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Abstract

Localisation remains a crucial aspect of robotic design. It forms the basis of any kind of autonomous navigation for drones, cars
and other specialized robots. This is usually achieved using a Simultaneous Localisation and Mapping (SLAM) algorithm, which
uses an input sensor to localise the robot within a map that is created simultaneously. The input sensors are either cameras, which
provide visual data, or Light Detection And Ranging (LiDAR) sensors, which automatically deliver a point cloud up to surveying
quality. In recent years, LiDAR inertial odometry (LIO) algorithms, which combine measurements from a LiDAR sensor and
inertial measurements from an IMU, have become more popular. These algorithms do not use a previously recorded map, but rather
create their own map during runtime. This paper contributes an improvement to the precision by integrating a predefined 3D global
point cloud map into the localisation algorithm. Over the course of multiple experiments in different testing scenarios, we have
achieved a 71% reduction of the distance error for localisation, while there was no significant change regarding the orientation error.
This makes the presented system a suitable localisation option for real-world robotic operations at construction sites.

1. Introduction

Robotics are used in an ever expanding number of fields and
their localisation remains an important issue, that has to be
solved to enable any kind of autonomous operations. The con-
struction industry though is one, where the adoption of robotic
automation is slow. (Yarovoi and Cho, 2024) Localisation is a
particularly difficult problem, because many traditional local-
isation approaches fail. While in most scenarios Global Nav-
igation Satellite Systems (GNSS) are used, there remain chal-
lenges, when this is either not precise enough or it is unavail-
able, such as in many interior spaces. This makes it infeas-
ible for the construction industry, where robotic system have
to work in interior spaces. Other common options, popular in
warehouses, are localisation systems, that require a fixed setup,
such as motion capture, which also are not an option in the dy-
namic environment of a construction site. In these situations a
Simultaneous Localisation and Mapping (SLAM) algorithm is
commonly used as a substitute, which relies only on sensors,
that are mounted on the robot itself. These make it possible to
have a localisation system, that works independently and does
not require any additional set up at the deployment location.
Typically, the sensors used in SLAM are either cameras, which
produce RGB-images or in the case of stereo cameras poten-
tially depth images, or Light Detection And Ranging (LiDAR)
systems, which result in a point cloud encoding spatial inform-
ation. The change in consecutive images or scans from these
sensors is detected from which the movement of the robot is de-
duced. The individual images or scans are then merged, based
on the robots relative position to form a map of the traversed
area at runtime. Recently Visual Inertial Odometry (VIO) and
LiDAR Inertial Odometry (LIO) algorithms have become more
popular. These aim to provide a more accurate and higher fre-
quency pose estimation, by combining lower frequency visual
or LiDAR sensors with high frequency inertial measurements
from an IMU. An important advantage for any of these al-
gorithms is, that they work without any prior knowledge of the
traversed area, but this lack of a previously defined global ref-
erence, leads to rising inaccuracies over longer time periods in

particular for parts of the trajectory further from the starting
point. While in many situations this is acceptable, as they are
still coherent locally, we aim to support real-world robotic op-
erations at constructions sites, where greater accuracy is neces-
sary.

This paper introduces an addition to the FAST-LIO 2 (Xu et al.,
2022) algorithm, which introduces a previously created point
cloud map of the working environment of the robot. This is
used to continuously adapt the pose estimation to remain in
line with the global map. As construction sites more widely
move to integrate Building Information Modelling (BIM) sys-
tems into the workflow, maps of the environment, that are used
for our addition, often already exist. In cases were this is not
the case 3D point clouds are quickly created using a terrestrial
laser scanner with the typical accuracies. We aim to achieve
localisation accuracies in a similar range, such that real-world
robotic operations at construction sites become feasible.

2. Related Work

Over the course of the last decades a lot of research in the dir-
ection of SLAM algorithms for localisation purposes has been
done. Generally a larger focus was put on LiDAR based SLAM
methods, as these tend achieve better results compared to visual
SLAM, among others due their ability to immediately provide
depth information. (Garigipati et al., 2022, Cadena et al., 2016,
Yarovoi and Cho, 2024, Broggi et al., 2013) In recent years
most SLAM algorithms, both visual and LiDAR based, use a
multistep SLAM core, which first creates some kind of odo-
metry data, based on scan-to-scan matching with the previous
scan, before stitching together a map usually at a lower fre-
quency. The LOAM (Zhang and Singh, 2014) and V-LOAM
(Zhang and Singh, 2015) algorithms, were among the first to do
so, for LiDAR and visual data respectively. Since then many
adaptations of LOAM and other similar algorithms have been
proposed, usually with a specific use-case in mind or lever-
aging specific kind of data. These include Loam Livox (Lin
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and Zhang, 2020), which is specialized for solid-state LiDAR
sensors, which have become more popular due to their reduced
cost, and LeGO-LOAM (Shan and Englot, 2018) and ART-
SLAM (Frosi and Matteucci, 2022), both of which add a ground
segmentation module to the SLAM pipeline.

While these systems do not require any additional input, other
than from either the camera or LIDAR sensor, some of them
do support it, from among others GNSS, an IMU or otherwise
obtained odometry. Though recently many systems were in-
troduced, that require inertial measurements from an IMU as
an additional higher frequency input to smooth and better pre-
dict movement. Some of these include LIO-SAM (Shan et
al., 2020), Wildcat(Ramezani et al., 2022), DLIO(Chen et al.,
2023) and FAST-LIO 2 (Xu et al., 2022).

A common issue, that we see with many SLAM algorithms is
drift. As there is no globally stable reference, that they use,
the position estimation tends to drift away from a true repres-
entation of the space, which is less important, if you only re-
quire locally accurate data, but becomes a larger problem, if
the system has to support globally stable operations. There has
been some research to try to combat this, by either correcting
for drift using post-processing (Keitaanniemi et al., 2023) or
adding additional information into the scene like optical mark-
ers (Schischmanow et al., 2022). Another option is to introduce
predefined map into the SLAM process. A popular data source
for this is Open Street Map, like in (Floros et al., 2013, Frosi
et al., 2023), which utilize the street grid and the 2D outline of
buildings as additional information. (Parsley and Julier, 2010)
discuss how prior information, like satellite imagery, that is of
a different kind, than the sensor data of the robot, are integ-
rated into the algorithm. While most of these approaches focus
on outdoors, (Wang et al., 2019) uses schematic floor plans of
buildings, from which features are extracted that are consistent
in both the floor plan and the LiDAR data. In our work we use
a point cloud as a previously generated map input, to increase
the accuracy of the localisation system.

3. Approach

In this work, we introduce a system that uses a predefined
global map alongside the FAST-LIO 2 algorithm (Xu et al.,
2022) to improve the overall precision of the localisation sys-
tem of a mobile robot. For this system both LiDAR and inertial
data are used in the FAST-LIO 2 algorithm, while the global
map is given in the form of a point cloud. The robot’s pose
is defined by the pose of the mounted LiDAR sensor, and the
two terms are used interchangeably throughout. The system
has been implemented in ROS 2 (Macenski et al., 2022) and
the TF frames depicted in Fig. 1 represent the various pose
estimations. There are three different branches, which all rep-
resent one estimation of the pose of the robot: first a ground
truth, which is not actually calculated by or on the robot, but
rather separately and is only used for verification; second the
estimation of the FAST-LIO 2 algorithm, whose pose estima-
tion is referred to as without correction; and third our estima-
tion, which incorporates a global map and is referred to as with
correction. Both of these are calculated at runtime of the ro-
bot on the onboard PC. The global map used by the system is
given in the map frame, from where the three branches separate.
The FAST-LIO 2 algorithm provides the transform between the
fixed camera init frame and the body frame, which repres-
ents the best guess of where the robot is based purely on FAST-
LIO 2. To compare this both to the ground truth and our addi-

map

riegl calib camera init body prev

true body body body guess

ground truth without correction with correction

3DTK ours
initital position

3DTK FAST-LIO 2 FAST-LIO 2

Figure 1. An overview of the used TF frames in ros. The
annotation next to an arrow denotes what is responsible for that

transformation.

tion, this is linked to the map frame based on the initial position
of the robot, as this is where the camera init frame is fixed
at, and the ground truth provides a transform at this pose to the
global map frame. This transformation, as it depends on the
ground truth, is not available during the runtime of the robot,
which means it cannot be directly compared to the corrected
pose, as they lack a connected global reference frame. Our ad-
dition to the system continuously performs an Iterative Closest
Point (ICP) algorithm, in our current implementation the one
from open3d (Zhou et al., 2018), matching the most recent point
cloud, received from the LiDAR sensor, to the global map. As
an initial transform for the ICP algorithm the current pose of
the robot is used. This determines the transform from the map

to the body prev frame, which therefore always holds the pose
of the latest matched LiDAR scan. As the ICP algorithm takes
some time to calculate the transformation, the resulting pose is
no longer accurate at the current timestamp cur, as it represents
the pose at the timestamp k, at which the corresponding point
cloud was taken by the LiDAR sensor. To overcome this offset
and the time during which the calculation takes place, during all
which, we also aim to provide an accurate pose estimation, we
interpolate from the latest matched LiDAR scan at timestamp
k to now with data from FAST-LIO 2. For this we temporarily
save the transformation camera init

bodyk
T , the result of FAST-LIO 2

at timestamp k and use it in the following

body prev
body guessT =

bodyk
bodycur

T = camera init
bodyk

T−1 camera init
bodycur

T (1)

to calculate the transformation from the body guess to the
body prev frame. The body guess frame now holds the pose
of the robot based on the ICP result, interpolated to the current
time using FAST-LIO 2.

4. Experiments

To verify the system accuracy we preform several experiments
in multiple scenarios, which are summarized in Tab. 1. The test
runs take place either in an inside or outside environment, of
which Fig. 2 depicts a point cloud. Both of these are a com-
bination of multiple high definition laser scans. One of the res-
ulting point clouds is used as the global map for the correction
step, depending on the location of the test run. As the LiDAR
sensor of the system we use a Livox Mid-360, which we at-
tach to a mobile volksbot robot (Nüchter et al., 2013), which
Fig. 3 shows. In most test runs the LiDAR sensor is mounted
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Test
Run #

Length
[m]

# GT-Scan
Positions n Location Sensor

Orientation
1 21.09 3 inside level
2 22.93 3 inside angled
3 49.85 5 inside angled
4 36.97 4 inside angled
5 85.89 5 outside angled
6 82.20 5 outside angled
7 68.80 5 inside level

Table 1. Overview of the different configurations of the
individual experiment test runs.

(a) Inside

(b) Outside

Figure 2. A high definition laser scan of the testing environment.

at an angle, as shown in Fig. 3, which aims to improve the per-
formance as suggested in (Yarovoi and Cho, 2024), whereas in
some it is mounted level, with the dome of the sensor point-
ing upwards. The inertial measurements are collected from the
IMU integrated into the Mid-360. Each test run consists of an
arbitrary path of varying length driven with the robot. While
not exact, the end point of each driven trajectory is at a similar
position as the start point.

To determine the accuracy of the system we use up to five high
definition laser scans from a terrestrial Riegl VZ-400 laser scan-
ner per test run, which are taken at the beginning and end of
each test run and at a few points in between, at all of which the
robot is also stationary. The positions of the robot at each of the
scans (GT-Scan Position 1 through n) are used as the ground
truth of the system. These scans are then manually evaluated
after each test run for comparison. To facilitate this, the robot is
equipped with two calibration spheres of known diameter, the
position of which relative to the LiDAR sensor is also known.
By selecting the points of the calibration spheres and the plane,
on which the LiDAR sensor is mounted, in each of the high
definition laser scans using 3DTK (Nüchter and Lingemann,
2011), depicted in Fig. 4, we determine the exact pose of the
robot relative to the pose of the Riegl laser scanner at each of

Figure 3. The robotic test platform used to perform the
experiment runs, including the LiDAR sensor and the two

calibration spheres mounted on it.

Figure 4. The robotic test platform in a calibration scan, with the
calibration spheres and the mounting plate of the LiDAR sensor

selected.

the GT-scan locations, representing the transformation from the
true body to the riegl calib frame. Using an ICP algorithm
from 3DTK we match the calibration scans into the global map
and therefore determine the transform from the riegl calib

to the map frame. The pose of the robot at the first of these
GT-scans is also used to define the initial pose of the robot and
therefore the camera init frame, as mentioned in Section 3.
We now compare both the result of just the FAST-LIO 2 al-
gorithm and our addition to this ground truth, to determine their
respective accuracy, at each GT-scan position. As we define the
initial position, and therefore also the camera init frame, us-
ing the first calibration scan, the position and orientation error
of the FAST-LIO 2 algorithm at the first GT-scan location is
by definition 0.0 cm or ◦; these data points are excluded in all
further analysis.

The results of our experiments are listed in Tab. 2, in which we
tabularize both the position and orientation error of both FAST-
LIO 2 and our addition at each GT-scan location. Fig. 5 shows
the results graphically.

5. Discussion

Overall we see a significant improvement when using our ad-
dition to continuously correct the FAST-LIO 2 estimation, by
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Test Run # Length [m]
Distance Error at GT-Scan Position # [cm]

1 2 3 4 5
FL2 ours FL2 ours FL2 ours FL2 ours FL2 ours

1 21.09 0.00 0.53 15.05 0.41 3.89 1.15 - - - -
2 22.93 0.00 0.95 11.97 0.49 2.28 0.59 - - - -
3 49.85 0.00 0.69 11.63 1.50 7.80 0.72 10.57 1.86 4.09 1.42
4 36.97 0.00 0.92 8.54 0.85 10.03 4.75 5.05 0.81 - -
5 85.89 0.00 5.15 18.47 2.21 8.95 1.96 23.56 2.55 4.66 23.48
6 82.20 0.00 4.87 13.74 2.89 18.21 3.09 25.42 4.88 4.68 4.98
7 68.80 0.00 1.41 19.13 8.15 11.93 3.02 11.19 8.56 3.33 1.76

(a) Distance error

Test Run # Length [m]
Orientation Error at GT-Scan Position # [deg]

1 2 3 4 5
FL2 ours FL2 ours FL2 ours FL2 ours FL2 ours

1 21.09 0.00 1.07 2.29 1.40 0.91 2.11 - - - -
2 22.93 0.00 0.21 0.51 0.41 0.29 0.26 - - - -
3 49.85 0.00 0.25 0.38 0.75 0.28 0.24 0.67 0.97 0.38 0.40
4 36.97 0.00 0.33 1.11 0.45 0.68 0.47 0.56 0.52 - -
5 85.59 0.00 0.70 0.54 0.38 0.95 0.52 1.03 0.37 0.44 3.50
6 82.20 0.00 0.47 0.83 0.40 0.60 0.37 0.87 0.47 0.37 0.48
7 68.80 0.00 1.54 4.13 4.07 1.76 5.82 2.35 4.24 1.64 0.80

(b) Orientation error

Table 2. The error of FAST-LIO 2 compared to our addition at various ground truth calibration scan positions for the test runs. The
error of FAST-LIO 2 at scan position 1 is 0.0 cm or ◦ by definition, due to our evaluation. A dash (-) indicates, that the given test run

did not have four or five calibration scans.

(a) Distance error

(b) Orientation error

Figure 5. The error of FAST-LIO 2 (without correction)
compared to our addition (with correction).

Figure 6. Mean orientation error for each test run.

Figure 7. Mean distance error at the last GT-scan position
compared to all others.
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matching it into a global predefined map. With regard to the
orientation we notice no significant difference between either
system, with the mean error over all test runs barley worsen-
ing from 1.02◦ to 1.13◦, when adding the global map. This
decrease in precision is mainly driven by Test Runs 1 and 7
and one particularly bad data point, at GT-scan 5 in Test Run 5,
which is the worst performing data point in the distance error
evaluation. Why the matching into the global map performed
much poorer at Test Runs 1 and 7 is explained in the follow-
ing, why it is much poorer at the remaining point is unclear,
especially as it seems to be a singular outlier in particular with
regard to the distance error. We explain the overall similar per-
formance level for the orientation error, mainly by three things:
first the overall error is fairly small anyway, so only a marginal
improvement could be made; second the robot barley rolled or
pitched along the driven trajectory; third we assume orienta-
tion is much more stable as translational movement, as with the
ground and the ceiling in the inside test runs there is always
a large relatively flat plane in the FOV of the LiDAR scanner,
which is easy to track. Analysing the orientation error on a run
by run basis, depicted in Fig. 6, we notice a larger difference
between the accuracy in Test Runs 1 and 7 compared to the
others. In these test runs the LiDAR sensor was mounted level
with the robot and not at an angle (cf. Tab. 1), which due to
the limited vertical FOV of 59◦ of the sensor, results in much
smaller and further away parts of the ceiling and ground being
detected. This further supports the notion, that the ground is an
important reason for stable orientation estimations.

For the distance error there is a significant improvement from
a mean error of 11.05 cm when only using the FAST-LIO 2 al-
gorithm down to 3.22 cm, with the correction. When comparing
the error at the last GT-scan position compared to at all others
(Fig. 7) we notice, that especially the FAST-LIO 2 algorithm
performs significantly better at the last position. As mentioned
in Section 3 the last GT-scan is always made with the robot at
a position similar to the initial one. This shows the fact that,
without the correction the system tends to drift the further the
robot is from the initial position, highlighting the need for a
globally stable addition.

6. Conclusion

Overall this work introduces an addition to the existing FAST-
LIO 2 LiDAR localisation algorithm, that enhances the result
significantly, by using a predefined global map, in which the
laser scans are continuously located. This is noticed especially
regarding the distance error, whose mean is decreased from
11.05 cm when only using the FAST-LIO 2 algorithm down
to 3.22 cm. Thus, we add a globally stable localisation to the
FAST-LIO 2 algorithm. The achieved accuracy for indoor loc-
alisation is acceptable to enable the use of this system for usage
on construction sites. Needless to say a lot of work remains to
be done. Better understanding of the accuracy of the system in
different real-world scenarios with varying complications has to
be achieved. These complications may include more obscured
viewing angles, dust or other moving objects, which makes loc-
alisation more difficult, but are unavoidable in a real-world con-
struction site setting. Also, the long term stability of the sys-
tem has to be better understood, to support advanced autonom-
ous operations. Finally, there remain individual data points in
the experiments, at which the system performed notably worse,
which are not yet fully explained.
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