
Received March 22, 2021, accepted April 6, 2021, date of publication April 13, 2021, date of current version April 21, 2021.

Digital Object Identifier 10.1109/ACCESS.2021.3072935

The Identification and Compensation of Static
Drift Induced by External Disturbances
for LiDAR SLAM
DA LI , BIN ZHOU , ZHANGYU WANG , SONGYUE YANG , AND PENGFEI LIU
School of Transportation Science and Engineering, Beihang University, Beijing 100191, China
Key Laboratory of Autonomous Transportation Technology for Special Vehicles, School of Transportation Science and Engineering, Ministry of Industry and
Information Technology, Beihang University, Beijing 100191, China

Corresponding author: Zhangyu Wang (zywang@buaa.edu.cn)

This work was supported in part by the National Natural Science Foundation of China under Grant 52072020, and in part by the Beijing
Natural Science Foundation under Grant L191002.

ABSTRACT With the extending use of LiDAR SLAM in various areas, the interference of external
disturbances on SLAM is becoming more and more obvious. Huge efforts have been made to reduce the
drift error of LiDAR SLAM using graph-based methods. However, the mapping results can be severely
affected by external disturbances under extreme conditions, which will limit the performance of graph-based
methods. This study proposes a new strategy to reduce the static drift on a local scale by identifying and
compensating the influence of external disturbances based on the localization results of LiDAR SLAM.
Contrast experiments were first designed and performed to analyze the potential inducing factors of
static drift, such as environment and vibration. The Kalman filter was adopted to estimate the speed and
acceleration parameters based on the localization results of LiDAR SLAM. Then, an estimation criterion of
static drift was established according to the interference of external disturbances on speed and acceleration.
Finally, a static drift compensation method for LiDAR SLAM was proposed to compensate the drift of
the pose. In the verification experiment, for 1866 data points, the identification accuracy of static drift
was 97.32%, and the final positioning error of LiDAR SLAM was reduced from 4.9464 m to 0.1741 m
after the compensation of static drift.

INDEX TERMS LiDAR SLAM, external disturbance, static drift, Kalman filter, parameter estimation, pose
compensation.

I. INTRODUCTION
Simultaneous localization and mapping (SLAM) based on
light detection and ranging (LiDAR) has been applied to vari-
ous areas such as autonomous cars, aerial survey [1], agricul-
ture [2], forestry [3], and heritage mapping [4]. Great efforts
have been made to reduce the positioning error of SLAM,
which is commonly represented as the drift of trajectory.

One of the main tasks of LiDAR SLAM is to achieve
an accurate matching based on point cloud. Iterative closest
point (ICP) is one of the typical methods to find the transfor-
mation between different LiDAR scans [5]. Two sets of points
are matched iteratively until stopping criteria are satisfied in
ICP. However, if the scans contain a large number of points,
the computational cost at the point level will increase rapidly.
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Therefore, feature-based scan matching methods have been
proposed, which mainly focused on the key points, sharp cor-
ners, edge lines, and planar surfaces in the point cloud. Zhang
and Singh [6] and [7] proposed a low-drift and real-time lidar
odometry and mapping (LOAM) method with an outstanding
performance. In LOAM, feature points on sharp edges and
planar surface patches were extracted from the point cloud.
Edge points of the source cloud were matched with the edge
lines in the target cloud, while planar points were matched
with planar surface patches.

With the extending use of LiDAR SLAM in various areas,
the interference of external disturbances on SLAM is becom-
ing more and more obvious. Besides the ranging measure-
ment error and the orientation error, mechanical vibration
is also one potential interfering factors of LiDAR under
certain conditions. Li et al. [8] pointed out that platform
vibration error is one of the typical missile-borne LiDAR
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errors, that cannot be ignored. In aerial LiDAR measure-
ments, Kolecki et al. [9] pointed out that the presence of
vibrations from the rotors and engines of a gyrocopter had
disturbing impacts on the laser point pattern. In the research
conducted by Canata et al. [2], LiDARwas used to assess the
height of sugarcane plants during the pre-harvest period. The
influence of vibration on the performance of LiDAR under
field conditions was found to be significant. Luo and Li [10]
indicated that the impact of vibration on cross slope measure-
ment was not negligible and needed to be calibrated in the
measurement for highway ramps using inertial measurement
unit (IMU) and three-dimension (3D) LiDAR. Research by
Periu et al. [11] has shown that the LiDAR sensor installed on
an agricultural tractor is affected by themechanical vibrations
induced by the operation of the tractor on uneven terrain.
Vibrations on different unmanned aerial vehicle (UAV) plat-
forms and under different working conditions are compared
by Li et al. [4] to find an appropriate UAV to carry a LiDAR
system for heritage mapping. The piston engine was found to
be the primary source of a helicopter’s vibration, constituting
a major interference for the LiDAR system. Attentions have
been drawn upon the influence of vibration on LiDAR.

There are different ways to address the interference of
external disturbances on LiDAR SLAM. One way is to
employ graph-based optimization methods [12] in the SLAM
framework to enhance the performance of SLAM. Among all
the back-end optimization strategies, loop closure detection
and ground detection are two popular methods that can reduce
the drift error. The detection of loop closure is aimed to estab-
lish the relationship between current data and previous data as
a constraint in the optimization when the current environment
is verified as a visited environment. Loop closure detection
has been applied tomultiple scenarios to eliminate the drift on
a global scale [13]–[15]. In lightweight and ground-optimized
LOAM (LeGO-LOAM) [16], ground detection was adopted
to reduce drift error for ground vehicles. Ground point was
separated from point cloud and planar features extracted from
the ground were used to obtain (pz, proll, ppitch). Another way
is to mitigate a certain external disturbance by mechanical
approaches outside the SLAM framework. Pu et al. [17]
proposed a multi-layer electromagnetic spring with tunable
negative stiffness to attenuate the vibration of the LiDAR.

However, when the LiDAR SLAM is applied to extreme
conditions, the point cloud map constructed in SLAM could
be affected by external disturbances, and mechanical mea-
sures might not be able to eliminate all external disturbances
for practical reasons. Since external disturbances such as
vibration will always leave traces on the localization results
of LiDAR SLAM, it is possible to solve the problem from a
new angle by identifying and compensating the influence of
external disturbances based on the localization results instead
ofmap. These identification and compensationmethods inde-
pendent from point cloud map can provide a new strategy in
extending the use of LiDAR SLAM to various fields.

Although LiDAR is a unique sensor with several advan-
tages over the traditional inertial sensors, the basic principles

of how LiDAR SLAM works in localization are similar to
other sensors. Kalman filter (KF) and its variants are usually
employed to estimate the drift error in inertial sensors such
as IMU [18]–[20], MEMS IMU [21], [22], and fiber optic
gyroscope [23]–[25]. After the identification and estimation
of drift error, the compensation method can be implemented
accordingly. The same idea is also promising to be applied
to the identification and compensation of drift error for the
LiDAR SLAM.

The first idea of this work is to analyze the potential
inducing factors of the drift error on a local scale by contrast
experiments. According to the motion state of the platform,
drift error can be classified as static drift and dynamic drift.
This studymainly focused on the static drift of LiDARSLAM
when the platform is at a static pose without any translation
and rotation. Contrast experiments on potential inducing fac-
tors are designed and performed in indoor environments to
exclude unrelated external disturbances.

The drift error of SLAM induced by external disturbances
can be severe under extreme conditions. Due to the interfer-
ence of static drift onmapping procedure in SLAMalgorithm,
graph-based strategies, such as loop closure detection and
ground detection, will be limited to eliminate the drift error of
the map. Therefore, the second idea of this work is to propose
a new strategy to identify the existence of static drift based on
the localization results of SLAM and compensate the static
drift.

The remainder of this paper is structured as follows: Details
of the experimental description are explained in Section 2.
The potential inducing factors of static drift are investigated
on the basis of contrast experiments in Section 3. The iden-
tification of static drift using parameter estimation based on
KF is introduced in Section 4. In Section 5, a compensation
algorithm for static drift is proposed and verified by experi-
mental data. In Section 6, the influences of static drift on loop
closure detection and ground detection are discussed. Finally,
conclusions are given in Section 7.

II. EXPERIMENT DESCRIPTION
A. EXPERIMENTAL PLATFORM
An unmanned ground vehicle (UGV) mounted with a LiDAR
sensor was used in experiments, as shown in Figure 1. The
UGV platform, SCOUT 2.0, is a four-wheel differential
steered chassis with a maximum linear speed of 1.5 m/s and
a maximum angular speed of 0.5235 rad/s. The LiDAR is
Velodyne-16 (VLP-16) with ameasurement range up to 100m
and an accuracy of ±3 cm. The vertical angular resolution
is 2◦ and the horizontal angular resolution varies from
0.1◦ to 0.4◦. The vertical field of view of the LiDAR
is 30◦ (±15◦). A box PC with an Intel i7-6820EQ CPU was
used to run the SLAM framework.

B. SLAM ALGORITHM
As one of the state-of-the-art algorithms for LiDAR SLAM,
LOAM [6], [7] achieved a high level of accuracy in the KITTI
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FIGURE 1. UGV platform.

dataset. The key idea of LOAM was to match sharp points
and planar points of the current scan to edge lines and pla-
nar surfaces of the previous scan, respectively. Hence, when
the point cloud in the environment is distributed unevenly,
the localization accuracy of LOAM could be affected. In this
study, the features of static drift for LOAM in typical indoor
scenarios were investigated.

The LiDAR coordinate system is a 3D coordinate system
with its origin at the geometric center of the LiDAR. The
typical convention to specify the reference system in vehicles
is used, i.e.: the x-axis is pointing forward, the y-axis is point-
ing to the left, and the z-axis is pointing upward. The world
coordinate system is a 3D coordinate system corresponding
with the LiDAR coordinate system at the initial pose.

C. TESTING ENVIRONMENT AND PROCEDURE
All the data were collected in an office and a corridor as illus-
trated in Figure 2. The experiments were performed without
the interference of dynamic objects in the environment.

FIGURE 2. Testing environment and the schematic diagram of
experiments. (In Experiment 2, the course of the second moving phase is
indicated by green arrows. In Experiment 3, the course of the second
moving phase is indicated by red arrows and the course of the fourth
moving phase is indicated by blue arrows).

The static drift at point A can be observed in the office.
The UGV will stay for a period of time and then move out
of the office. After moving along the corridor to reach point
B or point C , the UGV will finally move back to point A in
the office. Therefore, the influence of static drift on LiDAR
SLAM can be assessed using the data collected throughout
the process.

Four sets of experiments were designed and carried out.
In Experiment 1, the UGV was kept stationary at point A

and point B for 5 minutes, respectively, to investigate how
the environment influences the static drift.

Experiment 2 is a two-phase experiment which was
designed to evaluate the influence of static drift on SLAM.
In the first static phase, the UGV was kept stationary at
point A for 50 seconds, while in the second moving phase,
the UGV moved out of the office from point A, then moved
along the corridor to reach point B, and finally moved back
to point A in the initial pose. The course of the second
moving phase in Experiment 2 is indicated by green arrows
in Figure 2.

Experiment 3 is a four-phase experiment that was per-
formed to verify the identification and compensationmethods
of static drift for LiDAR SLAM. In the first static phase,
the UGV was kept stationary at point A for 50 seconds.
In the second moving phase, the UGV moved along the cor-
ridor to reach point C and moved back to point A. In the third
static phase, the UGV was kept stationary at point A for an
additional 50 seconds. In the fourth moving phase, the UGV
reached point B and moved back to point A. As shown in
Figure 2, the course of the second moving phase is indicated
by red arrows and the course of the fourth moving phase is
indicated by blue arrows.

Experiment 4 is the continuous repetition of Experiment 2
procedure two times. The UGV was kept stationary at point
A for 50 seconds. Then the UGV moved into the corridor to
reach point B and then moved back to point A. After being
kept stationary at point A for another 50 seconds, the UGV
moved into the corridor for the second time to reach point B
and moved back to point A. The point cloud map of corridor
was constructed twice in Experiment 4, and the interference
in the mapping procedure caused by static drift will be dis-
cussed in Section 6.

In Experiment 2, Experiment 3, and Experiment 4,
the UGV all started from point A with the initial pose of
(x, y, z, yaw, pitch, roll) = (0, 0, 0, 0, 0, 0) for the LiDAR
SLAM. In the end of the experiments, the UGV all were all
restored to the initial pose at point A. Therefore, the 6-DoF
output of LiDAR SLAM at the end of the experiment can
be taken as the cumulative positioning error of the whole
process.

III. INDUCING FACTORS OF STATIC DRIFT
A. CONTRAST EXPERIMENTS ON ENVIRONMENT
The distribution of point cloud plays an important role in
LiDAR SLAM. The features of point cloud distribution are
different in the office and the corridor. At point A in the
office, feature points are distributed unevenly with only a
small proportion of feature points on the ceiling (Figure 3).
However, feature points are more uniformly distributed on the
surfaces in all directions at point B (Figure 4) and point C
(Figure 5) in the corridor.

In Experiment 1, the output data of LiDAR SLAM at point
A and point B were obtained with the UGV in a stationary
state for 5 minutes. As shown in Figure 7, the positioning
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FIGURE 3. Environment and point cloud at point A.

FIGURE 4. Environment and point cloud at point B.

FIGURE 5. Environment and point cloud at point C .

results of LiDAR SLAM is drifting at an average speed
of 0.0333 m/s at point A. Nevertheless, in Figure 8, static
drift can hardly be observed at point B. The 3D trajectory of
LiDAR SLAM at point A is shown in Figure 6. Therefore,
the distribution of point cloud in the environment has a sig-
nificant impact on the static drift. In this paper, the identifi-
cation and compensation methods are focused on the static
drift induced in the office around point A. From the contrast
experiments on environment, it can be concluded that evenly
distributed point cloud can restrict the static drift.

B. CONTRAST EXPERIMENTS ON MECHANICAL
VIBRATION
A LiDAR mounted on a platform must endure the mechan-
ical vibrations from the engines, rotors, wind, etc. Different
kinds of vibration-control equipment have been developed for
LiDAR on different platforms [9], [11], [17]. The influence of
vibration on the distribution of point cloud has been observed
in experiments [17].

When the LiDAR evaluates its position on a static but
vibrating platform, the difference between the frequency of
LiDAR operation and the frequency of platform vibration
will possibly create positioning errors from scan to scan for
the LiDAR SLAM. The positioning errors induced by the
vibration can accumulate with time, which can be observed
as static drift.

FIGURE 6. The trajectory of LiDAR SLAM at point A in Experiment 1.

Besides all the mechanical vibrations from the platform,
the vibration from the sensor itself should not be neglected
as well. When the VLP-16 LiDAR operates, the motor inside
will rotate at a speed of 600 r/min. As shown in Figure 9, a
WT61PC IMU is mounted on the top of LiDAR to measure
the mechanical vibration during operation. The bias stability
of the IMU is 0.01 g in acceleration and 0.05 ◦/s in angular
velocity. The sampling frequency of IMU can be set from
0.1 Hz to 200 Hz.

Evident differences in acceleration data can be observed
when the LiDAR was off and on respectively, as shown
in Figure 10 and Figure 11. The average values of acceleration
on x-axis, y-axis, z-axis were 0.1249 m/s2, −0.1833 m/s2,
9.7710 m/s2 when the LiDARwas off, and the average values
of acceleration on x-axis, y-axis, z-axis were 0.1230 m/s2,
−0.1845 m/s2, 9.7750 m/s2 when the LiDAR was on. The
standard deviations of acceleration on x-axis, y-axis, z-axis
were 0.0031m/s2, 0.0031m/s2, 0.0037m/s2 when the LiDAR
was off, and the standard deviations of acceleration on x-axis,
y-axis, z-axis were 0.0464 m/s2, 0.0152 m/s2, 0.0067 m/s2

when the LiDAR was on. An increase in the standard devia-
tions of accelerations can be an indicator for the existence of
the vibration generated by LiDAR itself.

For contrast, the LiDAR was switched onto a static heavy
shelf at point A with more constrains for the vibration. When
the LiDAR was off, the standard deviations of acceleration
on x-axis, y-axis, z-axis were 0.0032 m/s2, 0.0032 m/s2,
0.0034 m/s2, which were on the same level of the standard
deviations obtained from AGV platform. When the LiDAR
was on, the standard deviations of acceleration on x-axis,
y-axis, z-axis were 0.0112 m/s2, 0.0092 m/s2, 0.0034 m/s2,
which were much lower than the standard deviations obtained
from AGV platform. As shown in Figure 12, the average
speed of static drift is 0.0009 m/s on the shelf at point A,
which was much lower than the average speed of static drift
on AGV platform at point A in Experiment 1.
The static drift error can be induced by many factors

from hardware, such as ranging errors and orientation errors.
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FIGURE 7. Position coordinates at point A in Experiment 1.

FIGURE 8. Position coordinates at point B in Experiment 1.

FIGURE 9. Positions of LiDAR and IMU.

According to the results of the contrast experiments, vibration
is also a potential inducing factor of static drift. It is necessary
to consider the influence of vibration on LiDAR SLAMwhen
the vibration of the platform is evident.

C. CONTRAST EXPERIMENTS ON HARDWARE
The 6-DoF output data of Experiment 2 are shown in
Figure 13. The localization output of LOAM is shown as a
3D trajectory in Figure 14. The point cloud map constructed
during Experiment 2 is shown in Figure 15.

From Figure 14 and Figure 15, it can be depicted that the
localization procedure and mapping procedure of LOAM are
both affected by the static drift in the first static phase. The

LiDAR can only return to a drifted point A′ instead of actual
point A at the end of Experiment 2. The final positioning error
of the LOAM, i.e., the distance between the initial pose and
the final pose, was 3.4154 m.

Both the localization andmapping output of LOAMdrifted
at point A in the first static phase. The point cloud map
of the corridor, which was obtained in the second moving
phase, subsequently drifted based on the drifted map of the
office. The drift of point cloud map will lead to a serious
problem that graph-based optimization methods can only be
implemented based on a drifted map. The effect of graph-
based optimization methods therefore will be limited.

The static drift can be induced by hardware such as
mechanical vibration, ranging measurement errors, and ori-
entation inaccuracy. It would be difficult to perform a contrast
experiment with no influence of hardware errors. To over-
come the limitation of hardware, the point cloud data can
be processed to simulate a LiDAR without hardware errors
during static drift in Experiment 2.

The output data of VLP-16 were first identified based on
the actual start time and end time of the moving phase in
Experiment 2. If the point cloud data are identified as in the
state of static drift according to its time stamp, it will be
replaced by the point cloud data before the static drift and sent
to the SLAM algorithm. If the point cloud data are identified
as in the state of normal moving, it will be sent to the SLAM
algorithm directly. Therefore, the same point cloud data will
be sent to the SLAM algorithm to simulate a LiDAR without
any hardware errors during the static drift in the simulated
Experiment 2.
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FIGURE 10. Acceleration on x-axis, y-axis, and z-axis when the LiDAR is off.

FIGURE 11. Acceleration on x-axis, y-axis, and z-axis when the LiDAR is on.

FIGURE 12. Position coordinates at point A when the vibration is constrained for contrast.

As shown in Figure 16 and Figure 17, the trajectory and
point cloud map of simulated Experiment 2 are all kept on the
x-y plane. The final positioning error of LOAM was reduced
from 3.4154 m to 1.1366 m.

From the contrast experiments on hardware, it can be con-
cluded that, though the point cloud was distributed unevenly,
a major part of the drift in localization and mapping can be
eliminated when the errors from hardware was eliminated.
Hence, environment and hardware error are two important
inducing factors of static drift. Since both the localization
and mapping results of LiDAR SALM can be affected by the
static drift and the inducing factors are inevitable during the
common use, it is important to identify the existence of static
drift and build an algorithm to compensate it.

IV. IDENTIFICATION OF STATIC DRIFT BASED ON
KALMAN FILTER
A. KALMAN FILTER DESIGN
Before any compensation measures are implemented, it is
essential to identify whether the LiDAR is in the state of static
drift. Since the information from odometry and navigation
commands are not always available for the identification of
static state in all the situations. It is necessary to implement
the identification based on the output of LiDAR SLAM.
According to Figure 13, parts of the localization output were
changing at a relatively steady but low speed during static
drift. Therefore, a KF is designed to estimate the speed and
acceleration parameters which can be used to identify the
existence of static drift. The identification method and pose
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FIGURE 13. 6-DoF output data of LOAM in Experiment 2.

FIGURE 14. 3D trajectory of LOAM in Experiment 2.

compensation method proposed in this paper are aimed to be
effective for various platforms in universal scenarios. Hence,
all 6-DoF speed and acceleration information are essential
to build an estimation criterion of static drift, which can
distinguish the static drift from uniform translation along one
axis and uniform rotation around one axis.

The state vector in the KF is defined as

x = (p, v, a)T

= (px , vx , ax , py, vy, ay, pz, vz, az, pyaw, vyaw,

ayaw, ppitch, vpitch, apitch, proll, vroll, aroll)
T (1)

where p is the position coordinate or rotating angle, v is the
velocity and a is the acceleration.

FIGURE 15. Point cloud map constructed in the Experiment 2.

The 18-dimentional state equation can be expressed as

xk = Fkxk−1 + w (2)
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FIGURE 16. 3D trajectory of simulated Experiment 2.

FIGURE 17. Point cloud map constructed in simulated Experiment 2.

where Fk represents the state transition matrix. w represents
the system noise which obeys a Gaussian distribution

w ∼ N (0,Q) (3)

where Q represents the processing noise.
The prediction model for one degree of freedom is defined

as

pk = pk−1 + vk−11t +
1
2
ak−11t2 (4)

where pk is the position coordinate or rotating angle of current
scan, pk−1 is the position coordinate or rotating angle of last
scan, vk−1 is the velocity of last scan, ak−1 is the acceleration
of last scan, and 1t is the time interval between last scan and
current scan.

TABLE 1. The estimation criterion of static drift.

The measurement model for update is expressed as

zk = Hkxk−1 + y (5)

where zk represents the observation vector and H represents
the measurement function matrix. The y obeys a Gaussian
distribution

y ∼ N (0,R) (6)

where R represents the measurement noise.
H is given as

Hi,j =

{
1, if i = j = 1, 4, 7, 10, 13, 16
0, otherwise

(7)

The 6-DoF output data of current scan will be used for
update. Therefore, the speed and acceleration parameters of
current can be estimated after update.

B. IDENTIFICATION RESULTS
The 6-DoF speed values and the acceleration values in Exper-
iment 2 can be obtained using a KF, as shown in Figure 18 and
Figure 19. The estimation criterion should be built according
to the characteristics of the external disturbance. The external
disturbances, which induced the static drift in our cases, was
embodied as a continuous, relatively steady, but slight change
in speed and acceleration. Therefore, as listed in Table 1,
the estimation criterion of static drift can be established
according to the fluctuation range of 6-DoF speed values and
acceleration values in Experiment 2.

All 6-DoF data points of Experiment 2 can be identified
based on the estimation criterion of static drift. As shown
in Figure 20, red dots represent the data points identified
as drifting points, and black hollow circles stand for normal
data points. The identification accuracy of 1065 points was
99.15% with 9 misidentified points.

V. COMPENSATION ALGORITHM FOR LIDAR SLAM
A. COMPUTATIONAL PROCEDURE
The compensation algorithm’s key idea is to identify the
start point and end point of each static drift. Then, once the
latest drift ends, the compensation matrix will be constantly
updated using the pose change from the start point to end
point. The pose before the current static drift began will
be assigned to the pose of a drifting point. The pose of a
normal point, which is not drifting, will be compensated using
the compensation matrix to eliminate the pose changes in
previous static drifts.
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FIGURE 18. 6-DoF speed output of KF for Experiment 2.

FIGURE 19. 6-DoF acceleration output of KF for Experiment 2.

The computational procedure of the compensation method
for static drift is shown in Algorithm 1. The state vector xk
updated by KFwas used to estimate whether the current point
is a drifting point based on the estimation criterion of static
drift.

If the current point is a drifting point, compensated pose
of the last point will be assigned to the current point.
Furthermore, if the last point is not a drifting point, the

current point will be marked as the start point of the current
drift.

If the current point is not a drifting point, current point’s
compensated pose will be calculated using the latest updated
compensation matrix. In addition, if the last point is a drifting
point, the current point will be marked as the end point of last
drift. The compensationmatrix will be updated using the pose
change from start points to end points in the last drifts.
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FIGURE 20. Static drift identification of data points (px ) from the
two-phase Experiment 2.

FIGURE 21. Static drift identification of data points (px ) from
Experiment 3.

B. COMPENSATION RESULTS
The identification result of Experiment 3 is shown in
Figure 21. The identification accuracy of 1866 points is
97.32% with 50 misidentified points.

Original 6-DoF output data and 6-DoF compensated data
of LOAM in Experiment 3 are shown in Figure 22. The
consistency of the output data was well preserved after the
compensation. Original 3D trajectory and compensated 3D
trajectory are shown in Figure 23. In Experiment 3, the final
pose of UGV was restored to the initial pose. However, the
final position of LOAM was 4.9464 m away from the initial
position. After compensation, the distance between final pose
and initial pose in Experiment 3 is reduced by 96.48% to
0.1741 m.

VI. DISCUSSION AND FUTURE WORK
A. POTENTIAL INFLUENCE ON LOOP CLOSURE
DETECTION
In Experiment 4, the point cloud map of the corridor was
constructed twice to investigate the influence of static drift

Algorithm 1The Computational Procedure of Compensation
Method for Static Drift

Input: Observation vector zk and state vector xk updated
by the KF
Output: Compensated observation vector zk(compensated)

1: if xk is estimated as a drifting point by the criterion
2: Return zk(compensated) = zk−1(compensated)
3: Mark current data point as a drifting point;
4: if the last point is not a drifting point
5: Mark current point as a starting point of current drift;
6: end if
7: else
8: if the last point is a drifting point
9: Mark current point as the end point of last drift;
10: Update the compensation matrix using the pose

change from the start point to end point for last drift;
11: end if
12: Calculate the zk(compensated) using zk and

compensation matrix
13: Return zk(compensated)
14: end if

on the mapping process. When the LiDAR enters a visited
environment after a period of static drift, the interference in
mapping procedure can lead to various consequences. If the
LiDAR has not drifted far away from the previousmap, it may
be possible for the LiDAR to find its location back in the
previous map. If the LiDAR has drifted far enough from the
previousmap, such as in the case of Experiment 4 (Figure 24),
a new map of the visited environment will be constructed at
a drifted position (Figure 25).

According to the results of Experiment 4, the static drift
can severely affect the mapping process of the SLAM
algorithm, which would further obstruct the subsequent
graph-based optimization algorithms, such as loop closure
detection.

Since the identification of static drift can be performed
using only the localization results of last scan and current
scan, the identification and compensation algorithms can be
implemented into the SLAM algorithm in the future work.
Then, the point cloud affected by static drift can be prevented
from being updated into the global map.

B. STATIC DRIFT AFTER GROUND DETECTION BEING
IMPLEMENTED
LeGO-LOAMwas proposed by Shan and Englot [16], which
leverages ground separation, point cloud segmentation, and
improved Levenberg-Marquardt optimization. To investi-
gated its performance under the influence of static drift,
LeGO-LOAM was tested with the same input data from
conducted experiments.

The output data of pz in Experiment 1 using LeGO-LOAM
are shown in Figure 26 and Figure 27, which indicates the
existence of static drift at point A. But the speed of static
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FIGURE 22. Original 6-DoF output data and compensated 6-DoF data of Experiment 3.

FIGURE 23. Original 3D trajectory and compensated 3D trajectory of
Experiment 3.

FIGURE 24. 3D trajectory of Experiment 4.

drift for LeGO-LOAM was much lower than the speed of
static drift for LOAM according to the comparison between
Figure 7 and Figure 27. The average speed of static drift for
LeGO-LOAM at point A was 0.0032 m/s.

FIGURE 25. Point cloud map constructed in Experiment 4.

The 6-DoF output data of Experiment 3 using
LeGO-LOAM are shown in Figure 28. The point cloud
map constructed in Experiment 3 using LeGO-LOAM is
shown in Figure 29. The final positioning error of the LeGO-
LOAM was found to be 0.8341 m, which was lower than
LOAM.

Due to the optimization based on ground detection, the per-
formance of LeGO-LOAM was more stable than LOAM
under the influence of static drift. However, according to
Figure 28 and Figure 29, the influence of static drift on
the output of localization and mapping still existed after
the graph-based optimization being implemented in LeGO-
LOAM. When the external disturbances become severer and
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FIGURE 26. Position coordinate of z at point B in Experiment 1 using
LeGO-LOAM.

the error sources become more complicate, the influence on
the output of LeGO-LOAM can be more significant.

Furthermore, ground detection may not be available under
extreme conditions. It can be difficult to extract ground,
when a LiDAR mounted on a tractor operates over rough
terrains and on off-road surfaces, or when a LiDAR mounted
on a plane conducts aerial survey in mountain areas. It is
necessary to adopt methods against certain dominant distur-
bances under certain conditions, which could be an important
supplement to extending the use of LiDAR SLAM in various
areas.

FIGURE 27. Position coordinate of z at point A in Experiment 1 using
LeGO-LOAM.

The point cloud distribution in the environment can provide
constrains for the static drift and the dynamic drift. Unevenly
distributed point cloud in a certain environment should be
given more attention in the use of LiDAR SLAM.

For other platforms, such as cars and UAVs, the static drift
can be affected by various kinds of external disturbances.
The feature of static drift can also be different accordingly.
In order to achieve an adequate accuracy, the estimation
criterion of static drift should be adjusted according to differ-
ent SLAM algorithms, different environments, and different
hardware conditions.

FIGURE 28. 6-DoF output data of LeGO-LOAM in Experiment 3.
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FIGURE 29. Point cloud map constructed in Experiment 3 using LeGO-LOAM.

VII. CONCLUSION
In this study, the inducing factors of static drift were evaluated
by experiments. An identificationmethod based on parameter
estimation and a compensation algorithm were proposed to
eliminate the static drift influence on LiDAR SLAM. The
main results are summarized as follows:

(1) Environment is an inducing factor of static drift based
on the results of experiments at different locations. Static
drift of LOAM can be observed with the average drift speed
of 0.0333 m/s when the point cloud was not distributed uni-
formly in the environment.

(2) Besides the ranging measurement error and the orien-
tation error, vibration is also a potential inducing factor of
static drift according to the results of contrast experiments.
The localization and mapping results of LiDAR SALM in
Experiment 2 was affected by the static drift. In the simulated
Experiment 2, when the influence of hardware errors during
the static drift was entirely filtered, the final positioning error
was reduced from 3.4154 m to 1.1366 m.

(3) A KF was built to estimate the speed and acceleration
parameters of LiDAR SLAMbased on the localization results
of SLAM. An estimation criterion for the identification of
static drift can be established based on the value ranges of
speed and acceleration during a static drift. For 1065 points
in Experiment 2, the identification accuracy was 99.15%.

(4) A compensation algorithm for static drift was proposed.
Based on the estimation criterion, static drifts in Experiment 3
were identified and compensated. For 1866 points, the identi-
fication accuracy was 97.32%, and the final positioning error
was reduced from 4.9464 m to 0.1741 m.
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