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Environment-Driven Online LiDAR-Camera
Extrinsic Calibration
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Abstract—LiDAR-camera extrinsic calibration (LCEC) is cru-
cial for multi-modal data fusion in autonomous robotic systems.
Existing methods, whether target-based or target-free, typically
rely on customized calibration targets or fixed scene types, which
limit their applicability in real-world scenarios. To address these
challenges, we present EdO-LCEC, the first environment-driven
online calibration approach. Unlike traditional target-free meth-
ods, EdO-LCEC employs a generalizable scene discriminator
to estimate the feature density of the application environment.
Guided by this feature density, EdO-LCEC extracts LiDAR
intensity and depth features from varying perspectives to achieve
higher calibration accuracy. To overcome the challenges of
cross-modal feature matching between LiDAR and camera, we
introduce dual-path correspondence matching (DPCM), which
leverages both structural and textural consistency for reliable 3D-
2D correspondences. Furthermore, we formulate the calibration
process as a joint optimization problem that integrates global
constraints across multiple views and scenes, thereby enhancing
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overall accuracy. Extensive experiments on real-world datasets
demonstrate that EdO-LCEC outperforms state-of-the-art meth-
ods, particularly in scenarios involving sparse point clouds or
partially overlapping sensor views.

Note to Practitioners—This article presents an environment-
driven approach for LiDAR-camera extrinsic calibration. Unlike
conventional target-free methods, the proposed EdO-LCEC not
only extracts matchable features from real-world scenes but also
adapts its calibration strategy based on the environmental feature
density. This environmental awareness significantly enhances cal-
ibration robustness. By focusing on cross-modal feature matching
and extrinsic optimization, our method performs reliably across
various sensor configurations, including solid-state and mechani-
cal LiDARs with differing fields of view and point densities. The
proposed approach offers a practical and generalizable solution
that improves upon existing target-free methods, facilitating
deployment in sensor fusion and mechatronic systems. Our
calibration software developed on EdO-LCEC will be publicly
available at https://mias.group/EdO-LCEC.

Index Terms—Environment-driven, LiDAR-camera extrinsic
calibration, multi-modal data fusion.

I. INTRODUCTION

A. Background

PERCEPTION is a fundamental capability in autonomous
mobile robotics, but achieving robust and generalizable

perception remains a significant challenge [1]. By allow-
ing robots to acquire and interpret information about their
surroundings, it provides the critical foundation for depend-
able navigation, planning, and high-level decision-making [2].
Modern LiDAR-camera fusion systems significantly enhance
robotic perception capabilities [3]. While LiDARs provide
accurate spatial information, cameras capture rich textural
details [4], [5]. Their complementary fusion enables robust
performance in key robotic tasks, including SLAM [6], [7],
[8], [9], [10], object recognition [11], [12], and localization
[13]. LiDAR-camera extrinsic calibration (LCEC), which esti-
mates the relative pose between the two sensors, becomes
a core and foundational process for effective data fusion in
automation science and engineering. Extensive research on
offline, target-based LCEC has yielded numerous effective and
robust algorithms over the decades. However, online target-
free methods still struggle in complex, unstructured scenes
due to limited adaptability to the working environment, and
much work remains to fully realize their potential.
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Fig. 1. Visualization of calibration results through LiDAR and camera data fusion in KITTI odometry 00 sequence: (a)-(i) zoomed-in regions that illustrate
the alignment between the camera images and the LiDAR point clouds.

B. Existing Challenges and Motivation

Current LCEC methods are primarily categorized as either
target-based or target-free. Target-based approaches [14], [15],
[16], [17], [18] have long been the preferred choice in this
field. They are typically offline, relying on customized cali-
bration targets (typically checkerboards). However, they often
demonstrate poor adaptability to real-world environments. This
is largely because extrinsic parameters may change signifi-
cantly due to moderate shocks or during extended operations
in environments with vibrations.

Online, target-free approaches aim at overcoming this prob-
lem by extracting informative visual features directly from the
environment. Previous works [19], [20] estimate the extrin-
sic parameters by matching the cross-modal edges between
LiDAR projections and camera images. While effective in
specific scenarios with abundant features, these traditional
methods heavily rely on well-distributed edge features. Recent
advances in deep learning techniques have spurred extensive
explorations, such as [21], [22], and [23], to leverage semantic
information to aid cross-modal feature matching. Although
these approaches have shown compelling performance in spe-
cific scenarios, such as urban freeway, they predominantly rely
on curated, pre-defined objects, e.g., vehicles, lanes, and traffic
poles. On the other hand, several end-to-end deep learning
networks [24], [25], [26], [27], [28], [29] have been developed
to find a more direct solution for LCEC. While these methods
have demonstrated effectiveness on their training datasets, like
KITTI [30], they highly rely on the training setup and are
thus less generalizable. The recent work MIAS-LCEC [4]
exploits the large vision model MobileSAM [31] to improve
cross-modal feature matching. While this method achieves
high accuracy with solid-state LiDARs (producing dense point
clouds) when the sensors have overlapping fields of view, its
performance significantly degrades in challenging scenarios
with sparse or incomplete point clouds.

Although current target-free LCEC methods eliminate
reliance on calibration targets, they are still restricted to
specific sensor types and pre-defined environmental settings.
As a result, they are hard to balance calibration accuracy and
generalizability in complex, unstructured scenes due to limited
adaptability. This challenge becomes even more pronounced
in dynamic scenarios where sensor poses are uncertain and
frequently changing. Therefore, this study aims to create a
more flexible online calibration framework that adapts its
strategy based on the environmental cues, thereby improving
the robustness of online, target-free LCEC.

C. Novel Contributions

In this article, we move one step forward to introduce envi-
ronmental observation into target-free calibration, proposing
the first environment-driven framework, EdO-LCEC. EdO-
LCEC adapts to external conditions to maintain optimal
performance by balancing the feature density between LiDAR
projection and camera image. Unlike the conventional target-
free approaches, EdO-LCEC is no longer constrained by
fixed strategies but can intelligently respond to environmental
changes. Specifically, as illustrated in Fig. 1, we consider the
working environment of the sensors as a sequence composed
of multiple scenes. By actively perceiving the feature den-
sity of the environment and merging multiple scenes across
different times, this approach could achieve high-precision
calibration dynamically. A prerequisite for the success of EdO-
LCEC is the design of a generalizable scene discriminator.
The scene discriminator employs large vision models to con-
duct depth estimation and image segmentation. In detail, it
calculates the feature density of the calibration scene and
uses it to guide the generation of multiple virtual cameras for
projecting LiDAR intensities and depth. This improved LiDAR
point cloud projecting strategy increases the available envi-
ronmental features, and thus overcomes the previous reliance

Authorized licensed use limited to: TONGJI UNIVERSITY. Downloaded on December 18,2025 at 07:45:50 UTC from IEEE Xplore.  Restrictions apply. 

IEEE Transactions on Automation Science and Engineering (T-ASE) paper, presented at ICRA 2026, Vienna, Austria. 



24166 IEEE TRANSACTIONS ON AUTOMATION SCIENCE AND ENGINEERING, VOL. 22, 2025

of algorithms [19], [32] on uniformly distributed geometric
or textural features. At each scene, we perform dual-path
correspondence matching (DPCM). Different from the C3M
in MIAS-LCEC [4], DPCM divides correspondence matching
into spatial and textural pathways to fully leverage both
geometric and semantic information. Each pathway constructs
a cost matrix based on structural and textural consistency,
guided by accurate semantic priors, to yield reliable 3D-2D
correspondences. Finally, the correspondences obtained from
multiple views and scenes are used as inputs for our proposed
multi-view and multi-scene joint optimization, which derives
and refines the extrinsic matrix between LiDAR and camera.
Through extensive experiments conducted on three real-world
datasets, EdO-LCEC demonstrates superior robustness and
accuracy compared to other SoTA approaches.

To summarize, our novel contributions are as follows:
• EdO-LCEC, the first environment-driven, online LCEC

framework that introduces environmental observation into
target-free calibration.

• Generalizable scene discriminator, which can automat-
ically observe the calibration scene by evaluating the
feature density through potential spatial, textural, and
semantic features extracted by SoTA LVMs.

• DPCM, a novel cross-modal feature matching algorithm
consisting of textural and spatial pathways, capable of
generating dense and reliable 3D-2D correspondences
between LiDAR point cloud and camera image.

• Multi-view and multi-scene joint relative pose opti-
mization, enabling high-quality extrinsic estimation by
integrating multiple perspective views within a sin-
gle scene and merging distinct scenes across different
timestamps.

D. Article Structure

The remainder of this article is structured as follows: Sect. II
reviews SoTA approaches in LCEC. Sect. III introduces EdO-
LCEC, our proposed online, target-free LCEC algorithm.
Sect. IV presents experimental results and compares our
method with SoTA methods. Finally, in Sect. V, we conclude
this article and discuss potential future research directions.

II. RELATED WORK

Target-based LCEC methods achieve high accuracy using
customized calibration targets (typically checkerboards). How-
ever, they require offline execution and are significantly limited
in dynamic or unstructured environments where such targets
are unavailable [23], [33]. Recent studies have shifted to
online, target-free approaches to overcome these limitations.
Pioneering works [19], [20], [34], [35], [36] estimate the rela-
tive pose between the two sensors by aligning the cross-modal
edges or mutual information (MI) extracted from LiDAR pro-
jections and camera RGB images. While effective in specific
scenarios with abundant features, these traditional methods
heavily rely on well-distributed edges and rich texture, which
largely compromise calibration robustness. To circumvent the
challenges associated with cross-modal feature matching, sev-
eral studies [33], [37], [38], [39] have explored motion-based

methods. These approaches match sensor motion trajectories
from visual and LiDAR odometry to derive extrinsic parame-
ters through optimization. While they effectively accommodate
heterogeneous sensors without requiring overlap, they demand
precise synchronized LiDAR point clouds and camera images
to accurately estimate per-sensor motion, which limits their
applicability in real-world scenarios.

Advances in deep learning techniques have driven sig-
nificant exploration into enhancing traditional target-free
algorithms. Some studies [4], [21], [22], [32], [40] explore
attaching deep learning modules to their calibration frame-
work as useful tools to enhance calibration efficiency. For
instance, [40] accomplishes LiDAR and camera registration
by aligning road lanes and poles detected by semantic seg-
mentation. Similarly, [22] employs stop signs as calibration
primitives and refines results over time using a Kalman
filter. A recent study [32] introduced Direct Visual LiDAR
Calibration (DVL), a novel point-based method that utilizes
SuperGlue [41] to establish direct 3D-2D correspondences
between LiDAR and camera data. On the other hand, several
learning-based algorithms [25], [26], [27], [28], [29] attempt to
reformulate the calibration process into more direct solutions
by leveraging end-to-end deep learning networks. Although
these methods have shown promising results on public datasets
such as KITTI [30], which primarily focus on urban driving
scenarios, their performance has not been extensively validated
on other real-world datasets that include more diverse and
challenging scenes. Moreover, end-to-end models trained on
a single LiDAR-camera pair often overfit to the intrinsic and
extrinsic parameters of the training setup and fail to generalize,
even when evaluated on a different camera within the same
dataset. For instance, a network trained end-to-end on the
left camera of KITTI but evaluated on the right camera still
predicts the pose of the left camera. This indicates that such
networks primarily memorize specific extrinsic parameters
rather than learning a generalizable calibration strategy. In
contrast, our method incorporates feature density evaluation
to achieve environment-aware calibration. This environment-
driven strategy enables robots to maintain high-precision
calibration across diverse conditions without being constrained
by specific sensor configurations.

III. METHODOLOGY

Given LiDAR point clouds and camera images, our goal is
to estimate their extrinsic matrix C

L T, defined as follows:

C
L T =

�
C
L R C

L t
0> 1

�
∈ S E(3), (1)

where C
L R ∈ S O(3) represents the rotation matrix, C

L t denotes
the translation vector, and 0 represents a column vector of
zeros. We first give an overview of the proposed method. As
shown in Fig. 2, it mainly contains three stages:
• We first utilize a scene discriminator to perceive the

environment through image segmentation and depth esti-
mation, generating virtual cameras that project LiDAR
intensity and depth from multiple viewpoints. LiDAR
projections from multiple views are further segmented
into masks with corner points (Sect. III-A).
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Fig. 2. The pipeline of our proposed EdO-LCEC. The working environment of the sensors is analyzed by the generalizable scene discriminator. In each
calibration scene, the feature density of LiDAR and camera data is estimated by image segmentation and depth estimation. Based on this feature density, the
scene discriminator generates multiple depth and intensity virtual cameras to create LIP and LDP images. Image segmentation results (segmented masks with
corner points) of virtual images and camera images are sent to DPCM to obtain dense 3D-2D correspondences, which serve as input for the multi-view and
multi-scene joint optimization to derive and refine the extrinsic matrix between LiDAR and camera.

• The segmented masks with detected corner points are
processed along two pathways (spatial and textural) of the
dual-path correspondence matching module to establish
reliable 3D-2D correspondences (Sect. III-B).

• The obtained correspondences are used as inputs for our
proposed multi-view and multi-scene joint optimization
method, which derives and refines the extrinsic matrix
C
L T (Sect. III-C).

A. Generalizable Scene Discriminator

Our environment-driven approach first employs a gener-
alizable scene discriminator to observe the surroundings by
generating virtual cameras to project LiDAR point cloud
intensities and depth. This discriminator configures both an
intensity and a depth virtual camera from the LiDAR’s per-
spective. This setup yields a LiDAR intensity projection (LIP)
image V

I I ∈ RH×W×1 (H and W represent the image height
and width) and a LiDAR depth projection (LDP) image V

DI.
To align with the LDP image, the input camera RGB image C

I I
is processed using Depth Anything V2 [42] to obtain estimated
depth images C

DI.1 To take advantage of semantic information,
we utilize MobileSAM [43] as the image segmentation back-
bone. The series of n detected masks in an image is defined as
{M1, . . . ,Mn}. The corner points along the contours of masks
detected are represented by {c1, . . . , cmi }, where mi is the total

1In this article, the symbols in the superscript denote the type of target
camera (V denotes virtual camera and C indicates real camera), and the
subscript denotes the source of the image (D is depth and I is intensity).

corner points number in the i-th mask. An instance (bounding
box), utilized to precisely fit around each mask, is centrally
positioned at o and has a dimension of h×w pixels. To fully
exploit the textural information, we evaluate the consistency of
corner points using a texture matrix D ∈ Rb×b, which encodes
intensity values within a local b×b neighborhood. As depicted
in Fig. 2, the neighboring vertices of a corner point ci is
defined as {ei,1, . . . , ei,K}. These neighboring vertices are used
to calculate structural consistency in dual-path correspondence
matching.

For each virtual or camera image I, the scene discriminator
computes its feature density ρ(I), providing critical cues for
feature extraction and correspondence matching. The feature
density ρ(I) is defined as follows:

ρ(I) =

0@log

 
nX

i=1

mi

!2
1A

„ ƒ‚ …
ρt

 
nX

i=1

log
|
Sn

j=1M j|

|Mi|

!
„ ƒ‚ …

ρs

, (2)

where ρt denotes the textural density and ρs represents the
structural density. The occlusion challenges caused by the
different perspectives of LiDAR and the camera [4], [19],
combined with limited feature availability in sparse point
clouds, mean that a single pair of virtual cameras is insufficient
for a comprehensive view of the calibration scene. Let E
represent the event of capturing enough effective features,
with probability P(E) = λ. If we have nI intensity virtual
cameras and nD depth virtual cameras, the probability of
capturing enough effective features is 1−(1−λ)nI+nD . In theory,
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Fig. 3. Virtual camera generation method. We distribute the virtual cameras
along the X, Y , and Z axes inside a sphere of radius r = 0.3 m. The scene
discriminator dynamically determines the number of virtual cameras based on
feature density. All cameras maintain a default front-facing orientation.

as nI + nD → ∞, the probability P(E′)nI+nD → 0, leading
to 1 − (1 − λ)nI+nD → 1. Increasing the number of virtual
cameras raises the likelihood of capturing more potential
correspondences, thus enhancing calibration accuracy.

However, employing an infinite number of virtual cam-
eras during calibration is impractical. In real applications, a
straightforward approach is to let users specify the number of
virtual cameras based on their experience. If an initial estimate
of the calibration parameters is available, the number of virtual
cameras can also be inferred from the distance between the
LiDAR origin and the initial estimate. Another automated
option is to compute the ratio between the LiDAR and camera
fields of view (FoVs) to determine the minimum number of
virtual cameras required. Each virtual camera replicates the
intrinsic FoV of the real camera, and together they fully
cover the LiDAR scanning range. While the above strategies
enhanced calibration performance in certain specific cases,
they lacked generalizability across more complex and diverse
scenarios. The required parameters vary with environmental
changes, and the absence of environmental perception prevents
the algorithm from automatically adapting to unseen and
challenging conditions.

In this work, we introduce a fully automated strategy for
generating virtual cameras guided by environmental informa-
tion. Considering the trade-off between calibration accuracy
and computational cost, we determine the number of virtual
cameras to balance the feature density:

ρ(C
I I) + ρ(C

DI) =

nI−1X
i=0

ρ(V
I Ii) +

nD−1X
i=0

ρ(V
DIi). (3)

As depicted in Fig. 3, in practical applications, we set
multiple virtual cameras inside a sphere originating from the
LiDAR perspective center. A smaller or larger sphere might be
used to set more cameras if necessary. Since the feature density
is similar if the perspective viewpoints of virtual cameras are
close to the initial position, we can assume that ρ(V

I Ii) ≈ ρ(V
I I0)

Fig. 4. DPCM utilizes structural consistency and textural consistency in
(6) to compute matching cost between corner points detected from different
segmented masks.

and ρ(V
DIi) ≈ ρ(V

DI0). So nI and nD can be obtained as follows:

nI =
ρ(C

I I)
ρ(V

I I0)
, nD =

ρ(C
DI)

ρ(V
DI0)

. (4)

Once all virtual cameras are generated, the discriminator per-
forms image segmentation on each LiDAR projection captured
from multiple views, detecting the corner points of the masks.
These masks with detected corner points serve as inputs for
the dual-path correspondence matching.

B. Dual-Path Correspondence Matching

Given the segmented masks with detected corner points,
dual-path correspondence matching leverages them to achieve
dense and reliable 3D-2D correspondences. DPCM consists
of two pathways, one for correspondence matching of LIP
and RGB images, and the other for LDP and depth images.
For each pathway, DPCM adopted the approach outlined in
[4] to obtain mask matching result A = {(MV

i ,MC
i ) | i =

1, . . . ,m} from a cost matrix MI . Each matched mask pair can
estimate a 4-DoF similarity transform [sRA, tA] to guide the
correspondence matching. Specifically, we update the corner
points cV

i in the virtual image to a location ĉV
i that is close to

its true projection coordinate using this affine transformation,
as follows:

ĉV
i = sRA(cV

i ) + tA. (5)

To determine optimum corner point matches, we construct a
cost matrix MC , where the element at x = [i, j]>, namely:

MC(x) =

βs

�
1−exp

0B@



ĉV

i −cC
j




2

L(A)

1CA+

KX
k=1

H(êV
i,k, e

C
j,k, e

C
j,K−k+1)

„ ƒ‚ …
Structural Consistency

�

+ βt

 
1
b2

bX
r=1

bX
s=1

ˇ̌
DV

i (r, s) − DC
j (r, s)

ˇ̌!
„ ƒ‚ …

Textural Consistency

(6)

denotes the matching cost between the i-th corner point of a
mask in the LiDAR virtual image and the j-th corner point of
a mask in the camera image. (6) consists of structural and
textural consistency. As illustrated in Fig. 4, the structural
consistency measures the structural difference of corner points
in the virtual and real image, where L(A) serves as a width
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Algorithm 1 Dual-Path Correspondence Matching
Require:
Textural pathway: Segmented Masks (including detected

corner points) obtained from the LIP and RGB image.
Spatial pathway: Segmented Masks (including detected corner
points) obtained from the LDP and depth images.

Stage 1 (Reliable mask matching):
(1) Conduct cross-modal mask matching by adopting the
method described in [4].

(2) Estimate sRA and tA using the approach in [4].
Stage 2 (Dense correspondence matching):
(1) For each pathway, update all masks in the virtual image
using sRA and tA.

(2) Construct the corner point cost matrix MC using (6).
(3) Select matches with the lowest costs in both horizontal
and vertical directions of MC(x) as the optimum
correspondence matches.

(4) Aggregate all corner point correspondences to form the
sets C = {(pL

i , pi) | i = 1, . . ., q}.

parameter based on the average perimeter of the matched
masks and H(êV

i,k, eC
j,k, e

C
j,K−k+1) represents the similarity of the

neighboring vertices between current and target corner point.
The textural consistency derives from the relative textural
similarity of the b neighboring zone. After establishing the cost
matrix, a strict criterion is applied to achieve reliable matching.
Matches with the lowest costs in both horizontal and vertical
directions of MC(x) are determined as the optimum corner
point matches. Since every cV

i can trace back to a LiDAR 3D
point pL

i = [xL, yL, zL]>, and every cC
i is related to a pixel

pi = [u, v]> (represented in homogeneous coordinates as p̃i)
in the camera image, the final correspondence matching result
of DPCM is C = {(pL

i , pi) | i = 1, . . . , q}.
Leveraging the generalizable scene discriminator, the multi-

perspective views generated by virtual cameras provide rich
spatial-textural descriptors that effectively transform the fea-
ture matching problem into a robust 3D-2D correspondence
establishment process. DPCM achieves efficient computation
by verifying 2D structural and textural consistency instead of
performing costly 3D point cloud registration. The pseudo-
code of our DPCM is presented in Algorithm 1. During corner
point matching within a mask, while the C3M in MIAS-
LCEC exclusively considers points from the corresponding
mask (i.e., the matched mask associated with the current
corner point), our DPCM in EdO-LCEC incorporates addi-
tional corner points from neighboring masks. This innovative
matching strategy offers two key advantages: (1) it partially
eliminates the dependency on dense, high-precision mask
matching results, and (2) it substantially avoids errors induced
by imperfect mask matching, especially under challenging
conditions such as sparse LiDAR point clouds or limited
LiDAR-camera FoV overlap.

C. Multi-View and Multi-Scene Joint Optimization

EdO-LCEC models the sensor’s operational environment as
a composition of N distinct scenes across different timestamps.

While single-view methods (e.g., [4], [19]) suffer from limited
high-quality correspondences in sparse or incomplete point
cloud scenarios, our environment-driven approach overcomes
this constraint through integrating observations from multiple
views and scenes. After establishing 3D-2D correspondences
by DPCM, EdO-LCEC computes the extrinsic matrix between
LiDAR and camera through a multi-view and multi-scene joint
optimization. By aggregating optimal correspondences across
time and space, our method enhances matching robustness,
maximizes high-quality feature associations, and ultimately
improves calibration accuracy.

In multi-view optimization, the extrinsic matrix C
L T̂t of the

t-th scene can be formulated as follows:

C
L T̂t =arg min

C
L Tt,k

nI+nDX
i=1

X
(pL

j ,pj)∈Ci

G

0B@

π(C
L Tt,k pL

j ) − p̃j




2„ ƒ‚ …

ε j

1CA, (7)

where C
L Tt,k denotes the k-th PnP solution obtained using a

selected subset Vk of correspondences from Ci, and ε j repre-
sents the reprojection error of (pL

i , pi) with respect to C
L Tt,k.

G(ε j) represents the gaussian depth-normalized reprojection
error under the projection model π, defined as:

G(ε j) =
ε j(e −K(d′j, d̄′))

H + ε j
, (8)

where d′j is the normalized depth of pL
j , d̄′ is the average

normalized depth, and K(d′j, d̄′) is a gaussian kernal.
In multi-scene optimization, we choose a reliable subset St

from each scenario, which can be obtained as follows:

St =

st[
k=1

Vt,k, st = min

(
QmaxqtPN

j=1 q j
, smax

)
, (9)

where Vt,k is the k-th selected correspondences subset in
the t-th scene. qt denotes the number of correspondences
in the t-th scene. Qmax represents the maximum number of
correspondences hope to get from all scenarios, and smax
denotes the maximum number of reliable correspondences
in a single scene. The multi-scene optimization process then
solves the final extrinsic matrix C

L T∗ by minimizing the joint
reprojection error:

L(C
L T∗) =

NX
t=1

X
(pL

j ,pj)∈St

G
�

π(C

L T∗pL
j ) − p̃j




2

�
(10)

across multiple spaces in the environment at different times.
This process combines optimal correspondences from both
spatial and textural pathways in each scenario, enabling
robust environment-driven optimization through multi-view
and multi-scene fusion. As a result, our method achieves
human-like adaptability to dynamic environments. This envi-
ronment perception makes EdO-LCEC behave much better
than other target-free approaches, especially in conditions
when point clouds are sparse or incomplete.

IV. EXPERIMENT

A. Experimental Setup and Evaluation Metrics

In our experiments, we evaluate our proposed EdO-LCEC
on four public datasets: KITTI odometry [30] (including
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Fig. 5. Visualization of EdO-LCEC calibration results through LiDAR and
camera data fusion: (a)-(b) illustrate two LiDAR point clouds in MIAS-LCEC-
TF70, partially rendered by the image color using the estimated extrinsic
matrix of EdO-LCEC.

00-09 sequences), KITTI360 [45], nuScenes [46], and MIAS-
LCEC [4] (including target-free datasets MIAS-LCEC-TF70
and MIAS-LCEC-TF360). Extensive comparisons with SoTA
LCEC approaches and abundant ablation studies are conducted
to comprehensively validate each component of the proposed
algorithm. Following previous work [4], [25], [28], [32], we
utilize the average magnitude er of Euler angle error and
the average magnitude et of the translation error to quantify
the calibration errors. Each axes of the Euler angle error
and translation error are also provided to comprehensively
demonstrate the calibration accuracy.

Notably, sequences in KITTI odometry, aside from 00,
were included in the training datasets for the learning-based
methods [25], [27], [29]. To ensure a fair comparison, we
reproduced calibration results for both the left and right
cameras on sequence 00 when the authors provided their code;
otherwise, we used the reported results for the left camera from
their papers. Since most learning-based methods lack APIs for
custom data, our comparison with these methods is limited
to the KITTI odometry 00 sequence. In nuScenes, the point
clouds are captured by a 32-line spinning LiDAR (Velodyne
HDL32E), which makes them extremely sparse for previous
calibration approaches. To the best of our knowledge, few
LCEC methods have been evaluated on this dataset. Following
the official split, we use the scenes in v1.0-test of nuScenes to
construct the evaluation data. For experiments on the MIAS-
LCEC dataset, as the results for the compared methods [4],
[19], [20], [32], [40] are reported in [4], we directly use the
values presented in that paper.

Our algorithm was implemented on an Intel i7-14700K CPU
and an NVIDIA RTX4070Ti Super GPU. The entire process
of a single-view calibration, including scene discriminating,
DPCM, and relative pose optimization, takes approximately
15 to 70 seconds.

B. Comparison With State-of-the-Art Method

In this section, quantitative comparisons with SoTA
approaches on three datasets are presented in Fig. 6, Tables I,2

II, III, and IV. Additionally, qualitative results are illustrated
in Figs. 5 and 7.

2The reproduced results of LCCNet yield higher errors compared to those
reported in their paper.

Fig. 6. Comparisons with SoTA approaches on the segmented point clouds
from MIAS-LCEC-TF360. The zoomed-in region highlights the comparative
details between the algorithms with higher accuracy. Since the results of CRLF
are invalid, they were not included in the comparison.

1) Evaluation on KITTI Odometry: The results shown in
Table I and II suggest that, with the exception of sequences
01 and 04, our method achieves SoTA performance across the
ten sequences (00-09) in KITTI odometry. Specifically, in the
00 sequence, EdO-LCEC reduces the er by around 35.2-99.8%
and the et by 16.1-98.8% for the left camera, and reduces the
er by around 46.9-99.7% and the et by 13.9-97.6% for the right
camera. Additionally, according to Fig. 7, it can be observed
that the point cloud of a single frame in KITTI is so sparse that
the other approaches behave poorly. In contrast, our proposed
method overcomes this difficulty and achieves high-quality
data fusion through the calibration result. We attribute these
performance improvements to our multi-view and multi-scene
joint optimization. Merging the optimal matching results from
multiple views and scenes maximizes the number of reliable
correspondences and ultimately improves overall calibration
accuracy.

2) Evaluation on MIAS-LCEC Dataset: Compared to the
sparse point clouds in KITTI odometry, the point clouds
in the MIAS-LCEC datasets are significantly denser, which
facilitates feature matching and allows us to test the upper
limits of the algorithm calibration accuracy. The results shown
in Table III demonstrate that our method outperforms all
other SoTA approaches on MIAS-LCEC-TF70. It can also
be observed that our method dramatically outperforms CRLF,
UMich, DVL, HKU-Mars, and is slightly better than MIAS-
LCEC across the total six subsets. In challenging conditions
that are under poor illumination and adverse weather, or when
few geometric features are detectable, EdO-LCEC performs
significantly better than all methods, particularly. This impres-
sive performance can be attributed to the generalizable scene
discriminator. The multiple virtual cameras generated by the
scene discriminator provide a comprehensive perception of the
calibration scene from both spatial and textural perspectives,
which largely increases the possibility of capturing high-
quality correspondences for the PnP solver. Furthermore, the
data fusion results in Fig. 5, obtained using our optimized
extrinsic matrix, visually demonstrate perfect alignment on the
checkerboard. This highlights the high calibration accuracy
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Fig. 7. Qualitative comparisons with SoTA target-free LCEC approaches on the KITTI odometry dataset: (a)-(e) RGB images, Depth images, LDP images,
LIP images and image segmentation results; (f)-(i) experimental results achieved using ground truth, UMich, HKU-Mars and EdO-LCEC (ours), shown by
merging LiDAR depth projections and RGB images, where significantly improved regions are shown with red dashed boxes.

TABLE I
QUANTITATIVE COMPARISONS WITH SOTA TARGET-FREE LCEC APPROACHES ON THE 00 SEQUENCE OF KITTI ODOMETRY. THE BEST RESULTS ARE

SHOWN IN BOLD TYPE. †: THESE METHODS DID NOT RELEASE CODE, PREVENTING THE REPRODUCTION OF RESULTS FOR BOTH CAMERAS

TABLE II
COMPARISONS WITH SOTA LCEC APPROACHES ON KITTI ODOMETRY (01-09 SEQUENCES). THE BEST RESULTS ARE SHOWN IN BOLD TYPE

achieved by our method.Additionally, experimental results
on the MIAS-LCEC-TF360 further prove our outstanding
performance. From Table IV, it is evident that while the

other approaches achieve poor performances, our method
demonstrates excellent accuracy, indicating strong adaptabil-
ity to more challenging scenarios, with narrow overlapping
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TABLE III
COMPARISONS WITH SOTA TARGET-FREE LCEC APPROACHES ON MIAS-LCEC-TF70. THE BEST RESULTS ARE SHOWN IN BOLD TYPE

Fig. 8. We divided each point cloud into six equal parts and combined these segments to create point clouds with varying densities.

TABLE IV

QUANTITATIVE COMPARISONS OF OUR PROPOSED EDO-LCEC
APPROACH WITH OTHER SOTA TARGET-FREE APPROACHES

ON THE MIAS-LCEC-TF360. THE BEST RESULTS
ARE SHOWN IN BOLD TYPE

TABLE V

QUANTITATIVE COMPARISONS OF OUR PROPOSED EDO-LCEC
APPROACH WITH OTHER SOTA TARGET-FREE APPROACHES

ON THE NUSCENES DATASET. THE BEST RESULTS
ARE SHOWN IN BOLD TYPE

areas between LiDAR projections and camera images. This
impressive performance can be attributed to our proposed
DPCM, a powerful cross-modal feature matching algorithm.
DPCM utilizes structural and textural consistency to jointly
constrain correspondences matching on both spatial and tex-
tural pathways. This largely increases reliable correspondences
compared to DVL and MIAS-LCEC, thereby providing a more
reliable foundation for extrinsic parameter optimization.

3) Comparison With SoTA Approaches on nuScenes: Fol-
lowing the official split of nuScenes, we adopt the 150 test
scenes in the v1.0-test set to construct the evaluation data. The
experimental results, summarized in Table V, show that EdO-
LCEC significantly outperforms prior methods. We attribute
this improvement to the robust correspondences established by
DPCM. Although existing approaches obtain dense correspon-
dences from accumulated point clouds captured by solid-state
LiDARs, the accuracy of these correspondences is limited and
does not generalize well to unseen scenarios. The substantial
modality gap between LiDAR point clouds and camera images
further hinders prior methods from achieving high pose estima-
tion accuracy. Moreover, when applied to sparse point clouds
captured by mechanical LiDARs, these methods suffer a severe
degradation in performance, largely due to the pronounced
differences in feature density between LiDAR and camera data.
In contrast, our approach leverages cross-modal segmented
masks to bridge the modality gap. The corner points extracted
from these masks inherently encode reliable semantic informa-
tion, which is critical for effective correspondence matching.
DPCM not only increases the number of correspondences but
also improves their geometric distribution, making them better
suited for accurate pose estimation.

C. Ablation Study and Analysis

To evaluate the algorithm’s adaptability to incomplete and
sparse point clouds, we further segmented the already lim-
ited field-of-view point clouds from the MIAS-LCEC-TF360
dataset. Specifically, as shown in Fig. 8, we divide each point
cloud into six equal parts based on the recorded temporal
sequence of the points. By progressively combining these seg-
ments, we create point clouds with varying densities, ranging
from 1/6 (c1) to the full 6/6 (c6) density. The calibration results
presented in Fig. 6 show that EdO-LCEC achieves the smallest
mean er and et, along with the narrowest interquartile range,
compared to other approaches across different point cloud
densities. This demonstrates the stability and adaptability of
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TABLE VI

ABLATION STUDY OF STRUCTURAL AND TEXTURAL CONSISTENCY
ON THE 00 SEQUENCE OF KITTI ODOMETRY (MULTI-SCENE

OPTIMIZATION IS NOT USED). THE BEST RESULTS
ARE SHOWN IN BOLD TYPE

EdO-LCEC under challenging conditions involving sparse or
incomplete point clouds.

To validate the contribution of structural consistency and
textural consistency in DPCM, we conducted an ablation
study comparing their individual and combined effects. Multi-
scene optimization is not used in this ablation study to better
demonstrate the influence of the two consistencies. As shown
in Table VI, when both are used, the two components signif-
icantly improve calibration accuracy. Specifically, structural
consistency preserves local geometric features through mask-
guided alignment, while textural consistency evaluates visual
similarity around matched correspondences. Their combina-
tion enables DPCM to maintain robust matching performance
even in challenging scenarios with sparse or occluded point
clouds, which is a capability that existing methods (such
as DVL and MIAS-LCEC) struggle to achieve. Additionally,
MIAS-LCEC only compares the corner points within the
matched segmented mask, while EdO-LCEC not only consid-
ers the corner points of the matched mask but also includes
those of other unmatched masks. This allows EdO-LCEC to
achieve global attention when searching for potential available
matches when LiDAR frames are sparse.

Furthermore, we explore the contribution of the gener-
alizable scene discriminator as well as the multi-view and
multi-scene joint optimization. In this ablation study, the
algorithm’s performance is comprehensively evaluated on the
00 sequence of KITTI odometry and KITTI-360, both with and
without multi-view optimization (including both textural and
spatial perspective views) and multi-scene optimization. The
results presented in Table VII and VIII demonstrates that lack-
ing any of these components significantly degrades calibration
performance. In particular, calibration errors increase substan-
tially when only single-view calibration is applied, as it lacks
the comprehensive constraints provided by multi-view inputs.
Additionally, the joint optimization from multiple scenes sig-
nificantly improved the calibration accuracy compared to that
under only multi-view optimization. These results confirm
the advantage of incorporating spatial and textural constraints
from multiple views and scenes, validating the robustness and
adaptability of our environment-driven calibration strategy.

D. Comparison of Correspondence Matching

We present a comparison of correspondence matching
results in Fig. 9. The visualized results indicate that our

Fig. 9. Qualitative comparisons of correspondence matching.

method significantly outperforms other correspondence match-
ing algorithms employed in the comparison calibration
methods. Specifically, our approach yields substantially more
correct correspondences than ORB, DVL (which employs
SuperGlue for direct 3D-2D correspondence matching), and
C3M (the cross-modal mask matching algorithm provided by
MIAS-LCEC). This demonstrates the superior adaptability of
DPCM, particularly in scenarios involving sparse point clouds
with minimal geometric and textural information.

The ORB algorithm relies on the fast Harris corner detector
for keypoint extraction and employs a binary descriptor for
efficient matching based on Hamming distance. While ORB
performs well in image-to-image matching, it struggles with
cross-modal feature matching, especially in LiDAR-camera
integration scenarios. Conversely, while DVL and C3M per-
form adequately on dense point clouds such as those in
the MIAS-LCEC-TF70, they face significant challenges when
applied to the sparse point clouds in the KITTI odometry
and MIAS-LCEC-TF360. The narrow overlapping field of
view between LiDAR and camera in KITTI odometry creates
difficulties in identifying reliable correspondences, particularly
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TABLE VII

ABLATION STUDY OF MULTI-VIEW MULTI-SCENE JOINT OPTIMIZATION ON THE 00 SEQUENCE OF KITTI
ODOMETRY. THE BEST RESULTS ARE SHOWN IN BOLD TYPE

TABLE VIII

ABLATION STUDY OF MULTI-VIEW MULTI-SCENE JOINT OPTIMIZATION
ON THE 00 SEQUENCE OF KITTI-360. THE BEST RESULTS

ARE SHOWN IN BOLD TYPE

along the edges of the LiDAR field of view. This limitation
significantly reduces the matching accuracy of DVL. Similarly,
C3M, which restricts matching to corner points within aligned
masks, struggles with sparse point clouds and limited sensor
overlap.

Our proposed DPCM resolves these issues by incorporating
both spatial and textural constraints. Unlike C3M, which
treats mask instance matching as a strict constraint, DPCM
uses it as a prior, enabling the generation of denser 3D-2D
correspondences. This refinement significantly enhances the
robustness of the algorithm in sparse environments and
restricted fields of view, ensuring reliable calibration even
under challenging conditions.

V. CONCLUSION

In this article, we explore extending a new definition called
“environment-driven” for online LiDAR-camera extrinsic cal-
ibration. Unlike previous methods, our approach introduces
environmental observation to maintain optimal performance
across diverse and complex conditions. Specifically, we
designed a scene discriminator that can automatically observe
the calibration scene. This discriminator can guide cross-modal
feature matching by evaluating the feature density through
multi-modal features extracted by large vision models. By
leveraging structural and textural consistency between LiDAR
projections and camera images, our method achieves more
reliable 3D-2D correspondence matching. Additionally, we
modeled the calibration process as a multi-view and multi-
scene joint optimization problem, achieving high-precision
and robust extrinsic matrix estimation through multi-view

optimization within individual scenes and joint optimization
across multiple scenarios. Extensive experiments on real-world
datasets demonstrate that our environment-driven calibration
strategy achieves the state-of-the-art performance.
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