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ABSTRACT Ahigh-definition (HD)map is becoming an integral component of futuremobility systems such
as autonomous and connected vehicles. Advances in computing systems, LiDAR technologies, and vehicle
communication technologies have enabled the HD map to directly treat a point cloud map (PCM), modeling
road environments as LiDAR signal-level data. However, if actual road environments are changed, the PCM,
modeling the environments before changes, can not be used for vehicle applications. Accordingly, the PCM
has to stay up-to-date states by reflecting the environment changes continuously. This paper presents a
crowd-sourcing framework to update the PCM from environment changes continuously using LiDAR and
vehicle communication. Multiple intelligent vehicles installed with the LiDAR sensors download the PCM
from a map server via wireless vehicle communication. To minimize the effects of environment changes,
a robust localization based on a hierarchical Simultaneous Localization and Mapping (SLAM) estimates
the pose (position and direction). The estimated pose is used to detect the differences between the PCM
and environments, which are defined as map changes. The map changes are detected by the probabilistic
and evidential theory considering the LiDAR characteristics, such as beam divergence and multi-echo. The
detected map changes are uploaded to the map cloud server and merged into the PCM. The proposed crowd-
sourcing framework to keep the PCM up-to-date is verified and evaluated via simulations and experiments
in sites with road environment changes.

INDEX TERMS High-definition (HD) map, point cloud, crowd-sourcing, light detection and ranging
(LiDAR), localization.

I. INTRODUCTION
AHigh-definition (HD)map is an essential component for the
era of autonomous cars with more accurate and detailed data
(10-20 cm accuracy) than current navigation maps [1]. The
HD map is used for the key functions of autonomous cars,

The associate editor coordinating the review of this manuscript and

approving it for publication was Shaohua Wan .

such as localization [2]–[5], perception [6], decision [7], and
control. A lot of map companies (such as HERE [8], TomTom
[9], and CARMERA [10]) are currently starting to provide
the HD map service to keep pace with the innovation of
autonomous cars. The HDmap can be divided into two types:
a landmark-level HD map and a signal-level HD map based
on LiDAR. The landmark-level HD map includes readable
landmarks such as road geometry [11], road surface marking
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[12], [13], and traffic signs [14]. On the other hand, the signal-
level HDmap based on LiDAR includes signal-level raw data
such as point cloudmap (PCM) [15]–[18] and occupancy grid
map [19]–[22].

Among various map types of the HD map, the PCM,
which is defined as a collection of 3d points reflected against
environments, is widely used as a base map due to some
advantages. First, the PCDmap can be straightforwardly con-
structed by accumulating point clouds measured by LiDAR
sensors. The PCM provides precise geometric shape infor-
mation due to precise 3d point clouds measured by LiDAR
sensors. Next, the PCM with the intensity can be easily con-
verted to other map information such as road geometry, road
surface marking, and traffic signs. The benefits of the PCM
enables intelligent vehicles to localize precise poses (position
and direction) by matching with the measured points [23],
[24] and to plan the trajectory without any collisions [25].

However, there are common problems with the HD map
including the PCM when actual road conditions are changed
due to unexpected road construction and accidents. Since
the map was built in advance by a special mapping vehi-
cle installed with a mobile mapping system (MMS) with
the LiDARs and a high-performance positioning system,
the map, modeling the previous environments, is different
from the present environments with the environment changes.
The differences disturb the usage of the map for autonomous
driving applications. Accordingly, the map has to stay up-to-
date states by updating the differences caused by environment
changes.

Previous studies used the mapping vehicle to update the
environment changes to the map. However, the MMS-based
map update process causes two problems. First, the tasks
that the vehicles with MMS are continuously re-driven on
all roads to acquire environment changes occur high main-
tenance costs such as the hiring of drivers and the running
of MMS systems. Secondly, map update latency occurs until
performing the map update process because it takes too much
time for a few mapping vehicles with MMS to be driven on
all roads.

To solve the previous problems such as costs and
latency, methodologies based on crowd-sourced measure-
ments, which are measured by affordable sensors installed in
intelligent vehicles, are widely researched [26]–[30]. After
the differences between the map and the environments can
be detected through all measurement data uploaded from
the intelligent vehicles to a map cloud server (managed by
map maintainer), the detected differences update the existing
map information in the map cloud server. The updated map
in the map cloud server can be downloaded to the intelli-
gent vehicles contributing to the map update framework and
used for autonomous driving applications. The vehicles and
maps are complementary in updating the map and helping
the driving, respectively. Unfortunately, the crowd-sourced
framework has mainly been researched for map update of the
landmark-level HDmap because relatively affordable camera
sensors can measure the landmarks and data is small enough

to transmit data by wireless network communications. In con-
trast, LiDAR measurements to update the PCM were not
suitable as the crowd-sourced data because the point clouds
were measured by too high prices of LiDAR sensors and
were too bigger to transmit the data by wireless network
communications than landmark measurements.

However, the recent trends for applying LiDAR sen-
sors to mass-production and the advance of the wireless
network communications draw out the potentials of the
crowd-sourcing framework using LiDAR sensors. This paper
presents a crowd-sourcing framework to update the PCM
based on crowd-sourcing of multiple vehicles installed with
LiDAR sensors. The crowd-sourcing cars download the PCM
from the map cloud server via wireless network commu-
nications. The PCM is used to estimate the vehicle pose
at the centimeter-level through the robust localization algo-
rithm. Based on the estimated pose, the differences between
the downloaded PCM and environments, which are defined
as map changes, can be detected with consideration of the
laser characteristics of LiDAR sensors (multi-echo and beam-
divergence). The detected map changes are uploaded to the
map cloud server and merged into the PCM based on an
evidential approach. Similar to the crowd-sourcing landmark-
map update system, the vehicles and the PCM have com-
plementary relationships. The contributions of the proposed
system are the following:

1) The crowd-sourcing algorithm applies both probabilis-
tic and evidential theories to detect the map changes in
the PCM, considering the LiDARmeasuring character-
istics (such as beam divergence and multi-echo).

2) A robust localization algorithm based on a hierarchi-
cal simultaneous localization and mapping (SLAM)
approach estimates the crowd-sourcing vehicles’ accu-
rate pose in the partially changing environments.

3) Map changes detected by crowd-sourcing vehicles are
merged back to the PCM through the proposed eviden-
tial approach.

This paper is organized as follows. Section II presents
previous works related with the paper. Section III describes
the overall architecture of the crowd-sourcing framework to
update the PCM. Section IV presents the robust localization
algorithm based on the hierarchical SLAM. The map change
detection algorithm considering the LiDAR characteristic is
presented in Section V. Section VI describes the evidential
merging method of the detected map changes. Section VII
and VIII show results from simulations and experiments to
verify the proposed system, and the final section describes
our conclusions.

II. RELATED WORKS
The HDmap used for autonomous driving is classified as two
map types: landmark-level and signal-level. The landmark-
level map includes readable landmarks detected by the drivers
such as road geometry, road surface marking, traffic signs,
and traffic lights. Since the landmarks can be represented
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as lightweight simple geometric models like points, poly-
lines, polygons, and circles, map update based on crowd-
sourced measurements have been widely researched. Kim
et al. [31], [32] researched adding of new feature maps in
the HD map based on crowd-sourced measurements; as a
result, streetlights and traffic signs were added into the HD
map as new features. Jo et al. [33] managed the traffic signs
in the HD map by surveying whether traffic signs in the
HD map were deleted or the new traffic signs were added
based on the evidential approach. Pannen et al. [34] kept
lane markings in the HD map up-to-date using the three
pipelines (change detection, job creator, and map update).
As well as academic fields, various companies (Daimler [35],
NVIDIA [36], Bosch [37], TomTom [38], and HERE [39])
and consortia (SENSORIS and KoHAF) have researched the
map update frameworks to keep the HDmap up-to-date based
on crowd-sourced data.

The signal-level map based on LiDAR measurements
includes PCM [15]–[18] and occupancy grid map [19]–
[22]. The signal-level map has been researched mainly
related to the map change detection and update based
on a standalone machine due to the high cost of the
LiDAR and big data size of measurements. The changes of
the PCM, modeling the environments by collecting points
reflected from LiDAR, is detected by thresholding dis-
tances between the LiDAR points and the map points [40],
[41]. In other approaches, the changes of the PCM can
be evaluated and detected by using a ray-casting method
based on the LiDAR laser beam [42]–[45]. Especially,
an evidence theory is applied to relieve noises of the
change detection from the ray-castings of the measurements
[44], [45]. The detected changes can be updated into the
existing map.

The occupancy grid map is one of the signal-level maps,
which is composed of lots of occupancy grids splitting the
World. The cell state of the occupancy grid map can be
updated stochastically based on LiDAR ray casting [46]. The
cells passed by the rays can be inferred to the free cells and
the cells blocked by the LiDARmeasurements can be inferred
to the occupied cells. Especially, the Krajnik et al. provided
the framework to update the occupancy grid map frequently
[47], [48]. Unfortunately, since the cell state of the occupancy
grid map is managed by the probabilistic theory, the map
can not distinguish the difference between unknown cells (no
measurements) and conflict cells (different measurements).
To distinguish the difference, the evidence theory is applied
to the occupancy grid map [49], [50].

On the other hand, crowd-sourced update systems for the
signal-level map have been partially researched. For the occu-
pancy grid map, the probabilistic theory-based map update
system [51]–[53] and the evidence theory-based map update
system [54] were researched. However, the previous studies
for the map change detection and updating did not con-
sider the entire crowd-sourcing framework and the system
constraints such as uncertainty of localization and LiDAR’s
characteristics (multi-echo and beam-divergence).

FIGURE 1. System architecture of the crowd-sourced PCM updating
system.

III. SYSTEM ARCHITECTURE
Figure 1 shows the architecture of the proposed crowd-
sourced PCM updating system. The system is divided into
two parts: a cloud (server) for the map management and
vehicles (clients) for the map change detection. The process
of the crowd-sourced PCM update consists of five steps:
1) download, 2) robust localization, 3) change detection, 4)
upload, and 5) merge.

1) Download: the high definition (HD) map is composed
of several layers, such as the road topology layer, geometry
layer, lane layer, and traffic sign layer, depending on what is
included. The PCM layer is one of the layers in the HD map,
which stores the point cloud information reflected against the
road environments. The PCM consists of several tiles that
divide the space into several areas. The vehicle can download
the tiles that correspond to the region where the vehicle
is currently located. The proposed algorithm is subject to
quadtree tiling to provide a common tile structure that can
be used around the world [54].

2) Robust localization: to recognize the environment
changes through LiDAR, the vehicle’s pose (position and
orientation) on the PCM must be known. The vehicle pose
can be estimated through a localization algorithm based on
a geometric relationship between the real-time LiDAR point
cloud and the PCM. The geometric relationship of two-point
clouds can be obtained from registration techniques such as
iterative closest points (ICP) and normal distribution trans-
form (NDT). However, if partial environments are changed,
it affects the localization’s performance based on the point
cloud registration due to the incorrect registration. Therefore,
the proposed system needs a robust localization that can
robustly estimate the position, even if there are partial envi-
ronment changes. This paper proposes a robust localization
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algorithm for robust pose estimation based on hierarchical
SLAM and NDT matching.

3) Change detection: Based on the estimated pose from
the robust localization, the LiDAR measurement is used to
find map changes which mean the difference between the
environments and the downloaded PCM. This paper proposes
a change detection algorithm for recognizing map changes
using the probability theory and the evidence theory based
on the laser characteristics of LiDAR.

4) Upload: map changes detected in several cars are
uploaded to the map cloud server. Since map changes
includes only the changed point cloud part in the PCM (new
and deleted points), data can be transmitted efficiently.

5)Merge:map changes detected in several cars are merged
back to the PCM layer of the HD map based on the evi-
dence theory. The merged PCM, which reflects environment
changes, can be downloaded by other cars. If the cars revisit
the environments with the previous map, the up-to-date map
can be restored by downloading the PCM change parts only.

To implement the proposed crowd-sourced PCM updating
system, the PCM layer of the HD map must be constructed
in advance through a precise MMS with the LiDARs and
a high-performance positioning system. Accurate positions
of PCM’s points in the geodetic coordinate systems cannot
be obtained using sensors on the crowd-sourcing vehicles,
such as low-cost GNSS data, on-board motion sensors, and
LiDAR. Next, it is essential for the LiDAR points from the
dynamic objects, such as moving vehicles and pedestrians,
to be filtered out before localization and map change detec-
tion. In order to remove the dynamic points, the motion seg-
mentation of LiDARpoint algorithm is applied [55]. Based on
preliminaries, the remaining of the paper will focus on steps
2, 3, and 5.

IV. ROBUST LOCALIZATION IN MAP CHANGING
ENVIRONMENT
To detect the environment changes through LiDAR, we have
to know the exact pose of LiDAR sensors. The LiDAR pose
can be obtained from the vehicle pose and a geometric rela-
tionship between the vehicle frame and LiDAR frame (extrin-
sic calibration). The vehicle pose can be estimated through
a localization algorithm based on the information fusion of
vehicle motion, LiDAR measurement, and PCM.

A. GRAPH-BASED LOCALIZATION AND LIMITS
There are a lot of localization methods, such as Kalman filter
(KF), extended KF, unscented KF, particle filter, and graph-
based optimization. In the map update framework, the local-
ization does not require real-time processing property but
require better performance. Accordingly, we apply the graph-
based optimization (Graph SLAM) as a basic localization
framework because it is widely used for offline localization
and mapping with good performance. The graph-based opti-
mization consists of two-step processing: a front-end (con-
struction of graph) and a back-end (graph optimization).

FIGURE 2. Graph structure for the localization problem.

1) FRONT-END
The first step of graph-based optimization is to construct the
graph. The graph is composed of nodes (random variables)
and edges (constraints between the nodes), as shown in Fig-
ure 2. Here, the nodes of x1:t = [x1, · · · , xt ] represent a
sequence of the poses from the time steps 1 to t . The map
node mHD represents the static environment stored as a point
cloud structure on the HD map (PCM layer).

The edges represent the geometric relationship (translation
and rotation) between the nodes. The inputs of vehicle motion
(such as the yaw rate and speed) for each time step can
be represented as u1:t = [u1, · · · , ut ]. Based on the vehi-
cle motion model with the inputs u1:t , the edge constraints
[u12, · · · , u

t−1
t ] between the consecutive pose nodes can be

constructed. The motion constraint can be represented by the
following equation:

xt = h(ut−1t , xt−1)+ εu,t ,

Fu,t = εTu,tP
−1
u,t εu,t , (1)

where the h(ut−1t , xt−1) represents the transformation func-
tion that transfers the previous pose xt−1 to the present pose
xt with the the edge constraint u

t−1
t (translation and rotation)

and the error of the vehicle motion model εu,t . The vehicle
model error is represented as a Gaussian distribution with
zero mean and covariance Pu,t . Fu,t represents a negative log-
likelihood of the motion prediction, which is represented by a
quadratic form of the transition error εu,t and covariance Pu,t .
The edges of [rz,HD1 , · · · , rz,HDt ] represent the geometric

relationship (translation and rotation) between the HD map
PCM and LiDAR measurements. The geometric constraints
can be obtained by registration techniques such as itera-
tive closest points (ICP) and normal distribution transform
(NDT). Based on the geometric relationship, a map matching
constraint can be obtained as the following equation:

xt = h(rz,HDt ,mHD)+ εr,t ,

Fr,t = εTr,tP
−1
r,t εr,t , (2)

where the h(rz,HDt ,mHD) represents the map matching model
to estimate the pose xt based on the HD map mHD and the
geometric constraint rz,HDt . The εr,t is the map matching
error of the registration algorithm, and it can be modeled as
a Gaussian distribution with zero mean and covariance Pr,t .
Fr,t represents a negative log-likelihood of themapmatching,
which is represented by a quadratic form of the transition
error εr,t and covariance Pr,t .
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FIGURE 3. Incorrect matching issues due to partial environment changes.

2) BACK-END
A cost function of the graph-based optimization is obtained
by sum of negative log-likelihood constraints (1) and (2),
as described in equation (3). Byminimizing the cost function,
the entire poses x1:t = [x1, · · · , xt ] can be optimized. Here,
we use a g2o library to minimize the cost function, which is
c++ open source for the nonlinear least squares problems
[56].

J =
∑
t

εTu,tP
−1
u,t εu,t +

∑
t

εTr,tP
−1
r,t εr,t (3)

3) PROBLEMS WITH THE MAP MATCHING CONSTRAINTS IN
ENVIRONMENT CHANGING SITUATIONS
The graph-based optimization algorithm provides the best
pose estimation when the nodes and edges are well con-
structed. However, there is a problem with the map matching
edge configuration when the road environment is partially
changed. Figure 3 shows a situation where the partial map
changes affect the incorrect edge construction of the map
matching constraints. The registration algorithm estimates
the geometric relationship rz,HDt between the LiDAR mea-
surement zt of red points reflected by the road environ-
ment in Figure 3-(a)and the HD map mHD of gray regions
in Figure 3-(b). As shown in Figure 3-(b), if the par-
tial environment changes are not considered in the HD
map, the registration algorithm will provide the wrong geo-
metric relationship between the measurement and the HD
map; therefore, an incorrect map match constraint will
be constructed in the graph inevitably. The incorrect map
matching constraints in the graph can affect the entire opti-
mization process. Accordingly, the proposed map change
detection needs a robust localization that can estimate the
pose robustly even if there is a partial change in the road
environment.

B. ROBUST LOCALIZATION BASED ON HIERARCHICAL
OPTIMIZATION
For robust localization, a hierarchical pose graph optimiza-
tion based on the NDT matching is proposed, consisting of
two hierarchical processes: 1) a sub-map optimization and
2) a representative pose optimization. Since both processes
are based on graph optimization, the back-end processes are
no different, but the front-end processes which construct the
nodes and edges are different.

FIGURE 4. Hierarchical Graph SLAM for robust localization in
environments with changes.

1) SUB-MAP OPTIMIZATION
The first step of the proposed robust localization is the sub-
map optimization. For specific pose nodes within a specific
distance window, the edges of the motion constraints and the
sub-map geometric constraints are configured. An example of
the sub-graph structure for the sub-map generation is shown
in the Figure 4 (a). There are two sub-graph of the sub-maps
msubt−3 andm

sub
t . For the sum-mapmsubt , the pose nodes xt , xt−1,

and xt−2 within a certain distance window are constrained
by the motion constraints utt−1 and ut−1t−2 and the geometric
constrains rz,subt , rz,subt−1 , and rz,subt−2 . The geometric constraints
represents the geometric relationship between the sub-map
msubt and LiDAR measurement zt , zt−1 and zt−2. To form
the geometric constraints (rotation and translation), a NDT
matching technique is used. After forming the sub-graph for
all poses x1:t = [x1, · · · , xt ], the graph optimization of the
back-end process is applied to each sub-graph to obtain the
sub-optimized poses and sub-maps.

2) REPRESENTATIVE POSE OPTIMIZATION
The second step of the robust localization is the representative
pose optimization. This process also use the graph optimiza-
tion, but the nodes and edges are different to the previous
process. The graph structure for the representative pose opti-
mization is shown in the Figure 4 (b). The nodes are consists
of representative poses and the HD map mHD. The represen-
tative poses xt and xt−3 are obtained from the previous sub-
map optimization. Each representative pose has the motion
constraints ut−3t based on the vehicle motion model and sub-
optimized pose relationship. The representative poses also
has the geometric constraints rsub,HDt−3 and rsub,HDt with the HD
map mHD. The geometric constrains rsub,HDt−3 and rsub,HDt are
constructed based on the NDT matching the sub-map msubt−3
and msubt with the HD map mHD. By optimizing higher level
graph, we can obtain the globally optimized representative
pose xt and xt−3 with consideration on constraints of the
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FIGURE 5. (a) LiDAR measurements reflected from the road environment.
(b) The single measurement constructs a matching constraint with the HD
map, and (c) a sub-map with multiple measurements constructs a
matching constraint with the sub-map in order to correct the pose of the
sub-map nodes.

HD map. The optimized representative poses xt and xt−3 are
propagated to the poses within the corresponding sub-graph.

3) ROBUST LOCALIZATION BASED ON NDT-BASED
HIERARCHICAL GRAPH POSE OPTIMIZATION
Based on the two-step hierarchical graph optimization,
we can obtain the optimized vehicle poses, which will be
used for the map change detection. There are two reasons
why the NDT registration-based hierarchical pose graph
optimization is robust to the partial environment changes.
First, the NDT algorithm is more robust under environment
changes than other registration algorithms, as proved in the
previous studies [57]–[60]. The NDT algorithm can reli-
ably estimate the geometric relationship between source and
target point clouds, even with partial changes in the target
point cloud (HD map PCM layer). Second, a matching ratio
between source and target point clouds is increased, as shown
in Figure 5-(b) and (c). The matching ratio is the ratio of
matched source points (red circles in the yellow thick line)
in source points (red circles). As shown in Figure 5-(b),
if the source points are formed from one or a few LiDAR
scans, the matching ratio will be small in partial environment
changes. The small matching ration can cause relatively inac-
curate matching because the registration algorithm (NDT)
does not have enough information to estimate the translation
and rotation between the source and target point clouds. Con-
versely, if the sub-map grows, the matching ratio increases,
as shown in Figure 5-(c). As the matching ratio increases,
stable position estimation is possible; therefore, stable edges
can be formed even with the partial environment change. The
robust localization algorithm is summarized by a pseudo-
code as shown in Algorithm 1.

V. MAP CHANGE DETECTION BASED ON PROBABILISTIC
THEORY AND EVIDENTIAL THEORY
A. OVERVIEW OF MAP CHANGE DETECTION
When there are changes in the road environment, the PCM
in the map cloud server must be updated to reflect the envi-
ronment changes. To update the environment changes to the

Algorithm 1 Robust Localization
Input:

Motion information of the vehicle ut
Point cloud from the vehicle zt
Base HD map in cloud mHDbase

Output:
Optimized vehicle pose xopt,t

1: mHDveh ← mHDbase
2: for all poses xt ∈ xwindow do
3: motion edge εTu,tP

−1
u,t εu,t ,

where εu,t = xt − hu(xt−1, ut )
4: point cloud edge εTz,tP

−1
z,t εz,t ,

where εz,t = xt − hz(xt−k , zt−k , zt )
5: cost function J∑

t∈W ε
T
u,tP
−1
u,t εu,t +

∑
t∈W ε

T
z,tP
−1
z,t εz,t

6: end for
7: optimize cost function J to find poses x∗t−k:t
8: generate sub-map msubt using x∗t−k:t and zt−k:t
9: representative pose xt
10: for all representative poses x∗t do
11: motion edge ε∗u,t

TP∗u,t
−1ε∗u,t ,

where ε∗u,t = x∗t − hu(x
∗

t−1, ut )
12: map matching edge ε∗m,t

TP∗m,t
−1ε∗m,t ,

where ε∗m,t = x∗t − hm(x
∗

t−1,m
sub
t , zt )

13: cost function J∑
t ε
∗
u,t

TP∗u,t
−1ε∗u,t +

∑
t ε
∗
m,t

TP∗m,t
−1ε∗m,t

14: end for
15: optimize cost function J to find poses xopt,t
16: return xopt,t

PCM, the changes must be detected in advance. Figure 6-
(a) represents the road environment changes and PCM layer
in the HD map. The road environment change is a situation
in which an existing object is removed, and a new object is
placed; however, the PCM in the HD map does not reflect
the environment change. To reflect the changes, the proposed
algorithm detects the map changes which are defined as the
differences between the map and the environments. The map
changes are composed of two parts: a deleted PCM part of the
existing PCM and a newly PCM part added by the measured
point cloud. The deleted PCM in the HD map and new
PCM are uploaded to the cloud via a vehicle communication
network, as shown in Figure 6-(b). There is not much commu-
nication traffic for uploading because only the changed parts
are uploaded without all parts being uploaded.

B. MAP CHANGE DETECTION PROCESS BASED ON THE
UPDATING OF PCM EXISTENCE STATE WITH LiDAR
EXISTENCE FIELD
The process of the map change detection can be divided into
two parts: the process when the PCM is in LiDAR field of
view (FoV) and the process when the PCM is out of LiDAR
FoV. Figure 7 shows the process of the PCM change detection
based on the LiDAR installed on the vehicle.
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FIGURE 6. Overview of the map change detection. (a) road environment
changes and PCM layer in an HD map, (b) map change detection, and
uploading to the map cloud.

1) IN THE LiDAR FoV
The first step process in the LiDAR FoV is an existence
update of points in the two PCM layers. As shown in Figure 6,
there are two main PCM layers used to update map changes:
HD map’s PCM layer and new PCM layer to represent the
new object. Each point in the PCM layers has a state that
indicates the level of existence, which consists of existed,
deleted, unknown. The elements of the existence state of each
point have a belief between 0 and 1 by evidence theory.
Theoretical descriptions of the existence state by evidence
theory are described in the following subsection V-C.
The existence state of points in the PCM layer can be

updated by the existence field generated based on the LiDAR
measurement and the pose estimation by the previous robust
localization. Figure 8 conceptually illustrates the formation
of the existence field and the update of the existence state
of the points in the PCM. The red dot represents 3D points
of LiDAR measurement at time t , and it is represented by
zindex,ordertime . The black and blue squares represent the points
in the PCM layers (HD map’s PCM layer and new PCM
layer), respectively, and the representation of each point of
the PCM layers is pindexsource. A fan-shaped existence field can
be formed using the laser beam characteristics (such as beam
divergence and multi-echo) of LiDARmeasurement centered
on the LiDAR pose estimated from the robust localization.
The green area in the existence field is the area where the
laser has passed. When points (such as p1HD and p1new in
the Figure 8) of PCM layers exists in this area, the deleted

FIGURE 7. A two-step process of PCM change detection based on the
LiDAR installed on the vehicle.

belief in the existence state increases and the existed belief
and unknown belief decreases. Conversely, when points (e.g.
p3HD, p

4
HD and p2new) of the PCM layers are in the red zone,

the existed belief increases and the deleted belief and unknown
belief decreases. If the points (e.g. p2HD) of the PCM layers are
not in the existence field, it maintains the previous existence
state. Theoretical details of existence state update based on
the existence field will be described in the following subsec-
tions V-C.

The second step process in the LiDAR FoV is a new
PCM registration to the new PCM Layer. When LiDAR
detects points that are not registered in the two PCM layers,
the points should be newly registered in the new PCM layer.
The association between the measured LiDAR points and the
points in both PCM layers is performed to find new points
that are not registered in both PCM layers. The associations
are formed when the nearest neighbor PCM points for the
measured LiDAR points are within a certain threshold. When
the measured LiDAR point is not associated with the points
in both the PCM layer, the point is determined as a new
point map and registered in the new PCM layer. In Figure 8,
the LiDAR measurements z1t and z2t are not associated with
points in both PCM layers. They are registered to the new
PCM layer with p3new and p4new.

2) PAST THE LiDAR FoV
When the PCM layer points leave the LiDAR FoV, the exis-
tence states of those points are no longer updated and fixed.
The change (deleted or new) of points in each PCM layer
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FIGURE 8. Formation of the existence field and the update of the
existence state of the PCM points.

can be classified by the amount of the element value in each
point’s existence state. If the deleted value for the existence
state of a point in the PCM layer of the HDmap is higher than
a certain existence threshold thdeleted , the point is classified
as deleted. If the new element for the existence state of a
point in the New PCM layer is higher than the threshold
thnew, it is classified that the points have changed to new.
The threshold value means the minimum confidence belief
to judge the changes (deleted or new) and is determined by
tuning according to localization and LiDAR characteristics.
The HD map’s points classified as deleted and the new PCM
layer’s points classified as new are uploaded to the map cloud
server.

C. EXISTENCE FIELD MODELING AND EVIDENTIAL
UPDATE OF PCM BASED ON PROBABILISTIC THEORY AND
EVIDENTIAL THEORY
The existence state of each PCM point is updated through
the existence field. This subsection explains how to model
the existence field and how to update the existence state of
each PCMpoint based on the combination of the probabilistic
approach and the evidential approach.

1) LiDAR CHARACTERISTICS AND PCM LAYERS TO BE
UPDATED
LiDAR can measure the distances and directions of nearby
objects using a laser. A laser pulses are emitted at a certain
angle and the time-of-flight (ToF) principle can be used to
measure the distance to the object for that angle. The laser
has a characteristic of beam divergence, which increases the
cross-sectional area of the beam with distance. The beam
divergence enables a multi-echo on an emitted laser pulse,
simultaneously measuring multiple distances of objects of
different distances. The final characteristic of LiDAR is a
uncertainty of the distance measurement. The uncertainty of
angular measurement is negligible because the LiDAR con-
trols the laser pulse angle by an internal encoder. However,

the uncertainty of distance measurement is determined by the
measuring capability of the laser pulse’s ToF and cannot be
ignored. Many previous studies did not consider characteris-
tics of LiDAR and treated a LiDARmeasurement as single 3D
point with no volume and constant 3D uncertainty. The pro-
posed algorithm reflects these three characteristics of LiDAR
(beam divergence, multi-echo and distance uncertainty) to
update PCM point existence accurately and reliably.

The LiDAR measurement can be represented into
two types of coordinate system: spherical coordinate
and Cartesian coordinate. Representation of LiDAR
measurement in spherical coordinates is Zrθφ,t =

{z1,mrθφ,t , · · · , z
i,m
rθφ,t , · · · , z

N ,m
rθφ,t }. The one point zi,mrθφ,t is

{r i,1t , · · · , r
i,m
t , θ it , φ

i
t }, where r is distance to a object, i is

index of laser pulse, m is number of echos, θ is the vertical
(polar) angle, φ is the horizontal (azimuthal) angle, and t is
measurement time. The Cartesian coordinate representation
is Zxyz,t = {z

1,m
xyz,t , · · · , z

i,m
xyz,t , · · · , z

N ,m
xyz,t }, where zi,mxyz,t =

{x i,mt , yi,mt , zi,mt }. To avoid confusion, we will describe the
LiDAR measurement as Zt = {z

1,m
t , z2,mt , · · · , zN ,mt } without

separating the two coordinate systems.
There are two PCM layers to be updated by the proposed

map change update algorithm: HDmap’s PCM layer and new
PCM layer. The HD map’s PCM layer is represented by PHD
and contains multiple points piHD. The new PCM layer is
represented by Pnew and contains points pinew. In summary,
both PCM layers are represented by PHD = {p1HD, · · · , p

D
HD}

and Pnew = {p1new, · · · , p
W
new}, whereD andW are the number

of points in the PCM layers of HD map and the new map,
respectively. Since the proposed map change update process
is applied equally to both PHD and Pnew, the two PCM
layers are combined and represented as P = {PHD,Pnew}.
The point elements of the combined PCM layer P is rep-
resented as P = {p1HD, · · · , p

D
HD, p

D+1
new , · · · , p

D+W
new } =

{p1, · · · , pi, · · · , pD+W }.
The existence of each point {p1, · · · , pi, · · · , pD+W } in

the combined PCM P at time t can be represented as Et =
{e1t , · · · , e

i
t , · · · , e

D+W
t }. The ejt element has three state of

PCM point existence {existed, deleted, unknown}. The first
step process of the PCM existence update algorithm (in the
LiDAR FoV) updates the Et using two types of informa-
tion: LiDAR measurement Zt = {z

1,m
t , z2,mt , · · · , zN ,mt } and

LiDAR sensor pose xt . The LiDAR sensor pose is estimated
by robust localization, described in the previous chapter IV.

2) PROBABILISTIC MODELING FOR LiDAR POINT MOTION
Using the probabilistic approach, the existence Et of the two
PCM layers at time t can be modeled for the given mea-
surements of the LiDAR sensor pose xt and the LiDAR mea-
surement Zt . The probabilistic belief model of the existence
bel(Et ) at time t is represented by a conditional probability
for the given conditions, LiDAR sensor pose xt and LiDAR
measurement Zt , as described in equation (4).

bel(Et ) = p(Et |P,Zt , xt ) (4)
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FIGURE 9. Existence field for the PCM point pi is constructed by LiDAR
point z j,l

rθφ,t with consideration of the beam divergence and multi-echo.

Since the Et is composed of the independent point exis-
tence {e1t , · · · , e

j
t , · · · , e

D+W
t } for each point {p1, · · · , pj, · · · ,

pD+W } in the PCM layer, the bel(Et ) can be represented
by the set of conditional probabilities of each PCM point,
as described in equation (5).

bel(Et )= {bel(e1t ), · · · , bel(e
D+W
t )}

= {p(e1t |p
1,Zt , xt ), · · · , p(eD+Wt |pD+W ,Zt , xt )} (5)

However, the probabilistic model only represents the exis-
tence state ejt as two states {existed, deleted} because the
probabilistic theory cannot handle the third state unknown.
The third state unknown will be handled in the evidential
update process. In the probabilistic process, the sum of
p(existed) and p(deleted) is always one.

The conditional probability of one PCM point existence
can be rearranged by the Bayes rule, as described in equation
(6).

bel(eit ) = p(eit |p
i,Zt , xt ) =

p(pi|eit ,Zt , xt )p(e
i
t |Zt , xt )

p(pi|Zt , xt )
, (6)

where p(pi|eit ,Zt , xt ) is a likelihood of the PCM point for
the given existence eit , LiDAR measurement Zt and LiDAR
pose xt . p(eit |Zt , xt ) is a predicted probability of the PCM
point existence eit for the given Zt and xt . The p(eit |Zt , xt )
is a uniform distribution (p(eit = existed |Zt , xt ) = 0.5 and
p(eit = deleted |Zt , xt ) = 0.5) because the existence itself is
independent to the Zt and xt . p(pi|Zt , xt ) is represented as a
normalization factor by applying total probability theorem,
as described by equation (7).

p(pi|Zt , xt ) =
∑

existence

p(pi|eit ,Zt , xt )p(e
i
t |Zt , xt ) = η (7)

Since the p(eit |Zt , xt ) is a uniform distribution and p(pi|Zt , xt )
is a normalization factor η, the probability of the PCM point
existence is represented by equation (8).

bel(eit ) = p(eit |p
i,Zt , xt ) = η p(pi|eit ,Zt , xt ) (8)

From equation (8), we can figure out that the conditional
probability of one PCM point existence can be expressed by
the likelihood of the PCM point existence with a normaliza-
tion factor. Therefore, the problem of PCM point existence

FIGURE 10. 2D existence field for the distance (r ) and angle (φ and θ) of
the LiDAR measurements z j,1

t , z j,2
t , z j+1,1

t and z j+2,1
t .

probabilistic modeling bel(eit ) is changed to a problem of
PCM point likelihood estimation p(pi|eit ,Zt , xt ) for the given
existence eit , LiDAR measurement Zt and LiDAR pose xt .

3) EXISTENCE FIELD CONSTRUCTION FROM THE
LIKELIHOOD OF LiDAR MEASUREMENT
The existence state of PCMpoints are updated by an existence
field as shown in the Figure 8. The existence field of a PCM
point pi can be constructed from the likelihood p(pi|eit ,Zt , xt ).
Figure 9 shows intuitively an existence field (likelihood field)
of p(pi|eit , z

j,l
t , xt ), where zj,lt (= zj,lrθφ,t ) is LiDAR points

in point cloud Zt measured at pose xt at the time t . The
existence field for the PCM point pi is constructed in the
form of a triangular-pyramid by each LiDAR point zj,lrθφ,t of
spherical coordinates with taking in to account the LiDAR
characteristics of the beam divergence and multi-echo. The
point pi in the green region of the existence field is likely to
be deleted , and the point pi in the red region is likely to be
existed .
The 3D existence field for the likelihood p(pi|eit , z

j,l
t , xt )

can be divided into two 2D existence fields for the angular
axis: distance-horizontal angle (r − φ) plane and distance-
vertical angle (r−θ ) plane. Figure 10 is the two 2D existence
field of the (r − φ) and (r − θ ) planes for the LiDAR
measurements zj,1t , z

j,2
t , z

j+1,1
t and zj+2,1t . The color intensity

means the size of the likelihood. The existence field considers
the LiDAR characteristics of the beam divergence and the
multi-echo.

One laser beam zj,lt in Figure 10 can be represented in the
distance-likelihood plane, as shown in Figure 11. Figure 11-
(a) shows the likelihood p(pi|ejt = existed, zj,lt , xt ) when a
PCMpoint pi is existed for given zj,lt and xt . The PCMpoint pi

and the LiDARmeasurement zj,lt can be represented in spher-
ical coordinates as {r i, φi} and {r j,1t , r

j,2
t , φ

j
t }, respectively.

Since the LiDAR measures the object distance based on ToF
principle, the uncertainty of the distance measurement r j,mt
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FIGURE 11. Likelihood of existed (red) and deleted (green) for one laser
beam.

depends on the performance of the ToF system. By taking
into account the LiDAR distance uncertainty, the likelihood
of existed existence is represented as a Gaussian normal
distribution, as shown in Figure 11-(a). The Gaussian normal
distribution of the distance measurement is represented by
equation (9)

p(pi|ejt = existed, z
j,l
t , xt )

= p(r i|ejt=existed, r
j,l
t , xt )=

1

σ
√
2π

e−(r−r
i)2/2σ 2 ,

(9)

where σ is the standard deviation of the LiDAR distance
measurement.

Figure 11-(b) shows the likelihood p(pi|ejt=deleted, z
j,l
t , xt )

when a PCM point pi is deleted for given zj,lt and xt . Since
the area where the LiDAR beam zj,lt passed is likely to be
free, the PCM point pi located in the LiDAR beam passed
region is more likely to be deleted. The likelihood p(pi|ejt =
deleted, zj,lt , xt ) can be calculated based on its relationship
with the likelihood p(pi|ejt = existed, zj,lt , xt ), as described in
equation (10).

p(pi|ejt = deleted, zj,lt , xt )

= p(r i|ejt = deleted, r j,lt , xt )

=


1

σ
√
2π
− p(r i|ejt = existed, zj,lt , xt ) r <= r j,max(m)t

0 else
(10)

1
σ
√
2π

denotes the maximum likelihood value of p(r i|ejt =

existed, r j,lt , xt ).

4) EVIDENTIAL UPDATE OF PCM POINT EXISTENCE STATE
If the PCM point pi is located in the existence field, the exis-
tence probability of the pi can be obtained through the likeli-
hood equations (9, 10) and the posterior probability equation
(8). However, this approach has limitations that the prob-
ability theory cannot explicitly handle the unknown state.
Figure 12 shows limitations of the probabilistic approach
for updating the PCM point existence. A PCM point p∗ is

FIGURE 12. Problems of probabilistic motion segmentation.

located inside the existence field and the point existence prob-
ability p(e∗t |p

∗, zjt , xt ) for existed and deleted are the same.
The probability of {existed, deleted} = {0.5, 0.5} cannot
explicitly represents unknown state. p# in Figure 12-(a) and
p$ in (b) are not located inside the existence field. Therefore,
the likelihoods probability for each point is close to {0.5, 0.5}
because both likelihoods for existed and deleted are close to
zero. To represents the unknown state of the p∗t , p

#
t , and p

$
t ,

an evidential approach is applied to update the existence of
PCM points.

The probabilistic existence update process handles the
existence in the two states {existed, deleted}. The evidence
theory defines the two states as a frame of discernment
� = {existed, deleted} and manages more states by extend-
ing the � to the power set 2� = {existed, deleted, �, φ}.
The state � represents an unknown state because the PCM
point existence cannot be existed and deleted in the same
time. The state φ is an empty set, and it is a conflict state
because the point existence must belong to one state that
existed or deleted . Amassm quantifies the belief of the power
set 2� = {existed, deleted, unknown, conflict}. The mass of
mi(static), mi(dynamic), mi(unknown) and mi(conflict) rep-
resent the belief of PCM point pi being existed , deleted ,
unknown and conflict , respectively. The sum of mass for each
state must be one.
The mass of PCM point pi existence for the given

zj,lt and xt is represented by mj,l→i
t (state) for state =

{existed, deleted, unknown, conflict}. mj,l→i
t (state) is

obtained based on the existence probability p(eit |p
i, zj,lt , xt )

and the localization confidence λloc by using the following
equations:

mj,l→i
t (existed) = λlocp(eit = existed |pi, zj,lt , xt )

mj,l→i
t (deleted) = λlocp(eit = deleted |pi, zj,lt , xt )

mj,l→i
t (unknown) = 1− mj,l→i

t (existed)− mj,l→i
t (deleted)

mj,l→i
t (conflict) = 0 (11)

The λloc is tuning factor determined based on the performance
of the robust localization. If the localization is very accurate
and stable, the value is close to one; however, if it is not good,
it is close to zero.
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For the given LiDAR measurement zj,lt and the given
poses xt , the existence of PCM point of pi can be described
by mass function mj,l→i

t . For all given scan points Zt =
{z1,lt , · · · , z

j,l
t , · · · , z

N ,l
t } and the given poses xt , multiple

mass functions m1,l→i
t · · ·mN ,l→i

t are calculated. The mass
functions must be merged into a mass function mit at time
t . Then, the mass function mi1,··· ,t at the various time must be
integrated into onemass functionmi to represent the existence
of one point pi. The integration ofmultiplemass functions can
be described by the following equation (12).

mit = m1,l→i
t ⊕ m2,l→i

t ⊕ · · · ⊕ mN ,l→i
t

mi = mi1 ⊕ m
i
2 ⊕ · · · ⊕ m

i
t (12)

Here, Dempster’s combination rule (13), which is based on
the conjunctive combination rule described by equation (14),
is applied to integrate two different mass.

m1 ⊕ m2 H⇒

m1⊕2(A) =
m1∩2(A)

1− m1∩2(φ)
,m1⊕2(φ) = 0,

∀A ⊆ �,A 6= φ (13)

m1∩2(A) =
∑

B∩C=A|B,C⊆�

m1(B) · m2(B) (14)

Existence of one PCM point pi can be described by he
integrated mass function mi. Since the updated PCM layer
P = {p1, · · · , pi, · · · , pD+W } is composed of two PCM lay-
ers P = {PHD,Pnew} = {p1HD, · · · , p

D
HD, p

D+1
new , · · · , p

D+W
new },

the mass function of the PCM can be represented by M =
{MHD,Mnew} = {m1

HD, · · · ,m
D
HD,m

D+1
new , · · · ,m

D+W
new }. The

proposed map change detection process is summarized as
shown in Algorithm 2.

VI. INTEGRATION OF CROWD-SOURCED PCM CHANGE
The masses of all points, M = {MHD,Mnew} =

{m1
HD, · · · ,m

D
HD,m

D+1
new , · · · ,m

D+W
new }, are updated by the evi-

dential updating process based on the probabilistic exis-
tence field. Changed points in HD map can be classified
by thresholding the updated mass value. If the mass of
deleted miHD(deleted) for the PCM point in HD map is larger
than thdeleted , the PCM point piHD is classified into deleted .
If the mass of existed for the PCM point in new map,
mjnew(existed), is larger than thnew, the PCMpoint pjnew is clas-
sified into new. The PCM change classification is performed
in multiple crowd-sourced cars, and the points classified as
deleted or new are uploaded to the map cloud. Only changed
points are uploaded so that the data transferring in the map
update system is efficient.

At the cloud side, the changed points are uploaded
from crowd-sourced vehicles. The changed point cloud
is composed of the deleted point cloud Pcs,deleted =

{p1cs,deleted , · · · , p
i
cs,deleted , · · · , p

CD
cs,deleted } and the new point

cloud Pcs,new = {p1cs,new, · · · , p
i
cs,new, · · · , p

CN
cs,new}. These

updated point clouds are merged back to the PCM layer of the
HD map based on crowd-sourced map integration process.

Algorithm 2Map Change Detection
Input:

Optimized vehicle pose xopt,t
Point cloud from the vehicle zt
Base HD map in cloud mHDbase

Output:
Changed point cloud Pcs,delete,Pcs,new

1: points in the based HD map PHD← mHDbase around x
∗
t

2: for all poses xopt,t do
3: for all points zit ∈ zt do
4: register_flag_hd_map← TRUE
5: ray casting based on zit in PHD domain
6: for all map points pkHD ∈ PHD do
7: if pkHD is near zit then
8: existence evidence update of pkHD
9: register_flag_hd_map← FALSE

10: else
11: if exist point in PHD in the ray then
12: deleted evidence update of pkHD
13: end if
14: end if
15: end for
16: register_flag_new_map← TRUE
17: ray casting based on zit in Pnew domain
18: for all map points pknew ∈ Pnew do
19: if pknew is near zit then
20: existence evidence update of pknew
21: register_flag_new_map← FALSE
22: else
23: if exist point in Pnew in the ray then
24: deleted evidence update of pknew
25: end if
26: end if
27: end for
28: if register_flag_hd_map == TRUE and

register_flag_new_map == TRUE then
29: register point zit into Pnew
30: end if
31: end for
32: end for
33: thresholding deleted evidence in PHD
34: thresholding existence evidence in Pnew
35: Pcs,delete← PHD,threshold
36: Pcs,new← Pnew,threshold
37: return Pcs,delete,Pcs,new

The integration process consists of three steps: 1) voxeliza-
tion, 2) existence update, and 3) confirmation.

The first step is voxelization of the point cloud in the HD
map PHD. The points of PHD are placed in evenly divided
3D voxels by the voxelization. If each voxel contains more
than one point, the points are merged into one representa-
tive point by averaging the 3D position of the points (Vox-
elGrid filter). The same voxelization process is applied to
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the crowd-sourced deleted points Pcs,deleted and the crowd-
sourced new points Pcs,new, which are uploaded from one
vehicle. Figure 13 shows the voxelization of PHD (blue),
Pcs,new (orange) and Pcs,deleted (green).

The second step is the existence update of the voxels.
Each voxel has each existence mass {m1

voxel , · · · , m
i
voxel , · · · ,

mNvoxel}, where state of mass represents {existed , deleted ,
unknown, conflict}. The initial value of each voxel mass
mivoxel is determined by whether the voxel contains the PCM
points of PHD. If the voxel contains the point of PHD, the exis-
tence mass is initialized as {1, 0, 0, 0} which means the point
exists in the voxel. If the voxel does not contain the point
of PHD, the existence mass is initialized as {0, 1, 0, 0} which
means the voxel is empty. The Pcs,deleted and Pcs,new are used
to update the existence of voxel. The existence mass of voxel
contained the Pcs,deleted is updated by the following equation

mivoxel = mivoxel ⊕ {0, λ
cs
deleted , 1− λ

cs
deleted , 0}, (15)

where λcsdeleted represents the confidence of the crowd-source
change classification and ⊕ is an operation of Dempster’s
combination (13). In a similar way, the existence mass of
voxel contained the Pcs,new is updated by

mivoxel = mivoxel ⊕ {λ
cs
new, 0, 1− λ

cs
new, 0}, (16)

where λcsnew represents the confidence of the crowd-source
new mapping. When the voxel is updated for the first time,
the points are placed in the voxel as representative points.
Otherwise, the representative points in the voxels are aver-
aged with the new points and updated.

The final step is a confirmation of reflecting the updated
voxel existence to the PCL layer of HD map. If the mass
of deleted for the voxel, mivoxel(deleted), is larger than
thcs,deleted , the PCM point in that voxel is deleted from the
HD map PCL layer. If the mass of existed for the voxel,
mivoxel(existed), is larger than thcs,new, the representative PCM
point in the voxel is added to the HD map. The integration
step is summarized in Algorithm 3.

Algorithm 3 Integration of Crowd-Sourced PCM
Input:

Changed point cloud Pcs,delete,Pcs,new
Base HD map in cloud mHDbase

Output:
Updated HD map in cloud mHDupdated

1: merged point cloud Pmerge
{PHDbase ∈ m

HD
base,Pcs,delete,Pcs,new}

2: voxelization
3: for all voxels do
4: Dempster-Shafer rule-based evidence update
5: thresholding deleted, existence evidence
6: end for
7: delete and add point in Pmerge
8: mHDupdated ← Pmerge
9: return mHDupdated

FIGURE 13. Voxelization of the point cloud in the HD map PHD,
the crowd-sourced deleted points Pcs,deleted , and the crowd-sourced
new points Pcs,new . Each existence mass of each voxel is updated by
Pcs,deleted and Pcs,new .

VII. SIMULATIONS
A. SIMULATION ENVIRONMENTS
Although the map update framework should be evaluated
under various environments, it is difficult to find large map
changing environments like construction sites in practice.
Accordingly, the proposed framework was first evaluated in
the simulation process to generate map-changing environ-
ments. The simulation used a test vehicle equipped with
several sensors such as an U-blox low-cost GNSS (2.5 meters
position accuracy and 4Hz sampling rate), on-board motion
sensors (automotive-level yaw rate and wheel speed sen-
sors), and a high-precision OXTS RT3002 GNSS/INS (0.01-
meter position accuracy, 0.05 km/h speed accuracy, 0.1-
degree heading accuracy, 0.03-degree roll and pitch accu-
racy, and 250Hz sampling rate). The GNSS and motion
information measured by the low-cost GNSS and on-board
sensors was used as the inputs of the implementation of
the proposed algorithms. The low-cost GNSS was used for
the robust localization, to obtain the initial position and
establish the fault boundary. An in-house LiDAR simula-
tor constructed the point cloud from the vehicle pose to
the modeled environments based on the LiDAR ray-casting
considering the sensor specification (horizontal and vertical
resolutions and laser beam divergences) and the predefined
extrinsic calibration parameters of LiDAR. Since the vehi-
cle poses for the LiDAR simulator were measured by the
high-precision GNSS/INS, the vehicle poses measured by
the high-precision GNSS/INS were considered as reference
vehicle pose data. Accumulating the simulated point clouds
based on the reference pose data, we constructed the base
PCM layer. To simulate the changing environments, we mod-
ified the modeled environments by adding/removing/moving
static obstacles. As a result, we constructed the PCM layer
after map changes. The crowd-sourcing information from
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FIGURE 14. The comparison of the longitudinal, lateral, heading errors
between the general Graph SLAM and the proposed hierarchical Graph
SLAM.

intelligent vehicles was simulated based on 20 driving data in
modified environments with moving obstacles using and var-
ious extrinsic calibrations and sensor specifications such as
Velodyne VLP-16, Velodyne HDL-32E, Velodyne HDL-64E,
Robosense RS-LiDAR-16, and Valeo Scala. All processes in
the simulation was performed in a computer with Intel Core
i7-8750H CPU without cloud computing for evaluation.

B. ROBUST LOCALIZATION IN MAP-CHANGING
ENVIRONMENTS
To detect the changes in the HD map, the exact pose (posi-
tion and orientation) of LiDAR sensors must be required.
Since the LiDAR calibration parameters were predefined,
we derived the LiDAR pose from the vehicle pose. The
accurate vehicle pose can be estimated through the proposed
hierarchical Graph SLAM algorithm. In order to evaluate
the proposed algorithm, a comparison of localization perfor-
mance (longitudinal, lateral, and heading errors) for the gen-
eral Graph SLAM and proposed hierarchical Graph SLAM
is shown in Figure 14. The errors were evaluated by the ref-
erence pose data measured by the high-precision GNSS/INS.
The differences between the environments and the base map
occured from 10 to 15 seconds. As shown in Figure 14,
the general Graph SLAM algorithm has poor performances in
the environment change regions because the small matching
ratio caused a mismatching between LiDAR point cloud and
the PCM layer of the HD map. The proposed hierarchical
Graph SLAM increased the matching ratio by generating
the sub-map windows, the errors of the localization were
reduced.

C. MAP CHANGE DETECTION AND UPDATE BASED ON
CROWD-SOURCING VEHICLES
The results of map change detection based on a single driving
and map update based on multiple drivings were represented
by three confusion matrices, as shown in Table 1. The rows
(unchanged, new, deleted, and empty) means the true classes

FIGURE 15. The F1-score by the number of drivings.

of the voxels in the voxelization process of Figure 13. The
true class of the voxel can be derived by the comparison
between the base map constructed by previous environments
and the modified map constructed by the modified environ-
ments. The first column of the Table 1 represents the class
of the voxels in the base map. Since the base map is not
updated, there is no change information (new and deleted) in
the first column. The second column means the voxel class
of the map updated by change detection of only one driving.
The not-excluded moving vehicles increased the inaccurate
estimate from actual empty voxels to new voxels in the change
detection process. The misclassification from actual deleted
voxels to unchanged voxels was caused due to the occlusion
that the LiDAR cannot measure objects behind obstacles by
LiDAR specifications. The final column represents the voxel
class of the map updated by crowd-sourced PCM changes.
We adopted the F1-score (17) to evaluate the map update
performances because the number of voxels in each class is
not imbalanced (empty� unchanged� new, deleted). As a
result, F1-scores of the base map, the map updated by single
driving, and the map updated by crowd-sourcing changes are
46.73%, 93.03%, and 99.92%, respectively. The performance
of the map change detection due to the misclassification
based on the LiDAR characteristics can be overcome by the
crowd-sourcing changes detected by multiple vehicles.

F1 = 2×
precision× recall
precision+ recall

(17)

In order to analyze the effect of the number of drivings
to the map update performance, the F1-scores based on the
number of drivings are represented in Figure 15. In Figure 15,
the blue line means the performance of the base map, which
is represented by the first column of Table 1. The red line
means the performance of the map updated by single driving,
in which the map changes were detected by the Velodyne
HDL-64E. The blue line means the performances of the map
updates determined by the number of drivings, when the
various sensors were used in the proposed framework. The
purple line represents the performance of the map updates
using the Velodyne HDL-64E. Since the Velodyne HDL-64E
had high resolution with 64 layers, it provided fast approx-
imation. The results of the map update based on various
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TABLE 1. Confusion matrices about non-update, change detection based on single driving, and map update based on multiple drivings.

sensors provided poor performances than the map change
detection by Velodyne HDL-64L in a low number of updates
because the various sensors were low resolutions than the
Velodyne HDL-64L. Though the initial poor performances,
various sensors provided a similar performance with the per-
formance of the map updates using the Velodyne HDL-64E
after 15 drivings.

VIII. EXPERIMENTS
A. EXPERIMENTAL ENVIRONMENTS
The experiments for verifying the proposed framework were
performed based on the test vehicle of the simulation. Two
LIDARs (Velodyne VLP-16), which have 100 meters detec-
tion range, ±3cm accuracy, ±15◦ horizontal field of view
(FoV), 360◦ vertical (FoV), and 10Hz scanning rate, were
additionally installed on the test vehicle. The LiDARs were
used to generate the HDmap and detect themap change based
on the proposed framework. The high-precision GNSS/INS
was used for the construction of the HD map and for a
reference system to evaluate the performance of the proposed
algorithm. A CPU specification of the vehicle computer was
Intelr Core i7-8750H CPU@2.21 GHz CPU, and the cloud
server computer was Intelr Core i5-4670@3.40 GHz CPU.
The File Transfer Protocol (FTP) was applied for uploading
and downloading of information between the crowd-sourcing
vehicles and the cloud through the 4G wireless network com-
munication.

The experiments were performed on Wangsimni street
in South Korea, as shown in Figure 16-(a). To evaluate
the crowd-sourcing map update framework, we need a test
site where the actual environment had changed, but the
changes were not reflected in the cloud HDmap’s PCM layer.
As shown in Figure 16-(b) and (c), the test site was under
construction from August 1st, 2019 to October 12th, 2019.
TheHDmap’s PCM layer was generated onAugust 1st, 2019,
by using two LiDARs and RTK-GNSS/INS (RTK narrow int
state). However, themap, created onAugust 1st, 2019, did not
reflect the road environment changed on October 12th, 2019.
Multiple test vehicles equipped with sensors were required to
evaluate the crowd-sourcing framework. Since we only had
one test vehicle, we operated the one test vehicle 38 times on
October 12th, 2019, to emulate crowd-sourcing information

FIGURE 16. (a) Test site for experiment: Wangsimni-ro in South Korea.
The test site under construction from (b) August 1st 2019 to (c)
October 12th 2019.

from multiple vehicles. The feasibility of the replacement of
various sensors to one sensor-based multiple drivings was
shown in section VII. The vehicles detected the map changes
and uploaded them to the cloud server. The cloud server
received the map changes from the multiple vehicles and
reflected the PCM layer changes. After the map update by
crowd-sourcing information, the point cloud in the green
polygon of Figure 16-(b) should be removed from the cloud
PCM, the point cloud in red polygons of Figure 16-(c) should
be added to the cloud.

B. ROBUST LOCALIZATION PERFORMANCE IN
MAP-CHANGING ENVIRONMENT
Similar to the evaluation process in the simulation, the local-
ization performance was evaluated in real environments.
The localization performance was derived by the longitudi-
nal, lateral, and heading errors compared with the reference
poses measured by the high-precision GNSS/INS, as shown
in Figure 17. The blue and orange lines in Figure 17 rep-
resented results of the general Graph SLAM and the pro-
posed hierarchical Graph SLAM, respectively. Actual envi-
ronment changes of Figure 16 occurred from the 20 seconds
to 30 seconds. In the map-changing environments, maxi-
mum longitudinal errors of two approaches were 0.59 m and
0.3313 m. The lateral errors were 0.6663 m and 0.2015 m,
respectively. Finally, the heading errors of the two approaches
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FIGURE 17. The comparison of RMS error for the longitudinal, lateral,
heading between the normal Graph SLAM and proposed hierarchical
Graph SLAM.

were 1.5071 ◦ and 0.3762 ◦. The proposed hierarchical Graph
SLAM, which increased the matching ratio by accumulating
the point cloud using sub-map windows, can provide better
performance than the general Graph SLAM in overall map-
changing environments. Applying the proposed algorithm
showed similar tendencies in other logging data.

C. MAP CHANGE DETECTION AND UPDATE
Figure 18-(a) shows the ground truth about the point cloud
changes (new and deleted) in the test area of Figure 16.
The new and deleted states of the PCM are indicated by
the red and green points, respectively, and the blue points
mean the unchanged state. The ground truth of the change
was constructed by comparing the MMS-based PCM of
Figure 16-(b) and (c) for the performance evaluation of the
map change detection algorithm. The point cloud height was
limited from 0 to 1.5meters because there are toomany leaves
of the street trees to interfere with the analysis.

Figure 18-(b) shows the change detection results classified
by the proposed change detection algorithm with a single
driving. There were two tuning factors for the map change
detection algorithm. For the PCM existence update at the
equation (11), the λloc is a tuning factor that can be deter-
mined by the performance of the robust localization. In this
experience, we set the parameter λloc as 0.9 based on the
experiment results of the robust localization. Another tuning
factors are classification thresholds, which mean the mini-
mum confidence belief to judge the changes (deleted or new).
These factors were determined by localization performance
and LiDAR characteristics. In this experiment, thdeleted was
set as 0.2 and, and thnew was set as 0.9.
Figure 18-(c) shows the map change merging results on the

map cloud server updated by the crowd-sourcing vehicles.
The multiple vehicles performed the change detection and
uploaded the change results into the cloud server. In these
experiments, the crowd-sourcing information of the multiple
vehicles was emulated by 38 times driving with one test
vehicle. The uploaded point cloud changes were merged into

FIGURE 18. (a) ground truth (b) map change detection in the single
vehicle (c) map change update results in the cloud using crowd-sourced
map update.

the base PCM layer using an evidential merging algorithm.
The λcsdeleted and λ

cs
new for the algorithm was set as 0.2 and 0.9,

respectively. The voxelization size of the merging algorithm
is 10 cm.

Table 2 represented three confusionmatrices about the base
map constructed on August 1st, 2019, the map updated by the
change detection algorithm, and the map updated by crowd-
sourcing changes. Figure 19 shows the degree of performance
improvement for each update. Point classes of Figure 18-(a)
were represented as voxel classes corresponding with rows
of confusion matrices. It means that the rows represent true
classes of voxels. The point classes of Figure 18-(b) and (c)
were represented as voxel classes in the second and third
confusion matrices of the Table 2. The confusion matrices
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TABLE 2. Confusion matrices about non-update, change detection based on single driving, and map update based on multiple drivings.

FIGURE 19. Improvement of map similarity with crowd-sourcing map
update.

had similar tendencies with the confusionmatrices of the sim-
ulation. Since the base map was not changed, there were no
change voxels (new and deleted) in the first confusion matrix.
The F1-score of the base map was represented as 47.48 %.
The point cloud measured from the moving objects (such as
car and pedestrian) indicated by (1) of Figure 18-(b) was mis-
classified as the new class. Accordingly, the new-estimated
and actually deleted voxels in the second confusion matrix
of Table 2 were 10349. Since the moving objects were not
always existed, the misclassification by the change detection
was overcome by the crowd-sourcing information; therefore,
the new-estimated and actually deleted voxels were reduced
to 390. The limited measurement range causes two prob-
lems: non-detection of new and non-removal of unchanged,
which were represented as (2) and (3) in Figure 18. Although
the vehicle cannot classify the new and deleted voxels far
away from the vehicle, other vehicles, which were driven
on other roads, can classify the changed information cor-
rectly. Accordingly, the empty-estimated and actually new
voxels were reduced from 3034 to 1349 and the unchanged-
estimated and actually deleted voxels were reduced from
3215 to 498, respectively. As a result, the F1-score was
improved from 84.6 % to 96.84 % based on crowd-sourcing
information.

D. TRAFFIC OF WIRELESS NETWORK COMMUNICATIONS
Figure 20 shows the traffic of the wireless network com-
munications between the vehicles and the server. The blue,
orange, and yellow lines in Figure 20 mean the data sizes,

FIGURE 20. Traffic of wireless network communications about (a)
downloading, (b) uploading from a single vehicle, and (c) uploading from
crowd-sourcing vehicles.

which can be downloaded through average 3G, 4G, and 5G
wireless network communications in Korea. The purple line
of Figure 20-(a) represents the PCM sizes downloaded from
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the server to the vehicle. During the startup period until
0.96 seconds, all directional map data around the vehicle are
downloaded, different from the general driving period where
the vehicle downloads only the front-directional map data.
If the vehicle is driven after the startup period, the 3G, 4G, and
5Gwireless network communications can be used for themap
downloading. Figure 20-(b) represents uploading data sizes to
update the HD map’s environment changes. The purple line
represents the results processed by the proposed map change
detection algorithm. Map changes in the regions passed by
the vehicle are uploaded from the 10.58 seconds. On the other
hand, the green line represents all measurement data acquired
from in-vehicle sensors, the low-cost GNSS, and the LiDAR,
as the approaches similar to the crowd-sourcing update of the
landmark-level map. Since the proposed algorithm uploads
the map changes, the uploaded data size can be reduced from
45.5 MB to 2.06 MB. A similar tendency can be shown
in Figure 20-(c), representing the data uploaded from crowd-
sourcing vehicles. During the 38 drivings, 1713 MB of all
measurements are transmitted, and 89.24MB of map changes
proposed by the framework are uploaded to the server. The
transmitted data can be dramatically reduced based on the
proposed framework.

IX. CONCLUSION
This paper proposes a framework for updating point cloud
layers in the HD maps through crowd-sourcing of LiDAR
data from multiple vehicles. The proposed framework con-
sists of five steps. In the first step, the crowd-sourcing
vehicle downloads the point cloud layer from the HD map
cloud server via internet communication. In the second step,
a robust localization algorithm estimates the centimeter-level
vehicle pose using the LiDAR and downloaded point cloud
layer. The third step is the detection of changes to the down-
loaded point cloud layer, taking into account the laser prop-
erties of LiDAR. The detected point changes are updated to
the map cloud server in the fourth step, and the updated point
cloud changes are merged into the point cloud layer of the HD
map in the final step. The main contributions of this paper are
summarized as follows:

1) This paper proposed a map update framework based
on crowd-sourcing vehicles. Based on this framework,
a lot of vehicles can participate in making the HD map
keep up-to-date state via the internet.

2) The proposed robust localization provides the
centimeter-level vehicle pose even under the map
change environments. The sub-map explicitly models
the environmental change, which makes the proposed
localization algorithm more robust in challenging situ-
ations.

3) The proposed change detection algorithm figures out
the environmental changes based on the probabilistic
and evidential approaches. These approaches can han-
dle LiDAR measurement characteristics, such as beam
divergence and multiple echoes. Based on the change

detection algorithm, only the changed point cloud is
uploaded to the cloud server, which reduces the net-
work burden between the cloud and the vehicles.

4) The proposed merge algorithm updates the HD map
based on the detected change information using eviden-
tial theory. The evidential theory represents more states
than the probabilistic approach. In addition, the merged
point cloud map reflects both the deleted point cloud
and the newly added point cloud.

The proposed framework was verified and evaluated via
simulations and experiments in a road environment changing
condition. In the experiments, the crowd-sourcing results
showed that the proposed algorithm can be kept up to date
with 96.84 % F1-score (49.36 % improvement over the base
map) through the proposed point cloudmap update algorithm.
In future research, we will extend the proposed framework for
updating other map types as well as the point cloud map.
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