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Abstract—Spatiotemporal calibration is an essential problem
in the fusion system with heterogeneous multi-source information.
Therefore, a universal spatiotemporal calibration algorithm for
heterogeneous information is much needed. This paper proposes
a universal spatiotemporal calibration technique with the inertial
sensor as the central coordinate system. Firstly, it employs a high-
order spline interpolation method to transform the output data
of the inertial sensor into a continuous form. Subsequently, the
calibration model is established by combining the output data
from other sensors. The paper provides detailed descriptions
of the spatiotemporal calibration models for LiDAR (Light
Detection and Ranging) data, and visual data, respectively. In
the simulations, the proposed calibration models are applied to
existing open-source programs using publicly available datasets.
The results demonstrate that, with the adoption of the proposed
calibration algorithm, the position estimation accuracy of the
fusion system can be improved by 39%.

Index Terms—Spatiotemporal calibration, Vision, LiDAR, In-
ertial

I. INTRODUCTION

ULTTI-source fusion is an irreplaceable method in motor

vehicles to achieve precise positioning. It is necessary
to transform the measurements to a unified spatio-temporal
reference frame through calibration. Without temporal and
spatial registration and directly fusing data, the positional
estimation results would have more significant errors, making
fusion less preferable. Hence, temporal and spatial registration
for heterogeneous information is necessary for data fusion.
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Space-time calibration has always been a research topic of
great concern to researchers.

1) Calibration For Specific Combinations: [1] proposes
calibration methods for camera-LiDAR (Light Detection and
Ranging). Fuzhang Han [2] proposes a spatiotemporal calibra-
tion method for a LVLVS (Line structured light vision sensor).
In literature [3], the authors proposed a calibration method for
GPS (Global Positioning System), visual, and inertial data.

2) Calibration Depending On The Scene: The method [4]
requires spherical objects in the scene. In [5], spatial param-
eters are solved using a checkerboard by combining 3D lines
and plane correspondences with a minimal number of poses.
The calibration method for the IMU (Inertial Measurement
Unit) in [6] requires the assistance of a moving horizon scheme
to estimate parameters.

3) Calibration For Different Output: Lipu Zhou in [5],
[7] only calculates the spatial parameters, ignoring the cal-
culation of time parameters. Fuzhang Han [2] proposes a
spatiotemporal calibration method for LVLVS, divided into
two stages, which will lead to the accumulation of errors and
eventually affect the accuracy of spatiotemporal parameters.
In [8], the calibration method proposed for GNSS (Global
Navigation Satellite System) raw data, visual data, and inertial
data outputs includes translation parameters and yaw angle
estimation, with no estimation of time parameters.

Therefore, for fusion systems dealing with heterogeneous
information, it is urgent and crucial to choose a universal
spatiotemporal calibration method that is not dependent on
the scene and can adapt to the increasing variety of sensor

types.

II. OUR CONTRIBUTION

Inspired by [9], this paper proposes a universal spatiotem-
poral calibration method based on nonlinear optimization
centered around the IMU sensor’s coordinate system.

e The proposed model is scene-agnostic and combines
time and spatial parameters through high-order spline



interpolation of IMU data, irrespective of sensor type.
Therefore, it is theoretically applicable to any sensor data.

o We employ the re-projection principle to build the cali-
bration model for visual data, and utilize point-to-line or
point-to-plane distances to establish the calibration model
for LiDAR point clouds.

o The simulation results show that applying the proposed
calibration algorithm to some existing open-source odom-
etry systems can improve position estimation accuracy
by 39%, which fully demonstrates the feasibility of the
proposed calibration model in practical applications.

III. PROBLEM FORMULATION

On the one hand, regarding the time parameter, inspired by
the paper [10] 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 d, we can describe the
error expression as Eq. (1):

€j =Yj — Ny, (t;+d) (1

where, y; is the actual measurement at timestamp ¢;, by, (¢, )
is the predicted measurement at the moment ¢;. The predicting
model varies with the sensor.

On the other hand, regarding the spatial parameters, the
transformation matrix from other coordinate systems k to the
IMU coordinate system b is given by Eq. (2).

Tk,b(t) _ [Rﬁg(t) thi(t)} 2)

Here, we adopt the idea of the paper [10] to represent the
data of IMU by a B-spline function of sixth-order.
Therefore, the Eq. (2) can be expressed as Eq. (3):

Tis(t) = [C’g’%(t) P ’“’i(t)] ®
Where Ciu(t) = Clp(t)) = Clu(t)ew.p). prolt) =
&:(t)c(r,y. C(-) is a function that transforms the orientation
parameters to the rotation matrix and ¢, (¢) is a set of B-spline
functions. Then, finding the spatial-temporal parameters from
the k coordinate system to the IMU coordinate system turns
into finding ¢,y and ¢y 1), where ¢ includes time delay d,
which represents the time parameter.

Therefore, the first key to the proposed spatiotemporal
calibration model is to design a predictive model for sensor
data, subtract it from the actual measurements, and obtain a
residual module that participates in the optimization process.
The second key to the proposed spatiotemporal calibration
model is to utilize nonlinear optimization methods to solve
for ¢,y and ¢y 1.

IV. ERROR MODEL AND SPATIOTEMPORAL CALIBRATION

The celestial coordinate system can be found in refer-
ence [11]. In our system, we take the n coordinate system
as the world coordinate system.

A. Error Models Of Different Sensor Systems

In the section, we take LiDAR, and visual data as examples
to elaborate the construction of the residual module separately.
1) The Processing of the IMU Data: In this paper, we adopt
the output data model from [12], which includes the influence
of gravity on acceleration, as illustrated in Eq. (4) and Eq. (5).

w=w+b+nI 4)
a=qp(a” +g")+ b +n" (5)

w and a" are the true values. w and @ are the measured values
that are used in the simulation. b9 and b* are the deviations of
acceleration and angular velocity, and their derivatives follow
a Gaussian distribution. n® and nY are Gaussian white noise
for acceleration and angular velocity, respectively. g" repre-
sents gravitational acceleration. q,, represents the quaternion
transformation from the inertial coordinate system to the world
coordinate system.

(@ (b)

Fig. 1. (a) Schematic diagram of B-spline functions; (b) Schematic diagram
of control points and the interpolated trajectory.

We can obtain the position P{ of the IMU sensor by
employing the algorithm from [13] using linear acceleration
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. 1(a) and Fig. 1(b), respectively.

2) Error Model Of Visual Data: The construction process
of the optimization factor of visual data is shown in Fig. 2.

For visual data, what can be measured directly is the
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 P}, ., and Pj .
The coordinate values in the ECEF coordinate system at the
moment of reception of the inertial sensor are equal to the
coordinate values in the ECI coordinate system, Pi}m 11 =
P; .1 and Py, = Py . Then, we apply Eq. (6) to convert
the values of the inertial sensor in the ECEF coordinate system
into values in the ENU (East-North-Up) coordinate system,
which corresponds to the world coordinate system.

;)lnn = Rng,m (6)

Where R7 represents the transformation parameters between
the ECEF coordinate system and the ENU coordinate sys-
tem [11]. Then, by multiplying with T} .(¢,, + d.), we obtain
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Fig. 2. Schematic diagram of the construction of optimization factor for
spatiotemporal calibration parameters of visual data

the coordinates of the camera in the world coordinate system
P, as shown in Eq. (7).

P, =Ty (tm +de)Py, (7)

We map this landmark point P, ,, to the pixel plane at the
time m through projection to find out the corresponding pixel
coordinates, as shown in Eq. (8) and w. is the projection
function of the camera.

Ym = ﬂC(T@C(tm + d(‘) Z,m) ®)

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. (9).

Ym41 < FeatureMatching (v, ) )

This paper first extracts ORB (Oriented FAST and Rotated
BRIEF) feature points [14] from visual images. Fig. 3(a)
shows the ORB feature extraction results for KITTI 00 [15]
sequence, and Fig. 3(b) is the matching result of ORB feature
points.

(a) (b)

Fig. 3. (a) ORB feature point extraction results of a specific image in the
KITTI dataset; (b) ORB feature points matching results of different images
at different times in the Malaga dataset.

Similarly, using the same approach as Eq. (7), we can obtain
the predicted world coordinates of the camera at the m + 1
frame, as shown in Eq. (10).

emt1 = Loe(tm +de)Py i

The predicted pixels of the predicted landmark points on the
m-+1 frame can be obtained through the projection algorithm.
As shown in Eq. (11):

(10)

Ypm+1 = Wc(Pc,m—i-l)

" (11D
= ﬂ-c(Tb,c(tm + dc) b,m+1)

Therefore, for a single ORB feature point, the error model,
including space and temporal parameters, is as Eq. (12):
€c = Yp,m+1 — Ym+1
- Wc(Tb,c(tm + dc) Z,m+1)
— FeatureMatching (. (T, ¢ (t + de) Py )

12)

If there are N, sets of successfully matched ORB feature point
pairs on the m+1 frame and the m frame, then the error model
for the spatiotemporal parameters is as shown in Eq. (13):

1=
€= Z Yp.; — Ysl (13)
Jj=1
3) 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. 4. In this paper, we employ the method described in
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Fig. 4. Points cloud representation of LiDAR points cloud for
malaga2009_campus_2L in the Malaga dataset

reference [16] to calculate the curvature of the points cloud.
Different distance calculation formulas exist for corner and
surface points [16]. The distance should be constant in dif-
ferent coordinate systems. We use the symbol dE(Pﬁyn) or
dC<P£,n) to denote the distance, as shown in Eq. (14), we
refer to them as the actual distance measurements.

dn—c = de(Pg.,), dm—s = d¢(P.,,) (14)

On the other hand, 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 T ;(t;+d;) from the LIDAR
to the IMU, as shown in Eq. (15).

P} =Ty,(t; + d;)R!P; (15)

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. 5 illustrates
the relationship between the LiDAR sensor and point cloud
positions.

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. As a
result, 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. (16).

vi=PL,+P} (16)
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Fig. 5. Illustration of the relationship between LiDAR sensor coordinates and
point cloud coordinates

Combining with Eq. (15), the coordinates of the LiDAR
points cloud in the world coordinate system at time k is as
shown in Eq. (17).

Ri=Pi;+Tot; + d)RLP, (17)

Then we plug this predicted position into the distance cal-
culation formulas to get the predicted distance d), = d. (P} ;)
or dp, = d¢ (P} ;). Therefore, the error model of the spatiotem-
poral cahbratlon is shown in Eq. (18).

1
er = — dp;i—d
L N[;'?:J

Where N, represents the number of points in the operation.

(18)

B. Spatiotemporal Calibration With Nonlinear Optimization

According to the above analysis, the overall cost function
is as shown in Eq. (19):

1 &
Zwy|ypa +E2|dp,j_dj|
j=1

The term w; represents a weight that ranges from 0 to 1.
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 opti-
mization variables. This weight is obtained through adaptation.
The variables need to be optimized include: Ty ;(t; + di),
Ty c(t; +de), Tog(t; + dg). According to Eq. (3), we can
transform the problem into solving: ¢(;, ), €(1,t)> C(c,)s €(c,t)>
C(g,0)> C(g,t)> dis de, dg.

The most crucial step is to calculate the iteration step length.
The Gauss-Newton method utilizes the Eq. (20) to calculate
the iteration step size.

(H+M\)AX =g

Eu = (19)

(20)

Here, H represents the second derivative, and g represents the
first-order derivative of the cost function. We set the variable
A to a fixed value of 0.5. Here, we present the process of
solving the spatiotemporal parameters of LiDAR data relative
to the inertial data. The same approach can be applied to other
sensor data. According to the cost function and our analysis,
seven variables should be optimized. In this case, we use the

TABLE I
RMSE OF ESTIMATION ERRORS UNDER DIFFERENT CONDITIONS

Mode Mode of comparison RMSE (m)
W/ 0.0415
ORB-SLAMS3 ' ~g750.0730 [14]
Exp Open-source
LVI-SAM W/ 2.4705
W/O | 4.0500 [17]

! Exp represents experiment.

cost function’s first and second derivatives, incorporating 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. (21).

(82Eall aEall
0?2 N\x; 0Ax;
The value zq, zo, x3, x4, T5, Tg, T7 represents the three
dimensions of vectors ¢, ) and ¢, ;) respectively along with

+ A Az = (i=1,2,....,7) (1)

2
a time deviation dq a2 A“” is the second derivative of the cost

function E,;;, denoted as H in Eq. (20) and aE‘;” is the first
derivative of the cost function E,;;, denoted as g in Eq. (20).
;iﬂi is the second derivative of the cost function when
treating Az as an unknown variable and (Ao, ..., Axy) as
known variables. The other equations are similar. In this way,
we can obtain seven equations that involve (Axq,...,Azr).
By simultaneously solving these seven equations, we can
determine the specific value of (Axy,..., Axr). 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. (22).

| Eaull < 107° (22)

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.

V. SIMULATIONS AND COMPARISONS

In this section, we apply the proposed algorithm to some
open-source programs for performance evaluation using pub-
licly accessible datasets.

1) Applied to ORB-SLAM3: ORB-SLAM3 [14] is a tightly
coupled fusion system of visual and inertial data. In this
section, we use the MH-04-difficult dataset of EuRoC' as
input. The estimated trajectory of ORB-SLAMS3 using the
proposed calibration model is shown in Fig. 6.

The RMSE values of the position estimation errors of the
two calibration algorithms are shown in Table. I. Through
computation, we can conclude that, in practical open-source
programs, using the proposed vision calibration algorithm can

Uhttps://projects.asl.ethz.ch/datasets/doku.php?id=kmavvisualinertialdatasets
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Fig. 6. The comparison between the reference trajectory and the estimated
trajectory obtained by applying the proposed calibration model to the ORB-
SLAMS3 program using the MH-04-difficult dataset as input

improve position estimation accuracy by about 45% compared
to without the proposed calibration algorithm.

2) Applied to LVI-SAM: LVI-SAM [17] is a tightly coupled
fusion system of LiDAR-Vision-Inertial data. In this section,
we input the Jackal dataset’, run the LVI-SAM program,
and compare the position estimation errors. The estimated
trajectory of LVI-SAM using the proposed calibration model
is shown in Fig. 7.
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Fig. 7. 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

The RMSE values of the position estimation errors are
shown in Table. I. We can conclude that the proposed LiDAR-
visual-inertial calibration algorithm can improve the position
estimation accuracy by 39% compared to that without the
proposed calibration algorithm.

Zhttps://github.com/TixiaoShan/LVI-SAM

VI. CONCLUSIONS AND FUTURE RESEARCHES

This paper proposes a spatiotemporal calibration algorithm
based on nonlinear optimization with the IMU sensor as the
central coordinate system. The simulation results demonstrate
the feasibility and effectiveness of the proposed algorithm in
practical applications. In the future, we will apply the proposed
algorithm to a wider range of sensor data to validate its broad
applicability.
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descriptor, as shown in Eq. (1).

ORBr ={1,,V,} (1)

Among these, I, represents the grayscale value of the feature point, while V), is a vector
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Fig. 1: (a) Illustration of the selection process for FAST feature points; (b) Illustration of the
descriptor generation process.
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containing 256 elements, each being either 1 or 0. 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 calibration algorithm.

There is certainly noise in the visual data, so we set certain thresholds for the ORB feature
matching algorithm. The extraction of ORB features is not the innovation of this paper. Due
to space constraints, it is not detailed in this paper. In the text, Fig.3a and Fig.3b show the
ORB feature extraction results for KITTI sequence and ORB feature points matching results
of different images at different times in the Malaga dataset respectively.

Limited details provided on optimization methodology. More specifics on solver, initialization

etc. would help reproducibility.

Thank you for the comment. In Section B of the fourth part of the document, a specific
elucidation of the nonlinear optimization process is presented. The final cost function is
obtained according to the proposed algorithm, as illustrated in Eq. 19 in the text. Based on
the Gauss-Newton solving process described in Eq. 20, each unknown coefficient is solved,
as detailed in Eq. 21. The specific relationships among coefficients during the solving process
are highlighted in the text.

The proposed calibration algorithm can be applied to various combinations of sensors in
different fusion systems, selecting initial values based on known physical ranges and definitions.

No ablation studies to analyze the impact of individual components like spline order, outlier

rejection efc.

Thank you for the comment. In our algorithm, we also conducted experiments with various
spline interpolation orders. Orders lower than 6 lacked sufficient degrees of freedom, while
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orders higher than 6 increased complexity, affecting computational efficiency. Taking these
factors into consideration, we chose a spline order of 6. The IMU pose is parameterized as a
6 x 1 spline, using three degrees of freedom for orientation and three for translation.

Regarding outlier rejection, through the interpolation method, we can filter out a certain
number of outlier points, but there may still be some outlier points that cannot be removed,
requiring further investigation. The innovation of this paper lies in establishing a spatiotemporal
calibration model of other sensor data relative to IMU data. Therefore, the handling of IMU
outlier values is not the focus of the research in this paper, and is not extensively discussed.

Perform physical experiments with an IMU and other sensors rigidly mounted to validate the
approach.

Thank you for the comment. The comparative experiments in this paper were conducted on
popular open-source odometry systems such as ORB-SLAM3 and LVI-SAM, both implemented
in the ROS system, a dedicated operating system for robots. The datasets used were collected
in real-world environments, with IMU sensors and other sensors being rigidly connected. In
our experiments, we compared the position estimation errors with and without the proposed
calibration algorithm, while keeping other conditions consistent. After applying the proposed
calibration algorithm, there was an improvement in position estimation accuracy, demonstrating
the effectiveness of the proposed calibration algorithm in practical odometry applications.
We also conducted comparative experiments on the accuracy of the obtained spatiotemporal
parameters and those obtained by existing calibration algorithms. The precision of the proposed
calibration algorithm surpasses that of existing calibration algorithms. Due to space constraints,
we did not present all the experimental results. The ultimate goal of the proposed calibration
algorithm is to be applied in practical odometry systems, so we only showcased the trajectory
estimation results of two datasets on two odometry systems.

Provide more specifics on data association, outlier rejection, optimization details to improve
reproducibility. Study the impact of different spline orders, outlier rejection techniques, ini-
tialization methods on calibration accuracy. Overall the paper presents a promising sensor-
agnostic calibration approach with useful simulation results. With additional experimental
validation and implementation details, this could become a valuable contribution towards

multi-sensor fusion and localization.

Thank you for the comment. The algorithm centers around the IMU sensor to derive the
spatiotemporal parameters of other sensors relative to the IMU. The derivation process of the
spatiotemporal calibration model for each sensor data establishes the association between other
sensor data and IMU data, which constitutes Section Four of the paper. As for outlier handling,
the specifics of nonlinear optimization, and the treatment of initial values, we have addressed
them in previous responses.
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This article proposes a universal spatiotemporal calibration technique with the inertial sensor
as the central coordinate system. The technique uses high-order spline interpolation to convert
the output data of the sensor, and combines it with the output data of other sensors to establish
a calibration model, achieving spatiotemporal calibration of heterogeneous information. The
proposed algorithm model is scene independent and achieves sensor type independence by
combining temporal and spatial parameters. Therefore, theoretically applicable to any sensor
data and applied to some existing open-source odometry systems to verify the feasibility of the
algorithm.The work is well written and technologically sound, however, the reviewer thinks
that there are some flaws in the simulation and result part that need to be improved before
acception. Please find specific comments below.

Thank you for your careful review of our manuscript.

The experimental results show the estimation results of the proposed method in two simulation
systems, but no comparative experimental reference is provided. Only the actual values are
given. Should comparative data be added to demonstrate the effectiveness of the proposed
method?

Thank you for the comment. The comparative experiments in this paper were conducted on
popular open-source odometry systems such as ORB-SLAM3 and LVI-SAM, both implemented
in the ROS system, a dedicated operating system for robots. The datasets used were collected
in real-world environments, with IMU sensors and other sensors being rigidly connected. In
our experiments, we compared the position estimation errors with and without the proposed
calibration algorithm, while keeping other conditions consistent. After applying the proposed
calibration algorithm, there was an improvement in position estimation accuracy, demonstrating
the effectiveness of the proposed calibration algorithm in practical odometry applications.
We also conducted comparative experiments on the accuracy of the obtained spatiotemporal
parameters and those obtained by existing calibration algorithms. The precision of the proposed
calibration algorithm surpasses that of existing calibration algorithms. Due to space constraints,
we did not present all the experimental results. The ultimate goal of the proposed calibration
algorithm is to be applied in practical odometry systems, so we only showcased the trajectory
estimation results of two datasets on two odometry systems.

Figure 6 contains a small coordinate graph. What is the meaning of the simulation results in
the figure?

Thank you for the comment. The magnified section in Figure 6 compares partial estimated
trajectories with partial reference trajectories, where blue dots represent the starting portion of
the reference trajectory, and black dots represent the starting portion of the estimated trajectory.
The purpose of the magnified section is to allow readers to clearly see that there is still a certain



Q2.3:

R2.3:

Q2.4:

R2.4:

Q2.5:

R2.5:

Q2.6:
R2.6:

gap between our estimated trajectory and the reference trajectory, indicating that position errors
still exist. Of course, the accuracy of position estimation in a complete odometry system is
influenced by many factors. At least from the results of this experiment, it can be seen that
the position estimation accuracy after calibrating with the proposed calibration algorithm is
within an acceptable range, which also demonstrates the feasibility of the proposed calibration
algorithm.

The simulation results require more detailed explanations, not just descriptions of experimental
data in graphs and tables.

Thank you for the comment. The comparative experiments in this paper were conducted on
popular open-source odometry systems such as ORB-SLAM3 and LVI-SAM, both implemented
in the ROS system, a dedicated operating system for robots. The datasets used were collected
in real-world environments, with IMU sensors and other sensors being rigidly connected. In
our experiments, we compared the position estimation errors with and without the proposed
calibration algorithm, while keeping other conditions consistent. After applying the proposed
calibration algorithm, there was an improvement in position estimation accuracy, demonstrating
the effectiveness of the proposed calibration algorithm in practical odometry applications.

The simulation experiment section of the article did not provide detailed experimental envi-

ronment parameters.

Thank you very much for your thorough review. The datasets used in the experimental section
of this paper are publicly available datasets collected in specific real-world environments, and
references are provided in the text. The open-source odometry systems used in the experiments
are also popular and cited. The sensor settings for collecting dataset can be found online, but
due to space constraints, we did not include them in the paper.

In addition to content related issues, some textual issues also require the author’s attention,
such as: 1) For example, there are some text errors on page 3, such as “described in [16] to

calculate” — >"described in reference [16] to calculate”.

Thank you very much for your careful inspection. We have made modifications according to
your suggestions, as highlighted in the text.

9

The paragraph containing the formula in the article contains an incorrect use of ”.”.

Thank you very much for your careful inspection. We have changed C'(e) to C(-), as highlighted
in the text.

Responses to Reviewer 3:
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1. The background of the spatiotemporal calibration, fusion system, and heterogeneous multi-

source information is not adequate, which can be provided more for potential readers.

Thank you for your careful review of our manuscript. Each sensor has its own shortcomings.
For the high-precision requirements of the current unmanned systems’ position and attitude
estimation, it is an inevitable trend to utilize multisource fusion to meet these demands.
However, a significant issue with multisource fusion is that each sensor’s data preprocessing
time differs, resulting in a time offset when reaching the central processor at different times.
Moreover, since each sensor is located at a different position on the unmanned vehicle, and
each sensor’s data is relative to its own coordinate system, it is necessary to transform the data
from different sensors into a unified coordinate system. Thus, there exists a spatial parameter.
The process of determining the time offset and spatial parameters between different sensors is
the spatiotemporal calibration process. Spatiotemporal calibration is the primary prerequisite
for achieving high-precision estimation in multisource fusion systems. The spatiotemporal
calibration model proposed in this paper arises from such a context.

The paper lacks relevant parameter information about the specific simulation settings, while

the contribution part should be extended to show more insights from the authors’ side.

Thank you for the comment. The datasets used in the experimental section of this paper are
publicly available datasets collected in specific real-world environments, and references are
provided in the text. The open-source odometry systems used in the experiments are also
popular and cited. The sensor settings for collecting dataset can be found online, but due to
space constraints, we did not include them in the paper.

The calibration algorithm proposed in this paper can provide researchers with broader perspec-
tives, allowing its application to other types of sensors. By utilizing the localization principles
and output data of other sensors, we can obtain corresponding optimization factors. Then, we
employ the nonlinear optimization algorithm to obtain the spatiotemporal parameters of other
sensors relative to the inertial sensor. The paper points out this aspect in the conclusion section,
as highlighted in the article.



