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Abstract—Achieving high-precision positioning through multi-
source integration has become an inevitable trend in autonomous
vehicle systems, and the spatiotemporal calibration of multi-
source information is the primary prerequisite. This paper
proposes a spatiotemporal calibration algorithm for the fusion
system of GNSS data, LiDAR data, and visual data with the
inertial sensor as the central coordinate system. Firstly, we use the
pseudo-distance information of GNSS to construct the space-time
calibration model of GNSS (Global Navigation Satellite System)
relative to IMU (Inertial Measurement Unit). Secondly, based
on the reprojection principle, we construct a spatiotemporal
calibration model of visual images relative to the IMU. Then,
according to the distance formula of the LiDAR (Light Detection
and Ranging) points cloud, the space-time calibration model
of the LiDAR points cloud relative to the IMU is established.
Finally, we use the nonlinear optimization algorithm to obtain
the spatiotemporal parameters. We have done extensive simula-
tions based on simulated data and publicly available real-world
datasets. The simulation results show that using the proposed
calibration model yields spatiotemporal parameter accuracy
superior to existing calibration algorithms and exhibits some
degree of robustness to the noise in IMU data. It achieves
approximately 40% improvement in position estimation accuracy
with the open-source odometry and the real-world datasets while
ensuring good safety and reliability under high computational
efficiency.

Index Terms—GNSS, spatiotemporal calibration, vision, Li-
DAR, fusion, IMU

I. INTRODUCTION

MULTI-source fusion is an irreplaceable method in motor
vehicle to achieve precise positioning. It has become a

trend to utilize the collaboration of an increasing number of
sensor data and compensate for the limitations of individual
sensors to achieve positioning for motor vehicle. The measure-
ments obtained by different sensors observing the same target
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may not be synchronized. Therefore, it is not wise to directly
send the acquired measurements to the central processor for
data fusion. It is necessary to transform the measurements to a
unified spatio-temporal reference frame through calibration. If
directly fusing data without temporal and spatial calibration,
the positional estimation results would have more large errors,
making the fusion less reliable. Hence, temporal and spatial
calibration for heterogeneous information is necessary for data
fusion.

A. Overview of Related Works and Problems

Space-time calibration has always been a research topic
of great concern to researchers. However, there are several
challenges in the current research on temporal and spatial
registration of heterogeneous information.

Firstly, there is a wealth of literatures on specific sen-
sor combinations such as Vision and LiDAR [1]–[7], Vi-
sion and Inertial [8], [9], LiDAR and LiDAR [10], Vi-
sion/LiDAR/Inertial [11], Vision/GPS/Inertial [12], GNSS and
IMU [13], etc. These calibration algorithms are designed for
specific combinations and have certain effects in determining
particular fusion systems. In recent studies, language mod-
els have been used to solve real-world route optimization
problems [14], [15], demonstrating their potential in handling
complex data patterns. This approach can also be applied
to multi-sensor data calibration by learning from historical
data and implicit patterns to improve calibration accuracy.
Drawing on the combined approach of sliding mode control
and neural network estimators [16], we can introduce a more
robust compensation mechanism in multi-sensor calibration
to enhance the system’s accuracy and stability. However,
when new sensors are added, these calibration models become
ineffective.

Secondly, some existing temporal and spatial registration
methods are highly dependent on specific calibration targets or
scenes, which severely limits their applicability. [17] requires
spherical objects in the scene. In [18]–[21], spatial parameters
are solved by using a checkerboard by combining 3D lines and
plane correspondences with a minimal number of poses. [10]
needs orthogonal planes or nearly orthogonal planes. The
calibration method for the IMU in [22] requires the assistance
of a moving horizon scheme to estimate parameters. The
application environment of autonomous vehicle systems is
extremely complex and variable, so the required scenarios for
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calibration algorithms may not always be present. As a result,
existing calibration algorithms may not be effective.

Thirdly, most existing temporal and spatial registration
methods only consider spatial or time parameters, overlooking
the significant issue of time offset or the coordinate difference
between different sensor data. [1], [4], [6], [7], [10], [18]–[21],
[23], [24] only has spatial calibration and ignores temporal
calibration. [8] proposes an online time offset calibration
model based on filtering, which only estimates the temporal
parameters, ignoring the spatial parameters. In high-precision
autonomous vehicle systems, an increasing amount of sensor
data participates in fusion operations. The timing of different
sensor data entering the central processor will inevitably have
discrepancies, leading to time errors. Additionally, different
sensors are positioned differently on the autonomous vehicle,
and each sensor’s output data is in its own coordinate system.
Therefore, determining the spatial parameters between various
sensor data is essential. Consequently, algorithms that only
consider calculating one type of calibration parameter can-
not meet the requirements of high-precision vehicle systems.
Paper [25] proposes a spatio-temporal calibration method for
LVLVS (Line Structured Light Vision Sensor). The first step
is to calculate the spatial parameters. Then, on the premise
of solving the spatial parameters, the time parameters are
obtained through the reprojection error. Howerer, this method
of calculating spatio-temporal parameters by stages will lead to
the accumulation of errors and eventually affect the accuracy
of spatio-temporal parameters.

Fourthly, and importantly, GNSS positioning, as an absolute
positioning method, can be used for fusion and trajectory
drift correction [26]. However, the primary prerequisite for
GNSS raw data [27] to be involved in fusion is to address the
temporal and spatial parameters. Unfortunately, there is not
a particularly large amount of literatures on the calibration
of GNSS raw data and other sensor data. Therefore, it is very
important to choose a suitable temporal and spatial calibration
technique for GNSS raw data.

B. Our Contributions

Inspired by [28], we propose the spatiotemporal calibration
algorithm for GNSS data, LiDAR data and visual data. We use
spline functions to interpolate the IMU output values, making
them continuous. Then, combining other sensor data with the
IMU output values and based on their positioning principles,
we derive an error model. This error models are then used as
an optimization factors in nonlinear optimization operation,
thereby solving for the spatiotemporal calibration parameters.
The key contributions are:

• We utilize GNSS pseudorange information and IMU
output values to construct the spatiotemporal calibration
model for GNSS data, and the proposed model relies
on data from only one GNSS satellite, making it more
adaptable in environments where GNSS satellite signals
are not favorable.

• We utilize the curvature information of LiDAR points
cloud to extract corner points and surface points, and
construct the spatiotemporal calibration model for LiDAR

point clouds based on the fact that the distances from
points to lines or surfaces are the same under different
coordinate system.

• We utilize the ORB (Oriented FAST and Rotated BRIEF)
feature extraction algorithm, feature matching algorithm,
and visual reprojection principle to construct the spa-
tiotemporal calibration model for visual data.

We conduct extensive simulations based on simulated data
and publicly available real-world datasets. The simulation
results show that the combination of the proposed calibration
models achieves higher precision in spatiotemporal parame-
ters than existing calibration algorithms. Furthermore, when
applying the proposed calibration algorithm to some existing
open-source odometry systems, we analyze the performance
of the proposed calibration model in terms of position estima-
tion accuracy, maximum error, reliability, and computational
efficiency. The experimental results fully demonstrate that the
proposed calibration model can improve position estimation
accuracy by approximately 40% while ensuring good safety
and reliability under high computational efficiency.

II. PROBLEM FORMULATION

Due to different preprocessing and initialization, each kind
of sensor data consumes different times, so the time they arrive
at the fusion module is generally different. It is crucial to
identify this bias for heterogeneous information fusion, which
is time calibration. On the other hand, the measurement of
each sensor is relative to its coordinate system, so the data
needs to be converted to the same coordinate system. Finding
the transformation parameters between different coordinate
systems is spatial calibration.

Overall, the proposed method uses the IMU coordinate as
the central coordinate, assuming each sensor’s time delay
and conversion parameters relative to the IMU coordinate
in advance. We use the temporal and spatial parameters to
predict the measured values at a certain time in the future.
Then, we subtract the actual measurement from the predicted
measurement to get an error. Finally, we use the nonlinear
optimization algorithm to find the minimum value of the
error to get the time and space parameters. In this way, we
can estimate time and space parameters within the theoretical
framework of maximum likelihood estimation.

On the one hand, regarding the time parameter, inspired by
the paper [29] published by Joern Rehder in 2016, we express
the time delay of other sensor data relative to IMU as a variable
quantity. Assuming the time delay is τ , we can describe the
error as Eq. (1):

ei = ft − hp,(t+τi) (1)

where, ft is the actual measurement at timestamp t, hp,(t+τi)

is the predicted measurement at the moment t. The predicting
model varies with the sensor. τi represents the time delay of
different sensor data, in the following sections: τg represents
the time delay of GNSS data, τl represents the time delay of
LiDAR data, and τc represents the time delay of visual data.
ei represents the error of different sensor data.
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On the other hand, regarding the spatial parameters, the
transformation matrix Ti,b(t) from other coordinate systems
i to the IMU coordinate system b is given by Eq. (2).

Ti,b(t) =

[
RRRi,b(t) ΥΥΥi,b(t)
000T 1

]
(2)

where, RRRi,b(t) and ΥΥΥi,b(t) respectively represent the 3×3 rota-
tion matrix and the 3×1 translation vector from the coordinate
system i to the coordinate system b.

The output frequency of the IMU data, usually around 200
Hz, is much higher than that of other sensor data, such as
the camera and LiDAR data (around 10 Hz), the GNSS data
(around 1 Hz). The schematic diagram of their relationship
is shown in Fig. 1. Nb denotes the number of the inertial
data, Nc represents the visual data, Nl represents the LiDAR
data, and Ng represents the GNSS data. Here, we adopt the
idea of the paper [29] to represent the data of IMU by a B-
spline function of sixth-order, which is a piecewise fifth-degree
polynomial. In this way, it avoids the complex operation and
the error caused by pre-integration and can calculate the time
and space parameters at any time.

Fig. 1. Comparison diagram of the relationship of the four sensors in our
paper and those in other studies. In other studies, the key difference lies in
the frequency of the output data, while in our paper the output frequency of
IMU is expressed by a set of analytic basis functions, which can predict the
IMU output data at any time

Therefore, the Eq. (2) can be expressed as Eq. (3):

Ti,b(t) =

[
ΓΓΓi,b(t) ΘΘΘi,b(t)
000T 1

]
(3)

where ΓΓΓi,b(t) = ΓΓΓi,b{ϕϕϕ(t)ηηη(i,φ)}, ΘΘΘi,b(t) = ϕϕϕ(t)χχχ(i,ν), ΓΓΓ(·)
is a function that transforms the orientation parameters to
the rotation matrix and ϕϕϕ(t) is a set of B-spline functions.
ηηη(i,φ),χχχ(i,ν) are the coefficient vectors of the spline function
ϕϕϕ(t) regarding sensor data i. Then, finding the spatial-temporal
parameters from the i coordinate system to the IMU coordinate
system turns into finding ηηη(i,φ) and χχχ(i,ν), where t includes
time delay τ .

In nonlinear optimization, the design and selection of the
residual block are crucial. Well-designed residual blocks can
provide good numerical stability and convergence performance
while capturing the critical differences between the estimated
and observed values. Therefore, The first key to the proposed
spatiotemporal calibration model is to design a predictive
model for sensor data, subtract it from the actual measure-
ments, and then obtain the residual module. The second key
is to utilize nonlinear optimization methods to solve for ηηη(i,φ)

and χχχ(i,ν). Here, it is essential to clarify that we utilize the
homogeneous coordinates system, as shown in Eq. (4).

PPP k =
[
xb yb zb 1

]⊤
(4)

III. ERROR MODEL AND SPATIOTEMPORAL CALIBRATION

Based on the above analysis, the design of the residual block
plays an important role in the accuracy of the time and space
parameters. In the following, we design the residual blocks of
GNSS, LiDAR and visual data relative to the IMU data.

A. Coordinate System And Transformation

The celestial coordinate systems involved in the paper
and the relationship between them are shown in Fig. 2.
The specific orientations of their coordinate axes and the
conversion between them can be referenced in [30]. It should
be noted, different from [30], we define that the ECEF (Earth-
Centered, Earth-Fixed) (F ) coordinate system and the ECI
(Earth-Centered Inertial) (I) coordinate system coincide at the
moment when the receiver receives the satellite signal. The

Fig. 2. Schematic diagram of the relationship between the coordinate system
I , the coordinate system F and the coordinate system U and the specific
orientation of their coordinate axes

sensor coordinate systems and the specific orientations of the
coordinate axes mentioned in the paper are shown in Fig. 3.
The carrier coordinate takes the center of the carrier as the
origin. The rotation between the carrier coordinate system and
the local coordinate system ENU (East-North-Up) (U ) , is the
carrier’s attitude, namely, roll, pitch, and yaw. In this paper,
we put the IMU sensor in the center of the carrier, so the
IMU coordinate system and the carrier coordinate system are
coincidental. In our system, we take the U coordinate system
as the world coordinate system, and at time t = 0, the carrier
coordinate system, the Inertial coordinate system, and the
world coordinate system coincide. As the carrier moves, the
carrier coordinate system and the Inertial coordinate system
b move together, and the world coordinate system remains
stationary.

B. Error Models Of Different Sensor Systems

In the following, we take GNSS, LiDAR, and visual data as
examples to elaborate the construction of their residual models.
The diagram is shown in Fig. 4.
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Fig. 3. Schematic diagram of the carrier coordinate system, the IMU
coordinate system, the GNSS coordinate system, the LiDAR coordinate
system and the camera coordinate system and the specific direction of their
axes

1) The processing of the IMU data: We adopt the output
model in [31], which includes the influence of gravity on
acceleration, as illustrated in Eq. (5) and Eq. (6).

ω̃ωω = ωωω + ι1 + υ1 (5)

ãaa = qqqbw(aaa+ ϑ) + ι2 + υ2 (6)

ωωω and aaa are the true values. ω̃ωω and ã̃ãa are the measured values. ι1
and ι2 are the deviations of acceleration and angular velocity,
and their derivatives follow the Gaussian distribution. υ1 and
υ2 are Gaussian white noise for acceleration and angular
velocity, respectively. ϑ represents gravitational acceleration.
qqqbw represents the quaternion transformation from the Inertial
coordinate system to the world coordinate system.

We can obtain the position PPP I
b of the IMU sensor by

adopting the algorithm in [32] combining the linear acceler-
ation and angular velocity. Then, we use B-spline functions
to interpolate the trajectory, making the trajectory continuous.
The B-spline functions and interpolation schematics are shown
in Fig. 5(a) and Fig. 5(b), respectively.

2) Error model of the GNSS raw data: Fig. 6 shows the
schematic construction of the optimization factor for GNSS
data. On the one hand, the receiver can obtain the travel time
of the signal from the satellite to the receiver by calculating
the number of pseudo-code offsets [33] through the correla-
tion peaks of the original code and the received code, then
multiplied by the speed of light σ, which we use as the actual
measurement. As shown in Eq. (7), N1 is the number of code.
ρ represents the time for each code chip. These are functions
of the GNSS receiver, not the focal point of our discussion,
so we won’t go into detailed elaboration.

Df = ρ ·N1 · σ (7)
Pseudo-range is not the accurate geometric distance, which
includes a variety of errors generated during signal generation,
propagation, and processing [34]. The errors at the satellite
signal generation end mainly come from orbit errors and clock
errors. Orbital errors come mainly from the influence of other
stars, which cannot be accurately modeled in ephemeris, and
the clock error is the error between the atomic clock on the
satellite and the standard system time, which is monitored by
the system control module and continuously corrected.

As the signal travels from the satellite to the receiver, it
passes through the ionosphere and troposphere; the propaga-
tion speed of the signal is no longer the propagation speed in
a vacuum. The signal will be delayed by the composition of
the atmosphere and the path it travels. Satellite signals take
different paths to reach the receiver, and this phenomenon is
called the multipath effect. When the satellite signal arrives,
the propagation time is obtained by comparing the emission
time annotated by the satellite atomic clock with the less
accurate local clock at the receiver. According to [34], there
is Eq. (8):
Dp = ∥PPP I

s −PPP I
r∥+ c(δr − δs) + T s

r + Isr +Ms
r + εsr (8)

T s
r , Isr , Ms

r , εsr are the effects of the troposphere, ionosphere,
multipath effect and white Gaussian noise on pseudo-range,
respectively, here represented by distance. δr and δs respec-
tively represent the clock errors of the GNSS receiver and
the satellite. PPP I

s , PPP I
r denote the ECI coordinate values of the

satellite and the receiver at the moment when the satellite
signal arrives at the receiver, respectively. [30] provides a more
detailed explanation of the GNSS receiver.

We multiply the coordinate values of the Inertial sensors PPP I
b

in the ECI coordinate system by the spatiotemporal parameters
Tb,g(t+τg) between the Inertial sensor and the GNSS receiver,
and this yields the coordinate values of GNSS receiver PPP I

r in
the ECI coordinate system. As shown in Eq. (9).

PPP I
r = Tb,g(t+ τg)PPP

I
b (9)

PPP I
s is the ECI coordinate of the satellite when the receiver

picks up the satellite signal. We define the ECI coordinate
system coincide with the ECEF coordinate system when the
receiver receives the signal. So, the ECI coordinates of the
satellite at the time of receiving the satellite signal are the
same as the ECEF coordinates, i.e., PPP I

s = PPPF
s . The ECEF

coordinates of the satellite when generating the signal, PPPF
s,1,

which is included in the ephemeris. However, due to the
rotation of the Earth, the ECEF coordinates of the satellite
at the reception time are not equal to that at the emission
time, that is, PPPF

s,1 ̸= PPPF
s .

From Fig. 2, it can be observed that the satellite’s ECEF
coordinates at the transmission time and reception time differ
by an angle corresponding to the Earth’s rotation. The angular
velocity of the Earth’s rotation ωe is known, and we have
already obtained the satellite signal propagation time from
ρN1. Therefore, we can derive the angle of Earth’s rotation,
θ = ωeρN1. Thus, the ECI coordinate of the satellite at the
receiving time can be obtained by the following Eq. (10):

PPPF
s = Rz(θ)PPP

F
s,1 (10)

where Rz(θ) represents a rotation about the z axis of the
ECEF frame with magnitude θ.

Therefore, for a set of GNSS raw data, the error model is
as shown in Eq. (11):

eg = Dp −Df

= ∥PPP I
s −PPP I

r∥+ c(δr − δs) + T s
r + Isr +Ms

r + εsr

− ρN1c

= ∥Rz(ωe(−ρN1))R
I
FPPP

F
s,1 −Tb,g(t+ τg)PPP

I
b∥

+ c(δr − δs) + T s
r + Isr +Ms

r + εsr − ρN1c

(11)
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Fig. 4. Schematic diagram of the calibration process of GNSS data, Visual data, LiDAR data, and Inertial data

(a)

(b)

Fig. 5. (a) B-spline functions; (b) Control points and the interpolated
trajectory

For Ng sets of GNSS raw data, we obtain the average error,
so the final error model is expressed as Eq. (12):

eg =
1

Ng

Ng∑
α=1

|Dp,α −Df,α| (12)

3) Error Model Of Visual Data: The construction of the
optimization factor of visual data is shown in Fig. 7.

For visual data, what can be measured directly is the

Fig. 6. Schematic diagram of optimization factor construction for spatiotem-
poral calibration parameters of GNSS raw data

Fig. 7. Schematic diagram of the construction of optimization factor for
spatiotemporal calibration parameters of visual data

coordinates of pixels on the image at different times in the
camera coordinate system. In addition, the ECI coordinates of
the Inertial sensor are known, such as PPP I

b,m+1 and PPP I
b,m. As

mentioned earlier, the ECEF coordinate system and the ECI
coordinate system coincide at the moment of GNSS signal
reception. Therefore, the coordinate values in the ECEF coor-
dinate system of the Inertial sensor at the reception moment are
equal to the coordinate values in the ECI coordinate system,
denoted as PPP I

b,m+1 = PPPF
b,m+1 and PPP I

b,m = PPPF
b,m. Then, we

apply Eq. (13) to convert the values of the Inertial sensor from
the ECEF coordinate system to the ENU coordinate system.

PPPU
b,m = RU

FPPP
I
b,m (13)
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Where RU
F represents the transformation from the ECEF

coordinate system to the ENU coordinate system [30], as
shown in Eq. (14).

RU
F =

− sin ϱ1 − sin ϱ2 cos ϱ1 cos ϱ2 cos ϱ1
cos ϱ1 − sin ϱ2 sin ϱ1 cos ϱ2 sin ϱ1

0 cos ϱ2 sin ϱ2

 (14)

ϱ1 and ϱ2 denote the longitude and latitude of the reference
point, respectively.

Then, by multiplying with the spatiotemporal parameters
Tb,c(t + τc) between the Inertial sensor and the camera, we
obtain the coordinates of the camera in the world coordinate
system PPPU

c,m, as shown in Eq. (15).
PPPU

c,m = Tb,c(t+ τc)PPP
U
b,m (15)

We map this landmark point PPPU
c,m to the pixel plane at the

time m through projection to find out the corresponding pixel
coordinates, as shown in Eq. (16) and πππc is the projection
function of the camera.

ym = πππc(Tb,c(t+ τc)PPP
U
b,m) (16)

Then, we find the corresponding point of the current frame
m on the next frame m + 1 by the feature points matching
algorithm and define this point as the actual measurement, as
shown in Eq. (17).

yf,m+1 ⇔ FeatureMatching(ym) (17)
This paper first extracts ORB (Oriented FAST and Rotated
BRIEF) feature points [35] from visual images. Only when the
landmark point is projected to pixels corresponding to ORB
feature points is it selected to participate in the reprojection
process and feature-matching algorithm. ORB feature points
combine two algorithms: FAST (Features from Accelerated
Segment Test) [36] and BRIEF (Binary Robust Independent
Elementary Features) [37].

ORB feature points locate areas of high-intensity variation
in the image, and the generated descriptors grant ORB feature
points rotational invariance, enabling them to maintain good
performance even when the image undergoes rotation, which
makes them highly effective in feature matching. Fig. 8(a)
shows the ORB feature extraction results for KITTI 00 [38]
sequence. As shown in Fig. 8(b), this is the matching results
of ORB feature points.

(a) (b)

Fig. 8. (a) ORB feature point extraction results of a specific image of the
KITTI dataset; (b) ORB feature points matching results of different images
at different times of the Malaga dataset for the same place

We can obtain the predicted world coordinates of the camera
at the m+ 1 frame, as shown in Eq. (18).

PPPU
c,m+1 = Tb,c(t+ τc)PPP

U
b,m+1 (18)

The predicted pixels of the predicted landmark points on the
m+1 frame can be obtained through the projection algorithm.
As shown in Eq. (19):

yp,m+1 = πππc(PPP
U
c,m+1)

= πππc(Tb,c(t+ τc)PPP
U
b,m+1)

(19)

Therefore, for a single ORB feature point, the error is as
Eq. (20):

ec = yp,m+1 − yf,m+1

= πππc(Tb,c(t+ τc)PPP
U
b,m+1)

− FeatureMatching(πππc(Tb,c(t+ τc)PPP
U
b,m))

(20)

If there are Nc sets of successfully matched ORB feature
point pairs on the m + 1 frame and the m frame, the error
model of visual data is as shown in Eq. (21):

ec =
1

Nc

Nc∑
β=1

|yp,β − yf,β | (21)

4) Error Model Of LiDAR Points Cloud: For the LiDAR
points cloud, what is already known is the position of the
scanning points at the scanning time. For example, the points
cloud representation of malaga2009 campus 2L is shown in
Fig. 9, Fig. 10, Fig. 11 and Fig. 12 respectively, which depict
the LiDAR points cloud in three-dimensional display, two-
dimensional display, and two-dimensional depth display. We

Fig. 9. Points cloud representation of the LiDAR points cloud for
malaga2009 campus 2L in the Malaga dataset

Fig. 10. Three-dimensional visualization of the LiDAR points cloud for
malaga2009 campus 2L in the Malaga dataset

Fig. 11. Two-dimensional visualization of the LiDAR points cloud for
malaga2009 campus 2L in the Malaga dataset

Fig. 12. Two-dimensional depth visualization of the LiDAR points cloud for
malaga2009 campus 2L in the Malaga dataset
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Fig. 13. Illustration of the relationship between the LiDAR sensor coordinates
and the points cloud coordinates

employ the method [39] to calculate the curvature of the points
cloud, as shown in Eq. (22).

Ω =
1

|S|∥PPPL
k,i∥

∥
∑

j∈S,j ̸=i

(PPPL
k,i −PPPL

k,j)∥ (22)

Ω denotes the curvature value of the i point on the k beam.
|S| is the set of consecutive points of i returned by the laser
scanner in the same scan. Here, PPPL

k,i represents the three-
dimensional coordinates of the points cloud in the LiDAR
coordinate system. The points are divided into surface and
corner points according to their curvature values. We then
compute the distance of the points to the previous scan plane
or line. There are different distance calculation formulas for
corner points and surface points [39], as shown in Eq. (23)
and Eq. (24), respectively. If it is a corner point, the distance
is from the point to the line; Otherwise, it refers to the
distance to the surface. We refer to this distance as the actual
measurements.

dε =
|(PPPL

k,n −PPPL
k−1,u)× (PPPL

k,n −PPPL
k−1,v)|

|(PPPL
k−1,u −PPPL

k−1,v)|
(23)

dζ =

∣∣∣∣ (PPPL
k,n −PPPL

k−1,v)

(PPPL
k−1,u −PPPL

k−1,v)× (PPPL
k−1,u −PPPL

k−1,w)

∣∣∣∣
|(PPPL

k−1,u −PPPL
k−1,v)× (PPPL

k−1,u −PPPL
k−1,w)|

(24)

The distance should be constant in different coordinate sys-
tems. We use the symbol dε(PPPL

k,n) or dζ(PPPL
k,n) to denote the

distance, as shown in Eq. (25). We refer to them as the actual
distance measurements.

df−c = dε(PPP
L
k,n), df−s = dζ(PPP

L
k,n) (25)

The position of the IMU at the next scanning time is known,
and the position of the LiDAR sensor in the world coordinate
system at the next time can be obtained by the spatiotemporal
parameters Tb,l(t+τl) from the LiDAR to the IMU, as shown
in Eq. (26).

PPPU
l = Tb,l(t+ τl)R

U
FPPP

I
b (26)

Now, we need to obtain the predicted position of the LiDAR
points cloud at time k based on the predicted position of
the LiDAR sensor in the world coordinate system. Fig. 13
illustrates the relationship between the LiDAR sensor position
and the points cloud position.

In the LiDAR coordinate system, the coordinate of the
LiDAR sensor is at the origin. Therefore, the LiDAR points
cloud coordinates in the LiDAR coordinate system represent
the offset of the points cloud relative to the LiDAR sensor.
So, the coordinates of the LiDAR points cloud in the world

coordinate system are obtained by adding the coordinates of
the LiDAR sensor and the coordinates of the LiDAR points
cloud, as shown in Eq. (27).

PPPU
k,i = PPPL

k,i +PPPU
l (27)

Combining with Eq. (26), the coordinates of the LiDAR points
cloud in the world coordinate system at time k is as shown in
Eq. (28).

PPPU
k,i = PPPL

k,i +Tb,l(t+ dl)R
U
FPPP

I
b (28)

Then we plug this predicted position into the distance cal-
culation formulas to get the predicted distance dp = dε(PPP

U
k,i)

or dp = dζ(PPP
U
k,i). Therefore, the error model of the LiDAR

data is shown in Eq. (29).

el =
1

Nl

Nl∑
κ=1

|dp,κ − df,κ| (29)

Where Nl represents the number of points.

C. Spatiotemporal Calibration With Nonlinear Optimization
According to the above analysis, the overall cost function

is as shown in Eq. (30):

Ψ =
1

Ng

Ng∑
α=1

|Dp,α −Df,α|+
1

Nc

Nc∑
β=1

ωβ |yp,β − yf,β |

+
1

Nl

Nl∑
κ=1

|dp,κ − df,κ|

(30)

Please note that the term ωβ represents the weight. This weight
balances the influence of the other two terms, distance errors,
with the term representing coordinate errors. We aim to ensure
that these terms similarly impact the optimization variables.
This weight is obtained through adaptation. The variables need
to be optimized include: Tb,l(t + τl), Tb,c(t + τc), Tb,g(t +
τg). According to Eq. (3), we can transform the problem into
solving: ηηη(l,φ), χχχ(l,ν), ηηη(c,φ), χχχ(c,ν), ηηη(g,φ), χχχ(g,ν), τl, τc, τg .
Since the cost function contains three types of errors, each
with multiple instances, it is inevitable to encounter numerous
outliers. These outliers can significantly affect the accuracy of
the final optimized variables. Therefore, we employ the loss
kernel function to handle these outliers, aiming to eliminate
their influence on the final optimized results.

Then, the most crucial step is to calculate the iteration step
length. The Gauss-Newton method utilizes the Eq. (31) to
calculate the iteration step size.

(H+ λI)△X = g (31)
Here, H represents the second derivative, and g represents

the first-order derivative of the cost function. The range of the
value for λ is from 0.1 to 0.5. Here, we present the process of
solving the spatiotemporal parameters of GNSS raw data. The
same approach can be applied to other sensor data. According
to the cost function, seven variables should be optimized. We
choose the cost function’s first and second derivatives that
incorporate the seven iteration step sizes. When taking the
derivative of the cost function concerning one iteration step
size, the other six iteration step sizes are treated as known
values. This way, we can obtain seven equations involving the
seven iteration steps. As shown in Eq. (32).

(
∂2Ψ

∂2△xi
+ λI)△xi =

∂Ψ

∂△xi
(i = 1, 2, . . . , 7) (32)



8

The value x1, x2, x3, x4, x5, x6, x7 represents the three
dimensions of vectors ηηη(g,φ) and χχχ(g,ν) respectively along with
a time deviation τg . ∂2Ψ

∂2△xi
is the second derivative of the cost

function Ψ, denoted as H in Eq. (31) and ∂Ψ
∂△xi

is the first
derivative of the cost function Ψ, denoted as g in Eq. (31).
∂2Ψ

∂2△x1
is the second derivative of the cost function when

treating △x1 as an unknown variable and (△x2, . . . ,△x7) as
known variables. The other equations are similar. In this way,
we can obtain seven equations that involve (△x1, . . . ,△x7).
By simultaneously solving these seven equations, we can
determine the specific value of (△x1, . . . ,△x7). Then, we
obtain the next variable value by combining this step size
with the previous value. We substitute this value into the cost
function to evaluate whether the obtained result satisfies the
convergence criteria, as shown in Eq. (33).

∥Ψ∥ ≤ 10−9 (33)
If the convergence condition is satisfied, we stop the com-

putation. Otherwise, we continue calculating the step size and
iterating. In the optimization, considering the computational
time constraints in practical scenarios, we set the maximum
number of iterations to 100. If, after 100 iterations, the final
optimized result still does not meet the requirements of the
convergence criteria, we will reset the initial values and restart
the iteration again.

Finally, when the convergence criterion is met, the opti-
mized variables and the last iteration’s step size constitute our
final optimization result. This is because when calculating the
step size, we use the derivative of the cost function with the
addition of the step size.

IV. MODEL VERIFICATION

In this section, we evaluate the proposed calibration model
from two aspects. Firstly, we assess the accuracy and uncer-
tainty of the spatiotemporal parameters. Secondly, we examine
the robustness against IMU noise.

A. Accuracy Of The Spatiotemporal Parameter Model

The simulated sensor setup consists of one monocular
camera and one LiDAR sensor with 16 scan lines, an Inertial
sensor, and a GNSS receiver. The camera has a resolution
of 1600 by 1200 and a focal length of 1032 px. The input
frequency settings for Visual, GNSS, and LiDAR data are 20
Hz, 1 Hz, and 10 Hz, respectively. We represent the position
curve of IMU by using 50 basis functions per second [40].
All visual feature points add white noise with a standard
deviation of 0.5 pixel. We use the method in [41] to obtain the
intrinsic parameter of the camera. Here, we use the algorithm
in Toolbox1 to calculate the approximate position of each
image as our initial values.

Here, we use the GPS satellite data from reference [42]
as the actual GNSS raw data. We use points cloud recorded
from an actual LiDAR sensor for the ranging data. Then,
we interpolate these points cloud to get the data used in the
simulation. The IMU and camera are rigidly connected, and
we adopt the Internal noise parameters of IEEE Aerospace

1http://www.vision.caltech.edu/bouguetj/calib doc/

and Electronic Systems Society analysis [31] attached to the
accelerometer and gyroscope, respectively. First, we preset the
time deviation, translation parameter, and rotation parameter
of the camera, LiDAR, and GNSS data relative to the IMU
sensor and then use the proposed algorithm to estimate these
parameters. We set the Monte Carlo simulation to 500 times
and the time offset range to be −5ms ∽ 5ms. We plot the
histogram distribution of the estimation errors, as shown in
Fig. 14(a). It can be observed that the distribution of estimation
errors follows a Gaussian distribution. Fig. 14(b) presents the
statistical results of estimation errors in the time offset relative
to IMU data for visual, LiDAR, and GNSS raw data.
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Fig. 14. (a) Histogram and Gaussian distribution plot of estimation errors in
the time offset of visual data relative to IMU data; (b) Gaussian distribution
results of estimation errors in the time offset of visual data, LiDAR data and
GNSS raw data relative to the IMU data

Using the same method, we analyzed the estimation errors
of the rotational and translational parameters of visual data,
LiDAR data, and GNSS raw data relative to the IMU data, as
shown in Table I. According to Table I, the proposed model
can correctly estimate the time offset of any combination
of sensors. Its standard deviation (0.03, 0.04, 0.05) (ms) is
smaller than that of reference [40] 0.14 (ms), indicating that
the proposed model can correctly estimate the time offset of
any sensor relative to the IMU sensor. Its error is within the
acceptable uncertainty range.

As for the estimation error of translation, for visual and
LiDAR data, the maximum error is 0.65 (mm), which is
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TABLE I
ESTIMATED RESULTS OF DIFFERENT SENSOR COMBINATIONS, G

REPRESENTS THE PRESET BASELINE, Eµ REPRESENTS THE MEAN OF THE
ESTIMATION ERRORS AND Eσ REPRESENTS THE STANDARD DEVIATION

OF THE ESTIMATION ERRORS

Sensor Type Result

Vison

τl

G 0
Eµ 0
Eσ 0.03

Tb,c

ΥΥΥb,c

G
[
56 94 −28

]
Eµ

[
0.15 0.84 −0.56

]
Eσ

[
0.23 0.65 0.11

]
RRRb,c

G
[
35◦ 76◦ 163◦

]
Eµ

[
0.0021◦ 0.0053◦ 0.0002◦

]
Eσ

[
0.0041◦ 0.0026◦ 0.0061◦

]

LiDAR

τl

G 0
Eµ 0
Eσ 0.04

Tb,l

ΥΥΥb,l

G
[
13 39 154

]
Eµ

[
0.26 0.65 −0.33

]
Eσ

[
0.43 0.15 0.81

]
RRRb,l

G
[
76◦ 125◦ 43◦

]
Eµ

[
0.0047◦ 0.0033◦ 0.0025◦

]
Eσ

[
0.0032◦ 0.0014◦ 0.0027◦

]

GNSS

τl

G 0
Eµ 0
Eσ 0.05

Tb,g

ΥΥΥb,g

G
[
−86 23 −147

]
Eµ

[
−1.92 2.45 −2.42

]
Eσ

[
0.64 0.78 0.31

]
RRRb,g

G
[
38◦ 87◦ 82◦

]
Eµ

[
0.0003◦ −0.0024◦ 0.0042◦

]
Eσ

[
0.0014◦ 0.0032◦ 0.0057◦

]
1 The time variable is measured in ms, the translational variable is in mm

and the rotational variable is in degree.

smaller than reference [17], whose error is basically more than
1 (mm), and it is also smaller than the maximum estimation
error in reference [40], that is 0.73 (mm). All these indicate
that compared with the calibration model in reference [40]
and [17], the translation parameter estimated by the proposed
model is more accurate. Moreover, the maximum standard
deviation is 0.81 (mm), which is less than 0.98 (mm) in [40].
Therefore, it can be inferred that the uncertainty range of
translation estimation for visual and LiDAR data is smaller
than that in [40], which is within a reasonable and acceptable
range. For GNSS raw data, the mean estimation error is around
2.5 (mm). While this is slightly larger than the estimation
errors of visual and LiDAR data, it is still within an acceptable
range.

As for the rotation parameter, its maximum error is 0.0053◦,
which is lower than that in [17], except for the interpolation
case, and it is also smaller than the maximum error in [40]
0.0098◦. Therefore, we can conclude that the accuracy of
the proposed algorithm is higher than that of references [40]
and [17]. The maximum standard deviation of estimation error
is 0.0061◦, which is also less than 0.0086◦ in [40]. Therefore,
the error uncertainty of the estimated value is also within
a reasonable and acceptable range. In summary, it can be
concluded that the proposed spatiotemporal calibration model
is better than [40] and [17] regarding accuracy and uncertainty.

B. Robustness To Noise in IMU Data

As mentioned earlier, as shown in Eq. (5) and Eq. (6), IMU
data is easily influenced by Gaussian white noise υ1, υ2 and
random errors ι1, ι2, which cause error accumulation easily
and affect the quality of spatiotemporal parameters. Therefore,
we need to consider the robustness of the proposed calibration
model to noise in the IMU data. We add a certain proportion
of noise to the raw data of the IMU. υ1, υ2 and ι̇1, ι̇2 follow
a normal distribution, and we assume the mean values for
the first set of noise to be µ1, µ2, µι1 , µι2 . The mean values
for the second and third sets of noise are 2{µ1, µ2, µι1 , µι2}
and 3{µ1, µ2, µι1 , µι2}. The variance remains unchanged. We
conduct 500 simulations on each group of IMU data with
noise and make statistics on the estimated errors to test the
robustness of the proposed calibration model to IMU noise.

For the convenience of comparison, we unify the vector
form of the estimation errors of the rotation and translation
parameters into the scalar form. We calculate the mean value
of the sum of squares of each dimension of the errors and
then take the root mean square of the results. Finally, all the
estimated errors under each noise are counted and represented
by a box plot. Fig. 15(a), Fig. 15(b) and Fig. 16(a) are
box plots of the statistical results of the estimated errors
of time offset, rotation parameter and translation parameter
respectively.

As seen from Fig. 15(a), with the noise increase, the median
line and maximum value slightly rise. For example, for the
calibration error of GNSS data, the maximum values are 0.14
(ms), 0.15 (ms) and 0.16 (ms) respectively. According to [40],
the standard deviation is about 0.14 (ms). According to this
standard, the increase of 0.01 (ms) is within the range of
error uncertainty, which indicates that the estimation error of
time offset does not change much with the increase of noise.
Therefore, the time parameter of the proposed spatiotemporal
calibration model is not sensitive to the change in noise
intensity, and it has a certain resistance to IMU noise.

From Fig. 15(b), it can be observed that when the mean of
noise in IMU data is twice of the original noise, the estimation
errors do not increase significantly. However, when the mean
of noise in IMU data triples of the original noise, outliers
become significant, with GNSS data being the most affected.
Fig. 16(a) shows that when the mean of noise in IMU data
doubles, the translation estimation errors of visual data and
LiDAR data are relatively small. In contrast, when the mean of
noise in IMU data triples, outliers in GNSS data significantly
increase, with most estimation errors exceeding 3.5 (mm).
Therefore, the proposed calibration algorithm exhibits a certain
level of robustness to noise in the raw data of the IMU.

V. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the proposed
calibration model in terms of scale and position estimation
accuracy using the simulated data. We also apply the proposed
algorithm to some open-source programs for performance
evaluation using the publicly accessible datasets.
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Fig. 15. (a) Statistical results of estimation errors of time parameters under
three kinds of IMU noise; (b) Statistical results of estimation errors of rotation
parameters under three kinds of IMU noise

A. Performance Of Position Estimation

We accurately model LiDAR and visual data and use the
GPS satellite data from reference [42]. The input frequencies
for visual and LiDAR data are 20 Hz and 10 Hz, respectively.
A white noise with a standard deviation of 0.5 pixel is added
to all visual feature points. IMU and camera are rigidly
connected, and we add noise to the IMU data with one-
tenth the intensity of the raw data to the accelerometer and
gyroscope, respectively. The LiDAR points cloud is accom-
panied by a white noise with a standard deviation of 0.5
(mm). By controlling the input of the time parameter and space
parameter derived from the proposed model in the paper, we
conduct experiments under the following four conditions: w/o
time and space parameters, w/o time and w/ space parameters,
w/ time and w/o space parameters; w/ time and w/o space
parameters. The other conditions in the simulation remain
the same. The simulation results are shown in Fig. 17(a),
Fig. 17(b), Fig. 17(c) and Fig. 17(d).

It can be seen from the comparison between Fig. 17(b) and
Fig. 17(c) that the estimated trajectory is closer to the reference
trajectory after the time parameter is added, indicating that
the addition of the proposed time parameter improves the
position estimation accuracy of the fusion system. By com-
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Fig. 16. (a) Statistical results of estimation errors of translation parameter
under three kinds of IMU noise; (b) The RMSE values for position estimation
errors, using the proposed calibration algorithm and without it, in the actual
programs with the real-world data as input

paring Fig. 17(b) and Fig. 17(d), it can be concluded that
the proposed spatial parameters effectively improve position
estimation accuracy.

We run 500 simulations and count all the errors to draw
CDF (Cumulative Distribution Function) in four cases, as
shown in Fig. 18(a). It can be seen that the errors of position
estimation are about 1 (m) at most when the time and space
parameters are added, while those are more than 15 (m) when
the time and space parameters are not adopted. The position
estimation errors are slightly improved by adding any of the
parameters. The RMSE results of position estimation errors
under the four conditions are shown in rows 2 to 5 of Tabel. II.

After adopting the time and space calibration of the pro-
posed model, the position estimation accuracy of the fusion
system is significantly improved, which is about 21 times
lower than the RMSE value without calibration. The proposed
space-time calibration models of the GNSS, LiDAR, and
visual data are theoretically feasible and effective.

B. Performance Of Scale Estimation

Monocular cameras are popular in low-cost fusion systems
due to their simple structure and low cost. However, it is
impossible to determine an object’s actual size in a single
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Fig. 17. (a) W/ time and W/ space parameters; (b) W/O time and W/O space
parameters; (c) W/ time and W/O space parameters; (d) W/O time and W/
space parameters
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Fig. 18. (a) Schematic diagram of statistical results of position estimation
errors under four conditions; (b) The statistical analysis results of scale
estimation error in four cases

TABLE II
RMSE OF ESTIMATION ERRORS UNDER DIFFERENT CONDITIONS

Mode Mode of comparison RMSE (m)

Sim

Pos

W/ time and W/ space 0.83280.83280.8328
W/ time and W/O space 10.7247
W/O time and W/ space 11.5641

W/O time and W/O space 17.8529

Sca

W/ time and W/ space 0.06720.06720.0672
W/O time and W/ space 0.1834
W/ time and W/O space 0.1783

W/ Otime and W/O space 0.2346

Exp Implemented

GVINS W/ 2.18302.18302.1830
W/O 3.700 [30]

ORB-SLAM3 W/ 0.04150.04150.0415
W/O 0.0750 [35]

LVI-SAM W/ 2.47052.47052.4705
W/O 4.0500 [43]

1 Sim represents simulation, Exp represents experiment, Pos represents
position, and Sca represents scale.

image. The relative depth of the object can be measured by
the parallax formed by the camera’s motion. However, the
trajectory and map estimated by monocular SLAM will differ
from the actual trajectory and map by a factor of scale. The
image cannot determine the accurate scale alone, called scale
uncertainty. In the simulation, we design a fusion system of
a monocular camera, LiDAR points cloud, and Inertial data,
and the IMU data is used to assist the LiDAR points cloud
for distortion correction and visual feature points for tracking.
This fusion system aims to design a depth estimation algorithm
for a spatial rectangular plane of unknown size.
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The primary premise of the fusion system is spatiotemporal
calibration. By controlling the time and space parameters
derived from the space-time calibration model proposed in the
paper, we simulate in the following four situations: w/o time
and w/o space parameters, w/ time and w/o space parameters,
w/o time and w/ space parameters, w/ time and w/ space
parameters. Other conditions are consistent in the simulation.
The original picture is shown in Fig. 19, and the simulation
results are shown in Fig. 20. As seen from Fig. 20, A, B,

Fig. 19. Original image for scale estimation

C, and D represent scale estimations of the same location
under four different conditions. It is evident that when both
temporal and spatial parameters are present, as in point D,
the estimation is more refined, indicating a higher accuracy in
scale estimation. Points B and C show slightly higher accuracy
in scale estimation compared to point A. Therefore, either
temporal or spatial parameters can enhance the accuracy of
scale estimation. In order to facilitate quantitative analysis,
we conduct 500 simulations and count all the scale estimation
errors in four cases. The results are shown in Fig. 18(b).

Fig. 18(b) shows that the maximum scale estimation error
after adding spatiotemporal parameters is about 0.13 (m). Most
of the errors are concentrated between 0 (m) and 0.04 (m) ,
while the scale estimation errors without them are basically
above 0.15 (m), and most of them are concentrated between
0.2 (m) and 0.25 (m). After adding any of these parameters,
the precision of scale estimation is improved slightly, but the
effect is still not ideal. This shows that both time and space
parameters are essential for the precision of scale estimation.
The RMSE values of the scale estimation errors are shown
in rows 6 to 9 of Table. II. The precision of scale estimation
without temporal and spatial calibration is about 3.5 times
higher than that with temporal and spatial calibration. It is
proved that the proposed space-time calibration models play a
vital role in improving the precision of scale estimation, and
the proposed calibration models of LiDAR data and visual
data are feasible and effective in improving the accuracy of
scale estimation in theory.

C. Performance of applications in real-world projects

In this section, we validate the application performance of
the proposed calibration model using the publicly available
datasets in the actual open-source programs. The experiments

in this paper are conducted on a laptop configured with a 7-
1165G7 processor at 2.800GHz and 32GB of RAM.

1) Applied to GVINS: GVINS [30] is a nonlinear optimized
fusion system of tightly coupled GNSS raw measurements,
visual data, and Inertial data. The first step of the fusion
system is to calibrate the GNSS raw measurements, visual
data, and Inertial data. We compare the estimated trajectories
with and without the proposed calibration algorithm with
the complex-environment dataset2 of GVINS as input. The
complex-environment dataset is a collection of GNSS raw
measurements and ground truth by Shen Shaojie’s team at
the Hong Kong University of Science and Technology, which
contains GNSS raw measurement, visual, and Inertial data.
The total time taken by the proposed calibration algorithm is
9.8 (ms). The estimated trajectory is shown in Fig. 21.

We conduct a statistical analysis of all position estimation
errors, and their RMSE values are presented in the 10th row of
Tabel. II, as shown in Fig. 16(b). Therefore, we can conclude
that, in practical open-source programs, using the proposed
calibration algorithm can improve position estimation accuracy
by about 41%.

2) Applied to ORB-SLAM3: ORB-SLAM3 [35] is a tightly
coupled fusion system of the visual and Inertial data. Firstly,
the space-time calibration of visual and Inertial data is carried
out. In this section, we use the MH-04-difficult dataset of
EuRoC3 as input, run the ORB-SLAM3 program and compare
position estimation errors in both scenarios, with the proposed
calibration algorithm and without the proposed calibration
algorithm. The EuRoC dataset is a Vision/Inertial dataset
collected on a miniature aircraft (MAV). The frame rate is
100Hz, which can achieve millimeter accuracy, which we use
as the baseline position. The total time taken by the proposed
calibration algorithm is 3.9 (ms). The estimated trajectory of
ORB-SLAM3 with the proposed calibration model is shown
in Fig. 22.

The RMSE values of the position estimation errors are
shown in lines 12 and 13 of Table. II, as shown in Fig. 16(b).
For ease of observation, we magnify the RMSE values by a
factor of 20 here. Similar to the previous analysis of GVINS,
we can conclude that the proposed calibration algorithm for the
visual data can improve the accuracy of position estimation by
about 45% compared to that without the proposed calibration
algorithm.

3) Applied to LVI-SAM: LVI-SAM [43] is a tightly coupled
fusion system of LiDAR-Vision-Inertial data. The first step is
to calibrate the LiDAR, visual, and Inertial data. In this sec-
tion, we input the Jackal dataset4, run the LVI-SAM program,
and compare the position estimation errors. The Jackal dataset
is gathered by mounting the sensor suite on a Clearpath Jackal
uncrewed ground vehicle (UGV), which includes a feature-rich
environment, beginning and ending at the same position. The
total time taken by the proposed calibration algorithm is 6.2
(ms). The estimated trajectory of LVI-SAM using the proposed
calibration model is shown in Fig. 23.

2http://https://github.com/HKUST-Aerial-Robotics/GVINS-Dataset/
3https://projects.asl.ethz.ch/datasets/doku.php?id=kmavvisualinertialdatasets
4https://github.com/TixiaoShan/LVI-SAM
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Fig. 20. Scale estimation results under four conditions: W/O time and W/O space parameters; W/ time and W/O space parameters; W/ time and W/O space
parameters; W/ time and W/ space parameters

Fig. 21. The comparison between the reference trajectory and the estimated
trajectory obtained by applying the proposed calibration model to the GVINS
program using the complex environment dataset as input

The RMSE values of the position estimation errors are
shown in lines 14 and 15 of Table. II. According to the same
analytical logic of GVINS and ORB-SLAM3, we can see that
the proposed LiDAR-visual-inertial calibration algorithm can
improve the position estimation accuracy of the fusion sys-
tem by 39% compared that without the proposed calibration
algorithm.

Safety and reliability are crucial aspects for applications
such as autonomous driving and drones, as any errors or
instability can lead to serious consequences. Therefore, we
use maximum error to assess the safety of the proposed
algorithm and calculate the confidence intervals of the position
estimation errors to determine its reliability. The maximum

Fig. 22. The comparison between the reference trajectory and the estimated
trajectory obtained by applying the proposed calibration model to the ORB-
SLAM3 program with the MH-04-difficult dataset as input

error of the proposed calibration algorithm when applied to
GVINS is 2.357 (m), with the 95% confidence interval of
2.057 + 0.234 (m), where 2.057 (m) is the average estimated
error; when applied to ORB-SLAM3, the maximum error is
0.053 (m), with the confidence interval of 0.0406 + 0.024 (m);
and when applied to LVI-SAM, the maximum error is 2.638
(m), with the confidence interval of 2.324 + 0.286 (m).

The maximum error values from the application of the
proposed algorithm to actual programs indicate that the system
does not pose a danger or loss in the event of anomalies,
demonstrating good safety. The error bar chart of the con-
fidence intervals is shown in Fig. 24. The 95% confidence
intervals indicate that after applying the proposed algorithm
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Fig. 23. The comparison between the reference trajectory and the estimated
trajectory obtained by applying the proposed calibration model to the LVI-
SAM program using the Jackal dataset as input

to actual programs, the system can consistently output accu-
rate and consistent data over long-term use, indicating high
reliability.
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Fig. 24. The confidence interval for the position error of the proposed
algorithm applied to practical programs. For easier observation, the confidence
interval for the position estimation error after applying the proposed algorithm
to the ORB-SLAM3 program is magnified by 20 times

VI. CONCLUSIONS AND FUTURE RESEARCHES

This paper proposes a spatiotemporal calibration algorithm
for the fusion system of GNSS data, LiDAR data, and vi-
sual data, using the IMU sensor as the central coordinate
system. Through simulations, it verifies that the accuracy of
the spatiotemporal parameters and the error uncertainty of
the proposed algorithm outperform existing methods. Addi-
tionally, experimental results demonstrate the robustness of
the proposed calibration model against noise in IMU data.
By applying the proposed calibration algorithm to three real
programs with actual datasets, its superior performance is val-
idated in terms of position estimation accuracy, computational
efficiency, safety, and reliability. In the future, we will explore
additional types of sensor data and design their optimization
factors relative to the IMU data.
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