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Abstract— In this paper, we propose a continuous-time-based
LiDAR-inertial-vehicle odometry method, which can tightly
fuse the data from Light Detection And Ranging (LiDAR),
inertial measurement units (IMU), and vehicle measurements.
The lateral acceleration constraint is further added to trajectory
estimation to make the estimated trajectory follow the motion
characteristics of vehicles. In addition, since vehicle model
parameters vary with different motion conditions and tyre
pressure, we estimate vehicle correction factors that rectify
changes in vehicle model parameters online, and also ana-
lyze the observability of these vehicle correction factors. In
experiments, the proposed method is evaluated and compared
with state-of-the-art methods in the public dataset. The ex-
perimental results show that the proposed method achieves
more accurate results in all sequences since we add additional
sensor measurements and utilize the characteristic of vehicle
motion to restrict the trajectory estimation. The ablation study
also proved the effectiveness of continuous-time representation,
online correction factor estimation, and incorporation of lateral
acceleration constraint.

I. INTRODUCTION

In autonomous driving, localization is a prerequisite for
decision making and high-definition map production. How-
ever, in GPS-denied environments such as tunnels and urban
canyons, the high-precision GPS(RTK)/IMU navigation sys-
tem (INS) is unreliable due to the multipath error. Thus,
Simultaneous Location And Mapping (SLAM) methods that
do not rely on external signals gain attention in autonomous
driving, including methods based on visual cameras [1]–[3]
and Light Detection And Ranging (LiDAR) sensors [4], [5].
Since visual solutions are very sensitive to lighting conditions
and scene textures, LiDAR-based SLAM, which provides
high-quality distance information, is widely used in practice.

To further reduce localization errors due to the limitation
of a single type of sensor, besides LiDAR sensors, some
studies incorporate multiple types of sensors, including in-
ertial measurement units (IMU), steering angle sensors, and
wheel speedometers [6]–[9]. The IMU can directly measure
linear acceleration and angular velocity. Based on the vehicle
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model, the steering angle sensors and wheel speedometers
can provide linear and angular velocity, known as vehicle
measurements [10].

Due to the difference in the collection frequency of several
sensors, the trajectory can be estimated in discrete-time
and continuous-time representations. Most methods estimate
the trajectory in the discrete-time representation to fuse the
information from LiDAR, IMU, and vehicle measurements.
However, taking advantage of the raw high-rate information
of the vehicle measurements and IMU data is challenging,
as the method based on the discrete-time representation
requires many variables to be estimated if the raw data is
utilized directly [11]. Thus, in the methods based on discrete-
time representation, raw IMU and vehicle measurements
have to be integrated to get relative pose measurements
over a discrete-time period. Compared to the discrete-time
representation, the continuous-time representation supports
sampling poses at any timestamp. It has closed-form analytic
derivatives, which allow direct registration of raw motion
information obtained from high-rate vehicle measurements
and IMU data. Therefore, the continuous-time representation
has recently received much attention.

Moreover, the estimated trajectory of the vehicle should
not only fit the measurements read from multiple onboard
sensors mentioned above, but also follow the motion charac-
teristics of the platform. The vehicle platform has a specific
motion characteristic, lateral acceleration constraint, which
shows the relationship between lateral acceleration, yaw rate,
and forward speed. However, due to noise, the estimated
trajectory, best fitted to the sensor measurements, may not be
fitted with the vehicle motion characteristics. Thus, to make
the estimated trajectory follow the motion characteristics of
vehicles, such characteristics should be incorporated into the
continuous-time trajectory estimation as constraints.

In this paper, following continuous-time representation,
we present a continuous-time LiDAR-inertial-vehicle odom-
etry method that tightly couples LiDAR, IMU, and ve-
hicle measurements. The lateral acceleration constraint is
incorporated into the continuous-time trajectory estimation
through time sampling. Furthermore, since vehicle model
parameters vary with different motion conditions and tyre
pressure, we estimate correction factors for vehicle model
parameters online and analyze the observability of these
correction factors in the system. In experiments, the proposed
method is compared to state-of-the-art methods to evaluate
the accuracy. Furthermore, an ablation study is used to show
the effectiveness of continuous-time-based LiDAR-inertial-
vehicle fusion, online estimation of correction factors, and
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the incorporation of the lateral acceleration constraint.
We summarize the contributions of this paper as follows:

• We propose a continuous-time-based LiDAR-inertial-
vehicle odometry method, which can tightly fuse the
LiDAR scans, IMU data, vehicle measurements, and
vehicle motion characteristics constraint.

• We propose introducing the lateral acceleration con-
straint into trajectory estimation to provide a trajectory
constraint.

• We estimate the correction factors of the vehicle model
parameters online. Furthermore, their observability is
further analyzed in this paper.

II. RELATED WORK

In recent years, studies on LiDAR-based multi-sensor
odometry have made significant progress. In IMU-aided
LOAM [4] and LeGO-LOAM [5], IMU is mainly taken to
give an initial motion estimate for LiDAR scan matching.
Zuo et al. [12] fuse the LiDAR scan registration with IMU
and visual measurements using the Multi-State Constraint
Kalman Filter (MSCKF). Zhen et al. [13] use error-state
Kalman Filter (ESKF) to combine the registration results
and IMU measurements. The methods above can be classi-
fied as loosely-coupled methods. Loosely-coupled methods
typically process scan registration and inertial measurements
separately. Therefore, they are computationally efficient and
flexible for sensor incorporation, but less accurate. In contrast
to the loosely coupled approaches, several tightly-coupled
methods fuse the LiDAR measurements directly, instead of
only utilizing point cloud registration results, with other
sensor measurements. LIO-mapping [14] utilizes a graph
optimization based on IMU preintegration constraints and
LiDAR edge/plane features. LIO-SAM [15] incorporates Li-
DAR measurements, IMU preintegration, and optional GNSS
measurements into the system using a factor graph. FAST-
LIO2 [16] directly register the raw LiDAR scan to map
without extracting feature points, and fuse all measurements
based on the Iterated Kalman Filter.

Recent works have also considered additional information
from sensor platforms, such as vehicle platform informa-
tion, to enhance LIO performance. Júnior et al. [7] fuse
wheel odometry and IMU data into LiDAR odometry using
EKF. In [9], an odometer increment model is introduced
to fuse IMU and encoder measurements. LIO-Vehicle [6]
combines LiDAR-inertial odometry with vehicle dynamics
measurements preintegration. Hess et al. [8] build a pose
graph to couple LiDAR scans, IMU integration, odometer
observation, and GNSS data. However, these methods do
not incorporate constraints on vehicle motion characteristics
into trajectory estimation. Yu et al. [17] and Huang et al.
[18] take vehicle velocity direction information, but do not
consider the phenomenon of vehicle side slip and cannot
provide additional information when vehicle measurements
are available.

In addition to the methods in a discrete-time fashion,
some studies also employ continuous-time representations

Fig. 1: The definition of the involved frames and the illustration of defini-
tions involved in cumulative B-spline-based continuous-time trajectory. The
trajectory of LiDAR TW
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to address the LiDAR distortion problem or fuse measure-
ments obtained from LiDAR and IMU sensors at arbitrary
frequencies. Continuous-ICP [19] uses B-spline basis func-
tions to represent the trajectory and takes the movement
during LiDAR scan collection into account. Droeschel et al.
[20] present a continuous-time LiDAR-only SLAM method
based on a hierarchical refinement back-end. Cong et al.
[21] integrate a spline motion model with non-rigid LiDAR
point cloud fusion for continuous mapping. CLINS [22]
is a continuous-time-based LiDAR-inertial system with a
two-stage trajectory correction. Park et al. [23] utilize a
continuous-time map deformation method to maintain a
globally consistent map and eliminates the need for global
trajectory optimization.

III. THE PROPOSED METHODOLOGY

We define the frames and notation used throughout the
paper. We use the notation (·)W to represent the world
reference frame W , and (·)B , (·)L, (·)V are the quantities
in the IMU body frame, the LiDAR frame, and the vehicle
frame (see Fig.1). RA

B ∈ SO(3) and pA
B ∈ R3 is the

orientation and position of the frame {B} with respect to
{A}.

A. Representation of Continuous-Time Trajectory

B-splines have the smoothness and local support property
(a value of order k spline is controlled only by a local subset
of the control points). As in [24], [25], we use two separate
B-splines to represent the translation in R3 and the rotation
in the Lie group SO(3), respectively. The sampling position
of the order k cumulative B-spline at time t can be written
as

p
(
u(t)

)
= pi +

k−1∑
j=1

λj

(
u(t)

)
· di

j (1)

As derivative of the B-spline encoding the trajectory posi-
tions, the velocity and acceleration in the global frame are
defined by

v
(
u(t)

)
=

k−1∑
j=1

λ̇j

(
u(t)

)
· di

j (2)
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a
(
u(t)

)
=

k−1∑
j=1

λ̈j

(
u(t)

)
· di

j (3)

with u(t) = t−t0
∆t − i and t ∈ [ti, ti+1). The coefficients

λj

(
u(t)

)
∈ R depend on the order of the B-spline [26].

di
j = pi+j − pi+j−1 is the distance vector.
For R ∈ SO(3), the formulation of cumulative B-spline

is defined as

R
(
u(t)

)
= Ri ·

k−1∏
j=1

Exp(λj

(
u(t)

)
· di

j) (4)

ω
(
u(t)

)
= [RT Ṙ]∨ (5)

ω̇
(
u(t)

)
= [RT R̈− ω2

∧]∨ (6)

where di
j = Log(R−1

i+j−1 ·Ri+j). Exp(·) is the exponential
matrix that maps the tangent vectors to the Lie group, and
the inverse operation is denoted by Log(·). [·]∧ maps a vector
to the skew-symmetric matrix, and the inverse operation is
[·]∨.

The value of the continuous-time trajectory in the global
frame T

(
u(t)

)
= {R

(
u(t)

)
, p

(
u(t)

)
}, with t ∈ [ti, ti+1),

only depends on the active control points set Φ(ti, ti+1) =
{ϕi, ... ,ϕi+k−1} (shown in Fig.1). The j-th control point
in the set of control points is ϕi+j := {Ri+j , pi+j}.

B. Bicycle Model of the Vehicle

Since vehicles are affected by the tyre sideslip phe-
nomenon, the direction of vehicle velocity is not always
along the longitudinal direction, especially when the vehicle
turns. Therefore, we utilize the bicycle model [27] which
takes vehicle sideslip phenomenon into account (shown in
Fig.2). Considering the steady-state steering motion of the
vehicle, the basic equations for the bicycle model are as
follows.

Cf (δ − α− lfω

vx
) + Cr(

lrω

vx
− α) = mvxω (7)

lfCf (δ − α− lfω

vx
)− lrCr(

lrω

vx
− α) = 0 (8)

where m is the mass of the vehicle, Cf and Cr are the lateral
stiffness of the front and rear wheels.

From (7) and (8), the vehicle deflection angle α can be
obtained by using

α =
1
ṽ2 llrCfCr +

1
2mCf lf

l2CfCr −mṽ2(lfCf − lrCr)
ṽ2δ = Dṽ2δ (9)

where D is the model deflection parameter, which is cor-
rected online (as detailed in Sec.III-C). The yaw rate is

ω̃ =
ṽlCrCfδ

l2CrCf +mlfCf ṽ2 −mlrCrṽ2
(10)

where l = lf+lr, δ is the angle of the steering wheel obtained
from the steering angle sensors, and ṽ is the reading of the
wheel speedometer.

Fig. 2: The bicycle model considering the sideslip phenomenon. The center
of mass O is defined as the origin of the vehicle frame. The x and y axis
are defined along the vehicle’s longitudinal and lateral directions.

C. Vehicle Measurements and observability of Correction
Factors

As vehicles usually travel in various situations, including
those with different motion conditions and tyre pressure,
the parameters of the vehicle bicycle model would change.
The raw vehicle measurements will be affected. Thus, the
changed vehicle model parameters should be corrected.
Moreover, the observability should be analyzed since the
correction factors may not be correctly estimated under
certain degenerate motion conditions.

We use the factor c = [cv, cα, cω]
T to correct the vehi-

cle bicycle model, including the linear velocity magnitude,
model deflection parameters, and angular velocity. From (9)
and (10), the vehicle measurements are given by

v̂V = [cv ṽ cos(cαα̃) ṽ sin(cαα̃) 0]T

ω̂V = [0 0 cωω̃]
T

(11)

where α̃ = ṽ2δ . Note that the initial guess of the correction
factor is set to [1, D, 1]T , with D being the coefficient in (9).

We further analyze the observability of correction factors
in this system. It demonstrates when the factors can be
correctly estimated. We follow the methodology in [28]
and [29]. Supposing that we have pre-measured external
parameters TB

V = {pB
V , R

B
V } between the IMU body frame

and the vehicle dynamic frame, we can get the transformation
from the body frame to the vehicle frame as follows:

vW
V = vW

B +RW
B

[
ωB ]∧p

B
V (12)

aWV = aWB +RW
B [ω̇B ]∧p

B
V +RW

B [ωB ]2∧p
B
V (13)

From (12)-(13), we can get the constraint between the ve-
hicle measurements v̂V , ω̂V and the inferred measurements
RB

V
T
v̌B ,RB

V
T
ω̌B obtained from the estimated trajectory:

v̂V = −[RB
V

T
ω̌B ]∧p

V
B +RB

V

T
v̌B

ω̂V = RB
V

T · ω̌B
(14)

Substituting (11) into (14), the constraint equation matrix at
time t is formed as

M(t) =

[
[RB

V
T
v̌B ]x+[RB

V
T
ω̌B ]z [p

V
B ]y−cv ṽcos(cαα̃)

[RB
V

T
v̌B ]y−[RB

V
T
ω̌B ]z [p

V
B ]x−ṽsin(cαα̃)

[RB
V

T
ω̌B ]z−cωω̃

]
=

00
0


(15)
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Fig. 3: Concept of our algorithm. The LiDAR scans, IMU data, vehicle
measurements, and lateral acceleration constraint are incorporated to opti-
mize the active control points and thus obtain the estimated trajectory.

Within a set time period S = {t0, t1, · · · , ts}, the observ-
ability matrix can be formed as:

O =
[
∂M(t0)

∂c
∂M(t1)

∂c · · · ∂M(ti)
∂c

]T

=


−ṽ(t0)cos(cαα̃(t0)) α̃(t0)cv ṽ(t0)sin(cαα̃(t0)) 0

0 −α̃(t0)cv ṽ(t0)cos(cαα̃(t0)) 0
0 0 −ω̃(t0)

...
...

...
−ṽ(ti)cos(cαα̃(ti)) α̃(ti)cv ṽ(ti)sin(cαα̃(ti)) 0

0 −α̃(ti)cv ṽ(ti)cos(cαα̃(ti)) 0
0 0 −ω̃(ti)


(16)

The correction factors c are locally observable when the
observability matrix has the full column rank.

To investigate the degenerate cases of the correction factor
estimation, we inspect whether there is a non-zero vector k
such that Ok = 0,k = [k1, k2, k3]

T ̸= 0. Such a k exists
when one of the following conditions is satisfied:

• ω̃(t) = 0, k = [0, 0, ρ]T

• ṽ(t) = 0, k = [ρ1, ρ2, 0]
T

where ρ is any non-zero value. Therefore, the correction
factors can be correctly estimated except for the following
degenerate cases: cα, cv are unobservable when the wheel
speed is nearly zero (the vehicle stops), cω is unobservable
when the angular velocity obtained from vehicle measure-
ments is nearly zero (the vehicle moves straight forward).

D. Estimator Formulation

We denote the states to be estimated during a LiDAR scan
Sk and the local window as:

χk =
(
Φ(tk, tk +∆T ), bak, bgk, cvk, cαk, cωk

)
(17)

χ̂ =
(
χk, χk+1 . . . χk+M

)
(18)

where tk is the timestamp at the beginning of the scan Sk,
∆T is the time it takes to complete a LiDAR scan; Φ(tk, tk+
∆T ) is the control points set during the scan Sk; bak, bgk ∈
R3 are the bias of accelerator and gyroscope; cvk, cαk, cωk ∈
R are the correction factors. M is the number of LiDAR
scans in the local window. Here, M is set to 5.

Fig. 3 illustrates the concept of our algorithm, which
combines IMU, vehicle measurements, LiDAR sweep, and
lateral acceleration constraint to estimate the trajectory. The
cost function can be constructed as

argmin
χ̂

{∑
∥rL∥2ΣL+

∑
∥rI∥2ΣI+

∑
∥rV∥2ΣV +

∑
∥rM∥2

}
(19)

where rL, rI , rV are residuals constructed from LiDAR,
IMU, vehicle measurements. rM is the lateral acceleration
constraint residual. ∥ · ∥2 is the Mahalanobis norm with
weighted covariance Σ. The LiDAR term rL used in this
paper is similar to the existing work [21], [22]. We adopt
the LM method of Ceres [30] to solve this problem.

E. Vehicle Measurements and IMU Components

B-spline has closed-form analytic derivatives. Therefore,
the B-spline can match with each raw high-rate vehicle
measurements and IMU data without requiring integration.
The prediction at time tV , comprising vehicle linear and
angular velocity, can be computed from the estimated body
trajectory:

vV
(
u(tV )

)
=RB

V

T
RW

B

(
u(tV )

)T
vW
B

(
u(tV )

)
+RB

V

T [
ωB

(
u(tV )

)
]∧p

B
V

(20)

ωV
(
u(tV )

)
= RB

V

T
ωB

(
u(tV )

)
(21)

Considering the vehicle measurements within two consec-
utive LiDAR scans Sγ and Sγ+1 in the local window, the
vehicle measurement residual is defined as

rV =


vV

(
u(tV )

)
− v̂V

ωV
(
u(tV )

)
− ω̂V

cvγ+1 − cvγ
cαγ+1 − cαγ

cωγ+1 − cωγ

 (22)

where tV is the timestamp of the vehicle measurement; v̂V ,
ω̂V are the corresponding vehicle measurement as described
in (11).

The residual constructed from the accelerometer and gy-
roscope measurements can be formed as

rI =


RW

B

(
u(tI)

)T (
aWB

(
u(tI)

)
+ gW

)
− âI + baγ

ωB
(
u(tI)

)
− ω̂I + bgγ

baγ+1 − baγ

bgγ+1 − bgγ


(23)

where tI is the timestamp of the raw IMU measurements âI

and ω̂I ; The vector gW ∈ R3 is gravity.

F. Lateral Acceleration Constraint

In addition to fitting the sensor readings, the estimated
trajectory of the vehicle should follow the motion charac-
teristics of the vehicle platform. However, due to the sensor
noise, the estimated trajectory that is best fitted to the sensor
measurements may not be consistent with vehicle motion
characteristics. To make the estimated trajectory follow the
motion characteristics of the vehicle, the vehicle motion
characteristics should be incorporated into the trajectory
estimation as a trajectory constraint.
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Therefore, we propose the lateral acceleration constraint,
which is motivated by the lateral acceleration equation in
the vehicle frame. As shown in [27], since the vehicle
can be treated as making a steady-state motion, the lateral
acceleration equation can be described as:

[aV ]y = [vV ]x[ω
V ]z (24)

where [·]x, [·]y , [·]z represent the components along the xyz-
axis and the corresponding axial angle rates.

In order to express (24) in terms of the estimated trajectory
variables, the linear velocity, linear acceleration, and angular
velocity of the vehicle trajectory at sampling time ts can be
obtained through:

vV
(
u(ts)

)
=RB

V

T
RW

B

(
u(ts)

)T
vW
B

(
u(ts)

)
+RB

V

T [
ω̂I − bg]∧p

B
V

(25)

aV
(
u(ts)

)
= RB

V

T
RW

B

(
u(ts)

)T
aWB

(
u(ts)

)
+ RB

V

T
[ω̂I − bg]

2
∧p

B
V + RB

V

T
[ω̇B

(
u(ts)

)
]∧p

B
V

(26)

ω̂V
m = RB

V

T ·(ω̂I − bg) (27)

where ω̂I is the measurements of the gyroscope. ω̂V
m is the

inferred measurements in the vehicle frame obtained from the
gyroscope measurements. In practice, we set the sampling
time ts as the IMU timestamp tI .

The lateral acceleration constraint residual at the sampling
time ts can be formed as:

rM = U
(
aV

(
u(ts)

)
−
[
[ω̂V

m]z
]
∧v

V
(
u(ts)

))
(28)

with the selective matrix U = [0, 1, 0]. The Jacobian of
the lateral acceleration constraint residual rM with respect
to the control points Ri+j and pi+j should be derived since
it is necessary for batch optimization. Thus, we have the
following derivation through the chain rule:

∂rM
∂Ri+j

=
∂rM
∂RW

B

·
(∂RW

B

∂di
j

·
∂di

j

∂Ri+j
+

∂RW
B

∂di
j+1

·
∂di

j+1

∂Ri+j

)
+

∂rM
∂ω̇B

·
(∂ω̇B

∂di
j

·
∂di

j

∂Ri+j
+

∂ω̇B

∂di
j+1

·
∂di

j+1

∂Ri+j

) (29)

∂rM
∂pi+j

=
∂rM
∂aW

B

·
(∂aW

B

∂di
j

·
∂di

j

∂pi+j
+

∂aW
B

∂di
j+1

·
∂di

j+1

∂pi+j

)
+

∂rM
∂vW

B

·
(∂vW

B

∂di
j

·
∂di

j

∂pi+j
+

∂vW
B

∂di
j+1

·
∂di

j+1

∂pi+j

) (30)

with Ri+j and pi+j , as detailed in Sec. III-A, are the control
points of the rotation trajectory and the translation trajectory,
respectively.

The elements in (29) and (30) are computed as:

∂rM
∂RW

B

= U
(
RB

V

T
RW

B

T
[aWB ]∧−

[
[ω̂V

m]z
]
∧R

B
V

T
RW

B

T
[vW

B ]∧

)
(31)

∂rM
∂ω̇B

= −URB
V

T
[pB

V ]∧ (32)

∂rM
∂aWB

= URB
V

T
RW

B

T
(33)

∂rM
∂vW

B

= −U
[
[ω̂V

m]z
]
∧R

B
V

T
RW

B

T
(34)

the terms ∂RW
B

∂di
j

and ∂ω̇B

∂di
j

were derived in [26] via a recursive
scheme.

IV. EXPERIMENTS

In this section, the performance of our method is evaluated.
We compare our method with other algorithms and perform
an ablation study to test the impact of the continuous-
time representation, online correction factor estimation, and
incorporation of lateral acceleration constraint. We also show
the estimation results of the correction factors, which validate
the observability analysis. The algorithm is tested on a
computer equipped with an AMD r5-1600 CPU.
A. Dataset

We evaluate our method on the publicly available dataset
provided in [6], since it is the only public dataset that
contains measurements of both wheel speed and steering
angle. The LIO-Vehicle dataset [6] is collected from an
autonomous vehicle operating on the Jiading campus of
Tongji University. It captures LiDAR data (Velodyne VLP-
16) and IMU measurements (Xsens MTi-30 AHRS, 9 Axis).
The readings of the wheel speed and steering angle sen-
sors are obtained at 100 Hz. The dataset contains several
sequences in diverse scenarios, including big, small and
LiDAR-degraded scenarios. It collected data at different
speeds, which allows us to evaluate the performance under
different motion conditions [6]. Table I lists the distance and
average speed of the sequences Big and Small. Note that
the vehicle travels along a small circle three times in the
sequence Small3.
B. Comparison with Existing Methods

We compare our algorithm with existing algorithms. We
use LIO-SAM [15] and CLINS [22] to represent the LiDAR-
inertial odometry based on discrete and continuous time, and
LIO-Vehicle [6] to represent the LiDAR-inertial odometry
based on discrete time aided by vehicle measurements.
Note that the experimental results for LIO-Vehicle [6] are
acquired directly from the paper since it is not open source.
The corresponding parameters in all the methods are set

to the same. For the outdoor dataset, we remove the loop
closure detection and only compare the front-end odometry
of different methods. The resulting translational errors of
each method are computed. Table I summarizes the root
mean square error (RMSE) of the estimation from different

Fig. 4: Mapping result comparison using the Small3 dataset.
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TABLE I: RMSE OF TRANSLATIONAL ERRORS(m) ON OUTDOOR DATASET

Datasets Length(m) Speed (km/h) LIO-SAM CLINS LIO-Vehicle Ours Ours Ours
only Vehicle with CF CF+MC

Big 1 855.21 11.08 1.348698 1.144285 1.072767 0.864758 0.822656 0.637822
Big 2 828.98 22.65 1.694747 1.089169 1.196296 0.771056 0.764774 0.550898

Small 1 557.89 11.53 1.10915 0.850058 0.797489 0.738651 0.706639 0.516458
Small 2 544.235 28.72 1.455033 1.32291 0.783883 0.539993 0.484828 0.380288
Small 3 1643.36 11.47 2.038323 2.54067 1.533271 0.472946 0.483840 0.435945

TABLE II: ERRORS W.R.T GROUNDTRUTH ON TUNNEL DATASET

Method LIO-SAM LIO-SAM lc CLINS CLINS lc LIO-Vehicle LIO-Vehicle lc Ours Ours lc

RMSE (m) 16.042 7.28 15.702 8.082 4.978 3.726 2.949 1.798

Fig. 5: Trajectory comparison using Big2 sequence.

methods. We also compare the mapping results between our
method and existing methods using the Small3 sequence.
As shown in Fig.4, the mapping result of our method is
still clear even if the vehicle passes through the same place
multiple times, while the mapping results of LIO-SAM and
CLINS suffer from ghosting heavily. For the tunnel dataset,
different methods are compared without/with loop closure
(lc). The relative trajectory error (RTE) between the end of
the estimated trajectory and GNSS localization is computed
for evaluation (as shown in Table II). From Table I and
Table II, we can see that the proposed method achieves
more accurate estimation in all sequences, since we add
additional sensor measurements into the trajectory estimation
and provide trajectory constraints by utilizing the vehicle
motion characteristic.

C. Ablation Study
We also demonstrate the effect of continuous-time rep-

resentation, online estimation of correction factors, and in-
corporation of the proposed lateral acceleration constraint
in our method. OURS only Vehicle is the limited version
that only incorporates the vehicle measurements with IMU
data and LiDAR features in a continuous-time fashion for
the trajectory estimation. OURS with CF estimated the
correction factors based on the above. OURS CF+MC is
our complete algorithm with vehicle measurements, online
estimation of correction factors, and lateral acceleration
constraint incorporation. All other parameters of these meth-
ods are kept the same. The results are shown in Table I.
Comparing OURS only Vehicle with LIO-vehicle, we find
that the continuous-time representation performs better than
discrete-time when fusing LiDAR features with multiple
high-rate motion measurements (such as IMU and vehicle
measurements). The results also show that the online es-
timation of correction factors and the incorporation of the

Fig. 6: Estimation of the correction factors on Big2 sequence.

lateral acceleration constraint can improve performance. The
effect of adding vehicle lateral acceleration constraints is
more pronounced. The trajectories of various methods using
the sequence Big2 are shown in Fig. 5.
D. Estimation of Correction factors

In this section, we evaluate the convergence properties of
correction factors. We add additional error terms [0.5, 0.5,
0.5] to the reasonable initial guesses of correction factors. As
shown in Fig.6, the correction factors of deflection parameter
and wheel speed (cα, cv) are quickly converged since the
vehicle is always moving in this sequence. Regarding the
angular velocity correction factor cω , it converges only in
four time periods (as shown in the red circle in Fig.6).
From Fig.5, there are four turning angles in the sequence
Big2. The angular velocity measurements are noticeable
when the vehicle is turning at these four corners, and the
rest vehicle motion is mainly straight ahead. Thus, cω only
converges when the vehicle passes through these four corners
(corresponding a, b, c, d shown in Fig.5 and Fig.6). Vehicles
take less time to pass through obtuse angles and more time
to pass through acute angles in the sequence. The duration
of the vehicle passing the corner is almost the same as the
convergence time of cω . The results meet the theoretical
expectations described in Sec. III-C. So we recommend not
to estimate cω when the angular velocity is very small.

V. CONCLUSIONS
In this paper, we proposed a tightly coupled continuous-

time LiDAR-inertial-vehicle trajectory estimator. We incor-
porate the vehicle motion characteristics into the trajectory
estimation to provide trajectory constraints. The correction
factors of the model parameters are also estimated. Moreover,
their observability is analyzed to guide the estimation. The
experimental results validate our observability analysis and
also indicate that the inclusion of the lateral acceleration con-
straint can significantly improve the accuracy and robustness
of the trajectory estimation.
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