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Abstract— Recently, deploying sensors such as LiDARs on the
roadside to monitor the passing traffic and assist autonomous
vehicle perception has become popular. However, unlike
autonomous vehicle systems, roadside sensor systems involve
sensors from different subsystems, resulting in a lack of synchro-
nization in both time and space between the sensors. Calibration
is a critical technology that enables the central server to fuse
data generated by different location infrastructures, which vastly
improves sensing range and detection robustness. Regrettably,
existing calibration algorithms frequently assume that LiDARs
have significant overlap or that temporal calibration has already
been achieved. However, since these assumptions do not always
hold in real-world scenarios, the calibration results obtained from
existing algorithms are frequently unsatisfactory. In this paper,
we propose TrajMatch - the first system that can automatically
calibrate roadside LiDARs in both time and space. The main
idea is to automatically calibrate the sensors based on the result
of the detection/tracking task, rather than relying on extracting
special features. Furthermore, we propose a novel mechanism for
evaluating calibration parameters that align with our algorithm,
and we demonstrate its effectiveness through experiments. This
mechanism can also guide parameter iterations for multiple
calibrations, further enhancing the accuracy and efficiency of
our calibration method. Finally, to evaluate the performance
of TrajMatch , we collected two datasets, one simulated dataset
LiDARnet-sim 1.0 and one real-world dataset. The experimental
results show that TrajMatch can achieve a spatial calibration
error of less than 10cm and a temporal calibration error of less
than 1.5ms.

Index Terms— Roadside traffic monitoring, spatiotemporal
calibration, trajectory matching.

I. INTRODUCTION

IT has become a recent trend to have smart traffic systems
involve cameras/LiDARs at important locations especially

at busy intersections to closely monitor the traffic for improved
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Fig. 1. An example deployment of the roadside traffic monitoring system.
The point clouds from the two LiDARs diagonally deployed in a 4-way
intersection.

traffic flow, driving safety, and energy efficiency [1]. Specif-
ically, LiDARs are increasingly deployed for such purposes
due to their ability to provide accurate ranging information
that is particularly important for traffic monitoring. To address
the issue of single LiDAR obstruction(such as in Figure 5)
and enhance the accuracy [2] and sensing range of traffic
scenes [3], it has become a common practice to deploy
multiple LiDARs in a collaborative manner. This approach
also helps to improve the system’s robustness and redundancy.
We show an intersection scene in Figure 1, where intelligent
roadside infrastructures equipped with computing and sensing
units capture real-time environment data and perform neces-
sary calculations such as detection and tracking, finally, they
will transfer the data to a smart traffic server(STS), where their
data will be fused.

This work addresses the problem of spatio-temporal calibra-
tion for sensors installed on the infrastructure, which allows
for the effective integration of data from multiple LiDARs
at various locations, thereby providing a more comprehensive
traffic overview.

We note that there are few studies on calibrating roadside
multiple LiDARs. [4] Although there exist some methods to
calibrate LiDARs, they don’t work for roadside because of
their own limitations. For the space dimension, most studies
have focused on the calibration of the two sensors in space,
and assumed that the time between sensors has been synchro-
nized [4], [5], [6]. There are mainly two types of methods
of space calibration, target-based, and targetless-based. The
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target-based methods require identifiable objects (such as
checkerboards, polygonal boards, and apriltags), and estimate
the relative pose between sensors by aligning the target posi-
tions observed on each sensor [5], [7], [8]. These methods
require pricey and lengthy manual operations, and cannot
be applied to large-scale deployment. As for the targetless
methods, they usually extract the features from the environ-
ment, and then match the features based on their similarity to
construct the constraints required for calibration. The methods
of feature extraction face two common challenges in road-
side scenarios: 1. Road-side point clouds are relatively sparse,
making it difficult to extract geometric features; 2. In traffic
scenes, there are many repeated structures, which makes
feature matching difficult [9].

For the time dimension, other studies mainly discussed the
problem of asynchronous timestamps caused by different fre-
quencies between different sensors [10], [11]. Reference [12]
considers the problem of time offset between the camera and
the radar.

With the above challenges in mind, this paper proposes
TrajMatch - the first system that can automatically calibrate
LiDARs on the roadside both temporally and spatially. The
primary concept is to use trajectory information of moving
objects, provided by the point cloud-based object detec-
tion/tracking module, to identify correspondences between
trajectories captured by different LiDARs.

The main contributions of this paper are as follows:
1) We propose TrajMatch , the first system that can auto-

matically achieve accurate spatio-temporal calibration
for roadside LiDARs. The algorithm uses the results of
the object detection/tracking module to perform LiDAR
calibration, without extracting special features for the
calibration task separately.

2) We propose a continuous calibration method that can
continue to refine the calibration as cars pass by.
In particular, our system is able to self-assess the
quality of each calibration session and integrate the
well-performed sessions to improve the calibration accu-
racy continuously.

3) Our system can achieve centimeter-level spatial cali-
bration accuracy as well as millisecond-level temporal
calibration accuracy without relying on any external
information about the deployment configuration and the
environment.

II. RELATED WORK

The spatio-temporal calibration of roadside LiDARs faces
several important technical challenges due to the properties of
the system deployment. Below we explain the challenges in
detail.

A. Spatial Calibration

Most studies focus on calibrating two sensors in space
and assume that the two sensors are synchronized in time.
However, even for spatial synchronization only, there are still
problems.

Fig. 2. Typical deployment scenarios for roadside traffic monitoring:
(a) a 4-way intersection, (b) a 3-way intersection, and (c) a sidewalk.

The first challenge we face is that there are usually
significant differences in the positioning between LiDARs.
Figure 1 shows a scenario of roadside deployment of multiple
LiDARs. In this case, the width of the 4-way intersection is
60m. In Figure 2 we enumerate three deployment scenarios:
(a) a 4-way intersection; (b) a 3-way intersection; (c) a side-
walk. In these scenarios, there are significant transformations
among the LiDARs. The ICP [13] is the most commonly used
method for space calibration and has many variants, but these
algorithms are heavily dependent on close initial guess for the
unknown transformation. NDT [14] is a method that represents
point clouds by a set of Gaussian distributions for quick
alignment. But similar to ICP, NDT also highly depends on
initial guess between two point clouds [15]. These algorithms
can work well for scenarios where there is a relatively small
transformation between consecutive frames, such as in SLAM,
but may not be suitable for roadside scenes.

Another issue is that when a LiDAR is installed on the
roadside, its sensing range becomes very large, resulting in
extremely sparse point clouds that make it difficult to extract
local features such as lines and surfaces. Even an 80-line
LiDAR with high line density has a sensing range of only
160m * 160m, and the point cloud is still very sparse.
Many existing calibration methods rely on discriminative
hand-crafted features in the environment such as curves [16],
intersection lines [17], and adaptive covariance [18]. However,
it is hard to find these features in scenarios where LiDAR
sensors are installed on the side of the road, making these
methods not applicable in such cases.

Furthermore, there are some target-based methods, such as
ordinary boxes [7], apriltags [5], and reflective conical [19].
But these methods require a significant amount of manual
effort, which is not feasible for large-scale deployment in
roadside systems.

B. Temporal Calibration

Regarding the time aspect, other researchers have mainly
focused on the problem of temporal synchronization caused by
the different sampling frequencies of sensors. Reference [10]
considered the synchronization between the camera and the
LiDAR. Reference [11] proposed a multi-threaded time syn-
chronization method that stores the data in a buffer and
updates it in real time. Reference [20] employed an algorithm
combining Kalman filtering and Lagrangian interpolation to
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Fig. 3. Framework of our TrajMatch system. In this paper, we exploit a system for performing spatio-temporal calibration for roadside LiDARs. Our system
takes LiDARs detection and tracking results as input, and consists of the following main modules: (1) motion feature extraction (local), (2) semantic feature
matching (middle), (3) iterative optimization (global), and (4) continuous calibration. Finally, we propose a strategy to adjust the errors over continuous
calibration.

achieve temporal synchronization between the data from the
two sensors.

In roadside systems, another key issue is that sensors are
affiliated with different systems and work separately, operating
on different timelines, resulting in data from each sensor at
the same timestamp being offset by several seconds [21].
Reference [12] used a motion-fitting method to solve the
problem of time synchronization between the camera and the
millimeter-wave radar.

III. SYSTEM OVERVIEW

The spatio-temporal calibration between roadside LiDARs
intends to obtain the transformation parameters between
LiDARs and align their timelines. Given the detection/tracking
results from the point clouds, our task is to find a suitable
transformation that facilitates the fusion of the data from
different LiDARs coherently. Our system supports two data
fusion modes. First, once calibrated, the raw point clouds can
be directly merged to form a unified point cloud. Second,
the transformation calculated by our algorithm can also sup-
port fusing the high-level information, such as the features
extracted by deep learning models, or even the object list
and their trajectories. The fusion of raw point clouds can
maximally retain the information, which may potentially lead
to fine-grained enhancements such as point cloud segmenta-
tion. However, this fusion method requires expensive hardware
support, especially in terms of network communication. Tak-
ing the RS-Ruby_Lite as an example, that outputs around
1, 440, 000 points per second, and around 30M of point
cloud data are generated per second. As a result, in this
work, we take the second approach and fuse the object-level
information, which is a practical and effective approach given
today’s infrastructure capability.

Towards this goal, we propose TrajMatch whose framework
is shown in Figure 3. Our calibration method does not assume
any initial state of the system, neither the transformation
parameters nor the time deviation between LiDARs. As a
stateless system, we align the LiDARs both spatially and
temporally at the same time, by going through an efficient iter-
ative optimization process – matching the object’s positions,
calculating the transformation parameters accordingly, and
then aligning the trajectories with the parameters. We strive
to make progress in each step, and in an iterative fashion
converge to the optimal state.

IV. SPATIO-TEMPORAL SYNCHRONIZATION METHOD

As shown in Figure 3, TrajMatch consists of the three
main steps: (i) point cloud based trajectory generation, (ii)
trajectory motion feature extraction, (iii) semantics aware
position matching, (iv) iterative optimization based calibration,
and a method to further improve the success rate through
continues calibrations. Below we discuss these steps one by
one, using the calibration of two LiDARs as the running
example.

A. Problem Formulation

First of all, we formally define the LiDAR spatio-temporal
calibration problem. We suppose P = {p1, p2, p3, . . .} and
Q = {q1, q2, q3, . . .} are two groups of 4D point clouds with
time dimension [22]. Points in P and Q have similar forms:

pi =
{

x p
i , y p

i , z p
i , t p

i
}
, q j =

{
xq

j , yq
j , zq

j , tq
j

}
, (1)

where x , y, and z represent the coordinates of the three
dimensions in their respective coordinate systems, and t is
the timestamp. Especially, before calibration, P and Q have
different coordinate systems. For example, the x axis of P
may correspond to the y axis of Q. Additionally, there may
be a certain deviation in the time dimension t for the point
clouds collected at the same time.

In this work, we define the problem in the 4D space, for a
point p =

[
x, y, z, t

]T , the coordinate transformation can be
defined as:

p′
=

[
R3 0
0 1

]
×


x
y
z
t

 +


dx
dy
dz
dt

 = R × p + T, (2)

where dt represents the offset in time, and R and T denote
the rotation matrix and the translation vector between LiDARs,
respectively.

The spatio-temporal calibration problem for two 4D point
clouds P and Q can be described as:

R, T = arg min
R,T

1
|P|

|P|∑
i=1

∥pi − (R × qi + T )∥2, (3)

where pi and qi are the corresponding points in the P and Q.
In this way, we transform the LiDAR calibration problem

into an optimization problem in which we try to find the

Authorized licensed use limited to: University of Science & Technology of China. Downloaded on August 09,2025 at 13:58:23 UTC from IEEE Xplore.  Restrictions apply. 



12552 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 24, NO. 11, NOVEMBER 2023

Fig. 4. An example detection and tracking result from two adjacent
point cloud frames. The detection algorithm is responsible for outputting the
bounding box of the object, and the tracking algorithm is responsible for
correlating the objects across frames. We use the same color to represent the
same object, and we annotate mistakenly detected objects with red boxes.

rotation parameter R and the translation vector T , with the
objective of minimizing the matching error between the data of
the two LiDARs in both time and space. We call the collection
of R and T as the system’s transformation parameters.

B. Point Cloud Based Trajectory Generation

Different from the calibration algorithms that use raw point
clouds as input, we use the point cloud detection/tracking
results over a period of time T . We note that the choice of T
should be aware of the time offset between the two LiDARs.

As soon as LiDAR generates a point cloud frame, 3D object
detection is performed. Many point cloud based detection
algorithms have been proposed recently, such as point-based
algorithms in [23] and voxel-based algorithms in [24]. These
detection algorithms identify each object, classify it into
one of the traffic participant categories such as cars, trucks,
pedestrians, bicycles, etc., and estimate its 3D bounding
box. Figure 4 gives an example point cloud frame and
the objects detected from the frame using the PointPillars
algorithm [25].

After performing object detection on each frame, we then
perform the multi-object tracking (MOT) task to associate
each object’s positions across frames to obtain the move-
ment trajectory. In this work, we engage the AB3DMOT
algorithm [26], [27] to calculate the trajectories. Figure 4
shows an example association results from two adjacent point
cloud frames, in which we use the same color to denote the
same car in these two frames.

Here, the detection and tracking tasks constitute the prepro-
cessing step for our TrajMatch system.

C. Trajectory Motion Feature Extraction

Firstly, We follow the discussion in [28] to give the math-
ematical definition of the trajectory.
A trajectory (T R) is a chronologically ordered sequence
of 3D position coordinates of an object within a certain
period of time, representing the motion information of an
object, which is denoted by T R = {P0, . . . , Pi , . . . , Pn} (1 ≤

i ≤ n). Here, Pi is the position of the object at time
ti , where each position consists of a spatial coordinate set
and a time stamp such as Pi = (xi , yi , zi , ti ). To be more

precise, position Pi corresponds to the object’s center coor-
dinate ((xi , yi , zi )) detected from point cloud frame fi that
is captured at time ti . Furthermore, we call a set of tra-
jectories a LiDAR detects a trajectory database (T D), with
T D = {T R1, T R2, T R3, . . . , T Rm}, where m is the number
of objects that are detected.

Next, we extract suitable features for trajectories, which
should accurately describe the object’s motion pattern on
the trajectory. Considering that a trajectory consists of a list
of positions, we choose to extract motion features for each
position to capture a more fine-grained motion pattern. When
choosing the features, we need to take into consideration the
following factors. First of all, there exists an unknown coordi-
nate transformation, the features need to be rotation-invariant
and translation-invariant. This means the feature extracted by
the algorithm should be consistent, regardless of how the
coordinate is rotated and translated.

Therefore, we use the velocity and curvature information at
each position, both rotation-invariant, to describe the motion at
that position. Suppose a trajectory is composed of n positions.
Then a trajectory’s feature vector thus consists of n velocity
features and n curvature features.

1) Velocity: The velocity is an important feature for dis-
criminating the mobility pattern. First, we note that the mean
speed alone (as in [29]) is insufficient for this purpose. For
example, one car may travel at a constant speed throughout
the entire journey, while another car may experience changes
in speed, such as acceleration, deceleration, and stops, during
the journey. As a result, we engage both the mean and variance
of the velocity here.

For a trajectory T R = {P0, P1, P2, . . . , Pn}, we can get
a sequence of velocities {v0, v1, . . . , vn−1} for the trajectory
positions, with vi = dis(Pi , Pi + 1)/(ti+1 − ti ). Then the
velocity feature V (Pi ) = {αi , σi } for position Pi can be
calculated as:

α(Pi ) = v̄ =
1

2m

j=i+m−1∑
j=i−m

v j ,

σ 2(Pi ) =
1

2m

j=i+m−1∑
j=i−m

v j − v̄2,

where m is a hyper-parameter to balance the detection/tracking
noise. For example, if the trajectory obtained from the tracker
has significant noises, selecting a small m likely leads to large
errors in the feature estimation.

2) Curvature: The curvature characterizes the angle of a
trajectory at a certain location. Suppose there are three con-
secutive positions: Pi−1, Pi , Pi+1. The curvature at position
Pi is calculated as:

c(Pi ) = cosθ =

−−−−→
Pi Pi−1 ·

−−−−→
Pi Pi+1∣∣∣−−−−→

Pi Pi−1

∣∣∣ ∣∣∣−−−−→
Pi Pi+1

∣∣∣ , θ ∈ (0, π), (4)

where θ denotes the angle between the two segments
−−−−→
Pi−1 Pi

and
−−−−→
Pi Pi+1. We note that the smoother the trajectory is at

position Pi , the closer θ is to π , and the smaller c(Pi ) is.
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D. Semantics Aware Position Matching

In this step, we establish the correspondences between
two positions from different trajectories. First, we obtain the
matching relationship of a series of positions based on the
information of the position itself, and then we will consider
the distribution of its neighbors to remove erroneous matches.

1) Motion-based Position Matching: we utilize the
Euclidean distance to measure the distance between two
position motion features. The distance between features
A = {cA, αA, σA} and B {cB, αB, σB} is calculated as:

d(A, B) = λc |cA − cB | + λα |αA − αB | + λσ |σA − σB | ,

(5)

where the values of λc, λα, λσ can be adjusted to give dif-
ferent weights to each of the features attributes. For example,
between the velocity mean and variance, the variance σ is
more susceptible to noises. When the detection/tracking noise
in the system is higher than a threshold, we can reduce λσ to
lower its weight.

Based on the above distance calculation, we next per-
form motion-based position matching. Suppose we have two
LiDARs at an intersection, one with trajectory database P and
the other Q. Then for each position pi ∈ P , we find the closest
position q j in Q. If the d(pi , q j ) < dth , we add the (pi , q j )

pair to the matched set.
By going through the position matching algorithm,

we obtain a large number of position pairs in which a position
may have several matches. However, we find that many of
these pairs are actually “false” matches. False matches can
happen for the following reasons. Firstly, restricted by traffic
rules, the speed and direction of movement of vehicles are
mostly similar. Secondly, limited by the vehicle kinematics
model, the speed and curvature of the vehicle usually change
slowly [30], especially compared to the LiDAR sampling
rate. Thirdly, there are errors in point cloud detection/tracking
algorithms. All these reasons attribute to the high false match
ratio.

As an example, in a typical scenario with 2 LiDARs
deployed at a 4-way intersection (see Figure 1), we obtain
875 matched position pairs, among which, only at most
175 pairs are actually valid.

2) Semantics Aware Position Matching: We argue that a
large number of false matches can be filtered out if we take
into consideration the semantic information of the object,
which has been generated in the earlier object detection and
tracking tasks. In this work, we propose to explore the addition
of semantic information to enhance our position matching:

• Mutually Nearest Neighbor. This is a simple observation.
If positions Pa ∈ T Da and Pb ∈ T Db are a true match,
then Pa is the closest to Pb in T Da , and Pb is the closest
to Pa in T Db.

• Bounding Box Similarity. If positions Pa ∈ T Da and
Pb ∈ T Db are a true match, then their associated object
bounding boxes (generated by the detector) should be
similar to each other, including the box length, width,
and height.

• Neighbor Count Similarity. If positions Pa ∈ T Da
and Pb ∈ T Db are a true match, then the number of
neighboring objects within a certain area is the same.

• Neighborhood Distribution Consistency. If positions Pa ∈

T Da and Pb ∈ T Db are a true match, the distribution of
the surrounding positions is similar and remains so in
the adjacent frames. Based on this, we can construct a
time-domain histogram to capture the distribution.

With this semantic information taken into consideration,
we can effectively filter out false matches. In the same example
discussed above, the ratio of true matches increases from
22% to 61% after filtering.

E. Iterative Optimization Based Calibration

Next, we considered the overall distribution of the data and
employ an iterative approach (similar to ICP [13]) to optimize
the position matches and to achieve accurate calibration at
the same time. The optimization approach involves three
main operations: position matching, transformation parameter
calculation, and trajectory matching. Namely, our optimization
works as follows:

1) S1: Transformation Parameter Calculation. As dis-
cussed in Sec. II, with a list of matched position pairs
as the geometry constraints, we can calculate the trans-
formation parameters by solving Eqn. 3. Then the key
to correct transformation parameters is to have a set of
accurately matched position pairs.

2) S2 : Trajectory Matching. Based upon the transfor-
mation parameters, we can convert each position’s
coordinates into a common system. With each position
under the common coordinate system, we can now
calculate the distance between two trajectories. In par-
ticular, we can obtain the matched trajectory pairs from
matched position pairs and the trajectory information
from the tracker. Meanwhile, we can also calculate the
distance between matched trajectories. If this distance
has become lower than the preset threshold, then we
have achieved satisfactory calibration results and can
terminate the optimization process.

3) S3 : Position Matching. With the matched trajectory
pairs and each trajectory’s position sequence, we can
further refine our matched position pairs by adding
missed matches and removing false ones. Then we
go back to S1, and continuously optimize until the
distances between the matched trajectories are small
than a threshold or the iteration exceeds the maximum
number of times.

F. Continuous Calibration

After discussing our calibration process, we next discuss
how the system assesses the calibration effect and how we
combine the effect of multiple calibrations. As such, we can
achieve continuous calibration for the roadside LiDARs.

Suppose our calibration results give the transformation
parameters τ = (R, T ).

In an actual system, we perform LiDAR calibration at a
certain frequency. For example, we can perform calibration
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as soon as an object is detected, or every k objects. In this
process, we keep the current transformation parameters τt with
a certain score st . In addition, suppose the latest calibration
process gives τt−1 and st−1.

Then we adjust the transformation parameters as to achieve
continuous calibration:

τ =
st−1

st−1 + st
× τt−1 +

st

st−1 + st
× τt . (6)

V. PERFORMANCE EVALUATION

In order to thoroughly evaluate TrajMatch , we collect
a simulated dataset LiDARnet-sim 1.0 and a real-world
dataset. The details of the dataset can be found in Section
V-A. We define the evaluation metrics in Section V-B. In
Section V-C, we show the evaluation results.

A. Evaluation Dataset

To validate the proposed method, we build two datasets, one
real-world and one simulated.

1) LiDARnet-sim 1.0 : Since there is no public dataset to
support the research on roadside LiDAR calibration, we con-
struct LiDARnet-sim 1.0 using the CARLA [31] and SUMO
[32] co-simulation platform. Utilizing a simulated dataset
offers several advantages. Firstly, it provides ground truth
information such as the translation of LiDARs and object
detection/tracking information, which is crucial for the accu-
rate evaluation of the proposed method. Secondly, generating
various traffic scenes in a simulated environment is much
easier and more efficient, allowing for a more comprehensive
evaluation of the system.

Specifically, we simulate the traffic flow based on Sumo and
then record the sensor data based on Carla. The dataset was
constructed by considering several factors. The first factor is
the traffic flow, in which we add a different number of cars to
the map to achieve varying traffic densities. The second factor
is the LiDAR type, including a 32-line LiDAR with a sensing
range of 50m and an 80-line LiDAR with a sensing range
of 150m. The third factor involved different traffic scenarios,
such as three-way intersections, crossroads, and other complex
traffic situations.

2) Real-World Dataset: To validate the actual usability of
the algorithm in a real-world scenario, we have chosen to
record a dataset at a seven-lane intersection. Figure 5 shows
the point cloud map of the recorded dataset scene. We mainly
recorded datasets for two deployment scenarios. (1) diagonally
at the intersection with RS-Ruby Lite (80 beams); (2) on
both sides of the sidewalk with RS-LiDAR-32 (32 beams)
(Figure 5). The LiDARs recorded the dataset at a frequency
of 10 Hz.

Furthermore, in addition to LiDAR deployment and models,
we also took into account different traffic scenarios. Apart
from the typical intersection scenario, we also considered
two specific traffic scenarios: 1) a dense pedestrian crossing
scenario; and 2) a scenario where one LiDAR is occluded
when a bus passes through.

Fig. 5. We have provided an example of registration results in a real scene.
Additionally, in the given figure, we can see that when the bus passes, certain
areas on the right side of Li D AR1’s point cloud are blocked. As we can see,
Li D AR2 plays a vital role in supplementing the missing data and providing
a more complete view of the scene.

B. Metrics and Baseline Algorithms

1) Metrics: To compare the performance with other calibra-
tion algorithms, we adopt the metrics defined in [33], which
are also used in [9] and [34]. Firstly, the relative rotation error
(RRE) is:

angle = F
(

R−1
T · RE

)
,

R RE =

3∑
i=1

|angle(i)|, (7)

where RT and RE are the rotation matrices of the ground-truth
transformation and the estimated transformation, respectively.
F(·) transforms a rotation matrix to three Euler angles. Sec-
ondly, the relative translation error (RTE) is defined as:

RT E = ||tT − tE | |, (8)

where tT and tE are the translation vector of the ground-truth
transformation and the estimated transformation, respectively.

In addition, we define a calibration session as a ‘success’
when the RRE and RTE are below the predefined thresh-
old [35]. In this paper, we choose the threshold as 1m,
which is sufficient for the requirements of autonomous driving
navigation [36]. The success rate is then defined as the
average rate at which a session is successful.

To test the algorithm’s ability to time-synchronize, we used
timing offset error (TOE). The TOE is defined as:

T O E = |TT − TE | , (9)

where TT and TE are the ground truth and estimated timing
offsets, respectively.

2) Baseline Algorithms: We compare TrajMatch with
four baseline LiDAR calibration algorithms: (i) ICP [13],
in which the calibration results are achieved through itera-
tive optimization, (ii) NDT [14] in which the calibration is
determined based on the similarity between the probability
density functions (PDFs) of the point clouds; (iii) K-4PCS
[37] in which key points are extracted to improve the efficiency
of the optimization process; (iv) SAC-IA [38], in which the
calibration is based on local geometry features around a
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Fig. 6. We show here the effect of the algorithm in two different scenarios. The average value is used here, and our algorithm is filtered using our evaluation
tool. In the first row, we put the LiDARs on the diagonal of the intersection, and in the second row, we put them on the three-way intersection.

Fig. 7. The spatial calibration results after 1, 2, and 3 passes. For RTE and RRE.

point, called Fast Point Feature Histograms (FPFH). These
algorithms are implemented based on the Point Cloud Library
(PCL) [39]. We have carefully adjusted their parameter values
to ensure they achieve the best performance with our datasets.
Among these algorithms, only SAC-IA is based on raw point
clouds, and the others are based on detection/tracking results.

C. Calibration Results

1) Results With Simulated Dataset: We first show the results
with the simulated dataset.

a) Spatial calibration vs deployment setting: In this set
of experiments, we compare TrajMatch with the baseline
algorithms in terms of the spatial calibration results. To sim-
ulate different detection errors, we add the noise that follows
the Gaussian distribution in the range (0, φ) to the ground-
truth trajectory. We vary φ from 0 to 2m. According to the
leaderboard of nuScenes [40], this value is significantly larger
than the ranging error based on LiDARs detection, which is
around 0.2m. By choosing a larger value, we make sure that
our evaluation covers the worse case scenarios. In addition,
since the performance of ICP and NDT is largely dependent
on the choice of the initial values, we test them under two
situations, one with a hand-picked initial value and the other
one without an initial value.

The first row of Figure 6 shows the success rate, RTE, and
RRE at a 4-way intersection. The LiDARs are installed diago-
nally at the intersection with a distance of 28.8m, as shown in
Figure 2(a). The number of LiDAR beams is 32, the detection
distance is 50m. On these three metrics, our results have
been consistently the best. Even when φ is larger than 1.2m,
TrajMatch can still achieve a success rate above 95%. We also
tested using 80-line LiDAR and the results were similar to
32-line, so we didn’t put result pictures here. The second row

TABLE I
THE EFFECTIVENESS OF OUR PARAMETER ASSESSMENT

TABLE II
SPATIAL CALIBRATION RESULTS WITH DIFFERENT TRAFFIC FLOW. HERE,

WE REPORT THE MEDIAN VALUES FOR RRE AND RTE

shows the result at a three-way intersection, and we came to
a similar conclusion.

Furthermore, we demonstrate the effectiveness of the eval-
uation mechanism, through which we can easily catch these
outliers and discount them. Table I summarizes the scores for
different cases and we are able to easily differentiate the outlier
(with a score of 0) and other normal cases (with a score higher
than 0.8).

b) Spatial calibration vs traffic flow: In the second set of
experiments, we test the effect of the traffic flow. Specifically,
we simulate different traffic flows by randomly placing 50,
100, and 200 vehicles in the city. This parameter affects the
number of cars that pass by our intersection and tests our
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TABLE III
SPATIAL CALIBRATION RESULTS WITH DIFFERENT ROTATION ANGLE.

HERE, WE REPORT THE MEDIAN VALUES FOR RRE AND RTE

TABLE IV
THE EFFECTIVENESS OF OUR PARAMETER ASSESSMENT

capability of dealing with multiple cars at the same time. Here,
we set φ = 0.2m and the time offset 1t = 0.5s. The results
are summarized in Table II. We observe that the traffic flow
does not have a noticeable impact on the performance. In all
three situations, we have RTE less than 5cm and RRE less
than 3 degree. It suggests that TrajMatch can handle different
traffic flows effectively.

c) Spatial calibration vs rotation: In the third set of
experiments, we evaluate the robustness of the system to
the LiDAR rotation angle. We vary the rotation angle while
fixing the rest of the parameters: the time offset is 0.5s,
and the standard deviation of the Gaussian noise φ = 0.2m.
The calibration results are summarized in Table III, which
sufficiently demonstrate that our system is robust to different
LiDAR rotation angles as we have chosen rotation-invariant
features.

d) Continuous calibration: In the fourth set of exper-
iments, we evaluate the effectiveness of our continuous
calibration capability. That is when we perform multiple
rounds of calibration processes, can we improve the calibration
accuracy? We show the results in Figure 7 for the 4-way
intersection case.

The results show that continuous calibration can steadily
improve performance. In particular, when we have two rounds
of calibration, the accuracy improves significantly compared
to having a single round. However, the improvement becomes
much less pronounced when we have three rounds or more.
In fact, after three passes, the RTE decreases from 30cm to
10cm, and RRE decreases from 0.4◦ to 0.2◦. This renders
TrajMatch a very viable approach that is able to refine its
performance as more calibration sessions are conducted.

e) Runtime compare: In this section, we compare the
real-time performance of the algorithms, focusing specifically
on spatial calibration, as the other algorithms are only designed
for spatial calibration. We compared the time required for
different algorithms to calibrate 100 sets of data. As the

Fig. 8. Spatial-temporal calibration results with different time offset values
at a 4-way intersection. The abscissa axis is the time deviation, from 0-20s.

TABLE V
RESULT OF POINTPILLARS

result of IV, we can see that only the ICP algorithm and
NDT algorithm, which assign initial values, are faster than
TrajMatch in terms of running speed, but their errors are much
larger. TrajMatch incurs only a small amount of additional
processing time, resulting in more accurate results. This is
because they use local optimization algorithms, which can
only find local optimal solutions and cannot guarantee global
optimal solutions.

f) The accurate of detector: We present a detailed per-
formance evaluation of the PointPillars algorithm for detection
and tracking, as shown in the table V. It is worth noting that,
the AMOTA of PointPillars is 0.63m, which is much higher
than the current best model’s AMOTA of 0.403m [40] (the
lower, the better).

The PointPillars is by far not a top performing model.
On the leaderboard of Kitti 3D detection models, PointPillars
ranks only 236th [41]; on the Nuscenes leaderboard, it ranks
242th [40]. There are many advanced models for object
detection that have been developed in recent years, such as
CenterPoint [42], Voxel Rcnn [24]. These models can provide
more precise detection results. Based on our analysis of the
existing experimental results, we determine that our algorithm
is entirely compatible with these detection models.

g) Temporal calibration: Finally, we report the tempo-
ral calibration result. In this set of experiments, we have
φ = 0.2m. We vary the time deviations of the two LiDARs
from 0 to 20s. Figures 8 show the results for a 4-way
intersection. As shown in Figure 8(d), When the time offset is
less than 18s, we can achieve inter-frame synchronization, and
the time synchronization error is less than 2ms. We believe
that this is mainly due to the relative positions of vehicles
that can form spatial constraints to assist our time calibration
when there are multiple trajectories. Again, we believe such a
temporal calibration accuracy is rather comparative for smart
traffic applications.

2) Results With Real-World Dataset: In addition to the
simulated environment, we have also recorded the dataset in
the real world for testing. Figure 9 shows the combined point
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Fig. 9. Visualization results for different calibration algorithms with scenario 1. TrajMatch gives the best point cloud alignment.

Fig. 10. Visualization results for different calibration algorithms with scenario 2. TrajMatch gives the best point cloud alignment.

TABLE VI
THE CALIBRATION RESULTS FOR REAL-WORLD TRACES IN SCENARIO 1

clouds for TrajMatch and 4 other algorithms. On this dataset,
all 4 baseline algorithms fail to calibrate the LiDARs and align
the point clouds. TrajMatch aligns the two point clouds nicely.
In this scenario, the point clouds of the same object from
different LiDARs are well-matched. In addition, we also show
the quantitative calibration results in Table VI. We observe that
the translation error of the algorithm is less than 15cm.

VI. CONCLUSION

In this paper, we present TrajMatch , a system that auto-
mates the spatio-temporal calibration for roadside LiDARs.
Our calibration method does not assume any initial state of the
system. As a stateless system, we align the LiDARs spatially
with centimeter-level accuracy and temporally with millisec-
ond accuracy, at the same time. The calibration is achieved
through an efficient iterative optimization process. In addition,
we also propose a continuous calibration mechanism that can
accurately assess the quality of each calibration session and
update the overall calibration when the assessment is above a
certain threshold.

We believe that traffic monitoring with roadside sensors will
become an important component for future cities, and that our
work takes the first step towards having a robust and accurate
roadside perception system. Moving forward, we will continue

to make effort to realize the vision. Specifically, we will
investigate the calibration process for different deployment
settings and different sensors. We will also carefully exploit
the fused data from these sensors for improved traffic through
and driving safety.
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