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Abstract— Extrinsic calibration for LiDAR and camera using
sparse point clouds can significantly reduce cost and improve
efficiency. However, most current target-based methods are
designed for dense point clouds and are less effective in sparse
scenarios, while targetless methods primarily rely on environ-
mental features. To address this limitation, a LiDAR–camera
extrinsic calibration method for sparse point clouds is proposed
in this paper. First, the proposed method extracts the complete
checkerboard image via line-segment direction clustering and
midpoint-to-normal projection. Second, a constructed theo-
retical checkerboard boundary point cloud is aligned to the
scanned boundary point cloud using a proposed dimension-
reduced, global-search and local-refinement (DGL) method.
Third, coarse calibration is derived from the centroids of the
checkerboard in images and aligned point clouds, followed by
refinement through joint optimization of reprojection error and
normal consistency error. Finally, experiments on simulated
data achieve translation and rotation errors below 0.015 m and
0.3◦, respectively. On a self-collected dataset, the method attains
90.9% mIoU between reprojected checkerboard regions and
images, outperforming state-of-the-art methods under sparse
point cloud conditions.

I. INTRODUCTION

In recent years, LiDAR–camera fusion has attracted sig-
nificant attention in autonomous driving [1] [2] [3], robotics
[4] [5], and 3D reconstruction [6], and has become one of
the research hotspots in the field of 3D vision. Accurate
extrinsic calibration is a prerequisite for LiDAR–camera
fusion. It aims to estimate the rigid transformation between
the two sensors through mathematical modeling and opti-
mization, thereby aligning their coordinate systems. Extrin-
sic calibration forms the basis for precisely projecting 3D
point clouds onto 2D images. Consequently, obtaining high-
precision and robust extrinsic parameters is a challenging
task in LiDAR–camera fusion.

Current LiDAR–camera extrinsic calibration methods can
be classified into two types: targetless methods and target-
based methods. Targetless methods [7] [8] [9] [10] [11]
exploit geometric or semantic features in natural scenes
instead of artificial calibration objects. However, they are
often sensitive to initialization and face difficulties in feature
extraction and data association under repetitive textures or
sparse point clouds. In addition, an increasing number of
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learning-based targetless methods [12] [13] [14] [15] [16]
have been proposed. Although these approaches show strong
potential in automation and accuracy, they rely heavily
on large annotated datasets and may not generalize well
to customized sensor setups or diverse environments. At
present, widely used calibration techniques typically adopt
target-based methods [17] [18] [19], which rely on dedicated
calibration objects observed by both sensors. However, such
methods are prone to failure due to the lack of sufficient 3D
corner or edge features under sparse point cloud conditions,
as illustrated in Fig. 1. Other works, such as Yan et al. [20],
Huang et al. [21] and Tóth et al. [22] employ customized
calibration targets, which increase both cost and complexity.

(b) Sparse Point Cloud(a) Dense Point Cloud

Angular Points

Fig. 1. Comparison of features between dense and sparse point clouds.

In summary, current methods suffer from difficulties in
feature association, corner extraction, and other issues when
dealing with sparse point clouds, which often result in
reduced accuracy or even failure. Moreover, acquiring dense
point clouds is costly and computationally demanding, espe-
cially for spinning LiDARs. To address these limitations, a
LiDAR–camera extrinsic calibration method for sparse point
clouds is proposed, which employs a tilted rigid checker-
board as the calibration target and follows a coarse-to-fine
optimization strategy. An initial transformation is estimated
from the centroids of corresponding checkerboard regions in
point clouds and images, and a joint optimization framework
is introduced to enable accurate automatic calibration even
with imperfect initialization.

The main contributions of the proposed method are as
follows:

• An automatic method for extracting complete checker-
board boundary based on line-segment direction clus-
tering is proposed, which improves system automation
and avoids errors introduced by manual extraction.

• By replacing scanned checkerboard boundary with the-
oretical boundary point cloud derived from the checker-
board dimensions, a dimension-reduced, global-search,
and local-refinement (DGL) alignment approach is pro-
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posed for high-precision boundary alignment in sparse
point cloud scenarios.

• Both boundary reprojection error and normal consis-
tency error are incorporated in the optimization-based
fine calibration phase, which aims to reduce errors
caused by directional deviation of the point cloud.

II. RELATED WORK

Current methods of LiDAR–camera extrinsic calibration
can be classified into target-based methods and targetless
methods.

Target-based methods are the most established approach
for LiDAR–camera extrinsic calibration. The key idea is to
use specially designed calibration objects that are simultane-
ously observable by both sensors. Commonly used targets
include checkerboards [23] and fiducial markers such as
AprilTag [24] [25], which provide geometric features (e.g.,
corners and edges) for correspondence matching. Jeong et
al. [26] improved board extraction by augmented points, but
their method relies on the known distribution of checkerboard
inner corners and is limited by sparse scans at long ranges.
Su et al. [27] introduced a motion-based coarse calibration
that is not applicable in static scenes. Hua et al. [17]
optimized poses using edge constraints for more accurate
rigid transformations, yet edge extraction remains sensitive
to point cloud density and requires manual intervention in
complex backgrounds. Other studies designed customized
targets—such as boards with circular holes [20] [28] [29],
transparent acrylic checkerboards [21], or spherical objects
[22]—to meet specific needs; however, these are costly
and complex to fabricate, and their manufacturing precision
directly affects calibration accuracy.

Targetless methods eliminate the need for specific calibra-
tion objects by exploiting natural features in the environment.
These approaches typically rely on geometric alignment or
statistical measures between LiDAR and camera data. Chen
et al. [9] proposed a plane-constrained bundle adjustment
method that iteratively minimizes reprojection error using
feature points on prominent scene planes. Borer et al. [10]
introduced a method based on geometric mutual information,
replacing the traditional intensity-to-intensity feature with
depth-to-depth feature. Koide et al. [11] employed SuperGlue
[30] for cross-modal 2D–3D matching, then refined the initial
guess with direct LiDAR-camera registration based on the
normalized information distance. However, many targetless
methods rely on scene-dependent cues that may be unreliable
or absent in textureless or repetitive environments, resulting
in reduced accuracy compared to target-based approaches.

In recent years, learning-based methods that extract
modality-invariant features have emerged as a form of target-
less methods. Yuan et al. [12] proposed a network that inte-
grates Riemannian geometry with a deep generative model to
learn an implicit tolerance model. Zhu et al. [13] formulated
calibration as a sequence prediction task with LSTMs for
contextual modeling. Sun et al. [14] performed attention-
based object-level matching with cascaded optimization,
enabling target-free and initialization-free calibration. Lv et

al. [15] developed an end-to-end self-calibration network
with a cost-volume mechanism. Lee et al. [16] leveraged
4D correlation volumes with iterative updates to achieve
cross-modal alignment. Ye et al. [31] embedded geometric
constraints and trainable keypoint weighting into an end-to-
end network. Zhu et al. [32] employed homogeneous multi-
modality representation with local-global spatial awareness.
Jing et al. [33] proposed a differentiable pose estimation
module with probabilistic modeling to quantify cross-modal
uncertainty. Despite their strong performance and automa-
tion, these methods face limitations: their generalization
heavily depends on training datasets, often failing to transfer
across environments or sensor configurations. Moreover,
their reliance on large-scale computation and labeled data
restricts deployment in lightweight systems.

The proposed method remains effective for sparse point
clouds, performing robustly with low-resolution LiDAR or
long-range setups. It also achieves reliable calibration in
textureless or repetitive-structure scenarios and is applicable
to both indoor and outdoor settings.

III. METHODOLOGY
A. Overview

The proposed method adopts a coarse-to-fine strategy with
staged optimization. A checkerboard is tilted and placed at
different positions within the overlapping LiDAR–camera
field of view (FOV) to ensure that its boundaries are
captured. The method consists of three modules: (1) data
preprocessing, (2) coarse calibration, and (3) fine calibra-
tion. In preprocessing, planar checkerboard point clouds are
obtained, and a checkerboard image extraction method based
on line-segment direction clustering is proposed. In coarse
calibration, theoretical boundary point clouds are aligned to
the scanned ones, and paired centroids of the theoretical
point clouds and checkerboard images are used to solve
a Perspective-n-Points (PnP) problem for an initial guess.
In fine calibration, boundary reprojection error and normal
consistency error are jointly minimized to refine the result.
The overall pipeline is shown in Fig. 2.

B. Data Preprocessing

1) Checkerboard point cloud extraction: Accurate cali-
bration requires first extracting the checkerboard point cloud.
Redundant points outside the checkerboard region are re-
moved using spatial thresholds determined by the acqui-
sition setup. A plane is then fitted to the filtered points
to remove ground points. From the remaining non-ground
points, a second plane fitting yields the checkerboard plane
α, and points within a small distance to α are preserved as
the checkerboard point cloud Pb. Due to inherent LiDAR
noise and environmental factors, Pb does not form an exact
plane and contains noise. Therefore, all points in Pb are
projected onto α using ray projection, as defined in (1),
where A,B,C,D are the parameters of α, producing the
3D planar checkerboard point cloud Pr.

Pr =

{
− D

Ax+By + Cz
· (x, y, z)

∣∣∣∣ (x, y, z) ∈ Pb

}
(1)
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Fig. 2. Overview of the proposed method.

2) Checkerboard image extraction: Most checkerboard
extraction methods rely on corner detection, which often
results in incomplete extraction. Thus, a method based on
line-segment direction clustering is proposed to extract the
complete checkerboard boundary from the image.

First, the bounding box of the checkerboard is obtained
and expanded outward to generate a new bounding box. Line
detection is then performed within this region to extract a set
of candidate boundary line segments {Li}ki=1, as shown in
Fig. 3(a). The unit direction vector vi of each line segment
Li is then computed.

Based on vi, {Li}ni=1 is clustered into two groups, Gv

and Gh, corresponding to the two principal orientations of
the checkerboard, as shown in Fig. 3(b). When a group of
approximately parallel lines exists in the image, the projec-
tions of their centroids along the normal vector direction can
accurately reflect their relative positions. Taking Gh as an
example, the first line segment in Gh and its normal vector
nl is computed according to (2).

nl = (−v
(y)
1 , v

(x)
1 ) (2)

For each line segment in Gh, the midpoint ci is deter-
mined, and their projection values onto nl are obtained as
CP according to (3), where j denotes the number of line
segments in the cluster.

CP =
[
c1 · nT

l c2 · nT
l · · · cj · nT

l

]T
(3)

The line segments corresponding to the maximum and
minimum CP values are selected as the outermost line
segments of Gh, denoted as the upper and lower boundaries
Lu and Ld, respectively, as shown in Fig. 3(c). Likewise,
the right and left boundaries Lr and Ll are obtained from

Gv . The intersections of adjacent boundaries determine four
checkerboard corners Cn1–Cn4, as illustrated in Fig. 3(d).
Mapping these corners back to the original image, the quadri-
lateral region they form is extracted as the checkerboard
image Im, with its contour points denoted as Contour.

Cn1
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(c)
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Fig. 3. Extraction of the complete checkerboard image. (a) Extracted line
segment set {Li}ki=1. (b) Clusters Gv and Gh obtained by line-segment
direction clustering. (c) Two outermost line segments extracted in Gh based
on midpoint-to-normal projection. (d) Boundary lines and corners of the
checkerboard.

C. Coarse Calibration

1) Theoretical boundary alignment: Boundary extraction
algorithm provides the checkerboard boundary point cloud
Ptb, as shown in Fig.4(a). Due to sparsity, some segments
may be missing or misidentified, causing calibration errors.
To address this, a theoretical boundary Pcb based on the
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checkerboard size w×h is constructed, as shown in Fig.4(b),
and aligned to Ptb using the proposed DGL (Dimension-
reduced, Global-search, Local-refinement) method.

The method computes covariance matrices of Pcb and Ptb,
and performs eigen-decomposition to obtain the orthogonal
bases Vcb and Vtb. Using Vtb as reference, the transformation
matrix mapping Pcb onto the target plane α is obtained
through principal direction alignment and centroid matching,
as given in (4), where µcb and µtb denote the centroids of Pcb

and Ptb, respectively. The resulting transformation is then
applied to Pcb.

TInit =

[
VtbV

T
cb µtb − VtbV

T
cbµcb

0T 1

]
(4)

After this step, both point clouds are further rotated onto
a plane parallel to the XOY plane, reducing the alignment
parameters to three (Dimension-reduced): rotation angle θ
around the Z-axis and translations tx, ty . A global search
strategy finds an approximately optimal solution (Global-
search), which is then refined via local optimization (Local-
refinement). The alignment optimization, defined in (5),
minimizes the mean squared distance from each transformed
source point to its nearest neighbor in the target point cloud
Ptb, as illustrated in Fig. 4(c). Here, RZ and tZ denote the
rotation matrix and translation vector, respectively; pi de-
notes a point in the source point cloud; minqj∈Ptb

represents
the point qj in the target point cloud, found as the nearest
neighbor to the transformed pi.

Find θ, tx, ty

min f =
1

n

n∑
i=1

min
qj∈Ptb

∥RZ(θ) · pi + tZ(tx, ty)− qj∥2

s.t. RZ(θ) =

cos θ − sin θ 0
sin θ cos θ 0
0 0 1

 , tZ(tx, ty) =

txty
0

 ,

− 90◦ ≤ θ ≤ 90◦

(5)
This method reduces the optimization parameters from six

(three for rotation and three for translation) to three, as shown
in Fig. 4(d), thereby improving efficiency and reducing error.
After obtaining the optimal parameters θ′, t′x and t′y , the
transformation matrix TZ is constructed according to (6).

TZ =

[
RZ(θ

′) tZ(t
′
x, t

′
y)

0T 1

]
(6)

The theoretical point cloud is then transformed by TZ and
rotated back onto the plane α, yielding the aligned theoretical
boundary Peb. This boundary represents the actual position
of the checkerboard in 3D space and is subsequently used
for extrinsic calibration.

2) Initial extrinsic estimation: Since the checkerboard
points are coplanar, a single point cloud–image pair cannot
provide sufficient constraints for stable PnP estimation. Thus,
the board is scanned at least four times at different positions
within the FOV while keeping the LiDAR and camera
fixed. From the s (s ≥ 4) pairs, the theoretical boundary
point cloud set PEB = {Peb1, . . . , Pebs} and corresponding

(b)

Theoretical Boundary Pcb

w

h

Scanned Boundary Ptb

(c)

Theoretical Boundary Pcb


=

=
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i
iyx d

n
ttf
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d3
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d5
.........

Coplaner

θ 
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(d)

Incomplete Boundary

(a)

Fig. 4. Theoretical boundary alignment. (a) Extracted incomplete boundary.
(b) Scanned boundary and theoretical boundary. (c) Error function in align-
ment optimization. (d) Dimensionality reduction of optimization parameters.

image set IM = {Im1, . . . , Ims} are obtained. For each
pair (Pebi, Imi), the checkerboard centroid in the point cloud
(CLi) and the centroid in the image (CIi) are extracted,
forming centroid sets CL and CI . Solving PnP with CL
and CI yields the initial extrinsic parameters (rvec, tvec).

D. Fine Calibration

1) Checkerboard normal vector calculation: Using the
coarse calibration parameters rvec and tvec, each point cloud
in PEB is transformed into the camera coordinate system
according to (7), yielding PCAL = Pcal1, . . . , Pcals. Here,
Rodrigues(·) converts rvec into a rotation matrix, and Pcali

denotes the homogeneous coordinates in the camera system.

Pcali =

[
Rodrigues(rvec) tvec

0T 1

]
· Pebi (7)

During the transformation, the orientation of checkerboard
boundary point cloud may deviate, and further tilting can
occur during fine calibration. To address this, the orientation
of Pcali in the camera coordinate system is represented by a
normal vector nei, while the orientation of the corresponding
checkerboard in the image is represented by a normal vector
nci, as illustrated in Fig. 5. The consistency between nei and
nci is then constrained in the subsequent optimization.

Checkerboard Image
nei

nci=Rodrigues(rni)⋅(0,0,1)T

Pcali

Fig. 5. Tilt of the boundary point cloud.

The boundary point cloud normal nei is obtained directly.
For the checkerboard, the local world coordinate system is
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defined with the X-axis pointing right, the Y-axis downward,
and the Z-axis perpendicular to the plane toward the camera,
giving the normal nw = (0, 0, 1)T . Using detected inner
corners and their 3D world coordinates, the PnP algorithm
estimates the rotation rni from the world to the camera
coordinates, which is then applied to nw to obtain nci as
in (8). Since the sign ambiguity of the normals does not
affect the subsequent optimization, no orientation constraint
is imposed on nei and nci.

nci = Rodrigues(rni) · nw (8)

2) Extrinsic refinement: The coarse calibration provides
a reasonably reliable initial solution; therefore, the extrinsic
parameters can be further refined around this solution using
local optimization methods.

Quaternion representation. In this stage, rotation is
represented by quaternions q = [w, x, y, z] instead of Euler
angles (roll, pitch, yaw) to avoid strong nonlinearity, gradient
instability, and gimbal lock. A unit quaternion q = w+xi+
yj + zk (w2 + x2 + y2 + z2 = 1) corresponds to a rotation
matrix Rf as in (9). Since the manifold of unit quaternions is
nonlinear, rotation increments are defined in Lie algebra and
mapped to quaternions via the exponential map for stable
updates.

Rf =

1− 2(y2+z2) 2(xy−wz) 2(xz+wy)
2(xy+wz) 1− 2(x2+z2) 2(yz−wx)
2(xz−wy) 2(yz+wx) 1− 2(x2+y2)

 (9)

Joint optimization. Observations from multiple frames
provide richer geometric constraints, enabling joint optimiza-
tion of extrinsic parameters and compensating for degraded
frames. Accordingly, all point clouds Pcali and 2D contours
Contouri are merged into Pmerge and Cmerge, respectively,
for joint refinement.

Error function. For each point (xc, yc, zc) in Pmerge, the
reprojection function π maps it to image coordinates (u, v)
using the known intrinsic matrix K, as shown in (10).[

u v 1
]T

= K · 1

zc

[
xc yc zc

]T
(10)

To align theoretical boundary points to the checkerboard
contours, the reprojection error Ereproj is the sum of squared
distances between each reprojected point and its nearest
neighbor in the merged contour set Cmerge, as defined in
(11), where tf denotes the translation vector and η(·) returns
the closest contour point in Cmerge.∑

i

∥∥π(Rf · P i
merge + tf )− η

(
π(Rf · P i

merge + tf )
)∥∥2

(11)
Using only Ereproj may cause deviation in the orienta-

tion of the boundary point cloud. To enforce consistency
with the true checkerboard orientation, a normal consistency
error Enormal is introduced in (12). Specifically, parallelism
between the ncj and nej is quantified using the absolute
value of their dot product, thereby avoiding sensitivity to

sign ambiguity in normal directions.

Enormal =
∑
j

(
1−

∣∣nT
cj ·Rf · nej

∣∣)2 (12)

Overall, the combination of Ereproj and Enormal miti-
gates local minima. The complete error function E is defined
in (13), where we and wn are weighting factors.

E = we · Ereproj + wn · Enormal (13)

Since the two error terms differ significantly in scale,
a dynamic weighting scheme based on root mean square
(RMS) is adopted. we is fixed to 1.0, while wn is adaptively
updated after each iteration as shown in (14), ensuring
balanced contributions and preventing dominance of a single
term.

wn =
RMS(Ereproj)

RMS(Enormal)
(14)

After minimizing E, the optimal rotation q′ and translation
t′ are obtained. The rotation matrix R′ is derived from q′ via
(9). Combined with the coarse calibration result, the refined
transformation T ′ is shown in (15), representing the final
extrinsic parameters.

T ′ =

[
R′ t′

0T 1

]
·
[
Rodrigues(rvec) tvec

0T 1

]
(15)

IV. EXPERIMENTS
A. Setup

A hybrid solid-state LiDAR (FOV 180◦×40◦) and an area
scan camera (FOV 56.5◦ × 44.6◦) were mounted rigidly on
a mast arm, with the camera positioned above the LiDAR.
The checkerboard (1.35 m×1.01 m) was fixed on the ground
at an inclined pose. LiDAR–camera synchronization at the
nanosecond level was achieved via a network switch. Exam-
ple data are shown in Fig. 6(a) and Fig. 6(b). The captured
images were preprocessed with distortion correction. To
quantitatively evaluate performance against ground truth, a
simulated dataset generated by H. Huang et al. [18] using
the Gazebo simulator is employed. Dense point clouds in
the dataset are randomly downsampled to retain 5% of the
points, yielding relatively sparse point clouds. Example data
are shown in Fig. 6(c) and Fig. 6(d). All experiments were
conducted on a computational platform featuring an Intel
Core i7-13650HX processor.

(b)(a)

(c) (d)

Fig. 6. Datasets. (a) and (b) are real-world data. (c) and (d) are simulated
data.
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B. Error Definition
1) Simulated dataset: For the simulated dataset, the

ground-truth extrinsic parameters are directly available. The
translation error et is measured by the L2 norm, and the
rotation error eR is measured by the axis-angle error, as
defined in (16), where test and tgt denote the estimated and
ground-truth translation vectors, respectively, and Rest and
Rgt denote the estimated and ground-truth rotation matrices,
respectively.et = ∥test − tgt∥2

eR = arccos

(
trace(RT

gtRest)−1

2

)
(16)

2) Real-world dataset: For the real-world dataset, ground-
truth extrinsic parameters are unavailable. To evaluate the
calibration, the reprojected checkerboard boundary points are
first sorted by polar angle and connected to form a closed
polygon. This polygon is then compared with the correspond-
ing board region in the image. The mean Intersection over
Union (mIoU) over multiple frames is used as the evaluation
metric, as defined in (17), where T is the number of point
cloud–image samples, Et denotes the polygonal region of the
t-th reprojected boundary, and Gt denotes the checkerboard
region in the t-th image.

mIoU =
1

T

T∑
t=1

|Et ∩Gt|
|Et ∪Gt|

(17)

C. Ablation Study on Normal Consistency
To evaluate the effect of the normal consistency term

in fine calibration, two error functions are compared: one
combines boundary reprojection error Ereproj and normal
consistency error Enormal, while the other uses only Ereproj .
Experiments on the simulated dataset quantify translation
and rotation errors across different sets of point cloud–image
pairs. The results are shown in Fig. 7.
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Fig. 7. Impact of normal consistency on calibration error. (a) Impact on
translation error. (b) Impact on rotation error.

The results indicate that including the normal constraint
improves convergence to a more plausible optimum. Without
it, the ranges of translation and rotation errors are ∆et =
0.0123 m and ∆eR = 0.2036◦, respectively; with it, they
reduce to ∆et = 0.0099 m and ∆eR = 0.1419◦, demon-
strating higher accuracy and more stable rotation estimation,
particularly in rotation estimation.

D. Effect of Alignment Method

To assess the effectiveness of the proposed DGL method,
three optimization strategies are compared during the theo-
retical boundary alignment: (1) PSO-based; (2) LM-based;
and (3) DGL with reduced parameters combining PSO for
global search and LM for local refinement. Each strategy
performs alignment using the same set of point cloud–image
pairs. The swarm size in PSO is varied from 20 to 200 in
steps of 20, with 10 runs per setting to compute calibration
errors. Since LM is deterministic, it is executed only once.
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Fig. 8. Impact of different alignment methods on calibration error. (a)
Impact on translation error. (b) Impact on rotation error.

As shown in Fig. 8, the DGL method outperforms PSO
and LM alone in calibration accuracy. As the swarm size
increases, the performance of PSO gradually approaches
that of DGL and occasionally exceeds it, but it exhibits
larger fluctuations and higher computational cost. Thus, the
DGL alignment method enhances accuracy, efficiency, and
robustness against local minima.

E. Performance Comparison

The proposed method is compared with several meth-
ods: checkerboard-based methods GTSCalib [18] and ACLC
[19], a mutual-information-based method DVLC [11], a
geometry-consistency-based method CalibAnything [34],
and a learning-based method MRCNet [35].

1) Simulated dataset: On the simulated dataset, Euler
angles are unreliable because a ground-truth pitch of −90◦

causes gimbal lock. Rotation is thus evaluated using the
axis–angle error eR.

TABLE I
CALIBRATION PERFORMANCE OF DIFFERENT METHODS ON THE

SIMULATED DATASET

Methods Translation (m)
et (m) eR (°)

X Y Z

Ground Truth 0.0000 0.0500 0.0000 0.0000 0.0000
GTSCalib [18] Failed

ACLC [19] Failed
DVLC [11] 0.1512 0.0860 -0.2656 0.3077 0.3403

CalibAnything [34] 0.2466 0.2433 1.1550 1.1967 13.2562
MRCNet [35] -1.7712 1.9376 2.2753 3.4463 12.5309

Ours 0.0097 0.0528 -0.0076 0.0127 0.2233

As shown in Table I, our method outperforms all others,
achieving et below 1.5 cm and eR below 0.3◦. GTSCalib
and ACLC fail due to insufficient point cloud density for
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3D corner extraction. CalibAnything and MRCNet are able
to estimate extrinsics but with larger errors. CalibAnything
relies on Segment Anything Model (SAM) for segmentation,
but segmentation results on this dataset are suboptimal, and
the sparse point clouds provide insufficient constraints for
optimization, leading to poor accuracy.

2) Real-world dataset: On the real-world dataset, perfor-
mance is evaluated using mIoU. Although the ideal mIoU
is 1.0, it is much lower in practice due to the sparsity and
incompleteness of boundary point clouds, as illustrated in
Fig. 9. Nevertheless, mIoU still remains a fair and con-
sistent metric for method comparison on the same point
cloud–image pairs.

(c)(a) (b)

Gt

Et

Fig. 9. Illustration of incomplete closed polygons in IoU computation.
(a) Incomplete point cloud boundary. (b) Reprojection of the incomplete
boundary. (c) Incomplete closed polygon.

As shown in Table II, our method attains the highest mIoU.
DVLC performs poorly due to large sparse areas in the
point clouds, which introduce substantial errors in extrinsic
estimation. MRCNet, trained on KITTI datasets, works well
in outdoor driving scenes but struggles to generalize to our
dataset, which lacks similar scenes and objects, leading to
frequent mismatches.

TABLE II
CALIBRATION PERFORMANCE OF DIFFERENT METHODS ON THE

REAL-WORLD DATASET

Methods Translation (m) Rotation (°) mIoU
X Y Z Roll Pitch Yaw

GTSCalib [32] Failed
ACLC [33] Failed
DVLC [11] 0.411 1.124 0.135 97.663 -1.540 -3.605 0.53259

CalibAnything [34] -0.009 0.121 0.122 89.849 1.014 -0.120 0.89565
MRCNet [35] -0.402 -0.135 1.446 83.056 3.864 4.343 0.26596

Ours 0.090 0.146 0.120 90.099 0.106 0.580 0.90602

F. Performance with limited samples

Collecting many pairs of LiDAR–camera data is time-
consuming. Thus, only a limited number of samples are used:
4–7 point cloud–image pairs were randomly selected for
calibration. For fairness, mIoU was computed on the same
set of pairs, and the selection and calibration were repeated
multiple times. Results are shown in Fig. 10.

With 4–7 sample pairs, the method achieves stable perfor-
mance: on the simulated dataset, translation errors remain
within 0.008–0.015 m and rotation errors within 0.1◦–
0.275◦; on the real-world dataset, mIoU stays between 0.896
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Fig. 10. Calibration performance versus sample size. (a) Translation error
on the simulated dataset. (b) Rotation error on the simulated dataset. (c)
mIoU on the real-world dataset.

and 0.910. Distortions, noise and blurring in real imaging,
which vary across regions and viewpoints, make additional
samples beneficial, explaining the upward trend in Fig. 10(c).
Notably, even with only four pairs, the method yields reliable
extrinsic results, demonstrating strong generalization in data-
limited scenarios. Utilizing parallel PSO with a swarm size
of 20, the proposed method requires a total time of 8.68 s
to complete the pipeline for four point cloud–image pairs.

G. Reprojection visualization

The point clouds were reprojected onto the images using
the estimated extrinsics, with ground points removed for
clarity. As shown in Fig. 11, the reprojected points align
well with objects in the images.

(a)

(b)

Fig. 11. Reprojection visualization. (a) Reprojection on the simulated
dataset. (b) Reprojection on the real-world dataset.

V. CONCLUSION

In this paper, a LiDAR–camera extrinsic calibration
method for sparse point clouds using boundary features is
proposed. Complete checkerboard images are automatically
extracted, and the scanned boundaries are replaced with
theoretical boundaries using the proposed DGL alignment
method. Boundary reprojection and normal consistency er-
rors are incorporated into the refinement stage. Future work
will focus on enhancing real-time performance and extending
the method to checkerboards of unknown size.
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