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Abstract – In this paper, we propose an enhanced LiDAR-camera calibration method that extracts the 
marker plane from 3D point cloud information. In previous work, we estimated the straight line of 
each board to obtain the vertex. However, the errors in the point information in relation to the z axis 
were not considered. These errors are caused by the effects of user selection on the board border. 
Because of the nature of LiDAR, the point information is separated in the horizontal direction, causing 
the approximated model of the straight line to be erroneous. In the proposed work, we obtain each 
vertex by estimating a rectangle from a plane rather than obtaining a point from each straight line in 
order to obtain a vertex more precisely than the previous study. The advantage of using planes is that it 
is easier to select the area, and the most point information on the board is available. We demonstrated 
through experiments that the proposed method could be used to obtain more accurate results compared 
to the performance of the previous method. 
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1. Introduction 
 
In robotics, utilization of information pertaining to 

environment recognition and user commands for decision 
making is extremely important. Various sensors are used to 
recognize the environment. The most commonly used 
sensors suitable for indoor and outdoor scenario are camera 
and light detection and ranging (LiDAR). Camera can 
acquire image data, while LiDAR sensors can acquire 
accurate depth information. Single or more of these sensors 
can be used together to recognize the environment. Recently, 
the invigoration of the robots and autonomous vehicles has 
helped to boost the industry that develop sensors [1]. 

A LiDAR sensor measures the spatial position coordinates 
of reflection points by measuring the arrival time of the 
reflected laser light. The measurement is also affected by 
the reflectance of an object, as it uses the reflected 
information. A 3D LiDAR system being costly in the past, 
2D LiDAR was used as an alternate by tilting or rotation 
using a motor to acquire the information of multiple layers 
[2]. However, 3D LiDARs are becoming popular in the 
fields of robotics such as object detection and localization, 
due to the recent decline in costs. While LiDAR sensors 
have the advantage of determining the distance information 
of each point, it is hard to model some 3D object from raw 
point cloud data. 

The use of camera can provide color data by converting 
the wavelength of light reflected from the surrounding 

environment. However, it is difficult to estimate an object’s 
distance from a camera frame using a monocular camera. 
Though, it is possible to estimate the depth data by matching 
two images acquired through a stereo camera.  

Although numerous technologies using only a single 
sensor have previously been developed, it is more advent-
ageous to fuse multiple sensors for use in various 
environments because there is no algorithm using only a 
single sensor that can address all types of environments [3-
11]. 

Color and density information can be obtained from the 
camera image data. However, it is difficult to estimate the 
actual distance to the object in case of reprojection error. 
Therefore, a LiDAR and camera fusion can address the 
shortcomings of LiDAR and camera, providing dense 
imagery with depth information. This is difficult to obtain 
through a camera alone. In other words, the advantages of 
one sensor can compensate for the disadvantages of the 
other.  

A system fusing a 2D LiDAR system with a camera was 
considered due to the 3D LiDAR and sensors’ costs [12]. 
This technique calibrates by analyzing the data of the 
LiDAR and checkerboard. The checkerboard is used 
extract the intrinsic and extrinsic parameters of camera. 
The issues pertaining to the LiDAR calibration include its 
position and distance from the board as both affect the 
distance between the adjacent measurement points. Thus, it 
is difficult to robustly detect features. To solve these 
problems, Jung [13] proposed making 2.5D data by fusing 
it with a Time of Flight (ToF) camera through building a 
calibration board for easy recognition by LiDAR. A system 
that can estimate the frame between two sensors using the 
features extracted from the LiDAR and camera was built 
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using a hole in a self-made marker to effectively extract both 
the LiDAR and camera features. However, the proposed 
calibration method is not generic, and may not perform 
under different environments or sensor configurations. 
Furthermore, the technique does not address the above-
mentioned issue of LiDAR positioning.  

In recent years, more and more systems that fuse 3D 
LiDAR and a camera are being researched [7, 8, 14-19]. In 
general, extrinsic parameters are required for calibration of 
the camera and LiDAR. To this end, markers are used for 
the calibration in most cases. However, in the case of 
calibration using a marker, the accuracy is dependent on 
the marker. Therefore, few recent studies suggest enabling 
of calibration without markers, to solve the fundamental 
problems pertaining to constraints of the algorithm [15-17]. 

This paper is closely related to Dhall’s work [19], where 
the camera-LiDAR calibration is achieved by attaching a 
planar board. This method can be applied accurately in the 
situation where the board is suspended in the air. The most 
robust feature of the marker in the camera image is the 
corner. There is an exact way to find the corners of the 
image in image, we find the corner points of the marker in 
LiDAR data for matching each corner points [21]. They tilt 
the board at an angle of about 45 degrees to always get the 
four corners of the board in LiDAR data. Random Sample 
Consensus (RANSAC) is used to draw lines on LiDAR's 
dots. Due to the characteristics of LiDAR, the accuracy is 
lowered when small point noise occurs on the calibration 
board, as shown in Fig.1. To address this problem, we 
extract the corner points from the noisy data by robustly 
extracting the planar board.  

We explain and verify the proposed calibration method 
as follows. The sensor and environmental configuration 
used for the calibration is described in section II. Section 
III describes plane model fitting, rotating caliper method, 
and the proposed calibration technique. The result of a 
comparison with the conventional method using a line is 
presented in section IV, including the description on 
proposed marker extraction method. Section V concludes 
this research with the experimental results. 

 
 

2. Sensor and System Configuration 
 
The proposed method is an external calibration method 

to obtain the relative pose transformation relation between 
camera and 3D LiDAR. For this, we first obtain 3D points 
from the camera using a fiducial marker used in the AR, 
and 3D points from the 3D LiDAR using the point cloud 
information corresponding to the board with marker. We 
then obtain the transformation between the sensors through 
two 3D point sets. 

 
2.1 Camera 

 
The cameras used for robot vision digitize information 

within the field of view of a sensor through a module such 
as charge-coupled device (CCD) and store the digitized 
information as data. An RGB camera using the visible light 
range is the most widely used camera, but cameras that use 
various wavelength bands such as infrared are also used. In 
addition, studies on the use of two or more cameras 
depending on the purpose are actively underway. 

The most commonly used camera model is a perspective 
projection model that consists of a 3×3 orthogonal matrix 
representing the rotation, 3D vector representing the 
translation, and 3×3 camera calibration matrix, as shown in 
Eq. (1). The parameters of the calibration matrix consist of 
the focal length of the camera pixel unit, a skew factor, and 
a principal point. 
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2.2 3D LiDAR 

 
The 3D LiDAR used in this research shows the 

information from several 2D LiDAR sensors, which obtain 
distance information in the horizontal direction, arranged 
in the vertical direction. Each piece of information appears 
in the form of a point cloud consisting of points representing 
the 3D coordinates of the reflected surface as the scan line 
passes through, and the interval between points is widened 
depending on the distance from the sensor because it 
spreads in a radial shape. Point cloud data from LiDAR can 
be obtained through the point cloud library (PCL) [22]. 
Although LiDAR data can vary depending on the number 
of layers of a sensor, it is not easy to apply the technique of 
recognizing objects and features in dense data because the 
data are sparse on the vertical axis. Thus, it is difficult to 
perform the calibration with high accuracy. 

The reflectance of infrared rays depends on the surface 
of an object. This causes an error in the measured distance 
even though the object is located at the same place. 
Calibration is also performed between the layers as different 
errors may creep in depending on the layer [23]. 

 
2.3 Marker for calibration 

 
Extrinsic calibration often uses a camera as the primary 

 
Fig. 1. Raw LiDAR data on planar board 
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sensor. The methods are commonly divided into those that 
do not use a marker [15-17] and those that do [12-14, 18-
20]. Usually checkerboard is used to estimate the intrinsic 
parameters of the camera. Calibration by including a 
marker can obtain 3D information for the estimation of 
additional parameters. In particular, a marker can be used 
in various ways. For a sensor receiving both color data and 
depth data, the intrinsic calibration can be performed by 
making a hole in the previously used checkerboard. The 
calibration can also be performed by detecting a blob [13, 
14, 18]. In addition, it uses a marker containing specific 
information [19]. 

We used a marker containing specific information and a 
rectangular board, and conducted experiments under the 
premise that the measured value of the marker and board 
length were known in advance. Furthermore, the extrinsic 
calibration between different sensors estimated the mutual 
transformation using the common features. For this, we 
performed the calibration using the vertices of the board. 

The marker used in this research was an ArUco marker, 
which could be easily generated and used with the 
OpenCV library [24]. This marker, also known as a fiducial 
marker, is already used as an artificial landmark to 
implement augmented reality (AR). The 3D point of the 
marker center was obtained using the relationship between 
the camera and the marker from an image using a special 
marker. 

 
2.4 System configuration for calibration 

 
The extrinsic calibration between two different sensors 

is essentially a matter of obtaining the relative pose 
transformation. To do this, it is necessary to define which 
data of each sensor is used. In addition, we constructed the 
system by designing a jig as shown in Fig. 2 to fix two 
sensors and overcome the limitation of the indoor 
environment, thus reducing the errors caused by the 
configured environment.  

3. LiDAR-Camera Calibration using Rectangle 
Detection on 3D Plane  

 
This section describes a method for estimating extrinsic 

calibration parameters between a 3D LiDAR and a camera 
using a board for calibration. The conventional method 
uses the vertices of the board as the corresponding points 
between two sensors through line fitting. In the case of a 
line, it was possible to confirm that the fitting was 
relatively well performed on 2D. However, it was not easy 
to consider the inclination of the added axis on 3D. There 
were also numerous problems that could affect the 
performance compared with a simple approach. First, the 
information obtained from the outline, such as the edge of 
an object, was less accurate and affected the calculated 
vertex of the board because of the nature of LiDAR. In 
addition, the results were heavily dependent on the area 
selected by the user. There was also a problem because the 
conventional method could fail depending on the number 
of LiDAR layers contained in the outline of the board. 

We propose a method to use the plane to improve these 
issues and make the method more convenient. The user 
selects the area of the board and estimates the plane 
parameters using RANSAC. In addition, we try to make 
the most of only the point information corresponding to the 
plane by using the error value of the sensor itself as the 
threshold value of RANSAC. The inlier data is vertically 
projected on the obtained plane and assumed to have the 
points corresponding to the plane of the board. The outline 
is obtained by applying the convex hull to this point set. 
After this, the vertices of the rectangle containing these 
points with the minimum area are obtained and used as the 
corresponding points between two sensors by applying a 
rotating caliper method. 

 
3.1 Plane fitting using random sample consensus 

 
Three or more points are required to obtain a plane 

model. The plane obtains the parameters of a model using 
three points that are not on the same line[19]. The plane 
model is as follows. 

 
 0ax by cz d+ + + =  (2) 

 
The plane means a set of 3D points ( , , )X x y z , that 

pass through a given point P, are perpendicular to the 
normal vector ( , , )n a b c=

r
, and satisfy condition 

( ) 0n OX OP× - =
r uuur uuur

, where O represents the original point. 
To obtain the plane, each point is defined as 1 1 1 1( , , )x y zP p p p , 

2 2 2 2( , , )x y zP p p p , 3 3 3 3( , , )x y zP p p p and normal vectors 
perpendicular to 1 2PP

uuuur
 and 1 3PP

uuuur
 are obtained as expressed 

in Eq. (3). 
 

 1 2 1 3( , , )n a b c PP PP= = ´
r

 (3) 
 
If the point 1P  is assigned to the obtained model, d is 

 
Fig. 2. Jig configuration for sensor fixation 
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obtained as follows. 
 

 1 1 1( )x y zd ap bp cp= - + +  (4) 
 
The threshold value of RANSAC was applied within 

0.03 considering the accuracy of the sensor. 
 

3.2 Rotating caliper method  
 
The rotating caliper method was used to find the 

Oriented Minimum Bounding Box (OMBB). The OMBB is 
a bounding box with the minimum area containing the 
given polygon. This rectangle has the minimum and 
maximum values of X and Y, and it is used to obtain the 
vertex of the rectangle through these values. 

Before using this method, we need to obtain a polygon, 
and the convex hull algorithm is used for this. The Jarvis 
algorithm and Graham algorithm are well-known convex 
hull algorithms [25-27]. 

The convex hull makes a polygon containing all the 
points through non-overlapping outlines, Fig. 3 shows the 

execution of the Jarvis algorithm. Firstly, the leftmost point 
is found and then rest of the points are found counter-
clockwise, till the original starting point. Table 1 shows 
counterclockwise circling around all the points based on 
the starting point. If it is not in the counterclockwise 
direction, it should be updated. 

The execution of Graham's algorithm is shown in Fig. 4. 
It begins with choosing the starting point with the lowest x 
coordinate value, if two or more points exist with the 
lowest y coordinate. Later, the points with the smallest 
angle are sorted based on the starting point, and they are 
checked clockwise and counterclockwise in the sorted 
order. The direction is obtained using the cross product, 
while the angle is acquired through arctan function. 
Choose the first two points and the next point among the 
points in the checking order, and find a vector between the 
first included point and the remaining two points. Then, 
proceed to check the points for the direction. If it is 
counterclockwise, the corresponding point is stored. 
Repeat this step until a clockwise set is found in the middle 
of the process. If found, then delete the corresponding 
point. After this, go back to the previous point and repeat 
the process. After returning to the starting point, the 
algorithm is completed. The minimum number of points 
that satisfy the convex hull is obtained in this way. 

A comparison of Tables 1 and 2 shows that there are 
more loops in Table 1. Because of this, there is a difference 
in time complexity between the two algorithms. In the 
worst case, the first algorithm slows down the process by 

 
Fig. 3. Execution of Javis' March 

 

 
Fig. 4. Execution of Graham’s scan 

Table 1. Jarvis’ March algorithm  

Input :  
 x[1...n] - a set of x 
 y[1...n] - a set of y 
Output :  
next[i] - the index of the counter-clockwisely(CCW)  

next point of the i-th point 
prev[i] - the index of the clockwisely(CW) next point of  

the i-th point 

1 : Jarvis(x[1...n], y[1...n]): 
 2 : l=1 
 3 : for i from 2 to n: 
 4 :  if x[i]<x[l]: 
 5 :   l=i 
 6 : p=l 
 7 : repeat: 
 8 :  q=p+1 
 9 :  for i from 1 to n: 
10 :   if p!=i and CCW(p,i,q): 
11 :    q=i 
12 :   next[p] = q 
13 :   prev[q] = p 
14 :   p = q 
15 : until p=l 
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the square. Therefore, Graham's algorithm is a better 
method. 

The polygon is obtained using the above mentioned 
method. The rotating calipers algorithm is applied to 
estimate a rectangle from the acquired polygon with 
minimum area. The algorithm finds the diameter of the 
polygon by drawing a straight line parallel to the left and 
right sides of the polygon. The largest distance value while 
rotating the parallel line counterclockwise is considered as 

a diameter, as shown in Fig. 5. 
The idea of applying the rotating calipers algorithm to 

calculate the OMBB is based on the theorem that the 
relationship between the convex hull of the input polygon 
and the OMBB is that of a rectangle surrounding the 
smallest area of the polygon on the same line as one of the 
edges of the convex hull [28].  

The OMBB aims to find a rectangle with the minimum 
area as shown in Fig. 6. Thus, x and y with the maximum 
values, and x and y with the minimum values are found 
using the vertices of the initially obtained polygon, to find 
the width. Later, the angles between the points of the 
polygon are obtained, and the points constituting the 
polygon are rotated. Then, the width is obtained using the 
maximum and minimum x and y values of the points. The 
process of finding the rotation and width is repeated until 
the vertices of the rectangle with the smallest width are 
found.  

 
3.3 Calibration through plane fitting of marker 

board  
 
In general, the process is similar to that of line fitting 

method, the flow of the propose method is shown in Fig. 7. 
If the user chooses an area corresponding to the board to 
extract the marker plane, then selected area is defined as 

'L
allP . It uses 0ax by cz d+ + + = , the general plane model. 
Next, the set of inlier points used to obtain the 

parameters of each plane model is expressed as '
,

L
INm nP , 

which is represented as follows. 
 

 }{' ' ' ' '
, 1,1 1, 2,1 2,, , , , ,L L L L L

INm n IN IN n IN IN nP P P P P= L L  (5) 
 
The outlier information that does not obtain the 

consensus of the model is expressed as '
,

L
OUTm nP  and 

includes the following data. 
 

 }{' ' ' ' '
, 1,1 1, 2,1 2,, , , , ,L L L L L

OUTm n OUT OUT n OUT OUT nP P P P P= L L  (6) 
 
The residual between the additionally obtained model 

and the inlier data '
,

L
INm nP  is denoted by ,INm nr  and is 

calculated as follows. 

Table 2. Graham’s scan algorithm 

Input :  
 x[1...n] - a set of x 
 y[1...n] - a set of y 
Output :  
 next[i] - the index of the counter-clockwisely(CCW)  

next point of the i-th point 
 prev[i] - the index of the clockwisely(CW) next point of  

the i-th point 
1 : Graham(x[1...n], y[1...n]): 
 2 : find the leftmost point 
 3 : sort all other points in CCW order with respect to  

the leftmost point 
 4 : rename leftmost point to be 1 
 5 : rename other points to be 2...n in CCW order 
 6 : for i=2 to n: 
 7 :  next[i-1] = i 
 8 :  prev[i] = i-1 
 9 : next[n] = 1 
10 : prev[1] = n 
11 : p=1, q=2, r=3 
12 : repeat: 
13 :  if CCW(p,q,r): 
14 :   p=q, q=r, r=next[r] 
15 :  else: 
16 :   next[p] = r 
17 :   prev[r] = p 
18 :   next[q] = 0 
19 :   prev[q] = 0 
20 :   q = p 
21 :   p = prev[p] 
22 : until r==1 

 

 

Fig. 5. Execution of rotating calipers 

 
Fig. 6. Execution of oriented minimum bounding box 
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 , , ,
, 2 2 2

INm n INm n INm n
INm n

ax by cz d
r

a b c

+ + +
=

+ +
 (7) 

 
The 2

,INm nrå  calculated in this way is used as a squared 
error. Here, we use the model where the squared error is 
minimized. We use the following equations to confirm the 
validity of the obtained plane.  

 

 

}{
}{

( )

1 2

1 2

, , ,

, , ,

1

L L L L
x x x xn

L L L L
y y y yn

L L L
z x y

P P P P

P P P P

P c a P b P d

=

=

= - + +

L

L  (8) 

 
In addition, we can also find the normal vector of the 

plane such as N ai bj ck= + +
uur

 through the parameters of 
the plane model. We project a point set perpendicularly 
onto the obtained plane to find each vertex of the marker 
board using this. The inlier point set we already know is 
expressed as 1 1 1 1( , , )P x y z= , and the point set projected 
perpendicular to the plane is expressed as projP =  
( )' ' '

1 1 1, ,x y z . The following relations are utilized for task. 
 

 

'
'1 1
1 1

'
'1 1
1 1

'
'1 1
1 1

x x
t x at x

a
y y

t y bt y
b

z z
t z ct z

c

-
= Þ = +

-
= Þ = +

-
= Þ = +

 (9) 

 
In Eq. (9), t is the perpendicular distance from 1P  to 

the plane, and the point group projP  satisfying 
1 1 1( ) ( ) ( ) 0a at x b bt y c ct z d+ + + + + + =  is obtained. 

The rotation based on the normal vector of the plane is 
performed, and the point set is expressed as ,

L
con m nP  by 

applying the convex hull to the point set. We define the 
vertices of each board as ,

L
c m nP  by calculating the OMBB 

using this, and define the vertices set obtained from the 

camera as ,
C

c m nP . 
 

 }{, 1,1 1,4 2,1 2,4, , , , ,L L L L L
c m n c c c cP P P P P= L L   (10) 

 }{, 1,1 1,4 2,1 2,4, , , , ,C C C C C
c m n c c c cP P P P P= L L   (11) 

 
The rotation and translation relationship between sensors 

is expressed as follows. 
 

 , , _
C C L C

c m n L c m n L ORGP R P t= +  (12) 
 
For the execution of the formulas, we re-express the 

vector for translation as _
C

L ORGt t=  and calculate it using 
the following objective function. 

 

 ( )
2 4 2

, ,
1 1

( ) C L C
L c m n c m n

m n
F t R P t P

= =

= + -åå     (13) 

 
2 4 2 4 2 4

, ,
1 1 1 1 1 1

( ) 2 2 1 2C L C
L c m n c m n

m n m n m n

F t R P t P
t = = = = = =

= + -
¶ åå åå åå   (14) 

 
Ultimately, we aim to find the rotation and translation 

close to 0, and the translation is obtained as follows. 
 

 
2 4 2 4

, ,
1 1 1 1

1 1C C L
c m n L c m n

m n m n
t P R P

m n m n= = = =

= -
+ +åå åå  (15) 

 
2 4

,
1 1

1C C
c m n

m n
P P

m n = =

=
+ åå          (16) 

 
2 4

,
1 1

1L L
c m n

m n
P P

m n = =

=
+ åå  (17) 

 C LC
Lt P R P= -  (18) 

 
Subsequently, we execute the following equation to 

apply SVD to approximate the rotation. 
 

 ( ) ( ) 2

, ,
(3)

arg min
L CC C L C

L L c m n c m n
R SO

R R P P P P
Î

= - - -   (19) 

 

Fig. 7. System flow chart for proposed method 
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Each term is re-expressed as , ,

LL
m n c m nX P P= - , 

'
, ,

C
m n L m nX RX= , , ,

CC
m n c m nY P P= - . We execute the following 

expression to form a rotation matrix. 
 

 
2 4 2'

, ,
1 1

m n m n
m n

X Y
= =

-åå  (20) 

 
The trace of the square matrix of Eq. (20) is obtained as 

shown in Eq. (21). 
 

 ( ) ( ) ( )' '
, , , , , ,2T T T

m n m n m n m n m n m nTr X X Tr Y Y Tr Y X+ -  (21) 
 
Here, the rotation matrix satisfies

2 2'
, ,m n m nX X= . 

Therefore, it is re-expressed as ( )'
, ,

(3)
arg minC T

L m n m n
R SO

R Tr Y X
Î

= . 

 

 
( ) ( )

( )
'

, , , ,

, ,

T T C
m n m n m n L m n

T C
m n m n L

Tr Y X Tr Y RX

Tr X Y R

=

=
       (22) 

 
It satisfies the above equation and can be expressed as 

, ,
T T

m n m nX Y UDV= . 
 

 

( ) ( )
( )

, ,

3

1

T C T C
m n m n L L

T C
L

T C
i i L i

i

Tr X Y R Tr UDV R

Tr DV RU

d v Ru
=

=

=

=å
 (23) 

 T C
LM V RU=  (24) 

 ( )
3 3

'
, ,

1 1

T
m n m n i ii i

i i
Tr Y X d M d

= =

= £å å       (25) 

 T C C T
L LV RU I R VU= Þ =          (26) 

 
The size of the rotation matrix calculated using the above 

equations can be either det( ) 1C
L R =  or det( ) 1C

L R = -  . 
Because we want to obtain a value of one, and we have to 
use the next larger value in the case of -1, '

, ,( )T
m n m nTr Y X =  

1 11 2 22 3 33d M d M d M+ +  is 1 2 3d d d³ ³ , and 1iiM £ . 
Therefore, the final expression for the rotation matrix we 
want is C T

L R UCV= , and C becomes the matrix as follows. 
 

 
( )( )

1 0 0
0 1 0
0 0 det T

C
sign UV

é ù
ê ú

= ê ú
ê ú
ë û

 (27) 

 
 

4. Experiments 
 

4.1 Definition of experimental environment 
 
Experiments were conducted in an indoor environment 

as show in Fig. 8(B). The relative position between the two 
sensors was fixed by building a jig considering the field of 
view of VLP16 and the field of view of the camera to 
conduct the experiments. The distance between the board 
and sensor was kept at approximately 1 m. The size of the 
marker is expressed in Table 3 and Fig. 8 (A). Through the 
camera, the 3D coordinate information corresponding to 
the center of the marker was obtained, and the vertex of 
each board was obtained using the size of the board. To 
obtain the vertex of each board through LiDAR, line fitting 
was first performed in the outline area of the board, and 
then plane fitting was also performed in the area 
corresponding to the board. The board was rhombus-
shaped, which was necessary to obtain the outline of each 
board because of its small vertical resolution due to the 
nature of LiDAR. Experiments were conducted only when 
at least four layers were overlapped for each outline. In 
addition, the intensity of reflected light can vary depending 
on the color since LiDAR uses infrared reflections. The 
board was expanded with a single color to use this feature, 
and the outline of the board was easily identified through 
normalization.  

 
4.2 Experimental methods  

 
Experiments were conducted using the conventional 

method where the user selected the area corresponding to 
the outline of the board to obtain the vertices by line fitting 
through RANSAC for the selected points, and using the 
proposed method where the user selected the area 
corresponding to the board to obtain the vertices by plane 
fitting through RANSAC, as well as using the convex hull 
and rotating calipers algorithm. 

In the line fitting method, the reflection intensity was 
normalized from 0 to 1, thus making the outline of the 

Table 3. Size of marker and board [m]  

parameter left marker right marker 
A1 0.484 0.49 
A2 0.468 0.468 
B1 0.04 0.04 
B2 0.05 0.05 
E 0.205 0.205 

 

 
Fig. 8. Size measurement location of marker and board (A) 

and Experimental environment (b) 
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board easily distinguishable for the user to select it. In the 
case of plane fitting, the vertices of each board were 
calculated by converting them into 2D using a normal 
vector and then returning them to 3D. 

As shown in Table 4 and Fig. 9, the experiments 
included six cases that were prepared by rotating the left 
and right boards, respectively. 

 
4.3 Experimental results 

 
4.3.1 Comparison experiments for line-based and plane-

based methods  
 
This section discusses experiments that were conducted 

to compare how the line-based and plane-based methods 
obtained the vertices of the board. Both methods approxi-
mated the model through user intervention. However, 
because the area was selected multiple times in the line-
based method compared to the plane-based method, the 
board could be shaken as a result of surrounding factors, 
which had a huge effect on the performance. In the case of 
the plane-based method, even if the board was shaken a 
little, a more robust calibration could be performed 
compared to the line-based method after the surrounding 
area was expanded a little more. 

The line-based method well approximated the model in 
the 2D space. However, when it was extended to 3D, there 
were numerous data points that included error in the board 

outline due to the extended axis and the nature of the 
sensor. Therefore, the obtained vertices were less accurate. 
On the other hand, the plane-based method was less 

Table 4. Direction of marker rotation according to case  

case # Direction of marker rotation 
case 1 no rotation no rotation 
case 2 counterclockwise no rotation 
case 3 Clockwise no rotation 
case 4 Clockwise counterclockwise 
case 5 no rotation counterclockwise 
case 6 no rotation clockwise 

 

 
Fig. 9. Marker placement according to case 

 
Fig. 10. Vertices of rectangle according to two methods in 

case 1 ((a) line fitting, (b) plane fitting)  
 

 
Fig. 11. Vertices of rectangle according to two methods in 

case 2 ((a) line fitting, (b) plane fitting) 
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affected by the board outline than the line-based method 
because the point data corresponding to the board area had 
the shape of a plane. Therefore, more accurate vertices 
were obtained as show in Fig. 10-15. 

 

 
Fig. 12. Vertices of rectangle according to two methods in 

case 3 ((a) line fitting, (b) plane fitting)  

 
Fig. 13. Vertices of rectangle according to two methods in 

case 4 ((a) line fitting, (b) plane fitting) 

4.3.2 Vertices of each board obtained through each method  
 
This experiment compared the obtained vertices of each 

board described in section 4.3.1 based on the camera, 

 
Fig. 14. Vertices of rectangle according to two methods in 

case 5 ((a) line fitting, (b) plane fitting)  
 

 
Fig. 15. Vertices of rectangle according to two methods in 

case 6 ((a) line fitting, (b) plane fitting) 
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LiDAR, and measurement data. Fig. 16(a) shows the errors 
in the z-axis when using the line-based method compared 
to the plane-based method. Moreover, Fig. 16(b) shows 
relatively fewer differences compared to the plane-based 
method’s result. 

 
4.3.3 Translation obtained through each method  

 
This experiment schematized the translation between 

two sensors using the corresponding points obtained from 
the previous experiment. In this experiment, the translation 

was repeatedly obtained for the data obtained after the user 
selected the area for model fitting. 

When using the line-based method, unstable values were 
obtained, as shown in Fig. 17 because the initially obtained 
vertex of the board was not consistent. However, when 
using the plane-based method, the vertex of the board 
changed very little because it was less affected by the 
exterior angle of the board. In addition, we could easily 
confirm the distribution of the results of the two methods 
by expressing the translation values obtained in 3D 
coordinates through each iteration as show in Fig. 18. 

(a)

(b)

(a)

(b)

(a) (b)

(a) (b)

(a)

(b)

(a)

(b)

 

(a) (b)

(a) (b)

(a)
(b)

(a)

(b)

(a)

(a) (b)

(b)

 
Fig. 16. Comparison of vertices of rectangle obtained in case 1-6 

 

(c) (c) (c)

 

(c) (c) (c)

 
Fig. 17. Comparison of translation between two sensors obtained in case 1 – 6 
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Fig. 19. RMSE between two sensors in case 1 - 6 

 
4.3.4 Root mean square error (RMSE) obtained through 

each method  
 
In this experiment, an external calibration was 

performed to obtain the positional correlation of the 

LiDAR based on the camera. In this evaluation, the 
propose method used to obtain the root mean square error 
(RMSE) of the vertices of the board obtained from the 
camera and the vertices of the board obtained from the 
LiDAR was shown to be more precise then conventional 
method. The evaluation results are shown in Fig. 19. 

 
4.3.5 Translation obtained through Gaussian noise case  

 
In this experiment, Gaussian noise is added to the sensor 

data to evaluate performance of the proposed algorithm. 
The side view of the calibration board is shown in Fig. 20. 
In conventional method, this algorithm is sensitive to noise 
at the edge of the board noise. As shown in Fig. 21 (a)-(e), 
the proposed method is closer to the actual target value 
even with noise mixed data. If the mean value is adjusted, 

case4 conventional/propose method translation in 3D space

0.2
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0

-0.1-0.3
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-0.1
-0.6

-0.5
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[m

]

conventional method
propose method
measurement

case3 conventional/propose method translation in 3D space
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0.1

x [m]
0

-0.1-0.3
-0.2

y [m]

-0.1
-0.6

-0.4

-0.5z 
[m

]

conventional method
propose method
measurement

 
Fig. 18. Comparison of translation between two sensors obtained in case 1 - 6 (3D) 

 
Fig. 20. Different cases of Gaussian noise, this picture 

show side view of calibration board 
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then position of the board changes, and changes in the 
deviation value, results in more bounced point cloud. 

Results are still observed to be correct but less accurate 
than previous experiment. 

   
(a)                              (b)                              (c) 

     
(d)                                 (e) 

Fig. 21. Comparison of translation between two sensors obtained in (a) case b, (b) case c, (c) case d, (d) case e and (e) case f 
 

   
(a)                              (b) 

  
(c)                              (d) 

Fig. 22. Comparison of rotation between two sensors obtained in (a) case a, (b) case b, (c) case c, (d) case d 
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4.3.6 Translation obtained through rotated cases 
 
In this experiment, the calibration board was rotated to 

test whether the proposed algorithm could be robustly 
calibrated. By rotating the calibration board, the corner 
points of the calibration board can be distorted in the image, 
and it is experimentally demonstrated that the calibration 
algorithm handles such noisy environment. As shown in 
Fig. 22 (a)-(d), the calibration result is more unstable than 
the previous result. However, as the number of iterations 
increases, the proposed method is closer to the actual target 

value even in the rotated data. 
 

4.3.7 Translation obtained through other method   
 

In this experiment, we show the results of comparison 
experiment with stereo camera and 3D LiDAR calibration 
method. This method extracts the extrinsic parameters by 
detecting the edge component of the calibration board 
using depth information on the image using stereo disparity 
information [29]. We did not use the depth data in image, 
but our method is also accurate. The evaluation result is 
shown in Fig. 23. 

 
 

5. Conclusions and Future Research 
 
This paper proposed an extrinsic calibration method 

using a camera and 3D LiDAR. The core of the proposed 
method is to accurately obtain the vertices of a board that are 
not obtainable because of the resolution between the LiDAR 
layers. The conventional methods use the intersection point 
of the line, producing good results only when sufficient 
data that can be clearly distinguishable with the naked eye 
is present in the outline. In addition, the models used are 
not suitable for the obtaining point clouds. The proposed 
method uses suitable models with a small number of 
models compared to the line-based methods. Therefore, the 
proposed method is little affected by the errors caused by the 
fitting. In addition, if the user can properly distinguish the 
outline, there is no problem obtaining the result. However, 
at least one layer is needed in the outline, as our method 
does not interpolate points between layers. The easiest way 
to check the performance of the propose method is to 
check the RMSE results of both methods. In the case of 
the line-based method, the obtained vertices differed 
depending on the number of iterations, and it could be 
confirmed that there was a large error. 

In future research, we are going to address the issues 
caused by application to real vehicles with the aim of 
performing extrinsic calibration between a more accurate 
camera and 3D LiDAR. We will also perform research 
on obtaining the data set corresponding to the board and 
calculating the vertices of the board without user 
intervention. 
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