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Abstract: Lidar and camera sensors are widely utilized in autonomous vehicles (AVs) and robotics due to their
complementary sensing capabilities—lidar provides accurate depth information, while cameras capture rich
visual data. However, effective fusion of these sensors requires precise calibration, which is often challenging
due to the differences in sensing modalities. This paper presents a self-calibration algorithm based on Singular
Value Decomposition (SVD) to address this problem. Singular Value Decomposition is a powerful matrix
factorization technique that helps identify key calibration parameters by decomposing matrices into singular
vectors and values, representing essential calibration data. Our method not only automates the calibration
process but also provides a reliable mechanism for detecting calibration errors, ensuring long-term accuracy
and robustness in sensor fusion. The algorithm simplifies deployment in real-world applications by eliminating
the need for manual calibration or external targets. Experimental results show that our approach improves
sensor alignment and fusion accuracy, making it particularly useful for AV and robotic systems where
maintaining precise calibration is critical.

Keywords: LiDAR and camera data sensor fusion; singular value decomposition; self-calibration;
error detection

1. Introduction

Sensor fusion is a powerful technique that involves combining data from multiple sensors to
obtain a more complete and accurate understanding of the environment. The integration of different
types of sensors can provide complementary information, improving the overall quality and
reliability of the data. One example of sensor fusion is the combination of data from LiDAR and
camera sensors. LIDAR sensors use laser beams to detect the distance and position of objects in the
environment, while camera sensors capture visual information that provides valuable context about
the scene. LIDAR and camera fusion method enhances the safety and reliability of Advanced Driver
Assistance Systems (ADAS) [1-4].

By merging LiDAR and camera data, it becomes possible to obtain a more comprehensive and
precise understanding of the environment, which in turn enables better object detection and
recognition. Several methods have been developed by scholars for data processing, such as fully
convolutional neural networks method [5], Deep fusion method [6], data segmentation method [7-9].
These methods aim to improve the accuracy, efficiency, and robustness of data integration for
applications such as autonomous driving and robotics. Advanced algorithms help in handling sensor
data discrepancies, ensuring real-time synchronization, and enhancing object detection and
perception capabilities. Before performing data fusion, the primary challenge is calibrating LIDAR
and camera sensors. Calibration ensures that the data from both sensors can be accurately aligned
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and interpreted together. To calibrate the LIDAR Camera sensing system, we can use checkerboard
for manual calibration [10-14] and increase calibration accuracy using mathematic method [15-18].

However, maintaining accurate calibration over time is a significant issue, as calibration can drift
due to factors such as vibrations, temperature changes, and physical wear. Therefore, another major
challenge is determining how to verify whether the calibration remains valid in the future and how
to detect and correct any calibration errors that arise during long-term use. Addressing these
challenges is critical for ensuring reliable sensor fusion and maintaining the overall performance of
autonomous systems. Singular Value Decomposition (SVD) is a powerful mathematical tool widely
used to address spatial rotation and transformation problems in various applications [19-21]. In this
paper, we propose a novel method for self-calibration, self-correction, and error detection, leveraging
the capabilities of SVD. Our approach allows for real-time adjustments to the calibration parameters
of LiDAR and camera systems, ensuring accuracy over time. By systematically analyzing the
calibration data, our method can identify and correct errors, thereby enhancing the reliability of
multi-modal perception systems in advanced driver assistance applications.

2. Vehicle Platform Setup and Sensor Calibration

The calibration of LiDAR and Camera sensors is a crucial process that requires aligning their
coordinate systems to facilitate precise data fusion. Due to their distinct measurement principles and
units, it is necessary to transform their data into a standard coordinate system before fusing it. The
calibration process usually involves collecting and preprocessing data, intrinsic and extrinsic
calibration, and validation.

Calibrating LiDAR and Camera sensors can pose challenges due to their complexity and
variability, and accurately modeling their internal parameters can be complex. Nonetheless, precise
calibration is crucial for achieving accurate fusion of LiDAR and Camera data, which is vital for
autonomous driving and other applications. Despite its importance, calibrating these sensors can be
time-consuming and resource intensive. This chapter introduces a self-calibrating algorithm for
LiDAR and Camera sensors to tackle these challenges. Automating the calibration process with this
algorithm can significantly reduce the time and effort required for calibration while enhancing
accuracy and consistency.

The algorithm development platform features a Chevrolet Cruse equipped with an Ouster 64
LiDAR mounted on the roof and a Logitech Camera attached to the windshield, as shown in Figure
1. The team designed a vehicle simulation model in ROS with identical dimensions and sensor
placement to match the vehicle's length, height, and sensor position.
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Figure 1. Vehicle platform and ROS simulation.

As shown in Figure 2, the TF tree for the vehicle model illustrates the spatial relationship
between the vehicle body and its sensors in terms of Roll, Pitch, Yaw, X, y, and z values. The
base_footprint frame represents the vehicle's lowest point on the ground, positioned at the midpoint
between the rear wheels. The vehicle_cam frame displays the position of the camera in space and is
also considered a child frame under the LiDAR frame

vehiclé_cam

—whelel_fl

whel2l_rr > whepl_fr
base_footprint

Figure 2. Vehicle platform sensor system transfer frame tree.

The accuracy of the sensor frames' transformation can significantly impact sensor fusion results.
As depicted in Figure 3, LIDAR and Camera data fusion were tested using a checkerboard with two
holes. In ROS RViz, the LiDAR point cloud data and vehicle TF tree are displayed, and all LiDAR

points are aligned with the 2D image. The point cloud data presents the ground, tall lights, and the
calibration board.
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Figure 3. LiDAR and Camera manual calibration.

3. LiDAR and Camera Data Projection

To begin the LIDAR-to-2D image project, the first step involves determining the intrinsic and
extrinsic parameters of the LIDAR and Camera sensors. The Camera's intrinsic parameters include
the focal length, principal point, and distortion coefficients. In contrast, the extrinsic parameters
describe the relative orientation and position of the LIDAR and Camera coordinate systems. With
these parameters known, the 3D point cloud obtained from the LiDAR sensor can be transformed
into the Camera coordinate system using the extrinsic parameters.

Transforming the 3D point cloud into the Camera coordinate system involves a rigid
transformation that considers the position and orientation of the Camera relative to the LIDAR. This
transformation enables the LIDAR data to be projected onto the 2D image plane of the Camera, which
facilitates the creation of a 2D image that corresponds to the 3D point cloud. The accuracy of this
transformation is crucial for ensuring that the resulting 2D image accurately represents the features
and geometry of the 3D point cloud. PCD contains space points (x, y, z), and 2D images are presented
by 2D pixels (x, y). The project 2D LiDAR can be obtained from the Camera intrinsic matrix and
multiple extrinsic matrix.

P=Kx[R|t] =

1 0 x fx 0 0 1
(o 1 y0>x<0 £, O)x 0
0 0 1 0 0 1 0

The 2D rotation matrix for shown as below:

R 0) )

1 0 0
R, =10 cos¢, -—sing,
[0 sing, cosp, |

[ cos®, 0 sin®,]
R, = 0 1 0
—sin®,, 0 cos®

- . @
[cos®, —sin®, 0]
R, =|sin®, cos®6, 0
0 0 1.

Joint Rotation:R = R, * R, - Ry

Joint Rotation
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Figure 4 displays the outcome of the 2D projection of the PCD and the CNN classification. The
YOLO neural network generated a green bounding box with a "person" label for the detected
individual. A green dot on the image represents the 3D point cloud projected onto the 2D plane.

>+t $EDBPALHTY =% t @B L PLPHY

person

Figure 4. Camera CNN detection and LiDAR PCD 2D projection.

However, the main challenge in calibrating the Camera and LiDAR sensors for fusion is
accurately determining the relative position and orientation of the two sensors. This requires defining
the intrinsic parameters of each sensor (such as focal length, principal point, and distortion
coefficients for cameras) and the extrinsic parameters that describe their relative positions and
orientations. Calibration errors can lead to misalignment between the two-sensor data, resulting in
inaccurate fusion and potentially compromising the output quality. Additionally, sensor hardware
and mounting configuration differences can introduce additional challenges, requiring careful
consideration during the calibration process. Figure 5 shows the LIDAR and Camera mis-calibration
example in real data.

Figure 5. Calibration error results in LIDAR and Camera sensor fusion.

Another challenge in calibration is the time and effort required to collect and label data for
calibration. This is particularly challenging for dynamic environments, where the scene constantly
changes, and calibration data may need to be updated frequently to maintain accuracy.

Therefore, self-calibration algorithms are essential for LIDAR and camera sensor fusion because
they help overcome the challenges and limitations of manual calibration methods.

4. Singular Value Decomposition Calibration Algorithm

Manual calibration of LIDAR and camera sensors can be time-consuming and lead to significant
output discrepancies due to minor calibration errors. To address these challenges, a self-tuning
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algorithm can refine the calibration and automatically correct any mistakes in the transfer matrix. The
initial step in this process involves identifying the 2D shapes of objects in both the camera and LiDAR
data. To accomplish this, a contour hull creates an outline of the contour by tracing lines around the
entire image, while a convex hull creates a convex curve around the object. The main difference
between a contour and a convex hull is that a contour represents the boundary of an object, while a
convex hull represents the minor convex shape that can contain a set of points. Contours can be
irregular and have concave sections, while a convex hull is always a convex shape with straight edges
connecting the points.

As shown in Figure 6, the blue line in the picture represents the 2D image contour, while the
green line represents the convex hull.

B P P H =t $E@PLPAPH = t+EPLPLEH

0B:0 x=083.¥=190) “RO C0 B:0 (x=304, y=293) ~ R:0 G:0 B:0
—

Figure 6. 2D Image pedestrian tracking using contours and convex hull algorithms.

In LiDAR and camera fusion, 2D images track individuals' locations and create contours and
convex hulls. Similarly, a 2D point cloud generates an alternative representation of individuals. An
algorithm is then employed to compare these shapes in scale and rotation, resulting in an accurate
transfer matrix. Figure 7 showcases all the preparatory data. The top left image depicts a 2D
classification with people labeled in green. The top right image illustrates object tracking with a
binary image decomposed into 2D pixel points. The middle-left picture shows LiDAR points
projected onto the RGB image with green dots. The middle right picture shows the hull and contour
algorithm that describes the tracked object. Finally, the bottom pictures exhibit the RGB image
extracted by the contour and hull algorithms.

2D Classification 2D people tracking

Object extraction from camera image

A

contour and hull o X

Contour and Hull of 2D LiDAR projection

2D and 3D Information Fusion

hull image
contour image

Contour of camera image and LiDAR projection Hull of camera image and LiDAR projection

Figure 7. Combining 2D image and 3D point cloud data.
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In the context of LIDAR and the Camera calibration algorithm, Singular Value Decomposition
(SVD) is a powerful mathematical technique that can identify the relationship between LiDAR
coordinates and camera coordinates by decomposing a matrix into three separate matrices. This helps
uncover any patterns or features in the data and can be a valuable tool for understanding how the
LiDAR and camera data relate to each other and optimizing the fusion algorithm. Additionally, the
Gradient Descent (GD) algorithm can be used to optimize the SVD algorithm by minimizing the cost
function of the machine learning model. By breaking the sensor fusion process into smaller, smoother
steps, GD can help identify the distance vector and rotation matrix between LiDAR coordinates and
Camera coordinates more efficiently, ultimately improving the accuracy and speed of the sensor
fusion process. The LiDAR and camera calibration algorithm is a mathematical process that helps to
align and synchronize the data from both sensors. This algorithm is developed and implemented
using MATLAB software.

In the beginning, the algorithm takes the raw data from both LiDAR and camera sensors at time,
which is shown in Figure 8. The red outline data represents the people detected by the camera in 2D,
while the pink outline data represents the people detected by LiDAR. However, due to some random
errors or misalignments, there might be a discrepancy between the two data sets, leading to a mis-
calibration situation. This discrepancy can be in the form of incorrect scaling or rotation values.

G .‘[

Figure 8. Camera and LiDAR contours calibration process at time ¢,.

The LiDAR and camera calibration algorithm is designed to identify and correct these random
values, which will make the two systems well-matched and calibrated. By applying this algorithm,
the discrepancies between the two data sets can be minimized, leading to more accurate and precise
sensor fusion results.

Let’s denote and respective LIiDAR data as matrix p; and Camera data as matrix g;:

Px Px; dx Ax;
pi=|Py| = [pyil q; = [qyl = [qul (1)
pZ i pzi qz i qu'
With reference to the p-frame, the distance vector and rotation matrix from the p-frame to the g-
frame is:
X1P
P _
=]
Z'q
cosyy —sinp 0] [cos®@ 0 sinf][l O 0
Ry =|sinp cosp O 0 1 0 ||0 cosp —sing (1)
0 0 1l l—sin@ 0 cos8110 sing cosop

spcd  cypcep + syYsOsp  —cyPsp + spsOco

cpcd —sych + cPpsOsp  sPsp + cPpsOcdp
- l—SQ cOsg clco l

The forward kinematics relationship between the position vector p and q is given by
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pi = dg + Ry (1)
If a collection of m sets of data at each frame can be stored as matrix
P = [p1pz - Pml Q = [a1 92 - qn] (1)
Then, the following matrix relationship follow:
P=DF+ RJQ Dy = djlim 1)
The relationship between the means of the data is similarly related as
p=dy+ Rip
where, ﬁ=%ipi,q=%i‘h W
i=1 i=1

Let H be the product H = [P —P][Q — Q]', where [P — P] be the variations of positions P
from the mean position p, where P =ply,,, and [Q— Q] where Q =ql,.,. The goal is
decomposing H = USV', where U and V are unitary matrices in the minimal singular value
decomposition and S is a matrix of singular values of H.

Use the forward kinematics to express H as:
H=[D] + RQ— D} +RyQ|[Q—QY
=Rjle-Qlle-QY

Use similarity transformation for symmetric matrix to decompose relationship into:

)

H = RqToqAqqToq
Ag = [diag{4;([Q - Q1Q - Q1 )j=1234 2 4, 2 43 ]
A = eigenvalue of [Q —Q1[Q — Q' 1
Too = modal matrix of [Q —Q1[Q — Q1
Toq =Toq o7 Too =1

Decomposing H using SVD:

H=USV' (1)
Where,
S= [diag{ W), = 12,32 2 2, = 44 }]
uu'=0'U=1 1
Vv=vv =1

It is seen that,

HH=[Q-QllQ-QIRV'RIQ-QIQ—-Q "
=[le-21e -1

S = [diag{ /Aj(H'H),j =1,2,3 }]
= [diag {\//11- (le-2le-a1T).j=123 }] @

= [diag{%([Q - Q1@ - Q1).j = 1,23 }] = 4qq

So, it turns out that,
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From the relationship H = R{TqAgeToe = USV', one finds that

H =RIT,
q°QQ
P o)
Therefore, the rotation matrix between LiDAR and Camera can be present as:
Ry =UV' 1)

Once we have obtained the rotation matrix that describes the orientation between the LiDAR
and Camera, we can input this result into the Gradient Descent function. This function allows us to
iteratively optimize the values of rotation and the distance scale vector by minimizing the cost
function. This helps us to obtain more accurate results. Once we have calculated the optimal values
for these parameters, we can apply the new frame transfer tree to get a more precise estimate of the
orientation and distance between the LiDAR and Camera.

The designed Gradient Descent state present as:

0 = [px, Dy, S, TadMajb] (1)

Where, p,,,py,are the LIDAR data (able switch to Camera data); s is the scale change between
LiDAR and Camera data, initial as 1; radMajb is the major rotation calculated from SVD algorithm,
radMajb = atan2(V'(2,1)V'(1,1))

Gradient Decent iteration process:

6_new = 6_old —yV]j(6) (1)
The derivative cost function present as:

V] (6) = [2q1(Px, — Px,) 22(Py; — Py,) —243(radMaja — s * radMaja) = s, "
—2q4(radMaja — radMajb)]

Where, q = [q1,q1,91,91] is an adjust matrix.

After deriving the necessary equation for the calibration process, MATLAB can be used to
implement and execute the required computations. Figure 9 provides a visual representation of the
LiDAR data changing as a result of rotation, scale, and position adjustments during the gradient
descent iteration from ¢, to t,. As the calibration process iteratively optimizes these parameters, the
LiDAR data eventually matches the target data with minimal error in rotation, scale, and position.
This figure allows us to see the calibration process in action and visualize the changes to the LiDAR
data as the calibration progresses.
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Figure 9. Camrea and LiDAR calibration process at time ¢, and t,

The combination of the Singular Value Decomposition (SVD) and Gradient Descent (GD)
algorithms provides a highly effective approach for completing the LiDAR and Camera calibration
task. We can achieve fast and accurate results by tuning the parameters of both algorithms.
Additionally, the designed algorithm is not limited to a specific type of sensor or calibration system,
making it versatile and applicable in various contexts.

5. Results

Figure 10 illustrates the mis-calibration of the LIDAR-Camera sensor fusion, and correction from
to to t,. The LiDAR data is represented by blue points, the Camera data by red points, and the
processing state by pink points.
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Figure 10. Self-calibration example 1 at time t,,,, and ¢,

Figure 12 displays an example of mis-calibration where the LiDAR data exhibits scale change
and offset in relation to the Camera data. This may be caused by errors in the Camera's TF tree or
distortion calibration. On the other hand, this figure also illustrates how the self-calibration algorithm
can effectively solve this issue.


https://doi.org/10.20944/preprints202410.0081.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 1 October 2024 doi:10. reprints202410.0081.v1

@ Figure 1 - o x
File Edit View Insert Tools Desktop Window Help ~

Dede @ 0B RE

800
600 +

400 -

pe

of A{Zﬁf& +
W

.
Motme yx

-600  -400 -200 0 200 400 600 800

-400

Figure 12. Schemes follow the same formatting.

<

File Edit View Insert Tools Desktop Window Help

DQedes@ 0B RE

800 L A50QQ %G

600

400

-/ﬁ?ﬁ 1
; »ﬂs a\({{?

-200 )l%ﬂ

.

foa®

|
&
|

400 " PR ul " " L
-800 -600 -400 -200 0 200 400 600 800
F

File Edit View Insert Tools Desktop Window Help

Dede @ 0B RE

800

600 -

oA
of /*“3«*
)

-200

400 " |- " n " L
-800 -600 -400 -200 0 200 400 600 800

Figure 13. Self-calibration example 2 at time t,,,, and t,

When self-driving vehicles operate on the highway, the position of their sensors may be affected
by strong winds or vibrations. As illustrated in Figure 14, the LiDAR data appears to be positioned
above the Camera detection. This figure also demonstrates the algorithmic processing involved in
addressing this issue.
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Figure 14. Self-calibration example 3 at time t,,, and ¢, .

To test the limitations of the designed LiDAR and Camera self-calibration algorithm, we
deliberately introduced manual offsets and rotations to the LiDAR data and subsequently applied
the algorithm. The results are visually represented in Figure 18. Upon examining the outcomes, it is
evident that the algorithm is capable of accurately identifying the correct transformation matrix from
LiDAR to Camera, even in the presence of these intentional distortions
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Figure 15. Self-calibration example 5 and 6 at time ¢,
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6. Conclusions

This paper addresses the implementation of a LIDAR-Camera perception system for standard
home-use vehicles. It discusses the significant challenges involved in calibrating LIDAR and camera
sensors, as potential miscalibration can lead to dangerous inaccuracies in object detection, which is
critical for the safety and reliability of autonomous vehicles. The chapter introduces a robust self-
calibration algorithm specifically designed for the LIDAR-Camera system. This algorithm leverages
2D image classification results obtained from Convolutional Neural Networks (CNN) alongside
point cloud 2D projection data to ensure precise alignment of sensor data. The integration of CNN's
enhances the system's ability to accurately classify and identify objects within the captured images,
thereby improving the effectiveness of the calibration process.

Moreover, this algorithm incorporates self-calibration, self-correction, and error detection
capabilities, collectively enhancing overall accuracy and robustness. The self-calibration process
continuously adjusts the sensor parameters based on real-time data, while self-correction actively
compensates for any detected discrepancies in sensor alignment. Error detection mechanisms further
ensure that any potential inaccuracies are identified and addressed promptly, minimizing risks
during operation. To determine the optimal transformation matrix for the sensors, the algorithm
employs the Singular Value Decomposition (SVD) method in conjunction with gradient descent
techniques. This powerful combination allows for effective integration of data from both LiDAR and
camera sources, ensuring accurate sensor fusion and improving detection reliability across varying
conditions.
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