
IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 75, 2026 9519815

EasyCalib: A Novel Target for High-Accuracy Fully
Automatic Extrinsic Calibration

of Camera and LiDAR
Zhiyu Zhou , Student Member, IEEE, Zhi Gao , Member, IEEE, Min Cao , Jingshi Wang ,

Yong Li , Member, IEEE, Zhipeng Lin , Wenbin Yang , Xiaonan Wang , and Qiyuan Zhang

Abstract—Precise extrinsic calibration is a fundamental
requirement for enabling robust camera–light detection and
ranging (LiDAR) fusion applications. Existing target-based meth-
ods suffer from practical limitations: they require manual
annotation, precise target dimensions, and initial extrinsic esti-
mates, demand complex target placement, and have limited
applicability across different sensor types. To the best of our
knowledge, we are not aware of a prior approach that simulta-
neously achieves full automation, avoids reliance on precise target
dimensions and accurate initialization, and generalizes across
both mechanical and nonrepetitive-scan solid-state LiDARs. In
this article, we propose EasyCalib, a novel artificial target for
high-accuracy, fully automatic extrinsic calibration for almost all
types of camera-LiDAR systems. Specifically, we design dedicated
point cloud segmenters for mechanical and solid-state LiDARs
to automatically extract EasyCalib. By leveraging the co-visible
corner points and central edge features of EasyCalib in both
the image and point cloud domains, we achieve a coarse-to-
fine, initialization-free, and highly accurate extrinsic calibration.
Moreover, since the proposed calibration pipeline does not
require the target to be strictly orthogonal and tolerates moderate
assembly misalignment, and since the target dimensions are
not involved in the calibration computation, EasyCalib requires
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neither complex manufacturing procedures nor precise prior
knowledge of its size.

Index Terms—Calibration target, extrinsic calibration, light
detection and ranging (LiDAR) and camera.

I. INTRODUCTION

AMONG various sensors, light detection and ranging
(LiDAR) and camera, both of which have their own

strengths and weaknesses, show surprising complementar-
ity. In recent years, LiDAR–camera fusion has emerged
as a promising research direction, significantly enhancing
robot localization, perception, and mapping in challenging
environments [17], [18], [19], [20], [21]. The extrinsic cal-
ibration of these sensors, a key component in data fusion,
has also been extensively studied, achieving high accu-
racy and resulting in mature software packages [4], [5],
[8].

Despite this progress, existing methods still face signifi-
cant challenges in practical applications. Targetless methods
[2], [3], [4], [5], [22] rely on weak scene features such
as depth-discontinuity edges, appearance statistics, or inde-
pendent motions, which makes them highly dependent on
accurate initial extrinsic parameters. These methods often fail
under conditions with poor lighting, low texture, or odometry
drift, leading to unstable results. Target-based methods reduce
the reliance on initialization but introduce other limitations.
Planar or perforated boards [8], [9], [10], [11] require careful
placement in multiple poses, dense point clouds to detect
features, and manual selection of point cloud regions. Sphere-
based approaches [12], [13], [14] demand high-precision
manufacturing and multiple observations, and any error in
the target dimensions can result in systematic calibration bias.
Furthermore, most existing targets are designed for mechanical
spinning LiDARs and do not adapt well to semi-solid-state or
hybrid LiDARs with nonuniform scan patterns. Many current
pipelines still require manual annotation, rely on known target
dimensions, assume good initial extrinsic parameters, need
multiple viewpoints to gather sufficient constraints, or fail
to achieve stable subpixel accuracy under diverse lighting
conditions and sensor types.

To address these limitations, we introduce EasyCalib, a self-
designed 3-D trihedral target composed of three sector-shaped
acrylic plates with distinct red, green, and blue colors (Fig. 1).
EasyCalib enables a fully automatic coarse-to-fine calibration
pipeline. First, we propose a scan-line-based clustering method
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Fig. 1. EasyCalib-based extrinsic calibration for LiDAR and the camera. Our
core idea is to extract line and centroid features of EasyCalib from two sensors,
thus obtaining accurate extrinsic parameters by aligning these features. The
red box highlights the structure details of EasyCalib.

to automatically localize the target in the LiDAR point cloud.
Second, we extract compact and reliable features from both
modalities: in 3-D, we perform plane segmentation to recover
the target planes and their intersection cues; in 2-D, we use
gradient-direction statistics on the trinarized edge map to
localize the center-corner feature. Third, we obtain a stable
initialization by solving a perspective-n-point (PnP) problem
with the extracted 3-D–2-D point correspondences. Finally,
we refine the extrinsics via a point-to-line optimization that
enforces pixel-level alignment between projected 3-D lines
and observed 2-D line features. Importantly, this refinement
stage does not rely on strict target orthogonality or additional
geometric priors; it only minimizes reprojection residuals
between matched features, thus remaining tolerant to devia-
tions from ideal orthogonal assembly. Extensive experiments
demonstrate the robustness and accuracy of our method and its
adaptability across different LiDAR–camera systems. Overall,
our contributions are as follows.

1) We design a novel calibration target, EasyCalib, con-
sisting of three sector-shaped, color-coded planar plates.
The distinctive trihedral geometry and RGB layout
provide robust cues for reliable detection and feature
extraction in both LiDAR and camera data, without
requiring strictly orthogonal assembly.

2) We develop a fully automatic coarse-to-fine calibra-
tion pipeline. By combining scan-line clustering, robust
feature extraction, PnP-based initialization, and a pixel-
level point-to-line refinement, the system performs
accurate extrinsic calibration without manual interven-
tion or an initial extrinsic estimate.

3) Extensive experiments show that EasyCalib achieves
higher accuracy and stronger robustness than representa-
tive target-based and targetless methods and generalizes
well to diverse LiDAR–camera configurations.

II. RELATED WORK

In this section, we briefly review target-based and targetless
calibration methods and highlight their respective advantages
and limitations.

A. Targetless LiDAR–Camera Extrinsic Calibration

Targetless methods eliminate the need for preset artificial
markers by directly aligning naturally occurring features vis-
ible to both LiDAR and camera sensors to optimize extrinsic
parameters. These methods are typically categorized into
feature- and motion-based approaches. Yuan et al. [4] and
Liu et al. [5] developed a widely used targetless calibration
toolkit that detects depth discontinuity edges in point clouds
and matches them with visual texture edges in images to form
point-line correspondences for extrinsic optimization. How-
ever, these approaches are highly sensitive to initial parameter
accuracy and susceptible to noise and occlusion during feature
extraction and matching, often leading to calibration failure.
Pandey et al. [2] and Koide et al. [3] proposed a mutual
information-based method leveraging reflectivity intensity sim-
ilarity. Although these approaches can achieve pixel-level
precision, they remain highly sensitive to the accuracy of
initial parameters. An alternative motion-based strategy [22]
estimates trajectories of LiDAR and camera separately and
aligns them to compute the extrinsic parameters. Although this
method does not require an initial value or feature matching,
its calibration accuracy is often limited due to unpredictable
odometry tracking failures. To achieve higher-accuracy extrin-
sic results and ensure superior sensor fusion performance,
target-based methods are generally more stable and reliable
compared to targetless approaches.

B. Target-Based LiDAR–Camera Extrinsic Calibration

Compared to the unreliability of targetless methods, target-
based approaches provide a more robust, accurate, and
environment-independent solution for extrinsic calibration.
Nevertheless, current target-based approaches face several
drawbacks (limited automation, manufacturing errors, and
restricted applicability across sensor types). Table I summa-
rizes the strengths and weaknesses of the main target types;
we discuss them below.

1) Nontrihedron-Based Methods: The planar board is the
most commonly used target: LiDAR reliably detects its
planar geometry, and cameras can easily use attached mark-
ers (e.g., checkerboards or QR codes) for robust detection.
Zhou et al. [8] and Park et al. [9] performed semi-automatic
calibration by matching the board’s planar and line features
across LiDAR and camera. However, these methods are lim-
ited to mechanical LiDARs and still require time-consuming
manual annotation of the LiDAR point cloud. Moreover, these
methods require a reliable initial LiDAR–camera extrinsic
(typically from manual calibration) for accurate feature align-
ment. Velo2Cam [10] and FastCalib [11] add perforations to
the checkerboard to obtain 3-D hole-center features. However,
these methods rely on dense point clouds and fail with low-
channel LiDAR, which cannot reliably detect the hole feature
of the point cloud. Both planar and perforated boards provide
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TABLE I
COMPARISON OF REPRESENTATIVE LIDAR–CAMERA EXTRINSIC CALIBRATION METHODS

geometric constraints that lie on the same plane, so multiple
observations from different viewpoints are typically required
to obtain sufficient constraints. Spherical targets enable easy
detection of sphere centers in both image and point cloud
for 2-D–3-D point correspondences, but require at least four
LiDAR–camera data pairs [12], [13], [14]. Moreover, these
methods rely on accurate target dimensions for extrinsic esti-
mation and optimization, which raises target manufacturing
complexity and may introduce systematic calibration errors.
In this work, we design a novel target, EasyCalib, which
overcomes the limitations of existing targets, enabling fully
automatic, robust, and high-accuracy extrinsic calibration for
almost all types of LiDAR–camera systems.

2) Trihedron-Based Methods: Orthogonal trihedral struc-
tures have been widely adopted for camera–LiDAR calibration
due to their rich geometric cues. Gong et al. [15] exploited nat-
ural trihedral corners in real-world environments (e.g., building
corners) and recovered the corner pose independently in the
camera and LiDAR frames using motion constraints, from
which the camera–LiDAR relative pose is obtained. However,
Gong’s method is sensitive to LiDAR point-cloud sparsity as
well as illumination and texture conditions on the observed
surfaces. Moreover, since it relies primarily on external pose
estimates without enforcing pixel-level feature alignment, it is
difficult to achieve high-precision calibration. Choi et al. [16]
proposed a distinctive trihedral target: an orthogonal three-
sided box with a checkerboard pattern attached to each face.
Similar in spirit to Gong et al. [15], their method performs
extrinsic calibration indirectly by estimating the poses of the
LiDAR and the camera with respect to the target and then
deriving the relative transformation. Thanks to the known
checkerboard dimensions and the mutually orthogonal planes,
Choi’s approach can obtain accurate relative poses without

relying on motion constraints. However, it has several clear
limitations. First, like Gong’s method, it does not enforce
pixel-level feature alignment, which restricts the achievable
precision. Second, it requires users to manually specify the
coordinate-axis orientations of the LiDAR and camera frames,
which is inconvenient and can introduce user-dependent errors
in practice.

III. OUR METHOD

We here discuss the details of the proposed calibration
method, and the pipeline is shown in Fig. 2. First, we designed
customized point cloud clustering algorithms for different
types of LiDARs and identified the segments of EasyCalib
using geometric regularities. The 2-D and 3-D corner features
of EasyCalib are then leveraged to achieve fully automatic and
robust initialization of extrinsic parameters. Fine-tuned point-
line optimization is performed using the centerline features of
EasyCalib to achieve subpixel-level accuracy.

A. Manufacturing Complexity of EasyCalib

EasyCalib imposes very low fabrication requirements. For
common calibration targets such as planar boards [8], [9] and
spheres [12], [13], [14], achieving high calibration accuracy
requires precisely known board length and width and the
sphere radius, as well as strict flatness of the plane and
roundness of the sphere. This is because their geometric and
dimensional parameters directly participate in the calibration
computation, so any manufacturing error introduces systematic
bias and degrades the final accuracy. In contrast, EasyCalib
does not require precise geometry or dimension information
as prior knowledge for extrinsic calibration. Actually, Easy-
Calib does not require the three planar boards to be strictly
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Fig. 2. Overview of the proposed EasyCalib calibration pipeline. Given at least three synchronized LiDAR–camera data pairs, we first segment the EasyCalib
target from the LiDAR point cloud via scan-line clustering and structural regularization (Section III-B). We then extract 3-D plane/center-line/corner features
from the target and 2-D edge/center-corner features from the trinarized image (Section III-C). A PnP solver provides a coarse extrinsic initialization, which
is further refined by a point-to-line reprojection optimization to achieve subpixel alignment (Section III-D).

orthogonal; it only needs to highlight the central intersection
lines and corner features. The shape of the planar boards is
also not restricted, as the sector shape is merely used to better
emphasize the central line features, and in practice, it can be
of any shape. Regarding the size of EasyCalib, it is important
to note that if the size is too small, the number of points falling
on the planar boards in the point cloud may be insufficient,
leading to failure in extracting planar features. Therefore, the
size should be adjusted to ensure that enough points fall on
the planar boards within the effective scanning range of the
LiDAR. In our practical application, we set the radius of the
three sector-shaped boards of EasyCalib to 38.8 cm, which
ensures their proper operation within a LiDAR scanning range
of 15 m.

B. Two-Stage Target Segmentation in Point Cloud

To avoid time-consuming manual labeling, we developed
a two-stage segmentation module for the calibration target.
First, we perform global clustering on the point cloud using a
customized algorithm for different types of LiDAR. Second,
we apply a structural regularization step to identify the cluster
that contains the calibration target.

1) Point Cloud Clustering: For mechanical LiDAR (e.g.,
Velodyne VLP-16), inspired by [23], we propose an adaptive
scan-line clustering algorithm. As shown in Fig. 3(a), we
first build a 2-D index matrix over the point cloud based
on each point’s horizontal and vertical scan angles (rows =

scan lines, columns = 4000). We then keep only one point per
index cell by averaging all points within each cell, which both
deduplicates the cloud and removes outlier noise.

For each row, we determine whether they belong to the
same cluster or not by sequentially calculating the spatial

Fig. 3. Single-frame scan-line clustering for sparse LiDAR point cloud.
(a) Structured indexing groups points by scan line and assigns an ordered
index along each line. (b) Intraline clustering forms 1-D clusters by connecting
neighboring points whose spacing is below an adaptive threshold. (c) Endpoint
merging connects adjacent 1-D clusters within the same scan line when
their endpoints are compatible. (d) Interline clustering merges clusters across
neighboring scan lines to produce final 3-D clusters.

distance between points in the row with neighboring indices
[as shown in Fig. 3(b)]. Scan points corresponding to the
first and last columns of the 2-D index matrix may also be
neighboring in space. Therefore, we need to calculate the
spatial distance between the endpoint and the first point. If
they are neighboring, the clusters to which they, respectively,
belong are considered as one cluster [details can be seen in
Fig. 3(c)]. Eventually, as shown in Fig. 3(d), for each scan
point in row i(i ≥ 1), its Euclidean distance to point with
the same column on row 0 ∼ (i − 1) is calculated, and if
they are adjacent (the distance is less than a given threshold
σ), the scan point will be attributed to the cluster with more
points. In addition, the target point-cloud density decreases as
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Fig. 4. Point-cloud sparsity of the LiDAR target observations as the scanning
distance increases. (a) 1, (b) 2, (c) 3, and (d) 4 m.

the LiDAR scanning distance increases (as shown in Fig. 4).
Therefore, we use (1) to dynamically adjust the threshold

σ = 2r tan
θv

2
(1)

where r is the scanning distance and θv is the vertical angle
between the scan point and the horizontal plane, measured
from the sensor center.

For nonrepetitive LiDARs (e.g., Livox Mid-360 and Avia),
where the point cloud is uniformly distributed in space, we
use a region-growing spatial clustering method to obtain more
stable results.

2) Structural Regularization: Once point cloud clustering
is complete, we apply a tailored regularization step to identify
the cluster containing EasyCalib. First, we extract all planar
features contained in each cluster. For clusters that yield
exactly three planes, let the plane normals be n1,n2,n3 and the
plane center points be p1,p2,p3. We define the cluster center
as pc = (p1 + p2 + p3)/3. We then compute two consistency
metrics

Eang = max
i< j

ˇ̌
nT

i n j
ˇ̌
, Edist = max

i

ˇ̌�
pi − pc

�T ni
ˇ̌
. (2)

A cluster is selected as the calibration target if

Eang < τang and Edist < τdist (3)

where, in practice, we set τang = 0.2 and τdist = 0.08 m,
which were selected based on extensive empirical evaluation.
We further validate the robustness of these thresholds via a
sensitivity study in Section IV-B.

C. Coarse Extrinsic Calibration

The initial extrinsic parameters between the LiDAR and the
camera rely on the extraction of 2-D–3-D correspondences.
Thanks to the structural design of EasyCalib, its center points
exhibit prominent geometric and textural features in both
the point cloud and the image. Here, we provide a detailed
description of the automatic extraction method for the center
corner points of EasyCalib.

1) For Point Cloud: After isolating the calibration target
(see Section III-B), its main structural features are extracted
by planar fitting. Owing to the trihedral structure of the
EasyCalib target, this process robustly identifies three mutually

TABLE II
TARGET SEGMENTATION SR UNDER DIFFERENT THRESHOLD SETTINGS.

EASY: SIMULATION SCENES; HARD: REAL-WORLD CLUTTERED
SCENES. EACH SETTING IS EVALUATED OVER 50 TRIALS IN EACH

SCENARIO (EASY/HARD). BEST RESULTS ARE HIGHLIGHTED
AS FIRST, AND SECOND-BEST AS SECOND

orthogonal planes. Denoting the extracted planes as Π1, Π2,
and Π3, their equations are formulated as

Πi : nT
i x + di = 0, i = 1, 2, 3 (4)

where ni and di represent the unit normal vector and the signed
distance to the origin of the ith plane, respectively.

To obtain the center lines of the target, the pairwise inter-
section of planes Πi and Π j is computed as

Li j =
˚
x ∈ R3

ˇ̌
x = pi j + λ

�
ni × n j

�
, λ ∈ R

	
(5)

where pi j is a point lying on both planes and ni × n j gives
the direction vector orthogonal to both normal vectors. The
3-D center corner of EasyCalib is obtained by minimizing the
sum of squared Euclidean point-to-line distances to the three
intersection lines

Xi = arg min
x

�
dist2 (x, L12) + dist2 (x, L23) + dist2 (x, L13)

�
(6)

where dist2(x, L) denotes the squared Euclidean point-to-line
distance in 3-D space. This formulation yields a geomet-
rically stable 3-D reference point for establishing 2-D–3-D
correspondences.

2) For Image: As illustrated in Fig. 2, we first apply adap-
tive color-based trinarization to the input image, exploiting the
distinctive RGB pattern of the EasyCalib board. Each pixel
is classified into one of three color classes based on RGB
component dominance

k∗ = arg max
k∈{R,G,B}

ρk

ρR + ρG + ρB
(7)

where ρk represents the intensity of the kth color channel.
This normalized ratio effectively handles illumination vari-
ations by focusing on relative color dominance rather than
absolute intensity values. The resulting trinarized label map is
collapsed into a single-channel intensity image by mapping the
three classes to {0, 127, 255}, enhancing the board’s structural
saliency while suppressing background clutter.

Edge detection is then performed using the Canny operator
[24]. Before this step, a light Gaussian smoothing (σ = 1.0) is
applied to mitigate pixel-level noise, and the Canny thresholds
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TABLE III
CALIBRATION ERROR [TRANSLATION (CM) AND ROTATION (DEG)] OF DIFFERENT METHODS UNDER THREE SENSOR SETUPS (A–C) WITH THREE

TARGET PLACEMENTS (A–C) ON THE SIMULATION DATASET. BEST RESULTS ARE HIGHLIGHTED AS FIRST, AND SECOND-BEST AS SECOND

are adaptively selected based on the median gradient magni-
tude to maintain edge continuity.

Following edge extraction, the 2-D center corner is identi-
fied by analyzing the gradient direction distribution within a
circular neighborhood N (u, r) centered at each candidate edge
pixel u = (x, y)T . The neighborhood radius is set proportional
to the image resolution to ensure consistent behavior across
different resolutions: r = dκmin(W,H)e, where W×H denotes
the image size. In all experiments, the scale factor is fixed to
κ = 0.01. For each edge pixel u′ = (x′, y′)T in N (u, r), the
relative direction is computed as

θ
�
u′,u

�
= arctan 2

�
y′ − y, x′ − x

�
(8)

and accumulated into a direction histogram over [−π, π). We
detect the three dominant peaks by nonmaximum suppression
in the histogram and retain the top-3 peaks with a minimum
angular separation. A pixel is selected as the center corner
xi if these peaks are approximately equally spaced (around
120◦) and cover a sufficient angular span, which indicates
the intersection of three structural edges. If fewer than three
reliable peaks are found (e.g., due to occlusion or color
degradation), the candidate is rejected to avoid false positives.
The complete procedure is summarized in Algorithm 1.

3) PnP-Based Coarse Extrinsic Estimation: Given n
pairs of 2-D–3-D correspondences {xi,Xi}

n
i=1, the initial

camera–LiDAR extrinsic parameters are estimated by solving
a PnP optimization problem

CT̂L = arg min
CTL

nX
i=1



xi − Π
�CTLXi

�

2
2 (9)

where Π(·) denotes the camera projection function that maps
a 3-D point p = [X,Y ,Z]T in the camera frame to the image
plane, Π(p) = [u, v]T , for example, under a pinhole model u =

fxX/Z+ cx and v = fyY/Z+ cy. To improve robustness against
potential outliers, we adopt the RANSAC-PnP framework [25],
[26] to obtain a reliable initial estimate CT̂L.

Algorithm 1 2-D Center Corner Test by the Direction His-
togram
Input: Edge map E (Canny; edge pixels are 255), candidate

pixel u = (x, y), radius r
Output: true if u is a center-corner, otherwise false

1: D ← ∅
2: for all u′ = (x′, y′) ∈ N (u, r) do
3: if ‖u′ − u‖ > rorE(u′) , 255 then
4: continue
5: end if
6: D ← D ∪ {arctan 2(y′ − y, x′ − x)}
7: end for
8: if |D| < 10 then
9: return false

10: end if
11: Build a circular histogram h with B=9 bins over [−π, π)

from D.
12: Detect peak bins P by local maxima with h[i] > 0.2|D|.
13: if |P | , 3 then
14: return false
15: end if
16: Sort the three peak bins i1 < i2 < i3, with counts c1, c2, c3.
17: Compute circular intervals d1 = (i2 − i1) mod B, d2 =

(i3 − i2) mod B, d3 = (i1 − i3) mod B.
18: dmin ← min(d1, d2, d3), dmax ← max(d1, d2, d3), p ←

c1+c2+c3
|D| .

19: return
�

dmin
dmax

> 0.8
�
∧ (p > 0.9).

D. Fine Extrinsic Calibration

As shown in the optimization part of Fig. 2, we first project
the point cloud centerline features onto the corresponding
image using CT̂L. It is well known that, given an accurate
initial extrinsic estimate, the image edge features and the
projected point cloud edge features should be closely aligned.
Therefore, for each edge 3-D point Pi, we search for a spatially
nearest image edge point qi for it and compute its local normal
vector ni according to the domain of qi. For each set of edge
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point pairs, we build a point-to-line residual

ei = nT
i

�
Π
�CTLPi

�
− qi

�
. (10)

Then, we construct a weighted least-squares problem
using the point-to-line residual ei in (14). To enable Lie
algebra-based optimization on SE(3), we parameterize the
extrinsic transformation by a 6-D twist vector ξ =

�
φT tT

�T
∈

R6, where φ ∈ R3 and t ∈ R3 denote rotation and translation
and write CTL(ξ) = exp(ξ∧) ∈ SE(3). We adopt the left-
perturbation update CTL ← exp(δξ∧) CTL.

1) Residual Definition: For each LiDAR point Pi (in the
LiDAR frame), its coordinates in the camera frame are

pi =
�
Xi Yi Zi

�T
= CTL (ξ) Pi. (11)

Let Π(·) denote the camera projection function. We define

fi (ξ) = Π
�
pi

�
= Π

�CTL (ξ) Pi
�
∈ R2 (12)

and the point-to-line residual (signed distance in the image)
as

ei = nT
i

�
fi (ξ) − qi

�
(13)

where ni ∈ R
2 is the unit normal of the corresponding image

line and qi ∈ R
2 is any point on that line

CT̄L = arg min
CTL

X
i

1
2

eT
i w−1

i ei (14)

where CT̄L is the optimal extrinsic estimate. In this work, we
set wi = I.

2) Analytical Jacobian via Chain Rule: The Jacobian of ei

w.r.t. ξ is

J pli =
∂ei

∂ξ
= nT

i
∂fi

∂ξ
= nT

i J fi (15)

with

J fi =
∂fi

∂ξ
=
∂Π

�
pi

�
∂pi„ ƒ‚ …
JΠ

∂pi

∂ξ„ƒ‚…
JSE(3)

. (16)

Assuming a pinhole model (principal point omitted for
clarity), Π([X,Y ,Z]T ) = [ fxX/Z, fyY/Z]T , thus,

JΠ =

" fx
Zi

0 − fxXi

Z2
i

0 fy
Zi
−

fyYi

Z2
i

#
. (17)

Under the left perturbation CTL ← exp(δξ∧) CTL, the first-
order variation of pi is δpi ≈ [δφ]×pi + δt, which yields the
standard SE(3) Jacobian

JSE(3) =
∂pi

∂ξ
=
�
−
�
pi

�
× I3×3

�
(18)

where [·]× denotes the skew-symmetric matrix.
Combining (16)–(18), we obtain the closed-form J fi ∈ R

2×6

J fi =

24 − fxXiYi

Z2
i

fx +
fxX2

i
Z2

i

− fxYi
Zi

fx
Zi

0 − fxXi

Z2
i

−fy −
fyY2

i
Z2

i

fyXiYi

Z2
i

fyXi

Zi
0 fy

Zi

− fyYi

Z2
i

35 . (19)

Finally, we solve (14) using the Gauss–Newton algorithm
and obtain the refined extrinsic parameters CT̄L with subpixel
accuracy.

Fig. 5. (a) Our simulation environment built on Gazebo. (b) Calibration scene
in the real world.

IV. EXPERIMENTAL RESULTS

To comprehensively validate the applicability of EasyCalib,
we conducted experiments in both simulated and real-world
environments. Fig. 5 illustrates the experimental configurations
in both simulation and real-world scenarios. We categorize
the sensors into three setups: a mechanical LiDAR (Velodyne
VLP-16) and two nonrepetitive-scan LiDARs (Livox Mid-360
and Livox Avia). For the camera, we use a standard pinhole
model in all setups. For other camera types, such as fisheye
or wide-angle cameras, the images can be readily rectified
to a pinhole model using a generic distortion correction
model; therefore, we do not conduct separate experiments with
different camera configurations.

A. Evaluation Metrics

We evaluate the calibration accuracy differently in simu-
lation and real-world experiments due to the availability of
ground-truth extrinsics.

1) Simulation (With Ground Truth): In simulation, the
ground-truth LiDAR–camera extrinsic transformation CTgt

L is
known. Given an estimated extrinsic CT̄L, we report the
componentwise translation errors

∆t =
�
∆tx ∆ty ∆tz

�T
= C t̄L −

Ctgt
L (20)

and the overall translation error et = ‖∆t‖2.
For rotation, we compute the relative rotation ∆R =

(CRgt
L )T CR̄L. We report the componentwise rotation errors

(∆rx,∆ry,∆rz) by converting ∆R to Euler-angle increments
(roll, pitch, yaw), and the overall rotation error

er = arccos
�

tr (∆R) − 1
2

�
. (21)

2) Real-World (Without Reliable Ground Truth): In real-
world experiments, we do not directly quantify absolute
calibration accuracy in the same way as in simulation. Instead,
the real-world evaluation is intended to assess the repeatability,
stability, and practical consistency of the estimated extrinsics
under repeated trials. Specifically, we run the calibration
multiple times under the same setting (e.g., different data
pairs, random subsets, or repeated captures) and analyze the
variation of the estimated 6-D poses. Let ξk =

�
φT

k tT
k

�T denote
the extrinsic estimate from trial k, where φk represents the
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roll–pitch–yaw angles and tk the translation. We compute the
sample mean and standard deviation for each component

µ j =
1
K

KX
k=1

ξk, j, σ j =

r
1

K − 1

XK

k=1

�
ξk, j − µ j

�2 (22)

where j ∈ {tx, ty, tz, rx, ry, rz} and K is the number of trials. We
report σtx , σty , σtz and σrx , σry , σrz to quantify the stability of
the estimated extrinsics in real-world scenarios.

3) Target Segmentation Evaluation: We evaluate the target
segmentation using the success rate (SR). A frame is counted
as successful if the cluster returned by the segmentation stage
corresponds to the calibration target; otherwise, it is counted
as a failure. The SR is defined as

SR =
Nsucc

Nall
(23)

where Nall is the total number of test frames and Nsucc is
the number of frames in which the target cluster is correctly
selected. In practice, we determine success by verifying the
selected cluster against the ground-truth target association in
simulation, and by manual inspection (or a target visibility
check) for a small subset of real-world frames.

B. Target Segmentation Evaluation

We evaluate the robustness of the proposed target segmen-
tation using the SR. A trial is counted as successful if the
pipeline selects the correct target cluster and yields valid
2-D–3-D correspondences for subsequent coarse calibration.
We consider two scenarios: easy (simulation) and hard (real-
world clutter). Each setting is evaluated over 50 trials per
scenario.

Table II summarizes SR under different combinations of the
structural-regularization thresholds (τang, τdist) and whether the
adaptive clustering threshold σ is enabled. Overall, SR remains
high across a wide range of (τang, τdist), indicating that the
segmentation is not overly sensitive to these parameters. In the
easy scenario, most settings achieve ≥ 98% SR. In the hard
scenario, SR slightly drops due to clutter and trihedral-like
distractors, yet the performance differences among threshold
settings remain small.

Enabling adaptive σ yields the best overall performance and
improves robustness, particularly in the hard scenario. Fig. 6
further illustrates that adaptive thresholding produces more
consistent clustering across different target distances, whereas
fixed thresholding is more prone to fragmentation at longer
ranges. Failures in real-world clutter mainly occur under severe
occlusion/partial scans or when strong background structures
induce ambiguous trihedral candidates, in which case the
method tends to reject uncertain detections rather than output
unreliable correspondences.

C. Coarse Calibration Performance

1) Corner Feature Extraction: We evaluate the proposed
2-D corner feature detection method under diverse imaging
conditions, including normal/low-light environments and vary-
ing degrees of occlusion. As shown in Fig. 7, our method
reliably localizes the center-corner feature in all tested cases.

Fig. 6. Target clustering results for a mechanical LiDAR at different distances.
Left column: results using adaptive thresholding; right column: results without
adaptive thresholding. The same color denotes the same cluster.

The corresponding gradient-direction histograms exhibit three
dominant peaks with approximately even angular separation,
which is consistent with the expected trihedral edge intersec-
tion and thus provides an intuitive verification of detection
correctness. Fig. 8 further presents the extracted 3-D edge
and planar features for different LiDAR types. Despite the
substantially sparser measurements of the low-channel Velo-
dyne VLP-16, the proposed pipeline can still stably recover
the target planes and their intersection edges, yielding con-
sistent 3-D corner features. This robustness stems from our
geometry-aware segmentation and structural regularization,
which leverage the trihedral constraints to suppress outliers
and compensate for reduced point density. Overall, these
results demonstrate that the proposed feature extraction is not
only resilient to challenging visual conditions but also trans-
ferable across LiDAR sensors ranging from sparse mechanical
scanners to denser solid-state devices.

2) Feature Matching Evaluation: We evaluate the quality of
coarse calibration by the match ratio, defined as the percentage
of 3-D edge points that can be matched to 2-D image edges
after projecting with the coarse extrinsic (nearest-neighbor in
the image with a fixed pixel tolerance). Fig. 9 shows the match
ratio distributions over 20 trials for each target placement and
three LiDARs.

Overall, Mid-360 and Avia consistently achieve higher
match ratios than the sparser VLP-16, while VLP-16 remains
stable with only a slightly larger variance. Placements
with depth diversity (“4 diff depths” and “3 diff depths”)
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Fig. 7. Qualitative results and intermediate outputs of the proposed 2-D corner feature detection under different imaging conditions, including low-light
and occluded scenes. The table on the right shows the gradient-direction statistics of the successfully detected center corner feature. (a) Camera image.

(b) Trinarization. (c) Edge detection and 2-D center corner detection.

Fig. 8. 3-D edge feature extraction results for different LiDAR types. Points
with the same color correspond to the same planar feature. (a) Mid360.
(b) Avia. (c) Vlp16.

Fig. 9. Feature matching performance after coarse calibration under different
target placement settings. The boxplots show the match ratio (matched
2-D–3-D edge correspondences over all 3-D edge points) over 20 trials per
setting for three LiDAR types (VLP-16, Mid-360, and Avia). Boxes indicate
the interquartile range, the center line denotes the median, and whiskers show
the nonoutlier range.

outperform same-depth placements, confirming that depth
variation provides stronger geometric constraints for PnP
initialization. The “8 diff depths” setting yields the best
performance (above 95%), indicating that increasing both the
number of observations and depth diversity further improves
coarse alignment robustness.

Fig. 10. Different target placement settings used to evaluate the performance
of various calibration methods. EasyCalib is shown here for illustration, and
the same settings are applied to the other methods.

Fig. 11. Our sensor setups. (a) Velodyne VLP-16 LiDAR and
MER2630-60U3C camera (3088 × 2064). (b) Livox MID-360 LiDAR and
MV-CU013-A0UC camera (1280 × 1024). (c) Livox Avia LiDAR and real
sense D455 camera (1280 × 720).

3) Potential Failure Cases: In practice, the only factor
that can cause EasyCalib to fail is an unsuccessful coarse
calibration stage. Since coarse calibration relies on solving
a PnP problem, the pipeline may fail when the extracted
2-D–3-D correspondences are unreliable, resulting in an incor-
rect initial extrinsic estimate and preventing the subsequent
fine optimization from converging to the correct solution. This
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Fig. 12. Point-to-line residual iteration process. White: 2-D edges; red: 3-D centerline features projected onto the image plane; green: residual directions. The
first column shows camera images captured under two different lighting conditions. The second column shows the point-to-line residuals constructed from the
initial estimate. The fourth column shows the final converged result.

typically happens in two cases: 1) severe target occlusion,
where the center-corner feature is blocked such that the
characteristic three-color distribution around the corner cannot
be observed, leading to unreliable 2-D corner detection and
PnP failure; and 2) extremely sparse LiDAR sampling on the
target, which is more likely for low-channel Velodyne-type
LiDARs—when fewer than two scan lines intersect the target
planes, plane segmentation becomes unreliable, degrading the
extraction of 3-D edge and center-corner features and thus
causing the coarse calibration to fail.

D. Fine Calibration Performance

1) Simulation Results: Table III reports the fine-calibration
accuracy under three sensor setups and three target placements
(as shown in Fig. 10). Placement A uses a single target,
Placement B places multiple targets at the same depth, and
Placement C places multiple targets at different depths. Over-
all, EasyCalib achieves the best accuracy on most DoFs across
all sensor setups, confirming the effectiveness of the proposed
coarse-to-fine pipeline and the pixel-level refinement.

A notable exception appears in the depth-related translation
component tz under Placements A and B. In these two settings,
both FastCalib [11] and EasyCalib exhibit larger tz errors
compared with the trihedron baseline [16], which is attributed
to limited depth constraints: a single target (Placement A)
or coplanar targets at the same depth (Placement B) reduce
the observability of the depth component and make the
solution more sensitive to correspondence noise and initializa-
tion. Despite this inherent limitation, EasyCalib still provides
substantially lower errors than FastCalib in the remaining
translation and rotation components, leading to better overall
calibration quality. In contrast, the trihedron-based method
consistently yields higher errors across most components. This
is expected since it mainly relies on cross-modal pose align-
ment of geometric structures without enforcing pixel-level
reprojection consistency, which limits its ability to achieve

fine, subpixel alignment. Finally, Placement C (multiple targets
with different depths) offers stronger geometric constraints and
improves depth observability, where EasyCalib maintains the
best overall performance across all sensor setups.

We also compare against the sphere-based method [12].
Although the sphere approach can achieve competitive accu-
racy in Placement C and even attains the best results in some
DoFs, it requires multiple observations to reliably estimate the
extrinsics (e.g., several sphere poses). Therefore, under Place-
ments A and B, where the available data pairs do not satisfy
the minimum requirement, the sphere method fails to produce
valid calibration results. Finally, Placement C (multiple targets
with different depths) offers stronger geometric constraints and
improves depth observability, where EasyCalib maintains the
best overall performance across all sensor setups.

2) Real-World Results: As shown in Fig. 11, three real-
world sensor setups were evaluated: a mechanical Velodyne
VLP-16 LiDAR (setup A), a semi-solid-state Livox Mid-360
LiDAR (setup B), and a Livox Avia LiDAR (setup C). Each
LiDAR was paired with a pinhole camera (for setup C, only
the monocular stream of the D455 camera was used). Since
accurate ground-truth extrinsics are unavailable in real scenes,
we assess repeatability by running EasyCalib K = 20 times
under the same setting and reporting the standard deviation of
each 6-DoF component, as summarized in Table IV.

Overall, EasyCalib exhibits strong consistency across all
setups, with rotation standard deviations remaining below 0.1◦

and translation standard deviations typically within subcen-
timeter to a few centimeters. As expected, multiple-depth
target placements yield more stable results than single-target
placements, since the added depth diversity provides stronger
geometric constraints and improves observability. In con-
trast, the single placement shows noticeably larger variance
in the depth translation component σtz , indicating that the
depth direction is more sensitive when the constraints are
limited.
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TABLE IV

REAL-WORLD REPEATABILITY OF EASYCALIB (WITHOUT RELIABLE GROUND TRUTH). WE REPORT THE SAMPLE STANDARD DEVIATION OF THE
ESTIMATED EXTRINSICS OVER K = 20 REPEATED TRIALS UNDER DIFFERENT SETTINGS. SMALLER VALUES INDICATE BETTER REPEATABILITY.

BEST RESULTS ARE HIGHLIGHTED AS FIRST, AND SECOND-BEST AS SECOND

Fig. 13. Convergence process of point-to-line reprojection error of different
sensor setups.

3) Robustness Analysis: To validate the convergence behav-
ior of EasyCalib in the fine-calibration stage, we track the
point-to-line reprojection residuals ei in (10) under different
sensor setups. Fig. 12 shows that our method can produce
stable feature-matching results and quickly align these features
under different lighting conditions. As shown in Fig. 13,
the optimization rapidly decreases the residual and typically
reaches a stable level within 3–4 Gauss–Newton iterations,
thanks to the accurate coarse initialization (Section III-C). We
nevertheless plot a larger number of iterations to visualize the
postconvergence trend and confirm that the residual remains
stable without oscillation. In implementation, the solver uses
a standard stopping criterion: it terminates when the relative
change of the objective (or the update norm |∆ξ|) falls below
a preset tolerance, or when a maximum iteration number is
reached.

We also note the larger residual magnitude in Setup A.
This is mainly due to the higher image resolution of the
MER2630-60U3C camera used in Setup A (3088 × 2064),

Fig. 14. Orthogonality sensitivity in simulation. We introduce angular
deviations 90◦±∆θ to the trihedron interplane angles and compare et and er
under three sensor setups. EasyCalib remains stable, while Choi et al. [16]
degraded notably as ∆θ increases.

which yields reprojection residuals in pixel units that are
naturally larger than those of Setups B/C with lower-resolution
cameras (see Fig. 11 for camera specifications). Importantly,
despite the different scales, all setups exhibit the same fast
convergence behavior and stable postconvergence residuals.

4) Sensitivity to Trihedron Orthogonality: We further evalu-
ate the robustness to imperfect target manufacturing/placement
by intentionally breaking the orthogonality of the trihedron in
simulation. For each deviation level ∆θ, we randomly perturb
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Fig. 15. Visualization of calibration result projections under different sensor setups. We show the projection results of the coarse and fine calibration on both
simulated and real-world data, with the projected points colored by depth. Zoomed-in view for details. (a) Reprojection results on our simulation datasets.
(b) Reprojection results on our self-recorded datasets.

Fig. 16. Point cloud colorized using the estimated extrinsics from FastCalib [11], Sphere [12], Trihedron [16], and EasyCalib (from left to right). The red
box and green box highlight the same region for better comparison.

the dihedral angles between each pair of planes (i.e., 90◦ ±∆ θ)
while keeping all other settings unchanged and report the
translation and rotation errors (et and er) with respect to the
ground-truth extrinsics. Fig. 14 summarizes the results for both
EasyCalib and the trihedron-based method of Choi et al. [16]
under three sensor setups.

As ∆θ increases, Choi et al. [16] exhibited a clear degra-
dation trend in both er and et across all setups, with larger
fluctuations at high nonorthogonality. This is expected because
its initialization relies on the assumption of an orthogonal
trihedron to align the LiDAR and camera poses; once the
target deviates from orthogonality, the estimated cross-modal
pose alignment becomes biased, leading to rapidly increased
errors. In contrast, EasyCalib remains largely insensitive to
orthogonality violations: er stays at a low level and et remains

bounded (within 1 m), showing only mild nonmonotonic vari-
ations rather than a consistent upward trend. This behavior
indicates that EasyCalib does not critically depend on strict
orthogonality and can tolerate angular deviations in practice,
which is beneficial under manufacturing tolerances and non-
ideal target placement. Finally, although the absolute error
magnitudes differ slightly across sensor setups due to differ-
ent sensor characteristics, the same trend holds consistently:
EasyCalib maintains stable performance while Choi et al. [16]
is highly sensitive to nonorthogonality.

E. Calibration Result Evaluation

1) Reprojection: As shown in Fig. 15, we can observe that
after coarse calibration, the point cloud projections already
roughly align with the image edge features, although some
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Fig. 17. We build (a) indoor and (b) outdoor colored point-cloud maps using FastLIVO2 [27] with the extrinsic parameters estimated by EasyCalib. The
highlighted regions show fine-grained details: in indoor scenes, the edges of walls, cabinets, and plants are clearly reconstructed; in outdoor scenes, detailed
structures such as vehicles and building facades are well preserved. These results demonstrate the high accuracy and practical applicability of our method.

noticeable deviations remain (e.g., slight overshoots beyond
the edge contours or minor misalignments in certain regions).
Nevertheless, this demonstrates the reliability of the coarse
estimate. After fine calibration, the projections adhere much
more closely to the image edges, indicating that our method
effectively refines the calibration accuracy.

2) RGB-Colored Mapping: To minimize additional sources
of error in the evaluation, we exploit the nonrepetitive scanning
property of solid-state LiDARs and obtain a dense environ-
mental point cloud by precisely positioning the Livox Avia.
We then colorize the point cloud using the extrinsics esti-
mated by different calibration methods. As shown in Fig. 16,
EasyCalib produces noticeably better alignment in boundary
regions, especially in detail-rich areas such as marker edges
and sofa contours. Although minor color bleeding can still be
observed around some edges, EasyCalib remains superior to
the compared methods.

Fig. 17 further presents an indoor RGB-colored point cloud
map built by FastLIVO2 [27] using the extrinsics estimated
by EasyCalib. Benefiting from the high-accuracy extrinsic
calibration, the alignment between the point cloud and images
is significantly improved, enabling clear reconstruction of fine
structures in the map, such as wall boundaries, cabinet edges,
and plants. These results further demonstrate the practicality
of EasyCalib and its potential for real-world deployment.

F. Runtime Analysis

We tested the runtime performance of EasyCalib on a
NUC equipped with an Intel i7-1360P CPU and 16 GB RAM.
Table V reports the runtime as mean±std over 20 repeated
runs for each sensor setup. Overall, EasyCalib finishes the

TABLE V

RUNTIME BREAKDOWN OF EASYCALIB UNDER DIFFERENT SENSOR
SETUPS. EACH ENTRY IS REPORTED AS MEAN±STD OVER

20 REPEATED RUNS. TIMES ARE IN SECONDS UNLESS
OTHERWISE NOTED

complete extrinsic calibration in < 1 s for all configurations,
indicating that the pipeline is efficient and stable in practice.

The runtime is dominated by the feature extraction stage,
especially the 3-D corner extraction. In particular, point-cloud
clustering is the main bottleneck in Setup B (0.50 s), which
is consistent with its larger and denser point set. Setup C
also spends more time on 3-D processing due to higher point
density and a heavier plane/edge extraction step. In contrast,
Setup A has a lightweight 3-D processing cost. For the
2-D corner extraction, Setup A is significantly slower than
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Setups B/C, mainly because it uses a much higher-resolution
camera (Fig. 11), which increases the cost of trinarization,
edge detection, and corner scoring. Importantly, the reported
standard deviations are small relative to the means, suggesting
consistent runtime across repeated runs. Both coarse cali-
bration and fine calibration are computationally negligible
compared with data processing. Coarse calibration takes only
0.1–0.2 ms, and the fine optimization converges in 3–4
iterations with a submillisecond total time. This breakdown
confirms that EasyCalib is primarily limited by the front-end
feature extraction (clustering and image processing), while the
back-end optimization introduces minimal overhead and thus
scales well with the number of iterations.

V. CONCLUSION

In this article, we present a novel artificial target, EasyCalib,
specifically designed for the extrinsic calibration between
cameras and LiDAR sensors. Building upon its structured
geometry and distinctive color patterns, we further develop a
fully automatic and robust calibration algorithm that achieves
subpixel accuracy without requiring any manual segmentation
or initial extrinsic estimates. The proposed method signifi-
cantly simplifies the calibration process while ensuring high
precision and strong robustness in challenging environments.
In future work, we plan to redesign the EasyCalib target for
thermal infrared cameras by integrating heating elements on
the three planar panels to generate distinctive thermal-radiation
patterns, enabling fully automatic calibration between thermal
cameras and LiDAR. In addition, extending EasyCalib to
multi-LiDAR systems will be a key direction. We will lever-
age the EasyCalib center-line features observed by different
LiDARs and formulate optimization constraints between 3-D
line correspondences to achieve automatic extrinsic calibration
for multi-LiDAR setups.
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