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Abstract— This work focuses on finding the extrinsic parameters
(rotation and translation) between Lidar and an RGB camera
sensor. We use a planar checkerboard and place it inside the
Field-of-View (FOV) of both sensors, where we extract the
3D plane information of the checkerboard acquired from the
sensor’s data. The plane coefficients extracted from the sensor’s
data are used to construct a well-structured set of 3D points.
These 3D points are then ’aligned,” which gives the relative
transformation between the two sensors. We use our proposed
Correntropy Similarity Matrix Iterative Closest Point (CoSM-
ICP) Algorithm to estimate the relative transformation. This
work uses a single frame of the point cloud data acquired from
the Lidar sensor and a single frame from the calibrated camera
data to perform this operation. From the camera image, we
use the projection of the calibration target’s corner points to
compute the 3D points, and along the process, we calculate the
3D plane equation using the corner points. We evaluate our
approach on a simulated dataset with complex environment
settings, making use of the freedom to assess under multiple
configurations. Through the obtained results, we verify our
method under various configurations.

I. INTRODUCTION

Multi-sensor autonomous systems are generally designed on
a predefined setup where the sensors are placed at known
locations relative to each other [1]. Since the sensors’ relative
translation and rotation components are already known, it
does not necessarily involve any calibration. However, mod-
ern autonomous systems with unique designs and sensors
placed at different configurations demand automatic and
efficient calibration methods for multi-sensor setups [2], [3].
Calibration in a multi-sensor system is essentially to find the
relative transformation between the sensors. With our focus
on autonomous navigation, lidar and camera configurations
are explicitly designed to the requirement of the system
and need to be calibrated (finding the relative rotation and
translation between the two sensors) for efficient autonomous
navigation [4]-[9]. This task is particularly important in
many field robotics autonomous systems, e.g. in defense
[10], [11], robotic manipulation [12]-[15], intelligent trans-
portation systems [16], [17], object tracking [18], [19], civil
infrastructure inspection [20]-[24], construction and mining
[25]-[27] sectors.
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The source code of our implementation is available at the ARA lab’s
github: https://github.com/aralab-unr/Lidar-Cam-Calib

Lidar and camera calibration is a well-studied problem, and
most of the previous approaches require calibration cards
or some well-defined calibration objects [4], [28]-[37].
Figure 1 shows a simple lidar camera configuration setup.
A calibration card is placed in the Field-of-View (FOV) of
both the sensors. Extracting features from a checkerboard is
convenient, making a planar checkerboard one of the most
widely used calibration objects. Most of these approaches
have emphasized placing the calibration objects in the FOV
of both the sensors. Finding the correspondences between
the lidar and the camera data points is crucial for efficient
lidar and camera calibration [38]. The correspondences are
calculated either manually or automatically using feature
extraction algorithms. The accurate estimation of the cor-
respondences is essential for efficient calibration.

Calibration Target

Fig. 1: Sample lidar and camera configuration setup, a
stereo camera setup, with only the images from the left
camera being used for our work: C. is the camera coordinate
frame (here we consider the left camera center of the stereo
camera’s coordinate frame), and L. is the lidar coordinate
frame. The objective is to compute the transformation 7T’
between L. and C..

The earlier method proposed by Zhang and Pless [28]
aimed to calibrate a 2D laser and a monocular camera,
and they used a planar checkerboard pattern to achieve
that. Their approach involved placing the checkerboard in
front of the 2D laser and the camera with different poses.
The relative transformation was calculated by minimizing
the re-projection error of features of the checkerboard as
viewed by the 2D lidar and the camera. Their algorithm
required at least five poses, whereas, in theory, the extrinsic
calibration could be achieved in 3 poses. Unnikrishnan
and Hebert [39] extended this method to a 3D laser, in
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which they estimated the plane parameters from the 3D
lidar and the camera data. In their approach, the initial
rotation and translation were calculated using plane-plane
correspondence and later refined by minimizing the point
to plane distance. Another work proposed by Geiger et al.
[40], placed several checkerboards on the scene where their
proposed algorithm detected the checkerboards and matched
them with the planes from the laser data. Since there were
several checkerboards in the scene, one shot of the scene
could be enough. Most of these methods involve the use of
plane information of the checkerboard and do not consider
the boundary of the checkerboard. Work by [41] requires
fewer poses of the calibration target and has shown accurate
results. Therein, the checkerboard was placed closer to the
sensor, allowing the laser point to approximate the boundary
more accurately, and hence it showed high accuracy. The
authors introduced a similarity transformation between the
lidar and the camera, which showed better results than using
rigid transformation.

Apart from the planar checkerboard, researchers also used
several other calibration objects for the calibration method
[42]-[45]. In [31], with a polygonal board, the calibration
parameters were estimated using the vertices of the board.
However, in the camera frame, it involved manual label-
ing of the correspondences. These correspondences were
used to estimate the calibration parameters with a genetic
algorithm-based approach. Other approaches [32]-[34] have
used planar boards with rectangular holes, planar boards with
circular holes, and other 3D objects. One of the drawbacks
of the above methods is that they are all laborious and time-
consuming.

In addition to the approaches mentioned above, several
target-less or no object-based calibration techniques have
been proposed as well [46]-[48]. Initial work by Scaramuzza
[49] has introduced the use of natural scenes when calibrating
a 3D laser and an omnidirectional camera. The features were
extracted automatically from the sensor data based on their
algorithm, and they manually selected the correspondence
between the features. Another work by Moghadam [50] ex-
ploited the linear features present in the indoor environment.
It used the 3D line features from the point cloud and the
corresponding 2D line segment from the camera to estimate
the rigid body transformation between the two. Boughorbal
[51] proposed to maximize the correlation between the sensor
data using a chi-square test. This technique was based on
the statistical dependence of the data acquired from the
two sensors. Levinson and Thrun [52] used a series of
corresponding laser scans and camera images to estimate the
calibration parameters. In [53], similar mutual information
metrics between the two sensors’ data were adopted by
measuring the statistical dependence between the data [54].

Pandey [53] proposed a theoretical derivation that estimates
the kernel density of the probability distribution of the sensor
data. Scott [54] suggested an approach for automatic calibra-
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tion using diligently selected natural scenes. This algorithm
could search over the chosen locations to extract models and
yield better results. This approach has advantages in that it
requires no knowledge of the physical world and continu-
ously finds scenes to constrain the optimization parameters.
Notably, Jeong et al. [55] exploited known features, such
as road markings, captured by both the lidar and the stereo
sensors and used a multiple cost function for robust optimiza-
tion even with rough initial values. Their work considered
the road as a reference for computing the transformation.
However, it should be done in a controlled environment, is
time-consuming and requires significant effort to obtain the
transformation parameters.

In this paper, we propose an easy and efficient procedure
to perform the lidar and camera calibration using a checker-
board calibration target. Similarly to [56], in our approach,
we first compute the planes’ coefficients by using the data
from both the lidar and the camera data. Next, these coeffi-
cients are used to build a well-structured set of 3D points
residing in that plane. But here, our recently-developed
Correntropy Similarity Matrix (CoSM ICP) approach is used
to align the constructed set of 3D points and then, to compute
the relative transformation between the sensors. In essence,
the significant contributions of our work are outlined as
follows:

e A new algorithm developed to find planes of the
checkerboard pattern acquired from both the lidar and
the camera sensor’s data.

o We propose to compute the plane coefficients separately
from the data of both sensors.

o From the coefficients obtained, we determine the plane’s
location and populate it with structured data points.

o Our proposed algorithm only needs to populate a limited
number of points for the plane to plane matching.

e Our CoSM ICP approach is leveraged to perform the
alignment and derive the relative transformation.

The remaining paper is organized as follows: Section II
describes the proposed methodology and its implementation.
The results and evaluation analysis are included in Section
III. The discussion is given in Section IV. A conclusion is
drawn in Section V.

II. PROPOSED METHODOLOGY

In this section, we provide detail of our lidar-camera calibra-
tion method and describe the steps involved, correspondingly
to the data acquired from the 3D lidar sensor and the camera
data. The overall procedure in our work is shown in Fig. 2.
As can be seen therein from left to right, Fig. 2 initially
shows the simulated scene setup that includes a lidar and
a camera separated by a certain transformation. We acquire
only a single frame of the lidar’s 3D data and the camera’s
2D image data, which contains the calibration target in its
view. For the 3D lidar sensor, we manually select the region
containing the 3D points corresponding to the calibration
target (checkerboard). For the camera’s 2D data, we assume
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Fig. 2: Flowchart of the proposed approach.

that the camera has been calibrated, which means that the
camera’s intrinsic parameters are already known. We project
the 2D corner points to 3D points in the world frame.
We discuss this process in more detail in subsection II-B.
Here, it is convenient to use the same calibration target for
performing the camera calibration with the key point being
to determine the plane coefficients acquired from the lidar’s
3D data and the camera’s projected 3D points. We compute
the plane coefficients for the manually selected region of
the lidar data using Random Sample Consensus (RANSAC).
Using the camera’s data, we compute the corner points of
the checkerboard. We then project the corners points in 3D
space in the world frame using the intrinsic and extrinsic
parameters to compute the plane coefficients of these 3D
projected corner points. We construct a well-structured set of
points using the plane coefficients, computed independently
from the lidar and the camera data. Our CoSM ICP approach
is applied to compute the transformation between these
constructed point sets. The transformation computed by the
CoSM ICP eventually returns the relative transformation
between the lidar and the camera sensors.

A. Lidar data processing

Using a single calibration target is relatively easy and in-
tuitive for extrinsic calibration between multiple sensors.
As mentioned earlier, the first step for our procedure is to
capture the 3D points of the lidar data. From the 3D data, we
manually pick the region containing the points corresponding
to the calibration target and ignore the rest. The selected data
contain points of the calibration target, which is effectively
a plane. Other automatic approaches, like distance filtering,
can be used for this process. The user can deliberately pick
the region for complete control. Now, from this ’selected’
point set, one can get the corresponding plane coefficients.
For this, RANSAC is our choice, which determines the best-
fit plane of 3D points using inliers. The following steps are
adopted for our work:

« Randomly selects 3 points from the ‘selected’ 3D lidar
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points.

o Compute the plane equation using these 3 points.

o Compute inliers by using the computed plane with all
other 3D points.

o Repeat the process with the highest inlier ratio.

For this setup, we set the maximum iterations for our
RANSAC algorithm as 1000. Any 3D points that are within
10mm from the plane are considered inliers. The inlier ratio,
which crosses 90% or more, is considered as a best-fit
plane. The plane equation computed from the lidar points
is obtained as a;x + bjy + ¢;z + d; = 0, where a;,b;,¢; and
d; represent the coefficients of the plane.

B. Camera data processing

This section details the process of computing the 3D plane
equations of the calibration target using the 2D image data
acquired from the camera. In this work, we assume that the
camera is already calibrated. We know the intrinsic param-
eters o, oy, To, Yo, Where ag,a, represents the camera’s
focal length in terms of pixel dimensions and xg, yo represent
the principal point in the pixel dimensions. The parameters
are described in the matrix form denoted as K. We ignore
the skew, radial, and tangential distortion since we operate in
a simulated environment. The checkerboard corners are com-
puted using OpenCV findChessboardCorners function,
based on the algorithm by Duda and Frese [57]. After the
corner point detection, we use the well-known PnP algorithm
to compute the pose of the calibration object from 3D-
2D point correspondences. The result of PnP gives us the
rotation and the translation components that transform a 3D
point expressed in the object coordinate frame to the camera
coordinate frame. To this end, we use an iterative method
based on the Levenberg-Marquardt optimization method to
minimize the reprojection error. From the set of 3D computed
corner points of the checkerboard pattern, we select three
random points and transform them from the object frame to
the camera frame using the rotation and the translation com-
ponents computed from the PnP method. Let the 3 randomly
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selected points be py = {x1,y1,21}, p2 = {x2,y2, 22} and
ps = {3, ys, z3}. We compute the normal vector 7 as,

M

where X is the cross product in Equ.(1). The coefficients
of the plane a.x + b.y + c.z + d. = 0 computed from the
camera points are then obtained as,

= (p2 —p1) X (p3 — p1),

a. = n.z,
b. = n.y,

o @
Ce = N2,

de = —(axpr.x+b*xpry+c*pi.z),

where * denotes multiplication and . represents the individual
components in a vector.

C. Transformation estimation

We compute the transformation between these sensors from
the plane equations calculated for both the lidar and the
camera data. In this step, we use the calculated plane
equations to populate the planes with a fixed number of
points separated by a known distance (e.g., 100 points).
The point sets generated from this process can be ’aligned.’
Figure 3 shows typically the structured set of points. The
computed transformation is between the lidar and the camera
sensor. The primary reason for this process is that the number
of points in the lidar point set is different from the number of
points in the computed 3D points from the camera. An equal
number of points is required for alignment. We describe our
CoSM ICP approach to compute the transformation between
the lidar and the camera data points in the following.

Fig. 3: Structured set of points: Green is the Source point
cloud Py (as computed from lidar points). Py contains NV
points p; (j = 1, .., N), each of which is a 3D representation
x;,%j,2;. White is the Target point cloud Py (as computed
from camera data). Py contains IV points qx (k= 1,..,N),
each of which is a 3D representation xy, yi, 2k.

D. Correntropy similarity matrix with iterative closest point
algorithm

The idea of Correntropy coming from our previous work is
applied to the well-known ICP algorithm [58]. Traditional
ICP [59] describes the alignment of point clouds such
that the Mean Square Error (MSE) between point sets is
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minimized. The MSE is the key criterion of convergence in
ICP and its variants. The ICP revolves around the problem of
aligning point sets Py and Py, defined as P, = {[pj]j-vzl}
and Py = {[qi|i_, }, respectively. Our goal is to best align
Source point set Pg to Target point set (or a model point
set) P¢. This leads to finding the appropriate rotation and
translation between the two point sets, such that the Root
Mean Square Error (RMSE) error between the two point
sets is minimized (or is bounded within a defined threshold).
This process is commonly known as registration between
the Source Py and the Target P. Now, the problem can be
formulated as to find the best rotation R and translation tr
such that the MSE, €2, between two point clouds (Pg and
P¢) is minimized, i.e. mathematically,

N
e? = Z lp; — (sRax + t1ﬂ)\|27
Jk=1

3

where s is the scaling component. p; € Py is a point in the
Source point set, and q; € P, is a point in the Target point
set (j,k=1,...,N). It is well known from Arun et al. [59]
that initially the corresponding points between Source and
Target point sets are computed as the shortest point from each
point in the Source dataset to the Target dataset. This can be
efficiently done using the k£ — d tree data structure. Here,
we introduce an additional parameter using the Correntropy
criterion to find the similarity metric between points. Now,
we say that for a Source point index ¢ the corresponding point
index in the Target point set is ¢(i), where ¢ is the vector
of corresponding points from Source to Target. (Note: we
do not perform reciprocal correspondence, i.e., from Target
to Source). We compute the similarity from the difference d
between the two corresponding points Pg and P as

d = Ps(i) — Pe(c(2)),

1 (de)
—exp(=——).
(ZWU)% 202
Here, D is the dimension with D = 3 in this case [60].
Now, we can create a similarity matrix SM between the
Source and the Target points based on the similarity metric
(4). Intuitively, the size of the similarity matrix is N X V.
In every iteration we initialize the value of this similarity
matrix at zeros and update them in every iteration based on
the similarity metric (4). Its elements are defined as,

SM(i, e(1)) = Go(Ps(i) — Py(e(d))),
SM(c(i), 1) = Go(Ps(i) — Pe(e(i))).
The similarity matrix SM is used in the computation of the

rotation component. The centroids of both point clouds, the
Source and Target, are computed as,

1 N
szzv
) Z;l
N;qm

B @)

Go(Ps(i) — Pe(e(d))

&)

SCEH
(6)

teen =
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where Scen and teen are the computed centroid of the Source
and Target data set, respectively. The difference is computed
between the computed centroid Scen and the individual
Source points. The same procedure is followed for the Target
points. Those differences are thus written as,

p1’, = pz — Scen;
qj = qj - tcen~

The Singular Value Decomposition (SVD) for finding the
rotation component is based first on finding the following
matrix:

O]

N
H=> p;SMq”, ®)
i=1
where the similarity matrix SM is of size N x NN, and the
size of p’, q' is 4 x N (under homogeneous transformation),
resulting in the dimension 4 x 4 for matrix H. The rest of the
algorithm is to proceed with the SVD of matrix H determined

conventionally by

H=UAV". )
Now the Rotation component is computed as,
R=VU". (10)

The determinant of matrix R must be a positive integer.
The translation component tr is simply computed as the
difference of the centroids, i.e.

QY

Algorithm 1 describes the entire procedure of our proposed
method. Algorithm 2 describes how the shot noise or impulse
noise is generated.

tr = Scen — tcen-

III. RESULTS

We performed our initial evaluation in a simulated environ-
ment provided by Open Robotics [61]. To demonstrate our
results, we start with a basic dataset containing simulated
lidar data and camera setup (mounted on a simulated Prius
model car) established in a virtual environment in Gazebo,
which is shown in Fig.4 (a) and (b) [62]. The primary reason
for selecting this simulation setup is to compare our results
since we know the ground truth. This setup contains other
environmental complexities like buildings and cars (apart
from the calibration card) and simulated lighting conditions.

Our experiments test the results with a linear transformation
ranging from 0.05m to 2.5m (along z,y, z axes). We set up
a simple test case of lidar-camera, where the stereo camera
faces the calibration target and is placed near the lidar sensor
under various configurations (e.g., 5cm along the y axis of
the lidar sensor or t = [0,0.05,0.0]). Here, we intend to
calculate the transformation between the camera (C.) with
respect to the lidar’s frame L.. The camera has a resolution
of 1280 x 720, and since we use a simulated setup, we
ignore the radial and tangential distortion (both were set to
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Algorithm 1 CoSM Algorithm for Lidar-Stereo Camera
Calibration
1: function READDATASETS(Pg,Py) > Read the Source
and the Target datasets.

2: while not converged do

3: ¢ < ComputeCorrespondence(Pg, Py). >
Compute Correspondence

4: SM = zeros(N, N) > Initialize N x N

Similarity Matrix to all zeros.
5 for i < 1 to N do
6 d = Ps(i) — Pe(c(i)).
7: Compute GG, as shown in Equ.4.
8 SM(i, e(i)) = Go(Ps(i) — Pe(e(i))).
9 SM(c(i), i) = Go(Ps(i) — Py(e(i))).

end for
11: Compute centroids as given in Equ.(6).
12: Compute the differences as given in Equ. (7).
13: Compute H Matrix as given in Equ. (8).
14: Compute SVD of H as given in Equ. (9).
15: Compute R as given in Equ. (10).
16: Compute tr as given in Equ. (11).
17: end while

18: end function

Algorithm 2 Algorithm to generate shot noise/impulse noise.

1: function GENERATEOUTLIERS(mn, max)> Function
to Generate outliers.

2: N=100

3: meanidx=GenerateRandomNumers(min,max,N)

4: varianceidx=GenerateRandomNumbers(0.01,100,N)
5: for i < 1to N do

6: vals=GenerateNumbers(meanidx[i],variancedx][i])
7: SaveFile(ml)

8: end for

9:

noisevals=PickRandom Vals(vals)

0). In this scenario, we can evaluate our approach on multiple
configurations given the known ground truth, as can be seen
in Fig. 4. In this case, our problem statement is defined as
finding the transformation between the Lidar(L.) and the
camera(C..) setup by using our proposed methodology. This
setup provides a basic test case to verify our algorithm, which
can be extended to complex real-time test cases.

A. Evaluation on Simulated data

The various configurations for our experiments are shown in
Table 1. It shows the original ground truth transformations
between the lidar and the camera sensor. We place the
calibration target at an average distance of 2-3 m from the
calibration target throughout our experiments. This distance
is in accordance with the lidar coordinate frame (L.).

For further evaluation, we show the average error in mul-
tiple configurations as obtained in the experiments. Figure
5 depicts the average error of the individual components
of the rotation and translation components under various
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Fig. 4: Simulation setup for evaluating lidar-camera cali-
bration under multiple configurations: (a) denotes a gazebo
simulation of Prius car model with lidar and stereo camera;
(b) denotes the TF-frames of the lidar and camera. The
link ouster_link is the reference frame for lidar; (c) and
(d) denote TF-frames of multiple configurations of lidar-
camera setup. t = [t,,1,,t.] denotes the translation com-
ponent along z,y, z. It essentially denotes how the camera
is transformed with respect to the lidar sensor along z,y, 2
For (c) the translation between the lidar and the stereo sensor
is t = [0,0.5,0.0], and for (d) it is t = [—0.5, 0.5, 0].
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TABLE I: Configuration setups used in our experiments (or
Ground Truth).

‘ Setting ‘ ty(m) ‘ t,(m) ‘ t.(m) ‘ roll (rad) ‘ pitch(rad) ‘ yaw(rad) ‘

1 0 0.4 0.0 0.0 0.0 0.0

2 0 0.1 0.0 0.0 0.0 0.0

3 0 0.05 0.0 0.0 0.0 0.0

4 0 0.6 0.0 0.0 0.0 0.0

5 0 1.2 0.0 0.0 0.0 0.0

6 0 2.2 0.0 0.0 0.0 0.0

7 0.5 0.5 0.0 0.0 0.0 0.0

8 —0.5 1.5 0.3 0.0 0.0 0.0

9 —0.5 0.5 0 0.0 0.0 —0.0
10 0.5 0.5 0 0 0 —0.523599
11 0.5 0.5 0.3 0 0.349066 | —0.523599
12 0.3 0.6 0.4 0 0.349066 | —0.523599
13 0.2 0.3 0.2 0.261799 0 —0.523599
14 0.7 0.2 0.9 0 0.349066 0

configurations. From the experiments performed with the
results Fig. 5, we can see that under simple translation along
x,y, z axes, our algorithm displays good performance with
individual RMSE’s ~ 0.01 for all the individual components.
Even under small rotations, our approach returns relatively
close values (RMSE ~ 0.02) compared to the ground truth.
However, when the transformation between C,. and L. is
significant (>60 degrees or 1.0472 radians), the overall
RMSE increases and the computed transformation appears
to deflect from the ground truth values (RMSE >6.891).
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Fig. 5: Translation and Rotation errors of individual compo-
nents (z,y, z and roll,pitch and yaw) under various configu-
rations compared to ground truth.

One of the critical observations here was to accurately esti-
mate 3D points computed from the camera setup. Throughout
the experiments, datasets were collected for all the individual
configurations as presented in Table I. Here, we deliberately
selected each dataset having a good collection of 3D point

Authorized licensed use limited to: UNIVERSITY OF NEVADA RENO. Downloaded on February 04,2023 at 21:07:47 UTC from IEEE Xplore. Restrictions apply.



sets with less visible outliers. It is expected that with further
advancements in 3D depth estimation, we can get more
accurate and robust results.

As with a simulated setup, it could be simple to have a
lidar sensor, a camera setup, and a calibration target. Since
our primary goal was to have an effective calibration tech-
nique under various environments, we plan to evaluate our
approach in real-time. Testing a lidar and a camera setup un-
der different configurations is however time-consuming. As
such, in our simulated environment, we added environmental
complexities and verified the merits of our approach. A user
can select the region in the 3D point sets corresponding to
the calibration plane. Since it is essential for the algorithm
to have accurate plane coefficients, a manual selection can
provide complete control.

IV. CONCLUSIONS

This work proposes a novel algorithm for efficient calibration
of Lidar-Camera sensors by using a single frame from
the lidar data and 3D points estimated from the camera
data. Our approach can avoid using multiple poses of the
calibration target since it only needs one frame for data
of both the lidar and the camera. The later steps involve
manually selecting 3D lidar points and estimating the plane
coefficients from the lidar data, as well as automatically
detecting the planes via the checkerboard corners from the
camera data. Once the computed plane coefficients have been
obtained (from both the sensor’s data), we construct a well-
spaced 3D point structure. In the procedure, we propose to
use our recently-developed methodology, the CoSM ICP, to
compute the transformation between the ‘structured’ points,
thereby accomplishing the calibration purpose. Experiments
on a standard simulated environment have indicated that
CoSM ICP is robust to rotations and translations, which
could aid in computing the transformation between the lidar
and the camera frame. The results have shown a positive
approach towards a single frame lidar-camera calibration
with promising results in the transformation computation
between the lidar and the camera sensor. It would benefit
the community to validate our approach for their own lidar-
camera setup in real-time environments.
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