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Abstract
In the early stages of the spread of autonomous vehicles, it is conceivable to operate an automated valet parking system in 
parking lots where autonomous vehicles and non-autonomous vehicles coexist. Since non-autonomous vehicles may park 
beyond the parking space, it is necessary to estimate parking space conditions three-dimensionally. This paper proposes a 
method to estimate the parking space conditions using multiple 3D-LiDARs that can detect the space three-dimensionally. 
In the evaluation experiment, multiple 3D-LiDARs were installed in the parking lot of a public facility, and the estimation 
accuracy of the proposed method was evaluated in various situations.
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1 Introduction

Automated valet parking is one of the future visions of fully 
automated autonomous vehicles [1]. An autonomous vehicle 
automatically drives in a parking lot and parks in a specified 
empty parking space. Passengers can request their autono-
mous vehicles from any place. All works done by conven-
tional valet parking employees are done automatically.

An automated valet parking system is detected each 
parking space condition from sensors installed in a park-
ing lot. Accurate detection of parking space condition is 
important to appropriately provide a parking space position 
for autonomous vehicles. There are many technologies to 
detect parking space conditions. The number of vehicles 
that have passed through the gates installed at the parking 
lot’s entrance and exit is used to estimate the parking space 
condition in a gated parking lot [2]. It is possible to deter-
mine the availability of parking spaces, but it is impossible 
to determine the condition of each parking space. Magnetic 

sensors [3, 4] and inductive-loop vehicle detectors [5] are 
buried in the ground and detect the presence or absence of 
a vehicle above the sensors by changing the magnetic force. 
Ultrasonic-based vehicle detectors [6] are installed on the 
top and sides of parking spaces and detect the presence or 
absence of a vehicle based on the reflection of the ultra-
sonic wave emitted from the sensor. These sensors only scan 
a portion of the parking space and detect the presence or 
absence of a vehicle. Parking lots where autonomous vehi-
cles and non-autonomous vehicles coexist are conceivable 
in the early stages of the spread of autonomous vehicles. 
Non-autonomous vehicles may park beyond a parking space, 
and parking spaces adjacent to the vehicle may be inacces-
sible. Sensors that scan only a portion of the parking space 
are ineffective in this situation. To change the position of the 
parking spaces in the parking lot, it is necessary to dig up or 
remove the sensor. Vision-based vehicle detectors [7–9] are 
installed in places where the vast area can monitor the park-
ing space conditions using image processing technologies 
and deep learning. Since visual-based vehicle detectors can 
three-dimensionally detect parking spaces, it can handle the 
protrusion of the parking space of the parked vehicle. Even 
if the parking space position is changed in the parking lot, it 
is not necessary to change the sensor position. However, in 
places where the light source is insufficient, such as parking 
lots without lights at night, nothing is reflected in the camera 
image, so the vehicle cannot be detected.
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Three-dimensional light detection and ranging 
(3D-LiDAR) are also sensors that can detect spaces in three-
dimensions. A 3D-LiDAR measures range by irradiating 
lasers and measuring the time for the reflected light that hits 
objects to return to the receiver. A 3D-LiDAR outputs point 
cloud data that summarizes the reflection points. Since a 
3D-LiDAR uses lasers, it can accurately detect space in three 
dimensions, even in places with no light source. There are 
several methods to detect parking space conditions using a 
3D-LiDAR. Lee et al. [10] proposed a method for detecting 
the condition of parking spaces using a 3D-LiDAR mounted 
on the top of the autonomous vehicle. In this method, an 
autonomous vehicle equipped with a 3D-LiDAR approaches 
a parking space, and the condition of the parking space is 
determined based on the presence or absence of point cloud 
data from the road surface to the height of the 3D-LiDAR. 
Because this method assumes that the road surface is hori-
zontal with respect to the vehicle’s posture, it cannot be used 
in areas where the road surface is uneven. Thornton et al. 
[11] also proposed a method for detecting the condition of a 
parallel parking space on a public road using a 3D-LiDAR 
mounted on the top of the autonomous vehicle. Based on 
the curbs, this method detects the parking space condi-
tion.Parking spaces with detectable curbs are determined 
to be vacant, while parking spaces with undetectable curbs 
are determined to be occupied.This method cannot be used 
in the parking spaces without curbs. In addition, there is 
no literature reporting the detection of parking spaces only 
using 3D-LiDARs installed at fixed points in a parking lot.

This paper proposes estimation method of parking space 
conditions using multiple 3D-LiDARs installed at various 
fixed points in a parking lot. The contributions of this paper 
are two points.

The first point is classification method of point cloud data 
using a high-precision map. A high-precision map is one that 
has lane-level detail and is used by autonomous vehicles for 
self-position estimation and route selection. A high-preci-
sion map reflects the actual size of parking spaces and road 
surface height. As a result, using the high-precision map’s 
parking space road surface information, the point cloud data 
in the parking space can be extracted and classified as obser-
vation points of objects and road surfaces.

The second point is an estimation method of parking 
space condition by coordinating multiple 3D-LiDARs. The 
presence or absence of point cloud data in a parking space is 
related to the parking space’s condition. After identifying the 
point cloud data in each 3D-LiDAR, the number of objects 
and road surfaces point cloud data in each parking space are 
calculated. When the same parking space is detected in a 
3D-LiDAR with different installation locations, the number 
of object and road surface observation points is summed. 
Finally, the parking space condition is estimated based on 
the number of object and road surface observation points.

The remainder of this paper is organized as follows. Frist, 
Section 2 describes the assumptions of this study. Next, Sec-
tion 3 introduces our proposed method Subsequently, Sec-
tion 4 evaluates the method in an actual environment, and 
Section 5 presents the results. Finally, Section 6 discusses 
our proposed system, and Section 7 concludes the paper.

2  Assumptions

Figure 1 shows a schematic diagram of the monitoring 
system of parking space condition assumed in this study. 
The parking lot is assumed to have a specific size, such as a 
shopping mall parking lot. 3D-LiDARs are installed at fixed 
points in various places in the parking lot. Each 3D-LiDAR 
is connected to a personal computer (PC) that processes the 
point cloud data output from 3D-LiDARs and sends detec-
tion results to a management terminal. In addition, a man-
agement terminal estimates the parking space conditions.

All PCs are assumed to have the same high-precision map 
containing parking space information. A high-precision map 
is expressed with lane level detail. Autonomous vehicles 
often use it for self-position estimation and route selection. 
The parking spaces are represented by quadrangular and 
assigned a unique ID. Each quadrangular vertex　has posi-
tion information expressed by the altitude value of the road 
surface and the coordinate value represented by the plane 
orthogonal coordinate system.

3  Proposed Method

This section describes a method for classifying point cloud 
data using a high-precision map and a method for estimating 
the condition of a parking space by coordinating multiple 
3D-LiDARs.

3.1  Classification of Point Cloud Data Using 
a High‑precision Map

The point cloud data output from a 3D-LiDAR are repre-
sented by a coordinate system with the 3D-LiDAR as the 
origin. In this data representation, it is impossible to know 
which region the point cloud data is observed. Therefore, 
the point cloud data are converted into the plane rectangular 
coordinate system similar to the high-precision map. The 
position and orientation of a 3D-LiDAR in the plane rec-
tangular coordinate system are estimated in advance using 
normal distribution transform scan matching [12], which is 
often used for self-position estimation of autonomous vehi-
cles [13].

The road surface information of the parking space on the 
high-precision map is used to classify the point cloud data 
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as observation points of objects and road surfaces. Figure 2 
shows a schematic diagram of the point cloud data clas-
sification method using a high-precision map. First, the 
parking space with the observation point is estimated using 
the parking space information on the high-precision map. 
Next, the height of the observation point and the average 
altitude of quadrangular vertices that represents the parking 
spaces on a high-precision map are compared. The height of 
observation point of the road surface and the altitude of road 
surface on the high-precision map do not completely match 
in reality due to the unevenness of the roadway surface and 

the vibration of a 3D-LiDAR. Thus, the observation points 
within a specific range from the road surface on the map are 
defined as the observation points of the roadway surfaces, 
and the observation points higher than that range defined as 
the observation points of objects.

3.2  Estimation of Parking Space Conditions Based 
on Multiple 3D‑LiDARs

As an example, the proposed method is explained using the 
environment shown in Fig. 1. Figure 3 shows a schematic 

Fig. 1  Schematic diagram of the 
monitoring system of parking 
space condition

Fig. 2  Classification of point 
cloud data using high-precision 
map
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diagram of the proposed method’s system in the environ-
ment shown in Fig. 1. A PC classifies the point cloud data 
using the method described in Section 3.1, and then sends 
the parking space ID, number of object and road surface 
observation points to a management terminal. When multi-
ple 3D-LiDARs are connected to a PC, the number of object 
and road surface observation points is combined and trans-
mitted to a management terminal. The management terminal 
integrates the number of object and road surface observation 
points with the same parking space ID.

The condition of a parking space is estimated based on 
the number of object and road surface observation points. 
Figure 4 shows that the point cloud data are classified as 
the object and road surface observation points using the 
classification method in Section 3.1. In Fig. 4, square areas 
surrounded by white lines are the parking spaces, the green 
points are the observation points of objects, and the red 
points are the observation points of the road surface. Fur-
thermore, a vehicle is parked in the left parking space, and 
there is nothing in the center and right parking space. In the 

parking spaces where the vehicle exists, there are observa-
tion points of objects. In the parking space where the objects 
don’t exist, there are no observation points of objects, only 
observation points of the road surface. So, the parking 
spaces where the number of observation points of road sur-
face below the threshold value set in advance defined as 
unknown.

From the above characteristics, a parking space condition 
is estimated as follows:

• Non-Parkable:
  A parking space where object observation points exist.
• Parkable:
  A parking space where there are no object observation 

points, and the number of road surface observation points 
is over the threshold value.

• Unknown:
  A parking space where there are no object observation 

points, and the number of road surface observation points 
is under the threshold value.

Fig. 3  Schematic diagram of the 
proposed system

Fig. 4  Definition of parking 
space condition
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4  Evaluation Experiments

The estimation accuracy of the proposed method was 
evaluated. The experiment was conducted in a parking lot 
of a public facility in Aichi, Japan. Multi 3D-LiDARs are 
installed at a fixed point in this experimental environment. 
The estimation accuracy of the proposed method was esti-
mated in various situations. The evaluation experiment was 
conducted from 11:00 to 15:00 on February 9, 2021.

The presence or absence of vehicles in each parking 
space was recorded at 1-min intervals by a camera installed 
at a position overlooking the entire parking lot. The park-
ing space condition obtained by the proposed method was 
compared with this recorded data. Then, the match rate, the 
mismatch rate, and the percentage of the proposed method 
outputting unknown (unknown rate) were calculated. The 
system was built with the robot operating system.

4.1  Experiment Environment

Figure 5 indicates the parking lot where the experiment 
was conducted. The parking lot is 20 m long and 50 m wide 

and has 55 parking spaces. In the evaluation experiment, 
three 3D-LiDARs were installed at the height of approxi-
mately 3.5 m in a position where the entire parking lot 
could be covered (see Figs. 5 and 6).

Each 3D-LiDAR is connected to a PC via a hub (see 
Fig. 7). Tables 1, 2 and 3 demonstrate the specifications 
of the PC, 3D-LiDAR, and hub used in the experiment. 
The laser irradiation unit of the 3D-LiDAR rotates 360 
degrees and goes back to its original position every 0.1 s. 
The 3D-LiDAR outputs point cloud data that summarizes 
the reflection points obtained during one rotation of the 
laser irradiation unit. The position and orientation of 
each 3D-LiDAR were estimated using normal distribu-
tion transform scan matching in advance. The position 
and orientation of each 3D-LiDAR are shown in Table 4.

Vehicle stops are installed in parking spaces throughout the 
lot. Vehicle stops are approximately 9 cm high. As a result, the 
threshold value for classification of observation points was 
set to 10 cm to ensure that vehicle stops were not recognized 
as objects. That is, observation points within 10 cm of the 
road surface height on the map are defined as the road surface 

Fig. 5  The experimental park-
ing lot

Fig. 6  3D-LiDARs installed at a 
fixed point
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observation points, while observation points higher than 10 cm 
are defined as object observation points.

The threshold value for detecting the parking space condi-
tion was defined as 10 points by a trial experiments. Parking 
space condition was estimated as follows:

• Non-Parkable:
  A parking space where object observation points exist.
• Parkable:
  A parking space with no object observation points and 

more than 10 points road surface observation.
• Unknown:
  A parking space with no object observation points and 

less than 10 points road surface observation.

4.2  Point Cloud Data Obtained From 3D‑LiDARs

Figure  8 is a visualization of the point cloud data 
obtained from 3D-LiDARs in the experimental environ-
ment. In Fig. 8, the rectangular regions surrounded by 
the white lines are the parking lot spaces, the yellow 
points are the point cloud data output by lidar a, the red 
points are the point cloud data output by lidar b, and 
the blue points are the point cloud data output by lidar 
c.Consequently, three 3D-LiDARs can detect the entire 
parking lot area. It can be confirmed that there are park-
ing spaces with sparse or dense point cloud data.It can 
also be confirmed that there are parking spaces detected 
by one 3D-LiDAR or multi 3D-LiDARs. Various situa-
tions can be created.

5  Results

Table 5 lists the match, mismatch, and unknown results 
when parking spaces are parkable or non-parkable. The 
match rate in the non-parkable space is high, but there is 

Fig. 7  Configuration of system

Table 1  Specification of the PC

Product DAIV 7N  (Mouse Computer)
OS Ubuntu 18.04.5 LTS
CPU Intel Core i9-10900K @ 3.7Ghz
GPC GeForce RTX 2080 SUPER/8G
Memory 128GB
Storage 2TB NVM Express SSD

Table 2  Specification of the 3D-LiDAR

Product VLP-16 (Velodyne Lidar)
Field of view Vertical: +15.0° to -15.0°

Horizontal: 360°
Angular resolution Vertical: 2.0°

Horizontal: 0.1° to 0.4°
Measurement range Up to 100 m
Measurement rate 5 to 20 Hz
Measurement points Approximately 300,000 points/second

Table 3  Specification of the hub

Product GS308  (NETGEAR)
Model description 8-Port Gigabit Ethernet Switch
Speed Gigabit

Table 4  Position and orientation of the 3D-LiDARs

lidar a lidar b lidar c

x [m] -11220.992 -11243.612 -11285.210
y [m] -79296.891 -79321.461 -79303.055
altitude [m] 110.822 110.523 109.734
roll [rad] -3.066 1.691 0.118
pitch [rad] -0.171 -0.151 -0.116
yaw [rad] -3.122 -3.131 3.103
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some estimation mismatch. Figure 9 presented the state 
of the parking space when the mismatch occurred in a 
non-parkable space. In Fig. 9, the place surrounded by 
the red frame is where the mismatch occurred. The green 
points represent the object observation points. Even 
though a vehicle was parked in the red frame, there was 
no object observation points, only road surface observa-
tion points. At this time, the vehicle was in the gap of the 
laser emitted from 3D-LiDAR (see Fig. 10). In addition, 
part of a laser passed under the vehicle and detected the 
road surface. So, the system determined that the parking 
space is parkable.

Figure 11 shows the condition of the parking space 
when the mismatch occurred in a parkable space. In 
Fig. 11, the mismatch occurred in the area surrounded by 
the red frame. In Fig. 11, the vehicle’s point cloud data 
extends beyond the parking space, and it can determine 
whether the proposed method’s result is correct. The pro-
posed method accurately detected the condition of park-
able parking spaces.

There are also parking spaces that could not be 
determined the parking space conditions. Figure  12 
shows the condition of the parking space that proposed 
method could not be detected in a non-parkable space. 
In Fig.  12, the place surrounded by the red frame is 
where the system could not be determined the parking 

space condition. Even though a vehicle was parked 
in the red frame, there was no observation points. At 
this time, there were vehicles in the parking space on 
both sides. The laser emitted from 3D-LiDARs did not 
impact the vehicle parking in the space due to the posi-
tional relationship between the surrounding objects and 
3D-LiDARs.

The match rate is low, and the unknown rate is high 
in parkable spaces because lasers were blocked before 

Fig. 8  Point cloud data obtained 
from 3D-LiDARs in the experi-
mental environment

Table 5  Experimental results

Parkable Non-parkable Total

Match rate 76.4% 97.8% 85.7%
Mismatch rate 1.6% 0.5% 1.1%
Unknown rate 22.0% 1.7% 13.2%

Fig. 9  The parking space at the mismatch occurs in a non-parkable 
space
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impacting the road surface due to the positional relation-
ship between the surrounding objects and 3D-LiDARs.

The proposed method can detect the parking space 
conditions except for the parking spaces which is not 
completely invisible due to occlusion and parking spaces 
with few observation points.

6  Discussion

This section discusses the technical specifications and the 
advantage of the proposed method.

Fig. 10  The positional relation-
ship between the vehicle and 
3D-LiDAR at the mismatch 
occurs in a non-parkable space

Fig. 11  The parking space at the mismatch occurs in a parkable space Fig. 12  The parking space at the unknown occurs in a parkable space
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6.1  Influence of Threshold Values

The impact of the threshold for classifying point cloud data 
and the threshold for estimating parking space conditions is 
discussed.

As the classification threshold value increases, the prob-
ability of identifying the observation points of objects as the 
observation points of the road surface increases. To properly 
classify the observation points, it is preferable to keep the 
classification threshold low. When the classification thresh-
old value is small, the probability of the parkable parking 
space being identified as a non-parkable space increases 
due to unevenness in the road surface, an error in posture 
estimation, and vehicle stop. As a result, when determining 
the classification threshold value, the approximate value is 
determined based on road surface unevenness and vehicle 
stops. The threshold value is then adjusted to account for 
sensor position and attitude error.

When the threshold value for estimating the parking space 
condition is small, the parking space condition is detected 
as a parkable space with a small number of road surface 
observation points. The unknown rate decreases, but the 
possibility of mismatch at parkable space increases. This 
threshold value must be determined by a trade-off between 
the mismatch rate and the unknown rate at parkable spaces.

6.2  Advantage of Proposed Method

The proposed method’s advantages are discussed. The pro-
posed method estimates the condition of parking spaces 
based on the number of road surface and objects observation 
points classified using a high-precision map. This allows you 
to deal with the vehicle that is protruding from the parking 
space. Sensors that cannot detect three-dimensional space 
cannot deal with this. The proposed method can respond to 
changes in the location of parking spaces in a flexible man-
ner. A 3D-LiDAR sensor measures space in three-dimensions. 
Because a high-precision map is required for autonomous 
vehicle position estimation and route setting, it will be updated 
if the parking space is changed. By reading the updated high-
precision map without changing the position of sensors, it is 
possible to estimate the condition of parking spaces.

The frequency with which parking spaces are scanned is 
determined by the time required to classify the point cloud 
data. The time it takes to classify the point cloud data is 
affected by the number of parking spaces and observation 
points. The number of parking spaces in this paper’s experi-
mental environment was 55, and the average number of point 
clouds output by a 3D-LiDAR per 0.1 s was about 14,900 
points. The point cloud data was classified in 0.04 s. The 
time required to classify point cloud data grows in direct 
proportion to the number of parking spaces and observation 
points. The processing time can be reduced by distributing 

the classification of point cloud data among multiple proces-
sors. As a result of distributed processing, even if the number 
of parking spaces and observation points increases, the time 
required to detect the condition of parking spaces does not 
increase.

The proposed method determines the parking spaces using a 
high-precious map and 3D-LiDARs. These are usually owned 
by autonomous vehicles. When the number of autonomous 
vehicles increases in the future, the parked autonomous vehicles 
are used as a fixed-point 3D-LiDAR. It is possible to increase 
the number of 3D-LiDARs without increasing the number of 
3D-LiDARs installed in the parking lot. Because the parking 
space can be detected without occlusion, the probability of 
accurately detecting the parking space condition increases.

7  Conclusions

This paper proposes a parking space condition estimation 
method using multiple 3D-LiDARs installed at various fixed 
points in a parking lot. The point cloud data output by a 
3D-LiDAR are extracted for each parking space and classified 
into object and road surface observation points using a high-pre-
cision map. The number of object and road surface observation 
points is used to estimate the parking space condition. Because 
3D-LiDARs can detect parking spaces in three-dimensions, they 
can handle the protrusion of the parked vehicle’s parking space 
and respond flexibly to changes in the position of the parking 
spaces. In the evaluation experiment, the proposed method was 
confirmed that the condition of parking spaces can be estimated 
appropriately in the parking spaces without occlusion.

The proposed method has poor accuracy in detecting the 
condition of parking spaces with occlusion. A method for esti-
mating the parking space condition by tracking and route pre-
diction using a high-precision map are considering. A method 
for estimating the condition of parking spaces without obser-
vation points using ray casting is considering.
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