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Abstract— This paper presents MFCalib, an innovative ex-
trinsic calibration technique for LiDAR and RGB camera
that operates automatically in targetless environments with a
single data capture. At the heart of this method is using a
rich set of edge information, significantly enhancing calibration
accuracy and robustness. Specifically, we extract both depth-
continuous and depth-discontinuous edges, along with intensity-
discontinuous edges on planes. This comprehensive edge extrac-
tion strategy ensures our ability to achieve accurate calibration
with just one round of data collection, even in complex and var-
ied settings. Addressing the uncertainty of depth-discontinuous
edges, we delve into the physical measurement principles of
LiDAR and develop a beam model, effectively mitigating the
issue of edge inflation caused by the LiDAR beam. Extensive
experiment results demonstrate that MFCalib outperforms the
state-of-the-art targetless calibration methods across various
scenes, achieving and often surpassing the precision of multi-
scene calibrations in a single-shot collection. To support com-
munity development, we make our code available open-source
on GitHub.

I. INTRODUCTION

In recent years, LiDAR and camera sensors have become
essential for perception tasks in robotic systems, including
Simultaneous Localization and Mapping (SLAM) [1]-[4]
and semantic segmentation [5, 6]. By providing rich texture
information and three-dimensional measurements of the envi-
ronment, LiDAR and camera complement each other, making
LiDAR-camera fusion a promising approach to enhance
the performance of perception systems. Consequently, the
development of robust and accurate LiDAR-camera fusion
methods [7]-[11] has become increasingly important.

Extrinsic calibration, the estimation of the six degrees-
of-freedom (DoF) transformation (rotation and translation)
between the LiDAR and camera coordinate systems, is a
critical step in sensor fusion. Fig. 1 illustrates an RGB-
colored point cloud generated using our proposed method,
showcasing the high accuracy of the extrinsic parameters
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Fig. 1.

The RGB-colored point cloud using the proposed method.

obtained. Among the state-of-the-art extrinsic calibration
methods, target-based methods, such as those using checker-
boards [12]-[14] or specific image pattern [15], have shown
effectiveness and robustness. However, they typically rely on
specific calibration targets, limiting their practicality in real-
world applications. Targetless calibration methods, which
eliminate the need for external calibration targets, often have
specific scene requirements [16, 17] and tend to utilize only
a single feature from the LiDAR, restricting their robustness
in diverse environments.

To mitigate these obstacles, we present MFCalib—a novel
method for automatic extrinsic calibration in targetless en-
vironments. Our approach combines multi-feature edges ex-
tracted from LiDAR point clouds with natural edge features
extracted from images through a single data collection, min-
imizing reprojection errors. Furthermore, we tackle the issue
of depth-discontinuous edge inflation in LiDAR by modeling
the LiDAR beam. Our method is adaptable to various indoor
and outdoor scenes, quickly adjusting extrinsic parameters
with just one data collection, overcoming the limitations of
target-based approaches. Our contributions are delineated as
follows:

e« We introduce an extrinsic calibration strategy that
leverages multi-feature: depth-continuous edges, depth-
discontinuous edges, and intensity-discontinuous edges
within a unified data collection framework. This method
enhances robustness by utilizing various types of natural
environment edges.

e In our analysis, we concentrate on the beam diver-
gence angle inherent to LiDAR technology. We model
the LiDAR beam and introduce measurement uncer-
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Fig. 2. System overview of MFCailb.

tainty for depth-discontinuous edges, effectively ad-
dressing the challenge of inaccurately extracting depth-
discontinuous edges from the point cloud.

o Our algorithm, rigorously tested in diverse indoor and
outdoor environments, proves to outperform other the
state-of-the-art targetless-based methods. It achieves
calibration accuracy within a single scene comparable
to the cumulative performance of other methods across
multiple scenes. To support community development,
we make our code available open-source on GitHub*.

II. RELATED WORKS

LiDAR-camera extrinsic calibration methods are primarily
categorized into two approaches: 1) target-based and 2)
targetless-based. The main distinction between them lies in
how they define and extract features from the two sensors.

A. Target-based Calibration

Target-based methods utilize well-defined objects like
checkerboards [12]-[14], calibration room [18] and geomet-
ric solids [19, 20] for accurate transformation estimation.
Specifically, Beltran et al. [12] described a process that began
with extracting reference points from a custom calibration
target based on sensor data, followed by determining the
optimal rigid transformation through registration of point sets
from both sensors. Xie et al. [18] developed a calibration
space adorned with Apriltags, allowing the calibration of
multiple cameras and LiDARs even without a shared field
of view (FoV). The positions of cameras and LiDARs were
precisely determined using the tags and the room’s geometry.
Despite their precision, these methods encounter challenges
in target design and practical application within dynamic
environments.

B. Targetless-based Calibration

Targetless-based methods leverage natural features from
the environment such as planes [21, 22], edges [7, 16, 23,
24], and intensity [25] variations for extrinsic calibration.

“https://github.com/Eslerda/MFCalib

Chen et al. [21] introduced a method based on Plane-
Constrained Bundle Adjustment, optimizing extrinsic pa-
rameters by iteratively minimizing reprojection errors using
feature points obtained from prominent planes in the scene.
Introduced in [7], LIDAR points are projected onto the image
plane, coloring them based on depth and intensity before
extracting 2D edges for matching with image edges.. In [26],
the authors optimize extrinsic parameters by maximizing the
mutual information (MI) between color maps and images.
In [16, 23], natural 3D and 2D edges are extracted from
LiDAR point cloud and camera images, respectively; these
3D edges are then projected onto the image plane for opti-
mization. In [25], the authors utilize intensity features from
the natural environment, employing Superglue [27] for image
matching to find 2D-3D relationships between LiDAR and
camera and optimizing extrinsic parameters through direct
LiDAR-camera registration based on normalized information
distance and cross-modal distance metrics using MI. Motion-
based methods introduced in [28, 29] recover external pa-
rameters through sensor self-motion, further refined with
appearance information. However, these approaches typically
require significant sensor movement to activate calibration
fully.

Our method can be considered an enhancement of [16],
representing a targetless-based methodology. Compared to
[16], we have several key enhancements:

« We employ a multi-feature paradigm that incorporates
depth-continuous, depth-discontinuous, and intensity-
discontinuous edges, enhancing calibration robustness
and accuracy across varied environments.

o We tackle the unreliability of depth-discontinuous edge
by focusing on LiDAR’s beam divergence angle, model-
ing the beam, and introducing measurement uncertainty,
which improves depth-discontinuous edge extraction
and calibration reliability.

Unlike [7, 27], we utilize 3D edge features from the point
cloud, avoiding the problems associated with multi-valued
and zero-valued mapping, thus ensuring our method’s adapt-
ability and reliability across various calibration scenarios.
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III. METHODOLOGY
A. Overview

Fig. 2 illustrates the comprehensive procedure of the
proposed calibration algorithm. Initially, LiDAR is utilized
to acquire a dense point cloud, alongside image capture by
the camera. The Canny algorithm [30] is then employed to
extract edges from the image. The extraction of LiDAR edges
is divided into two parallel paths: on the one hand, depth-
continuous edges are extracted based on building voxel;
on the other hand, both depth-discontinuous and intensity-
discontinuous edges are extracted using the intensity image
from the LiDAR. These extracted edges are then mapped
back to the point cloud and merged with all edges. Ulti-
mately, 3D LiDAR edges are projected onto the image plane,
constructing residuals for iterative optimization to obtain the
result.

B. Initialization

Calibration starts with the initialization of extrinsic param-
eters derived from CAD models and the pre-calibration of
camera intrinsics. Data collection for LIDAR varies by type:
for non-repetitive scanners like Livox Avia’, a static accumu-
lation is used to gather dense cloud. For rotating scanners like
Ouster®, a LiDAR-inertial odometry [31] system is applied
to accumulate point cloud.

C. Muliti-Feature Edge Extraction

In the calibration of multi-sensor systems, especially for
high-resolution LiDAR, the zero-valued and multi-valued
mapping problem [32] poses a significant challenge. To
circumvent this problem caused by occlusions, our approach
involves using the 3D edges extracted from the point cloud in
the LiDAR coordinate system and projecting them onto the
image in the camera coordinate system to avoid this issue.

In the extrinsic calibration of LiDAR and camera, edge
extraction and registration play pivotal roles. Existing meth-
ods [16, 23, 24] typically rely on a singular type of feature
for calibration, which can limit their applicability in complex
environments due to the stringent requirements of the envi-
ronment. To extract as many edge features as possible across
a single environment and thus enhance the robustness of the
algorithm, we employ the following three distinct types of
edge features for registration:

o Depth-continuous edge: These edges represent the
smooth transitions and connections on the surface of
objects, but the pixel gradient changes in the image are
usually not pronounced.

o Depth-discontinuous edge: These edges demarcate dis-
tinct foreground-background transitions, prominently
discernible in imagery. Their alignment enhances depth
perception, thus fortifying calibration integrity.

« Intensity-discontinuous edge: These edges, highlighted
by changes in intensity due to material or color vari-
ations, unveil the intrinsic properties of the object’s

Shttps://www.livoxtech.com/avia/
Shttps://ouster.com/products/scanning-lidar/os 1 -sensor/
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Depth-discontinuous Edge Depth-continuous Edge == Intensity-discontinuous Edge

Fig. 3. Different kinds of edges in a real-world scene: Red lines mark
depth-discontinuous edges, blue lines mark depth-continuous edges, and
green lines mark intensity-discontinuous edges on plane.

surface. Analyzing intensity variations on a uniform
plane allows for the effective extraction of these edges.

For the extraction of depth-continuous edges, we adopt
the method proposed by Yuan [16], which is based on
point cloud voxel cutting and plane fitting to extract depth-
continuous edges efficiently and accurately.

During the process of extracting both depth-discontinuous
and intensity-discontinuous edges, we initially map the data
onto a spherical coordinate system to better adapt to the
inherent measurement geometry of LiDAR. Subsequently,
this spherical representation is converted into a Cartesian
coordinate system to produce a 2D intensity image. In this
image, each pixel represents a cluster of points in 3D space,
with the average intensity value of these points used to color
each pixel, while also preserving their depth information.
Thereafter, we apply the Canny edge detection algorithm to
the intensity map to extract all edges. A filtering mechanism
based on KD-Tree is then utilized to differentiate between
depth-discontinuous edges and intensity-discontinuous edges
on the plane, based on locality and depth variation. The
depth-discontinuous and intensity-discontinuous edges ex-
tracted in this manner are subsequently re-mapped onto the
original LiDAR point cloud.

Within the LiDAR point cloud, we merge all the extracted
edges to obtain multi-feature edges. This approach fully
leverages the various edge features within the calibration
scene and is conducted entirely within the LiDAR coordinate
system, avoiding the zero-valued and multi-valued mapping
problem. This significantly enhances the robustness and
accuracy of the calibration algorithm, thereby making it
suitable for a broader range of application scenarios.

D. LIDAR-Camera Registration

1) Edge Matching: Edge matching and optimization pro-
cesses are conducted within the image space of the camera
coordinate system. Edge points from the LiDAR coordinate
system are projected onto the image plane of the camera
coordinate system using the formula

P, = ‘T("P;) = ‘R - P, + Ct e R?, (1)
p; = m(“P;). )
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Fig. 4. Inflation points and bleeding points caused by the divergence angle
of LiDAR laser beam:(a) the actual inflation and bleeding points, where (1)
is the point cloud colored by intensity values, and (2) is the intensity image;
(b) the schematic of the LiDAR beam.

In the above equations, “P; and P; represent the
3D points in the camera and LiDAR coordinate systems,
respectively. Eq. (1) denotes the application of the rigid
transformation gT to the point LP,, where R is the rotation
matrix and t is the translation vector. The symbol p; € R?
indicates the location of the point in the camera image
space. The function 7(“P;) is the camera projection model,
which embody the intrinsic transformation from “P;
(X, Y5, Zi]" to pi = [, y:]".

We initiate a query for the x nearest neighbors of p; in the
KD-Tree generated from the edge pixels of the image. We de-
note the x nearest neighbors as N; = {q";m =1,...,k}.
The line characterized by N; is determined by the point q;
situated on the line itself, accompanied by the normal vector
n;.

2) LiDAR Measurement Noises and Bias: The LiDAR
edge points “P;, that are extracted, along with the corre-
sponding edge features (n;, q;) in the image, are subject to
the effects of measurement noises. For the inherent mea-
surement noises of LiDAR and camera, we adapt the noise
model used in [32]. For the camera’s measurement noise,
the noise ‘w; is modeled as a normally distributed variable
N(0,%;), which perturbs the edge feature q; during the
process of image edge extraction. For points extracted by the
LiDAR, the noise associated with these points is denoted by
Lw;. The corresponding mathematical expression is given
by

L

Py~ PP — Pwi, 3)
where
od;
L. __ . i Ly,
w; = A; [&dz} N(0,7%,),
L Ya, Oix2| 7
3, = A, i A7
[Ole Yo,

in the context of these equations, we derive the relationship
between the true position of the point © Py " and its observed
counterpart LP,. Here, w; € S? denotes the direction of the
measured bearing, while dw; ~ N (02x1, X, ) represents the
noise inherent in the measurement within the tangent plane
of w;, which is assumed to follow a normal distribution.
The variable d; corresponds to the depth measurement,
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whereas dd; ~ N(0,X,,) indicates the corresponding error
in ranging, also assumed to be normally distributed. The
matrix A; is defined in [32].

Based on this, we further introduce a measurement error
caused by the divergence angle of the LiDAR beam. In our
simplified model for subsequent optimization, we approxi-
mate the shape of the LiDAR beam as a circular form to
facilitate easier computation. In subsequent optimizations,
we consider the measurement errors caused by the diver-
gence angle of the LiDAR beam. Fig. 4(b) illustrates that
laser pulses are not perfect points but rather beams with a
divergence angle. Scanning from foreground to background
objects results in part of the laser pulse being reflected by the
foreground, with the remainder by the background, creating
two reflective pulses reaching the LiDAR receiver. When the
foreground object is highly reflective, the signal from the
first pulse dominates, even when the beam centerline has
moved beyond the foreground object. This leads to false
points beyond the actual edge of the foreground object.
The closer proximity of the foreground to the background
merges the signals from both pulses, producing an integrated
signal that generates a set of points bridging foreground and
background, known as bleeding points, known as bleeding
points, shown in Fig. 4(a). Inflation points result in anoma-
lous intensity values on depth-discontinuous edges, affecting
their precision and causing the edges to appear inflated,
as observable in Fig. 4(a). While bleeding points are also
anomalies, they have almost no impact on the intensity image
of the LiDAR.

The uncertainty of depth-discontinuous edges caused by
inflation points due to the LiDAR beam adheres to a biased
Gaussian distribution (u,” %;). When the LiDAR beam’s
centerline is precisely on the depth-discontinuous edge, the
measured value is the depth of the foreground object, which
is the critical position for phantom point generation. As
the centerline of the beam moves up, if the foreground
object remains within the range of the beam, ideally, the
measurement should return the value of the background
object reached by the centerline, but due to the measuring
principle of LiDAR, the foreground object’s value is still
returned. When the elliptical beam is exactly tangent to
the depth-discontinuous edge (see Fig. 4), the LiDAR still
measures the value of the foreground object, corresponding
to the inflation points furthest from the actual point cloud’s
depth-discontinuous edge. When the centerline of the LiDAR
beam moves further up, and the beam is entirely on the
background object, the returned measurement value is that
of the background object.

The mean p varies with the position of the beam’s cen-
terline. When the centerline of the beam is tangent to the
edge of the foreground object, = 0; when the beam as
a whole is tangent to the foreground object, u = e;(d;,0).
Here, e; represents the radius of the circular beam, which is
determined by the depth measurement d; and the divergence
angle 6 of the LiDAR beam. It is noteworthy that when
extracting edges from the intensity image of the LiDAR, the
depth-discontinuous edges extracted are the farthest inflation



points from the real edge, which are the points where the
beam as a whole is tangent to the foreground object. These
points conform to a biased Gaussian distribution (u,” %;).
We define E; as the bias on the depth-discontinuous edges
that we extract. For such inflation points on the depth-
discontinuous edges, if treated as actual points on the depth-
discontinuous edge, the relation should be

p,—E;, - P ~ N(0,F'3)), (4)

where
Ei:eiV, VZNXL,

the cross product (x) operation between N and L yields
vector V, which is orthogonal to both N and L. N is the
normal vector of the plane where the edge lies, and L is
the vector perpendicular from the center of the beam to the
actual edge on the surface.

Fig. 5. Projection of an edge point from the LiDAR, denoted as P
in the camera frame, onto the image plane p;. This includes calculating
the residual z;, associated with the projection. LIDAR edges are marked in
blue, and camera edges in red.

3) Iterative Optimization: Consider “P; as an edge point
derived from LiDAR point cloud, with the corresponding
edge in the imagery characterized by the normal vector n;
located within St, and a relevant point g; in R? situated on
this edge (Section III-D.2). Upon the consideration of the
noise inherent in “P;, and upon the projection of this point
onto the image plane utilizing validated extrinsic parameters,
it is anticipated that it will align precisely with the edge
defined by (n;, q;) in the image (Egs. (1), (2) and Fig. 5).
The optimal observation model is articulated as follows:

0=n(x({T (P —"wy)) — (ai — CWi)) , ()

where the noise components associated with the LiDAR
and camera measurements are denoted by Lw; and “w;,
respectively.

The restriction on the extrinsic parameters, imposed by a
LiDAR edge point due to its derivation from two distinct
points, is demonstrated by Eq. (5). Furthermore, Eq. (5)
formulates a nonlinear relationship pertaining to the mea-
surements of “P;, n;, and q; in relation to the extrinsic
calibration ¢T. To address this nonlinear relationship, an
iterative methodology is utilized, commencing with the cur-
rent approximation g’i‘, and parameterizing gT within the
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tangent space of g'i‘ through the B operation as delineated
in SE(3) [33].

§T =T Bsps 0T £ Exp(dT) - T, (6)

By integrating Eq. (6) into Eq. (5) and subsequently

approximating the resulting mathematical expression through
a first-order term, we get

0~ z; + Hr,0T; + Hy, Wy, (7N

where

z; =n! (7 ({T(*P; - E;)) —q;) € R, (8)
the inflation factor E; is delineated in Section III-D.2.
In the context of depth-continuous edges and intensity-
discontinuous edges situated on a plane, E; is regarded as
null.

Eq. (7) elucidates the constraint conditions that are associ-
ated with the alignment of edges. The aggregation of all such
edge correspondences facilitates the formulation of a com-
prehensive constraint, which can subsequently be employed
to establish a maximal likelihood problem that concurrently
minimizes the variance pertaining to the extrinsic parameters.
This problem is then addressed utilizing the Gauss-Newton
method for optimization, with the Ceres Solver’ functioning
as the computational apparatus to iteratively enhance the
extrinsic parameters.

IV. EXPERIMENTS AND RESULTS

In this section, we validate our calibration approach and
compare it with other the state-of-the-art methods on two
real-world datasets: the SZU campus dataset and the Yuan’s
public dataset [16].

A. SZU Campus Dataset

The dataset is collected within the Shenzhen University,
employing the sensor suite® illustrated in Fig. 6. We utilized a
Livox Avia LiDAR coupled with an industrial-grade camera,
the HIKVISION MV-CA013-A0UC®, which boasts a 1.3-
megapixel resolution. The camera’s intrinsic parameters are
pre-calibrated utilizing the MATLAB Camera Calibration
toolbox'?. The LiDAR and camera are statically positioned at
the invariant location during data collection. To fully exploit
the non-repetitive scanning feature of LiDAR, we accumulate
point cloud data over a period of 30 seconds to obtain a dense
point cloud. We collect data from six different scenes within
the campus (see Fig. 7), encompassing both indoor (BCD)
and outdoor (AEF) settings.

Thttp://www.ceres-solver.org/
8https://github.com/hku-mars/FAST-LIVO
9https://www.hikvisionweb.com/product- category/camera/usb3-0/
10https://ww2.mathworks.cn/help/vision/camera-calibration.html/



(b)

Fig. 6. LiDAR-camera sensor suite. (a) Physical assembly of the sensor
suite. (b) CAD model representation of the sensor suite.

Fig. 7.

Calibration Scenes. (A)—(F) Scene 1-6.

1) Robustness and Convergence Validation: To validate
the robustness of our algorithm against environmental vari-
ations and its accuracy across different scenarios, we con-
duct tests within the aforementioned six scenes. For each
scene, ten sets of trials are performed with varying initial
parameters, randomly assigned around the baseline CAD
values (rotation 5° and translation 10 cm). Fig. 8 displays the
distribution of the extrinsic parameters’ results along various
axes. It is evident that the extrinsic parameters from different
initial values in various scenes converge and approximate the
reference values, demonstrating the consistency, robustness,
and accuracy of our algorithm in diverse environments.
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Fig. 8. Distribution of converged extrinsic values for all scene settings.
The displayed extrinsic has its nominal part removed.

2) Comparison Experiments: For quantitative perfor-
mance comparison, we calculate the calibration error be-
tween the calibrated extrinsic parameters and the “pseudo”
ground-truth values, where the “pseudo” ground-truth val-
ues used for reference are obtained using the [25]
across 20 scenes. The rotation error is given by er =
arccos( 3 (tr(YR(YRy;)T) — 1)), expressed in degrees. The
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translation error is provided by e; = ||$t — Tt |, expressed
in centimeters. The terms R and $t,; denote the ref-
erence “pseudo” ground-truth for rotation and translation,
respectively. The calibrated results are denoted by gR and
¢t. We compare our method in the dataset with two open-
source the state-of-the-art targetless calibration approaches.
The technique in [16] effectively extracts depth-continuous
edges from LiDAR data through voxel segmentation and
plane fitting, aligning them with camera edge features to
achieve pixel-level calibration. It relies on the presence
of depth-continuous edges within the scene, requiring a
highly structured calibration environment. Koide et al. [25]
developed an open-source LiDAR-camera calibration toolbox
that is compatible with various LiDAR and camera models.
Their approach also incorporates a direct LiDAR-camera
fine registration algorithm based on Normalized Information
Distance (NID) and a viewpoint-based hidden point removal
algorithm to enhance calibration accuracy. Our method,
along with the other two, utilizes identical initial extrinsic
parameters. Comparisons are made within corresponding
individual scenes. The parameters for each method are tuned
to achieve the best results as per the authors’ efforts, and the
same parameters are used across all scenes for each method.

TABLE I
ROTATION ERRORS (DEGREES) AND TRANSLATION ERRORS
(CENTIMETERS)
Scene 1 Scene 2 Scene 3 Scene 4 Scene 5 Scene 6  Average

Ours 0.18/1.53 0.08/1.73 0.20/1.62 0.16/1.66 0.23/1.61 0.24/1.43 0.18/1.60
Yuan’s 0.22/2.55 2.31/43.21 0.48/5.70 0.38/3.80 0.27/7.92 0.54/5.88 0.70/11.51
Koide’s 0.44/21.73 1.17/75.55 0.18/2.39 0.35/7.07 0.13/3.57 0.56/11.75 0.47/20.34

The initial rotation and translation errors are 0.91°/8.49cm,
respectively. The experimental outcomes are encapsulated
in Table I. Our method demonstrates precise calibration
results across six scenes. In contrast, Yuan’s method failed
in Scene 2, while Koide’s method failed in Scenes 1 and
2, underscoring the superior robustness of our approach.
Even in scenes where other methods are successful, ours
achieves higher accuracy, although there is a slight increase
in rotational error in Scene 3 compared to Koide’s method.
The exemplary performance of our method is attributed to
the use of a diversified feature set for matching, along with
consideration of the LIDAR beam uncertainties. In contrast,
Koide’s method relies on feature extraction from visual and
intensity images, which poses significant challenges under
suboptimal conditions, and Yuan’s method requires a rich
presence of depth-continuous edges in the scene.

Beyond quantitative comparison, we conducted a further
assessment of calibration quality. Based on the calibration
results from Table I, we colorized the LiDAR point clouds
and selected Scenes 2—4, which have a higher color contrast
between foreground and background objects, to enhance vi-
sual comparison (see Fig. 9). The results demonstrate that our
method consistently produces accurate and visually coherent
colorizations across all scenes. In contrast, methods proposed
by Yuan and Koide show noticeable color misalignments in



Fig. 9.

(a) Colorized point clouds using “pseudo” ground-truth calibration parameters, with the area within the square frame designated for comparison.

(b) The result of colorizing with our calibration result. (c) The result of colorizing with Yuan’s calibration result. (d) The result of colorizing with Koide’s

Fig. 10. Using three Scenes from Yuan’s public dataset [16], we evaluated the performance of our method against Yuan’s and Koide’s methods. Images
show LiDAR data fused with camera imagery, calibrated extrinsically, with point intensities represented by a Jet colormap. (al), (bl), and (c1) present our
method results calibrated solely within the respective single scene. (a2), (b2), and (c2) present Yuan’s method results calibrated solely within the respective
single scene. (a3), (b3), and (c3) display Yuan’s method results calibrated using all three scenes together. (a4), (b4), and (c4) present Koide’s method results
calibrated solely within the respective single scene. (a5), (bS), and (c5) display Koide’s method results calibrated using all three scenes together.

certain scenarios. This visual evaluation further confirms the
superiority of our method in terms of calibration accuracy
and reliability compared to other state-of-the-art approaches.

B. Yuan’s Public Dataset

We conduct comparative tests on Yuan’s public dataset
[16] to further validate our algorithm. This dataset is col-
lected using a sensor suite composed of a Livox Avia LIDAR
and an Intel Realsense-D435i camera!!. We select three

https://www.intelrealsense.com/depth-camera-d435i
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scenes from the dataset for experimental verification. Our
method utilizes calibration within individual scenes exclu-
sively, while the approaches by Yuan and Koide considered
both individual scenes and the integration of multiple scenes.
As shown in Fig. 10, the results demonstrate that our method
significantly outperforms the other two methods under the
same single-scene conditions and achieves or exceeds the ac-
curacy of their multi-scene calibration results. This highlights
the high precision of our method in single-scene scenarios
and confirms its robustness in challenging environments.



V. CONCLUSIONS

In this study, we introduce an innovative targetless auto-
matic extrinsic calibration method for LiDAR and camera
systems that requires only a single data collection pass.
Our approach, integrating multi-feature edge extraction tech-
niques with a LiDAR beam model, effectively addresses
the issue of edge inflation caused by LiDAR. This method
surpasses existing the state-of-the-art targetless techniques
in precision and robustness, proving its efficacy even in
challenging scenarios where traditional methods fall short.
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