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Abstract— Cooperative LiDAR systems integrating vehicles
and road infrastructure, termed V2I calibration, exhibit sub-
stantial potential, yet their deployment encounters numerous
challenges. A pivotal aspect of ensuring data accuracy and
consistency across such systems involves the calibration of
LiDAR units across heterogeneous vehicular and infrastructural
endpoints. This necessitates the development of calibration
methods that are both real-time and robust, particularly those
that can ensure robust performance in urban canyon scenarios
without relying on initial positioning values. Accordingly, this
paper introduces a novel approach to V2I calibration, lever-
aging spatial association information among perceived objects.
Central to this method is the innovative Overall Intersection
over Union (oIoU) metric, which quantifies the correlation
between targets identified by vehicle and infrastructure systems,
thereby facilitating the real-time monitoring of calibration
results. Our approach involves identifying common targets
within the perception results of vehicle and infrastructure
LiDAR systems through the construction of an affinity matrix.
These common targets then form the basis for the calcula-
tion and optimization of extrinsic parameters. Comparative
and ablation studies conducted using the DAIR-V2X dataset
substantiate the superiority of our approach. For further
insights and resources, our project repository is accessible at
https://github.com/MassimoQu/v2i-calib.

I. INTRODUCTION

Perception systems are crucial for ensuring the safe and
effective operation of autonomous vehicles [1]. Vehicle-to-
infrastructure (V2I) cooperative systems can enhance the
reliability of perception systems in complex traffic scenarios
or adverse weather conditions by complementing vehicle-
end and road-end information [2]. Collaborative vehicle
and roadside LiDAR systems hold significant potential, yet
their realization faces numerous challenges, especially in the
calibration of sensor systems.

Calibration of LiDAR systems across heterogeneous ve-
hicle and infrastructure endpoints is a vital step to ensure
the accuracy and consistency of perception system data.
This requires high-precision synchronization and registration
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Fig. 1: Cooperative V2I LiDAR Calibration Schematic.

techniques to integrate LiDAR data from both vehicles and
infrastructure [3]. This not only involves complex technical
issues such as time synchronization, spatial alignment, and
data fusion but also necessitates real-time processing capa-
bilities in dynamic environments.

To tackle these challenges, the research community has
recently seen the emergence of novel approaches. These
methods have provided valuable insights into addressing the
issue of time synchronization in collaborative vehicle and
infrastructure LiDAR systems [4], [5], contributing to the en-
hancement of real-time data transmission and the accuracy of
data fusion [6]. Despite advancements in spatial alignment,
current calibration methods for vehicle-infrastructure coop-
erative systems typically require initial calibration values as
a prerequisite [7], [8], which can be unstable, especially
within city canyons. Moreover, existing studies [9] have
primarily focused on integrating collaborative calibration
methods into cooperative perception strategies, which, to
some extent, complicates the model’s interpretability. This
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approach makes it challenging to quantify whether spatial
alignment issues within the calibration process are ade-
quately addressed, which is crucial for further enhancing the
overall perception results.

A more focused study on LiDAR calibration in cooperative
V2X systems should concentrate on the fundamental issues
of point cloud registration. Registration can be classified into
same-source and cross-source types based on the similarity
of data collection devices, or into local and global types
depending on initial calibration values.

In essence, the calibration challenge for disparate vehicle
and infrastructure LiDAR systems broadly constitutes a
cross-source point cloud registration issue [10]. Furthermore,
to maximize the stability of calibration methods within urban
canyons, it is advantageous for global point cloud registration
to proceed without the necessity for pre-calibration initial
values.

Significant progress has been made in same-source point
cloud registration [11], [12], but cross-source registration still
faces challenges such as noise, outliers, and variations in
density and scale [13]. These challenges necessitate complex
computational solutions. Yet, vehicle-infrastructure systems
benefit from consistent types of traffic participants in their
scenarios, providing a stable foundation for data analysis.

Advancements in global point cloud registration, like those
proposed by [14]–[16], offer initial-calibration-free solutions
but demand high computational resources, making real-time
processing difficult. Current research is thus directed towards
developing efficient algorithms, like graph-based optimiza-
tion techniques [17], to reduce computational costs.

To sum up, existing approaches must balance the provision
of initial extrinsic values with computational efficiency. This
trade-off poses significant challenges for the practical deploy-
ment of calibration in V2I cooperative perception systems,
necessitating innovative solutions that can bridge the gap
between theoretical accuracy and real-world applicability.

This paper presents a novel calibration method for V2I
cooperative LiDAR systems. The method establishes an
affinity matrix for vehicular and roadside nodes based on
the innovative Overall Intersection over Union (oIoU) met-
ric, enabling the identification of shared perception targets
between vehicle and infrastructure endpoints. Subsequently,
it computes and refines the extrinsic parameters associated
with matched boxes.

The method offers several advantages. Firstly, the pro-
posed method does not require initial extrinsic parame-
ters and meets real-time operation requirements. Secondly,
it leverages common target information inherent to traffic
scenes, enhancing its generalizability. Furthermore, com-
pared to [10], it exclusively utilizes perception information
from target detection, resulting in lower computational com-
plexity and reduced data transmission costs, thereby offering
greater potential for practical application. Lastly, V2I-Calib
is designed with flexibility, having its components well
decoupled, which facilitates easy adaptation to meet specific
real-world requirements.

The innovations of this paper include:

1) We propose a calibration method for cooperative vehi-
cle and infrastructure LiDAR systems that thoroughly
exploits the spatial associations between perception
objects, characterized by its independence from initial
extrinsic parameter values and real-time capabilities.

2) We introduce the Overall Intersection over Union metric
(oIoU), which monitors the real-time calibration per-
formance of extrinsic parameters. Central to this, we
propose a method for constructing an affinity matrix for
vehicle-road nodes, encoding the correlation between
vehicular and roadside targets.

3) The effectiveness of our method is validated through
comparative and ablation experiments on the DAIR-
V2X dataset.

II. PROBLEM FORMULATION

Traditional point cloud registration methods typically seek
a rotation matrix R̂ and translation vector t̂ that transform
one point cloud P1 onto another P2 by minimizing their
discrepancy. Mathematically, this is articulated as finding the
minimum of an objective function F (P1,P2), where F is
usually a measure of distance between the point clouds:

(R̂, t̂) = argmin
R,t

F (P
(c)
1 ,RP

(c)
2 + t) (1)

However, in the context of vehicle-infrastructure (V2I)
cooperation, the point clouds from the vehicle and infras-
tructure inherently exhibit significant discrepancies, to which
the traditional methods may not be directly applicable. In
response, this paper introduces an object-aware method. The
main concept is to exploit the spatial information of percep-
tion objects shared between the vehicle and infrastructure.

Specifically, let B(veh) denote the set of perception objects
from the vehicle, and B(inf) those from the infrastructure.
Our objective is to identify the common perception object
set B(c), comprising the common targets detected by both
systems. Mathematically, the common detection box set is
expressed as:

B(c) = B(veh) ∩ B(inf) (2)

After extracting common perception objects from the
original point cloud, we transform these objects into feature
point clouds, denoted as P(c). This transformation involves
mapping the vertices of the perception objects into point sets,
a process facilitated by the function Vertices(·). Specifically,
the vertices of each detection box Bi are extracted and
merged to form the complete feature point cloud:

P(c) =
⋃

Bi∈B(c)

Vertices(Bi) (3)

This transformation yields a well-characterized feature
point cloud, which can then be processed within the frame-
work of classical point cloud registration algorithms, as
formulated in Equation (1). Upon obtaining the rotation
matrix R̂ and translation vector t̂, these are integrated to
produce the optimal extrinsic parameter result T̂.
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Fig. 2: V2I-Calib Workflow. The process initiates with perception objects from vehicle and infrastructure, forming an affinity
matrix using Core and Other affinity. Matching algorithms then identify common objects across both ends, facilitating the
calculation and optimization of extrinsic parameters.

T̂ =

[
R̂ t̂
0T 1

]
(4)

By employing the point cloud registration method based
on common perception objects, we can effectively tackle the
challenges of cross-source point cloud registration in V2I
cooperative scenarios. The crux of the issue now becomes
how to identify the common detection box set B(c) and
then fine-tune the extrinsics, which will be elaborated in
subsequent chapters.

III. METHODOLOGY
In this study, we introduce a novel vehicle-infrastructure

LiDAR calibration method (V2I-Calib), the overall workflow
of which is illustrated in Figure 2.

A. Affinity Formulation

In this section, we explore the development of affinity
measures critical to the vehicle-infrastructure cooperative
LiDAR calibration framework. By creating a detailed affin-
ity function, we effectively assess the alignment between
vehicle-side and infrastructure-side perception objects, es-
sential for the next matching module. The challenges include
differing coordinate systems for perception objects and the
randomness in cross-source point cloud data, complicating
the identification of shared versus unique detection objects.
We address these challenges using a hypothesized matching
pairs strategy and the Overall Intersection over Union met-
ric(oIoU). We’ll discuss the formulation of affinity measures
in two parts: core affinity and additional affinities.

1) Core Affinity: This section outlines the formulation of
Core Affinity by evaluating scene matching scores using
the Overall Intersection over Union (oIoU) metric, which
measures the extent of scene congruence based on detection
box pairs from both vehicle and infrastructure sources:

oIoU =
1

max(m,n)

m−1∑
i=0

n−1∑
j=0

IoU3D(B(inf)
i ,B(veh)

j ) (5)

IoU3D(A,B) = Vol(A ∩ B)
Vol(A ∪ B)

(6)

In this model, m and n are the counts of 3D detec-
tion boxes by the infrastructure and vehicle, respectively.
IoU3D(·) calculates volumetric overlaps in 3D space, where
Vol(·) denotes the volumetric overlap between two 3d de-
tection boxes. oIoU advances beyond traditional IoU by
incorporating positional relationships among boxes, thus
providing a comprehensive evaluation of spatial alignment.

Building upon this foundation, the process of constructing
Core Affinity, as illustrated in Figure 3, employs the concept
of hypothetical matching pairs to define the feasible range
of extrinsic parameters search between the vehicle and the
infrastructure, as per the method outlined in [18]. The
oIoU metric is then applied to assess the quality of spatial
alignment for the corresponding extrinsic parameters of these
tentative vehicle-infrastructure matching pairs.

2) Additional Affinity Calculation: Beyond the core affin-
ity, this section delves into additional affinity metrics aimed
at bolstering the precision and durability of the matching
process. One such metric is category affinity, which evaluates
the congruence of categories between detection boxes on
the vehicle and infrastructure sides in the assumed match-
ing pairs. This consideration is pivotal in diminishing the
computational demands associated with core affinity, by
ensuring that only detection boxes of matching categories
are compared, thereby streamlining the matching process and
enhancing its efficiency.

Furthermore, affinities such as size affinity, tracking ID
affinity, angle affinity, and length affinity from VIPS [8],
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Fig. 3: SVD-based extrinsic parameters are computed using
selected 3D detection boxes from vehicle (green) and infras-
tructure (red) as assumed matching pairs [18]. The scene is
transformed and merged to assess scene affinity via the oIoU
metric.

as well as appearance affinity from DeepSORT [19], can
serve as supplements specific to scenarios to enhance the
calibration stability of vehicle-infrastructure LiDAR systems
in environments where shared objects are sparse.

In general scenarios, a combination of Core Affinity and
Category Affinity proves to be effective, as demonstrated in
section IV.

B. Affinity Matrix Formulation and Matching

This module constructs an affinity matrix from vehicle
and infrastructure detection boxes, treating them as nodes
within weighted graphs Gveh and Ginf. This setup transforms
the matching problem into a graph matching problem [20],
often modeled as a quadratic assignment problem (QAP)
[21], involving vertex affinity matrix Kp and the edge affinity
matrix Kq .

Due to the NP-Hard nature of QAP and its high com-
putational demand, we simplify the problem to a linear
assignment format by integrating Kp and Kq into a single
affinity matrix A:

A(i, j) = α ·Kp(i, j) + β ·
∑

u∈E(i),v∈E(j)

Kq(u, v) (7)

Here, E(i) represents the set of all edges connected to
node i. The parameters α and β are the adjustment factors
for the vertex affinity Kp(i, j) and edge affinity Kq(i, j),
respectively, and are empirically set to 0.5. The summation
aggregates the edge affinities to complement the vertex
affinity in the matrix A.

With affinity matrix A, the Hungarian method [22] effi-
ciently finds optimal matches in polynomial time while re-
ducing computational complexity, suitable for the dynamics
of vehicle-infrastructure collaboration.

C. Extrinsics Resolution and Optimization

The objective of this section is to compute extrinsic param-
eters from matched detection box pairs and to ensure their
accuracy, addressing two primary challenges: the unknown

correspondence of point pairs within the boxes, influenced by
the rotation matrix of the extrinsics, and the ill-posed nature
of calibration that requires a good initial estimate to balance
accuracy with computational cost.

After obtaining B(c), we derive the feature point clouds
P(inf) and P(veh) using Equation (3), transforming the initial
cross-source point cloud calibration challenge into a stan-
dardized point set registration problem.

A naive extrinsic parameter calculation method provides
an initial value [18], which is optimized to derive the optimal
parameters [23], [24].

IV. EXPERIMENT
A. Evaluation Metrics

The core metrics for experimental evaluation include Rela-
tive Rotation Error (RRE), Relative Translation Error (RTE),
and Success Rate.

Relative Rotation Error (RRE): Measures the accuracy
of the rotation component in the calibration result, i.e., the
angular difference between the estimated rotation matrix Re

and the ground truth Rt .

RRE = arccos

(
tr(∆R)− 1

2

)
(8)

∆R = R−1
t Re (9)

Relative Translation Error (RTE): Evaluates the accu-
racy of the translation vector in the calibration result, i.e., the
distance difference between the estimated translation vector
te and the ground truth translation vector tt.

RTE = ||tt − te||2 (10)

Success Rate: Defined as the proportion of successfully
completed calibration tasks within a preset error threshold,
reflecting the method’s robustness and reliability. Following
the criteria in [8], we consider RTE < 2m as the determinant
criterion.

These metrics can provide information on the adaptability
and stability of the method across different scenarios.

B. Datasets

In this study, we conducted experimental validation using
the DAIR-V2X dataset [25], which encompasses a wealth of
data collected from Vehicle-Infrastructure Cooperative Au-
tonomous Driving (VICAD) scenarios, including vehicular
and infrastructural LiDAR data along with their 3D box
annotations. The specifications of the vehicular and roadside
LiDAR systems are presented in Table I. The outcomes of
the experimental scenarios are illustrated in Figure 5.

TABLE I: Specifications of LiDAR Equipment

Parameter Roadside LiDAR Vehicle LiDAR

LiDAR Points 300 lines 40 lines

Horizontal Field of View 100° 360°

Max Detection Range 280 meters 200 meters
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C. Experimental Settings

This section describes a systematic performance evaluation
of the proposed method, which is conducted through compar-
ative experiments and ablation studies.All experiments were
performed on an experimental platform equipped with an
Intel i7-9750H CPU.

1) Contrast Experiment: The comparative experiments
assessed the performance of the proposed method against
other well-performing, global registration methods [15]–[17].

TABLE II: Comparative Results of Different Methods.

Dataset
Difficulty Methods RRE(°) RTE(m) Success

Rate(%)
Time

(s)

easy group

FGR [15] 0.98 0.93 59.8 22.23
Teaser++ [16] 0.99 0.93 60.4 22.74
Quatro [17] 1.05 1.04 49.5 23.37
V2I-Calib 0.68 0.56 96.8 0.21

hard group

FGR [15] 1.15 1.11 24.8 15.17
Teaser++ [16] 1.17 1.10 25.7 14.79
Quatro [17] 1.23 1.21 19.2 16.67
V2I-Calib 1.92 1.67 71.8 0.15

As indicated in Table II, it is evident that the best
current global registration methods struggle with the time
complexity required for real-time processing when facing
large-scale point clouds such as those in the DAIR-V2X
dataset. Although these methods achieve near 50% success
rate and obtain reasonably accurate initial calibration values
on the dataset, they lack practical applicability. In contrast,
the proposed V2I-Calib method significantly outperforms
existing global point cloud registration algorithms in terms
of runtime and achieves considerably higher accuracy in
simple scenarios with lower complexity. In hard groups with
more occlusions, the precision of our method is impacted
due to the lower accuracy of detection results. Notably, the
running times for the methods in the more challenging group
are generally lower than those in the simpler group, which
is attributable to the fewer shared targets in hard scenes,
reducing the computational load.

2) Ablation experiment: In this section, we aim to validate
the effectiveness of the core affinity formulation module
presented in Section III-A and the extrinsic parameter opti-
mization module discussed in Section III-C through a series
of ablation studies.

TABLE III: Methods Composition Of Different Strategies.

Method Affinity Construction Extrinsic Optimization

V2I-Calib-v3 Length and Angle [8] Yes
V2I-Calib-v2 Core and Category No
V2I-Calib-v1 Core and Category Yes

As indicated in Tables III and IV, the core affinity
formulation module introduced in this study significantly
enhances robustness, evidenced by a 20% increase in suc-
cess rates when comparing V2I-Calib-v1 with V2I-Calib-
v3. Furthermore, the inclusion of the extrinsic parameter

TABLE IV: Ablation Study On Methods With Different
Strategies

Dataset
Difficulty Methods RRE(°) RTE(m) Success

Rate(%)
Time

(s)

easy group
V2I-Calib-v3 0.95 0.79 80.3 0.32
V2I-Calib-v2 0.98 0.62 50.0 0.18
V2I-Calib-v1 0.68 0.56 96.8 0.21

hard group
V2I-Calib-v3 2.69 2.37 57.2 0.28
V2I-Calib-v2 1.93 1.82 53.4 0.14
V2I-Calib-v1 1.92 1.67 71.8 0.15

Fig. 4: Ablation Comparison of Affinity Strategies. Strategy
1 combines core and category affinities; Strategy 2 uses
core affinity alone; Strategy 3 combines angle and category
affinities; Strategy 4 integrates length with category affinities.

optimization module, as evaluated through a comparison
of V2I-Calib-v1 and V2I-Calib-v2, substantially improves
calibration precision and success rates.

The superiority of the proposed affinity metrics was val-
idated against category, angle, and length affinities, detailed
in [8]. The results, depicted in Figure 4, show that Strategy
1 (core affinity combined with category affinity) not only
achieves higher success rates and accuracy but also reduces
computational time significantly compared to Strategy 2
(core affinity alone), especially in challenging scenarios.

Regarding the Strategy 3 (angle affinity with category
affinity) and Strategy 4 (length affinity with category affinity)
extended from [8], these strategies were originally designed
for scenarios assisted by positional information. However,
experimental results show that they are somewhat appli-
cable in scenarios without initial extrinsic parameter val-
ues, although their performance significantly decreases in
challenging settings. Upon further analysis of the scenarios
where these strategies failed, we observed that most of these
scenarios involved extrinsic parameters with relatively large
absolute values, aligning with the limitations inherent in their
initial design rationale.

V. CONCLUSIONS

This study introduces V2I-Calib, a calibration algorithm
tailored for vehicle-infrastructure cooperative LiDAR sys-
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(a) Ideal Scenario (b) Challenging Scenario (c) Complex Scenario (d) Complex Scenario

Fig. 5: Comparative Calibration Results Across Diverse Scenarios: (a) Accurate alignment of vehicle and infrastructure
detection boxes. (b) Calibration errors due to small-sized detection boxes. (c, d) Good and Suboptimal calibration results
combining multiple detection boxes, respectively.

tems. Unlike existing techniques, it does not require initial
external parameters, enhancing stability in practical applica-
tions. Additionally, V2I-Calib satisfies real-time performance
criteria, setting it apart from currently effective global point
cloud registration methods.

Future research will focus on integrating temporal syn-
chronization tasks to enhance practicality, alongside incor-
porating 2D bounding box data to improve multi-sensor
fusion calibration. As the technology evolves, the V2I-Calib
framework is expected to adapt to broader applications,
enhancing the safety and reliability of autonomous driving
systems.
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