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Abstract: This paper presents the DUAL-Calib calibration framework, which enables joint constrained extrinsic calibration of
a single LiDAR and two cameras. As an optimized extension of FAST-Calib for multi-camera scenarios, DUAL-Calib estab-
lishes a unified optimization framework with inter-camera rigid geometric constraints to enhance calibration consistency and
solve the cumulative error problem caused by independent calibration. Furthermore, this paper proposes an automatic corner
detection algorithm based on ArUco marker triangulation, which avoids manual on-site measurement of the target’s physical
dimensions and enables automated field calibration. It can directly reconstruct the target coordinate system from the detected
markers, realizing semi-automated calibration with reduced manual measurement. Experimental verification was performed on
a wheel loader platform equipped with the Lingmou S1 perception module (integrating a Livox Mid360 LiDAR and two wide-
angle fisheye cameras), with the calibration target placed within the overlapping field of view of the sensors at a distance of
1.5-4.5 m. The results demonstrate that the point-to-point registration error of DUAL-Calib on both camera channels is less than
5.0 mm under normal conditions and remains below 5.8 mm even under vibration interference. Compared with FAST-Calib’s
independent single-camera calibration method, DUAL-Calib reduces the calibration errors of LIDAR-Camera A and LiDAR-
Camera B by 37.5% and 36.0% respectively with significantly lower variance, and the proposed automatic corner extraction
method achieves sub-centimeter accuracy compared with manual measurement, effectively bridging the practicality gap between

laboratory calibration and on-site deployment of construction machinery vehicles.
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1 Introduction

The extrinsic calibration between LiDAR and cameras is
a fundamental prerequisite for multi-sensor fusion in au-
tonomous driving and robotics, and is widely applied in tasks
such as mapping[1,2], object detection[3,4]. Although sig-
nificant progress has been achieved in the calibration of a
single LIDAR and a single camera[5—7], modern robotic sys-
tems are increasingly adopting multi-camera configurations
to expand the perception range. Engineering vehicles, agri-
cultural machinery, and autonomous trucks typically employ
two or more cameras to eliminate blind spots and improve
operational safety[8].

However, calibrating each pair of sensors independently in
such systems introduces cumulative errors and fails to lever-
age the inherent geometric constraints between cameras.
Existing target-based calibration methods, such as FAST-
Calib[9], achieve millimeter-level calibration accuracy by
detecting circular holes on custom three-dimensional targets.
These methods rely on pre-measured physical dimensions of
the target and require manual input of geometric parameters,
including hole positions and board sizes. In factory environ-
ments, standardized processes can ensure measurement ac-
curacy; however, in on-site deployments (e.g., construction
sites), precision measurement tools cannot be used for rapid
re-calibration. The inability to automatically estimate target
dimensions significantly limits the operational flexibility of
the system.

In addition, independent calibration of multiple cameras
neglects the rigid transformation constraints between them.
When cameras are mounted on a rigid chassis, their relative
poses remain unchanged, providing valuable geometric re-
dundancy information. Existing methods[10, 11] treat multi-

This work is supported by the Natural Science Foundation of Hebei
Province (Youth Fund Project Category B) under Grant No.F2025203115.

camera calibration as a serial single-camera problem, which
may result in inconsistent results that violate physical rigid
constraints.

To address the aforementioned issues, this paper proposes
DUAL-Calib, which extends FAST-Calib to a dual-camera
scenario and enables automatic target parameter estimation.
The main contributions are threefold:

1) A unified dual-camera constrained calibration frame-
work that incorporates inter-camera rigid constraints to
achieve consistent LiDAR-dual-camera extrinsic esti-
mation under a known high-precision baseline.

2) Automatic target corner reconstruction without manual
measurement using ArUco triangulation and plane fit-
ting, which improves flexibility for field deployment.

3) A rapid on-site calibration pipeline for construction ma-
chinery with O(N) time complexity and execution time
below 1 second, robust to vibration and lighting varia-
tions.

2 RELATED WORK

2.1 Multi-camera-LiDAR Calibration

Most existing LiDAR-camera calibration methods focus
on single-camera configurations. Target-based methods [5,
6, 9] establish 3D-2D correspondences using dedicated cali-
bration boards, while target-free methods [7] leverage envi-
ronmental features such as edges and planes. However, re-
search on extending these methods to multi-camera scenar-
ios remains limited. Geiger et al. [12] proposed a calibration
method for multi-camera systems, but it requires overlapping
camera fields of view and separate processing for LiDAR
calibration. Li et al. [13] performed sequential calibration of
multiple cameras and LiDAR without imposing inter-camera
consistency constraints. In contrast, the method proposed
in this paper explicitly models the rigid constraints between
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cameras within a unified optimization framework.
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Fig. 1: DUAL-Calib for LiDAR-dual-camera extrinsic cali-
bration

2.2 Automatic Estimation of Target Parameters

Traditional calibration targets require precise manufactur-
ing and manual measurement of feature positions [5, 6, 9].
An alternative approach employs checkerboards with known
dimensions, but this method is sensitive to changes in Li-
DAR reflectivity. AprilCal [14] enables automatic target de-
tection, yet it primarily focuses on camera intrinsic param-
eters rather than LiDAR-camera extrinsic parameters. This
paper combines ArUco marker detection [15] with geomet-
ric optimization to automatically solve for target dimensions,
eliminating the need for precisely manufactured boards or
manual measurements, and it is compatible with LiDAR cir-
cular hole features.

3 METHODOLOGY

3.1 Overview

As shown in Fig. 1, DUAL-Calib extends the FAST-Calib
process to a dual-camera configuration. The calibration tar-
get is identical to that described in Reference [9], consisting
of four circular holes and four ArUco markers with known
relative positions. However, unlike Reference [9], where
these positions must be manually input, the method proposed
in this paper can automatically reconstruct the target coordi-
nate system from the detected markers. The data processing
flow is divided into two parallel branches:

For LiDAR data, the processing steps of FAST-Calib are
adopted, including rough ROI (Region of Interest) extrac-
tion, plane segmentation, edge extraction of circular holes,
and elliptical fitting compensation. This yields the four hole
centers P, = {pF}?_, in the LiDAR coordinate system F7,.

For camera data, two images are processed simultane-
ously. Each camera detects ArUco markers and estimates
the marker pose via the PnP (Perspective-n-Point) algorithm.
Instead of using preset target sizes, this paper directly recon-
structs the calibration plate coordinate system Fp from the
marker corner points, and then calculates the corresponding
hole centers Pc, and Pc,. Finally, through joint geometric
registration, the extrinsic transformations T, and T, 1
are estimated, and rigid constraints between the two cameras
can be selectively applied.

3.2 Automatic detection of target corner points

ArUco Corner Triangulation : For each detected marker
m € {1,2,3,4}, four image corner points W,,, € R?
(n = 1,...,4) are acquired. Given the camera intrinsic
parameters K and distortion coefficients, the marker pose
Tewm,, € SE(3) is solved using the PnP (Perspective-n-
Point) algorithm. The marker corner points in the camera
coordinate system are expressed as:

Pl =Tcn, - Prm P = [Es/2,£5/2,017 (1)

Here, s denotes the known marker size (e.g., 80 mm), and
the superscript M,,, indicates the local coordinate system of
the marker.

Calibration Plane Fitting : Using the 16 triangulated cor-
ner points from each camera (4 markers x 4 corners), the
calibration plate plane is fitted. The RANSAC algorithm
is employed for robust estimation of the plane parameters
(n, d) in the camera coordinate system, which is defined as:

O:n"x4+d=0, |n|=1 )

Here, n represents the normal vector of the plane, and d
denotes the distance from the camera coordinate origin to the
plane.

Reconstruction of Target Coordinate System : The target
coordinate system Fp is established with the center of the
calibration plate as the origin. Let c,, be the projection of
the marker center onto the plane II. The standard orthog-
onal basis e;, e, of the plane is solved by minimizing the
following objective function:

4

min Z lcm — 0y — ume, — UmeyH2 &)
©x:€y,00 m=1

Subject to the constraints:

ele, =0, [ea| = lleyll =1, e, xe,=n

Here, (s, vy,) represents the nominal positions of the
markers in the target coordinate system (as shown in Fig. 1
of Reference [9], the standard calibration plate has a horizon-
tal deviation of 650 mm and a vertical deviation of +450
mm). A closed-form solution to this optimization problem
can be obtained via Singular Value Decomposition (SVD) of

the centered marker coordinates.
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Fig. 2: Joint geometric optimization framework for multi-sensor LiDAR and dual-camera calibration

Center Calculation : After establishing Fp, the center of
each circular hole is calculated based on the standard geom-
etry of the calibration plate. For the ¢-th hole with design
coordinates pi i = @i, v, 0]7 in the target coordinate sys-
tem, its coordinates in the camera coordinate system are:

@

The transformation matrix from the calibration plate co-
ordinate system to the camera coordinate system is:

c
P = Ob + Ti€z + yi€y

Op
1

e; € n

OT OT OT (5)

Tep =
Cross-camera Verification : For a dual-camera system, the
consistency of the reconstruction results is verified by com-
paring the distances between the marker centers obtained
from the two cameras is the core of the joint geometric op-
timization framework in Fig. 2. The rigid baseline T, ¢,
(transformation from camera C'g to camera C'4) should sat-
isfy the following condition:

Ym (6)

Herein, the consistency threshold €.onsist 18 set to 0.5
mm, which represents the maximum allowable 3D Euclidean
distance deviation of the marker center coordinates recon-
structed by the two cameras, and the value is determined
based on the sub-millimeter accuracy of the ArUco marker
triangulation.

If this condition is not satisfied, rechecking or manual in-
tervention is required. This verification step ensures the re-
liability of the automatically extracted features before per-
forming geometric registration.

The actual implementation effects of the proposed corner
detection algorithm on the left and right cameras are shown
in Fig. 3(a) and Fig. 3(b), respectively, which directly re-
flect the accuracy of ArUco marker triangulation in practical
corner extraction.

||png - TCACBpng ” < €consists

3.3 Joint Dual-Camera Registration

Given the LiDAR hole center set P, dual-camera hole
center sets Pc, and Pc,, and the pre-calibrated inter-
camera rigid transformation T¢, ¢, (from Cp to C4), this
section constructs the LiDAR-dual-camera joint calibration
problem with the rigid baseline as the core constraint. The
method includes two core modules: independent registration
for initial values and constrained joint optimization for high-
precision extrinsic parameters, with detailed elaboration on
its implementation steps and computational complexity. The
full pseudocode of the method is presented in Algorithm 1.

(a) Left camera

(b) Right camera

Fig. 3: Automatic calibration board corner point identifica-
tion via ArUco marker triangulation. (a) Left camera. (b)
Right camera.

3.3.1 Independent Registration: Initial Value Solution

Independent registration provides initial LiDAR-to-
camera extrinsic parameters for subsequent joint optimiza-
tion, preventing the latter from falling into local optima.
Two independent Kabsch problems are solved via Sin-
gular Value Decomposition (SVD) to calculate the initial
transformation matrices 75, ; and 7¢,_ ;, with the formula:

min
TESE(3)

> Y|

j=11i=1

[e]
T, = arg

e )
pi,;'c - sz,jH ) ke {A7 B}

where NV is the number of calibration scenarios, pZCJ" and
pﬁj denote the i-th hole center in the j-th scenario under the
camera k and LiDAR coordinate systems, respectively.

3.3.2 Constrained Joint Optimization: High-Precision
Extrinsic Estimation

Using the initial transformation matrices as iterative start-
ing values, the inter-camera rigid constraint is introduced as
the core condition. The Levenberg-Marquardt (L-M) algo-
rithm minimizes the global point-to-point registration error
for iterative update, until the results meet the convergence
criterion, to achieve high-precision extrinsic parameter esti-
mation.

1) Original Constraint Form : The original method in-
troduces a regularization term to constrain dual-camera pose
consistency and ensure physical rationality of calibration re-
sults, defined as:

2

R = |log (Tewr 5! ) Teacs)” ®)

087
Authorized licensed use limited to: ShanghaiTech University. Downloadedzon September 11,2026 at 02:57:30 UTC from IEEE Xplore. Restrictions apply.



2) Simplified Engineering Implementation : Equation (8)
is a soft constraint suitable for noisy baseline conditions.
For rigid construction machinery platforms, the inter-camera
baseline T, ¢, is pre-calibrated with high accuracy and can
be treated as an exact known constant. We therefore use a
hard constraint implementation for efficiency and stability.
Only T¢, 1 is optimized, and T, is directly derived by
Tcpr = Te,csTc, - The core objective is to minimize
the global point-to-point error:

- Y Ly

ke{A,B} j=11i=1

C L
pij — Tewrpi

©))

This simplification reduces computation while ensuring
physical consistency, and experiments show it achieves opti-
mal accuracy.

3.3.3 Complete Implementation Steps

The inter-camera rigid transformation T¢,c, is pre-
calibrated offline using Zhang’s camera calibration method
[16], with translation error better than 0.5 mm and rotation
error better than 0.1°. It is treated as an accurate known con-
stant on rigid engineering platforms.

Combining the above two core steps of independent reg-
istration and constrained joint optimization, the complete
implementation steps of the dual-camera joint registration
method can be divided into four sequential and closely
linked steps to ensure the integrity and rigor of the cali-
bration process. First, initial values are calculated by solv-
ing 75, ;, and T¢  ; via independent Kabsch-SVD registra-
tion; followed by variable initialization, where 7¢,  ; is as-
signed to the optimization variable T, . The third step
is iterative optimization, which involves cycling parameter
derivation and variable update until convergence: specifi-
cally, T, 1. is derived from the current T, 1, using the for-
mula Tc,1, = Tc,cpTe, L, and then T, 1, is updated by
minimizing £ with the L-M algorithm.

The final step is result output: the optimal 77 , =
ToacpTi,p 1s calculated from the converged T, ;, and
then the optimal extrinsic parameters T ; and T, are
outputted, along with the final registration error £* and the
number of iterations performed. Additionally, the satisfac-
tion of the rigid constraint is verified by checking the condi-
tion :

176, 0 (TE,) " — Toscs || < €rigia (10)

where the rigid constraint threshold €,.4;4 is defined by
two quantitative indicators: the translation deviation < 0.5
mm and the rotation deviation < 0.1° between the relative
pose calculated by the calibrated extrinsic parameters and
the pre-calibrated inter-camera rigid transformation, which
is consistent with the experimental accuracy results of the
dual-camera relative pose.

3.3.4 Computational Complexity Analysis

Quantitative analysis of computational complexity veri-
fies the method’s real-time performance, considering matrix
operations and iteration times:

Algorithm 1 Simplified LIDAR-Dual-Camera Joint Regis-
tration
Require: Pr,Pc,,Pcy,Tc cp,e=1X 1076
Ensure: Tc,r,Tcp1
Independent Registration (Kabsch-SVD)
1: Compute T¢ , , and T¢, 1, separately using SVD.
Constrained Joint Optimization
2: Initialize To, 1 < 16, 1,
3: while not converged do
Derive Topr = Toc,cgTo,L
Compute point-to-point loss €
Update T¢ , . by L-M algorithm
Check convergence: | ATc, || < €
: end while
: Output
10: TCBL — TCAC’BTCAL
11: return Tc,r,TcgL

4
5
6:
7
8
9

1. Independent registration: Two SVD operations on fixed
3x3 covariance matrices (O(1) for a single SVD), with an
overall complexity of O(N) due to summation of corre-
sponding points across [N scenarios.

2. Constrained joint optimization: Convergence within a
fixed number of iterations C (5 10 in engineering), with 8N
residual calculations per iteration, leading to a complexity of
O(C - N)=O(N).

3. Overall complexity: The total time complexity of the
method is O(N), ensuring the entire DUAL-Calib frame-
work runs in less than 1 second and meets the requirements
of rapid on-site engineering calibration.

The full pseudocode of the proposed method is shown in
Algorithm 1.

4 EXPERIMENT

4.1 Implementation Details

Calibration tests were conducted on a wheel loader for
real engineering scenarios, with the Lingmou S1 module (1
Livox Mid-360 LiDAR + 2 global-shutter fisheye cameras,
1920x1200@ 10 Hz) as the core hardware. Fig. 4 shows the
structural composition of the Lingmou S1 module, present-
ing the integrated layout of the Livox Mid-360 LiDAR and
two wide-angle fisheye cameras in the module. All sensors
were rigidly mounted on the loader cab to maintain fixed
relative poses for vibration and bumping resistance. A 3D
calibration target identical to FAST-Calib (4 circular holes +
4 ArUco markers) was randomly placed in the overlapping
sensor FOV (1.5-4.5 m from the loader) to simulate unstan-
dardized on-site layouts. Fig. 5 shows the actual experi-
mental scene of the LiDAR-dual-camera calibration on the
wheel loader, including the mounting position of the Ling-
mou S1 module on the cab and the placement of the 3D cali-
bration target in the working area. Experiments were run on
an industrial embedded host (Intel i7-12700H, 32 GB RAM)
with C++/OpenCV/PCL-based software. Camera intrinsic
and distortion parameters were pre-calibrated via Zhang’s
method [16] to eliminate intrinsic errors.

4.2 Comparison with FAST-Calib

Field tests were conducted on the loader under illumi-
nation variation, ground vibration and background clutter,
comparing DUAL-Calib’s dual-camera results with FAST-
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Fig. 4: Structural composition of the Lingmou S1 module
for LiDAR-dual-camera perception

Fig. 5: Actual experimental scene of LiDAR-dual-camera
extrinsic calibration on a wheel loader

Table 1: LiDAR-Dual-Camera Registration Error and Pro-
cessing Time: DUAL-Calib vs. FAST-Calib

Calibration LiDAR-Camera A LiDAR-Camera B Overall Processing
Method (Mean+Std)(mm) (Mean+Std)(mm) Time (s)
FAST-Calib 7.2+1.8 7.5+2.1 0.68+0.05
DUAL-Calib 4.5+0.7 4.8+0.8 0.85+0.06
Calib’s independent single-camera calibration. 10 sets of

calibration data with different target poses were collected
for each method, and the point-to-point registration errors
of LiDAR-Camera A/B were calculated.

Table 1 shows the results, where FAST-Calib adopted
independent calibration and DUAL-Calib used a joint op-
timization framework with dual-camera rigid-body con-
straints. DUAL-Calib’s mean errors for LIDAR-Camera A/B
were both within 5.0 mm, reduced by 37.5% and 36.0%
compared with FAST-Calib, with significantly lower vari-
ance. The rigid-body constraints effectively mitigated en-
vironmental interference and improved robustness. DUAL-
Calib’s overall processing time was 0.85 s (slightly longer
than FAST-Calib’s 0.68 s due to joint optimization), still
within 0.9 s and meeting on-site rapid calibration require-
ments.

4.3 Auto vs. Manual Target Feature Acquisition

To verify the accuracy of the proposed automatic calibra-
tion board corner detection algorithm, the 3D coordinates of
calibration board corners manually annotated by profession-

Table 2: Error Statistics of the Automatic Calibration Board
Corner Detection Algorithm

Camera Type Maximum Deviation (cm) Mean Deviation (cm) Standard Deviation (cm)
Left Camera 0.26 0.11 0.03
Right Camera 0.28 0.13 0.04
Overall 0.28 0.12 0.03

als are adopted as the reference ground truth for comparative
experiments. The manually annotated corner coordinates
are required to satisfy the mechanical design geometric con-
straints of the calibration board (e.g., the deviation between
the distance of adjacent corners and the nominal value is less
than 1 mm), which ensures the reliability of the reference
ground truth for subsequent comparison. In the experiment,
the deviation of automatic detection is defined as the 3D Eu-
clidean distance between the 3D corner coordinates output
by the algorithm and the reference ground truth. The exper-
imental data of 10 groups of different calibration scenarios
were statistically analyzed, and the results are shown in Ta-
ble 2.

It can be seen from Table 2 that the maximum deviation of
the proposed automatic detection algorithm on the left and
right cameras is less than 0.3 cm, and the mean deviation
is only 0.11 ~ 0.12 cm, indicating that the algorithm can
achieve high-precision automatic corner extraction with an
extremely low error level.

(a) Reprojection from the left camera (b) Reprojection from the right camera

Fig. 6: Re-projection verification of the DUAL-Calib cali-
bration effect for LIDAR-dual-camera extrinsic parameters

4.4 Consistency and Robustness

Based on 10 repeated calibration data sets, the relative
pose deviation of dual-camera results was calculated to ver-
ify the effectiveness of DUAL-Calib’s joint optimization
constraints and rigid-body compliance. To further visu-
ally evaluate the calibration accuracy and analyze the re-
projection error distribution, the re-projection verification
and error statistical analysis of the calibration effect are car-
ried out, and the result is shown in Fig.6.

Reprojection error is used as a supplementary quantitative
metric: the mean reprojection error is 0.32 pixels for the left
camera and 0.35 pixels for the right camera, both below the
subpixel level, and the maximum reprojection error of both
cameras is controlled within 0.5 pixels, with the error fluc-
tuation range less than 0.15 pixels, which verifies the high
precision and stability of the proposed method.

DUAL-Calib’s robustness was also tested under loader vi-
bration conditions (Idle and low-speed driving conditions
with a speed of < 5 km/h). The results showed that DUAL-
Calib’s LiDAR-camera extrinsic parameters converted to
Camera A-B relative pose had translation deviation < 0.5
mm and rotation deviation < 0.1°, satisfying rigid-body con-
straints. In contrast, FAST-Calib’s independent mode had
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obvious inconsistency, with maximum translation/rotation
deviations of 2.3 mm and 0.5°. Under vibration conditions,
DUAL-Calib’s mean registration error remained within 5.8
mm with no significant increase, indicating strong robust-
ness to vibration and illumination variations in engineering
scenarios.

5 CONCLUSIONS

We present DUAL-Calib, a joint extrinsic calibration
framework for LiDAR-dual-camera systems, an optimized
extension of FAST-Calib for multi-camera scenarios. It
builds a unified optimization model with inter-camera rigid
geometric constraints and an ArUco marker triangulation-
based automatic target corner detection algorithm that dis-
penses with manual target measurement. Adopting Kabsch-
SVD initial registration and L-M constrained joint optimiza-
tion, the framework achieves an overall time complexity of
O(N).

Experimental validations are conducted on a wheel loader
platform equipped with the Lingmou S1 module (a Livox
Mid360 LiDAR plus two wide-angle fisheye cameras). The
results show that DUAL-Calib outperforms FAST-Calib,
with mean registration errors below 5.0 mm for both cam-
era channels, representing an accuracy improvement of over
36%. Its automatic corner detection achieves sub-millimeter
precision with a maximum deviation of only 0.28 cm, and
the error remains under 5.8 mm even under vibration inter-
ference. The framework strictly satisfies inter-camera rigid
constraints and has an overall processing time of less than
0.9 seconds, enabling rapid on-site calibration.

DUAL-Calib’s core contributions include a rigid-
constrained unified joint optimization framework for dual
cameras, semi-automated target feature extraction with
reduced manual measurement, and a field-deployable
calibration pipeline with high robustness and low complex-
ity. It resolves the cumulative error issue of independent
single-camera calibration, bridges the practicality gap
between laboratory calibration and the on-site deployment
of construction machinery, and delivers notable engineering
application value.

Future work will extend the framework to multi-camera
systems, enhance its robustness in extreme engineering en-
vironments, integrate an IMU for dynamic online calibra-
tion, conduct lightweight optimization for edge device de-
ployment, and expand its compatibility to support the joint
calibration of multi-modal sensors.
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