result, as the maximum error is
about 300 pixels, especially the �ff, which is the first rotation
angle offset around z-axis. As for translation error, it has less
influence, as the maximum error is about 37 pixels.

6.2.2 Error quantifying for vectorised lane lines
in the 3D domain

In the theoretical analysis, the error reprojected point 𝐩′ caused
by segmentation and extrinsic parameters errors are obtained
from Equations (32) and (38), respectively. Therefore, the met-
ric can be the Euclidean distance between 𝐩′ and the ground
truth point 𝐩:

e = ‖𝐩 − 𝐩′‖2 (44)

In this evaluation, the ground truth point is on the right
front, and its coordinate is 𝐩 = [1, 3, −1.1] T , which means the
ground in the LiDAR frame is 1.1 m below the LiDAR, and the
constant g is 1.1 m.

FIGURE 11 The qualified rotation and translation error of the evaluated
point.

Semantic segmentation errors
Semantic segmentation error is affected by Δu, Δv. The impact
of semantic segmentation error is shown in Figure 10, which
indicates errors using our extrinsic parameters when pixel
location offsets fall between −30 pixels and 30 pixels.

In this situation, it can be inferred that the error in the hori-
zontal direction affects the accuracy less. However, a little error
in the vertical direction can cause a huge error.

LiDAR-camera extrinsic parameter errors
As for the error of the extrinsic parameters, it consists of
�ff,�fi,�fl, Δi, Δ j , Δk. To show the result, the rotation in
Figure 11a is changed from −10◦ to 10◦ for each Euler angle,
and the translation in Figure 11b is changed from −10 to 10
cm. Still, the error level is represented by different colours, and
colours close to yellow mean more error.

Figure 11a shows that changing the �ff angle to −10◦ and
the �fi angle to 10◦ can cause the most significant error. �ff
influences the projection in the vertical direction. In the con-
text of the function tan(𝛼), even a tiny change in the angle 𝛼
can cause a substantial change in the value of the function.
Because the point [1, 3, −1.1]T is on the right, changing the
�fi to 10◦ means swerving to the left. These can explain why
changing �ff to the increasing direction and �fi to the decreas-
ing direction in the ENU frame can cause the most significant
error.
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HU ET AL. 1489

TABLE 1 The MIOU of the point cloud semantic segmentation algorithms on semantic KITTI.

Methods PointNet PointNet++

SPLATNet (sparse

lattice network) RangeNet++ Ours

mIoU 14.6 20.1 22.8 52.2 23.3

Figure 11b shows how the translation error affects the result.
The error in the z-axis affects the result most. However, in con-
trast to the rotation error, translation error has less influence,
and the worst situation is only 0.4 m. It shows that the rotation
parameters are more significant to be finetuned and optimized.

6.3 Point cloud semantic segmentation
performance on semantic KITTI

To evaluate the robustness and accuracy of our pipeline, we con-
duct an indirect validation on Semantic KITTI [74]. However,
the official evaluation of Semantic KITTI requires classifying
all the points on their testing dataset, and our method is lim-
ited to the field-of-view (FOV) of the front camera, which
means our method can only process the front part of the point
cloud in one frame. Thus, we can only test our method on the
training dataset because it provides the ground truth. So, the
evaluation is based on two assumptions: (1) Our method per-
forms similarly inside and outside the FOV. (2) Our method
performs similarly on the training dataset and testing dataset of
Semantic KITTI. We compared our methods to PointNet [40],
PointNet++ [41], SPLATNet [75] and RangeNet53++ [46].
The results are shown in Table 1.

Our source code can be found in our repository. The deep
learning part of our pipeline is not trained on this dataset,
but the performance still exceeds PointNet, PointNet++ and
SPLATNet. RangeNet++ performs the best on the dataset,
but there is a possibility that their model might fail on different
datasets. The generalization of our method proves to be effec-
tive, and it will lead to a decrease in the HDVM construction
error.

6.4 Experimental results in the garage of
PolyU campus

To evaluate the performance of the proposed method, the
framework is first run to construct the HDSM and HDVM of
the garage in PolyU. The road is elliptical, about 40 m long, and
15 m wide under the ground. It is a typical indoor scenario, and
the GNSS system is unavailable. Only LiDAR and the camera
of the sensor kit are used. It will lead to a lack of LiDAR distor-
tion correction. Therefore, the sensor kit is put on a trolley and
is pushed to move slowly to avoid distortion. Due to a lack of
GNSS, LIO-SAM [76] was utilized to generate the localizations
and orientations, which ensures an average accuracy of 0.12 m.
The generated HDVM can be seen in Figure 8e.

In the garage scenario, the lane line is the main element to
be vectorised. Figure 12 visualizes our HDVM and the ground

FIGURE 12 The HDVM for the garage in PolyU. Std stands for the
standard deviation, while Val stands for the value.

truth. The white line is the manually annotated ground truth,
and the coloured line is the HDVM. Different colours represent
the error magnitudes of each point, which is changed from blue
to yellow with the error increment.

As a result, the mean error of this scenario is 0.156 m, and the
standard deviation (Std) is 0.159 m. The histogram in Figure 12b
shows that the error of 81.402% points is less than 0.217 m. In
statistics, the percentile 75% (Quartile 3, Q3) is usually chosen
to be concerned, but if we choose the less percentage, the error
value will be smaller. So, we choose the bound as 80%. Given
that 80% cannot be precisely labelled on the figure. There-
fore, we choose the nearest points, which is 81.402%. It can be
observed from Figure 12a that inaccurate parts mainly appear in
parts 1, 2, and 3. In parts 1 and 2, some features are mistaken
for lane lines, leading to relatively significant errors. As for part
3, the real lane line and the deprecated lane line beside it are all
segmented as lane lines, which makes the wrong cluster centre
and leads to the error.
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FIGURE 13 The HDVM around the science park. Std stands for the
standard deviation, while Val stands for the value.

6.5 Experimental results in science park

A real driving scenario was tested around the science park. In
this scenario, the lane line and pole are vectorised. SPAN-CPT
was used to get high-frequency and accurate localizations and
orientations under the open sky. The road for evaluation is
about 0.52 km. The construction wholly followed our proposed
pipeline. The generated HDVM can be seen in Figure 8f.

In Figure 13a, the white solid lines are the manually annotated
ground truth, and the coloured lines are the generated HDVM.
Also, each colour represents its error magnitude, which changes
from blue to red as the error increases.

In this scenario, the mean error is 0.332 m, and the Std is
0.594 m. The outliers shown in Figure 13a are the traffic signs
on the ground, which are classified as lane lines in Mapillary
Vistas but not annotated in our ground truth. In general, the
error of 80.986% of HDVM points is less than 0.367 m, as
shown in Figure 13b. The selection of 80.986% shares the same
explanation as the previous section.

6.6 Discussion

In the theoretical analysis in the last section, semantic seg-
mentation and rotation errors play essential roles in promising

accuracy. However, these two experiments show that the error
is mainly from the significant missing and incorrect parts caused
by semantic segmentation. The tiny error caused by small shift-
ing pixels from semantic segmentation and slight rotation or
translation from extrinsic parameters will not exert a signifi-
cant influence due to the clustering step. Only the central point
in the cluster will be used during this step. As a result, those
inaccurate points located on the cluster’s edge will be ignored.
Therefore, offline calibration of extrinsic parameters with minor
errors is acceptable. Meanwhile, valid semantic segmentation is
fundamental and directly influences the accuracy of the result.

7 CONCLUSIONS AND PROSPECTS

This paper proposes an automatic HDVM construction frame-
work using the camera, LiDAR, and GNSS/INS integrated
navigation system. The proposed method sets up a refined
pipeline for HDVM construction, considering internal and
external sensor errors at the front end of the process. Unlike the
previous work, our pipeline considers the ground and vertical
elements. On this basis, the recently developed Swin trans-
former is used in the pipeline to extract semantic information,
which can achieve better effects for semantic segmentation.
The pipeline combines the semantic information and depth
information to reconstruct the HDVM. The theoretical error is
quantified by formulating the error propagation scheme. From
the results of indoor and outdoor experiments, our pipeline can
achieve sub-meter accuracy. In short, the proposed method for
HDVM construction enables reliable and incremental HDVM
generation.

For future studies, we would think about more elements that
can be vectorised to aid localization and navigation. Besides, we
would further improve the accuracy of the HDVM from seman-
tic segmentation and extrinsic parameters calibration. Though
minor errors from extrinsic parameters would be mitigated by
clustering, it is still vital to HDSM. HDSM has enormous poten-
tial on the server side, especially in using crowdsourced data to
update the HD map because HDVM drops much information.
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