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Abstract— As autonomous systems evolve, the precise cali-
bration of lidar and camera sensors remains a pivotal concern.
Among the myriad of available techniques, target-based cal-
ibration methods, which employ planar boards with distinct
geometry and image patterns, have been a popular choice.
These methods simplify the task of extracting corresponding
features between the image and lidar point cloud. But many of
these approaches also face a significant challenge, which is their
sensitivity to lidar resolution and Field of View (FOV), which
may degrade the reliability of the calibration results. Therefore,
our research introduces a novel calibration method using a
uniquely designed acrylic checkerboard which allows the lidar
beam to pass through the white grids and reflect back from
the black grids. This innovative technique sidesteps the com-
mon challenges associated with lidar feature extraction. Our
method’s distinct advantage lies in its ability to perform accu-
rate calibrations at close distances, owing to the efficient feature
extraction from both lidar and camera sensors. This novel, effi-
cient, and accurate method can provide state-of-the-art results
for camera lidar calibration in the field. Please also check our
Github repository: https://github.com/WPI-APA-Lab/
Acrylic-Board-Lidar—-Camera—-Calibration

I. INTRODUCTION

In the era of artificial intelligence, there is a surge of
innovations for real-world autonomous systems. Self-driving
cars are now routinely tested in autonomous modes on
public roads, and advanced robots have become staples
in contemporary manufacturing and warehousing. As tasks
grow in complexity and safety requirements become more
stringent, it calls more advanced perception systems. Instead
of relying on a single type of sensors, modern solutions
integrate multiple types of sensors to comprehensively under-
stand the surrounding environment. For instance, a standard
self-driving car now employs various sensors: radars for
short-range obstacle detection, camera arrays for mid-range
dense RGB data, and lidar for long-range depth information
resilient to varying light conditions. Given this plethora of
sensor data, fusing multi-sensor information accurately and
efficiently becomes a new challenge.

Calibration technology enables consistent alignment
across various sensor nodes. Specifically, lidar-camera cal-
ibration aligns the two primary visual sensors, enabling the
system to utilize both lidar and camera inputs for essential
autonomous driving tasks like object detection [1] [2], se-
mantic segmentation [3] [4] [5], and panoptic segmentation
[6] [7]. Proper calibration not only ensures the safety and
reliability of sensor fusion-based autonomous systems but
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Fig. 1. Calibration Setup. Top left: The calibrated lidar and camera and
their coordinate frames. Top right: picture of the specially painted acrylic
calibration board with a white foam board in the background. Bottom left:
colorized point cloud for the calibration board. Bottom right: projection
point cloud on image for the acrylic calibration board.

also facilitates spatially synchronized 3D reconstructions
using lidar point clouds and camera images. It provides a
precise framework and RGB color integration for tasks like
map building or object recreation [8] [9].

Although camera calibration is well-established, lidar cal-
ibration is still developing as new lidar technologies are
introduced. lidar often has a limited Field of View (FoV)
vertically, so the calibration board cannot be placed too close
in order to capture all four corners. On the contrary, placing
the calibration board further would reduce the number of
pixels on camera image and compromise camera calibration.
Furthermore, the introduction of solid-state lidar, with its
narrower FoV and front-view-only capability, calls for better
calibration methods. In summary, it is a technical challenge
to find a balance between distance, board size, and grid
number during the lidar camera calibration.

Addressing the challenges above, we propose a novel lidar
camera calibration method in this paper. The contributions
are listed as follows:

o A lidar camera calibration method uses a specially

painted transparent acrylic checkerboard that allows the
laser to pass through the “white” grid areas.

14513



o The approach is deployed by the 13 x 9 checkerboard
with a 4 cm grid size in a short distance, which benefits
lidar with a small FoV to detect features as well as the
accurate image feature extraction.

o Comprehensive calibration experiments are conducted
indoors and outdoors, comparing the results with the
existing calibration method.

II. RELATED WORKS

Current lidar camera extrinsic calibration methods could
be categorized into two classes - target-based [10]-[18] and
targetless-based [19]-[26] methods. Both types of methods
use the lidar patterns from objects and corresponding features
extracted from images to calculate the rigid 3D transforma-
tion between sensors.

Planar board with image feature pattern is widely used
as the target object for the sensor detection. Benefiting
from the image pattern on the board, it is relatively easy
to extract corresponding features to match the lidar shape,
so most contributions of target-based methods relate to the
lidar feature extraction. The current target-based methods
can achieve a fine result, but their robustness suffers from
the lidar resolution, which may even cause the result hard
to converge after a number of iterations. Zhou et al. [10]
proposed a lines and plane algorithm to estimate the board’s
four corners to interpolate the board pose. However, its
performance is affected by the density of the lidar data,
which makes the translation error hard to reduce. Yan et al.
[11] use hollow circles to determine the board pose and then
estimate segmentation results from the camera. However, the
method needs to calculate the circle center using sampled
board cutting circle edges, causing its accuracy will drop
significantly when the vertical resolution of the lidar is low.
Cui et al. [12] introduce a method that uses the reflectance
intensity from lidar data to extract the image patterns to
match the detected image features. However, the reflectance
intensity could be varied by the reflected materials. Also,
the difference between the reflectance intensity could be
hard to define while using low-resolution lidar. Xie et al.
[13] propose a method that uses a depth-based Fiducial
Marker with a special order of cutting holes, which allows the
calibration to be performed over a short distance. However,
its result is hard to evaluate since the calibration target’s
feature pattern is hard to measure using the reprojection
method. Also, its calibration accuracy depends on the hollow
circle radius, which has to be enlarged in the case needs to
calibrating sensors at a relatively long distance.

Targetless-based methods burst out recently as the devel-
opment of Al on image feature extraction. These methods
process the edges and surfaces in the image to valid ge-
ometric constraints to solve the extrinsic. These methods
are also divided into static-based and motion-based methods.
Static-based methods are similar to target-based calibration,
which finds the common features in sensor data. Yuan et
al. [19] detect the depth continues edges in the image to
match the 3D edges. Luo et al. [20] use segment outline from
SegmentAnything [27] to match the shape in lidar detect

objects. Koide et al. [26] further developed a mechanism
using SuperGlue [28] 2D-3D matching network to find the
matching points. Where in motion-based methods, Pandey
et al. [21] proposes a method that calculates the extrinsic
by minimizing the trajectory error from the SLAM result
of both camera and lidar data. However, while targetless-
based methods benefit from their low cost of preparation,
their robustness is always being questioned. Since the image
feature extraction performance could be heavily affected by
camera distortion coefficients, outline detection, and SLAM
trajectory can be both affected by the undistorted image
result, which introduces errors.

Our proposed method does not heavily depend on the lidar
resolution, which solves the robustness issue in the existing
current target-based methods. Also, by utilizing this novel
acrylic checker board, we are able to reduce the size of the
calibration board, allowing the user to calibrate the sensor
at a close distance while still extracting enough lidar and
image features from the board to achieve accurate calibration
results.

III. METHODOLOGY

For a lidar-camera system, the extrinsic calibration prob-
lem is to estimate the relative rotation and translation be-
tween the lidar and the camera. The problem can be repre-
sented as using the 2D and 3D coordinates correspondence
in the same frame to solve the extrinsic matrix (E € SE3).
The proposed method uses a painted acrylic checkerboard
as the calibration target, where only black grids is painted
on the transparent acrylic board so that the laser is desired
to only get reflected on these black grids and pass through
the transparent “white grids” on the board. The dimension
of the checkerboard is represented by its inner corners
N, x N, and the board’s grid size G. To align the OpenCV
calibration standard [29], the NV,. should always be larger
than N., which means the board should always put the long
edge perpendicular to the ground. The specially designed
calibration board is shown in Fig. 1. The main challenge
of this method is how to accurately estimate the corners of
black grids from the point cloud. During the research, we
found the lidar scan for our specially designed board shows
several problems:

o Even though the transparent grids on acrylic board are
transparent, they still reflects a small amount of the lidar
beams back at certain angles. Fig.2 (b)

o The undesirable jitters are shown in the pint cloud data
if the calibration target is in a close distance to the lidar.
Fig.2 (¢)

o The point cloud from the black grid usually does not
show in perfect square shape, which may not be able to
accurately indicate the boundaries, introducing the pose
estimation errors. Fig.2 (a)

The proposed methods consider all aforementioned issues
and alleviate their effects on feature extractions, which can
provide a robust calibration result. The complete calibration
process is shown in Fig3.
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Fig. 2. Challenges when extracting features from the acrylic checkerboard.
The right image is the side view of the board’s original point cloud. The
left image shows the point cloud after ray projection (a) The grid shape is
not a perfect square. (b) Transparent grids may still reflect some. (c) Jitters
are reflected while the board is placed in a near distance.

A. Calibration Target Pre-processing

1) Raw point cloud stacking and denoise: Instead of using
a single scan of lidar data, we integrate the continuous scans
to illustrate the calibration target’s shape better. There are
two reasons to do this: (1) Some solid-state lidar like Livox
series lidar can densify the target surface due to their non-
repetitive scanning pattern, which gives better shape of the
calibration feature. (2) Stacking point clouds could get a
better distribution on the depth of the surface, which helps
us to get a better result on RANSAC plane estimation.
While stacking the point cloud, we also apply statistic outlier
removal to reduce the accumulated noise from each frame.

2) Calibration Pattern Refinement: We crop the black grid
patterns out from the point cloud to obtain a better result
from the RANSAC plane fitting. Due to the property of
the acrylic board, there should be no points surrounding the
black grid pattern, which allows us to easily cut out the point
cloud P, within the preferred region.

Then we perform the RANSAC-based method to fit the
optimal plane. Given the fitting plane parameter, we keep
the points within a certain distance of the fitting plane. The

remaining point cloud PC, could be expressed as Eq. 1:

|A10+ByQ+CZQ+D| 5}
A2 4+ B%24C?
(1

where the A, B, C, and D are the parameters for the estimated
fitting plane, and § is the maximum allowed normal distance
from the points to the plane. A point (zg, Yo, 2z0) s will be
filtered out if its distance to the plane is larger than J.

To better fit the shape of the black pattern, we perform a
ray projection for each point onto the plane. According to the
ranging principle of the lidar, we can assume that the points
are on a ray passing through the origin. After ray projection,
we obtain a point cloud P,, which can be described as in
Eq. 2:

P, = {(z0,%0,20) € P, |

P, = {(txo,tyo, t20) | (x0,y0,20) € P(/} 2

where
L -D
o Al‘o + Byo + CZO

3)

Finally, we perform a voxel downsampling to solve the
uneven density of the lidar pattern. For each voxel, it can
be represented using a single point by calculating the mean
values of all points in the voxel.

B. 3D Corner Estimation

1) Black grid clustering and labeling: Once we obtain
the pre-processed point cloud P, we start to separate each
black grid from the pattern using DBSCAN [30]. The cluster
and label condition can be conducted as Eq. 4:

L; if Ip; € Nb(p;, )
and |Nb(p;,€)| > Npin 4
Noise otherwise

L(Pd>5a Nmin) =

where the L; are the cluster label output for each point p; €
P, Nmin represents the minimum number of points to form a
dense region, and Nb(p;, ¢) represents the number of points
in the neighborhood within distance ¢.

Since there is a possibility that the DBSCAN algorithm
combines two grids into one cluster or divides one grid
into two clusters, we use a min-max filter to filter out an
output cluster that has too many or too few points, the filter
condition can be expressed as Eq.5:

L; if minPoints
< |L;] < maxPoints

() otherwise

F(L;, minPoints, maxPoints) =

&)
where the max limit maxPoints can be calculated from the
ratio between the size of grid G and the size of voxel V; in
the downsampling process, and the min limit minPoints could
be ratio of the maxPoints but need to be fine-tuned since the
calibration target orientation may affect the minimum shot
points for each grid.

2) Orientation estimation: Next, we need to find the
orientation of the calibration board. At this stage, we only
need to find the two vectors along the board’s long edge
and short edge since we have co-planar points. However,
due to the imperfect shape of the projected grids, we cannot
directly use the edges of the projected grid to determine
the orientations. Here, we first calculate the centroid of
each cluster and try to connect them with a vector if their
Euclidean distance has a length of 2 times the grid size G
so that we get two groups of vectors that should follow the
horizontal and vertical directions of the calibration board.
Given n points (1,¥1), (Z2,Y2), - - -, (Tn, Yn) from the i-th
cluster, this operation can be expressed as Eq. 6 and Eq. 7:

1 n 1 n 1 n
C; = ﬁzx‘j’ﬁzyj’ﬁzzj (6)
Jj=1 Jj=1 Jj=1
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(A) Preprocessing

(B) 3D Corner Estimation
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Fig. 3. The proposed calibration method. (A) Calibration target pre-processing from the captured point cloud (B) 3D corner estimation from a cutting

plane fitted calibration board. (C) 2D corner estimation from the image. (D) Extrinsic matrix calibration from 3D-2D inner grid corners.

and for each pair of centroids C; and C; and tolerance ratio
T, the paring method is shown in Fig. 4:

[S5S i | Dy —2G, < TG,
+ undefined otherwise ’

)

where
Dji = ||C; = Cill2
where the two groups of the vector could be defined as Eq.8:
Gp={Vij | Vi1 - Vj; £0.5}
G2 = {V;J ‘ Vi1 - ‘/;j > 05}

Next we remove the outlier vectors from G; and Go, and
then calculate an average vector for each group, denoted as
Vavgr and Vo for G and Go.

After that, we perform a 3D rectangle fitting for the
centroids C};. Since all centroids are co-planar, using Viye1
and Vo as the horizontal and vertical directions, we can
find four intersection points that form a rectangular box.

Next, we sort the order of these four corners of the
rectangle following the OpenCV calibration standard [29].
However, this rectangle is slightly smaller than the actual
calibration board. To fix that, We expand the rectangle by
moving four corners in the diagonal directions further in a
small distance of gGs. Finally, we obtain a rectangular box
B matching the actual size of the calibration board. The four
corners are denoted as By, B, By and Bs, respectively.

Afterwards, we perform a shape consistent check with
expected edge lengths and the actual estimated edge lengths,
where the expected length for the calibration board’s short
edge Eore and long edge &jong are calculated from numbers
of columns and rows N., IN,., and grid size G:

gshort = Gs(Nc + 1)
glong = GS(N’I" + ]-)

®)

(€))

e Centroids
= Average Vector (Group 1)
—— Average Vector (Group 2)

Fig. 4. An Example to find the calibration board rough orientation by
connecting centroids. Red and green vectors are the pairing vectors for
centroids. All paring vectors are aligned to the positive directions. The
black and purple vectors are the average vectors for each group after outlier
removal.

And the edge to check can be expressed as Eq. 10:
Ashort = B1 — Bo
Aiong = B3z — By
and the checking condition with tolerance ratio 7., would be:
Ashort = [[Ashort |2 — Eshorty Ashort < TeGs
Aiong = || Aiongll2 — Eiong, Atong < TG

If the consistent check passes, then we have our initial
representation of the calibration board, where the board
origin is By and short edge in the direction of A, and
long edge in the direction of A;oy, .

(10)

(1)
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Once we have the representation of the board, we could
interpolate the expected black grid centers C.. for every black
grid using N,, N, and G,. Then, we can get the grid
index of every observed centroid C. Using the index, we
can perform single value decomposition (SVD) between C.
and C' to get rotation R, and translation 7, between the
initial pose and optimized pose, where the optimized pose
of the calibration board can be represented as:

_|Ro To
0= 10 1] Bo
R 7]
‘/shorl = 00 10 -Ashort (12)
:R T .
V]ong = 00 10 »Along

where the O is the optimized origin of the board, Vo and
Viong Tepresent the optimized short and long edge directions.

3) 3D inner grid corner extraction: Given the optimized
origin O and the edge vectors Vihorr and Vigng of the calibra-
tion board in 3D space, and also board properties N, N,
and G4, we can interpolate the inner grid corners Hsp in 3D
space, where these corners are sorted following the OpenCV
calibration order [29], column first, then rows.

C. Inner grid corner extraction from image

With the board properties N,., N, the checkerboard corner
detection algorithm [31] is used to find the inner grid corners
H,p from the undistorted images. Note that the corners
should also have the same order as the 3D corners.

D. Extrinsic matrix Calculation

The initial extrinsic parameters Iy € SE3 are estimated
using RANSAC-based PnP solver [29], given the 3D-2D
inner grid corner pairs as shown in Fig. 5. Then, an L-BFGS-
B optimizer [32] is adopted to refine the estimation. During
the optimization, the corner pairs reprojection error d,epro;
is minimized from the initial value calculated by FEj. The
final result of the optimizer is denoted as E € SE3.

Match

,
"%

Fig. 5.  An Example of pairing 2D and 3D inner grid corners. The left
picture shows the 2D extracted corners. The right picture shows the 3D
estimated checkerboard. The blue points represent the 3D estimated inner
corners. The green triangle represents the extracted centroids for the detected
clusters. And, the red point on the bottom left shows the origin of the board.

IV. EXPERIMENTS AND RESULT
A. Calibration Setup

During the experiment, the lidar and camera are fixed
by a 3D printed case, which allows us to measure the
relative position between two sensors. The camera intrinsic
parameters are assumed to be known or pre-calibrated before
the experiments. The acrylic calibration board is fixed by
the aluminum frame and placed in different poses while
still remaining in both sensors’ FoV. A whiteboard is placed
behind the acrylic board to improve the image contract for
corner extraction. The multi-frame point cloud and corre-
sponding images are collected by the ROS framework and
then exported to estimate the extrinsic matrix. The calibration
result is computed using four collection sets, each containing
200 frames of point cloud and one image.

Our method is evaluated on Livox HAP with Realsense
D435i. The sensors’ FoV are described in Table I.

TABLE 1
FOV OF SENSORS USED IN EXPEREIMENTS

Sensor Fov
Horizontal Vertical
Livox HAP lidar 120(%) 25(%)
Intel RealSense D435i camera 86(°) 57 (°)

B. Ground Truth Comparison

TABLE I
TRANSLATION AND ROTATION QUANTITATIVE EVALUATION

tz(m) ty () t-(m) roll(°) pitch(®) yaw(®)

Ground Truth 0.033 0.077 0.008 -177 -90 -90
ACSC [12] 0.0342 0.0452 0.0431 -164.048 -87.768 -106.918
DVLC [26] 0.0407 0.0799 0.0068 -174.668 -87.367 -96.236
Ours 0.0325 0.0758 0.0089 -177.347 -90.156 -90.905

Distribution of Normalized Reprojection Errors
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Fig. 6. Distribution of Normalized Reprojection Error

Given the 3D printed case model, we can measure the
ground truth between sensors’ optical frames. We quanti-
tatively compared the mean of our calibration results with
the ground truth in Table II. Our proposed method achieved
translation errors at the millimeter level and rotation errors at
the sub-degree level. We also estimated the sensors’ extrinsic
parameters using ACSC [12] and targeless calibration DVLC
[26]. In the ACSC pipeline, we found that its board pose op-
timizer can easily fall into a wrong local minimum caused by
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Fig. 7. Verification with 3 Scenes, using 200 stacking point clouds and first shot image. Reminds that the person holding the whiteboard and the whiteboard
itself might move a bit during the data collection. (a) Indoor scene with calibration board in 3 meters. The zoom-in picture for the reprojection shows
matching points for the chairs in the back room. The zoom-in picture for the colorized point cloud shows the paper box and another small acrylic calibration
board aligned with the chair. (b) Outdoor scene with the calibration board in 3 meters on the right. The enlarged picture for the reprojection shows the
matching points for the building (orange) behind the tree (yellow). The enlarged picture for the colorized point cloud shows the signage. (c) Outdoor scene
with calibration board on the left in 2 meters. The zoom-in picture for the reprojection shows the matching points for the foam board behind the acrylic
calibration board. The enlarged picture for the colorized point cloud shows the calibration board.

unclear edges between black and white grid reflectance inten-
sity, which brought errors in 3D corners estimation. In DVLC
pipeline, we found the SuperGlue 2D-3D feature matching
network makes the optimization hard to converge as the
number of features points increases from the data collection.
We also evaluate the standard deviation (STD) of our calibra-
tion result by running the algorithm 100 times on the same
collections of data. The evaluation shows that our algorithm
achieves translation STD in [0.0052,0.0083, 0.0165] meters,
rotation STD in [0.0006, 0.0002, 0.0014] degrees.

C. Reprojection Error and Visualization

We also evaluate the reprojection error from the cali-
bration. The occurrence of normalized reprojection error is
shown in Fig. 6. We can see that the major distribution of
the errors lies between 0 to 0.5 pixels. We also evaluate
the result by visualization. Using the estimated extrinsic
matrix, we reproject the point cloud of 50 continuous frames
onto the image as shown in the left side of Fig. 7, where
the color of the projected points is aligned with the depth
of the point from the camera frame plane. To clearly see
the image features, the images are converted into grayscale
with amplified edges. We also colorize the point cloud by
projecting the 2D image pixels as shown in the right side

of Fig. 7. In the colorized point cloud, points that have no
color assigned are rendered into green. All projected images
and colorized point cloud has a zoom-in view to verify the
edge alignments. We can see the projected points and well
align the edges. Also, from the zoom-in colorized point cloud
from Fig.7 (c), we can see that points of the black grid
have clear color edges, proving our proposed method can
be perfodistributermed in a short distance benefiting from
the design of the calibration board.

V. CONCLUSION

This paper proposed a novel, efficient, and accurate extrin-
sic calibration method for lidar-camera sensors. A specially
painted acrylic checkerboard is designed, which allows the
lidar beam to pass through the white grids and reflect back
from the black grids. More importantly, we propose an
efficient and reliable algorithm that can extract the board’s
3D geometric features in a short distance, improving the ac-
curacy of image corner extraction. The experimental results
demonstrate that the proposed methods can perform accurate
calibration for a real lidar camera system. Future works
include releasing the algorithm for open source sharing,
building a more convenient calibration target instrument, and
expanding different shapes of the calibration target.
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