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Precise Synchronization Between LiDAR and
Multiple Cameras for Autonomous Driving:
An Adaptive Approach

Ajay Kumar Gurumadaiah*?, Jachyeong Park

Abstract—LiDAR and camera are crucial perception sensors
that provide complementary information for object detection in
autonomous driving vehicles. However, the fusion of sensor data to
achieve efficient object detection requires accurate calibration and
precise time synchronization between the sensors. While calibra-
tion ensures the geometric relationship between the sensors, and
time synchronization ensures that data from both sensors corre-
sponds to the same moment in the real world. Even though various
methods have been introduced to achieve accurate calibration
between LiDAR and camera, time synchronization between sen-
sors remains relatively unexplored. Poor synchronization between
sensors caused by incorrect time stamping process significantly
affects data fusion. Therefore, in this paper we present sensor
time synchronization for LIDAR and camera data fusion approach,
especially in autonomous driving vehicles. It also explores vari-
ous techniques involved in establishing synchronization between
LiDAR and camera. Subsequently, we propose a hardware level
time synchronization system, including automatic hardware trig-
ger signal delay estimation to precisely match LiDAR and camera
trigger time. Furthermore, validation experiments were conducted
to assess the accuracy of the proposed synchronization system in
various driving scenarios accompanied by detailed experimental
analysis.

Index Terms—Time-synchronization, LiDAR camera fusion,
LiDAR and camera calibration, object detection, autonomous
vehicle.

I. INTRODUCTION

NVIRONMENTAL perception is one of the fundamental
E requirements for autonomous vehicles and involves de-
tecting and recognizing objects in three-dimensional space. In
recent research developments, object detection in autonomous
driving using multiple sensor-fusion based method proved to
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be more promising than a single type of sensors [1]. More
commonly, autonomous vehicles comprise sensors like LiDAR,
camera, radar, and IMU. Among these sensors, LiDAR and
camera sensors are often employed for object detection during
autonomous driving [2], [3], [4]. Where depth information from
the LiDAR and color information from camera are fused to
realize the object class, size, and distance. Thereby, the accuracy
and reliability of object detection algorithms enhanced by fusion
approach [5], [6], [7].

The most crucial part of LiDAR and camera data fusion is
calibration and synchronization to align LiDAR sensor measure-
ments with the camera [8], [9], [10]. This accurate alignment
ensures that the data from the different modality of sensors
are registered in the same coordinate system, representing the
environment captured at the same instance. Typically, the cali-
bration process involves determining the transformation param-
eters between the LiDAR sensor coordinate frame and camera
coordinate frame [11]. These transformation parameters include
translation, rotation, and scaling factors that accurately map the
LiDAR measurements to the camera coordinate frame. In the
synchronization process, simultaneous data capturing is estab-
lished between the LiDAR and camera [12], [13], [14]. Key as-
pects of the synchronization process are clock synchronization,
time stamping, time alignment, and validation. However, most
LiDAR and camera fusion approaches focus more on calibration,
assuming that captured data were synchronized by default.

However, while it is possible to achieve accurate fusion
of LiDAR and camera data in static scenarios with accurate
calibration parameters, it becomes highly challenging in dy-
namic scenarios where the ego-vehicle or objects around it
are in motion, leading to significant translational error caused
by improper synchronization between sensors. Without proper
synchronization, sensors capture data at different instances of
the environment and thereby causes significant errors in the
data fusion process [15]. Furthermore, poor synchronization
accuracy directly influences other dependent processes such as
environment perception and localization [16]. Therefore, sensor
synchronization is one of the critical real-time requirements
in autonomous driving to improve the accuracy of object de-
tection and localization through sensor fusion [6]. To address
synchronization issues, several approaches have been intro-
duced in the literature. Some well-known approaches include
hardware-triggering synchronization, software synchronization,
network synchronization, and clock synchronization [16], [17],
[18], [19], [20].
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Fig. 1.

In hardware-triggering synchronization, cameras supported
with hardware triggers are synchronized, which has been proven
to be very promising in achieving precise synchronization. A
similar approach was used in the famous benchmark KITTI
dataset to establish synchronization between LiDAR and cam-
era [21]. In this study, the authors used a mechanically rotating
Velodyne scanner with reed switches attached at the bottom
to trigger the camera when the scanner was facing forward.
However, it should be noted that the mentioned method is
limited to old-fashioned rotating scanners, and it is not feasi-
ble to employ this approach with currently available modern
LiDAR as they do not support external mechanical movement.
In the case of software synchronization, using the time stamp
method can solve the asynchronous problem by fusing data
by referring to the timestamp. However, the processing time
overhead makes the solution unsatisfactory for the real-time
performance requirement [22]. For network synchronization,
Precision Time Protocol (PTP) and Network Time Protocol
(NTP) are proposed to perform synchronization between multi-
ple sensors [23]. Though network synchronization synchronizes
the sensors to capture data with respect to common reference
clock source rather than the sensor’s internal clock.

Thus, there is a need for synchronization techniques that
specifically address existing issues and achieve precise syn-
chronization between LiDAR and camera for object detection
in autonomous driving. Therefore, in this work, we propose a
hardware level synchronization technique to facilitate object de-
tection from LiDAR and camera data fusion data. Our significant
contribution to this work can be summarized as follows:

1) We introduce hardware-level synchronization between
LiDAR and camera, along with automatic time delay
estimation and compensation.

2) We conducted a detailed experimental analysis to prove
the significance of the proposed synchronization method

LiDAR and Camera data fusion data with frames captured in different synchronization approach.

compared to existing method as shown in Fig. 1. Addi-
tionally, we evaluated its real-time performance in various
autonomous driving scenarios.

II. RELATED WORK

Precisely perceiving the surrounding environment is one of
the key requirements for achieving safe and reliable auton-
omy. Generally, perception systems need to maintain continuous
awareness of the surrounding environment, either by process-
ing 2D images acquired from cameras or by processing 3D
point cloud data from LiDAR sensor. However, both sensor
capabilities come with their own limitations, and it is possible
to overcome limitations by fusing information from both sen-
sors [3]. Additionally, various benchmark datasets have been
released for autonomous driving, commonly adopting the Li-
DAR and camera fusion approach for sensing the surround-
ing environment. However, such methods are easily affected
by sensor misalignment due to the hard association between
points and pixels established by calibration matrices and precise
synchronization. In the article [4], the authors mentioned that
sensor synchronization is a crucial process for achieving high
accuracy in sensor fusion. Since LiDAR and camera sensors
have different operating frequencies, it becomes challenging to
align the data from both sensors representing the environment at
a specific time. Meeting precise synchronization requirements
for modern autonomous systems, which utilize a wide range
of different sensors with varying triggering and time-stamping
mechanisms, poses a significant challenge. Existing synchro-
nization methods may not fully address these requirements.
Overall, the synchronization methods currently in existence can
be broadly classified into hardware triggering synchronization,
software synchronization, network synchronization and clock
synchronization [6].
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A. Hardware Triggering Synchronization

Hardware synchronization is a method used to achieve precise
synchronization between multiple sensors by sending exter-
nal triggering signals from primary devices to secondary de-
vices [24]. In some cases, an external synchronization control
unit is used to send the triggering signal to multiple devices
to initiate data acquisition from the sensors. More commonly,
cameras equipped with hardware triggering use this approach to
establish synchronization between the sensors. However, despite
the promising performance of the hardware level synchroniza-
tion approach in the case of multiple cameras, its applicability is
rarely demonstrated in synchronizing LiDAR and cameras due
to the lack of a standard approach to enable hardware triggering
protocols and interfaces. Even though the hardware level syn-
chronization approach introduced by the authors in the KITTI
benchmark dataset [21] proves to be promising in the specific
setup, its applicability is limited to externally rotating mechani-
cal LiDAR and is impossible with modern commercially avail-
able LiDAR’s. Moreover, externally mounted reed switches are
mechanical devices that can be susceptible to damage, leading to
potential failure or inaccuracies in the synchronization process.
Also, external reed switches for synchronization limit the flexi-
bility to adjust the synchronization parameters dynamically. This
can be problematic in scenarios where real-time adjustments are
necessary to improve synchronization accuracy.

B. Software Synchronization

Even though software-based synchronization approach offers
several advantages over hardware synchronization approach in
terms of flexibility and applicability, there are certain limita-
tions that make it challenging to meet the real-time require-
ment in autonomous driving. The synchronization framework
implemented in the ROS system is well-known software-based
synchronizer and is commonly used in real-time sensing applica-
tions [14]. Additionally, several methods have been introduced
to improve the efficiency of ROS software-based synchroniza-
tion [1]. Despite these enhancements, ROS software-based syn-
chronization is limited by poor latency in data transmission and
processing. As ROS operates on distributed system architecture,
the communication between different nodes and the processing
of data can introduce latency, which may affect the real-time
synchronization of LiDAR and camera data. Additionally, the
performance of ROS-based synchronization relies heavily on
the computational capabilities of the system and network con-
ditions, which can further impact accuracy.

C. Network Synchronization

Network synchronization methods typically rely on a central-
ized clock or timestamping mechanisms to establish a common
time reference across all devices. These methods then synchro-
nize sensor data frames based on the associated timestamps
and ensure that the sensor data from different devices accu-
rately correlated [16]. More commonly, Precision Time Protocol
(PTP) and Network Time Protocol (NTP) are used to establish
network synchronization among the sensing devices. PTP is a
network protocol specifically designed for clock synchroniza-
tion in distributed systems [25]. It uses hardware timestamps
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and the exchange of synchronization messages to achieve sub-
microsecond accuracy. And it operates in a primary-secondary
architecture, where the primary clock distributes information
to secondary clocks. NTP, on the other hand, is a widely used
protocol for synchronizing clocks over the internet. It operates
in a hierarchical architecture, where a set of time series provides
time information for clients. NTP can achieve synchronization
within milliseconds or even microseconds, depending on the
network conditions [22]. However, network-based synchroniza-
tion relies on the availability and stability of the network infras-
tructure. Any network disruptions or fluctuations can affect the
synchronization accuracy and introduce inconsistencies in the
sensor data. Additionally, while network-based synchronization
methods can achieve sub-millisecond to microsecond accuracy,
they may not offer the same level of precision as hardware-based
synchronization methods.

D. Clock Synchronization

Clock synchronization between multiple sensing devices
refers to the process of aligning the timestamps of multiple sen-
sor data to enable accurate sensor fusion. This synchronization
can be archived through various methods including hardware
synchronization, software synchronization, and a combination
of both. In this synchronization method, synchronization among
the clocks enables one clock to correct its time to match with
another clock [22]. However, this synchronization may not be
applicable to LiDAR and camera clock synchronization.

III. PROPOSED APPROACH

The main objective of the proposed sensor synchronization
is to ensure that the data acquired from different sensors corre-
sponds to the same event and has the same timestamp. While
there are well-known benchmark datasets [21] that provide
synchronized data, they involve a series of post-processing
steps and do not guarantee that the sensor-sampled data has the
timestamp corresponding to the same event. However, real-time
perception tasks in autonomous robots require highly precise
synchronization between LiDAR and camera. Mis-synchronized
sensor data contributes to temporal noises in the sensor fusion
algorithm and leads to estimation errors in both translational and
rotational parameters. Motivated by the requirements of existing
autonomous vehicle perception tasks and the limitations of the
existing system, we proposed a synchronization architecture for
LiDAR and camera, along with automatic synchronization delay
correction. This section provides a more detailed description
of the proposed approach, which is divided into the following
subsections: Data collection, Synchronization, Time delay error
modelling, and Multiple camera synchronization.

A. Data Collection and Calibration

1) Data Collection: In this work, the Hesai Pandar 64 chan-
nels LiDAR [26] and Flir 2D camera [27] are deployed in the
vehicle sensor kit, as shown in Fig. 2. The sensor kit is attached
to the rooftop of the vehicle to gain the optimal field of view. It
includes three cameras and a 360° LiDAR. The internal clocks of
all cameras and the LiDAR sensor are synchronized to the PC
primary clock using PTP. This clock synchronization ensures
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Fig. 2. Overall architecture design of proposed synchronization system.

that all sensors capture data with respect to a common time
reference.

2) Calibration: The coordinate frame of LiDAR is denoted
as 1, and camera frame is denoted as c. We have utilized our
previous work for LIDAR to camera calibration [28] to estimate
the extrinsic parameters between LiDAR and camera. After
estimating the camera intrinsic and LiDAR to camera extrinsic
parameters, 3D points are projected onto the image using a
distortion free projective transformation given by the pinhole
camera model, as shown in the (1).

Pi = C(intrinsic [R/t]B (1)

Where, P; is a 3D point from the LiDAR point cloud, and
P; is the projected 2D pixel in the image plane. In (2), Cipginsic
is the camera intrinsic matrix obtained using the checkerboard
board calibration method. [R/t] represents the LIDAR to camera
extrinsic matrix, which includes rotation and translation matri-
ces describing the change of coordinates from the LiDAR to
the camera coordinate system based on the calibration approach
discussed in the [28].

fo 0 ¢
C(intrinsic =10 fy Cy 2)
0 0 1

The camera intrinsic matrix Ciyginsic 18 composed of focal
lengths f, and f, in pixel units, and the principal point (¢, ¢, ),
which is close to the image center. Meanwhile, [R/t] represents
the joint rotation and translation matrix product of a projective
transformation and a homogeneous transformation. The 3-by-4
projective transformation maps 3D points represented in camera
coordinates to 2D pixels in the image plane and is represented
in normalized camera coordinates as shown in (5).

The homogeneous transformation, encoded by extrinsic pa-
rameters R and ¢, represents the change of basis from the LIDAR
coordinate system / to the camera coordinate system c. Therefore
given the representation of the point P in LiDAR coordinates,
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P; we obtain P, in the camera coordinate system as follows,

Rt
P, = P,
c 0 1 l
Where the homogeneous transformation is composed of R, a

3-by-3 rotation matrix, and ¢, a 3-by-1 translation vector.

i1 T2 Ti3 L
R t _|r21 T22 To3 ty 3)
0 1 T3l T2 T3z G
0 0 0 1
Therefore,
X rin T2 T3 te| | Xo
Y. _ |r21 T2 T ty| | Y2 @)
Ze r31 T2 T3z ti| |4
1 0 0 0 1 1

Combining the projective transformation and the homoge-
neous transformation in (4), we obtain the projective transfor-
mation that maps 3D points in the LiDAR coordinates into 2D
points in the image plane and normalized camera coordinates:

2t X./Z,
Zc yl = }/;/Zc
1 Z.)7,

Putting the intrinsic and extrinsic components together, we can
expand the projection equation P; = Clyyinsic[R/t] P as shown
in (5).

X
u' fo0 0 cp| |rin T2 T3 te Y,
ol =10 fy oyl |t T2 Tz iy 7 (5
1 0 0 1| |71 732 733 t. 1l

Where, (u?, v1) represents the projected 3D points in the image
coordinates.

B. Synchronization

In the proposed approach, synchronization between the Li-
DAR and camera was established using the hardware triggering
approach. Due to the operating frequency of the LiDAR being
much slower than that of the camera, we chose the LiDAR as the
reference for time synchronization. The LiDAR sends a trigger
signal to the camera to enable capturing within a specific Li-
DAR FOV. The basic structure of the proposed synchronization
method is mainly consists of three modes: Data acquisition, Data
alignment, and Time delay correction.

1) Frame Capturing: In the data acquisition mode, the in-
ternal clocks of the LiDAR and camera are synchronized with
IEEE PTP [26] to maintain a common time source among the
multiple sensors. By default, the LiDAR and camera stamp the
captured data with their respective internal clock. However, it
is not possible to align data from multiple sensors by referring
to the timestamp from their internal clock sources. Therefore,
establishing a common clock source among the sensors using
PTP facilitates the alignment of frames based on timestamps
during the fusion process. With Precision Time Protocol (PTP)
network, clock synchronization of LiDAR and camera systems
is attainable through a shared timebase.
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Fig. 3.
matrix.

Projection of LiDAR points on image plane using transformation

Assuming t” represents the timestamp for a LiDAR data
point, and ¢¢ represents the timestamp for a corresponding
camera frame referenced from the PTP common clock source.
Also the association of timestamps along with the sensor data
can be written in vector form as (6) and (7).

Ls:|:(X1' Yi Zy), tﬂ ©)

Where L represents the single LiDAR scan, with ¢ points,
and each point carries a PTP time stamp ¢~.

Cp= | v), ] )

Where Cy is the camera frame with PTP timestamp ¢ for the i
frame. Unlike LiDAR, the timestamp is included for each frame,
not for each pixel. After capturing the data from the sensors
synchronized using the PTP network, the LiDAR point cloud is
aligned onto the corresponding image frame using the projection
matrix described below as shown in Fig. 3.
pasta = y_(Cy — project(Ls))
Where project maps Lidar points on to image plane using the
transformation matrix described in the (5).

pd’td:iq(“ o, ] = [wt 0, #])

1=

®)

1)2

Pd:Z \/(u—u1)2n+ (v—v

.
4= A
- "

pq is the average projection error and ¢4 is the observed
average time delay between the LiDAR point timestamp and
camera frame timestamp over n frames. Where n represents the
number of frames acquired during specific interval, in our case
it is set every 2 minutes with 1200 frames approximately.

2) Reference Time Measurement: Without a specific refer-
ence point, accurately estimating p, and ¢; may not always be
possible. This challenge arises from the difference in the nature
of data acquisition between LiDAR and camera sensors. While
LiDAR captures a comprehensive 360° view of the environment
in a single scan, the camera can only capture limited portions
of it. Moreover, the timestamps associated with LiDAR scans
and camera images represent different instances: the camera
timestamp marks when the image frame was captured, whereas
the LiDAR timestamp indicates when the LiDAR completed
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Algorithm 1: Adaptive Dynamic Time Delay Estimation
and Trigger Offset Correction.

Input: Image frame C; = [(u,v),t¢] and LiDAR scan
Ls = [(Xu )/ia Zl)? tzL]
Output: Trigger delay offset Atylnitialisation:
At =initial offset delay, psp,-=projection error
threshold, #:,,-=time gap threshold
for each LiDAR scan L, do
Trigger camera with Aty
Project L onto C'¢ & Compute pg, tq
Case: Static object
if pa > pin, then
Re do calibration...
end if
Case: Dynamic object
if ta > tihr then
Adjust the camera trigger offset
Atg= *tg4
end if
end for
return Aty

._
ORI INLHLDN =

11:
12:
13:
14:

one scan. As a result, finding a precise LiDAR point timestamp
that aligns with the camera frame timestamp for comparison
becomes difficult, affecting the accuracy of py and ;.

Hence, in the proposed method, we identify the specific
instantaneous LiDAR reference point with respect to the center
of the camera image by projecting LiDAR points onto the image,
as illustrated in Fig. 4. After projection, the vertical(¢) and
horizontal (#) LiDAR angles of the points projects onto or near
the center of the image are calculated as follows:

¢ = atan2(Y, X)

(X2,Y3))

Further, p; and t; corresponding points are estimated for points
closer to the image center. With our experimental vehicle, the Li-
DAR 18th vertical channel aligns with the camera image center
at horizontal sweeping angles Opiqaie = 180.0°, O ! = 358.4°,
and Orign = 276.89 for the middle, left, and right cameras, re-
spectively. These specific horizontal sweeping angles are then
used as a reference point to initiate the trigger signal from the
LiDAR to the camera.

3) Time Delay Correction: Initially, the camera is set with an
initial triggering offset At4 to commence the camera exposure
upon receiving the LiDAR trigger signal specific to the field
of view that aligns with the respective camera. Upon receiving
the camera frame C'y, the LIDAR scan L is projected onto the
camera using the projection matrix. Even though the LiDAR
being able to send a trigger signal directly to the camera, there
will always be a significant offset between the camera and
LiDAR capture times. This offset is caused by the FOV mismatch
between the camera and LiDAR, as well as internal processes
within the camera and signal transmission delays. In the pro-
posed method, the LiDAR reference time and camera reference
time are continuously matched and compensation parameter are
calculated in real time to adjust the camera capturing time, as
indicated in the algorithm’s sequence of processes.

0 = atan2(Z,
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Fig. 5. Synchronization architecture for multiple camera.

In the case of multiple cameras, the trigger signal from the
LiDAR is generated for each camera at different LIDAR FOVs,
and the delay is computed based on the three LiDAR reference
points with respect to each camera. As shown in Fig. 5, trigger
signals from the different LIDAR FOVs are generated and sent
to the camera. The correction module modulates the trigger
signal, adding the required delay compensation estimated from
the proposed approach as flow depicted in Algorithm 1.

IV. EXPERIMENTAL EVALUATION

To verify the effectiveness of the proposed algorithm, exten-
sive experimentation was performed with different scenarios
on real road in Technopolis town, located Daegu city, South
Korea. The sensor installation setup on the vehicle is shown
in Fig. 6. The sensor kit installed on the top of the vehicle
includes a Pandar 64 3D LiDAR (Hesai Technology, Shanghai,
China) with 360° horizontal field of view and 40° vertical field,
placed in the middle of the sensor kit. Three Blackfly S Gig
E machine vision cameras (Teledyne Flir, Wilsonville, Oregon,
U.S) are positioned in the middle, left, and right of the sensor

Estimating the reference point in the LiDAR scan for each associated camera.

Fig. 6.

Vehicle sensor kit installed with LiIDAR and camera.

kit. Throughout the experiments, the LiDAR sensor operated
at 10Hz frequency, while the camera operated at different fre-
quencies, up to a maximum of 30Hz.For each synchronization
method, LiDAR and camera data were captured for 45 minutes,
comprising 27,000 frames across 4 trials, where “trials” refers
to instances of the data collection process. The system and
sensors were restarted between each trial by turning off the
input power.

The efficiency of synchronization between the LiDAR and
camera was observed during object movement and at differ-
ent distances. Hence, we experimented with multiple scenarios
involving dynamic objects with varying speeds and distances.
Initially, stopped the ego-vehicle and recorded moving vehicle
at multiple constant speeds from a consistent distance to un-
derstand the effect of synchronization with respect to moving
vehicle. Furthermore, ego-vehicles drove at a constant speed
and recorded other vehicles moving at various speeds and
distances. Additionally, we conducted a comparison analysis
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Fig. 7. Projection of point in image coordinate to world coordinate.

between various time synchronization approaches, including
software synchronization, network synchronization, and hard-
ware level synchronization, to verify the significance of the
proposed method.

A. Evaluation Metrics

In the sensor fusion approach, synchronization between Li-
DAR and camera sensors is crucial for efficient environmental
perception in many applications. Assessing the synchronization
system is essential to ensure accuracy and reliability within the
context of the application domain. In the context of autonomous
driving, achieving efficient synchronization between the sensors
is particularly challenging due to numerous factors such as
capturing time, frame drop resulting from network overload,
and projection errors.

1) Time Gap: The time gap ty4 represents the difference in
time between the LiDAR reference timestamp and the corre-
sponding camera frame timestamp.

tg =tl —t¢

(€))

Where, t/ and t{’ represents the LiDAR point and camera frame
timestamps, respectively.

2) Frame Loss Percentage: Frame loss within the LiDAR
and cameras synchronization system is one of the significant
factors directly affecting the system’s accuracy. These instances
of frame loss often occur due to factors such as network overload,
timing mismatches, temperature effects, power fluctuations, and
processing limitations. The percentage of frame loss is estimated
for every 2 minutes using the following equation:

Desiredfames — Recievedsames
x 100

Frame)oss = (10)

Desiredsames

3) Projection Error in World Coordinate: Projection error
between the LiDAR and camera data involves estimating the
Euclidean distance between the 3D points in the world coordi-
nate system and converted 3D coordinates of 2D pixels in image
coordinates. Converting camera pixels to world coordinates
involves utilizing the camera calibration parameters and depth
information provided by the LiDAR sensor as shown in the
Fig. 7.

img -1

xnormal f T 0 ¢ ximg
im i
norgmal =10 f y Cy ylmg
1 0 0 1 1
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img img lidar
Xgam xnormal *Z, cam

img | __ | img lidar
Y—C}lm Ynormal * anm

mg lidar
Zcam 1% Zx5

Where Z14 js obtained from the LiDAR point data and the
extrinsic rotation matrix R and translation vector ¢, as shown

below:

Xlidar

lide
Xeam 1 riz T3 il ylidar

lidar | _
Yam' | = |21 722 Tas byl | jida

lid
Lt r3i T3z T3z t. 1

1 N im .
_ E : g :
Pd3sp = N Z,:l(Pcam - P(}é(rigr)Q (11)

As illustrated in Fig. 7, the projection error between the LIDAR
and camera frames is estimated in the 3D coordinate frame.
First, the selected LiDAR point Plidar( xlidar rylidar - 77lidary g
transformed to the camera coordinate Plidar( xlidar ry/lidar - 77lidar)
and the corresponding pixel in the camera image is restored in
3D. The 3D projection error is calculated using (11).

4) Projection Error in Pixel Coordinate: The projection er-
ror is computed between the center of the bounding box co-
ordinates of the detected object from the projected LiDAR
points Py (X{r, V<) and the point P'™E(X™2, Y™) in the
camera image coordinate using the (12). The equation calculates
the root mean square of the Euclidean distances between the
corresponding LiDAR and camera points, providing a measure
of the accuracy of the projection alignment. A lower projection
error indicates a more accurate alignment between the LiDAR

and camera frame.
1 N . .
Pd2p = N \/Zi_l(ﬂléfg‘“ — pime)?

B. Synchronization Approach

12)

1) Software Synchronization: For software synchronization,
a well-known and commonly used ROS-based time synchro-
nization method was adopted and tested with recorded camera
and LiDAR data. The ROS system synchronizes the data ac-
cording to the order received in the node. The callback func-
tions registered in the ROS system trigger whenever there is
LiDAR and camera data. However, this method only consid-
ers the data arrival time at the computer, instead of capture
time; hence, it does not guarantee that the received sensor data
represents the same state of the world. Also, as the number
of sensors increases, the system introduces critical time de-
viations due to poor transmission latency. Fig. 8 shows the
fusion data of LiDAR and camera captured using the ROS-based
software-based time synchronization method. The left side of
the images presents the static and dynamic scenarios, while
the right side of the images demonstrates the synchronization
effect on moving vehicle in different directions, with different
speeds.

Table I presents the projection error and time gap error esti-
mated by projecting LIDAR points onto the camera image using
the projection matrix obtained through the calibration process.
The mean and variance of the distance error linearly increase
with respect to the speed of the moving object, while the time
gap between the frames remains the same.
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Fig. 8. Fusion of LiDAR and camera frames captured in software synchro-
nization mode.

TABLE I
EXPERIMENTAL EVALUATION OF A SOFTWARE SYNCHRONIZATION APPROACH

No. of Projection 40 60 80 Time Frame
Trials Error kmh kmh kmh Gap Loss(%)
. Ddsp 50.36 2536 36.68
Tral 1o 5004 1908 4089 349 170
. Ddsp 42.08 4832 52.05
Trial 2 P 2012 2635  52.03 51.09 16.3
. Ddsp 2891 39.25 59.02
Trial 3 Pdap 3539 2210 6102 55.32 15.5
. Ddsp 4533 4811 42.01
Trail 4 4002 2011 3699 07 172

Fig. 9. Fusion of LiDAR and camera frames captured in network synchro-
nization mode.

2) Network Synchronization: In case of network synchro-
nization, the LIDAR and camera are synchronized using IEEE
1588 PTP, with the processor set as the primary and the camera
and LiDAR set as secondary. Despite adjusting the camera’s
internal clock according to the LiDAR primary clock, the cap-
turing time of each sensor is not synchronized. However, it is
possible to align the closest camera frame with the LIDAR frame
by checking the timestamp associated with each LiDAR camera
frame. Although increasing the frame rate of the camera would
be beneficial for capturing much closer frame, a random time
gap error still affects the synchronization accuracy. Moreover,
in case of multiple camera synchronization, higher bandwidth
increases the likelihood of data transmission delays, which
further amplifies the synchronization errors. Fig. 9 presents the
projection of LiDAR points onto camera images, and Table II
presents the statistical analysis of projection error, time gap, and
frame loss observed in network synchronization mode.

Fig. 10.  Fusion of LiDAR and camera frames captured in hardware trigger-
ing synchronization mode.

Fig. 11. Fusion of LiDAR and camera frames captured in proposed synchro-
nization mode.

3) Hardware Trigger-Based Synchronization: As discussed
in the previous, the hardware-based triggering approach emerges
as the most promising alternative for addressing the issues high-
lighted in software and network-based synchronization methods.
In this approach, the LiDAR and camera are integrated into a
hardware synchronization system, where the LiDAR sends an
external trigger signal to the camera to initiate the capture. While
hardware triggering approach offers several advantages, it also
comes with certain limitations that directly affect on synchro-
nization accuracy. Achieving high precision in synchronization
time is challenging due to the latency between the trigger signal
and the actual capturing time of the camera, which impacts the
alignment accuracy. Although it is possible to mitigate latency
issues by configuring constant compensation parameters, these
parameters may fluctuate over time due to factors such as pro-
cessing overhead and sensor temperature. Therefore, a hardware
triggering-based synchronization approach with dynamic delay
compensation would be ideal for achieving precise LiDAR and
camera synchronization in various applications.

The statistical analysis presented in Table III illustrates the
projection error and time gap error estimated from the frames
captured over a duration of 30 mins. Fig. 10 shows projection of
LiDAR points on camera image caputued in hardware triggering
mode. The estimated mean and variance of the projection error
consistently increase over time, particularly in relation to the
speed of the moving object.

4) Hardware Triggering With Delay Compensation: Ad-
dressing the limitations of the synchronization approach based
on hardware triggering, the proposed method introduces auto-
matic delay compensation to mitigate dynamic latency issues
arising from various factors. In the proposed method, the time
gap between the LiDAR and camera frames is observed at
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Fig. 12.  Comparison of the mean and variance of projection error when surrounding objects, captured at different speeds using four synchronization approaches.

TABLE I
EXPERIMENTAL EVALUATION OF A NETWORK SYNCHRONIZATION APPROACH

No. of Projection 40 60 80 Time Frame
Trials Error kmh kmh kmh Gap  Loss(%)
. Ddsp 11.12 1893 21.10
Trial 1 Diop, 1078 1908  20.02 10.72 24.6
. Dd3p 15.08 2035 2233
Trial 2 Pdup 1207 2102 22.89 11.08 23.8
. Ddsp 16.08  21.66  20.58
Tral 3 o 1295 2233 2305 274 243
. Ddsp 13.58 1798 19.57
Trail 4 Pdop 1125 1924 2014 11.57 24.6
TABLE III

EXPERIMENTAL EVALUATION OF A HARDWARE-TRIGGERING
SYNCHRONIZATION APPROACH

No. of Projection 40 60 80 Time Frame
Trials Error kmh kmh kmh Gap  Loss(%)
. Pdsp 22.55 3517 47.06
Tral 1 . 2250 3428 4733 233 137
. Ddsp 21.98 34.83 45.66
Trial 2 Pdap 2201 3329 4674 25.35 14.8
. Pdsp 20.74 3524 45.89
Trial 3 "0 2158 3416 4721 3 129
. Pdsp 21.35 33.61 44.67
Trail 4 Pdop 2004 3455 46.62 25.37 12.4
TABLE IV

EXPERIMENTAL EVALUATION OF A PROPOSED SYNCHRONIZATION APPROACH

No. of  Projection 40 60 80 Time Frame
Trials Error kmh  kmh kmh Gap Loss(%)
Trial 1 gz;g ié‘; j:?li ijgg 051 108
Trial 2 g‘jzi iigg jgg Z:gg 054 113
Trial 3 gz;g i:ég 3:2‘1‘ 2:(1); 0.50 9.7
Tril4  Desp jgg j:g; g:gz 057 1138

regular intervals, and precise compensation parameters are com-
puted to adjust the synchronization accordingly.

Table IV presents the results of the experimental analysis
conducted with the proposed hardware triggering with delay

compensation approach, aimed at improving synchronization
accuracy. Delay compensation is computed whenever there is
a time gap between LiDAR and camera frames exceeding a
predefined threshold. The camera trigger signal is then generated
based on the estimated compensation parameter to initiate the
capturing. Fig. 11 shows the projection output of LiDAR points
on camera image captured in proposed synchronization mode.

V. RESULTS & DISCUSSION

Derived from the experimental analyses conducted under
critical scenarios that significantly impact the fusion of LiDAR
and camera data for surrounding environment perception in
autonomous driving, the proposed approach proves promising
in addressing various challenges. The ideal fusion LiDAR and
camera data was achieved with the proposed approach, irre-
spective of the surrounding object speeds and distances, without
requiring any additional hardware interfaces.

Furthermore, the synchronization module can identify and
rectify the time gap between the LiDAR and multiple cameras
in real-time. The quantitative comparisons of the mean and vari-
ance of the projection error plot in Figs. 12 and 13 shows a very
small errors in the proposed hardware-based triggering method
compared to the other three synchronization approaches. While
the software synchronization-based method proves to be more
prone to projection error due to the random selection of LiDAR
and camera frames based on the ROS software callback function.
In the case of network synchronization, though theoretically
timestamp-based frame matching appears promising, its perfor-
mance is affected in real-time applications, especially when the
system involves multiple sensors, due to network overload and
transmission delays. In the case of hardware triggering-based
synchronization approach, it is found to be a potential solution
to address synchronization issues. However, variations in the
trigger signal transmission and small delays in data transmission
from the sensor contribute to error accumulation in the projec-
tion. Finally, in the proposed synchronization approach, real-
time monitoring and delay correction significantly improved
synchronization accuracy by reducing projection errors to less
than 10 cm.

VI. CONCLUSION

To address the challenge of LiDAR and multiple camera
synchronization for the benefit of sensor fusion-based algo-
rithms in the autonomous driving domain, a precise time
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Fig. 13.  Comparison of the mean and variance of projection error when surrounding objects, captured at different distances using four synchronization approaches.
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Fig. 14. Comparison of the estimated frames time gap and frame loss among four synchronization approaches.

synchronization approach is introduced. The proposed approach
offers detailed insight into the practical challenges involved
in establishing precise synchronization among multiple sen-
sors used for environment perception in autonomous driving.
Building upon existing synchronization approaches, our method
aims to eliminate key limitations that directly impact the overall
accuracy of data fusion. Based on a hardware synchroniza-
tion architecture, the proposed real-time delay estimation and
correction algorithm significantly improve fusion accuracy by
reducing the projection error to less than 10 cm. Extensive
experimental analysis performed to evaluate the significance
of our proposed synchronization approach along with existing
synchronization approaches. Comparing with the existing syn-
chronization approach, the significance of the proposed method
is demonstrated through key challenging scenarios that would
significantly impact synchronization accuracy. Additionally, we
provided an analysis of frame loss rates among the other four
synchronization approaches in comparison with our proposed
approach as shown in Fig. 14. Overall, the practical applicability
of our proposed system is demonstrated in an urban scenario
with a real vehicle equipped with Level 4 autonomous driving
technology.
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