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Abstract: The development of smart vehicles has increased the demand for high-definition road
maps. However, traditional road maps for vehicle navigation systems are not sufficient to meet the
requirements of intelligent vehicle systems (e.g., autonomous driving). The present work comes up
with a method of generating high-definition map models based on the geographic information system
(GIS). A systematic map construction framework including the road layer, intersection connection
layer, and lane layer is proposed based on the GIS database. Specifically, the constrained Delaunay
triangular network method is applied to extract road layer network models, which are then used
as linear reference networks to construct lane-level road maps. To further examine the feasibility of
the proposed framework, a field experiment is then conducted to build a high-definition road map.
Furthermore, a lane-level map matching test is conducted in the constructed road map using the
trajectory data collected from a probe vehicle. The results show that the proposed method provides
an efficient way of extracting lane-level information from urban road networks and can be applied
for lane-level map matching with good performance.

Keywords: high-definition map model; GIS; constrained Delaunay triangulation; lane-level map matching

1. Introduction

In recent years, with the rapid development of smart driving technology, higher
requirements are placed on the environmental perception and positioning accuracy of
autonomous driving systems. Compared with road-level maps, high-definition maps
not only provide rich lane-level data [1] and reduce the complexity of sensing but also
help autonomous vehicles obtain accurate locations, with accuracy up to the decimeter
or even centimeter level [2,3]. Moreover, high-definition maps can provide global path
planning and navigation for smart vehicles based on stored information [4,5]. Therefore,
high-definition maps are considered one of the core technologies of the perception layer
and have developed into a key issue in the field of autonomous driving [6,7]. Although the
significance of high-definition has been fully addressed during these years, existing research
has not yet resulted in a method that can quickly and effectively build high-definition maps
on the ground, so there is a need to continue to explore high-definition map construction
methods and their applications in the field of intelligent transportation.

High-definition maps are pre-built digital models of the driving environment that
provide an accurate description of road edges, lane lines, and other geometric shapes.
According to the data sources, existing high-definition map construction technologies are
generally divided into three categories: trajectory-based data, point-cloud-based data,
and GIS-based data. The method based on trajectory data focuses on lane centerline
extraction [8,9], which mines lane information by analyzing the shape features and direc-
tional features of a large number of global positioning system (GPS) trajectories and fits
the lane lines utilizing spline curves and gyrus lines to achieve geometric modeling of
lanes [10-12]. However, the accuracy of the lane geometry constructed using the methodol-
ogy depends on the accuracy of the location of the detection vehicle, and the low-accuracy
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GPS trajectory is not sufficient to meet the requirements of high-definition maps. The
point-cloud-based data approach is the most common and straightforward method to
extract lane markings, based on the principle of 3D LiDAR combined with sensors such
as positioning systems for acquisition, relying on road edges, and road lane markings to
create environmental feature maps [13-15], or the point cloud data are transformed into
georeferenced element images by Hough transform [16], multi-scale threshold segmenta-
tion [17,18], and multi-scale tensor voting (MSTV) to extract lane image schematics. The
methodology can achieve higher accuracy; however, processing the entire LiDAR point can
be time-consuming and its application is still hampered by the price of the sensors. More-
over, such a method requires intensive manual verification and regular maintenance [19],
and building maps on a large scale is less efficient.

The GIS-based data approach uses road edge data obtained from GIS maps, and its
construction is based on a linear reference system [20-22]. Compared with the above
two methods, the construction of lane-level maps based on road boundary information
obtained from GIS maps provides a lower cost and more efficient solution for large-scale
high-definition map construction. Specifically, the road edge data provided by GIS maps
can be used to extract the road centerline [23,24], which could be taken as a linear reference
to generate lane lines [25]. Further steps can be taken to realize the construction of lane-level
networks and the expression of topological relationships of the road network. Such a map
construction method relies only on GIS maps without the additional acquisition of other
high-precision sensing information [26], and thus has great advantages in terms of the
map construction efficiency. In addition, the constructed map combined with the vehicle
location information obtained by the global navigation satellite system (GNSS) and inertial
measurement unit (IMU) could further realize lane-level map matching [19,27,28], so as to
provide support for more refined lane-level traffic management and control, for instance,
lane-level path navigation for smart vehicles. Despite the above-mentioned advantages,
few studies have fully explored a systematic way of constructing high-definition road maps
based on the GIS database.

Considering the urgent need of high-definition map construction for smart trans-
portation applications and the importance of achieving high-efficiency in constructing
high-definition maps for a large scale, the main objective of the present work is to explore
effective methods of building high-definition maps based on the GIS and further prove its
feasibility in supporting smart transportation applications. The major contributions of the
present work can be summarized as follows:

e This study proposes a systematic framework and effective method for construct-
ing high-definition maps using road edge data obtained from GIS maps. Through
extracting the road centerline and the lane line and detailed expression of the topo-
logical relationship between nodes and lanes, a lane-level road network can be built.
The proposed framework provides a low-cost and high-efficiency method for build-
ing lane-level road maps to support various smart city applications and refined
traffic management.

o To further examine the feasibility of the constructed maps, a lane-level trajectory
matching test is then conducted by taking the urban area of Pingshan District in
Shenzhen, China as an example. The constructed lane-level maps based on the GIS
could provide strong support for smart vehicle applications and lane-level traffic
information management.

The rest of the paper is organized as follows: in Section 2, we first introduce the
architecture of our proposed map model and then explain the relationship between road-
level and lane-level maps. Section 3 introduces the algorithm of road centerline extraction
and lane-level network construction. Next, we construct a lane-level road network model in
Pingshan district in Shenzhen, China, and conduct lane trajectory matching tests based on
the constructed real lane-level digital map, and evaluate the matching results in Section 4.
Finally, we provide conclusions and directions for further research in Section 5.
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2. System Framework for GIS-Based Map Construction

High-definition maps for smart vehicles should provide data support for driving
environment data models for smart vehicle applications, and their lane-level road networks
should contain detailed geometric and topological information of lane-level roads and
intersections [29,30]. In order to design the lane-level road network model more efficiently,
this paper integrates the real environment of smart vehicle driving and divides the map to
be constructed into a road layer, lane layer, and intersection connection layer, as shown in
Figure 1. The intersection connection layer clearly describes the topological relationship
between the road layer and the lane layer.
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Figure 1. Architecture of the map construction model.

2.1. Road Layer

The road layer describes the topological relationship among roadway segments and
intersections. A road section line between two adjacent intersections is defined as a road
segment, which describes a one-way or two-way connection between two adjacent intersec-
tions. Thus, the model of the road layer can be represented as Equation (1):

Ry = {Prr S, Er} (1)

where R, is the road layer network, P, is all the intersection nodes in the network, S; is the
centerline of all the road segments on the road, and E; is the road edge line. Road edge
data describes the road width along with the road segment.

A road segment is composed of one or more lanes. For each segment s, in the segment
set S, is identified by its ID and can be expressed as Equation (2):

Sy = (Sl,Py, Qr) (2)

where §; is the set of lane centerlines contained in the road segment, P, is defined as the
road-level intersection node, and Q; is the attributes of the road segment, including the
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road segment ID, the name of the road where the road segment is located, the road width,
the length of each road segment, the number of lanes, and the direction of the road segment.

2.2. Lane Layer

The lane layer model is the set of lane segments and intersections and can be expressed
as Equation (3):
W= {PIISI/EI} 3)

where W; is the lane-level road network, P; denotes lane-level intersection nodes, S; denotes
the centerline of all lanes on the road segment, and E; denotes lane edge lines.

In the lane centerline set 5, each lane centerline s; is identified by its ID, which can be
expressed as Equation (4):

s = (P, Q1) )

where P; indicates the node of a lane at the intersection, Q) is the attributes of the lane
centerline, including the lane centerline ID, the name of the road where the lane is on, the
width, the length, the direction, and the left and right lane edge types.

The description of the lane edges in the lane layer is to better position the smart vehicle
in the lane with width. In the lane edge collection Ej, a single lane edge ¢; can be expressed
as Equation (5):

e = (Lright/ Lleftr Ql) ®)

where Ly, Liost are defined the right lane and left lane adjacent to the lane boundary,
respectively, and Q) is the attributes of the lane edge, including the name of the road where
the lane is located and the lane edge type.

2.3. Intersection Connection Layer

The intersection connection layer can be regarded as a connection layer between road-
level information and lane-level information, which matches the lane-level information
with the traditional road-level model. This layer includes road-level intersections and
lane-level intersections.

A single intersection c, on a road can be expressed as Equation (6):

cr = (Pri, Tr) (6)

where P, ; is defined as the road segment node on the intersection, and T, denotes the
topological relationship of different road nodes at the same intersection, which describes
the connection between two roads, including two-way connections, one-way connections,
and no connection.

A single intersection c; at the lane level can be expressed as Equation (7):

a= (P, T) 7)

where P, ; is the set of lane nodes at the intersection, and T; denotes the topological relation-
ship of different lane nodes at the same intersection. The lane-level topology relationship is
represented according to the traffic rules at the intersection, including straight ahead, left
turn, and right turn as well as unconnected lanes, as shown in Figure 2.
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Figure 2. Lane-level topology relationship.
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The topological relationship between different lanes for the same road segment can be
defined by using the inclusion relationship, as in Equation (8).

Pr= (P -, P) (8)

where P, is a single road segment node, the lane segment nodes P, ; contained in that road
segment node P;.

3. Map Construction Method

While constructing a lane-level map based on the GIS map, a key step is to extract
the road centerlines. In detail, we adopt the constrained Delaunay triangulation method
to achieve the extraction of the road centerline [23]. Then, based on the extracted road
centerlines, each lane line is further determined through the linear reference method
considering the standard lane width. This section gives a description of these two steps.

3.1. Road Centerline Extraction

The core of extracting the road centerline is to detect the proximity relationship be-
tween boundaries. Delaunay triangulation as a method to construct the topological relation-
ship of the data set that describes the interrelationship between data objects distinctly [31].
The road centerline extraction process based on Delaunay triangulation consists of three
steps. First, the constrained Delaunay triangulation is constructed using densified road
edge line points and road edge lines. Then, the road segments and intersection domains
are extracted based on the constructed triangle network. Finally, the centerlines of the road
segments and the intersection domains are then extracted.

3.1.1. Constructing Constrained Delaunay Triangulation

Compared with the traditional Delaunay triangulation, the construction of the con-
strained Delaunay triangulation required mandatory constraints on the polygon using the
road edge nodes and line segments as constraints so that the road boundary becomes an
edge in the triangle construction process [32]. For road areas, original points are often
used to describe important morphological features of areas, such as inflection points and
intersection points, and the number of these points is usually small. The construction of
triangulation directly with constraints may generate some narrow and elongated trian-
gles that do not correctly represent the proximity between polygons [33,34]. Hence, the
densification of road points is required, as shown in Figure 3a.
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Figure 3. Illustration of the steps to construct a constrained Delaunay triangle. (a) Points densification;
(b) Constructing Delaunay triangulation; (c) Determination of road triangles; (d) Constructing CDT.

In general, the densification step is related to lane width, which can be set to 3-3.75 m.
Considering the smoothness of the following road centerline connection, the road point
densification step is set to 3 m in our experiment. The Delaunay triangulation is to be
constructed using the point-by-point insertion method, and the schematic diagram of
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the construction is shown in Figure 3b. The basic idea of this method is to first find the
minimum convex hull boundary containing the data region, then build the initial triangular
network in it, and finally insert all the remaining points into the triangular network one by
one [35] to ensure that it retains the Delaunay triangulation.

The triangulation constitutes a dissected structure in planar space, treating its basic
unit as a single triangle. In order to identify the triangle within the road, the inclusion
relationship between the center of gravity P of the triangle and the road area is taken as
the judgment basis. In detail, if the gravity center of a triangle is located within the road,
then the triangle is considered as a road triangle and needs to be retained. Otherwise, the
triangle is not taken as a road triangle and needs to be removed. As shown in Figure 3c,
when the center of gravity P; is located within the road, then the blue triangle is a road
triangle. In contrast, when the center of gravity P, is not located within the road, then the
gray triangle does not belong to the road triangle.

Then, all the road triangles are kept as the basis for road centerline extraction. The
center of gravity of the triangle, which is calculated according to Equation (9), determines
the inclusion relationship between itself and the road.

xp = (x1+x2+x3)/3

yp= 1 +y2+y3)/3 ©)

where x1, X2, x3 are the horizontal coordinates of the three vertices of the triangle to be
judged, y1, Y2, y3 are the vertical coordinates of the three vertices of the triangle to be judged,
xp is the value of the horizontal coordinate of the center of gravity P of the triangle, and y,
is the value of the vertical coordinate of the center of gravity P of the triangle.

The result of triangle extraction is shown in Figure 3d.

3.1.2. Road Division

In order to distinguish between road segment areas and intersection areas, it is nec-
essary to classify road triangles. Road triangles can be classified into three types by the
number of their neighboring triangles: if the triangle has only one neighboring triangle,
it belongs to Type I, as shown in Figure 4a, which means this triangle is mainly located
at the end of a road; if the triangle has two neighboring triangles, it belongs to Type II, as
shown in Figure 4b, which means it is mainly located within a road segment; while if the
triangle has three neighboring triangles, it belongs to Type IlI, as shown in Figure 4c, which
means that it is located at the intersection. Based on such rules, the classification of the
triangle types can initially be used to distinguish between road segment triangles and road
intersection triangles.

(a) (b) (©
Figure 4. Triangle-type division. (a) Type I; (b) Type II; (c) Type IIL

To further delineate the intersection area, a circle with the road width as the radius is
determined using the gravity center of the intersection triangle as the center of the circle.
The intersection of the circle and the road edge is used as the road intersection boundary
point (as shown in Figure 5a, the points P;, P», Ps, P4y, P5, Ps). These road intersection
boundary points are connected in turn to determine the scope of the intersection.
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Figure 5. Determination of the intersection area schematic. (a) Intersection boundary points; (b)
Intersection scope.

3.1.3. Road Centerline Generation

The road centerline is composed of the road triangle centerlines. For type I triangles,
the midpoint of one neighboring side and the midpoint of the longer side of the other two
sides are calculated (e.g., P1 and P; in Figure 6a). The two points are then connected to
form the triangle centerline. For type II triangles, the midpoints of two neighboring sides
are identified (e.g., P3 and P, in Figure 6b). Then, P3 and P, are connected to form the
triangle centerline. For type III triangles, the gravity center of the triangle is first calculated
(as Pg in Figure 5b), and the midpoint values of the three common sides are extracted (as
Ps, P7, and Pg in Figure 6b), and then, the center of gravity is connected to the other three
points to form the centerline.

By
P2 P3 P4 Qﬁ
P7 P8 H/\H/\H,/\H 1
ARAVAIATA

(a)

(b) (c) (d)

Figure 6. Centerline construction in different types of triangles. (a) Type I; (b) Type II; (c) Type III;
(d) Centerline construction.

The algorithm starts by traversing the adjacent triangles from any one of them and
determines the next triangle to be visited based on the common edges. If the next triangle
is a type II triangle, the midpoints of the two common edges are extracted and connected.
If the next triangle is a type III triangle, extract the center of gravity and the midpoint of
three sides of that triangle. When all the type I triangles have been searched once as the
start or terminal points, and all the type III triangles have been searched three times as the
start or terminal points, the network diagram construction is completed.

3.2. Lane-Level Network Construction

The lane-level road network is established based on the road-level network. The
constructed road centerline is used as the linear reference network for generating the lane-
level network. Based on the reference network, the geographic locations of lane-level data
are generated and stored using a linear reference approach for the construction of lane-level
road networks.

For data storage in GIS, the road data where each lane is located, the measured value
of the lane start points and terminal points on the road, and the offset distance of the lane
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relative to the road will be recorded. The measured value indicates the distance from the
start point of the reference line to a certain point along the direction of the reference line (as
the distance from Ps to P in Figure 7), and the offset distance indicates the vertical distance
from a certain point to the reference line, as shown in Figure 7 (the distance from P to Py).
For a four-lane road with two directions, the right lane of the road centerline travels in the
same direction as the road centerline, with a positive offset distance relative to the road
centerline (as the o in Figure 7), while the left lane travels in the opposite direction, with
a negative offset distance (as the -o in Figure 7). The specific calculation is expressed in
Equation (10).

P, (m;, o;) & P, (m,, o)

p,(m,, 0,) Py (my, 0y)

reference line
Pg(mg, 05) o — [ < Pg(mg, og) }
-0

offset distance l 0

»

measured value

p.(m.. o,) pg(my, 0y)

P, (m,, 03) ¢ e P, (my 0y)

Figure 7. Diagram of lane line extraction.

Here, the four points on the road edge (as P;, P>, P3, P4 in Figure 7) and the two points
on the reference line (as P5, P; in Figure 7) are called shape feature points. Each shape
feature point has a corresponding reference value (1, 0) in the linear reference system based
on the road centerlines. According to the shape feature points of the road, the start point
and the terminal point of each lane (shown as p,, pp, pe, ps in Figure 7) can be identified.

m; = £ (mgy +myp)/2

0; = £(0x1 +0x2) /2 10)

where m; is the measured value of the lane start point and terminal point p;, 0; is the offset
distance of lane start points and terminal point p;, my;, my, is the measured value of two
adjacent shape points (e.g., P;, P5 in Figure 7) along the vertical direction of the reference
line, and o0yq, 0y is the offset distance of two adjacent shape points (e.g., P;, Ps in Figure 7)
along the vertical direction of the reference line. Usually, the offset value of the reference
line is set to 0.

4. Experiment and Application: Lane-Level Trajectory Matching
4.1. Construction of a Lane-Level Road Network in Shenzhen

In order to evaluate the extraction results of the road network, we used part of the
urban road network in Pingshan district in Shenzhen, China as an example. According
to layer models of the high-definition map designed in Section 2 (shown in Figure 1), the
road domain is divided and the centerline is extracted based on the constrained Delaunay
triangular network method. The processing results are overlaid with the image map, as
shown in Figure 8.

With the model framework and the methods introduced in previous sections, a lane-
level network map is constructed, covering a domain of around 25 km?. As can be seen in
Figure 9, the lane-level road network constructed in the present works matches well with
the lanes shown in the image map.

4.2. Lane-Level Trajectory Matching

To further examine the feasibility of the constructed map in the applications of intel-
ligent transportation services, a lane-level trajectory matching test is then conducted on
the network. With the map sample constructed in the present work, a driving trajectory
matching test was conducted. In the test, vehicle trajectory data and lateral driving be-
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havior information are collected. Combined with the constructed high-definition map, the
lane-level trajectory of the probe vehicle on the map is identified. Specifically, a u-blox F9
GNSS receiver and a front camera were adopted to receive IMU data and coordinate data
and wheel speed information from the probe vehicle. Meanwhile, the lane-level trajectory
of the probe vehicle was deduced using the detection results of lane-changing behavior via
the smart vehicle driving process, which provides the platform for high-definition traffic
monitoring, lane-level traffic control, and lane-level path planning of smart vehicles.

Road centerlines

N

Y(m) pes
2518

Intersection

2517

2516

2515

A
2514

roadway segments
intersections
~ road centerlines

2513

2512

538,000 539,000 540,000 541,000 542,000 X(m)

N i

s N

Legend

o 035 015 15km
[

Figure 9. A lane-level road network in Pingshan, Shenzhen.

Lane-level trajectory matching consists of trajectory matching of road segments and
road intersections. Specifically, trajectory matching in the road segment domain involves
lane change trajectory smoothing with third-order Bezier curves and lane-keeping trajectory
matching with orthogonal projections, and trajectory matching in the intersection domain
includes turning trajectory matching with a lane-level topological map matching algo-
rithm. The process of map matching and the specific experimental results are described in
detail next.

4.2.1. Trajectory Matching in Road Segment Domains

Assuming that the starting lane of the collected trajectory is known, the trajectory
points are searched according to the trajectory point time collection order. When a smart
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vehicle is driving along a road segment, if a lane change behavior is detected, towards
which direction this lane change behavior occurs should be determined. While driving
along a road segment, the vehicle’s trajectory is composed of lane change trajectory and
lane keep trajectory. Figure 10 describes vehicle trajectory characteristics under the left lane
change condition and the right lane change condition.

(@) 7
Left-lane change

T T T
1 1 i
&= Lane keep —>} <— Lane change —— } +«— Lane keep — :
| I I |

(b) —
Right-lane change

Figure 10. The direction of a lane change.

In the present work, Bezier curves are used for the vehicle lane change trajectory
model. The Bessel curve is used to smooth the trajectory connecting the start and end of the
trajectory, which can represent a clear and simple relationship between the input control
points and the generated curve, ensuring the smoothness, continuity, and controllability
of the generated curve [36,37]. Considering that higher-order curves have higher compu-
tational costs, this paper adopts third-order Bezier curves to make the path curves more
flexible and easier to realize the matching of the change of path trajectories.

Based on the lane change trajectory markers provided by the smart vehicle, two
trajectory start points and two endpoints are selected as the control points of the trajectory
change model in the trajectory change. The coordinates of each point on the third-order
Bezier reference curve can be obtained using the following Equation (11):

B(t) = Py(1 — ) + 3Pit(1 — £)* + 3Po (1 — t) 4 P32 (11)

where B(t) denotes the lane change path, t denotes the time taken from Py to P53, and Py, Py,
P, and P; denote the four required control points.
The control point P; can be expressed as Equation (12):

P = (xi, yi) (12)

where x;, y; denote the horizontal and vertical coordinates of control point P,.

As shown in Figure 11, the shape of the cubic Bessel curve is controlled by the four
points Py, P;, P, and Ps. The curve starts from Py, moves towards P; and reaches P; from
the direction of P,. The ends of the curve are determined by the start position Py and the
end position P; of the vehicle lane change behavior. Control point P; and control point
P, provide directional information and change the shape of the curve. The best matching
result is achieved by setting the distance between Py and P;, P> and P; to set the channel
change trajectory.

For lane-keeping trajectory points on the road segment, the lanes that the trajectory
points should be in are judged according to the start point of the vehicle and whether the
lane-changing behavior occurs, and the trajectory points are matched to the centerline of
the corresponding lane by orthogonal projection.
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Figure 11. Third-order Bezier curve channel change model.

4.2.2. Trajectory Matching in the Intersection Domain

Intersection domain map matching is performed with a topological map matching
algorithm (TMM). Our map data include lane-level topological relationships and construct
a topological relationship graph with intersection nodes and directional edges to capture
trajectories to the most appropriate edges using an if-then decision rule approach [38]. The
algorithm defines a search area with a fixed radius around the estimated vehicle position.
For the experiments, the search radius is set to 4 m. If the distance from a trajectory point
to the centerline of a lane is larger than this threshold, this point will not be matched to
this lane.

The basic idea of the algorithm is that the trajectory determines the lane node into
the intersection, and based on this node, determines the possible path of the vehicle’s lane
into the next lane. According to the lateral driving behavior of the intelligent vehicle at the
intersection, the lane matched with the trajectory on next road section can be determined
based on the topological relationship between each lane. As shown in Figure 12, if a vehicle
arrives at an intersection through lane A, then the next lane it can access is predicted based
on the lane nodes connected to lane A at that intersection (determined by the topological
relationship between each lane at the intersection), which is shown as lane B and lane
C. That is, if the vehicle goes straight at lane A, its trajectory at next road section will be
matched to lane B. While if it turns left at lane A, then its trajectory at next road section will
be matched to lane C. Similarly, if the vehicle reaches lane D, then next lane is probably
Lane E or Lane F according to the topological relationship. At the intersection area, the
next lane matched with the vehicle trajectory is analyzed based on the smart vehicle’s
driving behavior of going straight or turning. The trajectory points are matched to the
corresponding directional edges in the topology diagram through orthogonal projection.

o @ Lane node
Lane edge line

---» Lane centerline

= Intersection

—— Topological connection direction

(a) (b)

Figure 12. Lane-level topological relationship at an intersection. (a) Topological relationship of lane
A; (b) Topological relationship of lane D.

4.2.3. Trajectory Matching Test

In this experiment, the smart On-board Unit (OBU) device is mounted on the probe
vehicle. The OBU is used as the data acquisition unit in the experiment, and its built-
in ZED-FIK high-precision positioning module is capable of providing decimeter-level
accuracy positioning data, as shown in Figure 13b. Moreover, the speed, acceleration,
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latitude and longitude, and wheel speed as well as other data obtained by using the IMU
heading prediction module integrated into the device can provide crucial information for
monitoring driving behavior such as lane changing behavior.

r ™

Figure 13. Experimental platform. (a) Installation of the equipment; (b) Detailed components of OBU.

The device, shown in Figure 13a, was installed in the front windshield of the vehicle
(a), while a camera recording was used during the test to probe the actual driving condition
of the vehicle and provide a base for the subsequent trajectory verification. Based on the
map constructed in the previous step, the test was run over the range of the constructed
lane-level road network. The experimental test range is about 9 km long, covering part of
the roads in Pingshan District, Shenzhen. The lane-level map covered during data collection
is shown in Figure 14a, and a total of 14,928 trajectory points were acquired.

Turning right

Legend

Original trajectory
© Matched trajectory
- - - Lanc edge line

Road centerline

\ Intersection
Road edge line
Legend
- Original trajectory 0 1 » om
- -~ Laneedge line
Road centerline
Intersection
@ . (b)
0 oas o 15km Lane change
P S

Figure 14. Trajectory matching results. (a) The tested road sections; (b) Lane-level map matching results.

The trajectory coordinates are matched to the constructed lane-level network by the
algorithm in Section 3. A sample map matching result for trajectory 2 is shown in Figure 14b.

In order to verify the effectiveness of the proposed method, the accuracy of the
trajectory matching results is estimated by calculating the proportion of correctly matched
trajectory points. Specifically, the trajectory matching accuracy rate R can be calculated
through Equation (13).
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R LG
LA
where C; is the total number of correctly matched trajectory points for trajectory i and A;
represents all trajectory points covered in trajectory i.
In our test, we have collected vehicle trajectory two times and the estimated trajectory
matching accuracy are shown in Table 1.

(13)

Table 1. Trajectory matching accuracy.

Trajectory Distance Trajectory Points Matching Accuracy
1 4.7 km 9284 97.59%
2 4.3 km 5644 96.98%
Overall 9 km 14,928 97.34%

5. Conclusions

The present work proposes a high-definition map construction method based on the
GIS. A map construction framework including the road layer, intersection layer, and lane
layer is proposed. By making use of the road edge data provided by the GIS map, the
constrained Delaunay triangulation method is adopted to extract the road centerline and to
further recognize the intersection to build the road layer network. Then, the geographic
locations of lane-level data are generated on the basis of a road-level network using a
linear reference approach to build the lane-level network. Taking Pingshan district in
Shenzhen, China as an example, a sample lane-level map covering a total area of 25 km? is
constructed. The detailed topology between each link and each lane is well explained in
the constructed map. With this high-definition map, a lane-level trajectory matching test is
further conducted to examine the feasibility of the proposed system. With the collected
IMU data, GPS data, and probe vehicle lateral driving behavior, the trajectory of the vehicle
is projected to the lane-level map using appropriate trajectory matching methods. The
results showed that, with the help of the high-definition map, lane-level trajectory matching
reaches an accuracy of over 96%. The outcomes of the present work provide a fast way of
constructing lane-level road maps that could further support trajectory planning of smart
vehicles and help in refining traffic management and control in smart cities. Considering
the potential accuracy defects of the proposed system, further work will concentrate on
validating the GIS-based map with vehicle trajectory data or other high-precision methods.
Another potential direction could be the detailed expression of road networks with more
complicated scenarios such as networks with roundabouts.
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